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Astronomy

With the upcoming launch of the James Webb Space Telescope (JWST), the first light of thirty-

meter class ground based telescopes in the 2020s, and plans in the works for a next-generation

space-based telescope designed from the outset to probe exoplanet habitability and biosignatures,

we are entering the era of terrestrial exoplanet science. Soon we will have the opportunity to study

the presence, composition, habitability, and biosignatures of terrestrial exoplanet atmospheres, en-

abling new perspectives on comparative planetology, astrobiology, and our place as humans within

the cosmos. In this dissertation, we explore optimal astronomical observations and theoretical

modeling approaches for constraining terrestrial exoplanet environments.

In the first part of this dissertation, we investigate the extent of terrestrial exoplanet science that

may be achievable in the JWST era. We begin by studying the feasibility and observational cost

of detecting and characterizing the composition of the seven Earth-sized TRAPPIST-1 exoplanets

with JWST . By positing several terrestrial atmospheric compositions that are plausible given the

tumultuous history of atmospheric escape expected for this late M dwarf system, we use JWST

noise models to determine the optimal observing modes and number of transits/eclipses necessary

to detect the planet’s atmospheres. We show that the likely common presence of CO2 in terres-

trial atmospheres should drive our ability to detect all seven TRAPPIST-1 planet atmospheres with

JWST’s NIRSpec Prism, although as many as 30 transits may be required if the planets are cloudy

Venus-like worlds. We find that water may be prohibitively difficult to detect in both Venus-like



and habitable atmospheres due to its presence lower in the atmosphere where transit transmission

spectra are less sensitive. Although the presence of biogenic O2 and O3 will be extremely chal-

lenging to detect, abiotically produced oxygen from past ocean loss may be detectable for all of the

TRAPPIST-1 planets via O2 – O2 collisionally induced absorption features at 1.06 and 1.27 µm, or

via NIR O3 features for the outer three planets. These results constitute a suite of hypotheses on

the nature and detectability of highly evolved terrestrial exoplanet atmospheres that may be tested

with JWST .

Although the presence of clouds in the TRAPPIST-1 planet atmospheres are not expected

to prevent the atmospheres from being detected, we use models of cloudy Venus-like exoplan-

ets to demonstrate that their atmospheres may remain significantly misunderstood. We find that

JWST/Mid-IR Instrument (MIRI) Low Resolution Spectrometer (LRS) secondary eclipse emis-

sion spectroscopy in the 6 µm opacity window could probe at least an order of magnitude deeper

pressures than transmission spectroscopy, potentially allowing access to the sub-cloud atmosphere

for the two hot innermost TRAPPIST-1 planets. In addition, we identify two confounding effects

of sulfuric acid aerosols that may carry strong implications for the characterization of terrestrial

exoplanets with transmission spectroscopy: (1) there exists an ambiguity between cloud-top and

solid surface in producing the observed spectral continuum; and (2) the cloud-forming region drops

in altitude with semimajor axis, causing an increase in the observable cloud-top pressure with de-

creasing stellar insolation. Taken together, these effects could produce a trend of thicker atmo-

spheres observed at lower stellar insolation—a convincing false positive for atmospheric escape

and a “mirage” of the cosmic shoreline. These studies emphasize that JWST should be able to

detect terrestrial exoplanet atmospheres around the smallest of stars, but characterizing the unique

nature of secondary atmospheres, including habitability and biosignature detection, may be beyond

JWST’s capabilities.

In the second part of this dissertation, we investigate terrestrial exoplanet science cases that a

future space telescope could undertake. A future coronagraph-equipped, direct-imaging telescope



may offer the best chance to directly search for oceans on the surface of exoplanets. To explore

the depths of ocean detection, we introduce a novel approach for exoplanet ocean detection that

combines two previously distinct techniques—rotational mapping and ocean glint—into the most

rigorous approach to date for determining exoplanet habitability. We demonstrate that time-series

observations of Earth-like exoplanets at crescent phase can be used to search for the “blinking” of

ocean glint as continents, which interrupt the ocean glint spot, rotate into and out of the illuminated

planet crescent. This effect causes large-amplitude, time-varying signals in the reflected light,

which can be used to longitudinally map the ocean glint. In our simulations, we find that the

retrieved apparent albedo of ocean-bearing longitudes is increased by a factor of 5 at crescent phase

due to the contribution from glint, compared to the albedo of the same longitudes at quadrature

phase. Meanwhile, the predominately land-bearing longitudes exhibit no significant change in

apparent albedo with phase. Thus, by using time-dependent information we can decompose the

planet into unique spatial regions that provide greater leverage to identify the scattering properties

of liquid water. Although these observations would be difficult to acquire in practice, we calculate

that NASA’s LUVOIR mission concept could use this method to detect oceans for the closest

Earth-like exoplanet targets (e.g. within 10 pc).

Constraining the prevalence of habitable and inhabited exoplanets is one of the main science

objectives of the LUVOIR telescope concept. Accomplishing this ambitious objective will require

directly-imaged reflectance spectra of many Earth-like exoplanets that can be analyzed for signs of

habitability and biosignatures. We use the LUVOIR-A (15 m) and LUVOIR-B (8 m) coronagraph

design specifications provided in the LUVOIR Final Report to perform exposure time calculations

and determine the number of potentially habitable Earth-like exoplanets for which LUVOIR can

undertake a robust search for habitability and biosignatures. We find that a dedicated one-year

characterization program with LUVOIR-A (LUVOIR-B) would be capable of observing the spectra

of 24 (11) exo-Earth candidates between 0.3 − 1.5 µm. We highlight the challenges faced when

observing exo-Earths in the farthest UV and farthest NIR bandpasses, and we explore the effect



to our spectral yields of imposing a target prioritization strategy based on preliminary evidence

about each target. These spectral yields demonstrate that a LUVOIR-like telescope could be used

to characterize the nature of a large enough sample of HZ terrestrial exoplanets to place statistical

constraints of the prevalence of planetary habitability and life in the Solar neighborhood.

In the third part of this dissertation, we develop, validate, and apply a novel terrestrial exo-

planet atmospheric retrieval model. Exoplanet atmospheric retrieval models have become invalu-

able tools for the interpretation of observed exoplanet spectra, however surprisingly little work has

been done to develop and test retrieval methods for terrestrial exoplanets despite the excitement for

upcoming spectral observations of terrestrial exoplanets with JWST . We describe a novel exoplanet

atmospheric retrieval algorithm built specifically for terrestrial exoplanets that may span a broad

range of atmospheric temperatures, pressures, and compositions. Our retrieval is built around the

physically rigorous line-by-line radiative transfer code, SMART, originally built for Solar Sys-

tem terrestrial remote sensing. Our new SMART Exoplanet Retrieval code (SMARTER) has been

developed with a modular design featuring a suite of different forward and inverse models that en-

able atmospheric inference for a variety of different observing techniques—including transmission,

emission, and reflectance spectroscopy—coupled to an assortment of different Bayesian retrieval

methods—including optimal estimation, Markov chain Monte Carlo, nested sampling, and a novel

machine learning approach. We validate SMARTER against high-resolution transmission spectrum

observations of Earth observed in solar occultation, demonstrating key capabilities and challenges

for interpreting the spectra of terrestrial exoplanets with complex atmospheres.

Finally, to assess the sensitivity to biosignatures and test common retrieval assumptions, we em-

ploy our new SMARTER model to interpret the atmosphere of TRAPPIST-1e as if it were observed

by an intensive JWST transmission spectroscopy campaign, assuming several different plausible

habitable and uninhabitable archetypal planetary states. We find that the CH4 – CO2 disequilibrium

biosignature pair, previously suggested by Krissansen-Totton et al. for anoxic biospheres like the

Archean Earth, may also be retrieved if the planet possesses a modern Earth-like atmosphere due to



the increased photochemical lifetime of CH4 in the atmospheres of late M dwarf planets. However,

enhanced CH4 absorption features only worsen the already dim prospects for detecting H2O, which

could complicate the interpretation of planetary habitability. We also find that stacking 25 transits

could lead to a weak detection of CO2 in a cloudy Venus-like atmosphere, or alternatively reveal O2

as the bulk atmospheric gas via O2 – O2 CIA for an oxygen-dominated post-runaway atmosphere.

We uncover that adding refraction to our transmission retrievals modifies the known degeneracy

between reference radius and pressure allowing for an additional mode of interpretation wherein

the spectral continuum is controlled by refraction rather than an opaque medium. We also iden-

tify a strong implicit prior on the mean molecular weight caused by the common assumption of a

background gas (such as H2/He or N2) that can significantly affect the retrieved temperature via

scale height degeneracies. Finally, we verify that the TRAPPIST-1e planet mass constraints from

Transit Timing Variation (TTV) measurements are sufficient to enable dozens of observed trans-

mission spectra to be stacked without incurring additional posterior uncertainties on atmospheric

parameters.

The results of this dissertation both underscore the compelling future and highlight some of

the key challenges ahead for terrestrial exoplanet atmospheric characterization. In the near term,

observations with JWST are well-positioned to begin detecting and characterizing terrestrial exo-

planet atmospheres, but are ultimately unlikely to constrain the presence of habitable conditions or

biosignatures even for the most optimistic targets. Investing resources in a future space telescope

that is capable of directly imaging Earth-like exoplanets is crucial to optimize the ambitious pur-

suit of habitable and inhabited planets. In advance of these upcoming missions, our new retrieval

model can continue to be used, tested, and improved upon to maximize our chances of correctly

interpreting the first precise spectra of rocky exoplanets.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xxi

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 At the Dawn of the Terrestrial Exoplanet Characterization Era . . . . . . . . . . . 2
1.2 Terrestrial Exoplanet Atmospheres . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 Formation & Evolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.2 Planetary Habitability & The Habitable Zone . . . . . . . . . . . . . . . . 5
1.2.3 The Search for Life & Biosignatures . . . . . . . . . . . . . . . . . . . . . 6

1.3 Detecting Terrestrial Exoplanets . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.3.1 Direct Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.3.2 Indirect Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.3.3 Targets for Characterization . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.4 Characterizing Terrestrial Exoplanets . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.4.1 Observing Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
1.4.2 Modeling Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

1.5 Next Steps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
1.5.1 Milestones for Terrestrial Exoplanet Characterization . . . . . . . . . . . . 26
1.5.2 A Timeline for the Characterization of Terrestrial Exoplanets . . . . . . . . 28

1.6 Purpose & Structure of this Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
1.7 Rotational Mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

1.7.1 samurai: Surface Albedo Mapping Using RotAtional Inversion . . . . . 34
1.8 Telescope Noise Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

1.8.1 coronagraph: A Noise Model for Direct-Imaging Exoplanets . . . . . . 34
1.8.2 PandExo: A Noise Model for Exoplanet Spectroscopy with JWST . . . . 34

i



1.9 Radiative Transfer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
1.9.1 smart: Spectral Mapping Atmospheric Radiative Transfer . . . . . . . . 34

Part I: Developing a Foundation to Characterize Transiting Exoplanets in the Era of
JWST . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

Chapter 2: Detecting & Characterizing the TRAPPIST-1 Exoplanet Atmospheres with
JWST . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.2.1 JWST Noise Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
2.2.2 Noise Model Inputs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
2.2.3 Observing Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
2.3.1 Detecting Atmospheres . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.3.2 Distinguishing Specific Molecules . . . . . . . . . . . . . . . . . . . . . . 68

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
2.4.1 Do the TRAPPIST-1 planets have atmospheres? . . . . . . . . . . . . . . . 71
2.4.2 What is the nature of the TRAPPIST-1 planet atmospheres? . . . . . . . . 77
2.4.3 Further Considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
2.6 Chapter Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

2.6.1 Signal-to-Noise Ratio on Transit and Eclipse Depths . . . . . . . . . . . . 84
2.6.2 Atmospheric Detectability by Instrument . . . . . . . . . . . . . . . . . . 86
2.6.3 Brightness Temperatures . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

Chapter 3: A Mirage of the Cosmic Shoreline: Venus-like Clouds as a Statistical False
Positive for Exoplanet Atmospheric Erosion . . . . . . . . . . . . . . . . . . 95

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

3.3.1 Transmission Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . 103
3.3.2 Emission Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

ii



3.4.1 Accessing the lower atmospheres of Venus-like exoplanets . . . . . . . . . 111

3.4.2 An ambiguity between cloud-top and solid surface . . . . . . . . . . . . . 112

3.4.3 Clouds as a statistical false positive for atmospheric loss . . . . . . . . . . 113

3.4.4 Mitigation strategies & opportunities . . . . . . . . . . . . . . . . . . . . 114

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

Part II: Developing a Foundation to Characterize the Habitability & Biosignatures
of Directly-Imaged Exoplanets . . . . . . . . . . . . . . . . . . . . . . . . . 117

Chapter 4: Detecting Ocean Glint on Exoplanets Using Multiphase Mapping . . . . . . 118

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

4.2.1 Generating Synthetic Lightcurves . . . . . . . . . . . . . . . . . . . . . . 123

4.2.2 Lightcurve Fitting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

4.3.1 Multi-Phase Longitudinal Mapping . . . . . . . . . . . . . . . . . . . . . 130

4.3.2 Observational Feasibility . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

4.4.1 Increasing the Robustness of Exoplanet Ocean Detection . . . . . . . . . . 149

4.4.2 Observational Feasibility and Yield Estimates . . . . . . . . . . . . . . . . 155

4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

Chapter 5: Searching for Biosignatures and Confirming Habitability with LUVOIR . . . 160

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

5.2.1 Observation Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

5.2.2 Targets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

5.2.3 Coronagraph Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

5.2.4 Exposure Times & Overheads . . . . . . . . . . . . . . . . . . . . . . . . 169

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

5.4 Discussion & Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

5.4.1 Targeted versus Agnostic Observing Strategies . . . . . . . . . . . . . . . 179

5.4.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

iii



Part III: Retrieving the Atmospheres of Terrestrial Exoplanets . . . . . . . . . . . . . 182

Chapter 6: Development of a Terrestrial Exoplanet Atmospheric Retrieval Model . . . . 183
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184
6.2 The SMART Exoplanet Retrieval (SMARTER) Model . . . . . . . . . . . . . . . 189

6.2.1 Bayes’ Theorem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191
6.2.2 The Spectral Mapping Atmospheric Radiative Transfer (SMART) Model . 196
6.2.3 Forward Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201
6.2.4 Inverse Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

6.3 SMARTER Validation using Earth’s Transmission Spectrum . . . . . . . . . . . . 228
6.3.1 Observed Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 229
6.3.2 Retrieval Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . 231
6.3.3 Retrieval Validation Results . . . . . . . . . . . . . . . . . . . . . . . . . 233
6.3.4 Discussion & Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . 239

6.4 Discussion & Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242
6.4.1 Continued Validation using Titan’s Transmission Spectrum . . . . . . . . . 242
6.4.2 Developing a Physically Augmented Atmospheric Retrieval Code . . . . . 244

Chapter 7: Retrieving TRAPPIST-1e’s Atmospheric Composition with JWST . . . . . . 248
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 250
7.2 Simulated JWST Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 253
7.3 Retrieval Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 255

7.3.1 Forward Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 256
7.3.2 Inverse Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 260

7.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 264
7.4.1 Atmospheric Composition, Habitability & Biosignatures . . . . . . . . . . 265
7.4.2 Comparison to Heterogeneous Vertical Profiles . . . . . . . . . . . . . . . 268
7.4.3 Refraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 270
7.4.4 Planet Mass & TTV Constraints . . . . . . . . . . . . . . . . . . . . . . . 273
7.4.5 Mean Molecular Weight & The Bulk Atmospheric Composition . . . . . . 276
7.4.6 Random Noise Instances . . . . . . . . . . . . . . . . . . . . . . . . . . . 279
7.4.7 APPROXPOSTERIOR Validation . . . . . . . . . . . . . . . . . . . . . . . 281

7.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 284

iv



7.5.1 Characterizing the Atmosphere of TRAPPIST-1e . . . . . . . . . . . . . . 284
7.5.2 Terrestrial Exoplanet Atmospheric Retrieval Subtleties . . . . . . . . . . . 286
7.5.3 Active Learning for Atmospheric Retrievals . . . . . . . . . . . . . . . . . 289

7.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 289

Chapter 8: Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 291
8.1 On the Era of Terrestrial Exoplanet Science . . . . . . . . . . . . . . . . . . . . . 292

8.1.1 Detecting Terrestrial Exoplanet Atmospheres . . . . . . . . . . . . . . . . 292
8.1.2 Characterizing Terrestrial Exoplanet Atmospheres . . . . . . . . . . . . . 295
8.1.3 Identifying Habitable Exoplanets . . . . . . . . . . . . . . . . . . . . . . 297
8.1.4 Confirming Exoplanet Biosignatures . . . . . . . . . . . . . . . . . . . . . 300

8.2 Ongoing & Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 302

Chapter 9: Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 305

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 310

Appendix A: Vita . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 363

v



LIST OF FIGURES

Figure Number Page

1.1 Graphic depicting the many methods that exoplanet astronomers can use to char-
acterize exoplanet environments, and the orbital phase at which each method is
usually applied. Methods like transits, secondary eclipses, and planet-planet oc-
cultations are only viable for transiting exoplanet systems, while other methods,
such as phase curves, direct imaging reflectance spectroscopy, and rotational map-
ping, may be used for transiting and non-transiting exoplanet architectures. This
figure was developed by J. Lustig-Yaeger for the VPL CAN-8 proposal, and made
beautiful by Ron. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1 Secondary eclipse spectrum models of TRAPPIST-1b assuming different end-member
planet mineralogical compositions. The black line shows a featureless blackbody
curve, corresponding to the zero bond albedo planet equilibrium temperature, from
which all of the thermal emission curves from rock forming minerals (thick color
lines) deviate due to non-unity, wavelength-dependent emissivities. The three line
styles for the quartz curves demonstrate the reduction in effective emissivity due
to n reflections within the rock (see equation 2.9). The thin purple and teal lines
show the expected emission spectrum for TRAPPIST-1b if it were to possess a
climatically and photochemically self-consistent thick O2- or a CO2-dominated at-
mosphere, respectively (Lincowski et al., 2018). . . . . . . . . . . . . . . . . . . . 50

2.2 Signal-to-noise contours on the simulated 10 bar high CO2 transmission spectrum,
observed with JWST/NIRSpec Prism with 6 groups per integration, relative to a
featureless spectrum as a function of the number of transits observed and wave-
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resolution. The right panel shows how the total expected SNR from Equation 2.6
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2.3 Signal-to-noise contours on the simulated 10 bar high CO2 emission spectrum ob-
served with JWST/MIRI/LRS relative to a featureless spectrum as a function of the
number of occultations observed and wavelength of the instrument. The bottom
panel shows the noiseless spectrum (black) and the best-fitting featureless spec-
trum (orange), both convolved to the instrument resolution. The right panel shows
how the total expected SNR from Equation 2.6 increases with more eclipses observed. 53

2.4 Signal-to-noise contours on the O2 contribution to the transmission spectrum of
TRAPPIST-1b if it possesses a 10 bar desiccated high O2 atmosphere observed
with NIRSpec G140H as a function of the number of occultations observed and
wavelength of the instrument. The bottom panel shows the full model spectrum
(black) and the model spectrum with O2 removed (orange), both convolved to
the resolution of NIRSpec G140H. The right panel shows the total expected SNR
(〈SNR〉) from Equation 2.6. The O2 features at 1.06 and 1.27 µm are due to O2-O2
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2.5 Brightness temperatures for different TRAPPIST-1b atmospheric models across
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2.8 Simulated JWST/NIRSpec Prism transmission spectra of TRAPPIST-1c for differ-
ent CO2-dominated atmospheric states. The blue model shows a clear sky spectrum
with large CO2 absorption features and the red model includes a self-consistent
H2SO4 cloud. The number of coadded transits simulated for each NIRSpec ob-
servation are set so that the atmosphere is strongly detected (〈SNR〉 = 10). That
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3.1 Transmission spectrum models of the TRAPPIST-1 planets assuming they possess
thick Venus-like atmospheres with H2SO4 clouds (top panels) and without clouds
(bottom panels) (models from Lincowski et al., 2018). The left panel shows trans-
mission spectra in units of pressure probed into the atmosphere. The right panel
shows the atmospheric temperature structure (solid lines; lower axis) and the cu-
mulative vertical cloud/haze optical depth from the top of the atmosphere (dashed
lines; upper axis). Thicker line styles indicate the region of the atmosphere that
the transmission spectrum is sensitive to, and dots are shown on the temperature
profiles to indicate the highest possible pressure that may be probed by the trans-
mission spectrum for such planets. H2SO4 clouds effectively prevent the lower
atmosphere of Venus-like exoplanets from being remotely sensed by a transmis-
sion spectrum. However, for the cooler planets, cloud formation occurs at lower
altitudes and enables the transmission spectrum to probe deeper into the atmosphere.104

3.2 Maximum pressure probed in the transmission spectrum (left panel) and emission
spectrum (right panel) of clear (blue line) and cloudy (red line) Venus-like models
of the TRAPPIST-1 planets as a function of semi-major axis. The surface pressures
of Venus, Earth, and Mars are shown as dashed horizontal grey lines for reference.
The maximum transit pressure appears to increase with semi-major axis for models
with H2SO4 clouds, while it decreases with semi-major axis for clear sky models.
Although the maximum pressure probed in emission exceeds that of transmission,
it does not approach the simulated Venusian surface pressure. . . . . . . . . . . . 105

3.3 Analogous to Figure 3.1 but for emission spectrum models of the TRAPPIST-1
planets assuming they possess thick Venus-like atmospheres with H2SO4 clouds
(top panels) and without clouds (bottom panels). The left panel shows the at-
mospheric pressure from which the planets thermal emission emanates (τ = 1).
Various NIR and MIR atmospheric windows, which enable the planet to thermally
cool to space, may allow distant observers to detect the higher pressures and tem-
peratures of the sub-cloud atmosphere, but these windows can be closed by aerosol
extinction (e.g. TRAPPIST-1 d) and gaseous absorption (e.g. H2O at 6 µm), but
they are infeasible for JWST to detect for planets cooler than TRAPPIST-1 c. . . . 108

3.4 Synthetic secondary eclipse spectra of the TRAPPIST-1 planets assuming they
possess either thick Venus-like atmospheres with H2SO4 clouds (top panel) or no
clouds (bottom panel). Reflected stellar flux dominates at short wavelengths, while
thermal emission dominates at long wavelengths. . . . . . . . . . . . . . . . . . . 110
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4.1 Multi-phase inverse problem example for the cloudless Earth. Top: Synthetic
lightcurves for two wavelength intervals with error bars for the cloudless Earth,
and retrieved fits to the observations (lines) at quadrature (solid lines) and crescent
(dotted lines) phase. Data were simulated for the cloudless Earth at 5 pc observed
with a 15 m telescope with 50% throughput, which yielded a 1-hour photometric
precision of 4.5% at quadrature and 6.5% at crescent. Bottom Left: Retrieved sur-
face albedos from a two surface fit to rotational lightcurves of the cloudless Earth
at 90◦ phase and 135◦ phase. The color of each line identifies the surface and the
line style denotes the phase. The envelope about each line shows the 1σ interval
about the median posterior PDF derived from MCMC. From quadrature to crescent
phase, the average albedo of Surface 1 increases by a factor of ∼16 with 15σ con-
fidence, while the average albedo of Surface 2 increase by ∼15% at <1σ. Bottom
Right: Median retrieved longitudinal slice maps. Each longitudinal slice is colored
proportional to the retrieved area covering fraction of the given surface, with white
meaning that none of the given surface is found within the slice. Maps are shown
in the Robinson projection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

4.2 Histograms showing the increase in albedo for Surface 1 (blue) and Surface 2 (or-
ange) between quadrature and crescent phase observations of the cloudless Earth.
Surface 1 increased in apparent albedo by 0.47 ± 0.02 from quadrature to cres-
cent phase, indicating that it has a highly non-Lambertian scattering phase func-
tion. Surface 2 has a negligible albedo increase, indicating that it is consistent with
Lambertian scattering. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

4.3 Top: Longitudinal slice maps showing the median (left) and standard deviation
(right) of the change in area covering fraction between quadrature and crescent
phase observations of the cloudless Earth. Bottom: Longitudinal slice-averaged
fractional area change of Surface 1 from quadrature to crescent phase. The maps
agree best for slices containing majority open ocean, with the marginally statisti-
cally significant change in the maps with phase primarily driven by disagreements
in land-bearing slices. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

4.4 Similar to the lower panels of Fig. 4.1, but now for Earth with time-varying clouds
and at three different levels of photometric precision. From top to bottom, the data
have a 1-hour S/N (photometric precision) of 23 (4.3%), 10 (10%), and 2.4 (42%),
at quadrature, which correspond to observations of Earth at 5 pc with a 15 m and
50% throughput telescope, a 15 m and 10% throughput telescope, and a 6 m with
10% throughput telescope, respectively. . . . . . . . . . . . . . . . . . . . . . . . 136
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4.5 Coronagraph inner working angle (IWA) requirements for observing Earth-analog
exoplanets. The top panel corresponds to a planet at quadrature phase (α = 90◦)
and the bottom panel corresponds to a planet at crescent phase (α = 135◦). The
IWA is given as the factor which multiplies λ/D, at a fixed wavelength λ = 0.8
µm, as a function of telescope diameter D and the distance to the system d. . . . . 139

4.6 Change in surface albedo (top) and change in surface longitudinal area covering
fractions (bottom) as a function of the signal-to-noise of the observations. The
lower x-axis corresponds to the 1-hour photometric signal-to-noise for the Earth at
quadrature phase, while the upper x-axis corresponds to the 1-hour signal-to-noise
at crescent phase for observations of the same exoplanet, at the same distance,
using the same model telescope configuration, with the same integration time. The
upper panel shows the phase-dependent albedo increase of Surface 1 (blue) and
Surface 2 (orange) with 1-σ error bars derived by randomly sampling the MCMC
posterior distributions. The lower panel shows a similar result but for the change
in longitudinal area covering fraction. The red shaded region indicates the crescent
phase photometric precision where a one surface fit (homogeneous map) is favored
by the Bayesian Information Criterion (BIC) over a two surface fit. . . . . . . . . 140

4.7 Distance (color contours) out to which an Earth-like exoplanet could have cres-
cent phase (α = 135◦) observations fit with a two surface model, as a function
of telescope diameter and throughput. A 1-hour photometric precision of ∼15%
(S/N=6.7) is determined by the BIC to be the threshold between detecting one
surface (homogeneous planet) and two surfaces (heterogeneous planet) at crescent
phase, considering our observational assumptions, particularly the limited band-
width. Minimally detectable two surface maps at quadrature phase can be per-
formed out to approximately twice the distance shown here for crescent phase. . . . 143

4.8 Left: Projected separation between star and planet at the inner edge of the habitable
zone (moist greenhouse limit) for low mass stars. Quadrature and crescent (135◦)
phase projected separations are shown as solid and dotted lines. Right: Maximum
distance (color contours) out to which a planet at the inner edge of the HZ can
be directly imaged as a function of stellar mass and telescope diameter. Phase,
wavelength, and IWA are fixed at 90◦, 0.8 µm, and 3λ/D. Distances can be readily
scaled to the apparent phase α = 135◦ by multiplying by sin(α). . . . . . . . . . . 145
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4.9 Yield estimates for observations of HZ exoplanets at quadrature (left panel) and
crescent phase (right panel) as a function of telescope diameter for nearby G, K,
and M dwarfs. Systems are counted if a hypothetical planet in the HZ falls outside
of the IWA (and is therefore observable), assuming θIWA = 3λ/D, and if the 1-
hour S/N at crescent phase exceeds our photometric threshold of 6.7 (see Fig. 4.6),
assuming a 20% throughput. Both panels share the same y-axes, where the left
y-axis gives the number of stars that would have observable HZ planets. The right
y-axis gives the expected number of exoplanets after considering the geometric
probability of passing through 135◦ phase (70%) and assuming a 20% occurrence
rate for planets in the HZ. The shaded regions are bounded below and above by the
inner and outer edges of the HZ, respectively, and demonstrate a sensitivity in yield
depending on whether the observed planet is at the inner or outer edge of the HZ.
The dashed lines correspond to the sum of all partially observable HZs (e.g. half a
count for a star with half of the HZ observable outside the IWA). Observations of
HZ exoplanets are limited by photometric precision for G dwarfs while M dwarfs
are significantly more limited by the IWA. . . . . . . . . . . . . . . . . . . . . . . 146

5.1 Simulated spectrum of an Earth analog exoplanet observed with LUVOIR in this
DRM observing program (SNR = 8.5). The shaded background regions indicate
the wavelength ranges of the UV (blue) and visible (green), and NIR (red) chan-
nels. The vertical lines show 20% bandpasses in the UV and visible channels and
10% bandpasses in the NIR channel. . . . . . . . . . . . . . . . . . . . . . . . . . 165

5.2 LUVOIR’s wavelength-dependent optical throughput used in this study. The through-
put minimum is about 5% at 200 nm and reaches a maximum of 52% by 2 µm. . . 170

5.3 Raw contrast and core throughput curves as a function of planet-star separation
for three different coronagraph designs considered in the LUVOIR Final Report.
The coronagraph contrast curves (dotted lines) are shown relative to the left y-
axis and the core throughput curves (solid lines) are shown relative to the right.
The left panel shows the Apodized Pupil Lyot Coronagraph (APLC) considered
for the LUVOIR-A concept; the central panel shows the Deformable Mirror as-
sisted Vortex Coronagraph (DMVC) considered for LUVOIR-B); and the right
panel shows the Phase-Induced Amplitude Apodization (PIAA) coronagraph con-
sidered for LUVOIR-B. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170
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5.4 Required science exposure time per bandpass (left axis) to reach SNR=8.5 for
LUVOIR-A (top panel) and LUVOIR-B (bottom panel). The blue (UV channel),
green (visible channel), and red (NIR channel) “boxes and whiskers” show the
50% (box extent) and 95% (whisker extent) confidence intervals about the median
(white bar) science time required to observe the spectrum shown in Figure 5.1, for
the targets in the biased catalog of exo-Earth candidates. The percentage of stars in
the target catalog that can be completely observed in each bandpass—considering
IWA and OWA constraints is displayed above each box. Exposure times required
to achieve a fixed precision on the spectrum can vary by orders of magnitude. . . . 172

5.5 Number of spectra (color map and contour lines) that may be observed by LUVOIR-
A (left panel) and LUVOIR-B DMVC (right panel) as a function of both total ob-
serving time and fraction of “interesting” targets in the exo-Earth candidate sample,
ηwater. The two shortest wavelength UV bandpasses and the four longest NIR band-
pass are not included, so the spectrum spans 0.29 − 1.46 µm. A higher fraction
of candidate targets increases the probability that nearby, more easily observed,
stars are included in the exo-Earth candidate sample, which yields more complete
spectra in shorter duration programs. . . . . . . . . . . . . . . . . . . . . . . . . . 174

5.6 Number of spectra (SNR=8.5) observable in a 6-month or 12-month LUVOIR-
A habitable exoplanet characterization program for different observed wavelength
ranges (spectral completeness) and assuming different ηwater fractions. The quoted
“plus-minus” values only represent the uncertainty in which specific stellar targets
are randomly selected to host “interesting” planets via ηwater. . . . . . . . . . . . . 176

5.7 Number of spectra (SNR=8.5) observable in a 6-month or 12-month LUVOIR-
B habitable exoplanet characterization program for different observed wavelength
ranges (spectral completeness) and assuming different ηwater fractions. The quoted
“plus-minus” values only represent the uncertainty in which specific stellar targets
are randomly selected to host “interesting” planets via ηwater. . . . . . . . . . . . . 177

5.8 Example reflected light spectra of the modern Earth (top panel), low O2 Proterozoic
Earth (second panel), hazy Archean Earth (third panel), and Venus (bottom panel)
as they would be observed, as exoplanets, in this theoretical LUVOIR observing
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6.1 Diagram of the standard retrieval workflow used by SMARTER. An initial guess for
the surface and atmospheric state is passed to the forward model, along with gas
and aerosol optical properties. The forward model calculates the spectrum and uses
an instrument model to degrade it to the quality of the observed data, before passing
the spectrum to the inverse model for comparison with the observed spectrum via
Bayes’ theorem. The inverse model then determines a new state for the planet
surface and atmosphere, and runs it back through the forward model. The retrieval
iterates in this way, until the inverse model’s specific convergence criteria are met
and a best fitting set of parameters (or the full posterior distributions) are obtained. 190

6.2 Example of uniformly (blue) and normally (orange) distributed priors. The solid
lines show the analytic probability density functions for each distribution, while
the histograms show 10,000 random samples from each. . . . . . . . . . . . . . . 195

6.3 Temperature Jacobian for the Earth’s thermal emission radiance spectrum. The
central panel shows the full Radiance Jacobian matrix as a color contour to empha-
size positive (blue) and negative (red) departures from zero. The lower panel shows
the radiance spectrum in units of W/m2/µm/sr, which shares the x-axis with the
Jacobian. The right panel shows the temperature-pressure structure of Earth’s at-
mosphere, which shares the y-axis with the Jacobian. Positive/Blue (negative/red)
regions of the Jacobian indicate that the radiance will increase (decrease) as the
temperature at those atmospheric pressure levels increases. This highlights the
atmospheric pressures that shape the observable spectrum. . . . . . . . . . . . . . 198

6.4 Example transmission spectrum output from the SMARTER transit forward model.
This spectrum corresponds to an Earth-size planet transiting a TRAPPIST-1-size
star. The planet atmosphere is modeled with a 200 K isothermal TP profile with
an evenly mixed atmospheric column with 10 ppm H2O, 100 ppm CO2, and the
remaining bulk atmosphere composed of N2. . . . . . . . . . . . . . . . . . . . . . 204

6.5 Example emission spectrum output from the SMARTER emission forward model.
This spectrum corresponds to an Earth-size planet eclipsed by TRAPPIST-1. The
planet atmosphere is modeled with an adiabatic tropospheric TP with an isothermal
stratosphere and with an evenly mixed atmospheric column with 1 ppm O3, 10 ppm
H2O, 100 ppm CO2, and the remaining bulk atmosphere composed of N2. The
dashed lines correspond to isothermal blackbody spectra at the surface (purple)
and stratospheric (cyan) temperatures. . . . . . . . . . . . . . . . . . . . . . . . . 206

6.6 Grey surface albedo prior for the reflectance spectroscopy forward model. Using a
uniform prior on the log10 surface albedo, exerts a bias towards lower albedo surfaces.209
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6.7 Earth’s reflectance spectrum from the 3D VPL Earth Model (cyan line) compared
to the SMARTER 1D retrieval forward model (purple line). The faint error bars
approximate the observational uncertainty on the VPL Earth Model spectrum that
may be achieved by the 15m LUVOIR telescope concept. The 1D forward model
was calculated using best fitting parameters from a retrieval to the synthetic LU-
VOIR data that was initialized using the fiducial parameters from Feng et al. (2018,
see their Table 1 and Figure 4 for reference). . . . . . . . . . . . . . . . . . . . . . 212

6.8 Optimal estimation retrieval results for the transit forward model example shown in
Fig. 6.4. The top panel shows the best fitting spectra from 28 randomly initialized
Nelder-Mead optimizations. The bottom panels show the corresponding best fit
parameter states, with the “true” state given by the black square, and the global
MAP solution is the darkest blue point and is indicated with the white central dot.
Both panels are color-coded according to the log-likelihood, which is shown in the
bottom right panel. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 216

6.9 MCMC retrieval “trace plot” example showing the evolution of the ensemble of
walkers (color lines) as a function of iteration for each retrieval parameter (sub-
panel rows). The right column of subplots shows the walker positions, collapsed
along the step-dimension into histograms of the most-likely parameter values. This
type of plot is not typically provided in published papers, but is usually produced
to aid in determining whether an MCMC simulation has converged. . . . . . . . . 218

6.10 Example “corner plot” from the same MCMC retrieval as Fig. 6.9. Subplots along
the diagonal show the marginalized posterior distributions for each retrieved pa-
rameters, while off-diagonal subplots show the covariances between pairs of pa-
rameters. Contours are used to indicate the most dense regions of parameter space
and points are used to show posterior samples in lower probability regions. . . . . . 219

6.11 Distribution in spectra sampled from the posterior for the transit example retrieval
case. The dark blue line shows the median model fit to the data and the cyan
envelopes show the 1σ and 3σ confidence intervals about the median. . . . . . . . 220

6.12 MULTINEST retrieval “trace plot” example showing the reduction in prior volume
as the algorithm converges on the higher-likelihood region of parameter space.
The left column of plots shows each parameter’s values as a function of the nega-
tive prior volume (− lnX), which increases monotonically as the sampling volume
decreases and the algorithm progresses forward. The points are colored by their rel-
ative posterior weight and represent the location and progression of the live points.
The right column of plots shows the marginalized posterior distributions. . . . . . . 223

6.13 Corner plots showing the MULTINEST live points colored by their respective poste-
rior weight (left corner plot; same coloring tas Fig. 6.12) and contours of posterior
probability (right corner plot; same quantities as 6.10). . . . . . . . . . . . . . . . 224
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6.14 Corner plots showing the APPROXPOSTERIOR training set (left corner plot) and
MCMC posterior samples from the GP surrogate model (right corner plot) for the
transit example case. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 226

6.15 Empirical transmission spectrum of the cloudless Earth from Macdonald and Cowan
(2019). The top panel shows the full wavelength range in high-resolution (light
blue) and binned to a lower resolution (∆λ = 0.02 µm; dark blue). The lower
panels zoom into the 4.2 µm CO2 band, showing progressively smaller wavelength
ranges and highlighting the fully resolved spectral lines with no apparent observa-
tional noise. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 230

6.16 Spectral resolution of Earth’s observed transmission spectrum from Macdonald
and Cowan (2019). The resolving power is plotted in millions, and is shown de-
creasing as a function of wavelength. This is a characteristic relationship that oc-
curs because the observed spectrum has a fixed FWHM in units of wavenumbers
(cm−1). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231

6.17 Earth’s 1D atmospheric thermal structure and composition. The temperature struc-
ture (dashed black) is shown along the top x-axis and the gas mixing ratios are
shown along the bottom x-axis, both as a function of pressure. . . . . . . . . . . . 232

6.18 Earth’s observed cloud-free transit transmission spectrum from Macdonald and
Cowan (2019) binned to lower resolution and fit using SMARTER. The data are
shown in black, the best-fitting model spectrum is shown in white and blue, and
various colors are used to indicate each molecule’s contribution to the model spec-
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1.1 At the Dawn of the Terrestrial Exoplanet Characterization Era

The era of terrestrial exoplanet characterization is upon us. Since our humble beginnings as a

species, humanity has looked to the sky, pondering our origins and our place within the cosmos.

A century of modern astronomy has provided the lens through which we view our own context as

“star stuff” within an ever expanding universe. Less than three decades of extrasolar planet studies

have transformed the way we view the stars, as not just atomic factories that fuse the elements

that make up our planet and bodies, but as hosts to previously unseen planets and their mysteries.

We now routinely detect Earth-sized exoplanets, and with the next-generation of ground and space

based telescopes planned, we will have the opportunity to characterize their atmospheres and to

place the ubiquity or rarity of the Solar system, Earth, and life within the broader context of the

universe.

However, despite this dawning of terrestrial exoplanet characterization, many significant ques-

tions remain at the intersection between the astronomical observations that telescopes must make

and the terrestrial exoplanet models that are required to predict and interpret these observations. In

this work, we build a foundation to optimally characterize terrestrial exoplanets in the near-term

with the James Webb Space Telescope (JWST) and in the far-term with next-generation telescopes

by linking key observing capabilities and telescope requirements to the objectives of detecting ter-

restrial exoplanet atmospheres, characterizing their composition, assessing their habitability, and

searching for biosignatures. Furthermore, we develop, validate, and apply a rigorous new terres-

trial exoplanet atmospheric retrieval model that is capable of interpreting the observations of both

JWST and next-generation telescopes. This work lays a path into the era of terrestrial exoplanet

characterization by establishing specific observations that have a high likelihood of success, as well

as taking a crucial first step towards an astrobiological framework for the assessment of exoplanet

habitability and biosignatures.
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1.2 Terrestrial Exoplanet Atmospheres

Terrestrial atmospheres are the thin volume of gas spanning between the solid or liquid planetary

surface and the cold unforgiving vacuum of space. The Solar System terrestrial exoplanets—Venus,

Earth, and Mars—provide a touchstone for the field of comparative planetology, habitability, and

astrobiology. Earth’s atmosphere bears evidence of the dominant metabolisms at work in our

planet’s biosphere, exemplified by the oxygen in the air that we breathe. But Venus’s atmosphere

tells a different tale of a world that has lost whatever global water inventory it once had and is now

our textbook example of the outcome of the runaway greenhouse process, an uninhabitable planet

(Arney and Kane, 2018; Kane et al., 2018), and a warning sign of a possible future for our home

planet. Shifting our focus beyond the Solar System, the expected diversity of terrestrial exoplanet

atmospheres is poised to revolutionize our understanding of planetary climate, chemistry, dynam-

ics, and habitability. Furthermore, terrestrial exoplanet atmospheres are the interface between any

potential extraterrestrial life that may exist on an exoplanet’s surface and the observation of that

life at interstellar distances, and therefore studying these atmospheres is a key step in the search

for life beyond the solar system.

1.2.1 Formation & Evolution

Unlike gas giant exoplanets, terrestrial planets are more likely to lose their primordial atmospheres,

and develop secondary atmospheres that reflect the diverse planetary processes that generate and

sculpt them over time.

The composition of the solid component of a terrestrial exoplanet is thought to be determined

by the composition of, and location within, the protoplanetary disk in which it formed (Bond

et al., 2010; Wang et al., 2018). In addition to the initial endowment of volatiles locked within the

planet’s interior, volatiles may be delivered via planetary embryos and planetesimals during late

stage planet formation (Raymond et al., 2004, 2007). The rocky planet then outgasses volatiles

from the interior, forming a secondary atmosphere which can reflect the planetary interior composi-

tion (Schaefer and Fegley Jr, 2010). Over time, interactions between a terrestrial planet atmosphere
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and its host star can shape, and even erode, the planetary atmosphere (Dong et al., 2018).

Photochemical reactions between stellar UV photons and the upper atmosphere of the planet

drive the destruction and formation of molecules. For two exoplanets whose atmospheric compo-

sitions would otherwise be identical, differences in their host star’s UV spectral energy distribution

can produce significantly different atmospheric compositions, which modify the observable spec-

tra of the planets (Segura et al., 2003, 2005; Domagal-Goldman et al., 2011). For example, in the

atmosphere of a modern Earth-like planet orbiting the M dwarf star Proxima Centauri (e.g. Prox-

ima Centauri b; Anglada-Escudé et al., 2016), methane has a longer photochemical lifetime due to

the star’s lower near UV emission compared to far UV, which suppresses the generation of CH4-

destroying OH radicals from water vapor, and may allow methane to persist at a higher abundance

than seen in Earth’s atmosphere (Segura et al., 2005; Meadows et al., 2018a). On the other hand,

O2 photolysis would be decreased due to lower XUV emission from the M dwarf, which would in

turn suppress O3 production. These photochemical processes are crucial for predicting the type of

atmospheres we expect around different types of stars.

In addition to driving photochemical reactions, stellar X-ray and ultraviolet (UV) radiation

(together referred to as XUV radiation) and particle fluxes can drive atmospheric escape processes

that can strongly influence the volatile content of terrestrial planets, and in some cases lead to

complete atmospheric loss (Tian, 2015; Lehmer and Catling, 2017). Dong et al. (2018) found

that the inner TRAPPIST-1 planets have endured sufficiently high atmospheric escape rates to call

into question whether they possess atmospheres at present. However, even substantial atmospheric

escape rates can be offset by vigorous outgassing from the interior (Garcia-Sage et al., 2017),

which complicates the ability to predict the atmospheric extent of terrestrial exoplanets a priori,

and strongly motivates continued and expanded observational reconnaissance.

Stellar evolution can also drive ocean loss and significant planetary atmosphere evolution, es-

pecially for planets orbiting M dwarfs. Luger and Barnes (2015) modeled the effects of XUV-

driven water photolysis during the extended super-luminous pre-main-sequence phase of M dwarf

stars. They found that exoplanets that may currently reside within the habitable zone faced a

much harsher irradiation environment in the past as their low-mass parent star contracted on to
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the main-sequence, possibly taking as long as one billion years to do so. During this time, XUV

radiation would have efficiently split water molecules in the planetary atmosphere, enabling the

light hydrogen molecules to escape to space, while also causing the accumulation of oxygen in the

atmosphere. Models suggest that this mechanism may produce tens to thousands of bars of oxygen

(Luger and Barnes, 2015; Bolmont et al., 2017; Lincowski et al., 2018; Meadows et al., 2018a;

Wordsworth et al., 2018), producing a false positive biosignature (Schwieterman et al., 2016b).

However, the atmospheric oxygen may sufficiently oxidize the surface and mantle such that final

inventory of oxygen in the atmosphere is reduced (Schaefer et al., 2016; Wordsworth et al., 2018).

The planetary outcomes of stellar evolution, and the balance between these atmospheric losses and

planetary sinks are not fully understood, firmly underscoring the need for observations that can

effectively test these theoretical predictions.

1.2.2 Planetary Habitability & The Habitable Zone

Terrestrial exoplanets that can form with water and do not lose their initial water inventory, or entire

atmosphere to space, may possess climates and surface temperatures amenable to the presence of

liquid water on their surfaces. We will define such a planet with liquid water on its surface as

a habitable planet. However, we acknowledge that a planet that does not fit this definition of

habitable, may maintain a habitable region on it, such as liquid water under an icy surface. We

make this distinction for detectability reasons: a planet with liquid surface water will naturally

have an ocean-atmosphere exchange of gases that may aid in the remote characterization of the

planet.

While planetary habitability is an intrinsic characteristic of a planet, the concept of the habit-

able zone (HZ) is a useful approach for assessing whether a planet may be potentially habitable on

the basis of the incident stellar flux received by the planet. The HZ is defined as the region around a

star where an Earth-like planet (similar to Earth in mass, radius, oceans, atmospheric composition

and active carbonate-silicate weathering cycle) could maintain liquid water on its surface (Kasting

et al., 1993; Underwood et al., 2003; Kopparapu et al., 2013). The HZ is traditionally bounded at

the inner edge by the runaway greenhouse limit, where the oceans evaporate increasing the atmo-
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spheric opacity to outgoing thermal radiation and causing runaway heating. The outer edge of the

HZ is defined by the maximum greenhouse limit, where the greenhouse effect caused by adding

more CO2 to the atmosphere becomes outweighed by Rayleigh scattering by CO2, causing run-

away cooling (Kopparapu et al., 2013). Whether or not a potentially habitable planet discovered

within the HZ of its host star is actually habitable depends on numerous stellar, planetary, and

planetary system factors that can act in concert to preclude, maintain, or destroy habitable climate

conditions (Meadows and Barnes, 2018). As a result, the HZ is a necessarily simplified approach to

increase our chances of discovering habitable planets, and targeting HZ planets are a best-we-can-

do-right-now approach to increase our chances of finding life. Indeed, habitable planets may exist

outside the HZ and biospheres may exist beyond habitable planets, but until we can use empirical

results to refine this Earth-centric framing, we must formulate testable hypotheses with falsifiable

predictions from a standpoint of scientific knowledge.

1.2.3 The Search for Life & Biosignatures

Terrestrial exoplanets offer one of the best opportunities to search for life beyond Earth and to

answer the culturally significant question “Are we alone?”. This astrobiology cornerstone centers

around the search for observational evidence of life’s impact on its environment, or biosignatures.

A biosignature can be an object, substance, or pattern that is produced by life, and which accumu-

lates to detectable levels (Marais and Walter, 1999; Des Marais et al., 2008; Seager et al., 2012;

Schwieterman et al., 2018). Biosignatures have classically been proposed in three categories: (1)

gaseous biosignatures evident in the spectrum of an atmosphere, (2) surface biosignatures evident

in the reflected spectrum of a planetary surface, and (3) temporal biosignatures evident in sea-

sonal changes to a planetary atmosphere or surface (Schwieterman et al., 2018). In all categories,

a good biosignature to search for is one that is reliable and is unlikely to be mistaken as a com-

mon planetary process; is survivable and avoids normal sinks in a planetary environment; and is

detectable via accumulation to detectable levels for the planned observing techniques (Meadows,

2017; Meadows et al., 2018b).

In addition to targeted biosignatures, attempts have been made to develop agnostic biosigna-
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tures that can be recognized by a pattern in the environment without assuming detailed knowledge

about how the life operates. One approach is to determine which gases stand out in an atmo-

sphere on the basis of disequilibrium chemistry (Hitchcock and Lovelock, 1967; Sagan et al., 1993;

Krissansen-Totton et al., 2016; Krissansen-Totton et al., 2018a). Another promising new agnostic

approach to biosignatures is to search for complex chemical reaction network topologies that can

indicate biological influence (Sole and Munteanu, 2004; Walker et al., 2018). There is a growing

consensus for the need to understand as much as possible about the planetary environment in which

a biosignature may be found, both to rule out false positives, in the case of targeted biosignatures

searches, and to find the biogenic anomaly, in the case of agnostic searches (Meadows et al., 2018b;

Catling et al., 2018). Thus, being able to interpret a biosignatures in the context of its environment

requires the characterization of terrestrial exoplanet atmospheres. The first step in this long journey

begins with the detection of Earth-sized exoplanets.

1.3 Detecting Terrestrial Exoplanets

Detecting planets outside of our Solar System is an extreme astronomical challenge that has only

become possible, and eventually commonplace, over the last three decades. This difficulty stems

from the fact that planets are much smaller in mass and radius, and significantly fainter than their

stellar hosts. In combination, these factors make exoplanet detection novel to modern astronomy,

and they make detecting and studying small, rocky, terrestrial exoplanets the hardest challenge yet.

The first planets to be discovered outside the Solar System were found orbiting pulsars (Wol-

szczan and Frail, 1992; Thorsett et al., 1993), but the first exoplanet discovered around a main-

sequence, Sun-like star was the Jupiter-mass planet, 51 Pegasi b, which orbits very close to its

star (Mayor and Queloz, 1995). This single discovery of a “hot Jupiter” exoplanet immediately

upended the picture of planet formation that suggested that all planetary systems may form like

our own (Cenadelli and Bernagozzi, 2018), beginning what has become a revolution in planetary

science.

Nearly thirty years after the first exoplanet detection, the exoplanet field has quickly matured

into a major cornerstone of modern astronomy and astrophysics research. There are now over
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4,100 confirmed exoplanets1, with thousands more awaiting confirmation. From the high occur-

rence of exoplanets around main-sequence stars, we now know that planets naturally form in the

wake of star formation, coalescing out of the materials that do not become incorporated into the

stars (Batalha, 2014; Lissauer et al., 2014). Not only are exoplanets common, but small exoplanets

are particularly common (Dressing and Charbonneau, 2013; Batalha, 2014; Dressing and Charbon-

neau, 2015), and “super-Earth” and “sub-Neptune” exoplanets—for which out Solar System has

no direct analog—may be the most common planet type of all (Howard et al., 2010). An emerging

paucity of planets with radii near ∼1.6 R⊕ suggests an empirical transition between gaseous and

rocky exoplanets (Weiss and Marcy, 2014; Rogers, 2015; Fulton et al., 2017). These numerous dis-

coveries have been the result of variety of different techniques that are used to detect exoplanets,

which broadly fit into two categories—direct detection and indirect detection. Each one of these

detection techniques is more difficult for small, terrestrial planets than for larger gas giants.

1.3.1 Direct Detection

The direct detection of an exoplanet is conceptually straightforward, but quite difficult in practice.

Light emitted or reflected from an exoplanet must be directly imaged. All of the planets in the

Solar System have been detected via direct means2. However, the faint light of even the largest

exoplanets exists within the overwhelming glare of their parent stars. To overcome this stellar

glare, astronomers must use clever techniques to suppress the starlight and reveal the exoplanetary

system hidden beneath. This is typically done using a coronagraph instrument integrated into a

telescope’s optics, which can suppress starlight. In addition to coronagraphs, designs are being

considered for a starshade (Seager et al., 2015; HabEx Study Team, 2019), which is an external

occultor that would fly in front of a space-telescope to physically block a star’s light prior to it

1As of April 5, 2020. This has made use of the NASA Exoplanet Archive, which is operated by the California
Institute of Technology, under contract with the National Aeronautics and Space Administration under the Exoplanet
Exploration Program

2With the potential exception of “Planet Nine”, whose possible existence is the subject of current research and
debate as a result of indirect evidence that a planet may be responsible for unexplained gravitational influences in
the outer Solar System (see Batygin et al., 2019, for a recent review).
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entering the telescope optics. Optical interferometry can also directly image and detect exoplanets

using deconstructive interference to null stellar light; this method was used for the first time to

detect an exoplanet just last year (Gravity Collaboration et al., 2019). To date, only 50 exoplanets

(all gas giants) have been discovered using direct imaging, but as we will discuss throughout this

work, it represents one of the most promising avenues for future terrestrial exoplanet atmospheric

studies. The vast majority of exoplanet detections have been made using indirect methods.

1.3.2 Indirect Detection

Due to the challenges associated with direct exoplanet detection, most exoplanets have been de-

tected by indirect methods, where the planet’s existence must be inferred from its impact on the

observable light from the star. The most common techniques for indirect exoplanet detection are

the transit, radial velocity, gravitational microlensing, and astrometry methods.

Transits The transit of an exoplanet across the disk of its host star periodically blocks a small

amount of light, enabling the existence of the planet to be inferred. The amount of light blocked

by a transiting planet, ∆F , is proportional to the size of the planet,

∆F =

(
Rp

Rs

)2

(1.1)

≈ 84 ppm

(
Rp

1 R⊕

)2(
1 R�
Rs

)2

, (1.2)

where Rp and Rs are the radii of the planet and star, respectively (Winn, 2010). Observing the

same planet transit multiple times allows the orbital period to be measured, and using Kepler’s

third law and estimates of stellar mass allows the semi-major axis of the planet to be calculated.

Detecting transiting exoplanets requires high precision time-series stellar photometric monitoring.

The dedicated exoplanet hunting mission Kepler (Borucki et al., 2003) and now TESS (Ricker et al.,

2010) have been extremely successful at detecting thousands of exoplanets. However, observing an

exoplanet transit requires a special alignment between the orbital plane of the planet and the Earth,
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such that only a small fraction of total exoplanetary systems are seen to transit. Since planetary

formation does not appear to favor any particular inclination relative to other stars, the probability

of a random exoplanet having observable transits is

Ptransit =
Rs

a
(1.3)

≈ 0.5%
( a

1 AU

)(1 R�
Rs

)
(1.4)

≈ 2%
( a

0.029 AU

)(0.121 R�
Rs

)
(1.5)

where a is the planet’s semi-major axis. This implies that (1) most exoplanets do not transit, (2)

planets that are closer to their star have a higher probability of transiting—a detection bias that must

be taken into account, and (3) there is a higher chance of a HZ planet transiting a late M dwarf (2%

chance for TRAPPIST-1e) than a HZ planet transiting a Sun-like G dwarf (0.5% chance).

Radial Velocity The radial velocity (RV) method of exoplanet detection leverages the fact that

a planet does not simply orbit a star, but both bodies orbit their mutual center of gravity. As a

result, an orbiting planet will induce a reflex orbital motion in the star. This reflex motion can be

observed in the high resolution spectrum of the star as it causes the absorption and emission lines

to be Doppler shifted in tune with the orbital period of the exoplanet. The strength of the Doppler

shift is dependent upon the velocity of the star along the radial line of sight, and is characterized

by the radial velocity semi-amplitude,

K =

(
2πG

Porb

)1/3
Mp sin i

(Mp +Ms)2/3

1√
1− e2

, (1.6)

where Porb is the planet’s orbital period, Mp and Ms are the respective planet and star masses, i

is the planet’s inclination, e is the planet’s orbital eccentricity, and G is the gravitational constant

(Perryman, 2011). Like the transit technique, the radial velocity signal is largest when planetary

systems are aligned near “edge-on” so that the star’s motion has a large component in the direction

of the observer. However, Equation 1.6 contains a degeneracy between planet mass and inclination:
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the semi-amplitude can remain fixed by making the planet more massive while inclining the orbit

so that less of the stellar reflex motion is in the radial velocity direction. As a result, RV planet

detections report the minimum mass of the planet by assuming that all of the star’s motion is along

the line of sight (unless the inclination can be constrained by observing a transit). The RV method

is biased towards detecting massive planets in short orbital periods, and was used to detect the

first (traditional) exoplanet, 51 Pegasi b (Mayor and Queloz, 1995). Today, ∼800 exoplanets have

been detected by RV, using, in particular, the HARPS (La Silla Observatory; Pepe et al., 2000;

Mayor et al., 2003), HARPS-N (Roque de los Muchachos Observatory; Cosentino et al., 2012),

and HIRES (W. M. Keck Observatory; Vogt et al., 1994) instruments. Recently, RV instruments

on ground-based telescopes have reached the necessary precision to detect terrestrial exoplanets

orbiting M dwarfs—most remarkably, the planet Proxima Centauri b found in the HZ of the nearest

star to the Sun (Anglada-Escudé et al., 2016).

Gravitational Microlensing The gravitational microlensing technique makes use of general rel-

ativistic distortions in space-time by massive objects to detect exoplanets (Gould and Loeb, 1992).

This technique requires a temporary alignment of two stars as seen from observers on Earth. A

“lens star” becomes sufficiently aligned with a more distant background “source star” causing

the light from the source star to be gravitationally magnified. If the lens star happens to host an

exoplanet, then the lightcurve of the magnification event can show a smaller, secondary magnifi-

cation peak caused by additional lensing from the planet. Gravitational microlensing provides a

measurement of the exoplanet’s mass as a fraction of the lens star’s mass and an estimation of its

projected separation from the star at the moment of the event. The Wide Field Infrared Survey

Telescope (WFIRST; Spergel et al., 2015), scheduled for launch in 2025, will conduct a gravita-

tional microlensing survey pointed towards the galactic center and is predicted to detect ∼1400

new exoplanets with ∼200 having masses ≤3M⊕ (Penny et al., 2019). This survey complements

other planet detection surveys by probing the population of long period exoplanets. However, these

chance microlensing events do not occur multiple times for any given lensed extrasolar system, and

therefore this population of exoplanets does not offer any opportunities for follow up atmospheric
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characterization efforts.

Astrometry Like RV, the astrometric method of exoplanet detection leverages the stellar reflex

motion induced by an orbiting planet to infer that exoplanet’s existence. In this case, the motion

of the star is observed directly in stellar photometry as it revolves around the star-planet center of

mass on the sky plane. Observing this effect requires extremely precise measurements of stellar

positions in the sky on orbital timescales. The angular semi-amplitude of the astrometric signal is

given by

θ? =

(
Mp

Ms

)(a
d

)
(1.7)

≈ 0.3 µas

(
Mp

1 M⊕

)(
1 M�
Ms

)( a

1 AU

)(10 pc

d

)
(1.8)

where Mp and Ms are the respective planet and star masses, a is the planet semi-major axis, and

d is the distance to the exoplanetary system (Shao et al., 2009). For an Earth-Sun analog system

observed at 10 pc the astrometric signal is just three tenths of a micro-arcsecond. The dedicated

astrometry mission Gaia (Prusti et al., 2016) has a precision of about 10 µas for bright stars,

insufficient to detect Earth-analogs with astrometric signals of just a fraction of a µas. However,

Gaia is still expected to detect thousands to tens of thousands of larger exoplanets (Robichon,

2002), with recent detection estimates at roughly 21,000 Jupiter-mass long-period planets in the

nominal 5-year mission, rising to about 71,000 in the extended 10-year mission (Perryman et al.,

2014). Because astrometry preferentially detects exoplanets at long orbital periods as well as those

near 0◦ inclination (i.e. in “face-on” orbits), it is an ideal method to find targets for follow-up

atmospheric characterization using direct-imaging. Unfortunately, due to the precision required to

detect Earth-like exoplanets, these characterization efforts will be limited to extrasolar gas giants

until future telescopes can focus on terrestrial exoplanets.

In summary, while microlensing and astrometry will provide statistical information and more

massive targets for direct imaging follow-up, in the near-term, the vast majority of terrestrial exo-

planet candidates available for follow-up will be discovered by transit and radial velocity surveys.
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Due to the nature of these detection methods, these terrestrial planets are highly likely to reside

close to their stars, and to orbit M dwarfs.

1.3.3 Targets for Characterization

Despite the challenges associated with detecting terrestrial exoplanets, transit and RV surveys have

detected a handful of extremely promising terrestrial exoplanets that will be the subject of further

observations to characterize their atmospheres. In particular, the closest star to the Sun hosts the

possibly terrestrial planet, Proxima Centauri b, in its habitable zone (HZ) with an 11.2 day orbit

(Anglada-Escudé et al., 2016). The TRAPPIST-1 system hosts at least seven transiting Earth-

size planets, with three residing in the HZ (e, f, g), three interior to the HZ (b, c, d), and one

exterior to the HZ (h) (Gillon et al., 2016, 2017b; Luger et al., 2017c). The HZ terrestrial exoplanet

LHS1140 b is another example of a rocky exoplanet orbiting an ultra cool star (Dittmann et al.,

2017). Finally, the highly irradiated rocky planets GJ1132 b (Berta-Thompson et al., 2015) and

LHS3844 b (Vanderspek et al., 2019) are examples of hot, rocky planets that may or may not

possess atmospheres.

Due to the relative ease of detecting small planets orbiting small stars, all of the above planets

orbit small, cool, M dwarf stars. However, M dwarfs are very different from Sun-like G dwarfs,

and are expected to alter the atmospheres of their terrestrial planets in complex ways that may

prove difficult to interpret. All things being equal, M dwarfs would likely not be the top choice in

stellar host for the first rocky exoplanets to study in detail, but alas, they are the only option for the

near-term characterization of terrestrial exoplanet atmospheres. So we will gladly indulge in the

unfamiliar.

1.4 Characterizing Terrestrial Exoplanets

“Characterization is the sum of all the observable qualities, a combination that makes

the character unique: physical appearance coupled with mannerisms, style of speech

and gestures, sexuality, age, IQ, occupation, personality, attitudes, values, where he
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lives, how he lives.” – McKee (2016), “Story”

Like Robert McKee’s description of human “characterization,” exoplanet characterization is the

sum of all the observable qualities, a combination that makes the planet’s character unique: phys-

ical appearance coupled with the context of the stellar environment, composition of atmosphere

and thermal structure, formation scenario, evolutionary history, surface pressure, temperature, and

composition, status of habitability, and presence of biosignature gases. However, after an exo-

planet is detected, much about the planet’s character remains a mystery, and additional dedicated

telescope observations must be obtained to characterize the nature of the planetary environment.

There are numerous observational techniques that astronomers can use to gain sensitivity to exo-

planetary atmospheres and surfaces, and thereby characterize their nature.

1.4.1 Observing Techniques

Figure 1.1 shows the diverse arsenal of techniques that may be used to characterize terrestrial

exoplanets and their atmospheres. We will briefly review the most relevant observational tech-

niques for exoplanet characterization—including transit and eclipse spectroscopy, phase curves,

and direct-imaging photometry and spectroscopy—and discuss their prospects for studying terres-

trial exoplanet environments.

Transit Transmission Spectroscopy Observing the transit of an exoplanet at multiple wave-

lengths enables the atmospheric composition to be sensed using transmission spectroscopy (Sea-

ger and Sasselov, 2000; Charbonneau et al., 2002). As a planet transits across the face of a star, it

blocks light from the star proportional to the planet’s geometric area. However, the radius of the

planet with an atmosphere is a function of wavelength due to extinction of stellar light as it filters

through the atmosphere and interacts via scattering and absorption with the gases and aerosols

that compose the atmosphere. As a result, an exoplanet transmission spectrum may be constructed

by measuring the depth of a transit lightcurve (e.g. Equation 1.1) at many wavelengths (Seager

and Sasselov, 2000), leading to potentially observable increases in the planet’s absorbing radius at
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Figure 1.1 Graphic depicting the many methods that exoplanet astronomers can use to characterize
exoplanet environments, and the orbital phase at which each method is usually applied. Methods
like transits, secondary eclipses, and planet-planet occultations are only viable for transiting exo-
planet systems, while other methods, such as phase curves, direct imaging reflectance spectroscopy,
and rotational mapping, may be used for transiting and non-transiting exoplanet architectures. This
figure was developed by J. Lustig-Yaeger for the VPL CAN-8 proposal, and made beautiful by Ron.

wavelengths where the atmosphere has absorption bands. However, a planet that does not posses

an atmosphere would have a featureless, flat line transmission spectrum.

The strength of a molecular absorption feature in a transmission spectrum depends on the scale

height of the atmosphere and the optical depth along the slant path traced by the stellar photons

through the planet’s atmosphere (Fortney, 2005). Absorption features can be strongly muted by

the presence of clouds and hazes, as we have seen for hot Jupiters (Sing et al., 2016), but also by

Rayleigh scattering (Lecavelier Des Etangs et al., 2008), and a critical refraction limit (Misra et al.,

2014; Bétrémieux and Kaltenegger, 2014), which act to raise the continuum atmospheric absorbing
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radius. The signal strength for transmission spectroscopy is often expressed simply as

∆dFT =
2RpNH

R2
s

(
kT

µg

)
(1.9)

(Winn, 2010), where the term in parenthesis is the pressure scale height of the atmosphere (H)

and NH is the number of scale heights above the continuum that a molecular absorption feature

extends. The NH parameter is the only factor that encodes information about the wavelength-

dependent absorption and the vertical extent of an atmospheric gas, and usually varies between

0-10 to truncate features due to the presence of clouds and hazes. For reference, the vertical extent

of Earth’s 9.6 µm O3 and 15 µm CO2 absorption features are NH = 2.6 and NH = 6, respectively,

for an isothermal scale height of 8 km, indicating the relative strength of the CO2 band compared to

the O3 band. These features roughly correspond to absorption features in a Earth-Sun transmission

spectrum of ∼1 ppm. In practice, and throughout the rest of this work, we will be more rigorous

than Equation 1.9, and explicitly simulate the spectra of planetary atmospheres.

Over the past 15 years transit transmission spectroscopy has emerged as a key tool used to de-

tect atoms and molecules in the atmospheres of giant exoplanets (Charbonneau et al., 2002; Red-

field et al., 2008). Pioneering observations with the Hubble Space Telescope’s (HST) Wide Field

Camera 3 (WFC3), which operates between 1.1-1.7µm, have achieved unprecedentedly precise

transmission spectra that have been used to detect H2O in gaseous exoplanet atmospheres, but with

anomalously low abundances compared to solar composition (e.g. Mandell et al., 2013; Wakeford

et al., 2013; Deming et al., 2013; Kreidberg et al., 2015). Instead of a rich catalogue of exoplanet

atmospheric gases, HST transmission spectroscopy has revealed predominantly featureless or near-

featureless spectra that hint at the presence of high altitude clouds and/or hazes acting to obscure

the column of absorbing gases below for these gas-dominated worlds (Berta et al., 2012; Ehrenre-

ich et al., 2014; Knutson et al., 2014; Kreidberg et al., 2014; Nikolov et al., 2015). Modeling efforts

have reproduced the observed flat transmission spectra by considering chemical equilibrium cloud

condensation and photochemical production of hydrocarbon hazes (Morley et al., 2013; Charnay

et al., 2015a,b). The obstruction of lower exoplanet atmospheres by clouds and hazes remains a
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key concern for current and future transmission spectroscopy observations, particularly upcoming

terrestrial exoplanet observations with JWST , which will be explored in Chapters 2 and 3 of this

work.

Secondary Eclipse Spectroscopy As a transiting planet passes behind the host star in a sec-

ondary eclipse, astronomers are able to detect and quantify the missing flux emitted or reflected

by the planet via comparison with the combined flux of the star and planet prior to the eclipse.

Obtaining a planetary spectrum during secondary eclipse was first proposed by Richardson et al.

(2003), but was not unambiguously detected until Deming et al. (2007) observed the secondary

eclipse of GJ1214b with 8µm Spitzer photometry, followed by the secondary eclipse spectrum of

HD189733b observed by Grillmair et al. (2008). Since then exoplanet brightness temperatures and

the presence of absorbing molecules, such as H2O, CH4, CO and CO2, have been reported in the

literature (e.g. Charbonneau et al., 2008; Christiansen et al., 2010; Fressin et al., 2010; Line et al.,

2014), demonstrating a key ability for secondary eclipse to probe deeper into atmospheres than

transmission spectroscopy, and be less affected by clouds.

At visible and near-IR wavelengths a secondary eclipse spectrum reveals the planet in reflected

light, while at mid- to far-IR wavelengths it reveals the thermal emission spectrum. However, due

to the wavelength-dependence of the stellar spectral energy distribution (SED), secondary eclipses

are much more favorable to detect in thermal emission. The strength of molecular absorption in

a secondary eclipse emission spectrum is controlled by the radiative transfer of thermal photons

emitted from the planet’s atmosphere. Since an isothermal gas emits a featureless blackbody spec-

trum, the strength of an absorption feature in an emission spectrum is controlled by the thermal

structure of the planetary atmosphere. Typically, the highest flux is emitted from deep, hot layers

in the atmosphere and is absorbed by greenhouse gases in higher, cooler layers as it radiates into

space. In this way, secondary eclipse observations are sensitive to the thermal structure of planetary

atmospheres.
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Phase Curves The orbit of exoplanets around their host stars can produce observable thermal and

reflected signals as different planetary phases are periodically made visible to distant observers.

Phase-dependent lightcurves (i.e. phase curves) can reveal temporal and spatial information about

exoplanets (Cowan et al., 2015), which may be used to measure the day-night temperature contrast

for tidally locked and synchronously rotating close-in exoplanets (Cowan et al., 2007), and can

even be inverted to reveal longitudinal maps of exoplanets (Knutson et al., 2007; Cowan and Agol,

2008). Phase-resolved emission spectroscopy can allow the thermal structure of the atmosphere to

be retrieved and mapped as a function of planetary longitude (Stevenson et al., 2014), but require

high signal-to-noise data.

The first exoplanet phase curves were observations of the hot Jupiters, υ Andromedae b by Har-

rington et al. (2006) and HD189733b by Knutson et al. (2007), using the Spitzer Space Telescope.

However, more recently, smaller Earth-sized exoplanets have been discovered that are amenable

to phase curve characterization, such as the TESS discovered exoplanet, LHS 3844b (Vanderspek

et al., 2019), which Kreidberg et al. (2019) observed with Spitzer and argue must not have a thick

atmosphere on the basis of the large detected thermal phase curve amplitude with a hot spot cen-

tered at the sub-stellar point. Such a large and longitudinally symmetric difference in emitted

flux between the day and night sides of the planet is not expected for a thick atmosphere whose

strong equatorial jets would efficiently recirculate heat from the hot dayside to the cooler night-

side, thus decreasing the phase curve amplitude and offsetting the hot spot from the sub-stellar

point, as has been observed for hot gaseous exoplanets (e.g. Knutson et al., 2014; Demory et al.,

2016; Dang et al., 2018). Due to its mid-IR sensitivity, JWST promises to significantly advance

our understanding of the atmospheric dynamics and thermal structures of highly irradiated gaseous

exoplanets (Cowan et al., 2015) and provide a key diagnostic tool for interpreting airless rocky

worlds (Maurin et al., 2012; Meadows et al., 2018a).

Direct-Imaging Spectroscopy & Photometry The direct observation of photons emitted from

or reflected off an exoplanet is one of the most promising, yet challenging, methods to characterize

their atmospheres. Like the direct detection of exoplanets outlined in Section 1.3, characterizing an
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exoplanet using direct imaging requires the suppression of the host star’s light before a spectrum

of the much fainter exoplanet can be obtained. Currently, only a coronagraph can perform such

an observation. The planet-to-star flux ratio that a coronagraph must be able to achieve can be

expressed as

Fp
Fs

=
AΦ(α)FTOA

σT 4
eff

(
Rp

Rs

)2

(1.10)

where FTOA is the incident flux from the star at the planet’s top of atmosphere (TOA), Φ(α) is

the planet’s Lambertian phase function, Teff is the stellar effective temperature, σ is the Stefan-

Boltzmann constant, and we have assumed (for now) that the planet has a wavelength independent

albedo, A (Robinson et al., 2016). For an Earth-Sun analog,

Fp
Fs
≈ 2.2× 10−10

(
A

0.25

)(
Φ(α)

0.5

)(
FTOA

1370 W/m2

)(
5778 K

Teff

)4(
Rp

1 R⊕

)2(
1 R�
Rs

)2

, (1.11)

and thus, to observe an Earth-like exoplanet, a coronagraph must be able to suppress better than

two in ten billion photons from the star. However, for an Earth-analog orbiting a late M dwarf like

TRAPPIST-1 (Gillon et al., 2016, 2017b), the planet-to-star flux contrast is more favorable,

Fp
Fs
≈ 4.4× 10−7

(
A

0.25

)(
Φ(α)

0.5

)(
FTOA

1370 W/m2

)(
2511 K

Teff

)4(
Rp

1 R⊕

)2(
0.121 R�

Rs

)2

,

(1.12)

due to the lower luminosity and smaller radius of the star, so a coronagraph can afford nearly three

orders of magnitude less starlight suppression. However, direct-imaging with a coronagraph must

suppress photons from the star without suppressing photons from the planet. The inner working

angle (IWA) of a coronagraph is defined as the minimum angular distance from the star at which

a directly imaged planet can be observed without facing significant light suppression from the

coronagraph. The IWA is wavelength-dependent and is typically given as a factor (N ) times the
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diffraction limit (λ/D),

θIWA = N
λ

D
, (1.13)

which must be less than the angular separation between planet and star (θp−s) for the planet to

be observable, θIWA < θp−s. For an Earth-analog exoplanet orbiting a Sun-like star at 10 pc, the

coronagraph IWA must be less than,

θp−s ≈ 100 mas
( a

1 AU

)(10 pc

d

)
, (1.14)

but for an Earth-like exoplanet orbiting a cool M dwarf where the HZ is much closer to the star,

the coronagraph IWA must be more tightly constrained. For instance, observing Proxima Centauri

b (at a = 0.0485 AU) if it were at 10 pc from Earth, would require θIWA < θp−s ≈ 4.85 mas—a

nearly 100 times stricter constraint on the IWA compared to an Earth-Sun analog (Meadows et al.,

2018a). Note that at 1.3 pc, a coronagraph need only archive θIWA < 37 mas to directly image

Proxima Centauri b. Thus, planet-star flux contrast would indicate that faint M dwarfs are the best

stellar hosts for directly imaging HZ Earth-like exoplanets, while planet-star angular separation

would indicate that G dwarfs are the ideal stellar hosts, making it non-trivial to determine which

systems should be prioritized.

Overcoming these coronagraph challenges will enable reflected light to be observed from ter-

restrial exoplanets. Terrestrial exoplanet reflectance spectroscopy is sensitive to gas absorption and

scattering in the atmosphere (Feng et al., 2018), surface reflectively features (Schwieterman et al.,

2015a; Robinson et al., 2014a), and cloud and haze extinction (Rugheimer et al., 2013; Arney

et al., 2017, 2018). However, at present, coronagraphs that are sensitive to exoplanets have only

been used on ground-based telescopes, such as SPHERE on the VLT (Beuzit et al., 2008) and the

Gemini Planet Imager (Macintosh et al., 2008, 2014), which necessarily focus on young, hot (and

therefore self-luminous) Jovian exoplanets at large separations from their host star (e.g. Galicher

et al., 2014; Macintosh et al., 2015; Zurlo et al., 2016).



21

Directly-imaged exoplanets can also be observed with photometry as a function of time to char-

acterize dynamic global weather patterns (Luger et al., 2019) and rotational effects (Ford et al.,

2001; Pallé et al., 2008; Cowan et al., 2009). As a planet rotates on its spin axis, contrasting sur-

face or atmospheric spatially-distinct features can rotate in and out of view, allowing the planet

to be mapped as a function of longitude. Although these techniques have a heritage in the astro-

physics community for mapping stars (e.g. Strassmeier, 1994; Cameron, 2001) and brown dwarfs

(e.g. Yang et al., 2014; Zhou et al., 2018), the short-cadence precision for exoplanets is currently

insufficient to take full advantage of these methods.

1.4.2 Modeling Techniques

Each of the aforementioned observing techniques for the characterization of terrestrial exoplanets

have associated modeling techniques that are used to predict observable signatures and to infer

physical and chemical information from the observations. In general, predicting the observable

signatures of exoplanets is referred to as forward modeling and involves running a physical model

under a set of assumptions and/or measured constraints about the planetary environment. Interpret-

ing observations to infer or measure the underlying physical and chemical state of an exoplanet is

referred to as inverse modeling and involves iteratively running a forward model to constrain that

model’s input parameters given observed data in a Bayesian framework. Both forward and inverse

modeling are crucial requirements to properly predict and interpret future terrestrial exoplanet ob-

servations, and form two cornerstones of the modeling work in this thesis.

Forward Modeling — Predictions

Forward models used for exoplanet characterization usually consist of one or more coupled mod-

els that simulate the state of a planetary atmosphere, the observables of that planet, and how it

may appear through different telescopes. For terrestrial exoplanet atmospheres, a typical forward

modeling suite consists of climate and photochemistry models to simulate the planetary surface

and atmospheric conditions, radiative transfer models to simulate the spectrum and photometry of
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the planet, and telescope and instrument noise models to simulate the degradation of the planetary

signal when it is observed as an astronomical object.

Exoplanet climate models come in many different forms, each with a different degree of phys-

ical sophistication. One-dimensional climate models predict the temperature-pressure (TP) pro-

file with altitude for a planetary atmosphere. Although lacking spatial-resolution and calculating

globally-averaged conditions, 1-D climate models can be nimble when applied to unfamiliar ex-

oplanet conditions (e.g. Kopparapu et al., 2013; Lincowski et al., 2018). However, while they

track the radiative-convective heating in a single atmospheric column, they lack sensitivity to at-

mospheric dynamics. On the other hand, three-dimensional general circulation models (GCMs)

(e.g. Wordsworth et al., 2011; Shields et al., 2013; Turbet et al., 2016; Way et al., 2017; Wolf et al.,

2017) track atmospheric dynamics and can predict 3-D observables, including clouds altitudes

and distributions, but they tend to be inflexible to modeling unfamiliar, non-Earth-like conditions,

they require very long run times, and their spectral models are typically at insufficient resolution

to assess key observables. Exoplanet photochemistry models typically operate in 1-D (Segura

et al., 2005; Arney et al., 2016; Lincowski et al., 2018), and can be most readily coupled to 1-D

climate models, although recent efforts have been made to apply 1-D photochemistry models to

3-D output from GCMs (Fauchez et al., 2019; Pidhorodetska et al., 2020) and to develop full 3-D

climate-chemistry models (Chen et al., 2018, 2019) to capture 3-D gas abundance distributions,

particularly for tidally locked and synchronously rotating M dwarf exoplanets.

Given an atmospheric state (TP profile and atmospheric gas mixing ratios as a function of al-

titude) that is consistent with climate and/or photochemistry modeling, a radiative transfer (RT)

model is then used to simulate the transit transmission, thermal emission, or reflected spectrum of

the planet. When incident radiation interacts with a particle in an atmosphere, that light can (a)

be absorbed by the particle, (b) cause the emission of additional photons from the particle at the

same wavelength, or (c) scatter to a new trajectory. Radiative transfer models simulate such in-

teractions between light and matter by numerically solving the radiative transfer equation. Nearly

all exoplanet radiative transfer models are 1D models, however there are significant differences

in physical rigor and computation expense between them. Line-by-line radiative transfer models
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solve the radiative transfer equation at sufficiently high spectral resolution to resolve individual

lines from the input atomic and molecular line list, provided from a spectroscopic database (e.g.

HITRAN; Rothman et al., 2010, 2013; Gordon et al., 2017). Line-by-line RT models can be quite

computationally expensive, so efforts are often made to offload the computational expense by pre-

computing fixed resolution molecular cross-sections (e.g. Line et al., 2013; Morley et al., 2017)

or using k-tables with the correlated-k method (Goody et al., 1989; Lacis and Oinas, 1991; Fu

and Liou, 1992; Mlawer et al., 1997; Irwin et al., 2006). However, these expedient methods can

introduce errors in the spectra of atmospheres that vary in composition significantly with altitude.

RT models produce high resolution spectra that must be degraded down to the resolution of

any telescope instrument that may make the observation and, in some cases, synthetic observa-

tional noise is added. These instrument models include a “window” function with a fixed-width

over which to integrate the high resolution model spectrum and a final sampling resolution for

the mock observed spectrum. Typical window convolution functions are rectangular (“boxcar”

or “top-hat”), triangular, and Gaussian, as these effectively reproduce the behavior of spectrome-

ters. At a bare minimum an instrument noise model will include photon shot noise from Poisson

counting statistics, however, it is also common to include instrument throughput, detector quantum

efficiency, background thermal and scattered light, detector dark current, read noise, and any other

noise sources that may complicate the interpretation of the exoplanet spectrum (Robinson et al.,

2016).

The component models used for terrestrial exoplanet forward modeling may be used indepen-

dently or coupled together to ultimately predict what the planet will look like as an astronomical

object. As we will see next, inverse modeling also requires the use of forward models to physically

interpret a planetary environment given astronomical observations.

Inverse Modeling — Retrievals

Inferring a state of a physical system from observational data of that system is generally referred

to as “solving the inverse problem.” In the context of inferring planetary atmospheric information

from an observed spectrum, as was pioneered by the Earth and planetary science remote-sensing
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communities, the inverse problem is referred to as retrieval modeling (Rodgers, 1976, 2000). The

goal of a full atmospheric retrieval is to detect and constrain the abundances of spectrally active

gases in the atmosphere, infer the temperature-pressure profile, quantify the presence and scatter-

ing properties of aerosols, and infer temperature, pressure, and optical scattering properties of a

surface, if applicable. In general, atmospheric retrieval models operate by iteratively evaluating a

forward model within a Bayesian statistical framework to determine the forward model parameters

that best fit the spectrum and their uncertainties given the data uncertainties.

There are many methods that can be used to solve the inverse problem with varying degrees of

statistical rigor. Optimal Estimation (OE) is well established in the retrieval literature (Rodgers,

2000), and can be used to infer atmospheric parameters by determining a best-fit to a spectrum.

However, OE makes an assumption that the posterior distribution, or updated information after

taking the data into account, for each parameter is Gaussian, which allows the retrieval to con-

verge quickly, but it cannot capture complicated degeneracies between atmospheric parameters

that may be important for low SNR, low resolution data (Line et al., 2013). Many retrievals use

Markov Chain Monte Carlo (MCMC; e.g. Goodman and Weare, 2010; Foreman-Mackey et al.,

2013) methods to numerically sample the posterior distributions for the model parameters, which

can handle non-Gaussian posteriors and correlations between parameters. However, MCMC sim-

ulations require tens of thousands to millions of forward model evaluations to converge, and so are

typically only used with computationally expedient forward models. The nested sampling method

(e.g. MultiNest; Feroz and Hobson, 2008; Feroz et al., 2009, 2013) is gaining popularity as a

middle-ground method between OE and MCMC, which allows posterior distributions with multi-

ple distinct peaks to be analyzed. There is always a balance between physical rigor in the forward

model and statistical rigor in the inverse model. Due to the modus operandi of the inverse model

to iterate the physical forward model, atmospheric retrievals typical employ forward models with

simplified physics, such as correlated-k RT, shifting the balance in favor of statistical rigor.

Numerous spectrum retrieval models have been developed for and applied to exoplanet atmo-

spheric characterization (Irwin et al., 2008; Madhusudhan and Seager, 2009; Line et al., 2013;

Benneke and Seager, 2013; Waldmann et al., 2015; Cubillos et al., 2016; Lavie et al., 2016; Howe
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et al., 2017; Feng et al., 2018; Kitzmann et al., 2019; Damiano and Hu, 2020). These retrieval mod-

els have proven to be key workhorses for exoplanet atmospheric discovery, including the detection

of atmospheric water vapor (Kreidberg et al., 2015, 2018) and the diagnosis of spectrally-obscuring

aerosols (Kreidberg et al., 2014; Sing et al., 2016; Berta et al., 2012), both in the atmospheres of

exoplanet gas giant atmospheres. However, many of the currently available retrieval models were

developed specifically for gas giant exoplanets with hydrogen and helium atmospheric composi-

tions, where simplifications about the atmosphere may be afforded, including the use of simplified

TP profiles and equilibrium thermochemistry, rather than photochemistry.

Currently available retrieval models may be ill-suited to assess terrestrial exoplanet environ-

ments. Motivated by low information content spectra, current retrieval models favor statistical

rigor over physical rigor, allowing physically simplified, and highly degenerate retrieved solutions.

Simplified physical models may efficiently constrain the possible retrieved solutions, but they run

the risk of misinterpreting planetary properties. This was demonstrated by the common assump-

tion of a single-column atmosphere, rather than separate day-night temperature distributions, when

retrieving gas abundances from planetary spectra (see Line and Parmentier, 2016; Feng and Robin-

son, 2017). Similarly, retrieval models designed primarily for gaseous planets with primordial

atmospheres (e.g. Line et al., 2013) have not been widely adapted and validated for terrestrial plan-

ets with a diversity of relatively thin and high molecular weight secondary, outgassed atmospheres

where photochemistry produces additional species not predicted by thermochemistry models. A

notable exception includes the recent work of Feng et al. (2018), which crucially demonstrated the

ability to detect water vapor, ozone, and oxygen in an Earth-like atmosphere with a next-generation

direct-imaging telescope. However, Feng et al. (2018) motivates the need for significantly more

work in this area, particularly applied to transiting terrestrial exoplanets observed with JWST. Per-

haps the greatest challenge is that many different suites of environmental parameters will fit noisy

terrestrial exoplanet spectra, and additional methods need to be developed to properly assess and

break this retrieval degeneracy for terrestrial exoplanets to properly interpret their observed spectra

with upcoming mission.
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1.5 Next Steps

Starting in the next few years and extending into the next decade, powerful new telescopes will

ensure that observations of terrestrial exoplanets will become commonplace. Before these tele-

scopes come online, it is important to understand their capabilities and limitations specifically for

terrestrial exoplanet characterization so that we can optimally make use of them and further plan

to make progress beyond them. In this section, we outline a road map for the characterization of

terrestrial exoplanets and then discuss a timeline for the next generation of telescopes that may be

capable of accomplishing the major milestones of terrestrial exoplanet characterization.

1.5.1 Milestones for Terrestrial Exoplanet Characterization

Characterizing terrestrial exoplanets, like any science, requires a multi-pronged, multi-step ap-

proach that can test increasingly more complex hypotheses with increasingly precise datasets. The

discovery of each exoplanet reveals information about the parent star and fundamental properties

of the planetary body, such as size and mass or density, and so begins the process of characterizing

the nature of that planet. Some planets will be found to contribute little more than statistics to a

greater trend, such as the prevalence of airless Mercury-like exoplanets that posses no atmosphere

to characterize. Other planets may possess habitable atmospheres that capture the focus of the

scientific field and the imagination of the public as years are devoted to an in-depth observational

reconnaissance aimed at detecting signs of extant life. In this way, we pose a hierarchy of broad

scientific questions that may be used as terrestrial exoplanet characterization milestones:

1. Does the planet possess an atmosphere?

2. What is the composition and temperature structure of the atmosphere?

3. Is the planet habitable?

4. Is the planet inhabited?
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Does the planet possess an atmosphere? Whether or not any given exoplanet has an atmosphere

may be the key initial factor in the decision to observe that planet with more telescope resources.

This is especially important for transiting exoplanets around M dwarfs, where observational bi-

ases favor short period planets that face high stellar irradiation and flaring that could ablate and

potentially completely erode any primordial atmosphere that the planet may have once had. The

presence of an atmosphere can (in most cases) be inferred by simply detecting gas absorption fea-

tures in a transmission, emission, or direct-imaging spectrum, irrespective of the specific molecule

responsible for the absorption.

What is the composition and temperature structure of the atmosphere? If the planet has an

atmosphere with detectable spectral features then the next step is to determine (1) what gases are

causing the absorption features and attempt to infer their abundances, (2) what is the bulk gaseous

constituent of the atmosphere, and (3) what is the temperature structure of the atmosphere. These

questions may by tackled using an atmospheric retrieval code to invert spectroscopic observations

and quantify the nature of the exoplanet environment (e.g. Line et al., 2013). Answering these

questions is never easy, and for many exoplanets a sufficiently thorough understanding of their

atmosphere’s nature will never be attained and the characterization hierarchy will end on this step.

However, for a select few terrestrial planets the next two questions are essential.

Is the planet habitable? Assessing the habitability of an exoplanet will require the confident

detection or refutation of surface liquid water. Gathering precise molecular abundances and tem-

perature structure information may be sufficient to place constraints on surface temperature and

stability of any surface liquid water (Robinson, 2018). However, the possibility of surface water

and the detection of surface water are different. The direct detection of surface liquid water—using

rotational mapping (e.g. Cowan et al., 2009; Cowan and Strait, 2013), ocean glint (e.g. Williams

and Gaidos, 2008; Robinson et al., 2010, 2014a), or a combination of the two methods (Lustig-

Yaeger et al., 2018)—would require a direct-imaging mission, but would offer a less ambiguous

approach than combining spectroscopic inference with climate modeling deduction (Robinson,

2018).

Is the planet inhabited? The discovery of an inhabited exoplanet would be both scientifically
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and culturally transformational as it would answer the fundamental human question: Are we alone?

At present, numerous studies have outlined approaches for the assessment of exoplanet biosigna-

tures (e.g. Meadows et al., 2018a; Schwieterman et al., 2018; Catling et al., 2018) with a general

consensus that the field should (1) be guided by Earth-based life, but (2) be open to non-Earth-

based life, and (3) be prepared to assess a putative biosignature in the context of its environment,

including understanding the potential for false positive mechanisms. Detecting biosignatures on

exoplanets will likely require retrieval methods, performed on high precision spectroscopic data,

and coupled to a probabilistic framework to assess the likelihood that the observed biosignature is

in fact due to biology. This step represents the final stop in the characterization hierarchy and one

of the ultimate goals of terrestrial exoplanet characterization.

We will continuously revisit these thematic questions throughout this work as we determine

what observations and methods are optimal for answering each.

1.5.2 A Timeline for the Characterization of Terrestrial Exoplanets

The ability to successfully progress through the major milestones of terrestrial exoplanet charac-

terization in the coming decades, and what type of exoplanets will be studied, will necessarily

track the timeline for the next great astronomical observatories as they come online. Each new

telescope is uniquely suited for different types of discoveries (see Fujii et al., 2018, for a relevant

recent review). The location of the telescopes—on the ground or in space—the aperture size, and

the operating wavelength range, are just a few key factors that will dictate the terrestrial exoplanet

science capabilities.

The James Webb Space Telescope (JWST) is now set to launch in March 2021 and is likely to

capture the first spectrum of a terrestrial exoplanet with sufficient precision to identify the pres-

ence of atmospheres (Morley et al., 2017), and to begin constraining the atmospheric composition

(Barstow and Irwin, 2016). JWST will only be capable of studying the atmospheres of terrestrial

exoplanets transiting the nearest late M dwarf systems, such as TRAPPIST-1, and it may only pro-

vide compelling datasets for hot planets interior to the habitable zone. Since transit transmission

spectroscopy can only probe the upper regions of exoplanet atmospheres, JWST reconnaissance
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of terrestrial exoplanets may be limited to the upper atmospheres of hot exoplanets orbiting M

dwarfs3. JWST will also be capable of both secondary eclipse spectroscopy and thermal phase

curves of terrestrial exoplanets, but these techniques are even more biased towards hot planets or-

biting M dwarfs than transmission spectroscopy. As a result, for more temperate, habitable zone

planets, transmission spectroscopy is likely the most viable characterization technique. However,

it cannot probe the near-surface atmosphere of planets, which will make habitability and biosig-

nature assessment quite challenging. Moreover, a directly imaged spectrum in reflected light can

contain significantly more information from the lower atmosphere and surface environment than

transmission spectroscopy of transiting planets.

Ground-based 30-meter class telescopes are poised for first light in the mid 2020’s. The Euro-

pean Extremely Large Telescope (E-ELT; 39.3 m; Gilmozzi and Spyromilio, 2007) and the Giant

Magellan Telescope (GMT; 25.4 m; Johns, 2006; Johns et al., 2012) have first light planned for

2024. The Thirty Meter Telescope (TMT; 30 m; Nelson and Sanders, 2008) has first light planned

for 20274. These large ground-based telescopes will be capable of continuing transiting terres-

trial exoplanet science beyond JWST’s nominal lifetime, and extending these investigations into

the visible. The 30-m class ground-based telescopes will also pioneer (1) high-contrast exoplanet

direct imaging and (2) high-resolution Doppler spectroscopy, both of which may be used to study

non-transiting terrestrial exoplanets.

Exoplanet direct-imaging from the ground requires the use of an internal coronagraph to block

starlight and reveal small, faint Earth-sized exoplanets that would otherwise be outshined by a

factor of ∼107 (M dwarfs systems) to ∼1010 (G dwarf systems). Due to atmospheric extinction

and turbulence, which disrupt the wavefront of light entering the telescope, current laboratory

experiments show a limit to ground-based coronagraph design contrast of∼10−8 at best (Males and

Guyon, 2018), making them efficient observatories for lower mass K and M dwarf stars (Arney,

2019), but not for Earth-Sun analogs in G dwarf systems.

3It is worth noting that the recently launched Transiting Exoplanet Survey Satellite (TESS) is well positioned to
find such M dwarf extrasolar systems, providing a key synergy with JWST (Ricker et al., 2010).

4However, this telescope remains extremely controversial due to disputes with Native Hawaiians, who cherish the
mountain top as sacred. Delays are likely to push the first light of TMT beyond 2027.
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High-resolution Doppler spectroscopy is a relatively new (exoplanet) method that aims to di-

rectly resolve exoplanetary spectral lines from stellar and telluric lines by leveraging the fact that

the exoplanet lines are uniquely Doppler shifted due to the radial velocity of the planet around

the star (Snellen et al., 2010; Brogi et al., 2012). This method provides an independent measure

of the planet’s orbital inclination relative to the observer, as well as the presence of gaseous at-

mospheric absorbers by cross-correlating a pre-computed template spectrum with the observed

spectrum (Brogi et al., 2014, 2016). High-resolution spectroscopy is essential for resolving the

orbital Doppler shift of the exoplanet spectral lines relative to the stellar and telluric lines. Thirty

meter class telescopes should be able to collect enough photons to enable such high dispersion

spectroscopy. However, resolving an exoplanet’s orbitial Doppler shift is only feasible for planets

with rapid orbital velocities. This imparts a characterization bias towards compact M dwarf sys-

tems, where planets in the habitable zone orbit faster than habitable zone planets in Solar analog

systems. Ultimately, 30-m class ground-based telescopes will be capable of significantly extending

terrestrial exoplanet characterization into the lower atmospheres of non-transiting planets, but like

JWST, they may only be capable of making these leaps forward for low mass M dwarf systems.

The Wide Field Infrared Survey Telescope (WFIRST; Spergel et al., 2015) is set to launch in

2025 and provide a testbed for space-based coronagraphy (Noecker et al., 2016). WFIRST is a

2.4-meter (same as the Hubble Space Telescope) general purpose astrophysics telescope that will

primarily perform gravitational microlensing exoplanet detections for its exoplanet science time

allocation. However, it will launch with an internal coronagraph as a technology demonstration

for future missions. WFIRST could plausibly rendezvous with an external starshade occultor to

increase contrast and throughput (Soto et al., 2017), but there is no plan for that currently. The

WFIRST coronagraph will be capable of studying gaseous exoplanets at wide orbital separations,

and will not have the aperture size or design contrast to observe rocky exoplanets. Funding for

WFIRST remains uncertain, and it’s practicality for astrobiologically-relevant science is limited

to it being a stepping stone to future-mission observations of terrestrial exoplanets via its corona-

graphic observations of larger planets.

More recently, NASA commissioned four Decadal Survey Mission Concept Studies under the
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leadership of a community-driven a Science and Technology Definition Team (STDT) to provide

reports for the NASA 2020 Decadal Survey on possible next-generation flagship telescopes. Two

of the concept studies focused on relatively large aperture, space-based, exoplanet direct-imaging

telescopes: the Habitable Exoplanet Observatory (HabEx; 4-m; Mennesson et al., 2016; HabEx

Study Team, 2019) and the Large UV Optical Infrared (LUVOIR; 8-15 m) Surveyor (Roberge

et al., 2019; LUVOIR Mission Concept Study Team, 2019). These two space telescopes would

launch no sooner than the mid-2030’s and be capable of directly-imaging terrestrial exoplanets

orbiting Solar-analog G dwarf planetary systems. They would accomplish this by meeting the

coronagraph/starshade design contrast of <10−10. The third decadal mission concept is the Ori-

gins Space Telescope (OST; 6.5-m Battersby et al., 2018; Origins Space Telescope Study Team,

2019), which would be a JWST successor operating in the mid- to far-infrared, highly capable of

transiting exoplanet science. Like JWST, OST would focus on transit transmission and thermal

emission studies of terrestrial planets orbiting small M dwarf stars. The fourth mission concept,

Lynx (Gaskin et al., 2019), is an x-ray telescope that would not be capable of exoplanet science

directly. Given the technological challenges required, studying the atmospheres of potentially hab-

itable terrestrial exoplanets orbiting G dwarf stars—the true Earth-analogs—will only be possible

with a telescope designed from the outset with that goal in mind. Furthermore, these goals will

only be met before ∼2040 if one of these two direct-imaging telescopes (HabEx or LUVOIR) is

selected for funding priority in the 2020 Decadal Survey.

Between now and ∼2040 the field of exoplanets is sure to undergo numerous scientific revolu-

tions as near- and far-term next-generation telescopes come online and provide the data to constrain

previously unconstrained problems. JWST will soon begin to confront the existence and composi-

tion of terrestrial atmospheres for exoplanets transiting M dwarfs. In the mid/late-2020’s, 30-meter

ground-based telescopes will extend and advance these ventures by probing the potential habitabil-

ity and biosignatures of transiting and non-transiting K and M dwarf planetary systems. Extending

terrestrial exoplanet characterization to the habitability of Earth-like planets orbiting Sun-like stars,

and searching for life as we know it to exist on Earth, will require a space-based, direct-imaging

telescope, such as HabEx or LUVOIR, which will launch no sooner than the mid-2030’s. These
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ambitious telescope concepts will only see the light of (another world’s) day if progress continues

to be made towards motivating their unique science cases.

1.6 Purpose & Structure of this Work

The purpose of my dissertation work has been to provide the theoretical scientific underpinning

required to support the observation and engage in the assessment of terrestrial exoplanet environ-

ments. To this end, we seek to identify how the major milestones of terrestrial exoplanet charac-

terization may be optimally achieved as we progress into the era of next generation telescopes.

In Part I, we use predictive forward modeling to determine the observational requirements and

optimal observing techniques to detect and characterize transiting terrestrial exoplanet atmospheres

with JWST . This work focuses on imminent observations of the seven known Earth-size exoplanets

orbiting the late M dwarf, TRAPPIST-1, to support upcoming JWST proposals (see Chapter 2). We

also use this best-case-scenario system as an indicator for the extent of information that we should

expect to learn about terrestrial exoplanets in the JWST era, and what information may remain

uncharacterized (see Chapter 3). These works help to indicate that although JWST will be capable

of detecting terrestrial exoplanet atmospheres, characterizing their nature is likely to fall short of

robust habitability and biosignature assessment, which must therefore rely on future missions.

In Part II, we use forward modeling to assess the ability for a next-generation, direct imaging

mission to detect signs of habitability and biosignatures for non-transiting terrestrial exoplanets

orbiting F, G, K, and M dwarfs. To accomplish this, in Chapter 4, we propose a novel means for

a future direct imaging telescope to directly infer the presence of an ocean on a rocky exoplanet

by spatially mapping the ocean glint signal. In Chapter 5, we conduct a synthetic observational

campaign using designs for the next-generation mission, LUVOIR, to determine the number of

HZ Earth-like planets for which the mission would be able to detect habitable surface conditions

and search for life. These works help to illuminate the bright future of terrestrial exoplanet char-

acterization and to expose the need to develop optimal strategies to interpret terrestrial exoplanet

data.

In Part III, we develop, validate, and apply a physically-robust terrestrial exoplanet retrieval
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model that can be used to infer the atmospheric characteristics of terrestrial exoplanets observed

in the near-term transiting small M dwarfs with JWST and in the far-term orbiting Sun-like stars

with a LUVOIR-class mission. In Chapter 6, we describe the methodology of our retrieval model,

including our physically rigorous forward model and our multi-pronged suite of inverse models,

and we validate the model by retrieving on observed spectra of Earth. In Chapter 7, we apply

our new retrieval model to synthetic JWST transmission spectra of the TRAPPIST-1 System to

demonstrate the usefulness of the model for interpreting real terrestrial exoplanet data. This re-

trieval model takes a crucial first step towards developing an astrobiological framework to assess

exoplanet habitability and biosignatures.

In Chapter 8, we provide a discussion wherein we revisit the major milestones of terrestrial

exoplanet characterization and report on how our findings have shaped the future outlook and

optimal approaches for terrestrial exoplanet atmospheric detection, characterization, assessment of

habitability, and the search of biosignatures. We conclude in Chapter 9.
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Part I

DEVELOPING A FOUNDATION TO CHARACTERIZE TRANSITING
EXOPLANETS IN THE ERA OF JWST
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Chapter 2

DETECTING & CHARACTERIZING THE TRAPPIST-1 EXOPLANET
ATMOSPHERES WITH JWST
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Portions of this chapter were originally published in collaboration with Victoria S. Meadows

and Andrew P. Lincowski in the June 2019 edition of the Astronomical Journal (Lustig-Yaeger

et al., 2019b, AJ, Vol. 158, 27; 2019 c© American Astronomical Society, DOI: 10.3847/1538-

3881/ab21e0), and are reproduced below with the permission of the American Astronomical Soci-

ety.

Summary

The James Webb Space Telescope (JWST) will offer the first opportunity to characterize terres-

trial exoplanets with sufficient precision to identify high mean molecular weight atmospheres,

and TRAPPIST-1’s seven known transiting Earth-sized planets are particularly favorable targets.

To assist community preparations for JWST observations, we use simulations of plausible post-

ocean-loss and habitable environments for the TRAPPIST-1 exoplanets, and test simulations of all

bright object time series spectroscopy modes and all MIRI photometry filters to determine opti-

mal observing strategies for atmospheric detection and characterization using both transmission

and emission observations. We find that transmission spectroscopy with NIRSpec Prism is op-

timal for detecting terrestrial, CO2 containing atmospheres, potentially in fewer than 10 transits

for all seven TRAPPIST-1 planets, if they lack high altitude aerosols. If the TRAPPIST-1 plan-

ets possess Venus-like H2SO4 aerosols, up to 12 times more transits may be required to detect an

atmosphere. We present optimal instruments and observing modes for the detection of individual

molecular species in a given terrestrial atmosphere and an observational strategy for discriminat-

ing between evolutionary states. We find that water may be prohibitively difficult to detect in both

Venus-like and habitable atmospheres due to its presence lower in the atmosphere where transmis-

sion spectra are less sensitive. Although the presence of biogenic O2 and O3 will be extremely

challenging to detect, abiotically produced oxygen from past ocean loss may be detectable for all

seven TRAPPIST-1 planets via O2-O2 collisionally-induced absorption at 1.06 and 1.27 µm, or

via NIR O3 features for the outer three planets. Our results constitute a suite of hypotheses on

the nature and detectability of highly-evolved terrestrial exoplanet atmospheres that may be tested

with JWST.
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2.1 Introduction

The discovery of Earth-sized planets in temperate orbits around nearby, low-mass stars opens a

new door into the era of terrestrial exoplanet atmospheric characterization (Berta-Thompson et al.,

2015; Anglada-Escudé et al., 2016; Gillon et al., 2016, 2017b; Luger et al., 2017c; Dittmann et al.,

2017). Transmission and emission (secondary eclipse) spectroscopy of transiting rocky worlds

with the upcoming James Webb Space Telescope (JWST) may offer a first glimpse into the at-

mospheres of terrestrial exoplanets (Morley et al., 2017; Kalirai, 2018) and a first opportunity to

search for signs of habitability (Lincowski et al., 2018) and biosignatures beyond the Solar System

(Cowan et al., 2015).

The TRAPPIST-1 system of seven transiting Earth-sized exoplanets (Gillon et al., 2016, 2017b;

Luger et al., 2017c) is observationally favorable for the atmospheric characterization of small ex-

oplanets. TRAPPIST-1 is a late M dwarf (M8V; Liebert and Gizis, 2006) with a small radius

(0.121R�; Van Grootel et al., 2018), which increases planetary transit and eclipse depths; it has a

low effective temperature (2511 K; Van Grootel et al., 2018), which increases the eclipse depth;

and it is nearby to Earth (12.2 pc; Gillon et al., 2016). These system properties increase sensitivity

to atmospheric spectral features in transmission and emission spectroscopy, particularly for small,

temperate planets.

Observations of the TRAPPIST-1 planets with the Kepler, Hubble (HST), and Spitzer space

telescopes suggest that the innermost 6 planets do not have primordial, low mean molecular weight

atmospheres, but whether they have high molecular weight atmospheres or no atmospheres at all

requires observations with future facilities. HST Wide Field Camera 3 (WFC3) transmission spec-

troscopy has ruled out H2-dominated atmospheres for most of the TRAPPIST-1 planets (de Wit

et al., 2016, 2018), and instead they may have secondary outgassed atmospheres composed of rel-

atively high mean molecular weight gases (Moran et al., 2018). Secondary atmospheres are more

difficult to detect—or rule out—than primordial atmospheres, and they may span a large range in

temperature, pressure, and composition. Consequently a broad variety of potential atmospheres are

consistent with the current modest observational constraints (Delrez et al., 2018; Lincowski et al.,
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2018).

Alternatively, the planets could have no atmospheres, although outgassing from the possibly

high-volatile-content interiors of the TRAPPIST-1 planets may make that outcome less likely.

Simulations suggest that the TRAPPIST-1 planets could have had their atmospheres completely

stripped (e.g. Dong et al., 2018; Airapetian et al., 2017; Roettenbacher and Kane, 2017), although

some models of M dwarf planets suggest that atmospheric loss rates may be less than the replenish-

ment rate via outgassing from a planetary interior (Garcia-Sage et al., 2017; Bolmont et al., 2017),

such that atmospheres may be retained. The TRAPPIST-1 planets may also have larger volatile

reservoirs than Solar System terrestrials. Masses derived from transit timing variation (TTV) anal-

yses of Kepler (Grimm et al., 2018) and Spitzer observations (Delrez et al., 2018) suggest that the

planets have densities between 0.6 to 1.0 ρ⊕, consistent with a rocky composition with a significant

fraction of ices (Grimm et al., 2018). This conclusion is supported by the resonant chain structure

of the TRAPPIST-1 system, which suggests inward migration from more volatile-rich formation

orbits (Luger et al., 2017c). Determining whether the interplay of planetary processes over time

will allow M dwarf terrestrial planets to maintain high-molecular weight atmospheres and support

habitability will be key science questions for JWST.

Previous simulations have demonstrated the plausibility of detecting terrestrial atmospheres

with JWST for M dwarf planetary systems in general (e.g. Belu et al., 2011; Barstow et al., 2016),

and for the TRAPPIST-1 planets in particular (Barstow and Irwin, 2016; Morley et al., 2017;

Batalha et al., 2018; Krissansen-Totton et al., 2018a). Morley et al. (2017) considered Venus-

like, Earth-like, and Titan-like atmospheres in thermochemical equilibrium and found that CO2-

dominated atmospheres could be detected for 6 of the 7 TRAPPIST-1 planets in fewer than 20

transits with JWST NIRSpec/G235M, and secondary eclipse photometry with JWST/MIRI could

readily detect thermal emission from TRAPPIST-1 b and c, and possibly d, e, and f. Batalha

et al. (2018) investigated optimal strategies for JWST observations of the TRAPPIST-1 system

and found that allowing the NIRSpec Prism to slightly saturate at the peak of the stellar spectral

energy distribution (SED) could allow the dominant absorber to be detected in 10 transits of H2O,

CO2, and N2 dominated atmospheres. Krissansen-Totton et al. (2018a) investigated the potential



40

detectability of anoxic biosignatures in the atmosphere of TRAPPIST-1 e and concluded that 10

transits observed with JWST NIRSpec Prism may be sufficient to detect CO2 and constrain the

CH4 abundance enough to rule out non-biological CH4 production. Recently, Wunderlich et al.

(2019) considered the detectability of photochemically self-consistent Earth-like planets in the

habitable zone of various M dwarfs spectral types, including TRAPPIST-1, and found that H2O,

CH4, and CO2 may be detectable in ∼10 transits with JWST. However, this study did not consider

non Earth-like planetary compositions, or the effect of clouds and hazes.

These previous simulations of TRAPPIST-1 planetary atmospheres did not include photochem-

ical forcing by the late M dwarf SED on multiple plausible planetary environments, both habitable

and uninhabitable. Photochemistry can have significant impacts on terrestrial atmospheric compo-

sition (Segura et al., 2005; Rugheimer et al., 2015) and haze formation (Arney et al., 2017, 2018),

which can in turn modify the resultant temperature structure (Lincowski et al., 2018), impacting

the predicted spectrum in both transmission and emission. Models that include photochemistry and

haze formation for terrestrial atmospheres will better predict the atmospheric composition, and in-

form the preparation and interpretation of upcoming observations with JWST (Lincowski et al.,

2018).

In this chapter we explore the potential for JWST to detect and characterize the TRAPPIST-1

planetary atmospheres and distinguish between model predictions for evolutionary outcomes and

different atmospheric states. As input, we use the climatically and photochemically self-consistent

atmospheric and spectral simulations of Lincowski et al. (2018), who used a rigorous line-by-line

1D radiative-convective-equilibrium climate model coupled with a 1D photochemical model to

simulate different habitable and post-ocean-loss environments for the TRAPPIST-1 planets. The

atmospheric bulk compositions considered by Lincowski et al. (2018) are motivated by the early

high luminosity of late M dwarf stars (Baraffe et al., 2015) like TRAPPIST-1, which may drive

early ocean loss and the generation of tens to thousands of bars of O2 (Luger and Barnes, 2015;

Bolmont et al., 2017; Meadows et al., 2018a; Lincowski et al., 2018; Wordsworth et al., 2018). The

final inventory of O2 may be severely reduced by atmospheric and surface loss processes such that

only a few bars of O2 remain (Schaefer et al., 2016; Wordsworth et al., 2018). Depending on the
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initial water inventory, this process may have exhausted the entire planet’s water supply, leaving it

desiccated, or the planet may have formed with enough water to endure such vigorous loss. For

the ocean loss planets with efficient O2 sinks and ongoing outgassing of volatiles, large quantities

of CO2 may build up, forming a Venus-like atmosphere (Meadows et al., 2018a). Lincowski et al.

(2018) also considered a habitable ocean world for TRAPPIST-1 e, for the scenario where it formed

with an appreciable H2 envelope, which was subsequently stripped to reveal a habitable core (Luger

et al., 2015).

To understand the nature and possibly habitability of terrestrial exoplanets, we will need a

systematic approach to environmental assessment that starts with the most scientifically significant

and least expensive observation, and builds from there. For terrestrial planets orbiting M dwarfs,

the first property to be determined is whether or not they have an atmosphere. If an atmosphere

can be confirmed, then subsequent studies will focus on determining the nature of that atmosphere,

and whether there are atmospheric characteristics that could discriminate between evolutionary

outcomes. Finally, a deeper dive to search for signs of habitability, including the presence of an

ocean (see Robinson, 2018; Lustig-Yaeger et al., 2018) and biosignatures (see Schwieterman et al.,

2018) may be warranted for planets whose initial characterization does not preclude habitable

conditions.

Here we determine the feasibility of atmospheric characterization for the seven known TRAPPIST-

1 exoplanets by first identifying optimal instrument selection and experiments to test whether

or not the TRAPPIST-1 planets have atmospheres. We then determine how to best detect spe-

cific molecules as a second step of atmospheric characterization, and discriminate between differ-

ent plausible climate and photochemically self-consistent atmospheres (e.g. O2-dominated, CO2-

dominated; Lincowski et al., 2018) using JWST transmission and emission photometry and spec-

troscopy.

The different post-runaway, evolved planet atmospheres considered here are by no means

a comprehensive set of evolutionary outcomes, but rather a representative subset of potential

physically- and chemically-motivated atmospheres for which we can predict spectra. By under-

standing the detectability of spectral discriminants for the TRAPPIST-1 planets we develop in-
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formed hypotheses on the nature of these planets that may later be tested with JWST observations.

The structure of this chapter is as follows: In §2.2 we present the models and methods used to

simulate JWST data and find the optimal JWST modes for detecting and characterizing plausible

planet compositions. We describe our results in §2.3, offer a discussion of the significance of those

results in §2.4, and conclude in §2.5.

2.2 Methods

In the following subsections we present our methods for assessing the detectability of different self-

consistent atmospheric compositions for the seven TRAPPIST-1 planets with different instruments

and observational modes available to JWST. We first describe the JWST noise models used in this

work (§2.2.1), which include a MIRI photometry component and a spectroscopy component using

PandExo (Batalha et al., 2017). We then detail our model inputs (§2.2.2), and outline a series

of experiments that can be used to successively characterize terrestrial planet environments and

determine optimal observing modes (§2.2.3).

2.2.1 JWST Noise Modeling

We simulate synthetic exoplanet time-series spectroscopy and photometry with JWST to consider

observations during transit (transmission) and secondary eclipse (emission). In the following two

subsections we detail our modeling of JWST/MIRI photometry (§2.2.1) and JWST spectroscopy

(§2.2.1).

JWST/MIRI Photometry

Filter photometry with JWST’s Mid-Infrared Instrument (MIRI) imager has been suggested to offer

an efficient means of performing an initial characterization of Earth-sized planets around low-mass

stars (Morley et al., 2017). To assess MIRI photometry, we develop a basic MIRI imaging noise

model for exoplanet transit and secondary eclipse observations.



43

The number of photons from the planet incident upon the detector is

Np = Texp
FpT Aλ∆λ

hc
(2.1)

where Texp is the exposure time, Fp is the spectral flux density (e.g. W/m2/um) from the planet, T
is the filter throughput, A is the telescope collecting area (25 m2), λ is wavelength, ∆λ is the width

of the wavelength bin, h is Planck’s constant, and c is the speed of light. Note that the exposure

time used in our photometry model is discretized in terms of the simulated planet’s transit duration,

but does not explicitly depend on the MIRI integration times or number of groups per integration,

as our time-series spectroscopy noise modeling with PandExo does. Photon conversion efficiency

curves for the MIRI imager were acquired online1 (Glasse et al., 2015). Photons from the star are

calculated analogously using Equation 2.1 by replacing the planet flux with the stellar flux.

The signal-to-noise (SNR) ratio on the transit depth is given by

SNRT =
Ns(Rp/Rs)

2√
(Ns +Nbg)/nout +Nbg +Ns[1− (Rp/Rs)2]

. (2.2)

where Ns is the number of photons from the star, Nbg is the number of photons from background

sources, and nout is the number of out-of-transit transit durations observed. Background photon

noise is calculated using the seven component grey-body model of Glasse et al. (2015), which

includes telescope thermal and scattered zodiacal noise contributions. The SNR on the photons

detected from a planet observed in secondary eclipse is given by

SNRE =
Np√

(Np +Ns +Nbg)/nout +Ns +Nbg

. (2.3)

where Np is the number of photons from the planet. Derivations of Equations 2.2 and 2.3 are

provided in Chapter Appendix 2.6.1.

Saturation must be considered when planning long exposures necessary to characterize small

1http://ircamera.as.arizona.edu/MIRI/pces.htm

http://ircamera.as.arizona.edu/MIRI/pces.htm
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exoplanets around nearby stars. Using the bright source limits of Glasse et al. (2015) we find that

TRAPPIST-1 will saturate MIRI in the two shortest wavelength filters, F560W and F770W, for

the shortest exposures allowed in the standard imaging mode. Although these shorter wavelength

filters may saturate, we nonetheless consider MIRI photometry in all nine filters (F560W, F770W,

F1000W, F1130W, F1280W, F1500W, F1800W, F2100W, and F2550W) to assess the atmospheric

information contained in each.

JWST Spectroscopy

We use the JWST time-series spectroscopy simulator PandExo2 (version 1.1.2; Batalha et al.,

2017; Batalha et al., 2018) to model different observing modes and their associated noise sources

for transmission and emission spectroscopy. PandExo leverages the core of the Space Telescope

Science Institute’s Exposure Time Calculator, Pandeia3 (version 1.2.2; Pontoppidan et al., 2016),

to calculate 3-D data cubes for realistic PSF modeling. We refer the reader to Batalha et al. (2017)

for a thorough description of the model and its bench-marking.

We consider a broad variety of JWST instruments and modes that are capable of exoplanet

transmission and emission spectroscopy and available using PandExo. We include the Near-

Infrared Camera (NIRCam; Greene et al., 2007, 2017) using the grism time-series mode; the Near-

Infrared Spectrograph (NIRSpec; Bagnasco et al., 2007; Ferruit et al., 2014); the Near Infrared

Imager and Slitless Spectrograph (NIRISS; Doyon et al., 2012) using the single object slitless

spectroscopy (SOSS) mode; and the Mid-Infrared Instrument (MIRI; Bouchet et al., 2015) low

resolution spectrometer (LRS; Kendrew et al., 2015).

Table 2.1 summarizes the different JWST instruments and modes used to simulate transmission

and emission spectroscopy of the TRAPPIST-1 system. Specifically, Table 2.1 lists the instrument,

mode, disperser, filter, subarray, read mode, wavelength range, and nominal spectral resolving

power used in our PandExo calculations. Table 2.1 also presents the number of groups per in-

tegration, the observing efficiency, and the number of saturated pixels at the end of the ramp for

2https://natashabatalha.github.io/PandExo/

3https://jwst.etc.stsci.edu/

https://natashabatalha.github.io/PandExo/
https://jwst.etc.stsci.edu/
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Table 2.1. JWST instruments used in this study and their observability of TRAPPIST-1

TRAPPIST-1
Instrument Mode Disperser Filter Subarray Read Mode λ [µm] R [λ/∆λ] Ngroups Efficiency Nsat

NIRCam ssgrism grism R f322w2 subgrism64 rapid 2.42− 4.15 ∼1600 303 99.34% 0
NIRCam ssgrism grism R f444w subgrism64 rapid 3.70− 5.00 ∼1600 342 99.42% 0
NIRISS SOSS gr700xd None substrip96 nisrapid 0.6− 2.8 ∼700 52 96.23% 0
NIRISS SOSS gr700xd None substrip256 nisrapid 0.6− 2.8 ∼700 21 90.91% 0
NIRSpec fixed slit g140h f100lp sub2048 nrsrapid 0.97− 1.82 ∼2700 39 95.00% 0
NIRSpec fixed slit g140m f100lp sub2048 nrsrapid 0.97− 1.84 ∼1000 14 86.67% 0
NIRSpec fixed slit g235h f170lp sub2048 nrsrapid 1.66− 3.05 ∼2700 41 95.24% 0
NIRSpec fixed slit g235m f170lp sub2048 nrsrapid 1.66− 3.07 ∼1000 14 86.67% 0
NIRSpec fixed slit g395h f290lp sub2048 nrsrapid 2.87− 5.14 ∼2700 82 97.59% 0
NIRSpec fixed slit g395m f290lp sub2048 nrsrapid 2.87− 5.10 ∼1000 29 93.33% 0
NIRSpec fixed slit prism clear sub512 nrsrapid 0.6− 5.3 ∼100 2 33.33% 0
NIRSpec fixed slit prism clear sub512s nrsrapid 0.6− 5.4 ∼100 3 50.00% 0
NIRSpec fixed slit prism clear sub512 nrsrapid 0.6− 5.5 ∼100 6 71.43% 47
NIRSpec fixed slit prism clear sub512s nrsrapid 0.6− 5.6 ∼100 6 71.43% 19

MIRI LRS p750l None slitlessprism fast 0.5− 12.0 ∼100 139 98.57% 0

Note. — Ngroups is the number of groups per integration and Nsat is the number of saturated pixels at the end of the ramp. The right three
columns are outputs from the PandExo JWST noise model specifically for observations of the TRAPPIST-1 system.

our simulated observations of the TRAPPIST-1 system with each instrument. We use the NIRSpec

Prism in three configurations. First, we use the SUB512 subarray (frame time: 0.226 s) with 2

groups per integration set by PandExo to avoid pixel saturation. Second, we use the SUB512s

subarray (frame time: 0.144 s) with 3 groups per integration, again set by PandExo. Finally,

we simulate a partial saturation strategy by using the SUB512 and SUB512s subarrays with 6

groups per integration to allow for slight pixel saturation near the peak of the SED (Batalha et al.,

2018). This modification improves the duty cycle from 33.3% (50%) to 71.4% for the SUB512

(SUB512s) subarray, as shown in Table 2.1 (see “Efficiency” column). We refer to this partially

saturated NIRSpec Prism mode as “NIRSpec Prism*” hereafter.

2.2.2 Noise Model Inputs

For the stellar input to the PandExo noise model, we approximate the TRAPPIST-1 stellar spec-

trum, which has yet to be observed, using a PHOENIX stellar model (Husser et al., 2013) with an

effective temperature of T = 2511 K, metallicity of [Fe/H] = 0.04, and surface gravity log g = 5.23
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(Delrez et al., 2018), normalized to the K band magnitude of TRAPPIST-1 (K = 10.30; Grimm

et al., 2018). However, we ignore the effects of stellar opacity in the MIR, stellar variability due

to rotation and flaring during periods of observation (Vida et al., 2017; Morris et al., 2018a), and

heterogeneous stellar photospheres (Rackham et al., 2018; Zhang et al., 2018).

We use the modeled transmission and emission spectra of Lincowski et al. (2018) as inputs into

the noise models to assess the detectability of photochemically and climatically self-consistent

TRAPPIST-1 planet’s atmospheres. The climate model developed by Robinson and Crisp (2018)

and Lincowski et al. (2018) uses line-by-line radiative transfer computed by the Spectral Mapping

and Atmospheric Radiative Transfer (SMART) code (Meadows and Crisp, 1996, developed by D.

Crisp), and can generate top-of-atmosphere planetary radiances and transmission spectra (Robin-

son, 2017a) of its equilibrium climate and photochemical states. See Lincowski et al. (2018) for a

thorough description of the climate and photochemical modeling and subsequent climate results.

The stellar spectrum used in the optical through the MIR in Lincowski et al. (2018) is identical to

the stellar spectrum used here for the JWST noise model input.

For target exposure times per transit we use the median transit durations for the TRAPPIST-1

planets from Grimm et al. (2018), and for photometry and spectroscopy noise calculations we as-

sume that an equal amount of time is spent observing in transit/eclipse versus out of transit/eclipse.

For PandExo, we assume saturation to be an exposure level 80% of the full well and we im-

pose no strict noise floor for JWST spectroscopy (c.f. Greene et al., 2016). We compute noise

calculations across a grid in the number of transits/eclipses ([1, 100]), and then use these results

to derive and report the number of transits/eclipses needed to meet specific atmospheric detection

and characterization metrics, as described in the following section.

2.2.3 Observing Experiments

We aim to identify the optimal observing approaches for JWST to (1) detect the presence of the

TRAPPIST-1 planet atmospheres, and (2) characterize the composition of the atmospheres, as-

suming the TRAPPIST-1 planets possess atmospheres similar in nature to the evolved atmospheres

modeled in Lincowski et al. (2018). We consider an atmosphere to be detected when sufficient
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SNR is achieved on any spectral feature in a transmission or emission spectrum. For atmospheric

characterization, we consider a specific molecule in the atmosphere to be detected when sufficient

SNR is attained on the contribution to the spectrum from that molecule, which may include mul-

tiple bands from a given molecule. Next, we detail our SNR approach for ruling out a fiducial

spectrum, and then describe how the method is used to quantify the detectability of atmospheres

and specific molecules within them.

SNR Approach

We now define a signal-to-noise ratio approach to determine the confidence with which we can

rule out that our data match a fiducial transmission or emission spectrum—which is a featureless

spectrum for the case of detecting atmospheres.

For each atmospheric model and JWST instrument considered, we employ the following pro-

cedure for both transit and secondary eclipse geometries. First, we run the PandExo JWST noise

model across a grid in number of transits/eclipses (nocc) from 1-100, which is sufficient to estab-

lish a simple SNR scaling relationship. Second, we determine the signal-to-noise on the difference

between the model spectrum and the fiducial spectrum, and calculate the total expected signal-to-

noise 〈SNR〉 (defined below) by summing this difference over wavelength. Finally, we solve for

number of transits/eclipses, nocc, such that a given 〈SNR〉 is achieved.

We define the total expected signal-to-noise using a ∆χ2 test formalism, which is common for

model selection applications. For many random drawings of synthetic data with Gaussian noise,

the expected value for ∆χ2 between two models (m1 and m2) is simply

〈
∆χ2

〉
=

Nλ∑
i=1

(
m1,i −m2,i

σi

)2

(2.4)

assuming that the observations with uncertainties σ are truly sampled from one of the models

(m1 in this case), and where the sum is over all Nλ spectral elements for a particular instrument.

Gaussian noise is not added to the synthetic spectra both to speed up calculation of the mean result,

and to avoid any single random data realization from biasing our results (e.g. Feng et al., 2018).
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The numerator in the sum in Equation 2.4 is the “signal” used to discriminate between the two

models, while the denominator is the “noise” on the observations. For convenience, we define

SNRi =
m1,i −m2,i

σi
, (2.5)

which is the individual signal-to-noise contribution from each spectral element to model m2 being

ruled out in favor of model m1. Equation 2.4 may then be rewritten in terms of SNRi and what we

refer to as the total expected signal-to-noise

〈SNR〉 =
√
〈∆χ2〉 =

√√√√ Nλ∑
i=1

SNR2
i . (2.6)

Equation 2.6 is particularly useful because the quadrature sum over wavelength allows for the com-

parison between multiple different JWST instruments that may have different spectral resolutions

and wavelength ranges, and for a comparison between transmission and emission spectroscopy for

the same hypothesis (e.g. the planet does not have an atmosphere).

We caution that Equation 2.6 is equal to the confidence in the detection of model m1 in units

of standard deviations (number of “sigma” nσ), only in the case that each model has one degree

of freedom. To avoid assumptions on the degrees of freedom and degeneracies associated with

spectral models, we simply report 〈SNR〉 with the understanding that these are upper limits on the

confidence in the detection. Furthermore, when we report the number of transits/eclipses to rule

out the fiducial model to a given 〈SNR〉, these are lower limits; additional sources of uncertainty

and/or retrieval model complexity may require that more transits/eclipses be observed.

We now detail the fiducial spectral models that are used to detect the presence of an atmosphere

and the individual molecules with them.

Detecting the presence of an atmosphere

The spectra of planets with atmospheres can be discriminated from the featureless spectra of airless

worlds by the presence of spectral absorption features. This approach works best for atmospheres
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with strong absorption features, but will be challenging for transmission spectroscopy if molecular

absorption is suppressed by a high mean molecular weight atmosphere (Miller-Ricci et al., 2009),

the presence of clouds and hazes (Berta et al., 2012; Ehrenreich et al., 2014; Knutson et al., 2014;

Kreidberg et al., 2014; Nikolov et al., 2015), or atmospheric refraction (Bétrémieux and Kalteneg-

ger, 2014; Misra et al., 2014). In these cases, higher SNR observations will be required to detect

the presence of an atmosphere. Here we assess the detectability of realistic terrestrial atmospheres

with clouds and hazes in transmission by comparing their spectra to a baseline featureless spectrum

that is modeled as the best-fitting constant planet radius with wavelength. For the corresponding

emission spectrum test, we model the featureless spectrum as the ratio of two blackbodies at the

stellar effective temperature and best-fitting planetary equilibrium temperature (set by a variable

bond albedo).

While there are several “false negative” processes that could suppress the signal from an at-

mosphere as described above, one “false positive” process is worth considering: the possibility

that surface mineralogy could produce wavelength dependent features in emission spectra of air-

less worlds. However, these features are unlikely to be as prominent as atmospheric features, and

this is especially true in realistic cases where multiple reflections occur within the mineral surface.

Specifically, by Kirchoff’s law of thermal radiation, the emissivity ε is related to the reflectance R

by (Nicodemus, 1965),

ε = 1−R. (2.7)

The emissivity then regulates the efficiency of thermally radiated flux Fλ relative to a perfect black-

body Bλ(T ) via

Fλ = εeBλ(T ), (2.8)

for an object with an equilibrium temperature T . However, Equation 2.8 uses the effective emis-

sivity,

εe = 1− (1− ε)(n+1), (2.9)

which accounts for the number of reflections n within the material, and ultimately decreases the
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Figure 2.1 Secondary eclipse spectrum models of TRAPPIST-1b assuming different end-member
planet mineralogical compositions. The black line shows a featureless blackbody curve, corre-
sponding to the zero bond albedo planet equilibrium temperature, from which all of the ther-
mal emission curves from rock forming minerals (thick color lines) deviate due to non-unity,
wavelength-dependent emissivities. The three line styles for the quartz curves demonstrate the
reduction in effective emissivity due to n reflections within the rock (see equation 2.9). The thin
purple and teal lines show the expected emission spectrum for TRAPPIST-1b if it were to pos-
sess a climatically and photochemically self-consistent thick O2- or a CO2-dominated atmosphere,
respectively (Lincowski et al., 2018).

contrast of mineralogical features in the thermal emission spectrum (Kirkland et al., 2003; Hu et al.,

2012).

Figure 2.1 compares secondary eclipse spectrum models for different assumed end-member

planet mineralogical compositions. Emission spectra are shown for planets at the zero bond albedo

equilibrium temperature composed solely of quartz, basalt, olivine, pyroxene, hematite, anthorite,

enstatite, saponite, and feldspar—a selection of common rocks and minerals found in terrestrial

solar system bodies. For comparison, also shown are emission spectra with strong atmospheric ab-

sorption features from the climatically and photochemically self-consistent 100 bar O2-dominated
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and 92 bar CO2-dominated atmospheres from Lincowski et al. (2018).

In some cases, mineralogical surface emission features compare in signal contrast to model

atmospheric thermal emission features, but under most plausible physical scenarios an airless rock

would likely have significantly lower spectral variation than atmospheric features. The single-

reflection quartz silicate features between ∼8 − 10 µm and ∼19 − 23 µm are strong and rival

the strength of the atmospheric features caused by O3, CO2, and H2O over this wavelength range.

However, single reflections are unlikely, and both multiple reflections and blends of different min-

erals would decrease the contrasts on features from any one of the representative end-member

cases, producing a relatively featureless thermal emission spectrum.

Throughout the rest of the chapter, unless otherwise stated, we adopt the assumption that de-

tecting deviations from blackbody emission in a secondary eclipse spectrum are evidence of an

atmosphere. However, in §2.3 we further explore the detectability of quartz silicate emissivity fea-

tures in the emission spectrum of TRAPPIST-1b observed with MIRI LRS as an optimistic limiting

case on the potential signal from an airless body.

Figures 2.2 and 2.3 provide a specific example of a test for the presence of a 10-bar CO2

atmosphere, using both transmission (with NIRSPEC Prism*) and emission (with MIRI LRS)

spectroscopy, respectively. The bottom panel of each figure shows a direct comparison between

the template spectrum and the featureless model that best fits the template spectrum. The color-

contours show the magnitude of difference between the two spectra in the bottom panel divided

by the noise (|SNRi|) as a function of wavelength and number of occultations. The right panels

show the total expected SNR, 〈SNR〉, as a function of number of occultations, which is the total

signal of the atmosphere over the wavelength range of the instrument. The quadrature sum over

wavelength not only allows for a comparison between different instruments that naturally accounts

for the native resolution of and noise incurred by the instrument, but also a comparison between

transmission and emission spectroscopy. Comparing Figures 2.2 and 2.3 we see that if TRAPPIST-

1b possesses a 10 bar high CO2 atmosphere, detecting that atmosphere by molecular features in the

spectrum will require fewer transits with NIRSpec Prism* than secondary eclipses with MIRI LRS.

This example demonstrates how we identify optimal observing modes for atmosphere detections,
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Figure 2.2 Signal-to-noise contours
on the simulated 10 bar high CO2

transmission spectrum, observed with
JWST/NIRSpec Prism with 6 groups
per integration, relative to a fea-
tureless spectrum as a function of
the number of transits observed and
wavelength of the instrument. The
bottom panel shows the noiseless
spectrum (black) and the best-fitting
featureless spectrum (orange), both
convolved to the instrument resolu-
tion. The right panel shows how the
total expected SNR from Equation 2.6
increases with more transits observed.

and enables a comprehensive study to determine the exposure times needed detect the presence of

an atmosphere as a function of observing mode and atmosphere type.

Unless otherwise stated, throughout the rest of the chapter we adopt the convention that an

atmosphere is detected if 〈SNR〉 ≥ 5 is achieved on absorption features in the spectrum. We report

our results for the detectability of atmospheres at this threshold, but encourage readers to scale our

results to their own desired detection thresholds.

Detecting Specific Molecules

To detect individual molecules in the spectrum, we apply the methods described in the previous

sections to spectra with and without the absorption features from a given molecular species. To

perform these tests we generate additional transmission and emission spectra by running our ra-

diative transfer model for a given atmosphere with each spectrally active molecule removed one

at a time. We then use the spectra that are missing contributions from individual molecules as

m2 in Equation 2.4 and 2.6 to calculate the 〈SNR〉 on the contribution from each molecule to the
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Figure 2.3 Signal-to-noise contours
on the simulated 10 bar high CO2

emission spectrum observed with
JWST/MIRI/LRS relative to a fea-
tureless spectrum as a function of
the number of occultations observed
and wavelength of the instrument.
The bottom panel shows the noise-
less spectrum (black) and the best-
fitting featureless spectrum (orange),
both convolved to the instrument res-
olution. The right panel shows how
the total expected SNR from Equation
2.6 increases with more eclipses ob-
served.

spectrum. In this case, rather than a “flat line” test, where we attempt to rule out a featureless

spectrum and thereby detect the presence of an atmosphere, here we attempt to rule out a spectrum

that does not have a particular gas—for instance H2O—and thereby detect the presence of H2O.

This procedure enables the identification of which JWST instruments and modes are sensitive to

detecting individual molecules in an observed spectrum and how much time must be spent on any

given target to reduce the noise enough to measure the spectral contributions from each molecule.

Figure 2.4 shows the detectability of O2 in the atmosphere of TRAPPIST-1b with NIRSpec

G140H if the planet possesses a desiccated 10 bar O2 atmosphere. The strong O2-O2 collisionally-

induced absorption (CIA) features at 1.06 and 1.27 µm lead to a 〈SNR〉 = 5 detection of O2 in 7

transits. Therefore, an oxygen dominated atmosphere for TRAPPIST-1b could be ruled out by not

detecting these features in 7 transits.

Unless otherwise stated, throughout the rest of the chapter we adopt the convention that molecules

in the atmosphere are weakly detected if 〈SNR〉 ≥ 3 is achieved on that molecule’s contribution
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to the spectrum, and we report our results for the characterization of atmospheres at this weak

detection threshold. Keep in mind that we use a weaker threshold 〈SNR〉 to report detecting indi-

vidual molecules than for simply detecting the atmosphere, but we encourage readers to scale our

molecular detection results to their own desired thresholds.

2.3 Results

Here we present the full results of our simulations on the detectability and characterization of the

TRAPPIST-1 exoplanet atmospheres using JWST. First, we assess the JWST observations needed

to detect the presence of an atmosphere for the TRAPPIST-1 planets (§2.3.1). We then address the

detectability of individual molecules within the TRAPPIST-1 planet spectra that may be used to

distinguish between different atmospheric states and evolutionary scenarios (§2.3.2).
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2.3.1 Detecting Atmospheres

We simulate the detectability of the TRAPPIST-1 planetary atmospheres with MIRI photometry

(§2.3.1), transmission spectroscopy (§2.3.1), and emission spectroscopy (§2.3.1).

JWST/MIRI Photometry

MIRI photometry may be advantageous for initial assessments prior to the potentially long time

commitment necessary to observe the spectrum of the Earth-sized TRAPPIST-1 planets with JWST.

We investigate both transit and eclipse photometry with the nine MIRI photometric filters spanning

wavelengths from about 5 to 27 µm (Bouchet et al., 2015). We first present results that may help

to constrain the presence of an atmosphere from secondary eclipse observations in a single MIRI

photometric band using brightness temperature arguments. We then present results for transit and

eclipse observations in multiple filters, using the tests described in §2.2.3, to assess the observa-

tional requirements for ruling out a featureless spectrum.

Single-Band Constraints We calculate brightness temperatures for each of our self-consistent

atmosphere models (Lincowski et al., 2018) to help plan and interpret photometric assessments

of the TRAPPIST-1 planets in secondary eclipse. Figure 2.5 shows brightness temperature as a

function of wavelength for TRAPPIST-1b for different assumed atmospheres. The wavelength-

dependent fluxes were also convolved with the nine MIRI filters to calculate the brightness tem-

perature of each atmosphere model, shown as color points in Fig. 2.5. The horizontal dashed line

shows the zero bond albedo equilibrium temperature of TRAPPIST-1b—a limit which a planet

without additional internal geothermal or atmospheric greenhouse heating would not be expected

to exceed. Figure 2.5 also provides the SNR on the depth of a single observed secondary eclipse,

averaged over the atmospheric models and displayed increasing from top to bottom on the right

y-axis.

A few of the possible TRAPPIST-1b atmospheres, in particular the Venus-like and outgassing

O2 atmospheres, have brightness temperatures that exceed the zero bond albedo equilibrium tem-
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Figure 2.5 Brightness temperatures for different TRAPPIST-1b atmospheric models across the
JWST/MIRI imaging wavelength range. The average brightness temperature integrated across
each MIRI filter are shown as color points. The zero bond albedo equilibrium temperature of
TRAPPIST-1b (black horizontal dashed line) is shown to compare against the model brightness
temperatures, which vary as a function of wavelength due to the interplay between atmospheric
temperature structure and gaseous opacities. The black lines from the top of the plot correspond
to the (atmospheric model averaged) SNR on a single secondary eclipse, shown increasing from
the top of the right y-axis to the bottom. These SNR indicators are shown capped with the effec-
tive width of each MIRI filter, and help to identify which filters may best offer secondary eclipse
detections.

perature in a handful of the MIRI photometric bands. Like Venus, the 10 and 92 bar CO2 atmo-

spheres have 6 µm windows that provide a glimpse into their hotter, greenhouse heated, lower

atmospheres. The F560W MIRI filter could potentially detect this emission. The 10 and 100 bar

O2 outgassing atmospheres also have strong emission windows near 11.5 µm, between the 9.6 µm

O3 band and the 15 µm CO2 band, which could be detected with the F1130W MIRI filter. The 10

and 92 bar CO2 atmospheres have sufficiently strong CO2 absorption to saturate the wings of the

15 µm band and cause a significantly lower brightness temperature at 10-12 µm compared to at-

mospheres not dominated by CO2. The 10 and 92 bar CO2 atmospheres also exceed the maximum
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equilibrium brightness temperature beyond about 22 µm, however the F2550W MIRI filter may

lack the SNR to provide constraining information.

Despite the few cases with potentially detectable high brightness temperatures, the overwhelm-

ing majority of atmospheric models viewed through MIRI filters have brightness temperatures that

are consistent with a plausible planetary bond albedos (between 0 and 1), including in the 12-18

µm wavelength range where outgoing thermal radiation is strongly absorbed by the broad 15 µm

CO2 band. In the atmospheres that we considered, no single photometric band stands out above the

rest as providing a definitive detection of an atmosphere via an emission window. However, using

secondary eclipse observations in multiple MIRI filters in and out of the strong 15 µm CO2 feature

may be used to detect the presence of an atmosphere. We discuss this point later in this section.

Although Figure 2.5 only shows brightness temperatures for TRAPPIST-1b, Table 2.3 in the

Chapter Appendix 2.6.3 lists the brightness temperature in each MIRI imaging filter for each

TRAPPIST-1 planet atmosphere considered here. Table 2.3 also contains calculations for the

Warm Spitzer photometric filters. We note, however, that the SNR on secondary eclipses de-

creases rapidly with planet equilibrium temperature, making precise eclipse photometry beyond

TRAPPIST-1c largely infeasible with JWST.

Multi-Band Constraints We now turn to constraints that may be placed on the existence of

an atmosphere using a combination of any of the nine MIRI photometric bands to observe either

transits or eclipses. For each type of atmosphere, we determine the number and set of MIRI filters

that can detect the atmosphere using transit and eclipse photometry in the minimum number of total

occultations, assuming an equal number of occultations are observed in each filter. In all cases, 2-3

MIRI filters is optimal for detecting deviations from a featureless spectrum and additional filters

are costly given their marginal increase in atmospheric detectability. The F1500W filter is always

optimal to include due to the presence of CO2 in these atmospheres. For transit photometry, the

F1500W filter is best combined with F560W for CO2-dominated atmospheres and F770W for O2-

dominated atmospheres, and typically just 2 filters is optimal. For eclipse photometry, the F1500W

filter is best combined with F560W, F770W, and/or F1130W, and typically 3 filters is optimal.



58

The left panel of Fig. 2.6 shows the total number of transits (blue lines) and eclipses (red lines)

needed to detect different atmospheric compositions for each of the seven known TRAPPIST-1

planets using the optimal 2 or 3 MIRI photometric filters. Plotting the number of occultations (tran-

sits or eclipses) as a function of the TRAPPIST-1 planets, ordered by semi-major axis, reveals a

general trend according to the observation method: emission photometry is comparable with trans-

mission photometry at detecting atmospheres for the innermost/hottest planets (e.g. TRAPPIST-1b

and c), but becomes increasingly less efficient as the planets decrease in equilibrium temperature;

whereas transmission photometry increases in observational time much more gradually with equi-

librium temperature. This strong scaling with temperature occurs because the planet emission, at

wavelengths contributing most to the detection of molecular features, is not in the Rayleigh-Jeans

limit. The left panel of Fig. 2.6 implies that determining whether or not the potentially habit-

able TRAPPIST-1 planets (e, f, and g) have atmospheres will be much more efficient with transit

photometry than eclipse photometry.

The high CO2 atmospheres may be surprisingly difficult to distinguish with eclipse photome-

try because the wings of the 15 µm CO2 band saturate and extend many microns on either side.

This strong absorption effectively mutes the planet’s emitted flux, creating a nearly featureless

spectrum. Consequently, MIRI eclipse photometry at 12.8 µm and 18 µm (F1280W and F1800W

filters, respectively) may not be sufficiently separated from 15 µm (F1500W) to avoid substantial

contamination from the wings of strong CO2 absorption (see the orange curve in Fig. 2.5), making

these filters ineffective for continuum measurement. Instead, the F1130W filter may be better at

probing deeper into the atmosphere.

JWST Transmission Spectroscopy

We now present results on the detectability of the TRAPPIST-1 planet atmospheres using transmis-

sion spectroscopy with JWST. We begin with a few specific examples of detectable TRAPPIST-1

atmospheres to demonstrate the size of molecular absorption features relative to the expected JWST

noise, and then present our full ensemble of results for each TRAPPIST-1 planet, atmosphere, and

JWST instrument.
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Figure 2.6 Number of transits (blue) or eclipses (red) needed to detect an atmosphere for all seven
known TRAPPIST-1 planets with MIRI photometry (left) and JWST spectroscopy (right). Line and
marker styles designate the type of atmosphere assumed. MIRI imaging assumes that the number
of occultations are split evenly between the 2-3 photometric filters that are optimal to detect each
atmosphere (see §2.3.1). Transmission spectroscopy is shown using NIRSpec Prism* (see §2.3.1)
and emission spectroscopy is shown using MIRI LRS (see §2.3.1). Detecting the atmospheres of
the TRAPPIST-1 planets is optimal using transmission spectroscopy with NIRSpec Prism across a
range of terrestrial atmospheric compositions.

Specific Examples of Atmospheric Detection Figure 2.7 shows an example detection of ab-

sorption features in the transmission spectrum of TRAPPIST-1 b assuming it possesses a clear 10

bar CO2 atmosphere. The transmission spectrum is shown with synthetic data simulated for two

transits observed with NIRSpec Prism*, which we find to be sufficient to rule out a featureless

spectrum with 〈SNR〉 = 5 (our fiducial detection limit). The synthetic data are shown binned to a

resolution of R = 8, however the featureless spectrum was ruled out at the native resolution of the

NIRSpec Prism (R ≈ 100). CO2 absorption features at 1.6, 2.0, 2.8, 4.3 µm drive the detectability

of this atmosphere and are apparent in the synthetic data.

Figure 2.8 demonstrates possible transmission spectra of TRAPPIST-1 c for two different

aerosol conditions. Both cases are CO2-dominated spectral models from Lincowski et al. (2018)
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Figure 2.7 Model transmission spectrum of TRAPPIST-1b with a 10 bar CO2 atmosphere. Syn-
thetic data are simulated for two transits observed with NIRSpec Prism* and binned to a resolution
of R = 8.

with simulated noise for observations with NIRSpec Prism*. The number of transits observed for

each model is calculated such that the atmosphere is strongly detected with 〈SNR〉 = 10. The

blue model shows a clear sky spectrum with large CO2 absorption features and data uncertainties

calculated for 16 observed transits. The red model includes H2SO4 clouds at altitudes consistent

with H2SO4 condensation, with data uncertainties calculated for 72 observed transits.

The aerosol-free atmosphere has strong CO2 features that can be detected in considerably fewer

transits than the case with Venus-like H2SO4 aerosols. The self-consistent clouds are located high

enough in the atmosphere that over 70 transits are required to detect the CO2 absorption features

with the same confidence as the clear sky case. If TRAPPIST-1 c possess Venus-like aerosols, then

about 5× more transits must be observed to achieve comparable constraints on the presence and

composition of TRAPPIST-1 c’s atmosphere, than our estimates for the clear-sky case.

We find a factor of ∼4 variation in the number of transits needed to detect the atmosphere of

TRAPPIST-1e depending on the type of terrestrial atmosphere it possesses. Figure 2.9 explores the

detectability of molecular features in the transmission spectrum of TRAPPIST-1 e. Like Fig. 2.8,
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Figure 2.8 Simulated JWST/NIRSpec Prism transmission spectra of TRAPPIST-1c for different
CO2-dominated atmospheric states. The blue model shows a clear sky spectrum with large CO2

absorption features and the red model includes a self-consistent H2SO4 cloud. The number of
coadded transits simulated for each NIRSpec observation are set so that the atmosphere is strongly
detected (〈SNR〉 = 10). That is, to obtain approximately equal constraints on the presence and
composition of TRAPPIST-1c’s atmosphere will require 16 transits for the clear sky CO2 case and
72 transits for the cloudy case.

Fig. 2.9 shows possible TRAPPIST-1 e model spectra with simulated NIRSpec Prism* observa-

tions assuming the number of transits needed to strongly detect features in each atmosphere with

〈SNR〉 ≈ 10. Spectra for water-covered environments with and without a water cloud are shown

in teal and blue, respectively, and CO2-dominated atmospheres, with and without H2SO4 aerosols

are shown in orange and red, respectively. To detect features in each spectrum with 〈SNR〉 ≈ 10

(〈SNR〉 ≈ 5), and thereby obtain approximately equal constraints on the presence of TRAPPIST-

1e’s atmosphere, will require∼30 (∼7) transits for a clear sky CO2 atmosphere,∼50 (∼13) transits

for a clear sky aqua planet atmosphere, ∼90 (∼22) transits for a cloudy aqua planet atmosphere,

and ∼120 (∼30) transits for a CO2-dominated atmosphere with H2SO4 clouds.
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Figure 2.9 Simulated JWST/NIRSpec Prism* transmission spectra of TRAPPIST-1e for different
possible atmospheric compositions. The teal and blue models show spectra for water-dominated
atmospheres, with and without a water cloud, respectively. The orange and red spectra are for CO2-
dominated atmospheres, with and without H2SO4 aerosols, respectively. The number of coadded
transits simulated for each NIRSpec observation are set so that the atmosphere is strongly detected
(〈SNR〉 = 10). That is, to obtain approximately equal constraints on the presence of TRAPPIST-
1e’s atmosphere will require ∼30 transits for a clear sky CO2 atmosphere, ∼50 transits for a clear
sky H2O atmosphere, ∼90 transits for a cloudy H2O atmosphere, and ∼120 transits for a CO2-
dominated Venus-like atmosphere.

Optimal JWST Observing Modes for Atmospheric Detection Thus far we have only discussed

specific cases for the detectability of the TRAPPIST-1 planet atmospheres with JWST transmission

spectroscopy; we now report results from our comprehensive study to determine the exposure times

needed detect the presence of atmospheres as a function of JWST observing mode and atmosphere

type, for each TRAPPIST-1 planet. The number of transits necessary to detect spectral features

in the transmission spectrum with 〈SNR〉 = 5 for TRAPPIST-1 b, c, d, e, f, g, and h are shown

in Chapter Appendix 2.6.2 in Figures 2.13, 2.14, 2.15, 2.16, 2.17, 2.18, and 2.19, respectively, as

a function of both atmospheric compositions and JWST instrument/mode. Color is used in these
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figures to guide the eye to small (more blue) and large (more white) values for the number of

transits.

These results suggest that under most circumstances the JWST/NIRSpec Prism is the optimal

instrument for detecting the presence of an atmosphere using transmission spectroscopy of the

TRAPPIST-1 planets. If a partial saturation strategy is used with the NIRSpec Prism (Batalha

et al., 2018), then it will be more capable of detecting atmospheric features than any other JWST

instrument or mode. However, if it turns out that the systematics introduced via partial saturation

are not beneficial, the SUB512S subarray will offer improved performance over the SUB512 sub-
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array due to its shorter readout time. Although we note that SUB512 should be considered the

subarray of choice because SUB512s has limited access to important background pixels and it may

be difficult to keep the curved trace inside only 16 pixels in the cross-dispersion direction. The

NIRSpec G395M/H disperser offers comparable results with the standard (no partial saturation)

NIRSpec Prism.

Most of the atmospheres that we consider may require fewer than 12 transits to detect for all

of the TRAPPIST-1 planets using the optimized NIRSpec Prism mode. Figure 2.10 displays the

number of transits to detect the TRAPPIST-1 planet atmospheres using only the NIRSpec Prism*

instrument for each TRAPPIST-1 planet and for each atmosphere considered in this work.

Our results show that the outer TRAPPIST-1 planets require only 2-7 more transits than TRAPPIST-

1 b to detect clear-sky atmospheres. The right panel of Fig. 2.6 summarizes the best-case-scenario

results for detecting the atmospheres of the TRAPPIST-1 planets with JWST transit spectroscopy

(blue lines). The number of transits required to detect the atmosphere at 〈SNR〉 = 5 for each of

the atmospheric models is shown for observations with NIRSpec Prism*. Like our transit pho-

tometry results, the number of transits only weakly increases with semi-major axis. However,

significantly fewer transits are required for transmission spectroscopy atmosphere detections with

NIRSpec Prism* than with MIRI filter photometry. The emission spectroscopy results in Fig. 2.6

(red lines) are discussed in §2.3.1.

The atmospheric composition of the planets has a relatively minimal effect on the number

of transits needed to rule out a featureless spectrum, with Venus-like clouds being a significant

exception. All atmospheric cases considered for TRAPPIST-1 c could be detected in 3-4 transits

with NIRSpec Prism*, except for the 10 and 92 bar Venus atmospheres (with H2SO4 aerosols),

which would require 4.5× and 5.5× the number of transits to detect, respectively, compared to the

10 and 92 bar clear-sky CO2 counterparts. In general, more transits tend to be required to detect

the atmospheres of the cooler worlds, except for TRAPPIST-1 d, which is more comparable to

TRAPPIST-1 b in the detectability of its atmosphere. While the atmosphere of TRAPPIST-1 d may

be relatively easy to detect if it is without clouds, with clouds the 10 and 92 bar CO2 atmospheres

require 7.5× and 12× the number of transits to detect, respectively, the largest increase due to
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clouds seen in the sample. Beyond TRAPPIST-1 e the effect of Venus-like clouds has a diminished

impact on the atmospheric detectability, with fewer than 2× the number of transits required to

detect the atmospheres for TRAPPIST-1 f, g, and h if they have clouds.

Note that the numerical values in Figure 2.10 and Figures 2.13 - 2.19 can easily be scaled to

higher or lower 〈SNR〉 thresholds that more or less confidently rule out a featureless spectrum.

Since the SNR on an observation (and 〈SNR〉) scales with the square-root of the exposure time,

and the number of occultations is a proxy for exposure time, we can obtain a new value for the

number of occultations:

N ′occ = Nocc

(〈SNR〉′
〈SNR〉

)2

(2.10)

where Nocc is the number of occultations necessary to distinguish features in the spectrum with

〈SNR〉 (5 in Figures 2.10, 2.13 - 2.19) and 〈SNR〉′ is the new signal-to-noise threshold.

The increased transit duration with semi-major axis make our results for the outer TRAPPIST-1

planets appear more optimistic relative to our results for the inner planets. Note that for JWST plan-

ning, our reported number of transits/eclipses leads to different telescope time for each TRAPPIST-

1 planet since each has a different transit duration. For each observed transit (eclipse) we assumed

one transit duration worth of out-of-transit (out-of-eclipse) observing time. Considering the fol-

lowing median transit durations for the TRAPPIST-1 planets from Grimm et al. (2018): 36.40 mins

for b, 42.37 mins for c, 49.13 mins for d, 57.21 mins for e, 62.60 mins for f, 68.40 mins for g, and

76.7 mins for h, one can calculate expected on-target time per transit/eclipse (before overheads) by

multiplying the transit duration by two plus any overheads.

JWST is not always able to point at TRAPPIST-1 due to the star’s proximity to the ecliptic

plane. As a result, the star will only be observable to JWST for ∼100 days per year4. Over the

course of JWST’s nominal 5 year mission the maximum number of observable transits/eclipses is

approximately: 331 for b, 206 for c, 123 for d, 81 for e, 54 for f, 40 for g, and 26 for h. Of course,

an extended mission lifetime would allow considerably more observations of the TRAPPIST-1

system.

4https://jwst-docs.stsci.edu/display/JTI/JWST+Target+Viewing+Constraints

https://jwst-docs.stsci.edu/display/JTI/JWST+Target+Viewing+Constraints
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JWST Emission Spectroscopy

Unlike transmission spectroscopy, which can make use of many JWST instruments that span a

broad wavelength range (e.g. NIRCam, NIRSpec, NIRISS, and MIRI LRS), secondary eclipse

spectroscopy of the TRAPPIST-1 planets will only be viable at the longer wavelengths accessible

to JWST. This is primarily driven by the increase in eclipse depths with wavelength as the planet-

star contrast ratio becomes more favorable.

We find that only MIRI LRS observations of TRAPPIST-1 b and c may potentially rule out a

featureless emission spectrum with 〈SNR〉 = 5 in fewer than 100 observed secondary eclipses.

Using an analogous approach to that shown in Figures 2.13 - 2.19, MIRI LRS observations of

TRAPPIST-1 b may rule out a featureless emission spectrum in 27-47 secondary eclipses if the

planet possess a (10 or 92 bar) clear-sky CO2 atmosphere or a (10 or 100 bar) outgassing O2

atmosphere, with the 10 bar outgassing O2 atmosphere the most readily detectable. Over 100 sec-

ondary eclipses are required if the planet possesses a desiccated O2 atmosphere (10 or 100 bars), as

these emission spectra appear remarkably featureless between 5-9 µm. For TRAPPIST-1 c we find

that MIRI LRS observations could rule out a featureless emission spectrum in 85-100 secondary

eclipses if the planet possesses a (10 or 92) bar clear CO2 atmosphere or a 10 bar O2 atmosphere

with outgassing. Over 100 secondary eclipses are required for all other atmospheric composi-

tions considered for TRAPPIST-1 c, including the CO2 atmospheres with H2SO4 clouds, which

have emission spectra similar to the clear CO2 atmospheres, but with reduced temperature con-

trasts in the absorbing and emitting spectral regions that effectively mute the features and drive the

spectrum towards a featureless blackbody. All of the exterior TRAPPIST-1 planets have emission

spectra that will appear indistinguishable from cool blackbodies due to insufficient SNR.

The right panel of Fig. 2.6 summarizes the best-case-scenario results for detecting the at-

mospheres of the TRAPPIST-1 planets with JWST emission spectroscopy (red lines) to compare

against our filter photometry and transmission spectroscopy results. The number of eclipses re-

quired to detect the atmosphere at 〈SNR〉 = 5 for each of the atmospheric models is shown for

observations with MIRI LRS. Compared with transmission spectroscopy, emission spectroscopy
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Figure 2.11 Estimated detectability of pure quartz surface emissivity features in the secondary
eclipse spectrum of TRAPPIST-1b with JWST’s MIRI LRS instrument. The top panel shows the
MIR effective emissivity of a quartz surface for three different assumed values for the number of
surface reflections (see Equation 2.9): 0 (blue), 5 (orange), and 10 (green). The bottom panel
shows theoretical secondary eclipse spectra for TRAPPIST-1b assuming the effective emissivities
from the top panel. The inset axis shows the number of secondary eclipses that would be required
to observe with MIRI LRS to detect features in the emission spectrum with a 〈SNR〉 = 2.0, for
each of the three assumed effective emissivities. Only an extremely polished pure quartz surface
could possibly be detected with JWST.

is an inefficient method for detecting the TRAPPIST-1 planetary atmospheres, particularly for the

cooler planets.

If TRAPPIST-1b does not possess an atmosphere, emissivity features from minerals on the

surface of the planet are not likely to be detectable in secondary eclipse thermal emission spectra.

Figure 2.11 shows the estimated thermal emission spectrum of TRAPPIST-1b if it is airless and

possesses a pure quartz surface. Three different effective emissivities are shown in the top panel,

corresponding to 0 (blue), 5 (orange), and 10 (green) surface reflections (see Equation 2.9). The

bottom panel shows the MIR secondary eclipse spectrum for each surface emissivity, assuming
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the surface is at the (highly optimistic) zero bond albedo equilibrium temperature for TRAPPIST-

1b (392 K). The inset axis shows the number of secondary eclipses that MIRI LRS would have

to observe to detect features in each emission spectrum at a weak 〈SNR〉 = 2.0. Increasing the

number of surface reflections results in surface emissivity features that are not detectable.

2.3.2 Distinguishing Specific Molecules

We now present the sensitivity of each JWST instrument to each gas in the Lincowski et al. (2018)

TRAPPIST-1 model transmission spectra. Table 2.2 lists the molecules for which JWST could

weakly detect (〈SNR〉 = 3.0) that molecule’s contribution to the spectrum in 100 or fewer transits.

For each molecule, the number of transits is listed in parentheses next to each molecular formula

along with a footnote identifying which JWST instrument is used for that observation. While in

some cases multiple instruments may be sensitive to the same molecule, we list only the instrument

that can detect each gas in the minimum number of transits.

The presence of CO2 dominates the detectability of all the atmospheres simulated in Lincowski

et al. (2018) with JWST. Even a relatively small amount of CO2 (e.g. ∼290 ppm for the 1 bar H2O

TRAPPIST-1 e) can saturate the strong 2.7, 4.3, 15 µm CO2 absorption features and lead to the

detection of both the atmosphere and CO2. As a result, the number of transits necessary to detect

spectral features in a transmission spectrum, given in Section 2.3.1, are close to the number of

transits necessary to detect CO2. In some cases, the number of transits to detect CO2 is fewer

than that needed to simply detect the atmosphere. This is because the spectral model without

CO2 deviates more significantly from the true spectrum than the best-fitting featureless spectrum.

In these cases it is important to defer to the number of transits required to rule out a featureless

spectrum, because it provides a more realistic fit to the spectrum.

The inner TRAPPIST-1 planets may have several detectable molecules that can be used to

distinguish between different evolutionary scenarios. H2O and SO2 may be marginally detectable

with MIRI LRS transmission spectra of the inner TRAPPIST-1 planets—b, c, and d— if they

possess clear sky CO2 atmospheres. However, if these planets possess H2SO4 clouds then the H2O

and SO2 may be undetectable. Alternatively, if TRAPPIST-1 b, c, and d have oxygen-dominated
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Table 2.2. Detectable molecules with transmission spectroscopy for different plausible
TRAPPIST-1 planet atmospheres

Planet Model Molecules
(Number of transits to 〈SNR〉 = 3.0)

T-1b 10 bar CO2 CO2(1k), CO(47k), H2O(44f), SO2(40f)
92 bar CO2 CO2(1k), CO(47k), H2O(41f), SO2(38f)
100 bar O2 outgassing CO2(1k), H2O(2k), O3(11e), O2(3c)
10 bar O2 outgassing CO2(1k), H2O(1k), O2(4c)
100 bar O2 desiccated CO2(1k), O2(3c)
10 bar O2 desiccated CO(13d), CO2(1k), O3(81f), O2(3c)

T-1c 10 bar CO2 CO2(1k), H2O(45f), SO2(51f)
92 bar CO2 CO2(1k), H2O(43f), SO2(52f)
100 bar O2 outgassing CO2(3k), H2O(4k), O3(5e), O2(7c)
10 bar O2 outgassing CO2(2k), H2O(2k), O3(86f), O2(5c)
100 bar O2 desiccated CO2(2k), O3(71f), O2(7c)
10 bar O2 desiccated CO(61k), CO2(1k), O3(64f), O2(6c)
10 bar Venus CO2(3k)
92 bar Venus CO2(6k)

T-1d 10 bar CO2 CO2(1k), CO(48k), H2O(18f), SO2(27f)
92 bar CO2 CO2(1k), CO(47k), H2O(17f), SO2(27f)
100 bar O2 outgassing CO2(2k), H2O(2k), O3(2e), O2(3c)
10 bar O2 outgassing CO2(1k), H2O(2k), O3(32f), O2(3c)
100 bar O2 desiccated CO2(1k), O3(26f), O2(3c)
10 bar O2 desiccated CO(49k), CO2(1k), O3(30f), O2(3c)
10 bar Venus CO2(6k)
92 bar Venus CO2(7k)

T-1e 10 bar CO2 CO2(2k), SO2(86f)
92 bar CO2 CO2(2k), SO2(88f)
100 bar O2 outgassing CO2(9k), H2O(64k), O3(4k), O2(22c)
10 bar O2 outgassing CO2(4k), H2O(78k), O3(72e), O2(24c)
100 bar O2 desiccated CO2(4k), O3(61e), O2(18c)
10 bar O2 desiccated CO2(3k), O3(40e), O2(19c)
10 bar Venus CO2(9k)
92 bar Venus CO2(9k)
1 bar H2O CO2(9k), H2O(15k), N2(68e)
1 bar H2O cloudy CO2(13k)

T-1f 10 bar CO2 CO2(2k), SO2(76f)
92 bar CO2 CO2(2k), SO2(79f)
100 bar O2 outgassing CO2(7k), O3(2k), O2(23c)
10 bar O2 outgassing CO2(4k), O3(39e), O2(30c)
100 bar O2 desiccated CO2(4k), O3(10e), O2(20c)
10 bar O2 desiccated CO2(3k), O3(7e), O2(20c)
10 bar Venus CO2(3k)
92 bar Venus CO2(3k)

T-1g 10 bar CO2 CO2(2k), SO2(82f)
92 bar CO2 CO2(2k), SO2(89f)
100 bar O2 outgassing CO2(9k), O3(2k), O2(36c)
10 bar O2 outgassing CO2(4k), O3(29e), O2(43c)
100 bar O2 desiccated CO2(5k), O3(6e), O2(28c)
10 bar O2 desiccated CO2(3k), O3(5k), O2(28c)
10 bar Venus CO2(3k)
92 bar Venus CO2(3k)

T-1h 10 bar CO2 CO2(2k), SO2(85f)
92 bar CO2 CO2(2k), SO2(86f)
100 bar O2 outgassing CO2(9k), O3(1k), O2(32c)
10 bar O2 outgassing CO2(4k), SO2(54f), O3(23e), O2(31c)
100 bar O2 desiccated CO2(4k), O3(3k), O2(22c)
10 bar O2 desiccated CO2(3k), O3(4k), O2(22c)
10 bar Venus CO2(2k)
92 bar Venus CO2(2k)

cNIRSpec G140H

dNIRSpec G235H
eNIRSpec G395H

fMIRI LRS
kNIRSpec Prism sub512 ngroup6
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atmospheres then O2 should be distinguishable via O2-O2 (O4) CIA features at 1.06 and 1.27 µm,

which are slightly more detectable with NIRSpec G140M/H than the NIRSpec Prism*. An oxygen-

dominated planet with outgassing may be distinguished from a completely desiccated world by

detecting H2O, which is only readily detectable in our models of O2 planets with outgassing.

TRAPPIST-1 e offers an opportunity to characterize a planet in the habitable zone with JWST.

Like the inner TRAPPIST-1 planets, O2 may be detectable in the spectrum of an oxygen-dominated

atmosphere via the O2-O2 CIA features. However, modern Earth levels of O2 and O3, and Earth

geologic levels of CH4 in a 1 bar N2-dominated atmosphere are not likely to be detectable. If

TRAPPIST-1 e possesses such a habitable environment without clouds, tropospheric H2O may

be detectable using the NIRSpec Prism*. However, with full cloud coverage the detectability of

H2O strongly diminishes and becomes unobservable. The broad 4.3 µm N2-N2 CIA feature may be

marginally detectable in a 1 bar habitable N2-dominated atmosphere with NIRSpec G395M/H. The

9.6 µm O3 feature would require just over 100 transits with MIRI LRS to detect at 〈SNR〉 = 3.0 in

the clear sky 1 bar N2-dominated atmosphere; approximately twice the number of transits would

be required if the planet possesses 100% water cloud coverage.

For the outer planets—TRAPPIST-1 f, g, and h—modest atmospheric characterization with

transmission spectroscopy may be possible. In particular, oxygen-dominated atmospheres may

be distinguished not only by their prominent O2-O2 CIA features, but also by their O3 features,

which become more detectable with the NIRSpec Prism* than the O2-O2 features for the coolest

TRAPPIST-1 planets.

The observational difficulty with which individual molecules may be detected in a transmission

spectrum—bulk atmospheric constituents or trace gases—varies substantially as a function of at-

mospheric composition. Consequently, the gases that are both relatively easy to detect and unique

to a specific atmosphere make optimal testable hypotheses for that atmospheric composition. Fig-

ure 2.12 demonstrates a potential approach for distinguishing between three different atmospheric

states for TRAPPIST-1 b using JWST transmission spectroscopy. The models are shown with cal-

culated error bars that correspond to the amount of JWST observing time that would be required

to detect specific molecules in the given spectrum.
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In the top panel of Fig. 2.12, the spectrum of a 10 bar desiccated oxygen atmosphere dis-

plays prominent O4 features that may be detected with 〈SNR〉 ∼ 5 in 12 transits with NIRSpec

G140H. This is a strong discriminant between an O2-dominated atmosphere and a CO2-dominated

atmosphere, both of which have strong and detectable CO2 features.

The spectrum of a 10 bar oxygen atmosphere with outgassing is shown in the middle panel

of Fig. 2.12. This spectrum has similarly detectable O4 features to the desiccated atmosphere,

but also substantial H2O features (due to Earth levels of geological fluxes) that may be detected

with 〈SNR〉 ∼ 5 in just 3 transits with NIRSpec Prism*. Such strong water absorption in an

oxygen-dominated atmosphere would indicate incomplete desiccation.

The spectrum of a 10 bar CO2 atmosphere is shown in the bottom panel of Fig. 2.12. This

spectrum contrasts with the outgassing oxygen atmosphere in the detectability of H2O. Water

in a Venus-like atmosphere is scarce, particularly in the upper atmosphere, which would require

∼125 transits with either NIRSpec Prism* or MIRI LRS to detect with 〈SNR〉 ∼ 5. The added

benefit of making this costly observation with MIRI LRS is that SO2 could also be detected with

〈SNR〉 ∼ 5 from the 7.3 and 8.7 µm features. Nonetheless, detecting any gases other than CO2 in

a CO2-dominated atmosphere will be very difficult.

2.4 Discussion

Our results indicate that JWST observations may be able to place strong constraints on the presence

of high mean molecular weight terrestrial atmospheres for all of the TRAPPIST-1 planets and,

in some cases, detect individual touchstone molecules that may be used to distinguish between

different evolutionary histories that the planets may have undergone.

2.4.1 Do the TRAPPIST-1 planets have atmospheres?

For detecting the presence of atmospheres on the TRAPPIST-1 planets, we find that NIRSpec

Prism observations are optimal. Transmission spectroscopy with the NIRSpec Prism could lead to

a 〈SNR〉 = 5 detection of atmospheric spectral features in as few as 2-11 transits for TRAPPIST-1
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Figure 2.12 Theoretical transmission spectra of TRAPPIST-1 b assuming three different atmo-
spheric compositions with modeled noise for JWST observations. Top: Transmission spectrum of
a 10 bar desiccated O2 atmosphere shown with error bars calculated for 12 transits with NIRSpec
G140H—sufficient for 〈SNR〉 ∼ 5 on the O4 features. Middle: Transmission spectrum of a 10 bar
outgassing O2 atmosphere shown with error bars calculated for 3 transits with NIRSpec Prism*—
sufficient for 〈SNR〉 ∼ 5 on the H2O features. Bottom: Transmission spectrum of a 10 bar CO2

atmosphere shown with error bars calculated for 125 transits with NIRSpec Prism*—sufficient for
〈SNR〉 ∼ 5 on the NIR H2O features—and 125 transits with MIRI LRS—sufficient for 〈SNR〉 ∼ 5
on both the 6 µm H2O feature and the 7.3 and 8.7 µm SO2 features.
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b out to TRAPPIST-1 h if the planets lack high altitude aerosols. However, if the TRAPPIST-1

planets possess Venus-like H2SO4 aerosols, reaching the same constraints on the presence of at-

mospheres may require up to 12 times more transits. CO2 possesses numerous strong absorption

bands from the near- through the mid-IR, such as the 2.0, 2.7, 4.2, and 15 µm bands, which sig-

nificantly contribute to the ability for JWST to detect the terrestrial atmospheres considered in this

work.

Our self-consistent Venus-like H2SO4 aerosol modeling reveals trends in the detectability of

such atmospheres with semi-major axis. Lincowski et al. (2018) found that TRAPPIST-1 b was

too hot for Venus-like aerosols to form in the atmosphere, but that H2SO4 aerosols could form in

all six exterior planets. These aerosols form at high altitudes in the atmospheres of TRAPPIST-

1 c, d, and e and lead to muted CO2 features that will require about 4-12 times more transits

to be detected with JWST. However, TRAPPIST-1 f, g, and h are cool enough for the H2SO4

aerosols to form at lower altitudes (Lincowski et al., 2018), and therefore contribute less to their

observable transmission spectra such that their atmospheres may be detected in fewer than 2 times

the number of transits compared to the clear sky CO2 cases for the same planets. Cloudy Venus-like

atmospheres for TRAPPIST-1 f, g, and h require fewer transits to detect than cloudy Venus-like

atmospheres for TRAPPIST-1 c, d, and e.

Secondary eclipse spectroscopy may require a significantly greater JWST time commitment

than transmission spectroscopy to achieve comparable constraints on the detection of the TRAPPIST-

1 planet atmospheres. Because of its access to longer wavelengths, MIRI LRS is the only JWST

instrument capable of observing eclipse spectra of the TRAPPIST-1 planets with high enough SNR

to detect absorption features in the spectra that we considered. However, our estimates for the

JWST observing time required to detect emission spectrum features with MIRI LRS dwarfed the

time required for spectral features to be detected in transmission spectra with NIRSpec, NIRISS,

and NIRCam (see Figs. 2.6, 2.13-2.19). Furthermore, the disparity between transmission and

emission spectroscopy only broadens with semi-major access, making precise MIRI LRS emission

spectroscopy beyond TRAPPIST-1c infeasible with JWST. Our self-consistent planet models re-

veal that atmospheres with high altitude aerosols—that may appear featureless in a transmission
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spectrum—may also appear featureless in an emission spectrum as thermal flux is emitted and/or

scattered from near the top of the cloud deck.

Initial photometric assessments of the TRAPPIST-1 system with MIRI filter photometry are

unlikely to provide more efficient preliminary results than transmission spectroscopy in the NIR

with NIRSpec, NIRISS, or NIRCam. Our MIRI transit and eclipse photometry modeling showed

that detecting the presence of atmospheres would require approximately an order of magnitude

more JWST time than NIRSpec Prism transmission spectroscopy. This is due to (1) the higher

SNR on transits afforded to NIRSpec near the peak of the stellar SED in the 1-3 µm range, (2)

the usefulness of spectral resolution for atmospheric detections via deviations from a featureless

spectrum, and (3) the need to observe transits in each MIRI filter separately to gain any meaningful

wavelength resolution.

However, targeted MIRI photometric observations may still provide useful atmospheric con-

straints. Detecting the presence of atmospheric greenhouse heating may be done by inferring

brightness temperatures that exceed the zero bond albedo equilibrium temperature. However, this

will depend on the accuracy of MIRI’s absolute flux measurements. Specific wavelength bands

where the observed atmosphere is optically thin, and therefore emits from hotter depths, provide

the key observable. However, these observations may only be feasible for TRAPPIST-1 b and c

due to their higher expected thermal emission. The 11.3 µm MIRI filter (F1130W) may be optimal

for such measurements because it is sufficiently separated from the strongly absorbing 15 µm CO2

band. The 5.6 µm MIRI filter (F560W) may also be optimal for detecting high thermal emission

from TRAPPIST-1 b and c, if saturation on the star can be avoided in this bandpass. Transit and/or

eclipse photometry targeting the 15 µm CO2 band with the F1500W MIRI filter, and neighboring

filters, could be used to detect the atmosphere, but our work shows that targeting the strong 4.2

µm CO2 feature with NIRSpec Prism transmission spectroscopy will be a much more efficient

approach for detecting CO2 in an atmosphere.

Detecting wavelength-dependent surface emissivity features in the emission spectrum of a

planet without an atmosphere will be highly unlikely with JWST. Even for the optimistic case—

TRAPPIST-1 b with a pure and smooth quartz surface—we find it would require ∼90 secondary
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eclipses with MIRI LRS to detect the mid-IR silicate absorption (see Fig. 2.11). Consequently,

detecting surface features on an airless world would be extremely challenging. This validates our

assumption that an airless planet will likely appear featureless in emission, and that detecting spec-

tral features due to surface emissivity variations is an inefficient means to confirm that a planet is

airless. Furthermore, this strengthens the case for transmission spectroscopy, which can detect the

high mean molecular weight atmosphere of a Venus-like planet enshrouded in H2SO4 clouds in just

∼20-30 transits (for TRAPPIST-1 c, d, and e). However, actually confirming that a TRAPPIST-1

planet does not possess an atmosphere—even if featureless spectra lend favor to that hypothesis—

will be a very difficult task, that may require thermal phase curve (Selsis et al., 2011; Maurin et al.,

2012; Kreidberg and Loeb, 2016; Meadows et al., 2018a) or planet-planet occultation observations

(Luger et al., 2017c) to probe the day-night temperature contrast.

Comparison with Previous Works Our results are in agreement with previous investigations

on optimal ways to detect terrestrial exoplanet atmospheres of different compositions. Although

emission spectroscopy has been suggested as a means of detecting terrestrial atmospheres (e.g.

Belu et al., 2011), we agree with previous works that transmission spectroscopy is more viable

(e.g. Hedelt et al., 2013; Barstow et al., 2016; Barstow and Irwin, 2016; Greene et al., 2016),

particularly for temperate and cool planets which emit considerably less thermal flux. We agree

with Bétrémieux and Swain (2018) that the JWST integration times needed to detect molecules

strongly depend on the composition of the atmosphere—particularly the presence of high altitude

aerosols.

Although we considered more atmospheric compositions, our predicted exposure times for the

detection of planetary atmospheres agree for the subset of similar atmospheres modeled by Morley

et al. (2017), with many of the discrepancies attributable to differences in the assumed planetary

masses used in the transmission spectrum models. Our work and that of Morley et al. (2017) has

a common focus of distinguishing clear sky Venus-like atmospheres from a featureless spectrum

with the NIRSpec/G235 instrument, which offers a basis for comparison. The detectability of these

atmospheres is dominated by CO2 features, which are largely unaffected by photochemistry, which
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was not included in Morley et al. (2017). We find that a 10 bar CO2 atmosphere would require 5, 8,

4, 17, 15, 16, and 15 transits to distinguish TRAPPIST-1 b, c, d, e, f, g, and h, respectively, from a

featureless spectrum, and Morley et al. (2017) find that a 1 bar aerosol-free Venus-like atmosphere

would require 6, 36, 13, 4, 17, 10, and 4 transits.

The cases of largest disagreement (e.g. c, e, h) appear consistent with the different masses

used in each study. Planet mass affects the atmospheric scale height (via the surface gravity) and

therefore the size and detectability of molecular features in a transmission spectrum. Morley et al.

(2017) used masses from Wang et al. (2017b), with the exception of TRAPPIST-1 f, for which

the mass from Gillon et al. (2017b) was used. In this chapter, and in Lincowski et al. (2018),

we use the TRAPPIST-1 planet masses from Grimm et al. (2018). For the case of TRAPPIST-1

c where we use a significantly smaller planet mass than Morley et al. (2017) we find that fewer

transits are required to detect spectral features in transit. For the cases of TRAPPIST-1 e and h

where we use a significantly larger planet mass than Morley et al. (2017) we find that more transits

are required to detect spectral features. This scaling with mass is consistent with the findings of

Morley et al. (2017) when they repeated calculations with masses derived from the Weiss and

Marcy (2014) mass-radius relationship, and further underscores the need for accurate masses for

spectral modeling and fitting.

Our focus on thicker atmospheres (1-100 bar) than Morley et al. (2017) (0.01-1 bar) both ex-

plains discrepancies between the studies and further demonstrates that such thick and aerosol-free

atmospheres may be more easily detected than thinner atmospheres. Our results for TRAPPIST-

1 d, where our masses agree best, show 9 fewer transits required to detect spectral features than

Morley et al. (2017), which is consistent with different planet surface pressures used in each study.

Morley et al. (2017) demonstrated a trend of increasing atmospheric detectability with increasing

surface pressure in simulations of 0.01, 0.1, and 1 bar CO2 atmospheres. Our results continue

this nearly linear trend in log-pressure out to 10 bars. However, our 92 bar CO2 atmospheres are

consistent with the detectability of our 10 bar atmospheres, indicating that this trend in pressure

saturates for thick atmospheres as the planet surface drops below the atmospheric regions that are

sensed with transmission spectroscopy.
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The Krissansen-Totton et al. (2018a) work on the detectability of biogenic gases in an anoxic

atmosphere for TRAPPIST-1 e with JWST suggests that relatively few transits are required to

constrain atmospheric abundances. Krissansen-Totton et al. (2018a) showed that a retrieval using

∼10 transits of TRAPPIST-1 e with the NIRSpec Prism was sufficient to begin to constrain the

abundances of CO, CO2, and CH4. Consequently, the 13 transits of TRAPPIST-1 e that we show

may be required to detect a clear 1 bar H2O atmosphere to a 〈SNR〉 = 5, may also provide

spectra that are sufficient to begin to constrain molecular abundances in an atmospheric retrieval

framework.

HST transmission spectroscopy of hot gaseous exoplanets has demonstrated how the presence

of clouds and hazes can diminish sensitivity to molecular absorption features (e.g. Berta et al.,

2012; Ehrenreich et al., 2014; Knutson et al., 2014; Kreidberg et al., 2014; Nikolov et al., 2015;

Sing et al., 2016), but we know a priori that planets with such large radii must have atmospheres.

However, for terrestrials we will rely on absorption features to test for the presence of atmospheres,

and clouds and hazes, if present, will make this more difficult. Batalha et al. (2018) concluded that

10 transits should be sufficient to detect the dominant molecular absorber in the transmission spec-

trum of TRAPPIST-1f when observed using a partial saturation strategy with the NIRSpec Prism,

and that additional observations are unlikely to reveal more information. While our results agree

with Batalha et al. (2018) for the case of clear atmospheres, cloudy and/or hazy terrestrial atmo-

spheres may require significantly more observations. Venus-like planets with H2SO4 aerosols tend

to require more than 10 transits (and up to ∼30 for TRAPPIST-1e) to reach the same confidence

in the detection of the atmosphere. We recommend testing the hypothesis that a TRAPPIST-1 (or

similar) planet has a clear atmosphere in ≤10 transits, and then evaluating the scientific value of

additional transits to test the hypothesis that the planet has aerosols.

2.4.2 What is the nature of the TRAPPIST-1 planet atmospheres?

Detecting specific molecules in JWST transmission spectra of the TRAPPIST-1 planets may be

possible, and allow for the discrimination between different climate/composition states and evolu-

tionary histories. As previously stated, CO2 should be the easiest molecule for JWST to detect in
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the atmospheres of the TRAPPIST-1 planets. Due to its prevalence in these simulated atmospheres

regardless of evolutionary history, CO2 makes for a strong indicator of a terrestrial atmosphere,

but a weak discriminant of specific atmospheric state. Furthermore, CO2 produces nearly the same

strength features regardless of atmospheric abundance, particularly the 4.3 and 15 µm bands, which

are saturated in a Venus-like atmosphere, an O2 outgassing atmosphere, and an Earth-like atmo-

sphere, even though the abundance ranges from 90 bars down to 360 ppm (Lincowski et al., 2018).

Other molecules, such as O2, O3, H2O, and SO2, may be detectable with JWST and may help to

distinguish between the suite of atmospheres that we considered.

Although oxygen as a biosignature may not be detectable for the potentially habitable TRAPPIST-

1 planets, oxygen as a remnant of pre-main-sequence water loss may be easily detected or ruled

out. We find that biogenic O2 in the atmosphere of TRAPPIST-1e may be too difficult to detect

with JWST, but the 9.6 µm O3 feature may be weakly detectable at 〈SNR〉 = 3 in over 100 tran-

sits with MIRI LRS, which is in general agreement with the findings of Wunderlich et al. (2019).

However, the 1.06 and 1.27 µm O2-O2 CIA features are key discriminants of a planet that has

an oxygen abundance greatly exceeding biogenic oxygen production on Earth and may therefore

indicate a planet that has undergone vigorous water photolysis and subsequent loss during the pro-

tracted super-luminous pre-main-sequence phase faced by late M dwarfs (Luger and Barnes, 2015;

Schwieterman et al., 2016b). We find that NIRSpec G140M/H is the optimal JWST instrument

for detecting these O2-O2 features and could lead to their detection in as few as 7-9, 15, 8, 49-67,

55-82, 79-100, and 62-89 transits of TRAPPIST-1b, c, d, e, f, g, and h, respectively, should they

possess such an atmosphere. These quoted number of transits may be sufficient to rule out the

existence of oxygen-dominated atmospheres in the TRAPPIST-1 system. Additional evidence of

ocean loss could be provided by detection of isotope fractionation, which may also be possible in

as few as 11 transits with JWST, for strong isotopologue bands such as HDO (Lincowski et al.,

2019).

Detecting ozone absorption may be another strong indicator of a post-runaway, oxygen-dominated

atmosphere. For the 10 bar desiccated O2 atmospheres, ozone absorption features become more

detectable for the outer planets. Targeting O3 at 9.6 µm with MIRI LRS is optimal for the inner
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planets (b, c, d, e), although it may require upwards of 100 transits to detect at 〈SNR〉 = 5. How-

ever, targeting the weaker O3 bands between 3 – 5 µm with NIRSpec G395M/H or NIRSpec Prism

is optimal for the outer planets (f, g, h), due to their larger ozone column abundances. The O2-O2

CIA bands for these cooler, desiccated planets are more difficult to detect, which may make O3 a

more efficient observational discriminant for such a planet.

The photochemistry underlaying the detectable ozone buildup in the cooler planets has impli-

cations beyond the TRAPPIST-1 system. Lincowski et al. (2018) noted that the competing effects

of the Chapman cycle (with declining photolysis rates with distance from the star), was primarily

responsible for the ozone accumulation in the atmospheres of the outer planets, an effect previously

noticed by Grenfell et al. (2007). While this is a driving factor, the differences among the plan-

ets can more specifically be attributed to catalytic cycles of nitrogen oxides (primarily, N2O, NO,

and NO2), which drive the destruction of O3, as in the stratosphere of Earth (Seinfeld and Pandis,

2006). Because these atmospheres contain N2, O1D produced from photolysis of oxygen-bearing

molecules can react with N2 to generate nitrogen oxides. The availability of O1D declines with

distance from the star due to lower UV fluxes. Beginning with planet e, the production of nitrogen

oxides declines substantially, removing them as a mechanism for the destruction of O3, so that O3

accumulates and becomes well-mixed, generating a large column density. In the atmosphere of

an O2-dominated atmosphere without N2, O3 levels would likely be higher due to the lack of the

nitrogen oxide catalysts.

Detecting water in the atmospheres of the TRAPPIST-1 planets may also help to constrain evo-

lutionary scenarios. The presence of water may be readily detectable for TRAPPIST-1 b, c, and

d with the NIRSpec Prism* if they possess high O2 atmospheres that have not been completely

desiccated. High O2 atmospheres for planets that exited the pre-main-sequence with their atmo-

spheres and interiors completely desiccated, however, will have no water to detect, making water in

an oxygen-dominated atmosphere a potentially detectable discriminant of incomplete desiccation

or outgassing from the interior. In CO2-dominated atmospheres, H2O may be prohibitively diffi-

cult to detect due to its scarcity in the atmospheres of Venus-like worlds, before even considering

obscuration by H2SO4 clouds.
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Detecting water in the atmosphere of one of the potentially habitable TRAPPIST-1 planets

could indirectly hint at surface habitability (Robinson, 2018), but this will be challenging for

JWST, even with an ideal system like TRAPPIST-1. Tropospheric H2O may be detectable in the

transmission spectrum of TRAPPIST-1 e in ∼35 transits with NIRSpec Prism* should the planet

have a clear-sky 1-bar N2/O2 atmosphere with H2O. However, the cold trap that keeps water vapor

concentrated in the lower atmosphere makes habitability difficult to infer with transmission spec-

troscopy, which cannot readily probe surface environments. Additionally, we find that 100% cloud

coverage strongly increases the required JWST time to detect H2O in such a habitable atmosphere.

Given these difficulties for detecting water in the atmosphere of a HZ planet with JWST, robust

habitability assessments may ultimately require a future direct imaging telescope that can readily

probe rocky planet surfaces to search for more direct evidence of surface liquid water (e.g. Cowan

et al., 2009; Robinson et al., 2010; Lustig-Yaeger et al., 2018).

2.4.3 Further Considerations

The results in this chapter lean optimistic, and therefore represent lower limits on the amount of ob-

serving time needed to detect and characterize evolved terrestrial atmospheres in the TRAPPIST-1

system. As a result, TRAPPIST-1 observing plans that include fewer transits/eclipses than re-

ported here may require additional observations to make robust inferences on the existence and

nature of atmospheres. One source of optimism is that our 〈SNR〉 approach (see Equation 2.6) to

atmospheric and molecular detection, rather than a full atmospheric retrieval, implicitly assumes

that any retrieval will have converged on the true underlying spectrum. As a result, our signal-

to-noise metric is not equal to a detection of that specific atmosphere to a given significance (e.g.

3σ). In practice, many different atmospheric compositions will likely be capable of fitting JWST

spectra of TRAPPIST-1 planets, potentially leaving large regions of atmospheric parameter space

unconstrained. Thus, the confidence of any “one” composition representing the true state of the

planet may remain low despite having high confidence in the presence of features in the spec-

trum that would indicate the presence an atmosphere. Our approach is simply a wavelength range

and resolution agnostic method to quantify the detectability of spectral signals emanating from
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self-consistent atmospheres above the expected noise of JWST.

Our calculations also lean optimistic because we have neglected astrophysical and systematic

sources of noise that may make precise time-series exoplanet observations with JWST more diffi-

cult than our estimates suggest. Stellar effects such as limb-darkening (e.g. Csizmadia et al., 2013)

and heterogeneous photospheres (e.g. Rackham et al., 2016; Rackham et al., 2018; Zhang et al.,

2018) are major concerns for precision exoplanet transmission spectroscopy. These effects may be

particularly perilous for observations of planets orbiting low mass stars, as the stars may contain

large, cool spots and absorbing molecules in their photospheres. We also did not assume a system-

atic noise floor for any JWST instruments (e.g. Greene et al., 2016), but this is likely optimistic in

terms of the currently unknown on-target performance. Astrophysical and systematic effects must

be well understood to detect molecular features at the ∼10 ppm level, where many terrestrial fea-

tures reside. However, many of the major absorption features in our TRAPPIST-1 planet spectral

models are much larger and more detectable, spanning 50-200 ppm.

During the preparation of this work, a new version of Pandeia was released (version 1.3) that

increased JWST background noise predictions by 10-40 ppm. For bright targets like TRAPPIST-1

where the noise budget is dominated by stellar photon noise, such an increase in the background

has a negligible effect on our estimated number of transits and eclipses to detect and characterize

exoplanet atmospheres in the near- through the mid-IR.

We considered a limited number of atmospheres that may not resemble the true state of the

TRAPPIST-1 planets, especially since the star’s UV spectrum is poorly constrained. Here, as in

Lincowski et al. (2018), we used a UV spectrum scaled from measurements of the nearby mid

M dwarf Proxima Centauri, but these stars have slightly different spectral types and activity lev-

els. Recently, three synthetic SEDs have been produced by Peacock et al. (2019) for TRAPPIST-

1, which are constrained by the Lyman alpha flux and upper limits of GALEX UV photometry.

These synthetic spectra differ by having higher NUV and a different distribution of FUV flux than

Lincowski et al. (2018), which could slightly change the photochemistry of these planetary at-

mospheres and the observable molecular absorption in their upper atmospheres. However, only

observations—including those outlined in this chapter—will ultimately reveal what planetary pro-
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cesses dominate in sculpting the observable atmospheric signatures of terrestrial exoplanets, par-

ticularly those orbiting M dwarfs. In the mean time, further study is warranted on the range of

possible atmospheric conditions for the TRAPPIST-1 planets, particularly photochemically and

climatically self-consistent reducing atmospheres (e.g. Arney et al., 2017), and UV characteriza-

tions of late M dwarfs to improve photochemical predictions and interpretation of observations.

Although the atmospheric states considered in this chapter represent only a selection of possible

states, many of their characteristics and molecular features may exist in other atmospheres, making

our results apply more broadly. For example, the strength of the H2O, CO2, and O3 bands in the

O2-dominated outgassing atmospheres may be similar in other clear atmospheres that may contain

more inert gasses, like N2. Our JWST detectability calculations for these gases may be useful

beyond that particular atmospheric case. The O2-O2 features, however, are specific evidence of

high O2 content. Since all of the atmospheres considered in this work were high mean molecular

weight, our results help to elucidate the detectability of such atmospheres and the molecules within,

even if the true compositions differ.

Constraining the atmospheres of Earth-size planets transiting even the smallest stars like TRAPPIST-

1 will require pushing the limits of JWST. As we demonstrated with the NIRSpec Prism partial sat-

uration, alternate JWST modes that can improve observations of transiting exoplanets can enhance

the science return, and dramatically decrease the time investment required to detect and charac-

terize terrestrial atmospheres. Although modes such as NIRCam’s Dispersed Hartmann Sensor

(DHS; Schlawin et al., 2017) and high efficiency readout patterns for NIRSpec Prism (Batalha

et al., 2018) have not been officially approved, they represent promising avenues towards im-

proved JWST observations that may ultimately make the difference in enabling JWST to constrain

terrestrial exoplanet atmospheric compositions.

2.5 Conclusion

We investigated the potential to detect and characterize the atmospheres of all seven known TRAPPIST-

1 exoplanets with JWST. Although the planets are small and likely possess high mean molecular

weight atmospheres with relatively low scale heights, we found that many molecular absorption
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features may be detectable with JWST in ∼2-15 transits. These observations may be used to di-

agnose the presence of atmospheres and, in some cases, discriminate between different plausible

atmospheric compositions.

However, we find that an initial photometric assessment of the TRAPPIST-1 planets with MIRI

is, perhaps non-intuitively, not as efficient as spectroscopic atmosphere detection in the NIR. To

achieve comparable constraints on the detection of atmospheres approximately an order of magni-

tude more transits or eclipses will need to be observed with MIRI, compared to transits observed

with spectrometers in the NIR.

Transmission spectroscopy with NIRSpec Prism may be the most efficient path to detect the

presence of atmospheres for the TRAPPIST-1 planets, via detecting CO2 bands between 1-5 µm.

Venus-like atmospheres with high altitude H2SO4 aerosols will be more difficult to detect in trans-

mission and emission spectra, however, these aerosols will form at lower altitudes for the temper-

ate and cooler planets such that they obscure less molecular absorption in transmission spectra.

Furthermore, post-runaway oxygen-dominated worlds may be identified in transmission using (1)

O2-O2 CIA observed with NIRSpec G140M/H, NIRSpec Prism, or NIRISS SOSS, or (2) O3 ab-

sorption observed with MIRI LRS (for b, c, d, and e) or NIRSpec G395M/H (for f, g, and h). If

TRAPPIST-1 e is habitable and cloud-free, water could be detected in the troposphere with NIR-

Spec Prism in about 35 transits, but the presence of water clouds could completely obscure the

water vapor absorption features.

We outlined a particular path for characterising the TRAPPIST-1 planets with JWST that nar-

rows down the possible evolutionary histories that the planets may have trod to exist in their current

observable states. We recommend using transmission spectroscopy to

1. detect the planet atmospheres via CO2 absorption;

2. detect or rule out a post-runaway oxygen-dominated atmospheres via O2-O2 CIA or O3 ab-

sorption;

3. constrain the extent of (atmosphere and interior) desiccation, and potentially the habitability,

via the H2O abundance.
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However, our results may be used to construct countless additional observing strategies that best

augment existing projects and proposals with our testable hypotheses on the nature of TRAPPIST-1

system of Earth-sized exoplanets.

2.6 Chapter Appendix

2.6.1 Signal-to-Noise Ratio on Transit and Eclipse Depths

Transit and eclipse depth measurements are both relative to the out-of-occultation measurement,

and thus require accounting for photon fluence in- and out-of the the event of interest. Below we

derive the signal-to-noise on measurements of transit and eclipse depths by considering the signal

as the occultation depth, which must be calculated from the difference between in- and out-of-

event observations, and the noise by propagating individual measurement errors through the signal

calculation.

For primary transit, the signal of interest is the number of photons missing when the star is

occulted by the planet. Neglecting photons emitted and reflected by the planet prior to and during

transit, the out-of-transit photon fluence is measured as

Nout = (Ns +Nbg)nout, (2.11)

where nout is the time of measurement outside of transit in units of the transit duration, and Ns and

Nbg are the total number of photons counted over a transit duration. The in-transit photon fluence

measured is

Ntr = Ns

(
1−

(
Rp

Rs

)2
)

+Nbg. (2.12)

The number of stellar photons blocked by the planet can be estimated from

Nsp = Nout/nout −Ntr, (2.13)

this is the signal we seek to measure. The noise on Nsp can be calculated by considering the
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variance given standard uncorrelated error propagation:

σ2 =

(
∂Nsp

∂Nout

)2

σN2
out +

(
∂Nsp

∂Ntr

)2

σN2
tr (2.14)

=

(
1

nout

)2

Nout + (−1)2Ntr (2.15)

=
(Ns +Nbg)

nout
+Ns

(
1−

(
Rp

Rs

)2
)

+Nbg (2.16)

Finally, the signal-to-noise ratio on the transit depth can be constructed by dividing the blocked

photons Nsp by the standard deviation on that estimate:

SNRT =
Ns (Rp/Rs)

2√
(Ns +Nbg)/nout +Ns

(
1− (Rp/Rs)

2)+Nbg

. (2.17)

For secondary eclipse, the signal of interest is the number of photons missing when the planet

is occulted by the star, which is measured assuming that the star is not varying. In this case, the

out-of-eclipse photon fluence is measured as

Nout = (Np +Ns +Nbg)nout, (2.18)

where nout is the time of measurement outside of eclipse in units of the eclipse duration, Np is the

total number of planet photons over an eclipse duration, and the sum of Np, Ns and Nbg is the total

number of photons counted over an eclipse duration. The in-eclipse photon fluence measured is

Nec = Ns +Nbg, (2.19)

which allows the planet photon counts to be estimated as

Np = Nout/nout −Nec. (2.20)
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Again, analogous to the transit calculation, the noise term can be calculated by considering the

variance on Np given standard error propagation:

σ2 =

(
∂Np

∂Nout

)2

σN2
out +

(
∂Np

∂Nec

)2

σN2
ec (2.21)

=

(
1

nout

)2

Nout + (−1)2Nec (2.22)

where we have used the fact that Nout has a variance of Nout. Substituting in for Nout and Nec gives:

σ2 =
(Np +Ns +Nbg)

nout
+Ns +Nbg. (2.23)

Finally, the signal-to-noise ratio on the eclipse depth can be constructed by dividing the estimated

planet photons by the standard deviation on that estimate:

SNRE =
Np√

(Np +Ns +Nbg)/nout +Ns +Nbg

. (2.24)

2.6.2 Atmospheric Detectability by Instrument

Figures 2.13, 2.14, 2.15, 2.16, 2.17, 2.18, and 2.19, show the number of transits needed to detect the

atmospheres of TRAPPIST-1 b, c, d, e, f, g, and h, respectively, as a function of both atmospheric

compositions and JWST instrument/mode. The detection of an atmosphere requires 〈SNR〉 = 5

on spectral features in the transmission spectrum.

2.6.3 Brightness Temperatures

Table 2.3 shows the brightness temperature of each Lincowski et al. (2018) TRAPPIST-1 atmo-

spheric model in each of the JWST/MIRI photometric filters and the two warm Spitzer bands.
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Table 2.3. Brightness temperatures in different Spitzer and JWST photometric filters for
different TRAPPIST-1 planet atmospheric models.

Planet Model IRAC1 IRAC2 F560W F770W F1000W F1130W F1280W F1500W F1800W F2100W F2550W
(K) (K) (K) (K) (K) (K) (K) (K) (K) (K) (K)

T-1b 10 bar CO2 498 328 432 384 340 356 330 291 315 362 430
92 bar CO2 495 328 432 383 340 357 330 289 315 362 430
100 bar O2 outgassing 500 388 372 396 379 432 385 305 355 381 346
10 bar O2 outgassing 514 391 357 394 394 425 377 300 345 371 329
100 bar O2 desiccated 425 375 390 387 389 404 376 306 368 408 364
10 bar O2 desiccated 436 357 401 405 369 397 360 292 346 408 380

T-1c 10 bar CO2 445 292 385 328 304 326 295 250 275 315 386
92 bar CO2 437 290 380 324 303 326 293 248 273 313 382
100 bar O2 outgassing 434 337 325 346 312 390 343 266 325 345 308
10 bar O2 outgassing 424 334 313 350 337 378 330 252 304 332 294
100 bar O2 desiccated 387 325 330 328 333 339 327 272 325 342 310
10 bar O2 desiccated 395 313 339 341 322 345 318 257 310 347 322
10 bar Venus 427 292 373 318 300 320 296 272 282 313 376
92 bar Venus 435 287 382 317 297 324 291 250 275 303 383

T-1d 10 bar CO2 384 256 337 274 269 295 260 219 239 272 340
92 bar CO2 380 254 333 271 268 295 259 215 237 269 337
100 bar O2 outgassing 370 290 280 301 264 352 295 227 290 305 270
10 bar O2 outgassing 361 283 270 299 287 324 285 215 267 291 260
100 bar O2 desiccated 356 281 278 274 280 279 280 239 282 284 260
10 bar O2 desiccated 362 275 286 286 279 293 277 225 275 292 269
10 bar Venus 326 258 240 230 230 233 233 227 231 239 243
92 bar Venus 375 251 332 264 263 288 256 223 245 271 335

T-1e 10 bar CO2 339 230 297 235 247 272 232 193 208 237 301
92 bar CO2 335 226 292 229 243 267 228 189 206 233 294
100 bar O2 outgassing 305 236 244 259 231 301 245 203 253 265 245
10 bar O2 outgassing 346 243 243 256 243 267 244 191 239 259 238
100 bar O2 desiccated 341 250 244 238 242 239 246 214 251 243 226
10 bar O2 desiccated 346 246 250 246 242 249 244 200 247 251 232
10 bar Venus 303 217 213 203 204 204 202 192 204 206 211
92 bar Venus 311 223 287 228 235 254 225 195 220 242 285
1 bar H2O 296 267 243 259 272 277 267 213 258 260 236
1 bar H2O cloudy 287 253 241 247 250 253 248 212 247 249 243

T-1f 10 bar CO2 277 201 260 200 221 235 200 172 185 206 263
92 bar CO2 271 196 262 195 216 225 194 171 183 202 260
100 bar O2 outgassing 229 209 218 219 202 234 208 192 221 224 222
10 bar O2 outgassing 326 212 218 216 206 223 210 178 209 218 213
100 bar O2 desiccated 268 225 228 216 210 209 219 192 227 213 194
10 bar O2 desiccated 298 222 229 223 210 216 218 184 227 219 200
10 bar Venus 272 189 210 188 193 193 188 171 184 189 199
92 bar Venus 247 197 239 199 211 218 196 177 195 210 237

T-1g 10 bar CO2 231 181 236 180 203 205 179 160 170 185 232
92 bar CO2 229 177 240 175 200 197 174 158 167 181 231
100 bar O2 outgassing 209 191 199 199 188 202 192 180 205 204 194
10 bar O2 outgassing 312 195 202 194 187 199 191 166 188 192 191
100 bar O2 desiccated 224 207 210 200 192 187 201 180 208 189 176
10 bar O2 desiccated 276 205 211 205 192 192 200 174 209 195 178
10 bar Venus 242 173 210 173 183 181 173 158 168 174 190
92 bar Venus 226 182 222 181 200 199 177 165 176 191 217

T-1h 10 bar CO2 174 157 217 155 176 167 154 145 150 157 186
92 bar CO2 175 154 206 151 174 162 151 143 147 153 182
100 bar O2 outgassing 195 168 171 170 166 169 167 163 174 172 164
10 bar O2 outgassing 296 181 184 170 165 167 170 150 165 164 160
100 bar O2 desiccated 199 183 185 179 170 161 177 165 181 162 149
10 bar O2 desiccated 253 184 188 183 171 164 179 160 186 167 150
10 bar Venus 209 155 185 153 162 161 153 145 149 154 162
92 bar Venus 189 159 195 156 185 169 146 145 144 161 187



88

10
ba

r CO 2 14 16 10 5 5 76

T-1b Transit : Detect Features with 〈SNR〉 = 5.0

7 6 6 4 2

92
ba

r CO 2 14 17 10 5 5 73 6 6 6 4 2

10
ba

r O 2

ou
tg

as
sin

g 9 9 10 4 4 55 6 6 5 3 2

10
0

ba
r O 2

ou
tg

as
sin

g 10 9 10 5 4 44 7 7 6 4 2

10
ba

r O 2

de
sic

ca
te

d 7 10 7 3 3 21 5 5 4 3 2

N
IR

Cam
F32

2W
210

0
ba

r O 2

de
sic

ca
te

d 11

N
IR

Cam
F44

4W

10

N
IR

Sp
ec

G
14

0H

10

N
IR

Sp
ec

G
23

5H

5

N
IR

Sp
ec

G
39

5H

3

M
IR

I LR
S

64

N
IR

IS
S

SO
SS

su
bs

tr
ip

25
6

8

N
IR

IS
S

SO
SS

su
bs

tr
ip

96

7

N
IR

Sp
ec

Pris
m

su
b5

12

6

N
IR

Sp
ec

Pris
m

su
b5

12
s

4

N
IR

Sp
ec

Pris
m

su
b5

12
ng

ro
up

6

2

Figure 2.13 Number of TRAPPIST-1b transits necessary to rule out a featureless spectrum with
〈SNR〉 = 5 for different atmospheric compositions and using different JWST instruments and
modes.
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Figure 2.14 Number of TRAPPIST-1c transits necessary to rule out a featureless spectrum with
〈SNR〉 = 5 for different atmospheric compositions and using different JWST instruments and
modes.
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Figure 2.15 Number of TRAPPIST-1d transits necessary to rule out a featureless spectrum with
〈SNR〉 = 5 for different atmospheric compositions and using different JWST instruments and
modes.
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Figure 2.16 Number of TRAPPIST-1e transits necessary to rule out a featureless spectrum with
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Figure 2.17 Number of TRAPPIST-1f transits necessary to rule out a featureless spectrum with
〈SNR〉 = 5 for different atmospheric compositions and using different JWST instruments and
modes.
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Figure 2.18 Number of TRAPPIST-1g transits necessary to rule out a featureless spectrum with
〈SNR〉 = 5 for different atmospheric compositions and using different JWST instruments and
modes.
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Figure 2.19 Number of TRAPPIST-1h transits necessary to rule out a featureless spectrum with
〈SNR〉 = 5 for different atmospheric compositions and using different JWST instruments and
modes.
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Chapter 3

A MIRAGE OF THE COSMIC SHORELINE: VENUS-LIKE CLOUDS AS
A STATISTICAL FALSE POSITIVE FOR EXOPLANET ATMOSPHERIC

EROSION
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Portions of this chapter were originally published in collaboration with Victoria S. Meadows

and Andrew P. Lincowski in the December 2019 edition of The Astrophysical Journal Letters

(Lustig-Yaeger et al., 2019a, ApJL, Vol. 887, 1; 2019 c© American Astronomical Society, DOI:

10.3847/2041-8213/ab5965), and are reproduced below with the permission of the American As-

tronomical Society.

Summary

Near-term studies of Venus-like atmospheres with JWST promise to advance our knowledge of ter-

restrial planet evolution. However, the remote study of Venus in the Solar System and the ongoing

efforts to characterize gaseous exoplanets both suggest that high altitude aerosols could limit obser-

vational studies of lower atmospheres, and potentially make it challenging to recognize exoplanets

as “Venus-like”. To support practical approaches for exo-Venus characterization with JWST, we

use Venus-like atmospheric models with self-consistent cloud formation of the seven TRAPPIST-1

exoplanets to investigate the atmospheric depth that can be probed using both transmission and

emission spectroscopy. We find that JWST/MIRI LRS secondary eclipse emission spectroscopy

in the 6 µm opacity window could probe at least an order of magnitude deeper pressures than

transmission spectroscopy, potentially allowing access to the subcloud atmosphere for the two hot

innermost TRAPPIST-1 planets. In addition, we identify two confounding effects of sulfuric acid

aerosols that may carry strong implications for the characterization of terrestrial exoplanets with

transmission spectroscopy: (1) there exists an ambiguity between cloud-top and solid surface in

producing the observed spectral continuum; and (2) the cloud-forming region drops in altitude with

semi-major axis, causing an increase in the observable cloud-top pressure with decreasing stellar

insolation. Taken together, these effects could produce a trend of thicker atmospheres observed at

lower stellar insolation—a convincing false positive for atmospheric escape and an empirical “cos-

mic shoreline”. However, developing observational and theoretical techniques to identify Venus-

like exoplanets and discriminate them from stellar windswept worlds will enable advances in the

emerging field of terrestrial comparative planetology.
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3.1 Introduction

Venus-like exoplanets pose unique opportunities and challenges for the near-term characterization

of terrestrial exoplanet atmospheres (Arney and Kane, 2018). Exo-Venuses are key near-term

observational targets due to the transit bias in favor of finding and characterizing planets at short

orbital period (e.g. high transit probability, high transit frequency, high equilibrium temperature),

particularly in the TESS era (Ostberg and Kane, 2019). Planets at similar insolation and with similar

bulk properties to Venus are also favorable laboratories to empirically test runaway greenhouse

theory, identify the location of the inner edge of the habitable zone (HZ), and probe the impact

of atmospheric escape on an ensemble of terrestrial planets (Kane et al., 2014). Additionally, the

comparative study of Venus and Venus-like exoplanets are mutually beneficial research avenues

(Arney and Kane, 2018). Within the exoplanet population, if exo-Venuses are found to be common,

they would point to a common end-state of terrestrial exoplanet evolution that Venus exemplifies.

However, if true Venus analogs are rare, that may point to a more specific origin for Venus. Within

the solar system, future orbiters and descent probes could provide detailed, in situ measurements

to help answer outstanding questions about evolutionary processes and the current state of Venus,

which will provide crucial context for the population of exo-Venuses (see recent white papers:

Kane et al., 2018, 2019; Wilson and Widemann, 2019). However, these exciting opportunities

are contingent upon our ability to properly recognize and accurately characterize a Venus-like

exoplanet when we see one.

Remote sensing observations have been used to understand and probe beneath the optically

thick and global sulfuric acid clouds and hazes, which extend from 48 to 90 km altitude, and

obscure the lower atmosphere and surface of Venus at most wavelengths. Although clouds were

suspected early on due to Venus’s high albedo and UV markings (Hunten et al., 1983), their com-

position was unknown until optical phase curves ruled out water clouds (Arking and Potter, 1968;

Hansen and Arking, 1971), multi-band polarization phase curves matched the real index of refrac-

tion for a concentrated solution of sulfuric acid (Hansen and Hovenier, 1971), and NIR absorption

features confirmed H2SO4 (Pollack et al., 1974). These clouds thoroughly obscure the hot lower
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atmosphere at visible wavelengths, but the first clue to the extremely hot nature of the surface en-

vironment was a radio brightness temperature measurement of ∼560 K at 3.15 cm by Mayer et al.

(1958), which was later confirmed by spacecraft observations (e.g. Barath et al., 1963) and descent

probes (e.g. Marov et al., 1973). Despite these challenges, peering beneath the clouds into the

hot lower atmosphere has been possible with spectroscopy targeting near-infrared windows on the

Venus night side through which thermal emission from below the clouds escapes (e.g. Allen and

Crawford, 1984; Allen, 1987; Carlson et al., 1991; Crisp et al., 1991), enabling remote studies of

the Venus lower atmosphere and surface (e.g. Drossart et al., 1993; de Bergh et al., 1995; Meadows

and Crisp, 1996; Barstow et al., 2012; Arney et al., 2014).

Extending the lessons learned from Venus remote sensing to the characterization of potential

exo-Venuses may be challenging as the historically most informative Venus observations lack fea-

sible exoplanet analogs, either because they were made from orbiters or descent probes, or used

radio brightness or precise optical and polarization phase curves.

After launch, the James Webb Space Telescope (JWST) will likely be used to attempt charac-

terization of Venus-like exoplanets (Barstow et al., 2016; Morley et al., 2017; Lincowski et al.,

2018), but these observations may be limited by how transmission and emission spectra are both

significantly impacted by Venus-like clouds (Lustig-Yaeger et al., 2019b). It has been well estab-

lished by theory and observation that transmission spectroscopy is sensitive to obscuration by high

altitude aerosols (e.g. Fortney, 2005; Berta et al., 2012; Ehrenreich et al., 2014; Knutson et al.,

2014; Kreidberg et al., 2014; Nikolov et al., 2015; Morley et al., 2013; Charnay et al., 2015a,b).

Additionally, although dayside thermal emission, which is sensitive to the cloud deck temperatures,

may be observed for exoplanets via secondary eclipse, nightside NIR thermal emission windows,

which are sensitive to the lower atmosphere, may be significantly more challenging to observe for

exoplanets when the far brighter dayside portion is included in the disk average. Despite these

challenges, modeling efforts in advance of JWST indicate that the presence of cloudy Venus-like

atmospheres could be detected for all seven planets in the TRAPPIST-1 system using JWST trans-

mission spectroscopy to identify CO2 absorption features in the thin atmosphere above the clouds

(Lustig-Yaeger et al., 2019b).
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Another potential complication in identifying and interpreting spectra of Venus-like planets

comes from the behavior of sulfuric acid cloud formation as a function of semi-major axis. The

super-luminous pre-main-sequence phase of late M dwarfs, like TRAPPIST-1, could produce a

string of Venuses, extending from interior to, through, and beyond the HZ (Lincowski et al., 2018).

During the pre-main-sequence phase, each of the TRAPPIST-1 planets may have been subjected

to runaway greenhouse driven water loss and subsequent O2 buildup (Luger and Barnes, 2015;

Bolmont et al., 2017; Lincowski et al., 2018), even for planets well beyond the HZ. The subsequent

sequestration of O2 and the outgassing of volatiles over time (Schaefer et al., 2016; Garcia-Sage

et al., 2017) may have allowed high-CO2 Venus-like atmospheres to develop.

Lincowski et al. (2018) conducted a systematic study of the seven TRAPPIST-1 planets as-

suming they possess Venus-like atmospheres using a self-consistent 1D photochemical and climate

model, which included sulfuric acid cloud formation. Interestingly, these models demonstrated that

sulfuric acid clouds form high in the atmospheres of hot Venus-like planets, but drop to lower alti-

tudes for cooler Venus-like planets at lower incident stellar fluxes (Lincowski et al., 2018). Since

high altitude clouds can obscure molecular features in a transmission spectrum, the hottest cloudy

exo-Venus atmospheres may actually be more difficult to detect than cooler cloudy exo-Venuses

(Lustig-Yaeger et al., 2019b)—a practical manifestation of only probing the atmosphere above

the clouds. However, if only the upper, above-cloud, region of the atmosphere is readily probed,

we may remain ignorant to the existence of a lower atmosphere, unable to distinguish cloud-top

from solid surface. Furthermore, the predicted increases in cloud top pressure with semi-major

axis occur across a stellar insolation range that could also completely erode planetary atmospheres

(Dong et al., 2018). Thus, observing a trend of thicker cloud-truncated atmospheres at lower stel-

lar insolation may produce a statistical false positive for atmospheric escape across a population

of terrestrial exoplanets (e.g. Bean et al., 2017; Checlair et al., 2019) and a mirage of the “cosmic

shoreline”—an empirical dividing line between planets with and without atmospheres (Zahnle and

Catling, 2017).

In this chapter we explore two fundamental questions on the characterization of Venus-like ex-

oplanets and their potential contribution to our understanding of terrestrial exoplanet atmospheric
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evolution: (1) how do we infer the presence of and study sub-cloud atmospheres, and (2) what

consequences and misinterpretations may arise if we cannot? In particular, we demonstrate how

the presence of sulfuric acid clouds in thick Venus-like atmospheres can mimic thin cloud-free

atmospheres in a transmission spectrum. We then explore how an observed decrease in cloud top

altitude as a function of orbital distance could be misinterpreted as a surface pressure trend. Fur-

thermore, such a trend with incident stellar flux could arise due to (1) atmospheric erosion via

photoevaporation/thermal escape if the spectral continuum is assumed to be a solid surface, or (2)

cloud top altitude variations due to condensation temperature if the continuum is assumed to be a

cloud top. Finally, we offer observational and theoretical research avenues that may help to resolve

this potential statistical false positive.

In Section 3.2 we describe the TRAPPIST-1 Venus-like atmospheric models used in this chap-

ter. In Section 3.3 we investigate the atmospheric regions probed by the transmission and emission

spectra of Venus-like exoplanets applicable to JWST observations. In Section 3.4 we discuss the

optimal paths towards inferring the presence of lower atmospheres for Venus-like exoplanets and

we also expand on the hypothesis that, if we cannot detect lower atmospheres, atmospheric erosion

could be invoked to explain mistakenly thin atmospheres, particularly in statistical characterization

populations if Venus-like exoplanets are intrinsically common. We conclude in Section 3.5.

3.2 Methods

We use the clear CO2 and cloudy Venus-like TRAPPIST-1 planet atmospheric models from Lin-

cowski et al. (2018) as a foundation for the investigations in this chapter. Briefly, Lincowski et al.

(2018) used the VPL Climate model, a 1D radiative-convective equilibrium climate model appli-

cable to terrestrial planet atmospheres (Meadows et al., 2018a; Robinson and Crisp, 2018). The

climate model is coupled to a 1D atmospheric photochemistry model originally developed by Kast-

ing et al. (1979) and significantly improved upon by Zahnle et al. (2006); this code is described

in detail in Meadows et al. (2018a) and has been used extensively for terrestrial exoplanet pho-

tochemical modeling across a broad range of redox states (e.g. Segura et al., 2005; Arney et al.,

2016, 2017; Schwieterman et al., 2016b; Arney, 2019). In particular, the photochemical code was
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specifically updated and validated for modeling Venus-like atmospheres (Lincowski et al., 2018).

Lincowski et al. (2018) used radiatively-active, photochemically-self-consistent sulfuric acid

aerosols in their climate and spectral calculations. These calculations considered the photochem-

ical production of H2SO4 vapor given the forcing from the late M dwarf SED, the temperature-

dependent condensation of H2SO4, the sedimentation of H2SO4 condensates, and their thermal

decomposition at high temperatures in the lower atmosphere. Together these effects determined

the aerosol effective radii and H2SO4 concentration in each layer. Lincowski et al. (2018) used

refractive indices for sulfuric acid solutions from Palmer and Williams (1975) ranging in concen-

tration from 25-100%, which were calculated for each atmosphere using the vapor pressure equi-

librium between the H2O and H2SO4 gases and the condensed H2SO4 solution. Mass-conserving

log-normal aerosol particle distributions were computed (with geometric standard deviation equal

to 0.25, as used in Crisp (1986) for Venus), from which mie-scattering phase functions and optical

depths were calculated. We note that Lincowski et al. (2018) found that sulfuric acid clouds did not

form for a Venus-like TRAPPIST-1 b because the atmosphere was too hot for them to condense,

so TRAPPIST-1 b is omitted from our cloudy Venus-like cases. We discuss the observational

implications of this result in Section 3.4.4.

Transmission and emission spectra of the TRAPPIST-1 Venus-like planets were produced in

Lincowski et al. (2018) using the Spectral Mapping Atmospheric Radiative Transfer (SMART)

code (developed by D. Crisp; Meadows and Crisp, 1996). SMART is a line-by-line, multi-stream,

multi-scattering radiative transfer code that includes layer dependent gaseous and aerosol absorp-

tion and scattering, and treats both stellar and thermal source functions. SMART also calculates

transmission spectra for transiting exoplanets using a ray tracing algorithm that includes the re-

fraction of stellar light passing through the atmosphere (Misra et al., 2014; Robinson, 2018).

Gaseous rotational-vibrational line absorption coefficients were calculated using the LBLABC

model (Meadows and Crisp, 1996) with the HITEMP2010 and HITRAN2012 line lists (Rothman

et al., 2010, 2013).

To understand the maximum possible depth that can be probed into clear and cloudy Venus-like

atmospheres, we processed the atmospheric structure and spectra of the Venus-like TRAPPIST-1
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models from Lincowski et al. (2018) to reveal the average pressure into each atmosphere that can be

probed with transmission and emission spectroscopy. For transmission spectroscopy, we used the

relationship between altitude and pressure for atmospheres in hydrostatic equilibrium to interpolate

the effective transit height to an effective transit pressure. Although this so called “transit pressure”

is not a direct observable, it is tied to the observable transit depth, (Rp/Rs)
2, and approximates the

depth into the atmosphere at which it becomes optically thick in the slant transit geometry. While

this is similar to the effective transit height, the transit height increases radially out of the atmo-

sphere and must assume a zero-point altitude that presumes knowledge of the planet’s solid body

radius—a key point of interest—but which is unknown a priori. Alternatively, the transit pressure

increases into the atmosphere from space—a known zero point pressure boundary condition—to

the maximum pressure probed, and is therefore a good measure of how deep into the atmosphere

the transmission spectrum probes. The maximum transit pressure across a given wavelength range

also provides forward modeling insight into the cloud top pressure or reference pressure that would

be inferred by atmospheric retrievals (e.g. Benneke and Seager, 2013; Kreidberg et al., 2015; Line

and Parmentier, 2016; Benneke, 2015).

To assess the depth probed into Venus-like atmospheres with emission spectroscopy, we re-

computed the radiative transfer with SMART for the Lincowski et al. (2018) Venus-like models

to solve for the atmospheric pressure at which the total optical depth is unity at normal incidence.

SMART calculates the pressure of optical depth unity in terms of Rayleigh scattering, gaseous ab-

sorption, and aerosol extinction. We combine these three terms into a single “emission pressure”

or “brightness pressure” spectrum, which reflects the dominating process at each wavelength and

approximates the pressure from which thermal emission emerges the atmosphere. Note that unlike

the transit pressure, which resembles the observable transmission spectrum (Rp/Rs)
2, the “emis-

sion pressure” is significantly different from the observable eclipse depths of an emission spectrum

(Fp/Fs), which have a strong wavelength dependence in accordance with the planet and star fluxes.

Rather, the emission pressure more closely resembles the transit pressure, allowing for qualitative

and quantitative comparisons between the two observational techniques.
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3.3 Results

3.3.1 Transmission Spectroscopy

To explore the impact of clouds on the range of pressures probed by transmission spectroscopy,

Figure 3.1 shows model transmission spectra for each TRAPPIST-1 planet with and without H2SO4

clouds in the upper and lower panels, respectively. The transmission spectrum is shown between

about 1-5 µm—the range of the JWST/NIRSpec Prism instrument, which is optimal for detecting

the atmospheres of the TRAPPIST-1 planets (Batalha et al., 2018; Lustig-Yaeger et al., 2019b)—

in units of the pressure into the atmosphere that is probed. The right panels of Fig. 3.1 show

the thermal structure of each TRAPPIST-1 planet atmosphere on the same pressure y-axis as the

transmission spectrum. Thicker line styles indicate the vertical region of the atmosphere that the

transmission spectrum is sensitive to, and the circular points denote the maximum atmospheric

pressure that is probed. The top-right panel also shows the cumulative vertical optical depth for the

H2SO4 aerosols on the top x-axis, which increases going down into the atmosphere.

Although the clear and cloudy transmission spectra appear similar due to the common presence

of CO2 absorption bands, their respective continua vary by up to 3 orders of magnitude in pressure,

which affects the strength and detectability of CO2 absorption (see Lustig-Yaeger et al., 2019b) and

the depth into the atmosphere that may be probed by the spectrum. In units of pressure, the trans-

mission spectra of different planets with atmospheres of similar compositions look quite similar,

despite having different radii, masses, and temperatures. At wavelengths where the atmosphere is

optically thick due to strong CO2 absorption (e.g. 2.7, 4.3, and 15.0 µm), the opacity is sufficiently

high above the clouds that the peak absorption in the bands occurs at the same pressure in the up-

per atmosphere (1-10 Pa) for all of the TRAPPIST-1 planets, uninfluenced by the clouds and hazes

at higher pressures below. At wavelengths where the atmosphere is optically thin, the presence

of H2SO4 aerosols significantly raises the spectral continuum altitude to lower atmospheric pres-

sures. For instance, the continuum pressure at 2.5 µm is 105 Pa and 102 Pa for clear and cloudy

TRAPPIST-1d models, respectively. These cloudy results show both a significant departure from

the clear atmosphere cases for each TRAPPIST-1 planet (>100× lower continuum pressures for
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Figure 3.1 Transmission spectrum models of the TRAPPIST-1 planets assuming they possess thick
Venus-like atmospheres with H2SO4 clouds (top panels) and without clouds (bottom panels) (mod-
els from Lincowski et al., 2018). The left panel shows transmission spectra in units of pressure
probed into the atmosphere. The right panel shows the atmospheric temperature structure (solid
lines; lower axis) and the cumulative vertical cloud/haze optical depth from the top of the atmo-
sphere (dashed lines; upper axis). Thicker line styles indicate the region of the atmosphere that
the transmission spectrum is sensitive to, and dots are shown on the temperature profiles to in-
dicate the highest possible pressure that may be probed by the transmission spectrum for such
planets. H2SO4 clouds effectively prevent the lower atmosphere of Venus-like exoplanets from
being remotely sensed by a transmission spectrum. However, for the cooler planets, cloud for-
mation occurs at lower altitudes and enables the transmission spectrum to probe deeper into the
atmosphere.
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Figure 3.2 Maximum pressure probed in the transmission spectrum (left panel) and emission spec-
trum (right panel) of clear (blue line) and cloudy (red line) Venus-like models of the TRAPPIST-1
planets as a function of semi-major axis. The surface pressures of Venus, Earth, and Mars are
shown as dashed horizontal grey lines for reference. The maximum transit pressure appears to
increase with semi-major axis for models with H2SO4 clouds, while it decreases with semi-major
axis for clear sky models. Although the maximum pressure probed in emission exceeds that of
transmission, it does not approach the simulated Venusian surface pressure.

the cloudy inner planets compared to clearsky) and a significant variance in the pressure of the

spectral continuum from one cloudy planet to the next (∼100× lower continuum pressure for the

cloudy inner planets compared to the cloudy outer planets).

The left panel of Figure 3.2 shows the maximum pressure probed by the transmission spectra

(shown in Fig. 3.1) as a function of semi-major axes for the TRAPPIST-1 planets. Clear Venus-

like atmospheres (blue lines) have their highest pressures accessible in the 1-3 µm range between

the CO2 bands (e.g. at about 1.7, 2.4, and 3.1 µm), while Venus-like atmospheres with H2SO4

clouds (red lines) have their highest pressures accessible in the 2.4-2.6 µm range where H2SO4

aerosol scattering is weakest and just short of the 2.7 µm CO2 band, which has notably pressure

broadened wings when not obscured by aerosols. These wavelengths offer the best opportunity

to probe deepest into Venus-like atmospheres in transmission, and offer observation leverage for

retrieving a cloud-top or surface pressure.
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There are no wavelengths at which the transmission spectra of Venus-like TRAPPIST-1 planets

access their lower atmospheres. For the inner TRAPPIST-1 planets, if they have Venus-like atmo-

spheres, then the transmission spectrum will only probe down to about the Martian surface pressure

(610 Pa). If they are not cloudy, then they may be probed down to about the surface pressure of

Earth (101 kPa). For the outer TRAPPIST-1 planets, the presence of clouds minimally affects the

maximum transit pressure, and yet they still cannot be probed to higher pressures than about 104

Pa. At least two, and up to five, orders of magnitude in pressure exist between the maximum transit

pressure and the unseen Venusian surface pressure, which these models share.

Despite the inaccessibility of lower atmospheres, clear and cloudy atmospheres exhibit dis-

tinctly opposing trends in the depth into their atmospheres that may be probed as a function of

semi-major axis. Clear CO2 atmospheres gently slope from higher pressures accessible for the in-

ner planets to lower pressures for the outer planets. However, Venus-like atmospheres with H2SO4

clouds generally increase from lower pressures accessible for the inner planets to higher pressures

accessible for the outer planets.

The divergent scaling with semi-major axis seen between clear and cloudy atmospheres is a

result of the underlying physics that controls the transmission spectrum continuum. For clear

atmospheres, refraction places a fundamental limit on the depth into the atmosphere that can be

accessed by a transmission spectrum (Bétrémieux and Kaltenegger, 2014; Misra et al., 2014). Clear

atmospheres with larger semi-major axes cannot be probed as deeply as those closer to the star due

to the dependence of the critical refraction pressure on (1) the angular size of the host star as

seen from the transiting planet and (2) the scale height of the planetary atmosphere, both of which

decrease with semi-major axis for similar composition planets within the same planetary system.

For cloudy atmospheres, the optically thick cloud deck limits the depth into the atmosphere that

can be probed by the transmission spectrum. However, since the fixed temperature of sulfuric acid

cloud condensation occurs lower in the atmospheres (at higher pressures) for cooler planets, Lin-

cowski et al. (2018) demonstrate a steady transition from high altitude clouds at low pressures for

the inner TRAPPIST-1 planets to low altitude clouds at higher pressures for the outer TRAPPIST-1

planets. This cloud formation trend is manifested in the observable transmission spectrum contin-
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uum, and enables increasingly higher pressures to be accessed for planets with increasing distance

from their parent star. The clear and cloudy trends in Figure 3.2 converge for planets at sufficiently

large orbital separations (e.g. TRAPPIST-1 f, g and h) as the cloud tops drop below the critical

refraction pressure.

3.3.2 Emission Spectroscopy

We also consider the limits of atmospheric study for Venus-like planets using emission spec-

troscopy. Figure 3.3 shows the depth into the atmosphere that is probed by a secondary eclipse

thermal emission spectrum for Venus-like models of the TRAPPIST-1 planets with and without

H2SO4 clouds. Similar to Figure 3.1, the left panels of Figure 3.3 show the “emission pressure”,

or the average pressure level in the atmosphere from which most of the thermal emission emerges

at normal incidence. We show the emission pressure over a wavelength range that it is applica-

ble to JWST’s Mid-IR Instrument (MIRI) Low Resolution Spectrometer (LRS), which is optimal

for observing thermal emission from the TRAPPIST-1 and similar exoplanets during secondary

eclipse (Lustig-Yaeger et al., 2019b). The right panels of Figure 3.3 show the atmospheric thermal

structure on the same pressure y-axis as the emission pressure for comparison, with line thickness

highlighting the thermally emitting region of the atmosphere.

Numerous transparent windows in the near- and mid-IR offer glimpses into the deeper atmo-

sphere of Venus-like planets. For instance, at 6 µm there is a prominent window where thermal

emission can be seen coming from pressures of about 105− 106 Pa. There are also windows in the

NIR that probe even deeper into the atmosphere, but which are not shown here due to the insensi-

tivity of JWST to thermal emission in the NIR. Note, however, that these NIR windows have been

used extensively to study the surface and near-surface of Venus (see Meadows and Crisp, 1996; de

Bergh et al., 2006).

The right panel of Figure 3.2 shows the maximum pressure reached by an emission spectrum

over the MIRI LRS bandpass as a function of semi-major axis for the TRAPPIST-1 planets. In

all cases considered here, emission spectroscopy probes higher pressures than transmission spec-

troscopy. In general, cloudy atmospheres emit from higher altitudes and lower pressures than clear
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Figure 3.3 Analogous to Figure 3.1 but for emission spectrum models of the TRAPPIST-1 planets
assuming they possess thick Venus-like atmospheres with H2SO4 clouds (top panels) and without
clouds (bottom panels). The left panel shows the atmospheric pressure from which the planets
thermal emission emanates (τ = 1). Various NIR and MIR atmospheric windows, which enable
the planet to thermally cool to space, may allow distant observers to detect the higher pressures and
temperatures of the sub-cloud atmosphere, but these windows can be closed by aerosol extinction
(e.g. TRAPPIST-1 d) and gaseous absorption (e.g. H2O at 6 µm), but they are infeasible for JWST
to detect for planets cooler than TRAPPIST-1 c.

atmospheres. However, even thermal emission from the clear atmospheres is coming from over an

order of magnitude lower pressures than the surface.

Whereas transmission spectroscopy is more sensitive to the location of the cloud top due to
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the slant optical depth (Fortney, 2005), emission spectroscopy is more sensitive to the total optical

depth of the clouds in the atmospheric column. The maximum emission pressure trend with semi-

major axis for the cloudy Venus-like models notably tracks the total extinction optical depth of the

aerosols, seen in Figure 71 of Lincowski et al. (2018). TRAPPIST-1 c and d effectively bracket the

small particle haze and thick cloud regimes, respectively, which both exist in the Venus atmosphere

(Crisp, 1986). That is, TRAPPIST-1 c’s total H2SO4 aerosol extinction optical depth is of order

unity, which is does not substantially modify the thermal emission spectrum from the clear sky

case. However, TRAPPIST-1 d’s H2SO4 aerosol total optical depth peaks among the TRAPPIST-1

planets at τ∼30, due to the strong formation rate, cooler temperature, and lower gravity, which

allows larger particles to be sustained and suspended. The resulting extended haze and cloud layer

significantly mutes spectral features in the thermal emission spectrum and restricts remote sensi-

tivity to the lower atmosphere. Beyond TRAPPIST-1 d, the total aerosol optical depth decreases

with semi-major axis, revealing higher atmospheric pressures and explaining the convergence of

the clear and cloudy lines in the right panel of Figure 3.2. However, observing thermal emission

spectra from cool terrestrial exoplanets is not feasible with JWST, which we discuss next.

Figure 3.4 shows simulated secondary eclipse spectra for our Venus-like TRAPPIST-1 models.

At short wavelengths each eclipse spectrum is dominated by reflected light, while at long wave-

lengths they are dominated by thermal emission. Both radiative source functions decrease with

semi-major axis, making eclipse spectroscopy of temperate and cool planets require at least an

order of magnitude higher precision observations. Note that thick clouds can mute the thermal

emission spectrum features, as best exemplified by TRAPPIST-1 d in our models. The aforemen-

tioned 6 µm spectral window shows enhanced flux of thermal radiation, particularly in the clear

sky models, extending nearly 100 ppm above the thermal continuum for TRAPPIST-1 b.

1Link to figure on the Astronomy Image Explorer

http://www.astroexplorer.org/details/apjaae36af7
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Figure 3.4 Synthetic secondary eclipse spectra of the TRAPPIST-1 planets assuming they possess
either thick Venus-like atmospheres with H2SO4 clouds (top panel) or no clouds (bottom panel).
Reflected stellar flux dominates at short wavelengths, while thermal emission dominates at long
wavelengths.

3.4 Discussion

We used the TRAPPIST-1 planets to demonstrate the difficulty intrinsic to identifying and study-

ing the lower atmospheres of Venus-like exoplanets with transmission and emission spectroscopy,

which is applicable to near-term efforts with JWST. In the case of true Venus analog exoplanets
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with sulfuric acid clouds and 92 bar surface pressures, transmission spectroscopy will only be

sensitive to pressures between 102 - 104 Pa (0.001 - 0.1 bar). Although the tenuous above-cloud

atmosphere could still be detected for all of the TRAPPIST-1 planets with JWST (Lustig-Yaeger

et al., 2019b), inferring the presence of the lower atmosphere—which perhaps best defines the

very nature of Venus—will be a significant challenge, likely exceeding the scope of transmission

spectroscopy. In the following discussion we will present observational approaches that may best

constrain lower atmospheres for Venus-like exoplanets (§3.4.1). We then discuss how when lower

atmospheres cannot be observationally constrained, there exists a potential ambiguity between

cloud-top and solid surface (§3.4.2) that may pose clouds as a false positive for atmospheric ero-

sion (§3.4.3). We will finish with a discussion of possible strategies and opportunities to mitigate

these challenges (§3.4.4).

3.4.1 Accessing the lower atmospheres of Venus-like exoplanets

Although emission spectroscopy is able to probe deeper than transmission, optically thick clouds

may still impede lower atmosphere studies. Additionally, the NIR transparent windows that are

used to probe down to the surface of Venus for spatially-resolved remote-sensing studies in our

Solar System, are out of observational reach for exoplanets in secondary eclipse because dayside

reflected light will overwhelm photons emerging from the lower atmosphere (see Fig. 3.4), analo-

gous to how the illuminated crescent of Venus must be spatially avoided when observing nightside

thermal windows (Meadows and Crisp, 1996). Instead, thermal emission measurements that are

sensitive to the lower atmosphere must push to longer wavelengths where the reflected stellar SED

is naturally dimmed in the Rayleigh-Jeans tail. In particular, there is a 6 µm opacity window that

is optimally located for observations with MIRI LRS. However, this MIR window does not probe

within an order of magnitude of the surface pressure and falls short of the surface temperature by

over 200 K in our TRAPPIST-1 models. Additionally, water vapor has the potential to close the 6

µm opacity window, so atmospheres with more atmospheric water than the Lincowski et al. (2018)

Venus-like models may not have this observable window into the lower atmosphere.

Promising observational approaches have been proposed to efficiently identify the presence, or
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lack, of hot terrestrial atmospheres using photometry, and in some cases these methods may imme-

diately favor the existence of thick atmospheres. Thermal phase curves with large day-night con-

trasts can rule out thick atmospheres that would otherwise redistribute heat to the nightside (Seager

and Deming, 2009; Selsis et al., 2011; Kreidberg and Loeb, 2016; Koll and Abbot, 2016; Kreidberg

et al., 2019), while an offset hot spot from the substellar point could favor a thick atmosphere (De-

mory et al., 2016). Similarly, secondary eclipse photometry could indicate a low dayside tempera-

ture due to atmospheric heat redistribution (Koll et al., 2019) or a high bond albedo due to subsolar

clouds (Mansfield et al., 2019). Although promising for warm to hot planets (Teq = 300− 880 K),

constraints from secondary eclipses, and thermal studies in general, become quickly infeasible with

JWST for cooler planets into and beyond the HZ (Lustig-Yaeger et al., 2019b; Koll et al., 2019).

For these cooler planets, transmission spectroscopy is especially favorable because the strength of

spectral features scales with the planet’s atmospheric scale height, H = kT/µg ∝ Teq, rather than

the planet’s thermal emission which scales much more strongly with temperature for temperate

planets not in the Rayleigh-Jeans limit2 (Winn, 2010), as shown for the TRAPPIST-1 planets in

Fig. 3.4.

3.4.2 An ambiguity between cloud-top and solid surface

However, because of a lack of thermal emission data possible for the temperate and cooler planets,

the interpretation of their transmission spectra is paramount in the era of JWST, but it may be

complicated by an ambiguity between cloud-top and solid surface.

For any single exoplanet the presence of aerosols may be quite difficult to diagnose with trans-

mission spectroscopy. In principle, scattering slopes and/or absorption features from aerosols may

be used to break the cloud-surface degeneracy. However, high S/N observations would be needed

to detect these features as they are 10-20 ppm in Venus-like TRAPPIST-1 models (Lincowski et al.,

2018), which is much smaller than any of the potentially detectable spectral features with JWST

(Lustig-Yaeger et al., 2019b). As a result, this cloud-top–solid-surface ambiguity is more likely

2For instance, the blackbody flux scales approximately as T 8 near 300 K and at 15 µm (for < 1% errors incurred
by a Taylor series expansion of the exponential).
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to emerge for spectra with low S/N either due to prohibitively long exposure times or observing

strategies that seek a large sample of spectra at low to moderate S/N for statistical comparative

planetology (e.g. Bean et al., 2017; Checlair et al., 2019).

3.4.3 Clouds as a statistical false positive for atmospheric loss

Across a population of exoplanets—either within a single planetary system, as in the case of

TRAPPIST-1, or for an ensemble of planets from many systems—inferred trends in cloud-top

pressure with stellar irradiation (as seen in Figure 3.2) for similar composition atmospheres may

erroneously appear as a surface pressure trend due to atmospheric loss processes. Specifically, the

left panel of Figure 3.2 clearly shows that higher pressures are probed for cloudy exo-Venuses with

larger semi-major axes. Without our prior knowledge on the inclusion of clouds in our models,

and under the veil of the cloud-surface ambiguity, these trends could readily appear as trends in

surface pressure. That is, are we seeing thicker atmospheres as stellar irradiation decreases, or

lower cloud decks, or both?

This potential statistical false positive may be particularly nefarious because atmospheric loss

is predicted to play a major role in sculpting the atmospheres of small rocky planets orbiting late

M dwarfs. Models indicate that the TRAPPIST-1, and similar close-in, planets may have had their

atmospheres completely eroded by x-ray and extreme ultraviolet radiation (XUV; Airapetian et al.,

2017; Garcia-Sage et al., 2017; Roettenbacher and Kane, 2017; Zahnle and Catling, 2017; Dong

et al., 2018; Fleming et al., 2020), although sufficient volatile outgassing could help maintain atmo-

spheres (Bolmont et al., 2017; Garcia-Sage et al., 2017; Bourrier et al., 2017). Furthermore, Dong

et al. (2018) found that the outer TRAPPIST-1 planets are capable of retaining their atmospheres

over billions of years, while the inner planets may not be able to. Thus, observing a trend of thin

atmospheres for the inner TRAPPIST-1 planets to thick atmospheres for the outer TRAPPIST-1

planets may appear consistent with a “cosmic shoreline”—an empirical division between planets

with and without atmospheres based on the relationship between total incident stellar radiation and

planetary escape velocities (Zahnle and Catling, 2013, 2017). Testing the cosmic shoreline hy-

pothesis on exoplanet data will require a statistical comparative planetology approach, as outlined
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in Bean et al. (2017) and Checlair et al. (2019), but care must be taken to understand and mitigate

degenerate exoplanet population trends.

3.4.4 Mitigation strategies & opportunities

Ambiguous trends in the maximum pressure seen across a population of planetary transmission

spectra can also be used to implicate clouds and potentially expose their composition. First, Lin-

cowski et al. (2018) found that sulfuric acid clouds did not condense in the Venus-like model

atmospheres of TRAPPIST-1 b, and so our analysis did not include a cloudy TRAPPIST-1 b. How-

ever, as noted by Lincowski et al. (2019), detecting the atmosphere of the innermost planet in

multi-planet systems could strongly increase the likelihood that similar size planets at longer orbits

have atmospheres, because the loss of volatiles due to escape over a planet’s history is expected

to decrease with increasing distance from the star. Second, by understanding what physical and

chemical conditions may produce continuum pressure trends in terrestrial transmission spectra, it

may be possible to rule out false positives scenarios, in the same way that false positive biosigna-

tures may be identified and mitigated using additional environmental context from the atmosphere

and stellar environment (Meadows, 2017; Meadows et al., 2018b; Catling et al., 2018). If distinct

population trends seen with stellar insolation are consistent with predictions from cloud conden-

sation modeling, then clouds could potentially be revealed by statistical characterization where

they were unidentifiable in any single planet spectrum. This is a terrestrial exoplanet analog to

cloud condensation trends observed in brown dwarf atmospheres across the L/T transition (e.g.

Ackerman and Marley, 2001; Morley et al., 2012).

Furthermore, the distinctly opposing trends that we found between clear and cloudy atmo-

spheres as a function of semi-major axis (see Figure 3.2) highlights the potential to use the trans-

mission spectrum continuum pressure to group similar populations of terrestrial exoplanets. The

maximum pressure probed in clear atmospheres is set by the critical refraction pressure which

scales with the angular size of the star as seen from the planet (Bétrémieux and Kaltenegger, 2014;

Misra et al., 2014), and prevents access to higher pressures at larger semi-major axes (for plan-

ets orbiting similar sized stars, e.g. late M dwarfs). Conversely, sulfuric acid cloud condensation
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allows access to higher pressures at larger semi-major axes. These contrasting trends could be

detected by retrieving cloud top or reference pressures for multiple planets within the same system

and may enable thick clear and cloudy atmospheres to be distinguished.

These distinguishing characteristics extend into the terrestrial domain the concepts presented in

Sing et al. (2016) of an observable distinction between clear and cloudy atmospheres in an ensem-

ble of exoplanet spectra. Sing et al. (2016) found that the strength of water absorption features in

the spectra of hot Jupiter exoplanets is correlated with cloud and haze scattering slopes in the spec-

tra, indicating that clouds/hazes may be obscuring the water column, rather than seeing an intrinsic

trend in water vapor abundance. Similarly, we have explored how the strength of gaseous absorp-

tion features relative to the spectral continuum could potentially be used to discriminate between

populations of thin, thick/clear, and thick/cloudy atmospheres, even if the transmission spectra are

individually difficult to diagnose.

The transition between planets with and without atmospheres and the transition between ter-

restrial and gaseous planets are two bookends of the high mean molecular weight, terrestrial at-

mosphere regime. The emerging paucity of planets with radii ∼1.6 R⊕ orbiting Sun-like stars

(Rogers, 2015; Fulton et al., 2017) likely constrains the presence of terrestrial atmospheres on the

large planet boundary. JWST will offer a first opportunity to investigate this boundary on the small

planet end, as we continue to explore the effects of atmospheric escape (e.g. Lehmer and Catling,

2017), and attempt to map the cosmic shoreline.

3.5 Conclusions

The lower atmospheres of Venus-like exoplanets may elude our characterization efforts with JWST

due to the presence of sulfuric acid clouds, which both dictate remote studies of Venus and consti-

tute a potential terrestrial exoplanet analog to the high altitude clouds and hazes that currently limit

the charaterization of gaseous exoplanets with transmission spectroscopy. For hot exo-Venuses,

MIR opacity windows observed during secondary eclipse may offer glimpses of thermal emission

from the atmosphere just below the clouds, potentially allowing for high-pressure, greenhouse-

heated lower atmospheres to be directly inferred.
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However, for temperate to cold exo-Venuses observed with transmission spectroscopy, a sulfu-

ric acid cloud deck may appear indistinguishable from a solid surface at low to moderate S/N as

both cause the spectral continuum to be flat. In these cases, Venus-like atmospheres should still be

detectable via CO2 absorption features, but appear like tenuous low pressure atmospheres due to a

lack of observational constraint from the lower atmosphere. For Venus-like atmospheric models of

the TRAPPIST-1 planets, we demonstrated that the sulfuric acid clouds drop in altitude to higher

pressures with semi-major axis. This effect has the potential to be misinterpreted as a trend of

increasing surface pressure with decreasing stellar insolation and may appear suspiciously consis-

tent with atmospheric escape. Looking ahead, the prospect of different populations of terrestrial

exoplanets—cloudy exo-Venuses and stellar windswept worlds—presenting similar observables

motivates the need for additional climate, photochemical, cloud formation, and atmospheric es-

cape modeling to uncover observable characteristics that effectively discriminate between different

populations of exoplanets, and observing strategies tailored to test these hypotheses.
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Part II

DEVELOPING A FOUNDATION TO CHARACTERIZE THE
HABITABILITY & BIOSIGNATURES OF DIRECTLY-IMAGED

EXOPLANETS
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Chapter 4

DETECTING OCEAN GLINT ON EXOPLANETS USING MULTIPHASE
MAPPING
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Portions of this chapter were originally published in collaboration with Victoria S. Meadows,

Guadalupe Tovar Mendoza, Edward W. Schwieterman, Yuka Fujii, Rodrigo Luger and Tyler D.

Robinson in the December 2018 edition of The Astronomical Journal (Lustig-Yaeger et al., 2018,

AJ, Vol. 156, 6; 2018 c© American Astronomical Society, DOI: 10.3847/1538-3881/aaed3a), and

are reproduced below with the permission of the American Astronomical Society.

Summary

Rotational mapping and specular reflection (glint) are two proposed methods to directly detect

liquid water on the surface of habitable exoplanets. However, false positives for both methods

may prevent the unambiguous detection of exoplanet oceans. We use simulations of Earth as an

exoplanet to introduce a combination of multiwavelength, multiphase, time-series direct-imaging

observations and accompanying analyses that may improve the robustness of exoplanet ocean de-

tection by spatially mapping the ocean glint signal. As the planet rotates, the glint spot appears to

“blink” as Lambertian scattering continents interrupt the specular reflection from the ocean. This

manifests itself as a strong source of periodic variability in crescent-phase disk-integrated reflected

light curves. We invert these light curves to constrain the longitudinal slice maps and apparent

albedo of multiple surfaces at both quadrature and crescent phase. At crescent phase, the retrieved

apparent albedo of ocean-bearing longitudinal slices is increased by a factor of 5, compared to the

albedo at quadrature phase, due to the contribution from glint. The land-bearing slices exhibit no

significant change in apparent albedo with phase. The presence of forward-scattering clouds in our

simulated observation increases the overall reflectivity toward crescent, but we find that clouds do

not correlate with any specific surfaces, thereby allowing for the phase-dependent glint effect to be

interpreted as distinct from cloud scattering. Retrieving the same longitudinal map at quadrature

and crescent phases may be used to tie changes in the apparent albedo with phase back to specific

geographic surfaces (or longstanding atmospheric features), although this requires ideal geome-

tries. We estimate that crescent-phase time-dependent glint measurements are feasible for between

1 and 10 habitable zone exoplanets orbiting the nearest G, K, and M dwarfs using a space-based,

high-contrast, direct-imaging telescope with a diameter between 6 and 15 m.
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4.1 Introduction

Finding and characterizing habitable exoplanets is an emerging frontier, with the detection of liquid

surface water as a fundamental goal on the path towards discovering life beyond the Solar System.

A promising few small exoplanets have been discovered in the habitable zones of their parent stars

(Anglada-Escudé et al., 2016; Gillon et al., 2016, 2017b; Dittmann et al., 2017). These potentially

habitable exoplanets are likely high priorities for upcoming observations to characterize their en-

vironments and search for signs of habitability. However, characterizing the nature of a planet’s

habitability will likely require many different lines of evidence synthesized to assess the likelihood

of surface liquid water (for a recent review, see Robinson, 2018; Meadows and Barnes, 2018).

Detecting an ocean on the surface of an exoplanet is the most straightforward way to confirm

habitability, and high-contrast direct imaging is the most promising type of observation to accom-

plish this. Unlike transmission spectroscopy, which cannot probe the surface and near-surface

atmosphere (Garcı́a Muñoz et al., 2012; Bétrémieux and Kaltenegger, 2014; Misra et al., 2014),

direct imaging can probe all the way to the planetary surface, and is less susceptible to obscura-

tion by atmospheric extinction (Fortney, 2005), such as by aerosols (Kreidberg et al., 2014). As

a result, only direct imaging offers a feasible path to exoplanet ocean discovery. There are two

ways exoplanet oceans could be directly detected using direct imaging of planetary reflected light:

spatial mapping using the planet’s rotational lightcurves, and ocean glint using phase-dependent

and/or polarization observations (Zugger et al., 2010).

Although any given snapshot of a directly-imaged exoplanet is disk-integrated and contains

no spatial information, as the planet rotates on its axis, time-series observations permit spatial

mapping of heterogeneities in the atmosphere and on the surface (Ford et al., 2001; Pallé et al.,

2008; Oakley and Cash, 2009). Multi-wavelength, time-series observations can be used to infer

the longitudinal map and color of multiple surfaces on a planet (Cowan et al., 2009; Cowan and

Strait, 2013), and multi-epoch observations can leverage the planet’s obliquity and/or inclination

to map latitudes and construct two-dimensional color surface maps of exoplanets (Kawahara and

Fujii, 2010, 2011; Fujii and Kawahara, 2012; Berdyugina and Kuhn, 2017). Such color maps could
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be used to identify large oceans on exoplanets.

An alternative approach to detecting exoplanet oceans is to observe glint—the specular reflec-

tion typical of a flat surface or liquid when viewed at an oblique angle relative to the illumination

source—a remotely detectable characteristic of the Earth ocean (Sagan et al., 1993). Glint has been

suggested as a promising habitability marker (Williams and Gaidos, 2008; Robinson et al., 2010),

and produces a substantial relative increase in the brightness of Earth when viewed at crescent

phases (Robinson et al., 2014a). Targeted crescent phase observations could be used to identify the

reflected light glint signature of an ocean-bearing exoplanet.

Although spatial mapping and glint are promising, both have degeneracies in interpretation

that may limit the confidence with which each technique may be used to directly detect oceans.

Lightcurve inversion techniques to identify the albedo and geography of multiple surfaces, includ-

ing oceans (e.g. Cowan et al., 2009), are under-constrained inference problems that suffer from

mathematical degeneracies (Fujii et al., 2017), and have traditionally required a priori assumptions

about the surface composition to find unique solutions (e.g. Fujii et al., 2010). More recently, Fujii

et al. (2017) imposed the simple physical prior that the surface albedo be bounded between zero

and one. This was insufficient to fully break this “rotational unmixing” degeneracy, but showed

promise for achieving simultaneous constraints on both the color and geography of Earth-like

oceans due to their low albedo and vast global distribution. Furthermore, simply inferring a dark

blue surface is not a definitive ocean detection, as Rayleigh scattering above a grey surface can

masquerade as “blue” in color (Krissansen-Totton et al., 2016). Glint also has potential false pos-

itives. The non-Lambertian increase in reflectivity towards crescent phase that is characteristic of

ocean glint can occur independent of a glinting ocean due to forward scattering from clouds and

hazes, as observed for Venus (e.g. Mallama et al., 2006) and Earth (e.g. Robinson et al., 2010).

Furthermore, high latitudes, which are more-likely to be ice-covered, have an increased contribu-

tion to the disk-integrated flux at crescent phase relative to more illuminated phases, which can

naturally cause an increase in reflectivity towards crescent phase (Cowan et al., 2012). Additional

strategies and techniques are needed to help increase the robustness of ocean detection.

Here we introduce a sequence of direct imaging observations that combine longitudinal map-
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ping with phase-dependent glint measurements to increase the robustness of ocean detection.

Specifically, multi-wavelength, time-series observations at multiple phase angles will enable spec-

tral unmixing as a function of illumination. An exoplanet in a nearly edge-on inclination orbit,

with a negligible obliquity will have rotational lightcurves that probe the same latitudes at all or-

bital phases, and therefore the two-dimensional mapping problem (e.g. Fujii and Kawahara, 2012)

will be intractable as longitudinal maps will appear the same at all observed phases. However,

recognizing the same longitudinal map at another phase angle would offer a second look at the

same surface, thereby allowing observers to trace the reflective properties of a given geographical

surface as a function of illumination angle. Thus, the reoccurring map would lend confidence to

any assumption that the same surface is being viewed, while the surface albedo necessary to re-

produce the observed lightcurves would reveal its scattering phase function. In this way, it may be

possible to infer that the same surface that appears dark blue at gibbous phases is significantly more

reflective at crescent phase, thereby proving the non-isotropic scattering behaviour of the surface.

In this chapter we demonstrate the potential utility of multi-phase longitudinal mapping as it

may be applied to detect oceans on directly-imaged exoplanets. In §4.2 we describe our methods

used to generate synthetic lightcurves of Earth and to invert them to map the planet. In §4.3 we

present results on multi-phase longitudinal mapping and observational feasibility tests. We offer a

discussion in §4.4 and conclude in §4.5.

4.2 Methods

To investigate and develop a more robust technique for exoplanet ocean detection, we forward

model multi-wavelength, time-series, photometry of the disk-integrated Earth, apply realistic noise

for direct-imaging exoplanet observations, and then invert the problem to solve for the geographical

maps and colors of dominant surface types. The methods to generate synthetic lightcurves of Earth

and fit maps to the lightcurves are described in the following subsections.
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4.2.1 Generating Synthetic Lightcurves

We use the VPL Earth Model to create high spectral resolution, time-dependent, disk-averaged

observations of Earth at multiple phases (Robinson et al., 2011). The VPL Earth Model gathers

observed cloud and ice coverage, surface wind speed, and atmospheric thermal structure and gas

mixing ratio profiles from Earth observing satellites. These Earth science data products are used

as inputs to the VPL Earth Model, which maps them to a HEALPix1 (Górski et al., 2005) projec-

tion of Earth. Multi-stream, multi-scattering, line-by-line radiative transfer calculations are then

performed across the grid of cloud coverages and illumination angles, for each HEALPix pixel,

using the Spectral Mapping and Atmospheric Radiative Transfer (SMART) model (Meadows and

Crisp, 1996, developed by D. Crisp). SMART, and by extension the VPL Earth Model, include the

spectral reflection of the Sun/star off the ocean using the Cox-Munk glint model (Cox and Munk,

1954). Performing SMART calculations yields a database of radiances that contain contributions

emerging from different regions of Earth at any given time. Spatially- and spectrally-resolved data

cubes of Earth are constructed according to user specified sub-solar and sub-observer longitudes

and latitudes (Robinson et al., 2011). An example VPL Earth model image of the crescent-phase

Earth with a clearly visible glint spot is provided in Figure 1 of Robinson et al. (2010). These data

cubes are then integrated over the visible disk to give a single composite disk-integrated spectrum.

The VPL Earth Model has been validated against spacecraft observations of Earth, including

spatially resolved and time-dependent observations made by the EPOXI mission (Robinson et al.,

2011), and phase-dependent measurements of Earth showing the glint effect, that were taken by

the Lunar Crater Observing and Sensing Satellite (LCROSS) (Robinson et al., 2014a). We refer

the reader to Robinson et al. (2011, 2014a) and Schwieterman et al. (2015a, 2016a)2 for a more

complete description of the VPL Earth Model and its validation.

The VPL Earth Model is used to generate multiple different Earth and Earth-like spectral mod-

els that enable longitudinal mapping investigations at multiple phases. We make a simplifying

1http://healpix.sf.net/
2Earth spectral database used for this work is available upon request. Previous similar datasets are available at:

http://depts.washington.edu/naivpl/content/spectral-databases-and-tools

http://iopscience.iop.org/article/10.1088/2041-8205/721/1/L67/meta#apjl366473f1
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assumption that the sub-solar and sub-observer latitudes are fixed at the equator to simulate a

planet with zero obliquity in an edge-on orbit. We compute time-dependent spectra at three phase

angles: 45◦, 90◦, and 135◦, which we refer to as gibbous, quadrature, and crescent, hereafter. At

each phase we simulate 120 consecutive hours (5 days) of high-resolution, disk-integrated spectra

at a 1 hour cadence. We neglect the small (<5◦) phase change of the planet over the 120 hours of

Earth modeling. The computational expense of the VPL Earth Model places limits on the obser-

vational duration and observational cadence that we may consider in this work, and in §4.3.1, we

focus on experiments with 100 hours of data collection at a 1 hour cadence. We simulate Earth

during northern spring. Datasets are generated both with true time-varying cloud coverage, and

without clouds.

To simulate realistic observations of our VPL Earth Model spectra as an analog for a directly-

imaged exoplanet, we use an open-source Python coronagraph noise model3, originally developed

by Robinson et al. (2016) for the WFIRST exoplanet direct imaging mission and expanded upon

in subsequent studies (Luger et al., 2017b; Meadows et al., 2018a). The model simulates planetary

and background photon count rates as a function of wavelength using analytic parameterizations

for telescope, instrumental, and astrophysical noise sources. These sources include Poisson noise,

read noise and dark current, coronagraph speckles, scattering off of zodiacal and exo-zodiacal

dust, and thermal emission from the mirror. The telescope is assumed to perform a roll maneuver

to allow for background subtraction (c.f. Brown, 2005), which increases the background by a factor

of two (Robinson et al., 2016).

We perform coronagraph simulations for various telescope designs that encompass telescope

mission concepts currently under study by NASA Science & Technology Definition Teams (STDTs)

in advance of the 2020 decadal survey. Many of the telescope, instrument, and system parameters

used here are the same as those used in Robinson et al. (2016, see their Table 2 and Table 3), with

the exceptions listed in Table 4.1. We adopt a raw contrast of C = 10−10 to pursue Earth-like

exoplanets orbiting Sun-like stars. We consider telescope diameters between 4 - 15 meters, and

3https://github.com/jlustigy/coronagraph
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Table 4.1. Telescope, instrument, and system model parameters

Parameter Description Value(s)

d distance to system 5 pc
Rp planetary radius 1 R⊕
α planet phase angle 45◦, 90◦, 135◦

C coronagraph design contrast 10−10

De− dark current 10−4 s−1

D telescope diameter (4, 15) m
R instrument spectral resolution R200
T end-to-end throughput (0.02, 0.5)
θIWA coronagraph inner working angle > 1λ/D
θOWA coronagraph outer working angle < 60λ/D

Note. — See Robinson et al. (2016) for a complete list of coronagraph parameters and their
nominal values. Comma separated values are all considered and comma separated values in
parentheses represent explored ranges.

end-to-end throughputs between 0.02 - 0.5. These ranges generally encapsulate those relevant to

the Large UV/Optical/IR (LUVOIR4; e.g. Dalcanton et al., 2015; Bolcar et al., 2017) Surveyor and

Habitable Exoplanet Imaging Mission (HabEx5; e.g. Mennesson et al., 2016) telescope mission

concepts. We adopt a highly optimistic inner working angle (IWA) of 1λ/D and outer work-

ing angle (OWA) of 60λ/D so that our simulated lightcurves solely represent the photon count-

ing statistics. However, we separately consider constraints on the IWA in §4.3.2. We note that,

like Robinson et al. (2016), the IWA and OWA are modeled as strict cutoffs—a step function in

throughput from 100% to 0%—whereas formally they are defined as the 50% off-axis throughput

point. As a result, our coronagraph modeling neglects throughput effects as the IWA and OWA are

approached and exceeded.

4https://asd.gsfc.nasa.gov/luvoir/
5http://www.jpl.nasa.gov/habex/
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We construct simultaneous, multi-wavelength lightcurves by simulating coronagraph spec-

troscopy with a resolving power of R = λ/∆λ = 200 at a one hour cadence over a modest

18% bandpass. This gives a low signal-to-noise spectrum each hour, and from hour-to-hour the

spectrophotometry samples Earth’s rotational variability. While multiple hours of spectra can be

co-added into a higher signal-to-noise spectrum that may be used to retrieve atmospheric gas abun-

dances (Feng et al., 2018), here we instead co-add neighboring spectral resolution elements to

increase the signal-to-noise on each hour of photometry. Since current coronagraph designs can

only null over relatively modest spectral bandpasses (typically ∆λ/λ ≈ 10% − 20%) in a single

pointing, we focused on synthetic observations in an 18% bandwidth wavelength range between

0.67 and 0.8 µm. In this wavelength range the Earth exhibits large amplitude rotational variability

owing to surface features, such as ocean, soil, and vegetation. This sensitivity is due in large part

to the Earth’s atmosphere being optically thin, with very few molecular absorption features and

reduced Rayleigh scattering, at most of these wavelengths. The one major exception is the opacity

due to the 0.76 µm O2 absorption band, which is likely to be one of the most sought-after atmo-

spheric diagnostics for Earth-like planets (Meadows, 2017; Meadows et al., 2018b). Consequently,

the same multi-wavelength, time-resolved data that is used to map the planet and search for oceans

can be coadded to characterize the planet’s atmosphere and search for signs of life. We bin the

spectrophotometry into two photometric bands, centered at λ1 = 0.70 µm and λ2 = 0.77 µm with

widths ∆λ1 = 0.08 µm and ∆λ2 = 0.07 µm, sampled over many consecutive hours and with

corresponding noise applied, which yield lightcurves for studying the time-variability of the exo-

planet. We assume no read time, no reset time, and no down time between consecutive exposures

thereby simulating a 100% efficient duty cycle.

4.2.2 Lightcurve Fitting

Time-resolved, multi-wavelength planetary lightcurves can be used to constrain the longitudinal

map of a planetary surface, using techniques of “spectral-rotational unmixing”, which solve for the

longitudinal map of N different unique surface types and their geometric albedo spectrum (Cowan

et al., 2009, 2012; Fujii et al., 2017). As described in detail in Fujii et al. (2017) and summarized
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here for completeness, the observed apparent albedo of the planet, Aij , at wavelength j and at time

i can be decomposed into

Aij =
∑
i,k

f̃ikakj (4.1)

where f̃ik is the apparent covering fraction of the k-th surface at the i-th time and akj is the apparent

albedo spectrum of the k-th surface at the j-th wavelength.

Similarly, due to the relationship between time variability and surface heterogeneity for a ro-

tating planet, the observed apparent albedo can be written in terms of a longitudinal map. In this

case, f̃ik may be approximated by

f̃ik ≈
∑
l

Wilflk (4.2)

where flk is the area fraction of the k-th surface in the l-th longitudinal slice and Wil is the weight

of the l-th longitudinal slice at the i-th time, which is a function of the observational geometry.

The approximation in Equation 4.2 is only strictly valid when the true area fraction within each

longitudinal slice does not change or changes little across the slice for all surfaces. Plugging

Equation 4.2 into Equation 4.1, we reach the following expression in terms of longitudinal slices:

Aij ≈
∑
l,k

Wilflkakj (4.3)

Both Equations 4.1 and 4.3 form the two modular forward models in the Surface Albedo Map-

ping Using RotAtional Inference (SAMURAI6) Python code developed in this work. SAMURAI

attempts to solve the inverse problem for the map (f̃ik or flk) and albedo (akj) of N different sur-

faces using multi-band {j}, time-series {i} photometric observations yi(λj) and their observational

6https://github.com/jlustigy/samurai
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uncertainties σi(λj), subject to the following constraints on the model Aij:
f̃ik, flk ≥ 0 for any i, l, k (4.4a)∑
k

f̃ik =
∑
k

flk = 1 for any i, l (4.4b)

0 ≤ akj ≤ 1 for any k, j (4.4c)

Equation 4.4a ensures that the area fraction of any surface k at any time i or in any longitudinal

slice l is not negative, while Equation 4.4b enforces that the area fractions for all surface types

at any time or in any longitudinal slice sum to unity. Equation 4.4c imposes that the albedo of a

surface k at any wavelength j does not exceed 1.

The hard boundaries in 4.4a, 4.4b, and 4.4c make it difficult to efficiently sample the likelihood

space using Markov Chain Monte Carlo (MCMC). One way around this is to reparametrize so that

the domain of our parameters extends from −∞ to +∞. This can be done by introducing the

transformed parameters


bkj = ln

(
akj

1− akj

)
for any k, j (4.5a)

glk = ln

(
flk

1−∑k
m=1 flm

)
for k = 1, ..., N − 1 (4.5b)

where N is the number of surface types included in the model. Note that conditions 4.4a, 4.4b, and

4.4c are implicitly satisfied by this reparameterization, and there is a one-to-one correspondence

between albedo matrices a and b, and between area covering fraction matrices f and g. Simi-

lar reparameterizations have been applied to gas mixing ratios in exoplanet atmospheric retrieval

problems (c.f. Benneke and Seager, 2012).

It is important to note that when reparameterizing our model, we must also transform the prior

probability of each model parameter. Since we have no a priori information on the albedos and area

fractions of individual surfaces, we enforce a flat prior for these variables. This can be obtained by
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imposing the prior probabilities

P(bkj(akj)) ∝
ebkj

(1 + ebkj)2
(4.6)

P(glk(flk)) ∝
eglk

(1 + eglk)2
(4.7)

on our transformed variables b and g, where P is a probability distribution function. Note that

Equation 4.7 does not contain the covariance term that arises due to the sum in Equation 4.5b.

As a result, Equation 4.7 does not guarantee a flat prior for three or more surfaces, and thus all

investigations in this chapter are performed with only two surfaces. We impose one additional

prior O(glk) to ensure that surface covering fractions are ordered from largest to smallest to break

a surface labeling degeneracy. Considering all elements in b and g, and O, our full prior is

π(bkj, glk) = P(bkj)P(glk)O(glk) (4.8)

∝
(∏

k,j

ebkj

(1 + ebkj)2

)(∏
l,k

eglk

(1 + eglk)2

)
O(glk). (4.9)

The aim of our parameter estimation is to evaluate the probability of the albedo and map

parameters—the posterior probability distribution function (PDF)—given multi-wavelength, time-

series data. By Bayes’ Theorem, the posterior PDF is

P(bkj, glk|yij) ∝ L(yij|bkj, glk)× π(bkj, glk) (4.10)

where the likelihood, L(yij|bkj, glk) is easily calculated from the model and data,

lnL(yij|bkj, glk) = −1

2

∑
i,j

(
yij −W l

i f
k
l akj

σij

)2

. (4.11)

Unless otherwise stated, we sample the log-probability (log of Equation 4.10) using the EM-
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CEE7 implementation of MCMC (Foreman-Mackey et al., 2013). We use a linear combination of

15% affine-invariant (Goodman and Weare, 2010), 70% differential evolution (Nelson et al., 2014),

and 15% differential evolution snooker (ter Braak and Vrugt, 2008) MCMC proposal steps to im-

prove convergence in a likelihood space that is, at times, multi-modal, with different sets of surface

spectra and geography that can reproduce the observed lightcurves. We transform our sampling

parameters b and g back to physical parameters a and f after the MCMC. This analysis results in

posterior PDFs for the wavelength-dependent albedo and longitudinal area fraction of each surface

included in the fit. Deriving PDFs for our model parameters allows us to quantify uncertainties on

our inferences so that we may make robust statements about any changes seen when the experiment

is repeated at another phase.

4.3 Results

We performed spectral unmixing experiments at quadrature, crescent, and gibbous phase to deter-

mine if a combination of phase-dependent surface mapping and glint observations could provide

more robust constraints on the presence of an ocean for an Earth analog exoplanet. We then quan-

tified the observational feasibility and telescope requirements for this technique with respect to

coronagraph inner working angle and observed photometric signal-to-noise.

4.3.1 Multi-Phase Longitudinal Mapping

Our first multi-phase mapping experiment focused on models without clouds to provide an ideal

end-member to isolate the signal from the ocean. This also allowed us to assess the unique impact

of clouds once they were included.

The upper panel of Fig. 4.1 shows the quadrature (α = 90◦; solid lines) and crescent (α =

135◦; dotted lines) phase multi-wavelength lightcurves and median model fits to these data. The

lightcurves were simulated for an optimistic case of Earth at 5 pc, observed for 100 hours at each

phase, at a 1 hour cadence, with a 15 m, 50% throughput space telescope. The spectrophotometry

7EMCEE https://github.com/dfm/emcee

https://github.com/dfm/emcee
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Figure 4.1 Multi-phase inverse problem example for the cloudless Earth. Top: Synthetic
lightcurves for two wavelength intervals with error bars for the cloudless Earth, and retrieved fits
to the observations (lines) at quadrature (solid lines) and crescent (dotted lines) phase. Data were
simulated for the cloudless Earth at 5 pc observed with a 15 m telescope with 50% throughput,
which yielded a 1-hour photometric precision of 4.5% at quadrature and 6.5% at crescent. Bottom
Left: Retrieved surface albedos from a two surface fit to rotational lightcurves of the cloudless
Earth at 90◦ phase and 135◦ phase. The color of each line identifies the surface and the line style
denotes the phase. The envelope about each line shows the 1σ interval about the median posterior
PDF derived from MCMC. From quadrature to crescent phase, the average albedo of Surface 1
increases by a factor of ∼16 with 15σ confidence, while the average albedo of Surface 2 increase
by ∼15% at <1σ. Bottom Right: Median retrieved longitudinal slice maps. Each longitudinal
slice is colored proportional to the retrieved area covering fraction of the given surface, with white
meaning that none of the given surface is found within the slice. Maps are shown in the Robinson
projection.



132

were binned into two wavelength intervals to allow for slopes in the albedo of each surface. This

yielded lightcurves at 0.70 ± 0.04 µm and 0.77 ± 0.03 µm, with an average 1-hour photomet-

ric uncertainty, respectively, of 5.0% (S/N=20.1) and 4.0% (S/N=25.4) at quadrature, and 6.8%

(S/N=14.8) and 6.1% (S/N=16.5) at crescent. The decrease in photometric precision seen for the

crescent lightcurves in Fig. 4.1 is due to the decrease in the illuminated portion of the planet’s disk,

for observations using the same telescope.

The lower panels of Fig. 4.1 show the retrieved apparent albedo and longitudinal slice maps of

each surface, for a two surface, 16 slice fit to the synthetic multi-wavelength lightcurves shown in

the upper panel. The choice of 16 slices was selected so that the angular slice width (22.5◦) divides

the change in phase (45◦) by an integer, thereby allowing the quadrature and crescent phase maps

to be shifted and aligned. The slice maps are displayed on a Robinson map projection, and use

color intensity to indicate the median retrieved area covering fraction in each slice. The retrieved

surface albedos are shown with a 1σ uncertainty envelope about the median posterior PDFs derived

from MCMC. The apparent albedo of Surface 1 (blue) exhibited a strong increase from quadrature

to crescent phase, becoming ∼16× brighter, while the albedo of Surface 2 (orange) increased by

only ∼15%, which was within the derived uncertainties.

Figure 4.2 explores the statistical significance of the increase in apparent albedo of Surface 1

and Surface 2 between the retrievals at quadrature and crescent phase. Histograms showing the

change in apparent albedo of each surface were produced by taking 5000 random samples from

the wavelength-averaged posterior PDFs at each phase and then subtracting the quadrature phase

result from the crescent phase result. Surface 1’s apparent albedo increased by 0.47± 0.02, while

Surface 2’s apparent albedo remained constant with phase (0.02± 0.02).

Figure 4.3 examines the difference in the retrieved longitudinal maps with phase. A qualitative

comparison shows that the maps at quadrature and crescent phase in Fig. 4.1 are very similar,

but a direct comparison of the maps and their uncertainties at each phase reveals both regions of

agreement and regions of disagreement. The two longitudinal maps in Fig. 4.3 show the median

(left) and standard deviation (right) of the difference between the maps at each phase, in each slice.

This is simply the difference between the two Surface 1 slice maps in Fig. 4.1, with uncertainties
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Figure 4.2 Histograms showing the increase in albedo for Surface 1 (blue) and Surface 2 (orange)
between quadrature and crescent phase observations of the cloudless Earth. Surface 1 increased in
apparent albedo by 0.47 ± 0.02 from quadrature to crescent phase, indicating that it has a highly
non-Lambertian scattering phase function. Surface 2 has a negligible albedo increase, indicating
that it is consistent with Lambertian scattering.

propagated by randomly sampling the MCMC posterior distributions. Figure 4.3 is shown with

respect to Surface 1, although for a two surface longitudinal model Surface 2 is simply one minus

the map of Surface 1 (see condition 4.4b). The median difference between the maps is less than

0.5 for all slices. The histogram in the bottom panel of Fig. 4.3 shows the slice-averaged (or total)

fractional area increase with the change in phase. The crescent phase results include slightly more

contribution from Surface 1 (0.10 ± 0.06) than the quadrature results. However, the longitudinal

maps agree best for slices containing majority open ocean, with the marginally significant change

in the maps with phase primarily driven by disagreements in the land-bearing slices. This suggests

that even despite the ideal system geometry, telescope noise properties, and lack of clouds, the

inferred maps have intrinsic differences.

Simulations performed at gibbous phase (45◦) show similar results to those at quadrature phase,

and are therefore not shown. At gibbous phase the recovered apparent surface albedos are con-

sistent with the recovered albedos at quadrature, with one very dark surface and another more
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Figure 4.3 Top: Longitudinal slice maps showing the median (left) and standard deviation (right)
of the change in area covering fraction between quadrature and crescent phase observations of the
cloudless Earth. Bottom: Longitudinal slice-averaged fractional area change of Surface 1 from
quadrature to crescent phase. The maps agree best for slices containing majority open ocean,
with the marginally statistically significant change in the maps with phase primarily driven by
disagreements in land-bearing slices.
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reflective surface that increases in albedo from about 0.1 to 0.2 over the wavelength range of inter-

est. However, the retrieved maps at gibbous are less precise than both the quadrature and crescent

phase maps despite having a higher 1-hour photometric signal-to-noise. This difference is due to

the larger phase which reflects more total light to the observer, but that light is integrated over

a larger portion of the planetary disk which lowers the observer’s sensitivity to each individual

longitude, thereby lowering the resolution of the recovered maps (Fujii et al., 2017).

We performed the same experiment on simulations of Earth with real time-varying cloud cov-

erage. Figure 4.4 shows results from multiple surface mapping retrievals performed for Earth at

90◦ (quadrature; solid lines) and 135◦ (crescent; dotted lines), where each row of plots corresponds

to data generated at a different signal-to-noise ratio. The upper panel of Fig. 4.4 shows longitudi-

nal mapping results from lightcurves simulated for the optimistic case of Earth at 5 pc, observed

for 100 hours at each phase, at a 1 hour cadence, with a 15 m, 50% throughput space telescope

(same setup at Fig. 4.1). The middle and lower panels of Fig. 4.4 show similar results to the upper

panel, except they correspond to data simulated for a 15 m with 10% throughput telescope, and a

6 m with 10% throughput telescope, respectively. These three datasets have 1-hour photometric

signal-to-noise at quadrature phase of 23 (4.3%), 10 (10%), and 2.4 (42%), from the top to bottom

panels. As in the cloudless case, the spectrophotometry were binned into two wavelength intervals,

and the maps were fit with a two-surface, 16 longitudinal slice model. The envelope about each

line in Fig. 4.4 shows the 1σ uncertainty about the median retrieved albedo spectrum parameters

derived from MCMC.

Comparing results at each phase for the highest S/N data we find that the albedo of Surface

1 exhibits the same large increase at crescent as seen for the cloudless case, even in the presence

of realistic clouds, and the longitudinal maps have reasonably good agreement, particularly at

longitudes between−180◦ and 0◦. By the same test shown in Fig. 4.2, Surface 1’s apparent albedo

increased by 0.57± 0.02 with the change in phase, while Surface 2’s apparent albedo increased by

a slight margin of 0.08±0.02. Similarly, the crescent phase results include more contribution from

Surface 1 (0.14± 0.06) than the quadrature results, and again, the longitudinal maps agree best for

slices containing majority open ocean, with the change in the maps with phase driven primarily by
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Figure 4.4 Similar to the lower panels of Fig. 4.1, but now for Earth with time-varying clouds and
at three different levels of photometric precision. From top to bottom, the data have a 1-hour S/N
(photometric precision) of 23 (4.3%), 10 (10%), and 2.4 (42%), at quadrature, which correspond
to observations of Earth at 5 pc with a 15 m and 50% throughput telescope, a 15 m and 10%
throughput telescope, and a 6 m with 10% throughput telescope, respectively.
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disagreements in the land-bearing slices.

The longitudinal mapping results from the lower S/N datasets in Fig. 4.4 (lower panels) demon-

strate the photometric limitations of multi-phase mapping. The middle panel with S/N=10 is quite

similar to the S/N=23 case, but with slightly larger uncertainties on the crescent phase surface

albedos and longitudinal maps. The lower panel with S/N=2.4 no longer captures the variability

at crescent phase: the albedo and longitudinal map of both surfaces are unconstrained and signif-

icantly overlap. The convergence of the two surfaces implies that a single surface model (mean

observed albedo and no map) is warranted at crescent phase. At quadrature phase, the S/N=2.4

result still shows success in extracting both surface’s albedos and mapping them to the ocean and

land. In the following subsection we further explore the limitations and feasibility of multi-phase

longitudinal mapping, particularly with respect to difficult crescent phase observations.

4.3.2 Observational Feasibility

We now assess the feasibility of using this phase-dependent technique to detect oceans on extra-

solar planets, considering angular separation, photometric sensitivity, and target yields. To obtain

direct imaging observations of an Earth-analog exoplanet at a crescent phase of 135◦ the planet

must fall outside the coronagraph inner working angle (IWA). Additionally, the crescent phase

lightcurves must be observed with sufficient photometric precision for the relatively short expo-

sure times needed for mapping to be able to retrieve multiple surfaces. Below, we describe these

observing considerations, and estimate the number of nearby planetary systems where this tech-

nique could be applied to search for oceans with upcoming telescopes.

Inner Working Angle Constraints

The IWA is the minimum angular separation, θIWA, for which a coronagraph can occult a star

without blocking the light of an exoplanet in orbit about it. Since θIWA ∝ λ/D, it is convenient to

define

θIWA = Nλ/D (4.12)
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where N is a factor set by the specific coronagraph design. Smaller values of N enable planets at

smaller angular separations from their host star to be imaged. In the limit that the distance to the

observed system, d, is much farther away than the projected planet-star separation, r, then

θIWA ≈ r/d. (4.13)

We can solve for the coronagraph specific IWA parameter N in terms of key telescope and system

parameters,

N ≈ 4.8
( r

1AU

)( D

10m

)(
10pc

d

)(
1µm
λ

)
. (4.14)

We initially consider observations of habitable Earth-like exoplanets orbiting Sun-like stars for

which r ≈ 1 AU, at wavelengths near λ ≈ 0.8 µm, but using a telescope with a currently unspeci-

fied mirror diameter, and for systems that have yet to be discovered.

To better understand the coronagraphic requirements needed for ocean detection, we explored

contours of constant N while varying the telescope diameter and system distance. Figure 4.5

shows coronagraph IWA requirements to directly image an Earth-analog exoplanet at quadrature

phase (top panel) and at crescent phase (bottom panel). At quadrature phase the projected planet-

star separation is the semi-major axis, a = 1 AU, but at crescent phase with α = 135◦, the

projected separation for an edge-on inclination system is a sin(α) ≈ 0.707 AU. This tighter planet-

star separation imposes a stricter constraint on the coronagraph IWA that ultimately reduces the

distance out to which exoplanet systems may be observed at 135◦ phase relative to quadrature

phase for any given coronagraph design. For instance, a 10 meter telescope with θIWA = 3λ/D

can image Earth analog exoplanets out to ∼20 pc at quadrature, but only ∼14 pc at 135◦ degrees.

Photometric Constraints

We also considered the feasibility of detecting large changes in albedo of a particular surface

with phase as a function of observational precision, and the effects of telescope design and target

distance on scientific yields. We repeated the same multi-phase longitudinal mapping experiment
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Figure 4.5 Coronagraph inner working angle (IWA) requirements for observing Earth-analog ex-
oplanets. The top panel corresponds to a planet at quadrature phase (α = 90◦) and the bottom
panel corresponds to a planet at crescent phase (α = 135◦). The IWA is given as the factor which
multiplies λ/D, at a fixed wavelength λ = 0.8 µm, as a function of telescope diameter D and the
distance to the system d.
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Figure 4.6 Change in surface albedo (top) and change in surface longitudinal area covering frac-
tions (bottom) as a function of the signal-to-noise of the observations. The lower x-axis corre-
sponds to the 1-hour photometric signal-to-noise for the Earth at quadrature phase, while the upper
x-axis corresponds to the 1-hour signal-to-noise at crescent phase for observations of the same
exoplanet, at the same distance, using the same model telescope configuration, with the same inte-
gration time. The upper panel shows the phase-dependent albedo increase of Surface 1 (blue) and
Surface 2 (orange) with 1-σ error bars derived by randomly sampling the MCMC posterior distri-
butions. The lower panel shows a similar result but for the change in longitudinal area covering
fraction. The red shaded region indicates the crescent phase photometric precision where a one
surface fit (homogeneous map) is favored by the Bayesian Information Criterion (BIC) over a two
surface fit.
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as in §4.3.1 for the true cloudy Earth observed for 100 hours with a 1-hour cadence, but now

for varying levels of photometric precision. However, instead of fixing the signal-to-noise on

each lightcurve, we fixed the underlying telescope architectural parameters used to simulate the

lightcurves to enforce self-consistency between observations at quadrature and crescent phase.

We then determine for what data quality, or telescope design, statistically significant increases in

Surface 1’s albedo may be retrieved concurrent with statistically similar longitudinal maps.

Figure 4.6 shows both changes in retrieved apparent albedo of the two surfaces and changes

in retrieved longitudinal maps as a function of data quality. The lower x-axis corresponds to the

1-hour photometric signal-to-noise for the Earth at quadrature phase, while the upper x-axis cor-

responds to the 1-hour signal-to-noise at crescent phase for observations of the same exoplanet,

at the same distance, with the same model telescope configuration, and identical integration time.

Thus, fixing all parameters except phase, crescent phase observations are approximately half the

signal-to-noise of quadrature phase observations. The upper panel of Fig. 4.6 shows the phase-

dependent albedo increase of Surface 1 (blue) and Surface 2 (orange) with 1-σ error bars derived

by randomly sampling the MCMC posterior distributions. This visualization presents posterior

PDFs, analogous to those shown in Fig. 4.2, as points with errors along an x-axis of increasing

data quality. The lower panel shows a similarly derived result, but for changes in longitudinal area

covering fraction, which is analogous to results from Fig. 4.3, but now as a function of S/N.

Figure 4.6 indicates that the phase-dependent apparent albedo change of Surface 1 can be ro-

bustly detected and discriminated from the lack of albedo change in Surface 2 across a wide range

in photometric precision, although recognizing the same map at multiple phases may prove dif-

ficult. For a quadrature (crescent) S/N > 10 (5), the increase in apparent albedo with phase for

Surface 1 is consistent with 0.6, with uncertainties smaller than 0.04. Over the same range, the

albedo of Surface 2 slightly increases. The decrease in albedo change of Surface 2 with photo-

metric precision suggests that greater precision aides in the recognition of Lambertian scattering

surfaces. However, the opposite behavior is found for the change in maps with phase. For low

S/N on the observed lightcurves the inferred longitudinal maps are consistent with no change—the

maps are the same within the propagated observational uncertainties. As photometric S/N increases
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the maps at quadrature and crescent phase appear more unique from one another, with an average

covering fraction change of 0.14 ± 0.06 for the highest S/N case. Similar to our findings in Fig.

4.3, this scaling behaviour suggests that the inferred maps are actually distinct despite having the

same continental distribution and sub-observer latitude. We propose that this discrepancy is due to

the effect of a multi-component scattering phase function on the inferred longitudinal maps, which

we discuss further in §4.4.1.

The asymptotic behavior of Surface 1’s apparent albedo increase for S/N > 10 suggests a

natural precision lower limit below which the difference in apparent albedo with phase will be lost

in the noise. To further investigate this limit and determine the photometric limits of mapping—

particularly at crescent phase—we find the minimum number of surfaces that are justified in fits

to different S/N data. We use the Bayesian Information Criterion (BIC; Schwarz et al., 1978) to

penalize overly complicated model fits. We take the “optimal” number of surfaces to be the model

with the minimum BIC. We define a convention that the optimal number of surfaces determined

by the BIC is the number of detected surfaces, where a one surface fit is a homogeneous map and

a two surface fit is the bare minimum to perform any meaningful mapping. This is similar to the

use of principal component analysis to quantify detected surfaces (Cowan et al., 2009; Fujii et al.,

2017), except we find it to be significantly more robust against observational uncertainties.

We used the BIC to find the number of detected surfaces across a finely sampled grid in pho-

tometric S/N at both quadrature and crescent phase. For each S/N, we calculate the BIC for a

one surface model by finding the best-fit from 100 randomly initialized optimizations using the

L-BFGS-B algorithm (Zhu et al., 1997). We then increment the number of surfaces and repeat the

procedure until we discover the minimum BIC. Both panels of Figure 4.6 are shaded red to denote

the crescent phase photometric precision for which only one surface is detected. The boundary

occurs at a photometric precision of ∼15% (S/N=6.7) for observations at crescent phase, which

we take to be the minimum precision capable of performing phase-dependent mapping on a par-

tially cloudy Earth-like exoplanet. We also find that the boundary between one and two surfaces

requires a slightly improved photometric precision of ∼10% (S/N=10) for observations at quadra-

ture phase. This indicates that the increased color contrast between the two surfaces at crescent
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Figure 4.7 Distance (color contours) out to which an Earth-like exoplanet could have crescent
phase (α = 135◦) observations fit with a two surface model, as a function of telescope diameter
and throughput. A 1-hour photometric precision of ∼15% (S/N=6.7) is determined by the BIC to
be the threshold between detecting one surface (homogeneous planet) and two surfaces (heteroge-
neous planet) at crescent phase, considering our observational assumptions, particularly the limited
bandwidth. Minimally detectable two surface maps at quadrature phase can be performed out to
approximately twice the distance shown here for crescent phase.

aids in multi-surface mapping, although higher precision measurements are easier to acquire at

quadrature phase. We also note that three surfaces are detected at photometric precisions > 2.8%

(S/N=35) at quadrature.

Adopting the two-surface threshold at crescent phase as the lower limit to the photometric pre-

cision, we determine the ability for different possible future telescopes to meet this requirement

with respect to scientific yields. Figure 4.7 shows the distance out to which an Earth-like exoplanet

could have crescent phase (α = 135◦) observations meet the S/N threshold for two-surface lon-

gitudinal mapping as a function of telescope diameter and end-to-end telescope throughput. For

example, a 15 m with 20% throughput could perform crescent phase mapping out to 10 pc, while
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an 8 m with 20% throughput could only go out to 5.4 pc, and a 4 m out to only 2.7 pc.

Extending to Low Mass Stars

The forward models used here were developed for Earth-Sun analog systems. However, we can

broaden our scope to consider observations of planets with surface oceans orbiting later type stars,

using the Earth as a proxy for these planets. Cooler stars have compact habitable zones and there-

fore smaller angular separations between planet and star compared to G dwarfs. This places a

stricter constraint on the IWA to directly image exoplanets in such orbits. Using the Kopparapu

et al. (2013) moist/max greenhouse HZ with the 5 Gyr Baraffe et al. (1998) stellar models, we

calculate the semi-major axis of the inner and outer edge of the HZ and relate this to the IWA.

Figure 4.8 shows the distance out to which a planet at the inner edge of the HZ (and therefore

the entire HZ) may be directly imaged as a function of telescope diameter and host star mass, for

90◦ phase, 0.8 µm, and IWA of 3λ/D. A 15 m telescope can directly image planets at the inner

edge of the HZ of a 0.6 M� K dwarf at 90◦ and 135◦ out to 8.3 pc and 5.8 pc, respectively. A

9-meter coronagraph observing the same system would only be able to go out to 5.0 pc and 3.5 pc

for phases of 90◦ and 135◦, respectively; a 6-meter out to 3.3 pc and 2.2 pc, respectively; and a

4-meter out to 2.2 pc and 1.6 pc, respectively. Note that the stellar distances for accessing the inner

edge of the HZ given in Fig. 4.8 are conservative compared with outer edge calculations, which

we also account for next.

Yield Estimates

We now provide initial estimates for how many planets might be accessible to ocean detection, as a

function of telescope diameter. We use the Nearby Stellar Systems Catalog for Exoplanet Imaging

Missions (ExoCat; Turnbull, 2015) to estimate target yields for G, K, and M dwarfs in the stellar

neighborhood. For each star in ExoCat we use the stellar effective temperature and luminosity to

calculate the moist greenhouse inner edge of the HZ and maximum greenhouse outer edge using

relations from Kopparapu et al. (2013). We then relate the projected separation of hypothetical
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Figure 4.8 Left: Projected separation between star and planet at the inner edge of the habitable
zone (moist greenhouse limit) for low mass stars. Quadrature and crescent (135◦) phase projected
separations are shown as solid and dotted lines. Right: Maximum distance (color contours) out to
which a planet at the inner edge of the HZ can be directly imaged as a function of stellar mass and
telescope diameter. Phase, wavelength, and IWA are fixed at 90◦, 0.8 µm, and 3λ/D. Distances
can be readily scaled to the apparent phase α = 135◦ by multiplying by sin(α).

exoplanets at the inner and outer edges of the HZ to the IWA of telescopes of different diameters,

assuming θIWA = 3λ/D, to determine if a planet in such an orbit is observable. Additionally, to

meet the photometric requirements for mapping, we also check to see if an Earth-size and albedo

planet at the inner edge of the HZ exceeds our 1-hour photometric S/N threshold of 6.7, assuming

the same telescope and instrumental specifications provided above and a 20% throughput. If a given

stellar system satisfies both the IWA and the photometric conditions then we count that system as

observable.

However, not all stars will have a HZ planet, and not all HZ planets will be optimally inclined

so that they pass through a crescent phase of 135◦. These are questions on the occurrence rate of

HZ exoplanets and the random distribution of system inclinations, both of which are fundamental

to exoplanetary target yield estimates. Numerous studies have attempted to infer the occurrence

rate of Earth-like planets in the HZ of different stellar types (e.g. Dressing and Charbonneau, 2013;

Kopparapu, 2013; Foreman-Mackey et al., 2014; Burke et al., 2015), but large uncertainties persist
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Figure 4.9 Yield estimates for observations of HZ exoplanets at quadrature (left panel) and crescent
phase (right panel) as a function of telescope diameter for nearby G, K, and M dwarfs. Systems are
counted if a hypothetical planet in the HZ falls outside of the IWA (and is therefore observable),
assuming θIWA = 3λ/D, and if the 1-hour S/N at crescent phase exceeds our photometric threshold
of 6.7 (see Fig. 4.6), assuming a 20% throughput. Both panels share the same y-axes, where the
left y-axis gives the number of stars that would have observable HZ planets. The right y-axis gives
the expected number of exoplanets after considering the geometric probability of passing through
135◦ phase (70%) and assuming a 20% occurrence rate for planets in the HZ. The shaded regions
are bounded below and above by the inner and outer edges of the HZ, respectively, and demonstrate
a sensitivity in yield depending on whether the observed planet is at the inner or outer edge of the
HZ. The dashed lines correspond to the sum of all partially observable HZs (e.g. half a count for
a star with half of the HZ observable outside the IWA). Observations of HZ exoplanets are limited
by photometric precision for G dwarfs while M dwarfs are significantly more limited by the IWA.
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for temperate rocky worlds. We assume an occurrence rate of 20% for G, K, and M dwarfs, which

is consistent with published values. Although trends in occurrence rate with stellar type may exist

(Mulders et al., 2015), we elect to keep our calculations simple so that they may be easily scaled

as occurrence rates are refined. The prior probability of randomly oriented system inclinations is

sin(i)di (Luger et al., 2017b). This means that 70% of randomly oriented systems will have planets

tracing orbital paths that pass through a phase of 135◦ (i > 45◦). We use the 20% occurrence rate

and the 70% random inclination prior to scale our potential stellar targets into an expected number

of exoplanets for which oceans may be searched for.

The left y-axis of Fig. 4.9 shows the number of stars for which an assumed optimally-aligned

planet (i = 45◦ - 90◦) in the HZ of G (yellow), K (orange), and M (red) dwarfs could be observed at

phase angles of 90◦ (left panel) and 135◦ (right panel) as a function of telescope diameter. The right

y-axis of Fig. 4.9 shows the expected number of HZ exoplanets that could potentially be searched

of oceans using our crescent phase glint mapping technique. These observations are assumed to be

at 0.8 µm, using a coronagraph with an IWA of 3λ/D. The shaded regions in Fig. 4.9 are bounded

below by the inner edge of the HZ and above by the outer edge. The dashed lines correspond to

the sum of all partially observable HZs, where a partial HZ is calculated as the radial fraction of

the HZ that is observable beyond the IWA. Thus the dashed lines fall between the corresponding

shaded region because 100% of the HZ is observable if the inner edge falls outside the IWA, while

0% of the HZ is observable if the outer edge is equal to the IWA.

Figure 4.9 suggests that K and M dwarfs will make up the bulk of the stellar hosts for surface

ocean assessments. Low mass K and particularly M dwarfs make up the bulk of the nearby stellar

population. However, these stars have compact HZs that are difficult to observe in direct imaging.

Additionally, the planet-to-star contrast ratio increases towards lower mass, fainter stars. This

decreases the noise due to unocculted stellar light (speckles), particularly for systems with contrast

ratios that are lower than the design contrast of the direct imaging mission (10−10 assumed here).

Fig. 4.9 suggests that K dwarfs strike a balance between these effects for the smaller telescope

diameters considered, and may be optimal stellar hosts for direct imaging studies of HZ planets.

G dwarfs have appreciably separated HZs, so that if the systems are near enough to achieve a
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sufficient photometric precision, then the IWA will not be a restricting factor for crescent phase

observations. This is in agreement with our earlier findings. M dwarfs occupy a different domain:

their favorable planet-to-star contrast ratios more easily satisfy S/N requirements, so that IWA

is instead more limiting on both the stellar distance out to which M dwarfs may have their HZs

observed, and crescent/gibbous phase observations of any HZ planet.

Considering the IWA and S/N constraints, we find that 1 to nearly 10 HZ planets could be

assessed for signs of time-varying ocean glint signals with telescopes in the 6 to 15 m diameter

range. The nearby single stars Tau Ceti, Epsilon Eridani, and Lacaille 8760 (AX Microscopii) are

the respective G, K, and M dwarfs that have the largest angular separation to the inner edge of the

HZ, making them quite optimistic targets, considering IWA constraints. Telescopes smaller than

12 m may have the potential for crescent phase observations around more K dwarfs than either G

or M dwarfs. Telescopes larger than 12 m may have more M dwarfs targets than K dwarf targets.

A 15 m with an IWA of 3λ/D could perform crescent phase 0.8 µm direct imaging in the HZ

(including the sum of partially observable HZs) of approximately 9 G, 25 K, and 20 M stars. A 12

m could do the same for 5 G, 16 K, and 8 M stars; a 9 m for 2 G, 8 K, and 3 M stars; a 6 m for 1 G,

4 K, and 0 M stars; and a 4 m for 1 G, 1 K, and 0 M stars. Considering random system geometries

and assuming an occurrence rate, as discussed above, we find that a 15 m, 12 m, 9 m, 6 m, and 4

m will have approximately 8, 4, 2, 1, and 0 expected planet(s), respectively, in the HZ amenable to

crescent phase mapping investigations.

4.4 Discussion

We investigated the unique time- and phase-dependent observables of Earth oceans in the context

of direct habitability assessments for terrestrial exoplanets. In the following subsections we dis-

cuss how our findings may be used to increase the robustness of ocean detection on exoplanets

(§4.4.1) and assess the potential yield and required observational conditions for ocean searches on

extrasolar planets (§4.4.2).



149

4.4.1 Increasing the Robustness of Exoplanet Ocean Detection

We find that the robustness of exo-ocean detection can be increased via solutions to the appar-

ent albedo and longitudinal map of multiple surfaces observed at multiple orbital phase angles.

We retrieved the longitudinal map and apparent albedo of two unique surfaces from simulated

lightcurves of Earth at quadrature, crescent, and gibbous phase. At quadrature and gibbous phase,

one low albedo surface is mapped to longitudinal slices that we know from Earth to be ocean bear-

ing, while the other more reflective surface is mapped to the continents. At crescent phase, the

maps of the dominant surfaces appeared quite similar to the quadrature phase solutions, and the

albedo of the land-containing slices was nearly the same as at quadrature, but the apparent albedo

of the ocean-dominated slices exhibited a large and discernible increase in albedo of ∼0.5. This

sizable increase in apparent albedo of the ocean-bearing longitudinal slices seen at crescent phase

comes from the ocean glint spot. Since our inverse model assumes surfaces are Lambertian scat-

terers, deviations from Lambertian are encoded in the inferred apparent albedo of the surface, or

the albedo that the surface must have (when integrated over the longitudinal slice) to reproduce the

observed flux. The fact that the longitudinal maps of each surface appear quite similar at quadra-

ture and crescent phase provides a means to identify that the same surfaces are mapped. This helps

to attribute changes in surface reflectivity to specific surface components. The planetary surface

that had appeared dark at quadrature, must reflect light more efficiently at crescent phase. Such a

defined deviation from Lambertian behavior is strongly suggestive of ocean glint.

Although our cloudless Earth tests demonstrated that glint effects can be extracted from cres-

cent phase longitudinal mapping, our tests with realistic time-varying clouds revealed limitations

and caveats for the technique. Clouds made it much more difficult to extract the same map at

both quadrature and crescent phases. Crescent phase observations are more sensitive to clouds

than more nadir viewing geometries. Clouds therefore inhibit, but do not fully prevent, accurate

surface longitudinal mapping at crescent phase. We were still able to detect the presence of large

landmasses, like Africa, which effectively interrupted the glint spot.

However, clouds had minimal impact on the surface albedo results with phase. Despite the
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added difficulty for accurately detecting the same map, we did confidently detect the increase in

albedo of the ocean-bearing slices, along with the lack of albedo increase of the land-bearing slices.

Both retrieved surfaces exhibited a slight increase in albedo going from quadrature to crescent

phase when clouds were included. Without clouds Surface 2 (land) did not increase in inferred

albedo (0.02 ± 0.02) with phase, while with clouds it increased by about 0.1 (0.08 ± 0.02), a

30% increase. Surface 1 (ocean) without clouds increased in albedo by 0.5 (0.47 ± 0.02) with

phase, a factor of ∼20 increase, while with clouds it increased by 0.6 (0.57 ± 0.02), a factor

of ∼5 increase with phase. This added increase of 0.1 in the apparent albedo of both surfaces

towards crescent is due to forward scattering by clouds, which we find imparts a significantly

smaller phase-dependent effect than ocean glint (c.f. Robinson et al., 2010), and the effect of glint

strongly correlates with only one of the surface components. Cowan et al. (2009) also noted that

clouds appeared to increase the albedo of both principle components used in their study, rather

than appearing as a unique principle component (or surface). As a result of decomposing the

lightcurves into two surfaces, we see a much stronger effect from glint (∼5×) than that noted by

Robinson et al. (2010) (∼2×), which could make this technique a more sensitive tool for ocean

detection than attempting to observe phase-dependent brightness in the disk-average.

Longitudinal mapping at crescent phase naturally breaks the latitude-albedo false positive for

ocean glint Cowan et al. (2012) by attributing the global albedo increase observed at crescent

phases to a specific surface on the planet. High S/N, high cadence, reflected light observations

at crescent and quadrature (or gibbous) phase enable the longitudinal map and albedo to be re-

trieved. The time-variability of a rotating planet’s disk-integrated light is used to deconvolve the

relative albedo increase seen towards crescent phase into specific surfaces that are responsible for

the relative increase. This may increase the confidence that high latitude ice is not responsible for

the relative albedo increase. Furthermore, the boosted strength of the glint signal found after the

deconvolution (∼5×) exceeds the likely increase in disk-integrated albedo that is expected from

the latitude-albedo effect for an Earth-like planet with polar ice caps (∼2×; Cowan et al., 2012).

We find that phase-dependent deviations in the longitudinal maps of, our ideal case, the cloud-

less Earth further implicate non-Lambertian surface scattering behavior. The difference between
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the quadrature and crescent phase maps in Fig. 4.1 can be attributed to the footprint on the planet

that contributes the most flux at each phase, and therefore drives our inferences. Cowan et al.

(2013) refer to this as the kernel of convolution, which has a longitudinal and latitudinal extent

determined by the system geometry and phase function of the reflecting surface (Schwartz et al.,

2016). At quadrature phase, the planet’s surface is well described by a Lambertian surface with a

kernel that extends well above and below the equator (for our case here with a 90◦ inclination and

0◦ obliquity). However, at crescent phase the ocean deviates from diffuse Lambertian scattering

as light reflected off the ocean is dominated by the glint spot. The effective size of the glint spot

is significantly more concentrated in both longitude and latitude compared with the Lambertian

kernel of convolution. Consequently, the ocean glint probes a relatively small latitudinal extent.

Thus, inferred glint maps are highly sensitive to interruptions (e.g. land, ice, and clouds) along the

direct path that the glint spot takes across the surface of the planet. In our test case of Earth with

90◦ inclination and 0◦ obliquity, the dominant latitude and path of the glint spot is the equator.

The effect of kernel size helps to explain why our cloud-free longitudinal maps at quadrature

phase (Fig. 4.1) show a sensitivity to continents in the mid-latitudes, such as North America and

Asia, which does not appear in the crescent phase maps. These continents never intersect the path

of the latitudinally compact glint spot, and are therefore not mapped at crescent phase. Thus, the

latitudinal heterogeneity of the planet leads the inferred maps to slightly disagree between quadra-

ture and crescent phase. This does not occur strictly due to the system geometry as explored in

Schwartz et al. (2016), but instead because the scattering phase function of the planetary surface(s)

affects the width of the convolution kernel. Conversely, the differences found between the quadra-

ture and gibbous phase maps are driven more by the illumination geometry, which favors smoother

longitudinal maps at gibbous phase because more illuminated longitudes are integrated together,

thus decreasing spatial resolution in the maps (Fujii et al., 2017).

For demonstrative simplicity we have considered planets with zero obliquity and in an edge-on

inclined orbit. Since the sub-observer latitude does not change with phase, this is the optimal case

for detecting the same longitudinal map at multiple phases. However, even for this optimistic case

with the same latitude dominating the peak reflected flux, we had difficulty recognizing the same
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map at multiple phases due to latitudinal heterogeneity, as discussed above.

This presents the possibility of false negatives that may arise due to the difficulty of infer-

ring the same longitudinal map at multiple phases. If the observed planet has a prominent north-

south continental dichotomy and a non-zero obliquity, like Earth, or a non-edge-on inclination,

then time-series observations at multiple phases will constrain the two-dimensional map of the

planet (e.g. Kawahara and Fujii, 2010, 2011; Fujii and Kawahara, 2012; Berdyugina and Kuhn,

2017) and the obliquity (Schwartz et al., 2016; Farr et al., 2018). For these cases it will be more

difficult to distinguish between changes with phase and changes in surface type. As a result,

multi-phase longitudinal mapping will perform best for system geometries that are not amenable

to two-dimensional spin-orbit mapping. However, exoplanets with non-zero obliquity may still

exhibit strong lightcurve variations at crescent phase that are best explained by the combination

of a Lambertian and a non-Lambertian component. It may be that congruence of the multi-phase

maps is not necessary to place strong constraints on the detection of glint. Indeed, our finding that

the glint signal is found in only one inferred surface, and that the glint effect far exceeds forward

scattering by clouds, may favor an ocean glint interpretation, albeit with less confidence than if the

multi-phase maps matched.

Even the detection of glint is not uniquely indicative of surface liquid water. Surface liquid

reservoirs of any composition may cause a specular reflection due to their mirror-like smoothness.

This is perhaps best exemplified by the glint detection from Titan’s hydrocarbon lakes (Stephan

et al., 2010). Freshly-formed smooth ice may also deviate from Lambertian scattering (Williams

and Gaidos, 2008). Furthermore, terrestrial glint has been identified from light scattering off ori-

ented ice crystals in high altitude cirrus clouds (Kolokolova et al., 2010; Marshak et al., 2017).

Such signals could be distinguished from surface glint due to their lack of reproducibility on sub-

sequent rotations, or by their anti-correlation with water vapor absorption features in the spectrum

that would indicate a cloud-truncated path length. These cases exemplify why additional context

is necessary for conclusions to be drawn on the surface liquid composition, such as surface pres-

sure and temperature constraints (Robinson, 2018), or the phase-dependent relative change in the

surface albedo as discussed in this work.
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Because the VPL Earth Model only accurately reproduces Earth, our study only considered

Earth’s true geography, rotation rate and atmospheric composition. Future studies should gener-

alize the technique of glint mapping with randomly sampled rotation rates and geographies. Fur-

thermore, we assumed that the rotation rate was precisely known. However, a simple periodogram

analysis indicates that our time-series data used for longitudinal mapping with a one-hour cadence

and 100-hour duration is more than sufficient to confidently infer the rotation rate of Earth. In

general, when the S/N is sufficient for longitudinal mapping to favor two or more surfaces and the

observational duration exceeds the rotation rate, then the rotation rate can reliably be retrieved.

This agrees with the findings of Pallé et al. (2008) and Fujii et al. (2014). However, the rigorous

treatment of directly imaged terrestrial exoplanet rotation rates is beyond the scope of this chapter,

and we leave it for follow-up work.

Additionally, closer-in planets are more likely to be in tidally locked rotation states, for which

our assumption that the rotational period is much shorter than the orbital period breaks down.

Further work should investigate the potential for glint detection in reflected light phase curve mea-

surements of tidally locked exoplanets in the habitable zones of late K and M dwarfs. In these

cases the interruption of a glinting ocean by land may manifest as a strong asymmetry in the phase

curve between the waxing and waning crescent phases.

Using the apparent albedo assumes that the illumination phase angle and planet radius are

known, but in practice, both of these quantities will be difficult to precisely constrain for directly

imaged exoplanets. This is due to uncertainties in orbit determinations and the radius-albedo-phase

degeneracy (Nayak et al., 2017). Planet size cannot be measured unless the planet is transiting, and

it is highly unlikely that the few planets amenable to glint mapping observations have transiting

orbits. Alternatively, constraints on the planet’s radius may be derived for non-transiting planets

from a combination of photometric measurements and constraints on the planet’s albedo, radius,

and atmospheric composition determined via spectrum retrieval (e.g. Nayak et al., 2017; Feng

et al., 2018). Multi-epoch observations can be used to derive the planet’s orbit, either prior to, or

using the multi-epoch observations studied in this chapter. The radius-albedo degeneracy could

potentially be broken by relating the inferred surface composition to it’s laboratory measured re-
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flectance spectrum, particularly if phase-dependent glint were to provide a strong indication on

the composition of the reflecting surface. Similarly, identifying the slight increase in reflectivity

towards crescent for both surfaces could indicate forward scattering by clouds and may be used

to rule out a low planet albedo, thereby helping to constrain the planet radius. In the event that

the planet’s radius is unconstrained or incorrectly assumed, multi-phase observations may still re-

veal relative increases in the apparent albedo of multiple surfaces with the caveat that the apparent

albedo and longitudinal area covering fraction of each surface are not precisely known.

A number of improvements to the fitting procedures used in this work could be made in the

future. We fit the light curves at each phase independently, but multiple epochs can instead be

fit simultaneously (e.g. Farr et al., 2018), while allowing for the surface albedo to change with

phase. A stronger prior could be enforced that only one of the surfaces is allowed to change albedo

as a function of phase. This would turn the physical prior that land does not glint into a model

constraint, thereby reducing the number of fitting parameters and helping with lower S/N cases.

Additionally, a Gaussian process could be used to enforce smoothness in the longitudinal maps and

allow for the characteristic angular length scale to be inferred (e.g. Farr et al., 2018). This could

provide enough flexibility in the mapping procedure to more accurately assess the congruence of

maps at multiple phases.

Our work has extended rotational mapping to multiple observed planetary phases to combine

specific observables of exoplanetary habitability. Previous studies have demonstrated the utility

of multi-wavelength lightcurve inversions to map directly imaged exoplanets in one-dimension

(Cowan et al., 2009; Fujii et al., 2010, 2011; Cowan and Strait, 2013), and two-dimensions (Kawa-

hara and Fujii, 2010; Fujii and Kawahara, 2012; Berdyugina and Kuhn, 2017; Farr et al., 2018).

While previous two-dimensional exoplanet mapping concepts have leveraged the planet’s obliquity

and/or inclination to scan latitudes using observations at multiple orbital epochs (Schwartz et al.,

2016), we have instead considered phase-dependent effects for observations at multiple epochs for

cases where negligible obliquity and a nearly edge-on planet orbit would prevent two-dimensional

mapping. Our crescent phase simulations of Earth demonstrate a clear increase in reflectively rela-

tive to more illuminated phases due to specular reflection off the oceans, as seen in previous studies
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(Williams and Gaidos, 2008; Robinson et al., 2010, 2014a). The variability of Earth increases to-

wards crescent phase as the illuminated crescent may be more completely dominated by a single

end-member surface spectrum (Oakley and Cash, 2009; Robinson et al., 2010). We demonstrated

for the first time that crescent phase variability can be leveraged to map ocean glint.

4.4.2 Observational Feasibility and Yield Estimates

The observations discussed above will require a telescope that can achieve simultaneous multi-

wavelength, time-series, direct imaging observations of an Earth-like exoplanet at crescent phase.

This will require a next-generation, high contrast, space-based direct imaging mission equipped

with a coronagraph or a starshade. For glint-mapping observations to be feasible, light from the

planet must fall outside the coronagraph or starshade inner working angle and at sufficient signal-

to-noise to justify spectral unmixing inverse methods, without overfitting.

We find that the IWA constraints that must be overcome to directly image an Earth-analog at a

crescent phase of 135◦ are less stringent than the constraints on the photometric precision. A 9 m,

12 m, and 15 m space-based coronagraph with an IWA < 3λ/D would be capable of observing an

Earth-Sun analog at a 135◦ phase angle out to ∼13, 17, and 21 pc, respectively. However, a 9 m,

12 m, and 15 m telescope with a 20% end-to-end throughput can only reach the requisite ∼15%

1-hour photometric precision on multi-wavelength lightcurves of Earth at 135◦ phase out to ∼6, 8,

and 10 pc, respectively.

We estimate that there will be potentially habitable exoplanets orbiting nearby stars that will be

amenable to glint searches using a next-generation, space-based telescope. The IWA, which is less

problematic than photometric precision for G dwarfs, becomes a more serious concern for later type

stars where the HZ is more compact. On the other hand, the larger population of nearby K and M

dwarfs compared to G dwarfs, and the more favorable planet-star contrast ratios for these later type

stars both help to counteract the IWA concern. This allows for the possibility of quadrature and

even crescent phase observations of G, K and M dwarf HZ planets using coronagraph-equipped

telescopes with diameters in the 6-15 m range. Telescopes with diameters approximately ≥8 m

may have more K and M dwarf targets than G dwarf, depending on how exoplanet occurrence
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rates scale with stellar type.

Since performing longitudinal mapping at multiple phases requires relatively high S/N observa-

tions, then larger mirror size, and/or improvements in optical throughput and coronagraph spectral

bandwidth could increase the potential number of oceans detected. Our derived 1-hour S/N re-

quirement assumed 100 hours of consecutive observations at each phase, however, lower S/N with

more exposures or higher S/N with fewer exposures could still achieve qualitatively similar results.

This could potentially open the door to glint mapping observations for smaller telescopes, such

as a 4 m, but would require more than 100 hours of observation at each phase, and can likely

only search for oceans on planets orbiting in the HZ of Alpha Centauri A and/or B, due to their

proximity.

Although our study specifically modeled coronagraph-equipped telescopes, our results are also

applicable to external occultors, such as a starshade. The main difference between coronagraph

modeling and starshade modeling for the purposes of this study are the IWA, throughput, and spec-

tral bandwidth. Although starshades can attain λ/D IWA, they are currently being considered for

smaller telescopes (≤4 m; Seager et al., 2015; Spergel et al., 2015; Mennesson et al., 2016) than

those using only an internal coronagraph. Therefore, a 4m-class starshade-enabled telescope with

an IWA of λ/D would be comparable to an 8m with internal coronagraph and an IWA of 2λ/D.

For equivalent IWAs the higher yield of possible ocean observations will go to larger aperture

and/or enhanced throughput, and external occultors more readily achieve higher throughput than

internal occultors due to fewer optical elements (Mennesson et al., 2016). Additionally, starshade

technology permits larger spectral bandpasses to be simultaneously observed. This will allow more

photons to be collected, effectively increasing the throughput, and will also provide a broader wave-

length range over which to identify unique planetary surface albedo components. Figures 4.5 and

4.7 can easily be interpreted for a telescope with a starshade by considering IWAs, diameters, and

throughputs that are more applicable to such an observatory. However, the multi-epoch approach

discussed in this work will require two pointings at the same target, possibly months apart, which

is more constrained by the formation flying operations of the starshade.

Due to contrast considerations, large aperture ground-based telescopes will be unlikely to ob-
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serve habitable planets around G dwarfs in reflected light, but may excel for K and M dwarfs.

Ground-based 30 meter class telescopes have an estimated coronagraph raw contrast of 10−7−10−8

(Guyon, 2005; Pueyo and Norman, 2013), compared with estimates for space-based observatories

of ∼10−10. Since Earth-Sun analogs have a flux contrast in the visible of ∼10−10, ground-based

observations will face 102 − 103 times more noise from an inability to fully block stellar light,

which will more than erase gains from larger diameter mirrors. However, ground-based direct

imaging of nearby habitable zone planets orbiting K and M dwarfs may be optimal for such 30-m

class facilities due to more favorable planet-star contrast ratios, and the larger aperture helps to

ameliorate some IWA concerns for these compact systems.

While similar previous studies have focused on broad wavelength coverage (e.g. Cowan et al.,

2009), we focused on a narrow wavelength region (0.68 - 0.8 µm) to remain relevant to current

coronagraph design that is unable to effectively control the wavefront over broad wavelength ranges

(Pueyo and Norman, 2013). As a result of the narrow spectral coverage and the intrinsic faintness

of target habitable exoplanets, we simulated multi-wavelength, time-series photometry by rebin-

ning hourly spectroscopy. This allows for simultaneous multi-wavelength, time-series without the

need to change photometric filters. This also means that the entire duration of the time-series may

be coadded into one spectrum that contains the disk- and time-averaged spectrum of the planet,

which would be an excellent data product for atmospheric retrieval studies (e.g. Feng et al., 2018).

Thus, we argue that time-series spectroscopy is more favorable than traditional filter photome-

try for the time intensive observations discussed in this chapter. Low noise detector technology

will enable this type of time-dependent spectroscopic observation. Microwave Kinetic Inductance

Detectors (MKIDs) are a promising new technology that directly measure photon energy as they

excite the detector, allowing for simultaneous photon counting and low-resolution spectroscopy

(Meeker et al., 2018). Such advances would naturally allow for simultaneous multi-wavelength

time-series observations. Furthermore, the wavelength range that we considered (0.68 - 0.8 µm)

contains the 0.76 µm O2 A-band and the vegetation red-edge—two potential biosignatures—and

thus our IWA results are also directly applicable to observing biosignatures on potentially habitable

nearby exoplanets. Ultimately, the atmospheric context necessary to more confidently character-
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ize the habitability of an exoplanet target may be contained within the same dataset used for the

mapping results presented in this chapter, but along the spectral-, rather than temporal-dimension.

4.5 Conclusions

We successfully mapped Earth as an exoplanet using simulated multi-wavelength, time-series ob-

servations at multiple orbital phases, while including ocean glint and forward scattering by clouds.

We confirmed the findings of Cowan et al. (2009) that planet mapping in the specular reflection

regime can identify two surface components corresponding to oceans and continents. However, our

results extend this work to show that the specularly reflecting glint spot dominates the inferred cres-

cent phase maps, just as a dark blue surface dominates our quadrature maps for ocean-dominated

worlds. Interruptions in the crescent phase glint signal as Lambertian scattering continents ro-

tate into view leads to a strong blinking effect, which allows for separate longitudinal maps to

be constructed of Lambertian and non-Lambertian surfaces. We identified that the partitioning of

Lambertian and non-Lambertian surfaces between retrieved surfaces is in stark contrast to the ef-

fects of forward scattering by clouds, which introduces a global apparent albedo increase for all

surfaces towards crescent phase. Such multi-epoch studies may be used to detect the strong devia-

tions from Lambertian scattering that oceans exhibit and thereby increase the robustness of ocean

detection on directly imaged exoplanets.

We found that recognizing the same longitudinal map at multiple phases will be difficult for

a variety of reasons. Clouds introduce uncertainty into the surface maps; non-zero obliquities

and inclinations <90◦ cause latitudinal sensitivities with phase; and the effective latitudinal extent

of the mapped longitudes is a function of phase. However, even cases with distinct longitudinal

maps at each phase may exhibit a time-dependent rotationally-induced glint signal, which differs

significantly from forward scattering by clouds.

We estimate that space-based, high-contrast telescopes with diameters larger than 6-m will

have at least one potentially habitable target amenable to glint mapping via crescent phase obser-

vations, with a 15-m telescope offering nearly 10 targets. Although the technique of glint mapping

discussed here is not applicable to all potentially habitable planets, it may be a key tool for in-



159

creasing the robustness of habitability assessment for the most promising direct imaging targets.

The discovery of an ocean on an exoplanet will transform exoplanet science by unveiling a truly

habitable planet beyond Earth, bringing us one step closer to answering fundamental questions on

the prevalence of life in the universe.
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Chapter 5

SEARCHING FOR BIOSIGNATURES AND CONFIRMING
HABITABILITY WITH LUVOIR
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Portions of this chapter were originally written in collaboration with Giada Arney and the en-

tire LUVOIR Mission Concept Study Team as a Design Reference Mission in the LUVOIR Final

Report Appendices (B.3 Signature Science Case #2: Searching for biosignatures and confirming

habitability), and are reproduced below with the permission of NASA.

Summary

Constraining the prevalence of habitable and inhabited exoplanets is one of the main science ob-

jectives of the LUVOIR telescope concept. Accomplishing this ambitious objective will require

directly-imaged reflectance spectra of many Earth-like exoplanets that can be analyzed for signs of

habitability and biosignatures. We use the LUVOIR-A (15 m) and LUVOIR-B (8 m) coronagraph

design specifications reported in the LUVOIR Final Report to perform exposure time calculations

and determine the number of potentially habitable Earth-like exoplanets for which LUVOIR can

undertake a robust search for habitability and biosignatures. We find that a dedicated one-year

characterization program with LUVOIR-A (LUVOIR-B) would be capable of observing the spec-

tra of 24 (11) exo-Earth candidates between 0.3−1.5 µm. We highlight the challenges faced when

observing exo-Earths in the farthest UV and farthest NIR bandpasses, and we explore the effect to

our spectral yields of imposing a target prioritization strategy based on preliminary evidence about

each target. These spectral yields demonstrate that the LUVOIR telescope could characterize the

nature of a large enough sample of HZ terrestrial exoplanets to place statistical constraints of the

prevalence of planetary habitability and life in the Solar neighborhood.

5.1 Introduction

Determining whether a potentially habitable exoplanet is actually habitable and whether it hosts

life will be one of the greatest astronomical challenges in the coming decades. The Large Ultra-

violet / Optical / Infrared Surveyor (LUVOIR) has been designed with access to a broad swath of

UV-visible-NIR wavelengths to specifically enable searches for a diverse range of habitability in-

dicators and biosignature features (Dalcanton et al., 2015; Roberge et al., 2019; LUVOIR Mission

Concept Study Team, 2019). This ambitious science objective has driven many design choices for
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LUVOIR, however at present it remains unclear exactly how capable the LUVOIR mission would

be at confirming habitability and searching for biosignatures.

As detailed in the LUVOIR Final Report (Chapter 3; LUVOIR Mission Concept Study Team,

2019), LUVOIR’s proposed strategy for studying habitable and possibly inhabited exoplanets em-

ploys a multilevel targeted approach to test whether habitable conditions are possible on planets

orbiting nearby stars and to then determine whether any of the habitable exoplanets exhibit re-

motely detectable signs of life. To test these hypotheses, LUVOIR will first perform an initial

two-year habitable exoplanet survey. This initial survey will use precursor information to estab-

lish a ranked list of promising targets based on known information about nearby stars available in

the 2030s. Then multi-color photometry and proper motion will be used to determine which faint

sources of light around target stars are actually planets. Next, observations spaced out over each

planet’s orbit will be required to constrain the orbital motion and determine which planets are in the

HZ. Finally, the initial survey will conclude with observations of low resolution, low S/N spectra

to search for the H2O feature at 0.94 µm. This will produce a catalogue of Earth-like exoplanet

(exo-Earth) candidates that are likely to be both rocky and in their star’s HZ.

Following the exoplanet yield estimation methods of Stark et al. (2014), the LUVOIR team

anticipate detecting approximately 54 and 28 exo-Earth candidates with LUVOIR-A and -B, re-

spectively (Signature Science Case #1; LUVOIR Mission Concept Study Team, 2019). However,

not all habitable planet candidates will be actually habitable. Habitability depends on the avail-

ability of surface liquid water, which in turn depends on volatile delivery, planetary evolution, and

many additional factors (see Meadows and Barnes, 2018). Furthermore, only a fraction of these

candidates may show signs of habitability via atmospheric water absorption features in the initial

exo-Earth survey (we refer to this fraction as ηwater). Therefore, significantly more information

will be needed to follow-up on the exo-Earth candidates.

The LUVOIR habitable planet characterization program would employ a similar multilevel

approach to combine and synthesize multiple observations into a comprehensive picture on the

presence of habitability and biosignatures. First, UV observations of the star will be used to un-

derstand the photochemical environment of the planet. Second, astrometic observations will be
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used to constrain the planet masses. Third, relatively high S/N spectra will be acquired to constrain

the H2O abundance, search for biosignatures, such as O2, O3, and CH4 (see Schwieterman et al.,

2018), and check that any biosignatures are not false positives (Meadows, 2017; Meadows et al.,

2018b). Finally, additional observations may be required for the most promising targets to extend

the spectrum to find additional features and/or revisit the planet to search for seasonal variations.

In this chapter we focus on answering a single question about LUVOIR’s habitable exoplanet

detection and characterization strategy that directly ties the field of Astrobiology with the engi-

neering challenges of mission design optimization. That is,

How many potentially habitable Earth-like exoplanets will LUVOIR be able to rigor-

ously search for habitable conditions and life?

This is ultimately a question of scientific yield that links characteristics about the mission—

including exposure times and mission duration, specific telescope design specifications, instru-

ment sensitivities, and observing strategies—to many crucial aspects of stellar, planetary and Earth

science—including the demographics of nearby stars, exoplanetary occurrence rates, and strategies

to detect surface oceans and biosignatures.

To determine the anticipated yield of Earth-like exoplanet spectra with NASA’s LUVOIR mis-

sion, we use the design specifications for the two LUVOIR concepts—LUVOIR-A (15 m diameter)

and LUVOIR-B (8 m diameter)—from the LUVOIR Final Report to perform exposure time calcu-

lations for the list of habitable exoplanet candidates produced by the LUVOIR Team (see Signature

Science Case #1; LUVOIR Mission Concept Study Team, 2019). We thus determine the amount

of time required on each target to observe a spectrum that has sufficient S/N to probe habitability

and biosignatures. Using this information we determine the number of exo-Earth candidates that

could be observed in a dedicated characterization survey. Finally, we examine the sensitivity of

these calculations on the spectral completeness (fraction of LUVOIR’s entire wavelength range

that is observed) and the fraction of candidates that actually have H2O features in their preliminary

spectrum. This approach and the results presented here represent a modified version of a De-

sign Reference Mission (DRM) conducted for the LUVOIR Final Report and originally appeared
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in the The LUVOIR Final Report Appendices as B.3 Signature Science Case #2: Searching for

biosignatures and confirming habitability (LUVOIR Mission Concept Study Team, 2019). The

organization of this chapter is as follows: we describe our methods in Section 5.2; we present our

results in Section 5.3; and we offer a discussion and conclusion in Section 5.4.

5.2 Methods

We begin the description of our methods next with an overview of our simulated observations

(Section 5.2.1), followed by details about the stellar and planetary targets (Section 5.2.2). We then

present the coronagraph model used for exposure time calculations (Section 5.2.3), and last we

discuss our exposure times and overheads (Section 5.2.4).

5.2.1 Observation Overview

Our primary goal is to obtain a spectrum of each exo-Earth candidate that has sufficient wavelength

coverage and SNR to detect signs of habitability and life, and to rule out potential false positives

for any observed spectroscopic biosignatures. Based on the work of Feng et al. (2018), we believe

that obtaining a spectrum across the bulk of LUVOIR’s ECLIPS coronagraph wavelength range

(0.2−2 µm) is sufficient to accomplish this goal for modern Earth-like planets. Figure 5.1 displays

a characteristic modern Earth spectrum from Robinson et al. (2011) with the expected noise for the

observations described in this program. This wavelength range is also sufficient to characterize and

detect life on an Archean or Proterozoic Earth analog, as described in Chapter 3 of the LUVOIR

Final Report (LUVOIR Mission Concept Study Team, 2019).

We perform our nominal exposure time calculations assuming a planet with a wavelength-

independent 20% albedo (a “gray” planet with the Earth average albedo). This gray spectrum is

agnostic to specific molecular features, allowing us to estimate the integration time required to

obtain a given SNR on the mean spectral continuum at any wavelength. This is done to ensure that

the low planetary albedo at the bottom of absorption bands does not bias our observations towards

unnecessarily long exposure time estimates. However, we also consider the detectability of key
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Figure 5.1 Simulated spectrum of an Earth analog exoplanet observed with LUVOIR in this DRM
observing program (SNR = 8.5). The shaded background regions indicate the wavelength ranges of
the UV (blue) and visible (green), and NIR (red) channels. The vertical lines show 20% bandpasses
in the UV and visible channels and 10% bandpasses in the NIR channel.

individual molecular bands on modern Earth, and for this we use a partially cloudy Earth spectrum

(Robinson et al., 2011).

In our calculations, we require SNR=8.5 on the continuum across the complete LUVOIR spec-

tral range (0.2−2.0 µm) to detect and place abundance constraints on atmospheric gases, based on

work by Feng et al. (2018). Feng et al. (2018) performed atmospheric retrievals from 0.4-1.0 µm

at a spectral resolution of R=140 (the same as LUVOIR in the visible channel) for a range of SNR

values. However, a subtlety of the Feng et al. (2018) results is that their quoted SNR values are

calculated at a standard wavelength of 0.55 µm, not at the continuum near any particular spectral

feature of interest. Therefore, the equivalent SNR on the continuum at other wavelengths will be

different from the Feng et al. (2018) SNR values at 0.55 µm due to wavelength-dependent differ-

ences in the SNR between the LUVOIR design used here and the telescope noise model used in

Feng et al. (2018). For instance, Feng et al. (2018) find that a spectrum with SNR=10 at 0.55 µm

can place order-of-magnitude constraints on the O2 abundance. We find that SNR=10 at 0.55 µm

corresponds to SNR=8.5 near the O2 A band at 0.76 µm. Based on the assumption that the O2 A

band is one of the more challenging and important spectral features that will retrieve, we apply this
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SNR=8.5 requirement for O2 across our spectrum, where our SNR=8.5 is equivalent to Feng et al.

(2018)’s SNR=10 at 0.55 µm for O2 retrieval. Note that Feng et al. (2018) show that constraints on

O2 are weaker than those on H2O and O3 at a given SNR, so we can assume that our spectrum will

also produce as strong or stronger abundance constraints on H2O and O3.

Additionally, LUVOIR’s broad wavelength coverage extends farther into the UV and farther

into the NIR than the spectrum from the Feng et al. (2018) study, enabling access to a range

of biosignatures and biosignature false positives. Specifically, this enables LUVOIR to access

features like the strong Hartley-Huggins ozone band (0.2−0.3 µm), which is a critical biosignature

for planets with low oxygen abundances, like the mid-Proterozoic Earth (Planavsky et al., 2014;

Reinhard et al., 2017). LUVOIR can also access the 1.6 µm CO2 band which, together with CH4

and/or organic haze (with spectral features across the visible and NIR), form a biosignature for

Archean Earth-like planets (Arney et al., 2018; Krissansen-Totton et al., 2018a).

5.2.2 Targets

LUVOIR’s initial two-year exo-Earth detection survey provides the list of candidates from which

targets for our intensive spectroscopic follow-up will be selected. Based on the exo-Earth yields

anticipated for LUVOIR-A and B (54 planets for LUVOIR-A; 28 planets for LUVOIR-B), we per-

form a biased draw of targets from the total list of stars observed in the exo-Earth imaging surveys

(LUVOIR Final Report Appendices Section B.2), weighted towards stars with higher habitable

zone completeness. This becomes our biased catalog of systems with exo-Earth candidates.

We make a few simplifying assumptions for the target exoplanets. We assume that the exoplanet

being observed is one Earth-radius and positioned at quadrature phase. We will not know the radius

of directly imaged exoplanets at this stage and this stands to be a major characterization hurdle that

is beyond the scope of this work. However, our assumption of quadrature phase is reasonable based

on the constrained orbits of the targets at this stage of their characterization. We further assume that

each planet is located at the inner edge of the habitable zone (moist greenhouse; Kopparapu et al.,

2013) for the star about which it orbits. This is a conservative assumption from the perspective of

the IWA, but optimistic from the perspective of planet-star contrast (due to the 1/r2 reflected flux
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dependence). Blackbodies are assumed for each stellar spectrum, set by the known stellar effective

temperature; 90% of our stellar catalog is comprised of FGK stars for which a blackbody is a

reasonable assumption. We caution that this may change our calculations in the UV where stellar

emission is significantly non-thermal. The exozodi level in each system is set to the same value

drawn from the LBTI exozodi distribution for each target system used in the initial detection survey

(see LUVOIR Signature Science Case #1 or Stark, 2019), which ranges from about 0.1−100 zodis.

5.2.3 Coronagraph Model

We make extensive use of the open-source Python coronagraph telescope noise model, coronagraph,

developed for exoplanet science and significantly improved upon in this work. The Python coronagraph

package is based on Interactive Data Language (IDL) code originally developed by T. Robin-

son1 and is described in detail with science applications in Robinson et al. (2016). The Python

code is published in the Journal of Open Source Software (JOSS; Lustig-Yaeger et al., 2019), it

is continuously managed in an open-source GitHub repository2, and it is available for download

from the Python Package Index (PyPI) by typing “pip install coronagraph” at a standard

linux/unix terminal.

Briefly, coronagraph uses analytic relations to calculate the photon count rates for a variety

of astrophysical, telescope, and instrumental noise sources. These include photons from coron-

agraph speckles, zodiacal and exozodiacal dust, telescope thermal emission, dark current, read

noise, and clock-induced charge. The model also includes Earth’s atmospheric transmission and

emission spectrum from the UV through the near IR for ground-based telescope modeling (Mead-

ows et al., 2018a). Photons from a user-provided exoplanet source spectrum are compared against

the aforementioned sources of noise to provide wavelength-dependent signal-to-noise (S/N) ratios

and synthetic observations. The model also features “reverse” S/N calculations, which provide the

requisite exposure times per wavelength interval such that a user-specified S/N is achieved on the

exoplanet spectrum. We will make use of these reverse S/N calculations in this work.

1https://github.com/tdrobinson/coronagraph_noise

2https://github.com/jlustigy/coronagraph

https://github.com/tdrobinson/coronagraph_noise
https://github.com/jlustigy/coronagraph
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The coronagraph model was designed to assess exoplanet science capabilities for near- and far-

term future telescopes. Since the computations are all relatively simple and analytic, coronagraph

is ideal for fast sweeps across a range of possible telescope, instrumental, astrophysical, and plan-

etary parameters to investigate primary noise sources and the feasibility of different science case.

However, coronagraph may be impractical for existing telescopes or telescope concepts that have

mature designs due to the “first order” nature of the model. Additionally, systematic errors (e.g.

from speckle subtraction), stray light from companion stars and/or background objects, and time-

dependent (red) noise terms are not considered. More specific or detailed use cases than those

outlined above may be appropriate for the Exoplanet Open-Source Imaging Mission Simulator3

(EXOSIMS; Delacroix et al., 2016). However, for the purposes here the coronagraph model

is ideal due to the large number of star-planet targets that we will simulate observations for, and

the flexibility and speed of the model allow for a rapid response to changes in telescope design

parameters, which occurred numerous times over the course of this work.

coronagraph has already been used in numerous practical science applications. This in-

cludes peer-reviewed work on the potential for direct-imaging Proxima Centauri b with ground-

and space-based telescopes (Meadows et al., 2018a), the detectability of exoplanet aurorae on Prox-

ima Centauri b (Luger et al., 2017b), and for assessing methods to directly detect exoplanet oceans

(Chapter 4; Lustig-Yaeger et al., 2018). The coronagraph model is also used within NASA God-

dard’s interactive tool Coronagraphic Spectra of Exoplanets4, and continues to be used in work

such as this to motivate science cases for next-generation, space-based, direct-imaging mission

concepts (Mennesson et al., 2016; Bolcar et al., 2017).

The coronagraph package may also be used to simulate signal-to-noise ratios and synthetic

spectra for transiting exoplanets observed with transmission and emission spectroscopy. The

transiting exoplanet modules extend the potential science applications of coronagraph to non-

coronagraph-equipped telescopes, enabling studies relevant to a far-infrared surveyor mission con-

cept (Cooray and Origins Space Telescope Study Team, 2017). This capability was used in the

3https://github.com/dsavransky/EXOSIMS

4http://luvoir.stsci.edu/coron_model

https://github.com/dsavransky/EXOSIMS
http://luvoir.stsci.edu/coron_model
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LUVOIR Final Report to assess the mission’s transit capabilities, but this work is not included in

the nominal direct-imaging observing strategy under investigation here.

5.2.4 Exposure Times & Overheads

We adopt the nominal LUVOIR telescope and ECLIPS coronagraph instrument parameters for

the LUVOIR-A and LUVOIR-B architectures provided in the LUVOIR Final Report (LUVOIR

Mission Concept Study Team, 2019). One particularly strong constraint on LUVOIR’s ability to

observe broad wavelength spectra is that LUVOIR can only observe spectra within one bandpass at

a time per channel. We assume 20% instantaneous bandpasses across the LUVOIR UV and visible

spectral ranges and 10% bandpasses across the NIR (shown by the vertical shaded regions in Fig.

5.1). Simultaneous observations in two channels at a time are accounted for in our reported total

exposure times. It is assumed the third channel will be used for wavefront sensing, although obser-

vations in all three channels simultaneously may become possible in the future with technological

improvements.

A few crucial modifications were made to the original coronagraph model during this

project that are all now available in the online version of the model. First, the model now al-

lows the user to provide a wavelength-dependent throughput curve to replace the single-valued

panchromatic throughput. Figure 5.2 shows the optical throughput used for LUVOIR as a function

of wavelength. Note that it peaks near 50% at 2 µm and reaches a minimum of 5% at 200 nm in the

UV. The coronagraph model was also upgraded to include the dependence of the coronagraph con-

trast and throughput on the separation between the planet and star as a function of λ/D. Figure 5.3

shows the raw coronagraph contrast and core throughput curves used for each type of coronagraph

considered for the LUVOIR mission. The behavior is different for each coronagraph design as a

function of the targets planet’s separation from the star. We account for these relationships to cap-

ture the subtle effects induced in each system observed. We use these specific relationships shown

in Fig. 5.3 for the Apodized Pupil Lyot Coronagraph (APLC) on LUVOIR-A, and the Deformable

Mirror assisted Vortex Coronagraph (DMVC) on LUVOIR-B. We also studied the Phase-Induced

Amplitude Apodization (PIAA) coronagraph for LUVOIR-B. The APLC has multiple masks for
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Figure 5.2 LUVOIR’s wavelength-dependent optical throughput used in this study. The throughput
minimum is about 5% at 200 nm and reaches a maximum of 52% by 2 µm.

Figure 5.3 Raw contrast and core throughput curves as a function of planet-star separation for three
different coronagraph designs considered in the LUVOIR Final Report. The coronagraph contrast
curves (dotted lines) are shown relative to the left y-axis and the core throughput curves (solid
lines) are shown relative to the right. The left panel shows the Apodized Pupil Lyot Coronagraph
(APLC) considered for the LUVOIR-A concept; the central panel shows the Deformable Mirror
assisted Vortex Coronagraph (DMVC) considered for LUVOIR-B); and the right panel shows the
Phase-Induced Amplitude Apodization (PIAA) coronagraph considered for LUVOIR-B.
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different planet-star separations. We perform exposure time calculations using all three masks and

assume the use of the mask that gives the minimum exposure time for each individual star and for

each bandpass.

We also account for overheads on our observations. For each target, we assume 1-hour for the

combination of slew, dynamic settle, and thermal settle time. We then add 0.6 (1.25) hours for

architecture A (B) to dig the dark hole down to the desired contrast for each bandpass observed.

Finally, we impose a 10% overhead on the total science time for one assumed iteration of the

wavefront control system.

For each star in the biased catalog of exo-Earth candidates, we calculate the exposure time in

each bandpass necessary to observe an exo-Earth at SNR=8.5, as discussed above. This produces

a lookup table of requisite exposure times for each target in each bandpass. Bandpasses that are

not entirely observable when considering the IWA and OWA are not included in exposure time

calculations. However, this approach overestimates decreases in spectral completeness, which we

quantify as the percentage of the total LUVOIR wavelength range (0.2−2.0 µm) that is observable

for any given exo-Earth target. To address this, we also consider science program cases that omit

bandpasses, and necessarily decrease the spectral completeness to increase the spectral yield.

To examine how our spectral yields are impacted by observations that target only a fraction of

the full sample of exo-Earth candidates due to a prioritization metric, such as the presence of H2O,

we randomly sample Ndraw exo-Earth candidates from the biased catalog, where Ndraw is set by

the fraction of water-vapor-bearing targets in the biased catalog, ηwater. We use the precomputed

exposure times per bandpass to calculate the total exposure time to observe the full spectrum for

each planet. As we will see, the total integration time to characterize the complete set of Ndraw

planets is exorbitantly large, so we also calculate the number of exo-Earth spectra that can be

obtained in a time-limited program, for which we prioritize targets with shorter exposure times.

5.3 Results

We first examine the spread in exposure times among the exo-Earth candidates. We find that

bandpass exposure times vary significantly, both from one wavelength to another, and at a given
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Figure 5.4 Required science exposure time per bandpass (left axis) to reach SNR=8.5 for LUVOIR-
A (top panel) and LUVOIR-B (bottom panel). The blue (UV channel), green (visible channel),
and red (NIR channel) “boxes and whiskers” show the 50% (box extent) and 95% (whisker extent)
confidence intervals about the median (white bar) science time required to observe the spectrum
shown in Figure 5.1, for the targets in the biased catalog of exo-Earth candidates. The percentage
of stars in the target catalog that can be completely observed in each bandpass—considering IWA
and OWA constraints is displayed above each box. Exposure times required to achieve a fixed
precision on the spectrum can vary by orders of magnitude.

wavelength depending on the specific stars in the sample that ultimately host the target exo-Earth

candidates. Figure 5.4 shows the range of exposure times required in each bandpass to observe

the LUVOIR-A (top panel) and LUVOIR-B (bottom panel) exo-Earth candidates. The percentage

of exo-Earth candidates in the biased draw catalog for which spectra in each bandpass may be

obtained given IWA and OWA constraints is also shown along the top of each plot.
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LUVOIR-A and LUVOIR-B offer nearly complete coverage at UV and visible wavelengths

for our set of target stars, but the IWA leads to decreasing spectral completeness towards longer

NIR wavelengths. The longest NIR bandpass requires relatively long exposure times, but only

∼40 − 70% of the stars in the biased catalog may have access to this entire bandpass given the

coronagraph IWA. The large tails seen in the 95% confidence intervals (Figure 5.4) that extend to

lower exposure times is caused by the small handful of very nearby targets in the sample that are

only a few parsecs away, which require only a few hours to observe in this bandpass.

The shortest UV bandpass is particularly costly to observe for exo-Earth planets, primarily due

to the lack of reflected photons available and the low coronagraph throughput here. The large tail

seen in the 95% confidence interval of the bluest UV bandpass that extends roughly two orders of

magnitude higher in exposure time for LUVOIR-B is caused by the latest type stars (late K and M

dwarfs) in the sample which have a low UV flux. These tails may be decreased by the use of better

UV SEDs in future calculations.

Omitting the most time intensive bandpass(es) offers an observing strategy for obtaining spectra

of more targets in significantly less observing time, without sacrificing significant scientific yield.

These expensive bandpasses could be observed later as part of a follow-on program for the most

interesting planets that exhibit signs of habitability and life. Hundreds of days of observing time

can be saved if these costly bandpasses are not included in the nominal science program. Moreover,

the two bluest UV bandpasses may not be immediately necessary for ozone detection on a modern

Earth-like planet, which has the ozone Chappuis band between 0.5 − 0.7 µm (Feng et al., 2018)

and can also access the long wavelength shoulder of the UV ozone Hartley-Huggins band in the

third shortest UV bandpass at ∼0.3 µm. For a Proterozoic Earth-like planet where the Chappuis

band is not detectable, the third shortest UV band should be able to detect the spectral darkening

from ozone. Meanwhile, the reddest NIR bandpasses may provide leverage for the detection of

water and/or methane, but both of these molecules have bands at shorter wavelengths that may be

more easily detected. Archean Earth in particular may have had a methane-rich atmosphere able

to produce CH4 spectral features even in the visible channel. These reddest bandpasses are most

valuable for detecting methane at low modern Earth-like abundances, but this type of expensive
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Figure 5.5 Number of spectra (color map and contour lines) that may be observed by LUVOIR-
A (left panel) and LUVOIR-B DMVC (right panel) as a function of both total observing time
and fraction of “interesting” targets in the exo-Earth candidate sample, ηwater. The two shortest
wavelength UV bandpasses and the four longest NIR bandpass are not included, so the spectrum
spans 0.29− 1.46 µm. A higher fraction of candidate targets increases the probability that nearby,
more easily observed, stars are included in the exo-Earth candidate sample, which yields more
complete spectra in shorter duration programs.

observation would likely only be sought once other signs of biosignatures were detected at shorter

wavelengths. These bandpasses also allow access to CO2 near 1.6 µm, which could be targeted

as part of the nominal program for planets with shorter integration times, or part of an extended

program if integration times are lengthy.

We also find that, if only a subset of “interesting” targets according to ηwater are observed,

the value of ηwater strongly affects the number of spectra that may be obtained in a time-limited

science program. Figure 5.5 shows contours of the average number of spectra that can be acquired

as a function of the total observing time and the interesting target fraction, ηwater. Low values for

ηwater (e.g., 10%) yield only a few exo-Earth targets slated for follow-up in this program, which,

on average, require long exposure times due to the lower probability of them being nearby easy

targets. On the other hand, optimistic estimates for ηwater yield many interesting targets for follow-

up, which can be prioritized by distance such that many spectra are able to be observed even for a

relatively modest observing program duration.

Considering the aforementioned dependence of the spectral yields on both the a priori unknown
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Mission Concept N0 α β
LUVOIR-A 24 0.71 0.37
LUVOIR-B 11 0.76 0.39

Table 5.1 Parameters for the fit to the number of exo-Earth spectra observable with LUVOIR (see
Equation 5.1).

interesting target fraction and the desired spectral completeness, we report spectral yields for a

broad selection of different contingencies. Figure 5.6 and Figure 5.7 report the number of exo-

Earth spectra that may be obtained for LUVOIR-A and LUVOIR-B, respectively, for different

assumed interesting target fractions ηwater and for different wavelength coverage cases. For our

nominal observing program, all exo-Earth candidates are prioritized in order of shortest to longest

observing time and the reported spectral yield is the number of spectra that fit into the assumed

program duration after overheads are added. Results are presented for both 12-month and 6-month

habitable exoplanet characterization science program durations. In addition to the information

shown in Figure 5.7, we find that the yield values for LUVOIR-B may increase substantially (by

up to 50%) with new PIAA coronagraph designs. For the nominal time allocation of these tests

(6 months), we choose to report yields for programs designed to acquire spectra from 0.29− 1.46

µm, which we find strikes a balance between spectral completeness, observing time, and scientific

yield.

We fit a simple power law scaling relation to the LUVOIR spectral yield results to more easily

approximate our solutions. The number of exo-Earth spectra LUVOIR could obtain,Nspec, is given

by

Nspec ≈ N0

(ηwater

100%

)α( texp

365 days

)β
(5.1)

where N0 is the fiducial number of spectra in the nominal reported wavelength range (0.29− 1.46

µm), texp is the total exo-Earth characterization program duration (exposure times plus overheads),

and α and β are fitted powerlaw exponents. The parametersN0, α and β are reported for LUVOIR-

A and LUVOIR-B in Table 5.1.
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Figure 5.6 Number of spectra (SNR=8.5) observable in a 6-month or 12-month LUVOIR-A hab-
itable exoplanet characterization program for different observed wavelength ranges (spectral com-
pleteness) and assuming different ηwater fractions. The quoted “plus-minus” values only represent
the uncertainty in which specific stellar targets are randomly selected to host “interesting” planets
via ηwater.

5.4 Discussion & Conclusion

We calculated the total time required to obtain direct spectra of sufficient quality to confirm hab-

itable conditions and detect biosignatures on Earth-like exoplanets with LUVOIR. The number of

Earth-like exoplanets for which these direct spectra can be obtained in a time-limited program vary

substantially based on the number of planets chosen for spectral characterization and the fraction of

the total wavelength range included in the nominal program (among other crucial factors). For in-

stance, in a one-year observing program, LUVOIR-A (LUVOIR-B) would only be able to observe

full spectra of 8 (2) exo-Earths from 0.2− 2 µm, but if we instead focus on the 0.3− 1.5 µm range
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Figure 5.7 Number of spectra (SNR=8.5) observable in a 6-month or 12-month LUVOIR-B hab-
itable exoplanet characterization program for different observed wavelength ranges (spectral com-
pleteness) and assuming different ηwater fractions. The quoted “plus-minus” values only represent
the uncertainty in which specific stellar targets are randomly selected to host “interesting” planets
via ηwater.

we can increase the exo-Earth spectral yields to 24 (11) targets. We emphasize that these calcula-

tions do not describe a fully optimized observing program, but rather represent a proof-of-concept

to establish feasibility and uncover avenues for further exploration.

The strategy that obtains the largest number of planetary spectra involves observing spectra

of all exo-Earth candidates in order of lowest exposure time to obtain a reflectance spectrum,

rather than down-selecting interesting candidates based on preliminary information. If the fraction

of interesting targets (ηwater in this case) is small, the exo-Earths selected for follow-up will on

average be farther away from us and will require longer integration times to characterize due to the
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small number of targets. In such a scenario piece-wise spectra that strategically focus on specific

molecular signatures may be a better strategy than the “full” spectral characterization strategy laid

out here. Furthermore, in a low ηwater scenario, some time may be shifted from the 2 year nominal

exo-Earth search survey to the 6 month characterization mission, as a 6 month reduction in the

nominal survey is expected to decrease the exo-Earth candidate yield by only 10%, while it would

double the time available for characterization. Maximizing the number of planets observed can

enable powerful comparative planetology. As a result, we chose to focus on a nominal program

that obtains spectra of as many planets as possible.

Figure 5.8 shows example spectral observations that LUVOIR could obtain in this mock ob-

serving program. The top panel shows the modern Earth’s spectrum with clearly visible Rayleigh

scattering and gaseous absorption due to O3, O2, and H2O, although CO2 and CH4 would not be

detectable. The second panel shows a version of the Proterozoic Earth with low atmospheric oxy-

gen levels with detectable Rayleigh scattering and gaseous absorption due to H2O, CH4, and CO2,

but O3 is only detectable with UV coverage short or 0.3 µm. The third panel shows a version of the

Archean Earth with a hydrocarbon haze, which is detectable via a visible and UV haze absorption

feature, CH4, H2O, and CO2 are also detectable. The fourth (bottom) panel shows the spectrum

of Venus with a prominent absorption feature in the UV/blue due to still unknown UV absorber,

along with numerous CO2 features throughout the NIR.

It is worth noting that part of LUVOIR’s full habitable planet candidate characterization strat-

egy includes measuring planet masses using on-board astrometry with HDI. Planet masses are

essential for this stage of characterization, but are not included as part of our work here. The time

required for these astrometric measurements is included in the LUVOIR Final Report as Signature

Science Case #5: The formation of planetary systems (Appendix B.6.2 of LUVOIR Mission Con-

cept Study Team, 2019). Although the exposure times are negligible compared to those presented

here for spectra, the time costs are dominated by overheads to perform multi-epoch observations

for each planet throughout their orbits.
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5.4.1 Targeted versus Agnostic Observing Strategies

The distinction between ηwater = 100% and ηwater < 100% provides insights into the difference

between a statistical search for habitability and biosignatures versus a system science target-based

approach. That is, using an observable planetary characteristic—such as the presence of water

vapor—to down-select targets necessarily biases the original sample of exo-Earth candidates in

order to test a given hypothesis on specific targets. The unbiased sample (represented by ηwater =

100% for simplicity) is larger and can be used to probe underlying population trends for planets in

the HZ (e.g. are there trends in the CO2 abundance with semi-major axis? Checlair et al., 2019).

While the biased sample (ηwater < 100%) can be used to probe the environments of individually

selected targets (e.g. are there biosignatures and can we rule out false positives?). In the system

science approach, we intentionally have fewer targets because we focus exclusively on what are

deemed to be the most interesting/promising targets, such that we can test a hypothesis. In the

statistical approach, we benefit from as large and unbiased a sample as possible. These are two

complementary approaches to exoplanet characterization; they both seek answers on the nature of

exoplanets, but by asking fundamentally different questions. Perhaps ideally, we would create an

observing program for LUVOIR that optimally features both approaches.

The spectra in this observing program for ηwater = 100% may offer a first glimpse at both

characterization approaches working together as the spectra are sufficiently high SNR and broad

enough in wavelength coverage to allow for a robust constraint on biosignatures and biosignature

false positives, thereby testing the hypothesis that life exists as we know it. However, by including

all exo-Earth candidates we achieve a large enough sample to conduct a rigorous characterization

campaign capable of placing statistical constraints on any underlying comparative planetology

trends identified between the planets.

5.4.2 Future Work

The results presented here can be improved upon in the future to increase confidence and robustness

for habitability and biosignature detection surveys. First, the design specifications for LUVOIR and
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its instruments are guaranteed to change even if NASA decides to prioritize one of the LUVOIR-A

or LUVOIR-B architectures. Not only will such changes make these results obsolete, but there may

be opportunities to optimize the design to increase the yield of exo-Earth spectra—a potentially

crucial back-and-forth. Additionally, the synthetic spectra “observed” in this work and shown in

Figure 5.8 should be studied in detail to further quantify how the telescope and instrument designs,

exposure times, and S/N directly affect the inference of habitability and biosignatures. Instead

of tuning our S/N to calibrate our spectra to the retrieval results from Feng et al. (2018), future

work should reproduce and improve upon the work of Feng et al. (2018), using a state-of-the-art

atmospheric retrieval code to interpret the many synthetic spectra produced from our calculations.

This would help to verify the inferred constraints on molecular abundances and to articulate optimal

future strategies. In the next chapter we will describe a new atmospheric retrieval model that has

been specifically designed to complete future projects such as this.
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Figure 5.8 Example reflected light spectra of the modern Earth (top panel), low O2 Proterozoic
Earth (second panel), hazy Archean Earth (third panel), and Venus (bottom panel) as they would
be observed, as exoplanets, in this theoretical LUVOIR observing program.
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Part III

RETRIEVING THE ATMOSPHERES OF TERRESTRIAL EXOPLANETS
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Chapter 6

DEVELOPMENT OF A TERRESTRIAL EXOPLANET ATMOSPHERIC
RETRIEVAL MODEL



184

Portions of this chapter are in preparation for publication in the The American Astronomical So-

ciety Journals in collaboration with Victoria S. Meadows, Michael R. Line, David Crisp, and Tyler

D. Robinson.

Summary

Exoplanet atmospheric retrieval models have become invaluable tools for the interpretation of

observed exoplanet spectra, however surprisingly little work has been done to develop and test

retrieval methods for terrestrial exoplanets despite the excitement for upcoming spectral obser-

vations of terrestrial exoplanets with JWST . In this chapter, we develop and describe a novel ex-

oplanet atmospheric retrieval algorithm built specifically for terrestrial exoplanets whose atmo-

spheres and surfaces may span a broad range of temperatures, surface pressures, and composi-

tions. Our retrieval algorithm is built around the physically rigorous line-by-line radiative transfer

code, SMART, originally built for Solar System terrestrial remote sensing. Our new SMART

Exoplanet Retrieval code, or SMARTER, has a modular design featuring a suite of different for-

ward and inverse models that enable atmospheric inference for a variety of different observing

techniques—including transmission, emission, and reflectance spectroscopy—coupled to an as-

sortment of different Bayesian retrieval methods—including optimal estimation, Markov chain

Monte Carlo, nested sampling, and a novel machine learning approach. We validate SMARTER

against transmission spectrum observations of Earth observed in solar occultation, demonstrating

key capabilities and challenges for interpreting the spectra of terrestrial exoplanets with complex

atmospheres.

6.1 Introduction

Exoplanet spectroscopy offers a window into the atmospheric state of tens to hundreds of planets

only recently discovered, all but promising a scientific revolution in our understanding of atmo-

spheric formation, evolution, composition, climate, chemistry, and dynamics (Burrows, 2014).

Spectroscopic observations of rocky, Earth-size exoplanets orbiting the smallest of M dwarfs are

expected to reach new heights in precision with the James Webb Space Telescope (JWST) when it
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launches, facilitating the study of primary and secondary atmospheres and enabling the first search

for habitability and biosignatures, especially in the TRAPPIST-1 system (Morley et al., 2017;

Krissansen-Totton et al., 2018a; Wunderlich et al., 2019; Lustig-Yaeger et al., 2019b). Concepts

are under development for a next generation space-based telescope that will expand these science

cases to Earth-like exoplanets orbiting Sun-like stars using direct imaging spectroscopy, expanding

our focus beyond M dwarf planets and requiring even greater levels of spectral precision (HabEx

Study Team, 2019; LUVOIR Mission Concept Study Team, 2019). However, the atmospheric

retrieval models required to interpret exoplanet spectra have largely focused their efforts on extra-

solar gas giants due to the current data that exists for such planets (Line et al., 2013; Kreidberg

et al., 2014, 2015; Line and Parmentier, 2016), leaving a substantial gap in terrestrial exoplanet

retrieval capabilities on the metaphorical eve of finally acquiring terrestrial data1.

A significant amount of work has been done to develop atmospheric retrieval models capable

of interpreting the transmission and thermal emission spectra of gas giant exoplanets (Irwin et al.,

2008; Madhusudhan and Seager, 2009; Line et al., 2013; Benneke and Seager, 2013; Waldmann

et al., 2015; Cubillos et al., 2016; Lavie et al., 2016; Howe et al., 2017; Kitzmann et al., 2019;

Zhang et al., 2019; Damiano and Hu, 2020). Some retrieval models focus on a data-driven ap-

proach that allows the atmosphere to take on any form as long as it optimally fits the spectrum

(e.g. Madhusudhan and Seager, 2009), while other retrieval codes enforce thermal equilibrium

chemistry so that the best-fitting spectra maintain plausible chemical self-consistency (e.g. Kreid-

berg et al., 2015). The assortment of different retrieval models and their respective physical and

statistical approaches have proven to be an essential ingredient in numerous recent exoplanet at-

mospheric characterization discoveries, including the measurement of atmospheric water vapor in

the atmospheres of hot Jupiters and super-Neptunes (Wakeford et al., 2013; Fraine et al., 2014;

Kreidberg et al., 2015, 2018), and the seemingly ubiquitous presence of clouds and hazes in the

atmospheres of exoplanets from super-Earths to hot Jupiters (Berta et al., 2012; Pont et al., 2013;

Kreidberg et al., 2014; Barstow et al., 2017; Pinhas et al., 2019). Furthermore, efforts to validate

1We note that the persistent JWST delays have created an oft overlooked steady-state eve.
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the different retrieval models against one another have led to modeling improvements and to a

general consensus of code agreement (Kreidberg et al., 2015; Barstow et al., 2020). Despite the

well-established importance and recent successes of retrieval modeling, relatively little work has

been done to develop and test retrieval methods for small, rocky, terrestrial exoplanets.

Due to the recognized difficulty of studying Earth-size exoplanet atmospheres and the lack

of any spectrally-resolved observations of these bodies, only a few studies over the past decade

have specifically used retrieval models to characterize the atmospheres of terrestrial exoplanets

using JWST (Barstow et al., 2016; Barstow and Irwin, 2016; Krissansen-Totton et al., 2018a).

Barstow et al. (2016) used the NEMESIS retrieval model (Irwin et al., 2008) to determine if JWST

can distinguish an Earth-like from a Venus-like exoplanet, thus highlighting challenges associated

with distinguishing intrinsically distinct atmospheres using only low resolution, low signal-to-noise

transit spectra. The discovery of the TRAPPIST-1 system (Gillon et al., 2016, 2017b) opened a new

door for terrestrial exoplanet atmospheric characterization, as the seven confirmed planets form a

set of terrestrial targets whose atmospheres could be studied with JWST observations (Morley

et al., 2017; Lustig-Yaeger et al., 2019b). Barstow and Irwin (2016) performed simulated JWST

retrievals of the inner TRAPPIST-1 planets assuming that they had Earth-like atmospheres2 and

concluded that a dedicated campaign of 30-60 transits could detect ozone. Krissansen-Totton et al.

(2018a) expanded on these studies by using the NEMESIS retrieval and determined that JWST

may be able to detect signs of anoxic biosignatures in the atmosphere of TRAPPIST-1e, taking

an important step towards biosignature retrieval for planets that are not modern-Earth-analogs.

Indeed the discovery of the TRAPPIST-1 system has reoriented the field towards a perspective that

terrestrial exoplanet atmospheric characterization may in fact be achievable with JWST , even if

only an initial assay.

Most of the past terrestrial exoplanet atmospheric retrieval efforts have focused primarily on

using Earth’s atmospheric composition as a guide to build science cases for different future tele-

scopes and/or observing/instrumentation techniques that may be required to characterize such

2Although the inner TRAPPIST-1 planets are not in the HZ.
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rocky worlds. Some researchers have performed terrestrial retrieval studies on thermal emission

spectra spanning mid-IR wavelengths to build the case for studying the thermal structure and com-

position of Earth-like planets using a future infrared interferometer (Von Paris et al., 2013; Léger

et al., 2019) or a JWST-like successor (Quanz et al., 2019; Tremblay et al., 2020). Recently, Trem-

blay et al. (2020) upgraded the CHIMERA retrieval algorithm (Line et al., 2013, 2014; Line and

Parmentier, 2016) to study TRAPPIST-1e with Earth-like atmospheric conditions to make the case

for biosignature detection with the next-generation mid-IR telescope concept, OST (Origins Space

Telescope Study Team, 2019). Other papers have undertaken terrestrial exoplanet retrievals to build

the case for directly-imaging Earth-like exoplanets to search for signs of habitability and biosig-

natures in light reflected off planetary surfaces and atmospheres (Brandt and Spiegel, 2014; Feng

et al., 2018). In particular, Feng et al. (2018) performed seminal work to develop a reflected-light

retrieval model and assess their ability to retrieve gases from an Earth-like exoplanet observed with

future direct imaging missions (WFIRST/HabEx/LUVOIR). This work demonstrated that HabEx

and LUVOIR could indeed detect and constrain the abundance of H2O, O2, and O3, and pro-

vided key spectral resolution and SNR constraints for the telescope design teams. Additionally,

Wang et al. (2017a) investigated whether high-dispersion coronagraphy (high-contrast coronagra-

phy combined with high-resolution spectroscopy) can be used to directly image Earth-like exo-

planets orbiting M dwarfs by leveraging the increased planet-to-star flux contrast at high spectral

resolution—a method that could be performed with future ground-based telescopes3. These past

works make strong cases for developing future telescopes that can study Earth-like planet atmo-

spheres, but have largely neglected non-Earth-like atmospheric compositions.

The possible diversity among terrestrial exoplanet atmospheres stands as a major challenge for

atmospheric retrieval modeling, despite also being an exciting opportunity to significantly advance

the fields of planetary science and astrobiology through comparative planetology. In particular,

the impacts of unknown/unconstrained bulk atmospheric composition have yet to be fully explored

3Although this work did not perform atmospheric retrievals, they suggested that integrating atmospheric retrieval
into the cross-correlation template-matching analysis framework could help mitigate errors introduced by mis-
matched templates.
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with retrieval models. The subsequent degeneracies among different bulk compositions are likely

to confound efforts to understand the nature of terrestrial atmospheres. In the future, the ability

to robustly infer biosignatures and rule out false positives will depend on our understanding of

the atmospheric context in which a potential biosignature is found (Meadows, 2017; Meadows

et al., 2018b; Catling et al., 2018). Meeting this goal will require a thorough census of atmo-

spheric gases attained via spectral inference with atmospheric retrieval models. It will also require

a self-consistent treatment of the physics and chemistry of terrestrial atmospheres to synthesize

this information. The self-consistent thermal equilibrium chemistry retrieval approaches that have

been applied to extrasolar gas giants (e.g. Kreidberg et al., 2015) are not always appropriate for

terrestrial planet atmospheres, which are often sufficiently cool or thin that photochemistry or ge-

ologic outgassing drive the atmospheric composition out of thermal equilibrium. However, these

methods do demonstrate the potential benefits of thermal and chemical constraints on the terrestrial

planet retrieval approach.

Atmospheric retrievals will clearly play a crucial role in the near future to analyze the spectra

of terrestrial exoplanets and attempt to robustly infer indicators of habitability and biosignatures.

However, despite all of the work that has been done to establish atmospheric retrievals as common-

place in the exoplanet field, much work remains to develop a robust atmospheric retrieval frame-

work for the interpretation of terrestrial exoplanet spectra with JWST , and beyond it. A model is

needed that (1) does not treat terrestrial planets as small-scale Jovian planets nor as strictly Earth-

like, but is built from the ground up to handle the physical complexity and chemical composition

diversity expected for terrestrial exoplanets; (2) is prepared to address these challenges while an-

alyzing upcoming JWST observations; (3) has a consistent framework to compare, contrast, and

combine different observing techniques that are applicable to future telescopes; (4) can operate

at high resolution to investigate promising new techniques applicable to ground-based 30-m class

telescopes; and (5) can incorporate robust self-consistent physics and chemistry to lay the founda-

tion for a Bayesian framework for future habitability and biosignature detection.

In this chapter we describe and validate such a model for the interpretation of terrestrial exo-

planet atmospheres. In §6.2 we introduce our novel terrestrial retrieval model, including both the
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forward (§6.2.3) and inverse models (§6.2.4). In §6.3 we detail our efforts to validate the model

using spacecraft observations of Earth. We summarize and discuss our findings in §6.4.

6.2 The SMART Exoplanet Retrieval (SMARTER) Model

The purpose of a remote sensing retrieval model is to infer physical and chemical information

about a planet’s atmosphere and surface given observations of the planet’s emitted, reflected, or

transmitted spectrum. A typical retrieval model does this by assuming an initial atmospheric state,

and then modifying that state to simulate the planetary spectrum that is consistent with the obser-

vations. Generally, this is an iterative process, in which the simulated spectrum for an assumed

atmosphere and surface state is compared to the observed spectrum, and the state is updated to

reduce the differences between the simulated and observed spectra. This process is repeated until

the best possible fit to the planetary spectrum, and by extension, the most probable picture of the

planetary properties, is obtained. Figure 6.1 shows a diagram of the standard atmospheric retrieval

workflow used in this work.

In more detail, atmospheric retrieval modeling is Bayesian statistics applied to fitting plane-

tary spectra. A retrieval begins with an initial guess for the physical and chemical state of the

planet’s atmosphere and surface (e.g. atmospheric temperature structure and gas abundances, sur-

face temperature and albedo, clouds, etc.), which is called the initial state vector, x0. A radiative

transfer model is used to generate a high-resolution synthetic spectrum of the planet described by

the parameters in the state vector. The spectrum is then convolved with a response function for the

instrument that was used to make the observation, and mapped to the appropriate spectral resolution

and wavelength range of the data. The combined radiative transfer and instrument simulator mod-

els are together referred to as the forward model. The model spectrum, F(x), is directly compared

to the observations, y. A hypothetical perfect model’s fit to noiseless data would give F(x̂) = y,

where x̂ in this case would be the best possible retrieved atmospheric parameters. However, for

any real application the data will have measurement errors, which must be taken into account, such

that the relevant metric of comparison between the observed and the simulated spectra is a cost (or

log-likelihood) function. The canonical cost function is written as the sum of two terms, the first
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Figure 6.1 Diagram of the standard retrieval workflow used by SMARTER. An initial guess for the
surface and atmospheric state is passed to the forward model, along with gas and aerosol optical
properties. The forward model calculates the spectrum and uses an instrument model to degrade it
to the quality of the observed data, before passing the spectrum to the inverse model for comparison
with the observed spectrum via Bayes’ theorem. The inverse model then determines a new state
for the planet surface and atmosphere, and runs it back through the forward model. The retrieval
iterates in this way, until the inverse model’s specific convergence criteria are met and a best fitting
set of parameters (or the full posterior distributions) are obtained.

describes the “goodness of the fit” relative to the noise in the spectrum (chi-squared), while the

second penalizes states that deviate from prior constraints on the atmosphere given other previous

measurements or physical constraints. Depending on the value of the cost function for a given

state, xi, that state will either be accepted as the retrieved solution, x̂ = xi, or modified and fed

back into the forward model for another iteration, xi+1. The logic that drives the retrieval process

to converge to the best fitting atmospheric state (or set of states) and iterates x through parameter
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space is called the inverse model. In the remainder of this section, we will describe how SMARTER

treats each of the aforementioned retrieval components.

In the next section we introduce Bayes’ Theorem, which is the underlying statistical framework

used by retrieval algorithms. Then, in Section 6.2.2, we describe in detail the radiative transfer

code, SMART, used within our retrieval forward model that enables terrestrial planet spectra to

be simulated. In Section 6.2.3, we explain how our retrieval forward model operates for exoplanet

transmission, emission, and reflectance spectroscopy. Finally, in Section 6.2.4, we detail the many

different inverse modeling approaches that can be used within our retrieval framework.

6.2.1 Bayes’ Theorem

At the heart of an atmospheric retrieval algorithm is the Inverse Model—an elegant mathematical

formalism based on Bayes’ Theorem—that is used to update our understanding about an observed

system by reconciling new data from observations of the system with prior knowledge on the

system from previous measurements or physical constraints. For instance, in the context of Earth

remote sensing, one may wish to update our knowledge of Earth’s atmospheric CO2 abundance

by interpreting a recently observed spectrum from an orbiting satellite. However, we also want to

leverage the fact that previous measurements of Earth’s CO2 may have reported the abundance as

415± 3 ppm during the same month in the previous year4. Bayes’ Theorem provides the statistical

framework for reconciling the previously inferred uncertainties on CO2 with the new spectral data

and its uncertainty so that we can provide an informed update to the CO2 abundance. This is

necessary because the CO2 abundance and the uncertainty on it cannot be directly measured, but

instead must be inferred by fitting a simulated spectrum, generated with a radiative transfer model

using the correct amount of CO2, to the spectral observations, using a retrieval model. Therefore,

Bayes’ Theorem offers a method to propagate the measurement uncertainties from the spectrum

through to the inferred quantities, such as the CO2 abundance.

Formally, Bayes’ Theorem states that the posterior probability of our model parameters, x (e.g.

4Although this is based on values acquired online (https://www.co2.earth/daily-co2), this example is
purely pedagogical.

https://www.co2.earth/daily-co2
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which may include CO2), given some observed data, y (e.g. our measured spectrum), is

P(x|y)︸ ︷︷ ︸
posterior

=

likelihood︷ ︸︸ ︷
P(y|x)

prior︷ ︸︸ ︷
P(x)

P(y)︸ ︷︷ ︸
evidence

. (6.1)

We can interpret P(x|y) as “the probability of x given y”, where we read “P” as “the probability”

and the delimiter “|” as “given”. The posterior can be thought of as the updated information after

taking the data into account. The term, P(y|x), is called the likelihood and represents the prob-

ability that our data would exist, given our choice of atmospheric model parameters. Although

this is conceptually backwards from what we are actually trying to estimate (think inverse model-

ing), as we will see later in this section, the likelihood is mathematically well-defined as it simply

quantifies how well our current state fits the observed spectrum; how likely is it that our data are

noisy samples of our current synthetic spectrum? The term, P(x), is called the prior probability

and represents the probability of our model parameters at any particular atmospheric state given

previous measurements and/or physical constraints. The term in the denominator, P(y), is called

the marginal likelihood or the evidence and it acts to normalize the equation by integrating the like-

lihood over the entire parameter space (e.g. all possible values of x). As we will see, the evidence

term is often neglected for Bayesian parameter estimation because it is unnecessary to normalize

Bayes’ Theorem to find estimates of each parameter (e.g. histograms need not be normalized to

identify where they peak). However, the evidence term becomes important for model comparison

applications, when one wishes to identify which specific forward model, among many, does the

data provide the strongest evidence.

The broad applicability of Bayes’ Theorem stems from the way it attempts to mathematically

balance the influx of new information (via the likelihood) with previously held beliefs (via the

priors), thereby formalizing the process of changing ones mind with the advent of compelling new

data. However, despite its relatively simple form, Bayes’ Theorem is conceptually tricky because

each term represents a probability distribution that can be visualized using a histogram, but we do

not typically hold intuition for performing algebra using probability distributions. Consequently,
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it is often necessary to evaluate Bayes’ Theorem numerically by picking one choice of x at a time

(e.g. a single choice for the CO2 abundance), evaluate the prior and likelihood, and then calculate

the posterior probability at that state. After many choices of x, the full shape of the posterior

probability distribution can be constructed.

A bit of careful mathematical manipulation helps to transform Bayes’ Theorem from the ab-

stract into a form that can be related back to our retrieval problem, and easily evaluated numerically.

In practice, characterizing the full shape of the posterior distribution, as well as estimating max-

imum a posteriori solutions (best-fitting solutions), can be done without the use of the marginal

likelihood to normalize the equation, such that Bayes’ theorem simply becomes

P(x|y) ∝ P(y|x)P(x). (6.2)

Taking the logarithm of both sides of the equation gives

logP(x|y) ∝ logP(y|x) + logP(x) (6.3)

which is now in a form that is easier to evaluate numerically. Next, let’s examine the log-likelihood

term, which we can write as

L = logP(y|x) = −1

2
[y − F(x)]TSe

−1[y − F(x)] + const. (6.4)

(Line et al., 2014), where F(x) is the forward model that generates a spectrum to be compared to

the data, using the assumed properties of the planetary environment (x), thereby mapping the state

vector onto the spectral dimension of the data (y). Se is the data error matrix, which traditionally

contains uncorrelated measurement errors along the diagonal, but may also have off-diagonal cor-

relations5 (Line et al., 2013). For data with uncorrelated, Gaussian errors, the log-likelihood can

5Correlated errors can occur in a spectrum due to correlations between neighboring pixels on a CCD, wavelength
dependent systematic effects, etc, but are neglected in the bulk of this work.
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be simplified and written as

L = −1

2

N∑
i=1

(
yi − F(x)i

σi

)2

(6.5)

= −1

2
χ2 (6.6)

where the sum runs over all spectral elements i, σi is the i-th measurement error (i.e. the square-

root of the diagonal elements of Se), and we have recognized that this expression is related to the

traditional χ2 (chi-squared) metric for “goodness of the fit”. Thus, we see that the likelihood term

in Bayes’ Theorem can be intimately related to χ2, and “chi-squared minimization” problems are

really the same as “maximum likelihood estimation” problems. However, one difference between

such optimization problems and the application of Bayesian statistics is the use of priors.

Prior probability distributions must be selected carefully due to the explicit dependence of the

posterior upon the chosen distribution. Prior constraints are critical in a remote sensing retrieval

problem because there are more unknowns in the surface-atmosphere state than there are con-

straints in the measured spectrum. Thus, informed priors can be a strength when they can help

provide additional constraints to a retrieval problem that is using an observed spectrum with large

uncertainties, but priors may also be a weakness if incorrect previous information or misinformed

physical notions lead the retrieval away from the correct result. In general, the log-prior probability

from Equation 6.3 can be written as

logP(x) = −1

2
[x− xa]TSa

−1[x− xa] (6.7)

(Line et al., 2014), where xa is the a priori state vector and Sa is the a priori covariance ma-

trix, which specifies the level of uncertainty in the prior for each state vector element with respect

to other elements in the state vector. However, for many exoplanet atmospheric characterization

problems, no prior measurements have been made and thus the field is currently ignorant to the

environmental state of most exoplanet atmospheres. In such cases, it is traditional to impose unin-

formative/uniform/flat priors on each parameter, which are finite between two strict boundaries and
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Figure 6.2 Example of uniformly (blue) and normally (orange) distributed priors. The solid lines
show the analytic probability density functions for each distribution, while the histograms show
10,000 random samples from each.

zero outside of that range. For instance, the surface albedo of a planet must be between [0,1]: all

values in that range are allowed at equal probability and values outside that range are disallowed.

It may be desirable to impose physical or chemical constraints using the prior to favor or disfavor

certain parameter values. However, it is also very common to use Gaussian/normal priors in situa-

tions where there have been previous measurements that have been used to constrain any of the free

parameters in the state vector. In this case, the results reported from previous investigations can

become the priors used in the current investigation. Figure 6.2 visualizes the difference between

flat/uniform priors and Gaussian/normal priors for a random variable, x. The SMARTER model

currently includes both of these types of priors, but can easily be expanded to support additional

distributions.
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Equations 6.3 and 6.4 demonstrate that actually calculating a numerical value for the poste-

rior probability fundamentally relies on the ability to run the forward model, F(x). Atmospheric

retrievals use radiative transfer models to simulate interactions of light with planets given the phys-

ical, chemical, and optical properties of the atmospheric gases, aerosols, and surface to produce

a spectrum to compare with observations. The quality of the information retrieved about an exo-

planet atmosphere is only as good as the radiative transfer model used as the forward model. We

use the Spectral Mapping Atmospheric Radiative Transfer (SMART) model in our forward model,

which is a powerful tool for simulating planetary spectra.

6.2.2 The Spectral Mapping Atmospheric Radiative Transfer (SMART) Model

SMART is a one-dimensional, line-by-line, multi-stream, multiple-scattering radiative transfer

model (developed by D. Crisp; Meadows and Crisp, 1996; Crisp, 1997). The one dimension in

SMART refers to the vertical extent of the atmosphere. The “streams” refer to the zenith angles

at which radiative transfer through the atmosphere is calculated. SMART’s multi-stream capabil-

ities can extend from two-streams up to at least 64 streams (half upwelling and half downwelling).

In exoplanet remote sensing applications, the upward streams are used (observer zenith angles).

By default, these are calculated calculated at Gaussian quadrature computational points that are

used to solve the equation of transfer using the discrete ordinate method and integrated to get the

top of atmosphere (TOA) planetary flux. SMART’s multiple-scattering calculations account for

aerosol scattering phase functions, allowing for rigorous treatments of clouds and hazes. At its

core, the version of SMART adopted here uses the DIScrete Ordinate Radiative Transfer (DIS-

ORT; Stamnes et al., 2017) model to solve the radiative transfer equation6.

SMART features a novel modification to solve the equation of radiative transfer that signif-

icantly improves computational efficiency over the traditional line-by-line approach. Before per-

forming any radiative transfer calculations, SMART pre-processes all of the input optical proper-

6Although, a new version of SMART is currently under development and testing that uses the linearized discrete
ordinate radiative transfer (LIDORT; Spurr et al., 2001) method and its vectorized counterpart (VLIDORT; Spurr,
2006).
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ties on their native, fully resolved, high-resolution wavenumber grid to identify wavenumbers with

sufficiently similar optical properties along the entire optical path (Meadows and Crisp, 1996).

SMART then combines similar intervals into a broadband, quasi-monochromatic bin for which

it is only required to solve the radiative transfer equation once (West et al., 1990). As a result of

this binning procedure, SMART can reduce the number of calls to DISORT by a factor of ∼10-

1000 depending on the user-specified binning tolerance. After the radiative transfer calculations

are completed, SMART maps the spectral results back to the full resolution wavenumber grid, and

outputs them for the user.

Relatively recently upgrades to SMART added the ability to perform transmission spectral

calculations for transiting exoplanets (Misra et al., 2014; Robinson, 2017a). The transit transmis-

sion spectrum calculations may be performed using one of three methods (Robinson, 2017a): (1)

a simple geometric approach with light traveling along straight paths, (2) a ray tracing method

that includes the refraction of stellar rays passing through the dense lower regions of the planetary

atmosphere, and (3) a Monte Carlo numerical integration to account for photon multiple-scattering

by aerosols. However, the effects of multiple-scattering on transmission spectra are only signif-

icant for planets extremely close to the star (Robinson, 2017a), and the Monte Carlo scattering

calculations are extremely computationally expensive, so unless otherwise noted, we typically use

the ray tracing method with refraction.

SMART also features the ability to output layer-dependent flux Jacobians and top-of-atmosphere

radiance Jacobians. A radiance Jacobian is a matrix whose elements contain the partial derivatives

of the top of atmosphere radiance field with respect to each input atmospheric property at every

vertical level in the atmosphere. Thus, the top-of-atmosphere radiance Jacobians encode informa-

tion on how the observable spectrum responds to small changes in the atmospheric state, enabling

rapid extrapolation of observed behavior without resorting to a full radiative transfer calculation.

SMART allows Jacobians to be computed for the temperature structure, each gas abundance and

aerosol optical depth profile, and the surface albedo. This information may be used to increase the

speed of a retrieval and/or allow the use of more sophisticated retrieval inverse methods, such as

Hamiltonian Monte Carlo (HMC). Transit depth Jacobians (derivatives of the effective absorbing
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altitude) are not currently supported by SMART, but are a subject of interest for future work.

Figure 6.3 Temperature Jacobian for the Earth’s thermal emission radiance spectrum. The cen-
tral panel shows the full Radiance Jacobian matrix as a color contour to emphasize positive (blue)
and negative (red) departures from zero. The lower panel shows the radiance spectrum in units of
W/m2/µm/sr, which shares the x-axis with the Jacobian. The right panel shows the temperature-
pressure structure of Earth’s atmosphere, which shares the y-axis with the Jacobian. Positive/Blue
(negative/red) regions of the Jacobian indicate that the radiance will increase (decrease) as the tem-
perature at those atmospheric pressure levels increases. This highlights the atmospheric pressures
that shape the observable spectrum.
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Figure 6.3 shows the thermal emission radiance Jacobian for the Earth’s atmospheric temper-

ature as a function of both wavelength and pressure. The Jacobian can be used to predict the

change in radiance at a given wavelength when the temperature of the atmosphere changes at a

given pressure level. For reference, the bottom panel shows Earth’s thermal radiance and the right

panel shows Earth’s vertical temperature structure. The radiance Jacobian, shown in the middle,

displays how the emitted radiance spectrum will change at each wavelength due to changes in the

vertical temperature profile. Visual inspection of the temperature Jacobian provides insight into

where in the atmosphere (e.g. which pressure levels) the observable thermal spectrum is sensitive.

For example, the blue regions highlight the positive Jacobian—where increases in the temperature

structure will lead to increases in the thermal emission. This makes sense in the troposphere where

the thermal continuum is emitted. However, note how increasing the temperature of the tropopause

will increase the emission within the 9.6 µm ozone band and therefore decrease the overall depth

of the ozone absorption feature. These temperature Jacobians are precisely the information needed

to expand a planet’s radiance spectrum to first order in temperature, thereby enabling small pertur-

bations in the radiance to be calculated due to small changes in the TP profile, without needing to

re-run the radiative transfer model.

SMART was developed for Solar System terrestrial planet atmospheres and has been rigor-

ously validated on the Earth (Robinson et al., 2011) and Venus (Meadows and Crisp, 1996; Arney

et al., 2014). SMART has been used to simulate the spectra of a diversity of exoplanet environ-

ments, including the spectra of M dwarf habitable planets (Segura et al., 2003, 2005; Meadows

et al., 2018a) and uninhabitable planets (Lincowski et al., 2018, 2019), habitable haze-enshrouded

exoplanets (Arney et al., 2016, 2017), and high-altitude clouds in the H2-dominated mini-Neptune

exoplanet, GJ1214b (Charnay et al., 2015b). SMART also functions as the radiative transfer core

for the VPL Climate Model, which uses the flux Jacobians to advance radiative time steps without

recomputing the radiative transfer (Robinson and Crisp, 2018; Lincowski et al., 2018).
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LBLABC

SMART depends on the Line-By-Line ABsorption Coefficient (LBLABC) code to calculate

molecular vibrational-rotational transition absorption coefficient input files for the radiative trans-

fer (developed by D. Crisp; Meadows and Crisp, 1996). LBLABC takes information about the

input atmospheric state—the temperature and pressure profile, vertical gas mixing ratio, mean

molecular weight of the atmosphere, and radius and surface gravity of the planet—and combines

it with line parameter data from HITRAN, HITEMP and other sources, along with isotope in-

formation, to calculate the gas absorption coefficients as a function of pressure, temperature, and

wavenumber. LBLABC uses nested spectral grids to fully resolve the narrow cores of each ab-

sorption line at every atmospheric layer over a very large range of line-center distances. Line

contributions are calculated up to 1000 cm−1 from the line center for H2O and CO2 to capture the

full wings of strong lines; all other gases have a 50 cm−1 wing cutoff to speed up calculations

where contribution from the far wings is negligible. LBLABC employs different line profiles as

a function of distance from the line core. LBLABC uses a Voigt line shape (Humlı́ček, 1982)

within 40 Doppler half-widths of the line center, and a van Vleck-Weisskopf profile (Van Vleck

and Weisskopf, 1945) beyond that for all gases except H2O, CO2, and O2. Empirically determined

χ correction factors are used in the far wings for H2O (Clough et al., 1989) and CO2 (Fukabori

et al., 1986; Perrin and Hartmann, 1989; Pollack et al., 1993) to reproduce the effects of quantum-

mechanical line mixing, a collisional effect that occurs for overlapping lines of a given molecular

species (Rao, 2012). For O2, the super-Lorentzian line shape from Hirono and Nakazawa (1982)

is used with an exponent of 1.958. LBLABC features the ability to simulate line absorption co-

efficients for fixed temperature offsets from the given TP profile, which SMART can interpolate

between for added flexibility when deviating from an initial temperature structure. This can be

used to generate a single set of line absorption coefficients that may be used over a broad range of

atmospheric temperature structures that are explored by the retrieval, without requiring LBLABC

to be rerun.



201

6.2.3 Forward Model

SMART functions as the radiative transfer workhorse within the SMARTER forward model. This

allows the retrieval to use all of the capabilities that SMART has as a forward model to retrieve

the properties of terrestrial exoplanets. This is achieved by “wrapping” the retrieval framework

around the Python interface for SMART, thereby enabling the user to decide which SMART input

parameters will be held fixed, as either quality control parameters or explicit physical assumptions,

and which input parameters will be “free” and inferred by the retrieval.

However, due to the ability of SMART to simulate different types of spectra for planets with

highly complex atmospheric descriptions, we initially develop multiple baseline retrieval forward

models that can each be used for one specific type of observation, and which simplify the physi-

cal descriptions of the atmospheric inputs to SMART. The three baseline forward models are for

transit transmission spectroscopy, secondary eclipse emission spectroscopy, and directly-imaged

reflected spectroscopy. The physical simplifications used in these models are motivated by the lack

of precision expected from upcoming terrestrial exoplanet data, but also allow for (1) comparisons

with other current retrieval models and (2) an assessment of how/what future exoplanet data mo-

tivate adding the physical complexity back into the model. Each of the baseline forward models

uses SMART, and each share a common set of procedures (via a base class in Python called the

SMARTForwardModel) for generating new input states, running SMART, and parsing outputs.

The baseline forward models are described next.

Transit Spectroscopy

Transit transmission spectroscopy is the current standard for exoplanet spectral characterization

and, as we have demonstrated in Chapters 2 and 3, it will be the only observational technique

capable of characterizing the atmospheres of temperate HZ terrestrial exoplanets with JWST .

Our baseline transmission spectroscopy forward model is highly flexible in terms of the molec-

ular constituents that can be included in the atmosphere, but it also makes numerous physical

simplifications and assumptions. This forward model can include any gas that is in the HITRAN
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2016 database. The vertical gas volume mixing ratio profiles can be specified in one of two ways.

Either the gases are assumed to be evenly mixed in the atmospheric column, in which case there is

one free parameter associated with each gas: the evenly-mixed volume mixing ratio. Alternatively,

the user may provide a vertical “template profile” and a factor with which to scale the profile. The

temperature profile has the same two options: isothermal or scaled profile. The surface pressure

can be set fixed or included as a free parameter in the state vector.

The user may decide to employ a “filler gas” to occupy the remaining volume of the atmosphere

after all of the other free-parameter gases are specified. That is, the VMR of the filler gas is given

by,

ffill = 1−
N∑
i=1

fi (6.8)

where fi is the VMR of the ith gas, N is the total number of non-filler gases included in the

atmosphere, and we have assumed that these constitute the entire volume of the atmosphere. This

implicitly enforces a common prior that is used in atmospheric retrievals, which specifies that the

VMR of all gases must not sum to greater than unity. Any molecule that can be used as a free

parameter can alternatively be used as the filler gas, however, typically N2 is used, although Ar and

CO2 are also reasonable choices that a user may select. The filler gas must be set prior to starting

the retrieval and cannot be changed dynamically during the retrieval.

The mean molecular weight of the atmosphere can be included as a fitting parameter, or it

may be calculated self-consistently. If the mean molecular weight is included in the state vector,

then each evaluation of the forward model must specify it explicitly. If the user opts to calculate

the mean molecular weight self-consistently, then it is determined during each call to the forward

model (after the filler gas is added) as the pressure weighted mean molecular weight,

µ =

∑NP
j Pj(

∑Ngas

i mifi,j)j∑NP
j Pj

, (6.9)

where Pj is the jth of NP total pressure layers in the atmosphere, mi is the molecular mass of the

ith of Ngas in the atmosphere, and fi,j is the volume mixing ratio of the ith gas at the jth pres-
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sure. Although the mean molecular weight is physically a function of altitude/pressure, SMART

currently requires that it be specified as a constant throughout the vertical column. The pressure-

weighting in Equation 6.9 biases towards the higher pressure, lower atmosphere, rather than the

thin upper atmosphere. However, for evenly mixed atmospheres, these pressure-weighting sub-

tleties have no effect. The use of a filler gas enables the mean molecular weight to be calculated

self-consistently, as we will explore in greater detail in Chapter 7.

In addition to the atmosphere, the transit forward model also allows for the planet radius and

planet mass to be included in the state vector. Although the planet radius is measured by the trans-

mission spectrum, the radius included in the transit forward model is the planet’s solid body/surface

radius, specified in units of Earth-radii. This surface radius corresponds to the surface pressure

(whether or not it is fixed or free), and represents the “zero point” above which the atmospheric

absorption extends radially outward. The planet mass is not an easily measured quantity for a tran-

siting terrestrial exoplanet (as it requires either extremely precise RV or TTVs), nor is it easy to

constrain from transmission spectra. However, the planet mass does affect the scale height of the

atmosphere, via the surface gravity, and is therefore degenerate with both the temperature struc-

ture and the mean molecular weight of the atmosphere. This allows mass to vertically increase or

decrease the scale of all absorption features in the transmission spectrum. In the transit forward

model state vector, planet mass is specified in units of Earth-mass and it is converted to surface

gravity before passed to SMART for the radiative transfer. Note that we do not make a distinction

between the mass contained within the solid body of the planet versus the mass of the entire planet,

due to the negligible mass of the atmosphere for Earth-like7 planets (e.g. the atmosphere makes up

less than 1 ppm of Earth’s mass) compared to realistic constraints on terrestrial exoplanet masses.

The user can select which transit geometry model from Robinson et al. (2016) to use, enabling

different degrees of physical rigor. The fastest model uses geometric optics, and tends to be the

starting point for retrievals. The ray tracing model with atmospheric refraction is also computa-

tionally efficient, and although it is still under investigation (see Chapter 7), we encourage its use.

7We also note that gaseous planets have almost all of their mass below the τ = 1 surface.
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Figure 6.4 Example transmission spectrum output from the SMARTER transit forward model. This
spectrum corresponds to an Earth-size planet transiting a TRAPPIST-1-size star. The planet atmo-
sphere is modeled with a 200 K isothermal TP profile with an evenly mixed atmospheric column
with 10 ppm H2O, 100 ppm CO2, and the remaining bulk atmosphere composed of N2.

The Monte Carlo forward scattering transit model is extremely slow, but it can in practice be used

to investigate how forward scattering aerosols affect the retrieval of gas and aerosol properties.

Outputs from the transit forward model are provided either in units of the fractional transit

depth, (Rp/Rs)
2, or in kilometers for the effective transit altitude. Figure 6.4 shows an example

output spectrum from the transit forward model. The atmosphere for this example is extremely

simplistic, containing only trace H2O and CO2 with N2 as the filler gas, but it serves as the basic

introduction to the SMARTER transit code for new users. Despite the simplicity, the spectrum still

shows CO2 and H2O absorption features not unlike those seen in the Earth’s atmosphere. The

N2 – N2 CIA feature is also visible in the spectrum (e.g. Schwieterman et al., 2015b).

Emission Spectroscopy

Secondary eclipse thermal emission spectroscopy is expected to be a promising method to char-

acterize hot terrestrial exoplanets with JWST and is an important forward model component to
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SMARTER. The emission forward model operates very similarly to the transit forward model, and

makes many of the same assumptions regarding the atmospheric composition. The emission for-

ward model also allows the planet mass and radius to be fixed or retrieved. The main difference is

that the emission forward model allows for significantly more flexibility in terms of the TP profile,

for which the user can provide a custom profile that can remain fixed or be scaled by a retrievable

factor, or a TP profile parameterization can be used.

The first option for the TP profile parameterization is to use Poisson’s adiabatic equation of

state (Catling and Kasting, 2017). The adiabatic temperature profile in the convective region of the

atmosphere is taken to be

T = T0

(
P

P0

)α(γ−1)/γ

, (6.10)

where P0 is a reference pressure, T0 is the temperature at the reference pressure, γ is the ratio of

specific heats (cp/cv), and α is a control parameter to modify the adiabat due to latent heat release

or non-constant specific heats (Sagan, 1962; Robinson and Catling, 2012). For a dry adiabat α = 1,

but typically varies between 0.6-0.9 and represents the average ratio of the true lapse rate to the dry

adiabatic lapse rate in the planet’s convective region (Catling and Kasting, 2017). In addition to

the parameters in Equation 6.10, we also define the tropopause pressure, P1, and set the TP profile

to be isothermal for pressures (altitudes) lower than (above) this. These five parameters are used to

specify an adiabatic TP.

Figure 6.5 shows an example input adiabatic TP profile and the resulting mid-IR emission spec-

trum for an Earth-like planet around TRAPPIST-1 observed in secondary eclipse. The continuum

thermal radiation emanates from near the surface (dashed purple line). As the thermal emission

leaves the atmosphere, it is absorbed by molecules—notably O3 at 9.6 µm and CO2 at 15 µm—in

the cooler stratosphere, such that the flux at the bottom of the absorption bands corresponds to the

temperature in the atmosphere where the absorption predominately occurred (dashed cyan line).

Inversely, this aspect of thermal radiation makes emission spectroscopy sensitive to retrieving the

TP profile. However, this TP profile lacks the ability to model a stratospheric temperature inver-

sion, which gives Earth a distinctive emission spike at the center of the 15 µm CO2 band, and is a
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Figure 6.5 Example emission spectrum output from the SMARTER emission forward model. This
spectrum corresponds to an Earth-size planet eclipsed by TRAPPIST-1. The planet atmosphere
is modeled with an adiabatic tropospheric TP with an isothermal stratosphere and with an evenly
mixed atmospheric column with 1 ppm O3, 10 ppm H2O, 100 ppm CO2, and the remaining bulk
atmosphere composed of N2. The dashed lines correspond to isothermal blackbody spectra at the
surface (purple) and stratospheric (cyan) temperatures.

major caveat when using this TP parameterization.

The second TP profile parameterization is a three-channel, analytic radiative equilibrium model

that is based off of the work of Guillot (2010), derived formally by Parmentier and Guillot (2014),

and is used heavily in the atmospheric retrieval community (Line et al., 2013; Feng and Robinson,

2017; Taylor et al., 2020). The atmospheric temperature structure for a plane-parallel atmosphere

in local thermodynamic equilibrium that receives incident stellar flux from above and internal heat

flux from below, can be written as a function of the optical depth τ ,

T 4(τ) =
3T 4

int

4

(
2

3
+ τ

)
+

3T 4
irr

4
(1− α)ζγ1(τ) +

3T 4
irr

4
αζγ2(τ), (6.11)
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with,

ζγi =
2

3
+

2

3γi

[
1 +

(γiτ
2
− 1
)

e(−γiτ)
]

+
2γi
3

(
1− τ 2

2

)
E2(γiτ), (6.12)

where γ1 and γ2 are ratios of the mean opacity in the two visible bands, respectively, to the mean IR

opacity, α partitions the incident flux between the two visible streams, E2(γiτ) is the second-order

exponential integral function, Tint is the internal temperature, and Tirr is the irradiation temperature

for the stellar flux at the top of atmosphere. We can express the irradiation temperature in terms of

the stellar radius Rs, the stellar effective temperature Ts, and the semi-major axis of the planet a,

Tirr = β

(
Rs

2a

)1/2

Ts, (6.13)

where β is a factor of order unity that represents the planet albedo, emissivity, and day-night heat

redistribution—all the factors which may act to make the TP profile as hotter or colder. Equa-

tions 6.11, 6.12, and 6.13 can be related back to the atmospheric pressure by invoking hydrostatic

equilibrium and assuming a linear relationship between pressure and the optical depth,

τ =
κIRP

g
, (6.14)

where κIR is the IR opacity and g is the gravity. Together, Equations 6.11, 6.12, 6.13, and 6.14 can

be used to construct a TP profile using five free parameters: γ1, γ2, κIR, α, and β.

Other TP profiles, such as the parameterization used by Madhusudhan and Seager (2009) (see

also Barstow and Heng, 2020), could also be implemented.

Reflectance Spectroscopy

Reflected-light spectroscopy stands to be one of the most promising future avenues for rocky ex-

oplanet characterization, as discussed in Chapters 4 and 5, due to its sensitivity to the lower at-

mosphere and surface of transiting and non-transiting planets orbiting a diversity of stellar types,

including Sun-like stars. Despite the fact that no current telescopes can directly observe light re-

flected off an exoplanet, the future telescopes LUVOIR (LUVOIR Mission Concept Study Team,
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2019) or HabEx (HabEx Study Team, 2019) would be designed to do just this for Earth-like exo-

planets. We have developed a baseline reflectance spectroscopy forward model for SMARTER that

can be used to assess science cases for these next-generation telescope concepts.

The SMARTER reflectance spectroscopy forward model builds off of the functionality intro-

duced for the transmission and emission models. We adopt the same TP profile parameterizations

that were previously discussed for emission and transmission spectroscopy. That is, users can

choose to use a TP profile that is isothermal (e.g. Feng et al., 2018), a modified adiabatic model

(e.g. Robinson and Catling, 2012), the analytic radiative-convective equilibrium model from Par-

mentier and Guillot (2014), or a fixed profile specified by the user.

For the surface reflectance, our baseline model uses a grey geometric surface albedo that as-

sumes phase-independent Lambertian scattering. Users may instead specify a fixed surface albedo

that may contain wavelength dependenent information. In future work we will investigate opti-

mal parameterizations for allowing a fully agnostic wavelength-dependent surface albedo to be

retrieved. Following Feng et al. (2018), we fit for the log10 of the grey surface albedo, which im-

plicitly specifies an a priori preference for low albedo surfaces when we use a uniform prior in

this logged parameter space. This is generally consistent with the concept that planetary surfaces

are more likely to be poor reflectors than efficient reflectors, but we caution that this approach

may have consequences in the posteriors. Figure 6.6 shows the uniform prior on the log of the

grey surface albedo, transformed to linear space where we can see the preference for low albedo

surfaces.

We use a similar cloud description to that of Feng et al. (2018). The cloud model includes four

parameters that can be retrieved: three that specify the optical depth profile and one that controls

the cloud fraction. We construct a cloud optical depth profile using the cloud-top pressure (Pcld),

the pressure width over which the cloud extends (∆Pcld), and the total cloud optical depth (τcld)

between Pcld and Pcld + ∆Pcld. The cloud fraction (fcld) is used to create an observed reflectance

spectrum that is a linear combination between the fully cloudy spectrum and a fully clear spectrum

where the cloud has been removed. When the cloud fraction parameter is used, the SMARTER

reflectance forward model must call SMART twice, once with the cloud and once without. This
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Figure 6.6 Grey surface albedo prior for the reflectance spectroscopy forward model. Using a
uniform prior on the log10 surface albedo, exerts a bias towards lower albedo surfaces.

imposes an additional computational expense for the model.

At present, only optical properties for water clouds are included in the SMARTER reflectance

forward model, but either cirrus clouds or stratocumulus clouds may be used. For cirrus (water-ice)

clouds, we use the optical properties from B. Baum’s Cirrus Optical Property Library (Baum et al.,

2005), with a combination of 45% solid columns, 35% plates, and 15% 3D bullet rosettes, and

a mean particle diameter of 100 µm. For stratocumulus (water-liquid) clouds, we use refractive

indices from Hale and Querry (1973) to calculate optical properties from Mie scattering theory

assuming a two-particle gamma distribution in particle size with a = 5.33, b = 1.18, and a mean

radius of 4.07 µm. These two water cloud types have already been validated against Earth ob-

servations using SMART as part of the VPL Earth Model (Robinson et al., 2010, 2011, 2014a).

However, we note that by using optical properties for cirrus and stratocumulus clouds, our cloud

model differs from that of Feng et al. (2018), which used a minimally parametric grey cloud model

with a fixed single scattering albedo ω̄ = 1 and asymmetry parameter ḡ = 0.85. Thus, our cloud

model and the Feng et al. (2018) cloud model both use the same four parameters to describe water

clouds, but our approach may scale more realistically into the NIR where the water clouds begin
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to show non-negligible absorption.

Our baseline direct imaging reflectance retrieval model uses a simplified viewing geometry.

First, we assume a single solar zenith angle of 60◦ to approximate the quadrature phase viewing

geometry. Users may modify the fixed SZA to approximate other phase angles, but the current

model does not allow the phase angle to be a free parameter. We direct readers to Nayak et al.

(2017) for a thorough assessment of retrieval degeneracies between planet radius, albedo, and

phase. Second, we nominally perform 8-stream radiative transfer, which provides four upwelling

radiance streams that are integrated in quadrature to produce a TOA planet flux spectrum. Users

may also opt to increase (or decrease) the number of streams. The TOA planet flux is divided by

the stellar flux incident at the TOA and scaled by geometric factors to calculate the planet-to-star

flux ratio,
Fp
Fs

= Φ(α)
Fp,TOA
Fs,TOA︸ ︷︷ ︸

reflectance

(
Rp

a

)2

, (6.15)

where Rp is the planet radius, a is the planet semi-major axis, and Φ(α) is the planet phase func-

tion, which we assume to be a fixed factor of 1/π at quadrature for Lambertian scattering (Robin-

son et al., 2016; Feng et al., 2018). By default, the SMARTER reflectance forward model returns

outputs in the form shown in Equation 6.15, which is most applicable to exoplanet observations.

However, the model can instead return the reflectance, as highlighted in Equation 6.15, which is

more applicable to Solar System remote sensing observations.

We demonstrate the SMARTER reflectance retrieval model by comparing it with the high fi-

delity Earth spectrum generated using the VPL’s 3D Spectral Earth Model (Robinson et al., 2011).

Figure 6.7 shows the spectrum of the Earth from the validated VPL Earth Model alongside our

fit to it using the SMARTER reflectance model. The VPL Earth model spectrum was generated

by Robinson et al. (2011) using spatially- and vertically-resolved satellite data for the gas mixing

ratios, temperature structures, and cloud coverage and optical depths, as inputs to the SMART ra-

diative transfer. The SMART outputs were then disk integrated to produce high resolution, phase

dependent spectra of the Earth. As a result of this rigor, the VPL Earth model spectrum is taken to



211

Table 6.1. Parameters used in the fit to the VPL Earth Model spectrum shown in Figure 6.7

Parameter Description Retrieved Value Feng et al. (fiducial)

Tiso isothermal temperature (K) 255 250
logP0 surface pressure (bar) log(1.075) log(1)

logH2O water VMR log(2.85× 10−3) log(3× 10−3)
logO3 ozone VMR log(7.88× 10−7) log(7× 10−7)
logO2 oxygen VMR log(0.185) log(0.21)

logCO2 carbon dioxide VMR log(5.90× 10−3) —
Rp planet radius (R⊕) 1.02 1
Mp planet mass (M⊕) 1.09 1

logAs surface albedo log(0.0455) log(0.05)
logPcld cloud-top pressure (bar) log(0.575) log(0.6)

log ∆Pcld cloud thickness (bar) log(0.0952) log(0.1)
log τcld cloud optical depth log(14.5) log(10)
fcld cloud coverage 0.44 log(0.5)

Note. — log refers to log10
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Figure 6.7 Earth’s reflectance spectrum from the 3D VPL Earth Model (cyan line) compared to
the SMARTER 1D retrieval forward model (purple line). The faint error bars approximate the
observational uncertainty on the VPL Earth Model spectrum that may be achieved by the 15m
LUVOIR telescope concept. The 1D forward model was calculated using best fitting parameters
from a retrieval to the synthetic LUVOIR data that was initialized using the fiducial parameters
from Feng et al. (2018, see their Table 1 and Figure 4 for reference).

be representative of the “true” Earth. We calculated the data uncertainty that may be expected for

15-meter LUVOIR observations of the Earth around the Sun at a distance of 10 pc. We opted to

use a higher-than-nominal spectral resolution of R = 400 for purely aesthetic purposes. We then

performed a simple non-linear, least-squares fit to the synthetic Earth data using the SMARTER

reflected-light model, which we initialized at the fiducial planetary state given in Table 1 of Feng

et al. (2018). The parameters used in our fit, and their initial and final values are provided in Table

6.1. Our best-fitting state is only a small perturbation from the Feng et al. (2018) state, indicating

good agreement between both our model and the Feng et al. (2018) model, and our model and the

Robinson et al. (2011) Earth Model. The discrepancies seen in Fig. 6.7 between the VPL Earth

Model and the SMARTER fit are small relative to the approximated exoplanet-analog noise, indicat-

ing that this baseline model is sufficiently complex to study the capabilities of a LUVOIR-like mis-

sion. However, the residuals occur predominately in the spectral continuum, which highlights the

shortcomings of our assumed grey surface albedo model compared to the wavelength-dependent

surface albedo of the real Earth.
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Instrument Models

The forward RT model generates spectra at the resolution needed to capture the wavelength de-

pendence of the source (stellar spectra, blackbody) as well as the optical properties of the surface

and atmosphere. However, most realistic instruments measure the transmitted, scattered or emit-

ted radiation at a lower spectral resolution. The instrument model convolves the full-resolution

synthetic spectrum generated by the forward RT model with the instrument spectral response func-

tion, to simulate the instrument’s spectral resolution and sampling. The instrument model can also

simulate the polarimetric response of the instrument for polarized calculations8. This generates a

convolved synthetic spectrum that can be compared directly to the observed spectrum.

Within SMARTER, a base Instrument class is used to implement multiple different instru-

ment modules that can be swapped between for different retrieval use-cases. By default, SMARTER

uses the simple “top hat” convolution used within the CHIMERA retrieval (Line et al., 2013). This

convolves the high resolution spectrum with a rectangle, thereby applying equal weight to all high-

res spectral points within each low-resolution bin interval. SMARTER will automatically determine

the low resolution bin widths by assuming them to be the spacing between each wavelength point

in the dataset.

We have also implemented a straightforward linear interpolation instrument model, which in-

terpolates the high resolution model outputs onto the low resolution data grid. This approach is

invalid on its own, but is appropriate to use in tandem with the convolution slit functions built into

SMART. For instance, SMART typically outputs spectra after convolving the internal spectrum

with a top hat or triangular slit function with a user-specified FWHM, and then writes spectral

quantities to a file at a user-specified wavenumber sampling resolution. In this way, SMART can

be provided the exact spectrograph FWHM, and then output spectra at, or slightly higher than, the

observed sampling resolution of the data. Then, all that is needed to compare with the data is to

linearly interpolate the model spectrum onto the data spectral grid. We find this instrument model

particularly useful for high resolution data, as will be discussed further in Section 6.3 for Earth

8However, polarization is not considered in this work.
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validation. Note that more sophisticated (or realistic) instrument spectral response functions can

be implemented as a subclass to the SMARTER Instrument and applied after the fact by con-

volving a high resolution spectrum (with or without an internal slit function) from SMART with a

custom instrument line shape (ILS).

6.2.4 Inverse Model

We employ a multi-pronged inverse modeling approach similar to that of the CHIMERA retrieval

model (Line et al., 2013, 2014; Kreidberg et al., 2015; Feng and Robinson, 2017; Tremblay et al.,

2020). Each inverse model attempts to solve Bayes’ Theorem to characterize the shape of the poste-

rior distribution. However, each method makes different assumptions and differ in their numerical

approach, which affects both the statistical robustness of the retrieved posteriors and the number of

calls to the forward model required to reach convergence. As a result, four inverse models are cur-

rently available and can be used with any forward model within the SMARTER framework. These

retrieval models are: Optimal Estimation (OE), Nested Sampling (NS), Markov Chain Monte Carlo

(MCMC), and a novel machine learning approach called approxposterior (AP). A typical use-case

may involve using OE to find a single best-fitting state (MAP solution) and then initializing MCMC

or AP using this initial solution to explore the full shape of the posterior distribution starting in a

useful/informed region of parameter space. We describe each of these retrieval approaches next

and outline under what circumstances they are typically best used.

Optimal Estimation

Optimal Estimation has a long history of usage within the Earth and Solar System remote sensing

field (Rodgers, 1976, 2000; Irwin et al., 2008). OE attempts to find the maximum a posteriori

(MAP) solution by minimizing the cost function, or the negative log-probability function given

in Equation 6.3. This is very similar to “χ2 minimization”, which yields maximum likelihood

estimates, except the use of priors makes it a MAP estimate. OE uses local evaluations of the cost

function’s gradient to iterate towards regions of parameter space that are higher likelihood, thereby
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minimizing the cost function and finding the best fit solution. OE makes the strong assumption that

the posterior for each parameter is Gaussian, which need not be physical. This assumption allows

it to converge in relatively few (10s to 100s) forward models evaluations, but it can bias the shape

of the posterior distribution (e.g. in cases where only an upper or lower limit on a parameter can

be constrained). The OE approach of minimizing the cost function is subject to converging to local

minima, making it highly sensitive to the initial conditions of the retrieval.

There are many numerical approaches that can perform OE. In SMARTER, we implement OE

using the flexible scipy.optimize.minimize() function within the SciPy Python package

(Virtanen et al., 2019). This allows users to access SciPy’s entire suite of methods that can be used

to minimize a scalar function, in this case, the negative log-probability: − logP(x|y). By default,

we use the “Nelder-Mead” algorithm (Nelder and Mead, 1965; Wright, 1996; Gao and Han, 2012),

which is a direct search method for solving non-linear optimization problems, although we find

similar results using other methods. Due to the tendency of OE approaches to find local minima,

we typically run many optimizations in parallel using randomized initial states. We then take the

best fit among the ensemble as the global MAP solution. This approach can quickly estimate the

parameter values that best fit the spectrum, but it fails to provide robust measures of the uncertainty

on each retrieved parameter, so we rarely employ only OE for science cases.

Figure 6.8 shows example results from an OE retrieval of synthetic data from the transit spec-

trum shown in Fig. 6.4. For this case, 28 randomly initialized Nelder-Mead optimizations were

performed in parallel, with the resulting best-fit spectra and retrieved parameter states displayed in

Fig. 6.8. The global MAP solution (darkest blue line/points) is visibly a very good fit to the noisy

spectrum and it gets quite close to the “true” input state. However, there is generally a large spread

among the best fitting spectra and the corresponding parameter states. This emphasizes why we

spawn many OE retrievals in parallel from random initial starting positions. It may seem tempting

to interpret the spread in best fitting spectra and retrieved parameters as relating to the uncertainty

on the data points and inferred parameters, but this is not formally the case. Instead, we must use

other techniques that properly account for uncertainties in parameter estimations.
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Figure 6.8 Optimal estimation retrieval results for the transit forward model example shown in
Fig. 6.4. The top panel shows the best fitting spectra from 28 randomly initialized Nelder-Mead
optimizations. The bottom panels show the corresponding best fit parameter states, with the “true”
state given by the black square, and the global MAP solution is the darkest blue point and is
indicated with the white central dot. Both panels are color-coded according to the log-likelihood,
which is shown in the bottom right panel.

Markov Chain Monte Carlo

Markov Chain Monte Carlo (MCMC) has become the gold standard for Bayesian inference in

astrophysics over the last 15 years due to its ability to directly sample high-dimensional posterior

distributions, thereby facilitating the propagation of measurement uncertainties through complex

physical models and enabling the assessment of parameter covariances. The SMARTER model uses

the affine-invariant MCMC ensemble sampler originally proposed by Goodman and Weare (2010)

and developed into the stable, well-supported, and easy to use Python package, EMCEE (Foreman-

Mackey et al., 2013).

Briefly, the EMCEE algorithm works by usingK “walkers” to execute a random walk to explore

theN -dimensional parameter volume, a process that builds up representative samples from the pos-

terior distribution over time. At each iteration, each walker has a proposed update to their position
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in parameter space (state vector), which is based on the location of all other walkers relative to

that walker’s current state. Proposal steps that move to regions of parameter space that are higher

probability (better fit to the data) are accepted as the next position in the “chain”, however pro-

posals that move to lower probability are either rejected or accepted based on the relative decrease

in probability weighed against a randomly drawn number. In this way, the algorithm maintains a

detailed balance between accepting and rejecting proposed steps such that the ultimate record of

the chain is a set of samples from the unnormalized posterior distribution. We refer the reader to

Foreman-Mackey et al. (2013) and Goodman and Weare (2010) for a complete description of the

method.

Figure 6.9 shows an example “trace plot” from the same synthetic data shown in Fig. 6.4 and

retrieved with OE in Fig. 6.8. Trace plots are used to diagnose convergence for MCMC retrievals

because they show the evolution of the ensemble of walkers (color lines) as a function of iteration

(or MCMC step) for each retrieval parameter. Initially (at iteration 0), the walkers are dispersed

randomly across the entire parameter space, as seen on the far left of each sub-panel. As the MCMC

progresses, the walkers quickly constrict into a tighter mass as they random walk into the high-

probability region of parameter space. This initial constriction of MCMC walkers is referred to as

the “burn-in,” beyond which the chains no longer possess information on their initial conditions. As

a result, the burn-in is discarded in all subsequent analyses. Beyond the burn-in, we take each step

in the MCMC chain to be a true sample from the unnormalized posterior distribution, such that the

density of their random walks is proportional to the posterior probability density. The right column

of subplots Fig. 6.9 shows the MCMC chain collapsed along the step-dimension into histograms of

the most-likely parameter values. The histograms, shown for each parameter, are integrated over

the values of all other parameters in the state vector, and are referred to as marginalized posterior

distributions9. However, trace plots do not display the covariant relationships between multiple

parameters, for which we will require another type of plot.

Figure 6.10 shows a “corner plot” from the same MCMC retrieval as Fig. 6.9. Like the trace

9This is not strictly correct because this plot example includes the burn-in for demonstration purposes, and is
therefore not formally proportional to posterior density.
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Figure 6.9 MCMC retrieval “trace plot” example showing the evolution of the ensemble of walkers
(color lines) as a function of iteration for each retrieval parameter (sub-panel rows). The right
column of subplots shows the walker positions, collapsed along the step-dimension into histograms
of the most-likely parameter values. This type of plot is not typically provided in published papers,
but is usually produced to aid in determining whether an MCMC simulation has converged.

plot, the subplots along the diagonal show the marginalized posterior distributions for each re-

trieved parameter. However in a corner plot, the off-diagonal subplots show the covariances be-

tween pairs of parameters. For example, the bottom left subplot shows the covariance between CO2

and the isothermal temperature, which displays a negative correlation. If the temperature increases

(decreases), then the CO2 abundance can decrease (increase) to maintain high probability fits to the

spectrum. This makes sense physically due to a degeneracy between the atmospheric scale height
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Figure 6.10 Example “corner plot” from the same
MCMC retrieval as Fig. 6.9. Subplots along the
diagonal show the marginalized posterior distri-
butions for each retrieved parameters, while off-
diagonal subplots show the covariances between
pairs of parameters. Contours are used to indi-
cate the most dense regions of parameter space
and points are used to show posterior samples in
lower probability regions.

and gas abundances: increasing the temperature will increase the scale height and thus increase the

size of all absorption features in the spectrum, thereby requiring a decrease in the CO2 abundance

to bring the CO2 absorption features back down to their best-fitting form. Thus, corner plots are an

essential output from an MCMC retrieval that not only report the marginalized posteriors, but also

display parameter covariances that can expose degeneracies and lead to physical insights.

Figure 6.11 shows the spread in spectral fits to the observed spectrum that are consistent with

the posterior distributions derived with MCMC. The uncertainty envelopes around the median

spectrum highlight the wavelengths where the model varies substantially in response to the inferred

parameter uncertainties shown in Fig. 6.10.

MCMC methods can provide rigorous statistical results for inference problems, however there

are a few noteworthy caveats that limit their usefulness within the SMARTER framework. First,

although affine-invariant MCMC sampling can scale to inverse problems with a large number of

parameters, MCMC is computationally expensive and is often only tractable to use with forward

models that are quick to evaluate (e.g. less than 5 seconds). This presents a major difficulty when

MCMC is used with the physically complex SMART forward model. Second, MCMC struggles
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Figure 6.11 Distribution in spectra sampled from the posterior for the transit example retrieval case.
The dark blue line shows the median model fit to the data and the cyan envelopes show the 1σ and
3σ confidence intervals about the median.

to converge for problems with multiple, well-separated posterior modes. In such cases, the walkers

will fall into the closest mode and be unable to randomly walk to the other modes. This makes the

number of samples within each mode reflective of the initial walker placement in parameter space

relative to each mode, rather than the respective posterior probability of each mode, as one would

desire. For multi-modal posterior spaces the Nested Sampling inverse model offers a superior

approach.

Nested Sampling

Nested Sampling is an efficient and robust approach for Bayesian inference that is able to derive

full posterior distributions, even for challenging multi-modal distributions, and which calculates

the Bayesian evidence (denominator term in Equation 6.1) for model comparison applications

(Skilling, 2004). In SMARTER, we use the MULTINEST nested sampling algorithm (Feroz and

Hobson, 2008; Feroz et al., 2009, 2013) using the Python wrapper, PYMULTINEST (Buchner et al.,

2014). Nested sampling has been growing in popularity within the exoplanet atmospheric retrieval

community, with most of the common retrieval codes now using it as their preferred inverse model

(e.g. Benneke and Seager, 2013; Line and Parmentier, 2016; Lavie et al., 2016; Rocchetto et al.,

2016; MacDonald and Madhusudhan, 2017; Barstow et al., 2020). This broad adoption stems
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from its efficiency—requiring ∼10× fewer forward model evaluations compared with traditional

MCMC sampling—and its applicability in model selection problems, both of which are important

for atmospheric retrievals.

One of the key aspects of the nested sampling approach is the direct numerical calculation of

the Bayesian evidence term. The evidence term from Equation 6.1 is the integral of the likelihood

times the prior over the entire parameter space volume,

Z = P(y) =

∫
L(x)P(x)dDx. (6.16)

MULTINEST transforms this multidimensional integral into a one-dimensional integral that can be

approximated numerically using the following weighted sum,

Z ≈
M∑
i=1

Liwi, (6.17)

which is evaluated iteratively by stepping i forward through parameter space along nested contours

of equal likelihood for M total iterations, where the weights wi are given by the reduction in the

prior volume between two successive iterations. The sum is performed by having N “active” or

“live” points in parameter space that are initially (i = 0) drawn from the prior. The likelihoods for

the active points are evaluated and then sorted. The point of lowest likelihood is removed from the

active set (becoming “inactive”), and a new draw from the prior replaces the active point as long

as it has a higher likelihood than the point it replaced. By enforcing that new active points have a

higher likelihood, the prior volume is systematically reduced as a function of iteration, constraining

the problem within successive contours of equal, but progressively increasing, likelihood. Thus,

the MULTINEST algorithm travels through nested shells of likelihood as the prior volume is re-

duced. The procedure terminates once the evidence is determined to some user-specified precision

(typically 0.5 in log-evidence).

Since the evidence is the normalization term for the calculation of the posterior density via

Bayes’s Theorem, once found, the evidence can be used to generate posterior inferences for pa-



222

rameter estimation as well as to calculate Bayes factors for qualitatively assessing the evidence

favoring one model’s fit to data over another. First, posterior inferences can be determined at each

point for which the likelihood was evaluated by calculating the posterior weight,

pj =
Ljwj
Z , (6.18)

for each active and inactive point, j. Second, the evidence can be used to assess the relative

probability between two different forward modeling approaches. If we perform retrievals with two

models, M1 and M2, each with their own set of parameters, then the relative probability of the two

competing models can be written,

P(M1|y)

P(M2|y)
=
Z1

Z2

P(M1)

P(M2)
= B12, (6.19)

where we have assumed that the ratio of priors is unity in the absence of meaningful prior informa-

tion (Benneke and Seager, 2013). The term B12 is called a Bayes factor and it requires the evidence

to be calculated for both models. A large Bayes factor indicates more evidence in favor of M1 over

M2, where “weak” (>2.1σ), “moderate” (>2.7σ), and “strong” (>3.6σ) preference forM1 requires

Bayes factors of >3, >12, and >150, respectively (Trotta, 2008; Benneke and Seager, 2013). We

will make use of Bayes factors to compare retrieval simulations with and without certain molecules

to quantify the detection significance of that gas from the spectrum.

Figure 6.12 shows a trace plot of the evolution of the MULTINEST algorithm. As the sim-

ulation progresses, the live points (color points in left panels) move from a broad prior volume

with low posterior weights to a reduced volume of parameter space with high posterior weights.

Unlike MCMC, the density of live points in MULTINEST is not proportional to the posterior prob-

ability density, so the weights are used to calculate posterior inferences, as shown in the marginal

posteriors in the right panels.

Figure 6.13 (left corner plot) uses the same coloring as Fig. 6.12, but now shows the live points

projected onto axes between pairs of parameters to visualize how the nested sampling technique
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Figure 6.12 MULTINEST retrieval “trace plot” example showing the reduction in prior volume as
the algorithm converges on the higher-likelihood region of parameter space. The left column of
plots shows each parameter’s values as a function of the negative prior volume (− lnX), which
increases monotonically as the sampling volume decreases and the algorithm progresses forward.
The points are colored by their relative posterior weight and represent the location and progression
of the live points. The right column of plots shows the marginalized posterior distributions.

converges towards higher likelihood regions of parameter space using nested likelihood shells.

Although the covariances can be seen visually by the point colors, the posterior weights must be

used to transform the active and inactive points into posterior density inferences, which are shown

in Fig. 6.13 in the right corner plot. Comparing the MULTINEST corner plot in Fig. 6.13 to the

MCMC corner plot in Fig. 6.10 shows that the two methods are in excellent agreement.



224

Figure 6.13 Corner plots showing the MULTINEST live points colored by their respective posterior
weight (left corner plot; same coloring tas Fig. 6.12) and contours of posterior probability (right
corner plot; same quantities as 6.10).

Machine Learning with ApproxPosterior

The computational expense associated with repeatedly calling our forward model when running a

typical retrieval algorithm motivates the development of a retrieval framework that uses machine

learning to increase the speed of convergence. Indeed, machine learning approaches are beginning

to show promise for increasing the speed of atmospheric retrieval inference problems (e.g. Zingales

and Waldmann, 2018; Cobb et al., 2019). At present, these methods rely on generating large

spectral datasets to train neural networks, which can perform atmospheric retrievals much faster

than traditional physical models because the neural network replaces the radiative transfer model

to compute the spectrum. However, the reliance on a single massive training set is a shortcoming

considering how often new spectroscopic laboratory data (e.g. Fortney et al., 2019) or additional

physical complexity must be added to the radiative transfer model, thereby requiring a new training

set to be generated. We elected to mitigate the computational cost of our physically robust forward

model using an alternative, but complementary approach, by performing approximate Bayesian
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inference using the APPROXPOSTERIOR (AP) code (Fleming and VanderPlas, 2018; Fleming et al.,

2020).

The open-source APPROXPOSTERIOR Python code employs an active learning algorithm to

iteratively improve its predictive accuracy by expanding its training set while minimizing the

expense of acquiring new samples. Unlike previous atmospheric retrieval machine learning ap-

proaches that learn on simulated spectra to replace the expensive radiative transfer model, AP

learns the posterior density using a supervised learning Gaussian process (GP) regression active

learning model. APPROXPOSTERIOR uses the Python code GEORGE to perform fast and efficient

GP regression (Ambikasaran et al., 2015).

Given an initial training set of retrieval state vectors paired with their corresponding log pos-

terior probabilities, AP will train a GP using maximum likelihood estimation to optimize the GP

hyperparameters. AP then selects a new point to add to the training set by optimizing an ob-

jective function that attempts to identify regions of parameter space where the GP predicts high

posterior probability—where model predictions are likely to match the observations—but that also

have a large GP uncertainty so that augmenting the training set will optimally improve the pre-

dictive accuracy. Two approaches are implemented for the APPROXPOSTERIOR point selection

utility function: the Bayesian Active Learning for Posterior Estimation (BAPE) algorithm from

Kandasamy et al. (2017) and the Adaptive Gaussian process approximation for Bayesian inference

with expensive likelihood functions (AGP) method from Wang and Li (2018). The true forward

model is evaluated for each point that is selected and the new likelihood value is added to the

training set. After m new points have been added to the training set, MCMC is used to sample the

GP surrogate model’s posterior distribution. The algorithm then proceeds through the process of

selecting another m new training points until either nmax iterations (each adding another m points

to the training set) are reached or the posterior distributions obtained from MCMC have stabilized

for multiple consecutive iterations. Fleming et al. (2020) suggest that APPROXPOSTERIOR can

accurately produce posterior distributions in ∼1000× fewer forward model evaluations than using

MCMC. We also highlight the fact that APPROXPOSTERIOR generates a unique training set for

each retrieval simulation such that it minimizes the number of calls to the forward model. This
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Figure 6.14 Corner plots showing the APPROXPOSTERIOR training set (left corner plot) and
MCMC posterior samples from the GP surrogate model (right corner plot) for the transit exam-
ple case.

feature makes APPROXPOSTERIOR robust to necessary line list and forward model upgrades be-

cause a new retrieval can be initiated after the upgrade in the exact way that one would re-run the

retrieval analysis with MCMC or NS.

Figure 6.14 shows two corner plots associated with an APPROXPOSTERIOR retrieval of the

transit example case discussed throughout this section. The left corner plot shows all the samples

from the APPROXPOSTERIOR training set, including 50 initial training points randomly drawn

from the priors and roughly 5,000 points selected by APPROXPOSTERIOR during run time. The

right corner plot shows the posterior distribution from an MCMC using the APPROXPOSTERIOR

GP surrogate likelihood model, which was run for 10,000 steps using 300 walkers, and is extremely

well converged. Comparing these approximate posterior distributions to those generated for the

same retrieval problem using MCMC (see Fig. 6.10) and MULTINEST (see Fig. 6.13), we find

strikingly good agreement, particularly between MCMC and APPROXPOSTERIOR, which suggests

that the numerical differences between MULTINEST and MCMC are larger in this case. From
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the APPROXPOSTERIOR MCMC result, we can derive the approximate number of MCMC steps

and SMARTER forward model evaluations that would be required for the full (non-approximate)

forward model to converge. Our APPROXPOSTERIOR results suggest that the autocorrelation time

for this MCMC chain is τ ≈ 60 steps. To achieve a diligent chain length of 50×τ would require

(50 τ/walker × 60 steps/τ × 300 walkers) ∼ 900, 000 forward model evaluations, compared to

just over 5,000 using APPROXPOSTERIOR. Although this is an excellent ∼200× speed increase,

we likely ran APPROXPOSTERIOR significantly longer than necessary in this example, implying

that we could achieve even better performance in future simulations.

In summary, APPROXPOSTERIOR appears capable of increasing the efficiency of atmospheric

retrieval problems by a factor of 200-1000 while producing full posterior distributions that main-

tain good agreement with MCMC and MULTINEST. These features make it an excellent addition

to the SMARTER inverse modeling arsenal and atmospheric retrieval models in general. In particu-

lar, APPROXPOSTERIOR helps facilitate the vision of the SMART/SMARTER model being used to

apply physically robust, but slow, forward modeling to terrestrial exoplanet atmospheric retrieval.

However, APPROXPOSTERIOR has not been tested on moderate to high dimensionality inference

problems (e.g. greater than 7 dimensions), and therefore more work is required to further vali-

date and demonstrate the capabilities of APPROXPOSTERIOR for atmospheric retrievals, and to

potentially further refine the APPROXPOSTERIOR algorithm.

Selecting an Inverse Model

Selecting the best or most efficient inverse model will depend on the specific retrieval problem at

hand. As stated previously, OE is fast because it can converge in tens to hundreds of forward model

evaluations, but it assumes Gaussian posterior PDFs, which can fail to capture the complicated

posterior morphologies and parameter degeneracies that are common in exoplanet atmospheric re-

trieval modeling. Therefore, OE is only recommended for (a) quick preliminary assessments of

the best-fit, (b) initializing other inverse models, such as MCMC or AP, and (c) cases where the

forward model may be so physically complex that OE is the only computationally tractable in-

verse model. MCMC, NS, and AP relax the assumption about the shape of the derived posterior
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PDFs. However, MCMC requires thousands to millions of forward model evaluations, which may

be too computationally demanding for many SMARTER forward model configurations. Further-

more, MCMC has difficulty converging when the posterior contains multiple distinct modes. In

such instances (e.g. see the refraction case in Chapter 7), NS is optimal because it can identify

and characterize multi-modal posteriors. Additionally, NS can converge with approximately two

orders of magnitude fewer forward model evaluations compared to MCMC and it also directly cal-

culates the Bayesian evidence, making it a versatile workhorse for many SMARTER applications.

Finally, AP is promising for retrievals with a relatively small number of parameters (/7) due to

the steep rise in training set size required for higher dimensional problems, coupled to the fact

that re-training the GP becomes computationally expensive for large training sets. However, AP

may be particularly useful for retrievals using a forward model that is exceptionally complex and

computationally expensive. At present, this is the first atmospheric retrieval study to use AP so,

unlike the other widely used inverse models, more work will be required to validate the technique

and carve out optimal use-cases.

6.3 SMARTER Validation using Earth’s Transmission Spectrum

In this section we validate SMARTER on exoplanet-analog transmission spectrum observations of

Earth constructed from satellite data. We use the high spectral resolution, high S/N empirical tran-

sit transmission spectrum of Earth between 2-14 µm presented in Macdonald and Cowan (2019),

which was constructed from solar occultation observations to reproduce the limb-averaged ob-

server perspective that is analogous to transiting exoplanets. To validate our retrieval, we bin the

data to relatively low resolution to investigate the entire spectral range, drawing parallels to upcom-

ing JWST observations, and we fit the native high-resolution spectrum over smaller wavelength in-

tervals, highlighting key insights and challenges that may arise for future exoplanet observations.

In addition to validating SMARTER, we perform a retrieval on the strength of O2 – N2 CIA relative

to O2 – O2 CIA at 6 µm to validate the approach used to include O2 – N2 CIA in non-Earth-like

exoplanet atmospheric modeling.

We describe the transmission spectrum from Macdonald and Cowan (2019) in detail next. Then
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we outline our retrieval experiments on high- and low-resolution versions of the spectrum, followed

by a presentation of our results. Finally we present a discussion of our findings and conclude.

6.3.1 Observed Data

Macdonald and Cowan (2019) processed solar occultation measurements of the Earth’s atmosphere

observed by the Canadian low-Earth orbit satellite, SCISAT, using the Atmospheric Chemistry Ex-

periment Fourier Transform Spectrometer (ACE-FTS; Bernath et al., 2005; Hughes et al., 2014).

ACE-FTS is a high resolution spectrograph that observes between 750-4400 wavenumbers with

a full-width-at-half-maximum (FWHM) of 0.02 cm−1 and a sampling resolution of 0.0025 cm−1.

Spectra were recorded of the Sun passing through the Earth’s atmosphere as a function of time

during sunrises and sunsets. Dividing out the spectrum of the Sun without the Earth’s atmosphere

enables the transmittance, T , of Earth’s atmosphere to be measured as a function of both wave-

length and altitude. These data products support the main objective of the mission to study trace

gases in the Earth’s atmosphere. Macdonald and Cowan (2019) calculated the transmission spec-

trum of the Earth as if it were an exoplanet by integrating the ACE-FTS transmittance data from the

bottom to the top of the atmosphere using the approach described in Robinson et al. (2014b) for Ti-

tan and Dalba et al. (2015) for Saturn. Macdonald and Cowan (2019) selected for only cloud-free

sightlines through the Earth’s atmosphere and averaged datasets from five latitudinal regions—

Arctic summer and winter (60 − 85◦ N), mid-latitude summer and winter (30 − 60◦ N), and the

tropics (30◦ S − 30◦ N)—to mimic the limb-integrated stellar light transmitted through exoplanet

atmospheres during primary transit.

The Earth’s observed transmission spectrum is of exquisite quality. Figure 6.15 shows the

empirical transmission spectrum of Earth from Macdonald and Cowan (2019)10. The broad wave-

length coverage spanning 2−14 µm contains spectral features from over a dozen different molecules

(Bernath et al., 2005). The top panel shows the spectrum at the native, high resolution and binned

to a lower resolution of ∆λ = 0.02 µm. The zoomed subpanels focus on the 4.3 µm CO2 band and

10The published spectrum was acquired from the authors by request for this work. Click here to download the data
file.

https://www.dropbox.com/s/8fdc7kwem24lcfv/Spectrum_MacDonald_and_Cowan2019.txt?dl=1
https://www.dropbox.com/s/8fdc7kwem24lcfv/Spectrum_MacDonald_and_Cowan2019.txt?dl=1
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Figure 6.15 Empirical transmission spectrum of the cloudless Earth from Macdonald and Cowan
(2019). The top panel shows the full wavelength range in high-resolution (light blue) and binned to
a lower resolution (∆λ = 0.02 µm; dark blue). The lower panels zoom into the 4.2 µm CO2 band,
showing progressively smaller wavelength ranges and highlighting the fully resolved spectral lines
with no apparent observational noise.



231

Figure 6.16 Spectral resolution of Earth’s ob-
served transmission spectrum from Macdonald
and Cowan (2019). The resolving power is
plotted in millions, and is shown decreasing as
a function of wavelength. This is a charac-
teristic relationship that occurs because the ob-
served spectrum has a fixed FWHM in units of
wavenumbers (cm−1).

showcase the extremely high resolution and high SNR of the spectrum. Each spectral line within

each molecular band is fully resolved. The bottom-most panel shows that there is no visible scatter

to the data that would be associated with observational noise. This spectrum is extremely low noise

and high-resolution, and should present an important validation challenge for any spectral retrieval

code and for transmission spectroscopy, in general.

Figure 6.16 shows the spectral resolution of Earth’s observed transmission spectrum. This is

calculated from the spacing between the spectral samples and does not reflect the actual FWHM of

the spectrometer. From the known spectral resolution of ACE-FTS, we find that observed spectrum

oversamples the FWHM by a factor of 8. We use this information in inform the wavenumber

sampling resolution for our SMART retrieval forward modeling when we fit the high resolution

spectrum.

6.3.2 Retrieval Experimental Setup

We consider the validation of SMARTER using the spectrum shown in Fig. 6.15 from a few differ-

ent perspectives to test and highlight different challenges and capabilities. In our first experiment,

we attempted to fit the broad wavelength, low-resolution spectrum shown in the top panel of Fig.

6.15 (dark blue line) using Earth’s average 1D atmospheric temperature and gas VMR profiles as a
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Figure 6.17 Earth’s 1D atmospheric thermal
structure and composition. The temperature
structure (dashed black) is shown along the top
x-axis and the gas mixing ratios are shown along
the bottom x-axis, both as a function of pressure.

starting point, but allowed the gas mixing ratios to vary by a constant factor. In our second experi-

ment, we turned to the high-resolution spectrum in the 6 µm window (5-7 µm) and attempted to fit

it again by retrieving gas VRM profile multiplicative constants. For these validation experiments,

we used non-linear least squares minimization to retrieve MAP solutions. Due to the lack of any

known observational errors and the presence of good prior information, we found this approach to

be reliable, but we discuss other approaches in Section 6.3.4.

We assume a globally-averaged 1D atmospheric structure for Earth. Figure 6.17 shows Earth’s

average 1D atmospheric vertical thermal structure and composition acquired from satellite data for

the VPL Earth Model (Robinson et al., 2011) to reproduce the EPOXI flyby of Earth in March

and April of 2008. We use these profiles as the starting point for our Earth retrieval validation,

but allow the retrieval to solve for a factor by which each gas profile can be scaled to improve

the fit (e.g. similar to Barstow et al., 2016). In addition to the gases included in the VPL Earth

Model (H2O, CO2, O3, O2, N2, CH4, CO, and N2O), we also include HNO3 and NO2 because

they corrected notable residuals in our initial tests. For HNO3 and NO2, we use evenly mixed
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atmospheric profiles as shown in Fig. 6.17, initialized using best guesses from the literature. For

HNO3 we use a measurement from Hanke et al. (2003), for NO2 we use approximately 1% the

regulatory standard provided by the EPA11.

We used a nominal SMART simulation setup for our high and low resolution Earth retrievals

that remained fixed throughout these experiments. We fixed the Earth’s radius and surface gravity

at 6371 km and 9.81 m/s2, respectively. We also placed the Earth at 1 AU from the Sun, which has

a stellar radius of 1 R�. We employed the ray tracing transit transmission model within SMART

(Robinson, 2017a), but we did not include atmospheric refraction. We note that we did perform a

forward model test with refraction enabled and with the angular size of the Sun set to an arbitrarily

large value to mimic the SCISAT’s ability to access extremely refracted rays through the lower

atmosphere that are below the critical refraction limit seen for exoplanets (Garcı́a Muñoz et al.,

2012; Bétrémieux and Kaltenegger, 2014; Misra et al., 2014), but we observed no refraction effects

in the low resolution spectrum. We set the transit impact parameter to zero, and we turned off the

stellar and thermal source functions to only simulate the transmission spectrum. Finally, we used an

optical depth binning parameter for SMART of 0.75, which is large, but our tests have shown that

the transmission spectrum incurs negligible errors even with large spectral mapping bin tolerances.

For these tests we opted to have our retrieval forward model return the transmission spectrum in

units of altitude in kilometers above the surface, rather than convert the data into units of transit

depth, (Rp/Rs)
2.

6.3.3 Retrieval Validation Results

Low Resolution Spectrum

We begin by fitting the low resolution spectrum shown in dark blue in Fig. 6.15. Figure 6.18 shows

our MAP solution to Earth’s full 2−14 µm transmission spectrum. We use semi-transparent colors

to highlight the absorption features due to all molecules included in our model. Strong absorption

11https://www.epa.gov/no2-pollution/table-historical-nitrogen-dioxide-
national-ambient-air-quality-standards-naaqs

https://www.epa.gov/no2-pollution/table-historical-nitrogen-dioxide-national-ambient-air-quality-standards-naaqs
https://www.epa.gov/no2-pollution/table-historical-nitrogen-dioxide-national-ambient-air-quality-standards-naaqs
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Figure 6.18 Earth’s observed cloud-free transit transmission spectrum from Macdonald and Cowan
(2019) binned to lower resolution and fit using SMARTER. The data are shown in black, the best-
fitting model spectrum is shown in white and blue, and various colors are used to indicate each
molecule’s contribution to the model spectrum. Residuals between the data and model are shown
in red.

features are clearly visible from H2O, CO2, and O3, with smaller features due to CH4, HNO3, NO2,

and N2O. We note that the N2 – N2 CIA feature at 4.1 µm is also visible (see Schwieterman et al.,

2015b). There is substantial agreement between our best-fitting model and the observed data. Our

best-fitting spectrum has a 7.36% percent deviation on average from the empirical transmission

spectrum. In addition, we derive a characteristic error of 1.33 km representing the one-sigma

uncertainty on each spectral data point such that this best-fitting model would have a reduced chi-

squared of unity (χ2
red = 1). Figure 6.18 also highlights the less well-fit regions in bright red.

The most notable residuals exist near 11 µm and 12 µm and may be due to industrially produced

chemicals (see Bernath et al., 2005). There are also residuals near 9 µm. Overall the residuals

remain relatively small.

Table 6.2 lists the MAP mixing ratio scale factors retrieved for each molecule included in our

low resolution fit. Most of the scale factors lie near unity, indicating good agreement with the

known composition of Earth’s atmosphere. The molecules with large absorption features tend to
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Table 6.2. Retrieved molecule VMR scale factors from MAP fit to Earth’s low-resolution (LR)
and high-resolution (HR) transmission spectrum

Molecule LR VMR Scale Factor HR VMR Scale Factor Earth Spatial Deviations

H2O 1.205 2.268 30%
CO2 1.053 1.956 <1%
O3 1.243 1.545 25%

N2O 1.157 0.747 23%
CO 0.538 — 28%
CH4 1.029 0.727 34%
O2 0.340 — 0%
N2 1.043 — 0%

O2 – N2 — 0.986 —

Note. — “LR” and “HR” refer to low-resolution and high-resolution, respectively.

have retrieved abundances that deviate by less than 10 − 30% from the initial assumed Earth-

average profiles. However, Earth’s atmosphere naturally exhibits spatial variability for the tem-

perature structure and many of the gas profiles, which is likely a source of systematic error in the

observed and hemispherically-averaged transmission spectrum. We identify Earth’s approximate

spatial variability by calculating the percent deviation among the 1D profiles from the VPL Earth

Model’s atmospheric structure database (Robinson et al., 2010, 2011, 2014a; Schwieterman et al.,

2015a). These values are reported in the last column of Table 6.2 for reference. For most molecules

our retrieved VMR from the Macdonald and Cowan (2019) spectrum is within the spatial variance

seen across the globe. A noteworthy exception to this is O2, which exhibits effectively no spatial

variability, and yet we retrieved 34% of the true abundance. This is easily reconciled by the fact

that O2 exhibits no substantial absorption features in this wavelength range, and is therefore not

well constrained.
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Figure 6.19 Characteristic thermal profiles
of Earth’s atmosphere from the VPL Earth
Model. The profiles are derived from satel-
lite data acquired during the EPOXI fly by
of Earth in 2008 (see Robinson et al., 2011).
Each latitude plotted represents the glob-
ally averaged TP for all HEALPix bins with
the corresponding north and south latitudes.
Click to download these TP profiles

High Resolution Spectrum

We now examine the Earth transmission spectrum at the native, high spectral resolution. Here, we

focus exclusively on the 5− 7 µm region. This smaller wavelength range is more computationally

tractable for fitting the extremely high resolution spectrum due to the large output file sizes from

SMART and not the computational expense. In this wavelength range, our forward model can be

evaluated in about 30 seconds, compared to about 3 minutes for the full wavelength range. The

5− 7 µm range is also scientifically interesting because it contains one of the largest H2O features

in this transmission spectrum, which also overlaps with the O2 – O2 and O2 – N2 CIA bands recently

highlighted in Fauchez et al. (2020). Thus, this wavelength range provides an opportunity to test

for sensitivity to O2, where our low resolution spectrum was completely insensitive.

We begin this investigation from where we left off using the low resolution spectrum. We

use the best fitting MAP state vector from our low resolution fit as our initial guess for our high

resolution retrieval. However, in this case we make a few changes to the forward model to accom-

modate the high-res spectrum. First, we modify our approach for the instrument convolution by

using SMART’s internal triangular slit function with the correct FWHM of the ACE-FTS instru-

https://www.dropbox.com/s/2ogdkfoe4r7esu3/earth_model_TP_avgs.atm?dl=1
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ment (0.02 cm−1). We output spectra on a wavenumber grid with a sampling resolution of 0.00125

cm−1, which oversamples the data by a factor of about 2. Then we interpolate the model spectrum

onto the observed data using the SMARTER Interpolate() instrument model. Interpolation is

appropriate in this situation because we have already used a convolution function within SMART,

so we are only aligning the model with the data. Our second modification to the forward model is

to fix the O2 and N2 abundances at the truth and instead solve for the factor by which the O2 – N2

CIA is scaled. We use the O2 – O2 CIA file from HITRAN 2016 as a proxy for O2 – N2 CIA, thereby

enabling us to solve for the relative strength of O2 – N2 CIA to O2 – O2 CIA. Additionally, CO is not

included because it does not show absorption features in this range. Our third modification comes

as a result of trying multiple TP profiles. Figure 6.19 shows four characteristic TP profiles that

we found represented a substantial portion of the variance within the VPL Earth Model (Robin-

son et al., 2011). Via experimentation we found that a “cold” TP profile from the 66◦ latitude bin

(yellow line in Fig. 6.19) provides a better fit to the high resolution H2O lines than the globally

averaged TP profile that we used for the broad wavelength spectrum (black dashed line in Fig.

6.19). This demonstrates that high resolution transmission spectra have a strong sensitivity to a

planet’s thermal structure, a point that we will return to later in this section.

We find remarkably good agreement between our best-fitting model spectrum and the high

resolution data. Figure 6.20 shows our MAP model fit to the 6 µm region. In the top two panels

it is difficult to discern the differences between the model (in blue) and the data (in black) because

both lines plot on top of one another. The bottom panels of Fig. 6.20 zoom into a narrow enough

region to see small deviations, and these panels highlight the contribution from various line and

continuum absorbers. In the third panel, there are several well-resolved H2O lines that make up the

6 µm absorption band and span approximately 50 km in absorbing radius from the continuum to

their cores. The forth panel zooms into the region between H2O lines where the opacity is low and

contributions to the continuum are visible from O2 – N2 CIA, O2 – O2 CIA, and H2O. In this region

there are also subtle absorption features due to HNO3 and CH4. Between 5− 7µm our best-fitting

spectrum has a 4% percent deviation on average from the empirical transmission spectrum and we

derive a characteristic error of 0.96 km representing the one-sigma uncertainty on each spectral
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Figure 6.20 Earth’s observed transit transmission spectrum from Macdonald and Cowan (2019)
fit using SMARTER at the native spectral resolution. The data are shown in black, the best-fitting
model spectrum is shown in blue, and various colors are used in the bottom panels to indicate each
molecule’s contribution to the model spectrum. In the bottom panel, HNO3, CH4, and H2O show
subtle absorption features above a O2 – N2 CIA, O2 – O2 CIA, and H2O continuum.
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data point such that this model best-fit would produce a reduced chi-squared of unity (χ2
red = 1).

Table 6.2 lists the retrieved scale factors from for our high resolution spectral fit in the third

column. Despite the remarkably good fit to the data, in this case we see a greater difference

from the initial Earth atmospheric structure than seen in our low resolution case. In particular,

we require the H2O and CO2 profiles to be enhanced by factors of ∼2.2× and ∼2×, respectively.

It is concerning that the retrieval is able to fit the data so well (residuals under 1 km), and yet

the retrieved abundances are discrepant by more than the expected propagated measurement error.

Although H2O exhibits spatial variability, since CO2 effectively does not, these discrepancies may

point to a degeneracy between the TP structure and gas abundances that can cause retrieval biases.

We find that the O2 – N2 CIA scale factor is near unity, indicating that it is comparable in

intensity to the 6 µm O2 – O2 CIA band. We caution about the uniqueness of these results due to

the fact that the H2O continuum, O2 – O2 CIA, and O2 – N2 CIA all overlap, and we already see

a potential degeneracy between our TP structure and H2O abundance. This degeneracy will need

to be fully explored before confident values for the O2 – N2 CIA strength can be reliably retrieved

from this spectrum. However, we do find that this result is consistent with the O2 – N2 CIA intensity

reported in Moreau et al. (2001), which is compared with the 6µm O2 – O2 CIA band from HITRAN

2016 (Gordon et al., 2017) in Fig. 6.21. Thus, despite the caveats from our retrievals, Moreau et al.

(2001) provide a compelling laboratory measurement and a theoretical basis for concluding that

O2 – N2 CIA compares in strength to O2 – O2 CIA at 6 µm.

6.3.4 Discussion & Conclusion

We used SMARTER to fit the empirical transmission spectrum of Earth from Macdonald and Cowan

(2019) as a validation case for our new atmospheric retrieval code. In general, we found exception-

ally good model fits to the spectra both in low resolution across the full 2−14 µm wavelength range

and in high resolution in the 5 − 7 µm wavelength range, with model deviations under 10%. Our

retrieved molecular abundances from the low resolution spectrum are consistent with the Earth’s

atmospheric composition within the range of spatial variability seen across the globe. Specifically,

we retrieved abundances for H2O, CO2, O3, N2O, CH4, and N2 that are within 25% of their average
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Figure 6.21 A comparison between the 6µm O2 – N2 CIA band from Moreau et al. (2001) and the
6µm O2 – O2 CIA band from HITRAN 2016 (Gordon et al., 2017). At Earth-like temperatures and
pressures, the O2 – N2 and O2 – O2 CIA bands appear to agree in intensity.

Earth values; CO is within 50% and O2 is within 70%. Although our fit to the spectrum is even

better at high resolution than at low resolution (deviations down to 4% from 7%), our retrieved

molecular abundances deviate more from the global averages. In particular, our high resolution fit

required a colder TP profile representative of higher latitudes, and we retrieved a H2O abundance

that exceeds the global average by 2.2×, a CO2 abundance that exceeds the global average by 2×,

and an O3 abundance that exceeds the global average by 50%.

Our best-fit to the high resolution spectrum (Figure 6.20) does not recover molecular abun-

dances at the level of precision expected given (1) how good the fit is and (2) how high the S/N

is. Our decision to use a different TP profile indicates that such high resolution transmission spec-

tra are sensitive to atmospheric thermal structure, but likewise illuminates degeneracies between

the TP structure and the gas abundances. These complicating factors must be investigated in future
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works aimed at retrieving a characteristic altitude-dependent TP profile. However, it is possible that

even such an approach may still impose biases in gas abundances becuase the globally-averaged

exoplanet-analog transmission spectrum from Macdonald and Cowan (2019) may contain infor-

mation from more than one characteristic TP profile, similar to the findings of Caldas et al. (2019)

who used a GCM to produce a 3D exoplanet transmission spectrum. These biases are likely to be

exacerbated at high spectral resolution.

We ran additional retrieval tests using more sophisticated inverse models, but these encoun-

tered trouble efficiently exploring parameter space. In particular, both EMCEE and MULTINEST

appeared to converge to very specific results, relatively nearby their initial parameter states. We

suspect that the lack of observational errors contributed to our sampling difficulties, such that

the “basin of attraction” around our local MAP solutions presented an insurmountable barrier for

MCMC and Nested Sampling to explore beyond. This interpretation is consistent with another

caveat that we were able to find multiple MAP solutions depending on our initial starting state and

out choice for TP profile. The spacing between these local minima greatly exceeded the parameter

uncertainties that we derived. It may be possible for future studies to use our model calibrated

errors of ∼1 km to normalize the likelihood calculations and perhaps improve the retrieval’s abil-

ity to traverse degeneracies in this parameter space. Nonetheless, it is also likely that we have

encountered modeling uncertainties that exceed the observational uncertainties as a result of using

a single atmospheric structure to fit an inherently 3D atmosphere, as discussed above.

The subtle deviations between our best-fitting model and the observed data can be related to

an exoplanet-analog transmission spectrum to reveal the unobtainable quality of data that would

be required to warrant a more sophisticated model than the one we have used. For instance, an

observed transmission spectrum for a transiting Earth-Sun analog exoplanetary system would re-

quire transit depth uncertainties of 10 ppb before our fit would be considered unacceptable. An

exo-Earth transiting the much smaller star, TRAPPIST-1 (Gillon et al., 2016), would still require

observational errors under 1 ppm. We emphasize that achieving such high S/N transmission spec-

tra is not feasible in the near term with JWST—particularly at the spectral resolutions explored

here. Nevertheless, this work demonstrates that a physically rigorous retrieval model designed to
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interpret exoplanet observations can properly interpret extremely high quality Earth observations

(modulo insensitivies to some species inherent in the observed spectral range) and allow an explo-

ration of fundamental degeneracies, while also leaving substantial room for exoplanet observations

to increase in quality over the next few decades.

6.4 Discussion & Conclusion

In this chapter we have detailed the methodology behind our novel terrestrial exoplanet atmo-

spheric retrieval code, SMARTER, and validated it against an empirical transmission spectrum of

Earth. SMARTER features a physically rigorous line-by-line radiative transfer code that is used

within a retrieval forward model to produce exoplanet transmission, emission, and reflected spec-

tra. SMARTER has been developed with four versatile inverse models for evaluating Bayes’s Theo-

rem for parameter estimation. Our validation using Earth observations demonstrated the successful

operation of the SMARTER code as a terrestrial exoplanet atmospheric retrieval model, but it also

opened up numerous avenues for future investigation, including the exploration of TP profile re-

trievals and degeneracies using high resolution transmission spectrum observations. Despite the

work already completed, there remain numerous opportunities for further model development and

validation going forward. We will briefly describe these efforts.

6.4.1 Continued Validation using Titan’s Transmission Spectrum

The transmission spectrum of Titan observed using Cassini solar occultations and published in

Robinson et al. (2014b) provides an excellent opportunity to further validate SMARTER using a

haze covered world. This is particularly important because the Earth transmission spectrum from

Macdonald and Cowan (2019) purposefully excluded clouds, focusing only on clear-sky paths

through the atmosphere. Furthermore, aerosols are a key ingredient for understanding exoplanet

transmission spectra.

We have begun an initial retrieval validation pilot study using the Robinson et al. (2014b) Titan

transmission spectrum. Figure 6.22 shows Titan’s NIR transmission spectrum and our best fitting
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Figure 6.22 Titan’s observed transit transmission spectrum from Robinson et al. (2014b) fit using
SMARTER. The model assumes a fractal aggregate hydrocarbon haze that gives the spectral con-
tinuum its characteristic linearly decreasing slope. Molecular absorption features are seen from
methane (CH4), acetylene (C2H2), carbon monoxide (CO), and a C – H stretch transition modeled
using propane (C3H8) as a proxy for all aliphatic hydrocarbons.

model spectrum. The spectral continuum exhibits a linearly decreasing slope with wavelength that

is characteristic of Titan’s hydrocarbon hazes. We fit for the optical depth profile of two fractal

aggregate hydrocarbon haze modes (Arney et al., 2016)—an upper and a lower haze. Both fractal

aggregate haze modes use optical constants for organic tholins (Khare et al., 1984) and assume 50

nm monomers. The upper haze mode is a 6 µm aggregate composed of over one million monomers

with a fractal dimension of 2.4 and the lower haze mode is a 70 nm aggregate composed of ∼3

monomers with a fractal dimension of 1.5. Figure 6.22 displays the maximum likelihood haze

solution fit only to the continuum (blue), with molecular absorption bands of CH4, C2H2, and

CO added into the radiative transfer after the fit, fixed at 0.1× the average mixing ratio profiles

derived from Cassini measurements. Titan’s 1D atmospheric structure is shown in Figure 6.23

for reference. Additionally, there is a C – H stretching mode of aliphatic hydrocarbon chains near

3.4 µm (Robinson et al., 2014b; Bellucci et al., 2009; Maltagliati et al., 2015), which we are able

to fit remarkably well using C3H8 (propane) as a proxy for all aliphatic hydrocarbons (at 2× the

Cassini VMR). Despite use of a priori knowledge of Titan’s atmospheric and haze compositions,
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this fit is a promising initial step, and already exceeds the rigor of published literature on this

exoplanet-analog spectrum.

The lack of consistency between the absorption features using the Cassini gas mixing ratios

and our haze model fit indicates that our haze fit does not have the correct vertical optical depth

profile. The fact that we are over predicting the strength of the gaseous absorption features using

the Cassini mixing ratios, and therefore adjusting them to be lower by an order of magnitude,

indicates that our haze fit should be shifted to higher altitudes to obscure more of the atmospheric

column. Future retrievals will need to fit the haze optical depth profiles and the gas mixing ratios

at the same time so as to fully explore the degeneracies between the haze parameters and the

molecular abundances.

6.4.2 Developing a Physically Augmented Atmospheric Retrieval Code

The exoplanet atmospheric retrieval literature has already demonstrated the importance of identi-

fying, exploring, and attempting to mitigate against degeneracies between atmospheric parameters
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(e.g. Feng et al., 2016; Line and Parmentier, 2016; Caldas et al., 2019). These concerns grow

larger for terrestrial exoplanets with a greater range of plausible bulk and trace gas atmospheric

compositions and for data with larger uncertainties that allow for more atmospheric solutions to

describe the same dataset. As a result, it will become increasingly important to attempt to use prior

knowledge about the physical and chemical processes within planetary atmospheres that have been

refined in the Solar System to attempt to discriminate between and/or rule out possible atmospheric

composition scenarios. SMARTER has been designed to integrate and investigate such a physically

augmented atmospheric retrieval approach, which will necessarily add more physical complexity

to the retrieval modeling suite.

Figure 6.24 and Figure 6.25 show two different approaches for conducting a physically aug-

mented terrestrial exoplanet atmospheric retrieval. The first approach is shown in Fig. 6.24 and rep-

resents a chemically self-consistent terrestrial retrieval approach, similar to the equilibrium chem-

istry retrieval approaches implemented in Kreidberg et al. (2015). In this case, we envision that the

surface flux boundary conditions for a 1D photochemical model will be retrieved in the state vector

instead of the gas mixing ratios. These surface fluxes will be used to generate atmospheric profiles

that are consistent with photochemistry, before passing them to the radiative transfer model and on

through the traditional retrieval framework. This approach seeks to determine the best-fitting spec-

trum that is consistent with photochemistry. However, a downside of this approach is that it will

only consider atmospheres that are consistent with the simulated physics and chemistry, meaning

that unexpected atmospheric compositions or missing physics (e.g. chemical reaction pathways) in

the models will not be properly interpreted. The second approach, shown in Fig. 6.25, attempts to

mitigate this problem by starting with a standard data-driven atmospheric retrieval. In this case, the

retrieved atmospheric state (TP profile and gas mixing ratios) posteriors are provided as inputs into

a second Bayesian inference problem that attempts to use physics and chemistry to reproduce the

atmospheres retrieved from the spectrum. This approach has the benefit of “letting the data speak

for itself,” but it is unclear whether uncertainties and degeneracies in the initially retrieved atmo-

spheric state can be propagated into the second retrieval without losing information. We note that

the “retrieval-on-a-retrieval” concept is analogous to how a multi-wavelength exoplanet lightcurve
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Figure 6.24 Diagram of a physically and chemically self-consistent retrieval. An initial guess for
the gas fluxes from the surface is passed to the forward model, which first calculates the atmo-
spheric composition from climate and photochemical models, and then produces a spectrum to
compare with the observed data.

is initially fit using a transit model (e.g. Mandel and Agol, 2002) to retrieve transit depths at each

wavelength, and then these transit depths are provided (usually via an email exchange) to an atmo-

spheric retrieval code to fit the transmission spectrum and retrieve the atmospheric composition.

Additional work is required to implement these two approaches into the SMARTER framework and

assess their efficacy for retrieving accurate and unbiased results.

This physically augmented atmospheric retrieval framework may be the first step towards a

viable implementation of the biosignature detection framework discussed in Catling et al. (2018);

Walker et al. (2018). Ultimately, we require an astrobiological modeling tool that can synthesize
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Figure 6.25 Diagram of a “retrieval-on-a-retrieval” approach to physically interpreting the retrieved
atmospheric composition. An initial data-driven “standard” retrieval is used to infer constraints on
the atmospheric composition. These atmospheric constraints are then passed into a second “re-
trieval” that attempts to fit climate and photochemistry models to the inferred atmospheric vertical
profiles.

astronomical data with knowledge of planetary processes to detect surface and atmospheric biosig-

natures and rule out false positives. The step of ruling out false positives is so fundamental (e.g. see

Meadows et al., 2018b) because it challenges us to consider all of the plausible abiotic mechanisms

that could produce a given signal, before we declare a successful biosignature has been detected.

To meet this lofty goal we need a thorough census of atmospheric gases that can be interpreted

through the lens of photochemistry and surface outgassing. The physically augmented retrieval

approaches discussed above offer two practical methods for developing a biosignature assessment

framework for the future.
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Chapter 7

RETRIEVING TRAPPIST-1E’S ATMOSPHERIC COMPOSITION WITH
JWST
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Portions of this chapter are in preparation for publication in the The American Astronomical So-

ciety Journals in collaboration with Victoria S. Meadows, Michael R. Line, and David Crisp, and

Tyler D. Robinson.

Summary

The TRAPPIST-1 system will provide an excellent opportunity to study the atmospheres of Earth-

size planets with the upcoming James Webb Space Telescope (JWST). However, numerous chal-

lenges lie ahead for correctly interpreting their atmospheres given the broad range of possible sec-

ondary atmospheres that could explain what limited quality spectra we are able to obtain. To help

understand and address these challenges, we have developed a terrestrial exoplanet atmospheric re-

trieval model built on the physically robust radiative transfer code used extensively by the Virtual

Planetary Laboratory to simulate terrestrial exoplanet spectra. We employed this retrieval model to

study the atmosphere of TRAPPIST-1e as if it were observed by an intensive JWST transmission

spectroscopy campaign, assuming several different plausible habitable and uninhabitable archety-

pal planetary states. We find that the CH4 – CO2 disequilibrium biosignature pair suggested by

Krissansen-Totton et al. (2018a) may also be inferred if the planet possesses a modern Earth-like

atmosphere due to the increased photochemical lifetime of CH4. However, enhanced CH4 absorp-

tion features only worsen the already dim prospects for detecting H2O, which could complicate

the interpretation of planetary habitability. We also found that stacking 25 transits could lead to

a weak detection of CO2 in a cloudy Venus-like atmosphere, or alternatively reveal O2 – O2 CIA

in an oxygen-dominated post-runaway atmosphere. We found that adding refraction to our trans-

mission retrievals modifies the known degeneracy between reference radius and pressure allowing

for an additional mode of interpretation wherein the spectral continuum is controlled by refrac-

tion rather than an opaque medium. We identified a strong implicit prior on the mean molecular

weight caused by the common assumption of a background gas that can significantly affect the

retrieved temperature via scale height degeneracies. Finally, we verified that the TRAPPIST-1e

planet mass constraints from TTVs are sufficient to enable dozens of observed transmission spec-

tra to be stacked without incurring additional posterior uncertainties on atmospheric parameters.
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7.1 Introduction

The TRAPPIST-1 system (Gillon et al., 2017b,a; Luger et al., 2017c) offers one of the best op-

portunities to characterize temperate, terrestrial exoplanets in the era of JWST (Barstow and Irwin,

2016; Morley et al., 2017; Batalha et al., 2018; Lustig-Yaeger et al., 2019b). This fortuitously

well-aligned system (e.g. Luger et al., 2017a) of at least seven Earth-size planets transiting their

Jupiter-size M8 host star features relatively deep transit depths, which enabled the system to be

detected from the ground and will soon enable their atmospheres to be studied. The seven known

planets span a range in incident stellar flux that includes and brackets the habitable zone (HZ), so

that the atmospheric characterization of this system may offer the second ever empirical data point

on the HZ after the Solar System, and the first ever for an M dwarf system. However, in-depth

atmospheric characterization for the TRAPPIST-1 planets is estimated to require a significant ob-

serving time investment with JWST . The interpretation of their atmospheres, should they have

them, promises to be challenging, both theoretically an observationally. In this work, we focus on

the retrieval of information about secondary atmospheres for the innermost HZ planet, TRAPPIST-

1e, and assess the outlook for constraining the planet’s atmospheric composition.

Numerous studies have explored the detectability of different archetypal atmospheric compo-

sitions for the TRAPPIST-1 planets with JWST . Many of the postulated atmospheric compositions

for the TRAPPIST-1 planets possess CO2, which has strong near- and mid-IR absorption features

that JWST may be capable of detecting (Morley et al., 2017; Batalha et al., 2018; Wunderlich

et al., 2019; Lustig-Yaeger et al., 2019b; Fauchez et al., 2019). For the temperate TRAPPIST-1

planets, this may be the best method to confirm the existence of an atmosphere. However, fore-

casting JWST’s ability to characterize the atmospheric composition of these planets—beyond the

presence of CO2—depends heavily on the a priori unknown nature of their atmospheres. Climate

and photochemical models of the TRAPPIST-1 planets are particularly useful for making physi-

cally informed predictions about the surface and atmospheric temperature structure, clouds, and

trace gas composition of M dwarf planet upper atmospheres (Lincowski et al., 2018; Wunderlich

et al., 2019; Meadows et al., 2020), which can inform observing strategies on wavelength range,
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spectral resolution, and instrument choice. However, little work has been done to explore the chal-

lenges and degeneracies associated with performing full atmospheric retrievals for TRAPPIST-1e,

or terrestrial exoplanets in general, using spectra generated across a diverse set of atmospheric

compositions with photochemically self-consistent modeling.

A few key atmospheric retrieval studies have shaped the outlook for characterizing terrestrial

exoplanet atmospheres with JWST , but these are limited to only a few specific possible atmo-

spheric compositions and have tended to focus exclusively on biosignatures. Prior to the discovery

of the outer four TRAPPIST-1 planets, Barstow and Irwin (2016) assessed the ability to charac-

terize the atmospheres of TRAPPIST-1 b, c and d if they possess a modern Earth atmospheric

composition. They found that at least 30 transits using both the NIRSpec Prism and MIRI LRS

would be required to detect O3. Although anticipating habitable Earth-like conditions for the in-

ner TRAPPIST-1 planets may be unrealistic, Barstow and Irwin (2016) demonstrated how diffi-

cult detecting biosignatures from oxygenic photosynthesis will be with JWST , even for the most

optimistic planetary system. Krissansen-Totton et al. (2018a) performed simulated retrievals of

TRAPPIST-1e to investigate the potential to characterize an anoxic biosphere, like the Earth once

had during the Archean geologic eon (Krissansen-Totton et al., 2018b). They found that the com-

bination of CH4 and CO2—a disequilibrium biosignature pair—may be detectable in a stacked

transmission spectrum from ∼10 observed transits. These studies have indicated that biosignature

detection in the TRAPPIST-1 system, while technically possible, will require an extensive obser-

vational campaign along with an exhaustive consideration of all atmospheric conditions that can

plausibly be retrieved.

A significant amount of work has been done to develop atmospheric retrieval models capable

of interpreting the observed transmission and thermal emission spectra of gaseous exoplanets (Ir-

win et al., 2008; Madhusudhan and Seager, 2009; Line et al., 2013; Benneke and Seager, 2013;

Waldmann et al., 2015; Cubillos et al., 2016; Lavie et al., 2016; Howe et al., 2017; Kitzmann et al.,

2019; Zhang et al., 2019; Damiano and Hu, 2020). Although many of these models can simulate

high mean molecular weight atmospheres, the lack of terrestrial exoplanet spectra to date has led

to relatively little work in this regime. At nearly every turn, studies have shown that physically
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oversimplifying atmospheres for the purpose of spectral inference can introduce retrieval biases

due to 1D, 2D, and 3D atmospheric effects. This has been reported for tidally locked planets that

may have complicated day-night effects at the terminator (Caldas et al., 2019; MacDonald et al.,

2020; Pluriel et al., 2020), vertical and spatial pressure-temperature profile effects (Feng et al.,

2016; Rocchetto et al., 2016; Blecic et al., 2017; Taylor et al., 2020), and cloud distribution and

composition effects (Line and Parmentier, 2016; Mai and Line, 2019). Although the upcoming

JWST signal-to-noise on terrestrial exoplanet spectra is likely insufficient to warrant fully 3D at-

mospheric and spectral modeling for inference, these studies indicate that retrievals must move

towards more physically rigorous atmospheric prescriptions to avoid biased inferences. Moreover,

the expected compositional diversity amongst terrestrial environments is an area ripe for oversim-

plification, which deserves focus in light of upcoming JWST observations.

In this work, we describe a new terrestrial-focused exoplanet retrieval model and confront

some of the opportunities and challenges associated with retrieving the atmospheric composition

of TRAPPIST-1e with JWST . Our retrieval model leverages a physically sophisticated radiative

transfer model that is admittedly slow to evaluate. This presents challenges for inference, but also

creates opportunities to test common retrieval assumptions. We focus our retrieval efforts on sim-

ulated JWST transmission spectra that could result from a relatively intensive observing strategy

(e.g. from the T-1 Community Initiative; Gillon et al., 2020). However, we examine multiple

different intrinsic planet environmental states spanning from habitable modern and Archean Earth-

like atmospheres (Meadows et al., 2020, in prep) to uninhabitable post-ocean-loss Venus-like or

oxygen-dominated worlds (Lincowski et al., 2018). Our retrieval tests are the first of their kind to

use synthetic JWST data generated from terrestrial atmospheric compositions that are consistent

with climate and photochemical predictions, enabling an a posteriori assessment of different plau-

sible atmospheric archetypes. In addition to retrieving various types of secondary atmospheres, we

investigate the sensitivity to atmospheric bulk composition and mean molecular weight, refraction,

vertical gas and thermal profiles, and planet mass constraints to assess retrieval bias.

We describe our simulated JWST observations of TRAPPIST-1e next in Section 7.2. We then

detail our new terrestrial exoplanet atmospheric retrieval model in Section 7.3. In Section 7.4,
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we present our results on the characterization of TRAPPIST-1e’s atmosphere and the assessment

of biases for the retrieval of secondary atmospheres. We discuss our findings in Section 7.5, and

conclude in Section 7.6.

7.2 Simulated JWST Data

We use the PANDEXO noise model to produce synthetic JWST transmission spectrum observations

of TRAPPIST-1e (Batalha et al., 2017; Batalha et al., 2018). At it’s core, PANDEXO uses PANDEIA

(Pontoppidan et al., 2016)—the STScI’s official exposure time calculator for JWST—and pysyn-

phot (STScI Development Team, 2013) to simulate JWST exoplanet transmission spectroscopy. We

refer the reader to Batalha et al. (2017) for a thorough description of PANDEXO. We build off the

findings of previous works that have indicated optimal JWST observing modes to characterize the

atmosphere of TRAPPIST-1e (Batalha et al., 2018; Lustig-Yaeger et al., 2019b). Specifically, we

primarily consider transmission spectrum observations between 1−5 µm using the NIRSpec Prism

(Bagnasco et al., 2007; Ferruit et al., 2014) with the partial saturation strategy outlined in Batalha

et al. (2018). We do not consider emission spectroscopy in this work due to the low expected

emission at these wavelengths and low precision expected for HZ exoplanets with JWST (Barstow

et al., 2016; Lustig-Yaeger et al., 2019b,a). Our retrieval approach involves fitting the transmission

spectra at the native spectral resolution of each JWST instrument, so we do not by default bin the

observed spectra to lower resolution. We adopt the common strategy for simulated retrieval studies

of generating the synthetic data centered at the “truth” (mean of the Gaussian uncertainties), so the

inferred posteriors are not biased by a single noise instance (Feng et al., 2018; Mai and Line, 2019;

MacDonald et al., 2020), but rather demonstrate any biases in the retrieval model. Furthermore, we

assume that JWST operates nominally, with no time or wavelength dependent systematic effects,

and assume no stellar variability (Morris et al., 2018a) or spectral contamination (e.g. Rackham

et al., 2018; Zhang et al., 2018; Morris et al., 2018c; Wakeford et al., 2019), which are important

but beyond the scope of this work.

We apply PANDEXO noise modeling to the TRAPPIST-1 transmission spectrum models from

Lincowski et al. (2018) and Meadows et al. (2020, in prep), which possess climate and photo-
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chemically self-consistent atmospheres. The atmospheric compositions under consideration are

all secondary atmospheres with high mean molecular weights compared to hydrogen and helium

dominated primary atmospheres, but vary widely in their bulk composition and habitability. We

consider clear and cloudy CO2 dominated Venus-like atmospheres and a desiccated O2 dominated

atmosphere from Lincowski et al. (2018), both of which are uninhabitable atmospheric composi-

tion predictions based on extreme water loss during the super-luminous pre-main-sequence phase

of TRAPPIST-1 (e.g. Luger and Barnes, 2015). We also consider numerous atmospheric states for

inhabited biospheres from Meadows et al. (2020, in prep), including a clear and cloudy modern

Earth-like planet with the contemporary surface methane flux, an Archean Earth-like planet with no

biogenic oxygen and enhanced biogenic methane, and an Archean sulfur organic biosphere. As a

final comparison case, we consider TRAPPIST-1e with the modern Earth atmospheric composition

as a baseline for calculations that neglect photochemistry. The spectral models for TRAPPIST-1e

are generated assuming the mean planet mass (Mp = 0.772 M⊕) and radius (Rp = 0.910 R⊕)

reported in Grimm et al. (2018). Note that this radius constraint is used as the solid body surface

radius in the input spectral models. We discuss the implications of this in Section 7.5. We assume

that the planetary environment and therefore the observed spectrum do not vary during or between

periods of observation.

As a baseline for comparison, we assume that TRAPPIST-1e has 25 transits observed. Accord-

ingly, we produce an input noised spectrum for each atmospheric composition considered, where

each represents one single instance of a possible planetary environment. The ensemble of spectra

with expected levels of noise allow us to examine the atmospheric similarities and differences we

may expect to retrieve with JWST , given the spread of different bulk atmospheric states, habit-

ability, and presence of biosignatures. Figure 7.1 shows a representative transmission spectrum

of TRAPPIST-1e with a photochemically self-consistent modern Earth-like atmosphere observed

with the JWST NIRSpec Prism for 25 transits. The spectrum is shown at the native resolution of

the NIRSpec Prism and therefore displays relatively large, but numerous, error bars. Although

our primary retrieval assessment maintains a uniform number of observed transits for each atmo-

spheric case considered (25 transits), we also perform retrievals of the clear modern Earth-like case
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Figure 7.1 Simulated transmission spectrum observations of TRAPPIST-1e with the JWST NIR-
Spec Prism assuming the planet possesses a photochemically self-consistent modern Earth-like
atmosphere. The noise calculations assume that TRAPPIST-1e had 25 transits observed and coad-
ded.

with a varied number of observed transits to examine the evolution of the posterior atmospheric

constraints with increasingly higher precision data.

7.3 Retrieval Model

In this work, we use a novel atmospheric retrieval code developed specifically to interpret the

spectra of terrestrial exoplanets. Our retrieval model differs from other state-of-the-art retrieval

codes primarily in the treatment of radiative transfer, for which we use the robust line-by-line

Spectral Mapping Atmospheric Radiative Transfer (SMART) model (Meadows and Crisp, 1996;

Crisp, 1997). The SMART Exoplanet Retrieval (SMARTER) code faces a number of computational

challenges owing to the rigor of the radiative transfer, so it has been developed to use a variety

of different Bayesian retrieval approaches to solve the inverse problem. In this section, we first

describe the SMARTER forward model used for JWST transmission spectroscopy (§ 7.3.1), and

then describe the SMARTER inverse modeling suite (§ 7.3.2).
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7.3.1 Forward Model

The SMARTER forward model was designed with a modular approach capable of leveraging the

many radiative transfer capabilities of SMART to perform exoplanet retrievals. As a result,

SMARTER can run atmospheric retrievals using transmission, thermal emission, and reflected-light

spectra. However, in this work we will focus exclusively on the transmission spectroscopy capa-

bility as it is most relevant to the upcoming atmospheric characterization of rocky exoplanets with

JWST .

Radiative Transfer with SMART

A complete description of SMART is provided in Chapter 6 Section 6.2.2. Briefly, SMART is

a one-dimensional, line-by-line, multi-stream, multiple-scattering radiative transfer model (devel-

oped by D. Crisp; Meadows and Crisp, 1996; Crisp, 1997). SMART’s multiple-scattering calcu-

lations account for aerosol scattering phase functions, allowing for rigorous treatments of clouds

and hazes. At its core, SMART uses the DIScrete Ordinate Radiative Transfer (DISORT; Stamnes

et al., 2017) model to solve the radiative transfer equation.

SMART features a novel modification to solve the equation of radiative transfer that signif-

icantly improves computations efficiency over the traditional line-by-line approach. Before per-

forming any radiative transfer, SMART pre-processes the all of the input optical properties on their

native, fully resolved, high-resolution wavenumber grid to identify wavenumbers with sufficiently

similar optical properties along the entire optical path (Meadows and Crisp, 1996). SMART then

combines these points into a single, broadband, quasi-monochromatic bin for which it is only re-

quired to solve the radiative transfer equation once (West et al., 1990). As a result of this binning

procedure, SMART can reduce the number of calls to DISORT by a factor of ∼10-1000 depend-

ing on the user-specified binning tolerance. After the radiative transfer calculations are completed,

SMART maps the spectral results back to the full resolution wavenumber grid, and outputs them

for the user.

Recent upgrades to SMART added transmission spectra capabilities for transiting exoplanets
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(Misra et al., 2014; Robinson, 2017a). The transmission spectrum calculations may be performed

using one of three methods (Robinson, 2017a): (1) a simple geometric approach using straight

paths, (2) a ray tracing method that includes the refraction of stellar rays passing through the at-

mosphere, and (3) Monte Carlo numerical integration to account for forward-scattering off aerosol

particles. The Monte Carlo scattering is extremely computationally expensive, so unless otherwise

noted, we use the ray tracing method, and we explore the effects of refraction in Section 7.4.

SMART depends on the Line-By-Line ABsorption Coefficient (LBLABC) code to calculate

molecular vibrational-rotational transition absorption coefficient input files for the radiative trans-

fer (developed by D. Crisp; Meadows and Crisp, 1996). LBLABC takes information about the

input atmospheric state—the TP profile, vertical gas mixing ratio, mean molecular weight of the

atmosphere, and radius and surface gravity of the planet—and combines it with HITRAN line-

parameter and isotope information to calculate the gas absorption coefficients as a function of

pressure, temperature, and wavenumber. LBLABC uses nested spectral grids to fully resolve the

narrow cores of each absorption line and to resolve the far wings of the lines at every atmospheric

layer over a very large range of line-center distances. Line contributions are calculated up to 1000

cm−1 from the line center for H2O and CO2 to capture the full wings of strong lines; all other

gases have a 50 cm−1 wing cutoff to speed up calculations where contribution from the far wings

is negligible. LBLABC employs different line profiles as a function of distance from the line

core. LBLABC uses a Voigt line shape (Humlı́ček, 1982) within 40 Doppler half-widths of the

line center, and a van Vleck-Weisskopf profile (Van Vleck and Weisskopf, 1945) beyond that for

all gases except H2O, CO2, and O2. Empirically determined χ correction factors are used in the

far wings for H2O (Clough et al., 1989) and CO2 (Fukabori et al., 1986; Perrin and Hartmann,

1989; Pollack et al., 1993) to reproduce the effects of quantum-mechanical line mixing, a colli-

sional effect that occurs for overlapping lines of a given molecular species (Rao, 2012). For O2,

the super-Lorentzian line shape from Hirono and Nakazawa (1982) is used with an exponent of

1.958. LBLABC features the ability to simulate line absorption coefficients for fixed temperature

offsets from the given TP profile, which SMART can interpolate between for added flexibility

when deviating from an initial temperature structure. This can be used to generate a single set
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of line absorption coefficients that may be used over a broad range of atmospheric temperature

structures that are explored by the retrieval, without requiring LBLABC to be rerun.

SMART was developed for Solar System terrestrial planet atmospheres and has been rigor-

ously validated on the Earth (Robinson et al., 2011) and Venus (Meadows and Crisp, 1996; Arney

et al., 2014). SMART has been used to simulate the spectra of a diversity of exoplanet environ-

ments, including the spectra of M dwarf habitable planets (Segura et al., 2003, 2005; Meadows

et al., 2018a) and uninhabitable planets (Lincowski et al., 2018, 2019), habitable haze-enshrouded

exoplanets (Arney et al., 2016, 2017), and high-altitude clouds in the H2-dominated mini-Neptune

exoplanet, GJ1214b (Charnay et al., 2015b). SMART also functions as the radiative transfer core

for the VPL Climate Model (Robinson and Crisp, 2018; Lincowski et al., 2018).

Baseline Transmission Forward Model

We construct a baseline transit transmission spectroscopy forward model designed in preparation

for terrestrial exoplanet transit observations with JWST . This forward model calls SMART for

the radiative transfer, but it also makes numerous simplifying assumptions to limit the volume

of parameter space that the retrieval must traverse. First, we assume that the 1D atmosphere is

isothermal with evenly mixed gas abundance profiles. Although such an atmosphere is unphysical,

and indeed mixing ratio biases have been reported in retrieval tests of hot Jupiter atmospheres

(Rocchetto et al., 2016), transmission spectroscopy is only weakly sensitive to the atmospheric

thermal structure (Kempton et al., 2017), and it remains unclear if JWST will have the precision to

justify TP profile retrievals for rocky exoplanets. We will revisit this discussion in Section 7.5.

Constraining the bulk composition of terrestrial exoplanet atmospheres will be a major chal-

lenge for the foreseeable future. This is primarily due to the lack of absorption features for inert

gases (e.g. H2, He, N2, Ar, etc.) even at large abundance, the saturation of absorption features for

other gases even at small to moderate abundance (e.g. CO2, CH4, H2O), and the multi-dimensional

scale height degeneracy between the atmospheric mean molecular weight, temperature, and surface

gravity. Current, retrieval models tend to confront the problem of bulk atmospheric composition

by treating the mean molecular weight in one of two ways (Barstow and Heng, 2020). The first
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and most commonly used approach derives the mean molecular weight from the gases in the atmo-

sphere by assuming the planet has a primary atmosphere with a solar composition mixture of H2-He

as the background gas (e.g. Benneke and Seager, 2013; Greene et al., 2016; Rocchetto et al., 2016;

Irwin et al., 2020; Lavie et al., 2017; Mollière et al., 2019) or assuming the planet has a secondary

atmosphere with N2 as the assumed background gas (e.g. Barstow et al., 2016; Krissansen-Totton

et al., 2018a; Changeat et al., 2019; Barstow et al., 2020). An alternative approach is to directly fit

for the atmospheric mean molecular weight to account for any spectrally inactive bulk gases (e.g.

Tremblay et al., 2020).

Our forward model allows for the existence of a filler gas that enables the mean molecular

weight to be calculated self-consistently or the mean molecular weight can be retrieved as a free

parameter. Any combination of gases in the HITRAN 2016 database (Gordon et al., 2017) can be

used as the filler gas or included as a free parameter in the state vector. The VMR of the filler gas

is given by,

ffill = 1−
N∑
i=1

fi (7.1)

where fi is the VMR of the ith gas, N is the total number of non-filler gases included in the

atmosphere, and we have assumed that these constitute the entire volume of the atmosphere. This

implicitly enforces the commonly used prior that requires the VMR of all gases sum to unity. The

filler gas must be set prior to starting the retrieval and cannot be exchanged with another gas during

the retrieval. For our baseline model in this work, we use N2 as the filler gas and calculate the

mean molecular weight self-consistently, however, we explore the implications of this assumption

in Section 7.4. The bottom of the atmosphere can be specified by a fixed surface pressure or it can

be fit for as a free parameter.

In addition to the atmospheric parameters, we also allow for the planet radius and planet mass

to be included in the retrieval as free parameters. The radius included in the transit forward model

is the planet’s solid body/surface radius. This surface radius corresponds to the surface pressure

(whether or not it is fixed or free), and represents the “zero point” above which the atmospheric

absorption extends radially outward. The planet mass is not an easily measured quantity for a
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transiting terrestrial exoplanet (as it requires either extremely precise RV or TTVs), nor is it easy

to constrain from transmission spectra. However, the planet mass does affect the scale height

of the atmosphere, via the surface gravity, and is therefore degenerate with both the temperature

structure and the mean molecular weight of the atmosphere. This allows mass to vertically increase

or decrease the scale of all absorption features in the transmission spectrum, thereby potentially

propagating uncertainty into the inferences of other parameters (Changeat et al., 2019). In our

transit forward model, planet mass is converted to surface gravity before it is passed to SMART

for the radiative transfer. Note that we do not make a distinction between the mass contained within

the solid body of the planet versus the mass of the entire planet, due to the negligible mass of the

atmosphere for Earth-like planets1 (e.g. the atmosphere makes up less than 1 ppm of Earth’s mass)

compared to realistic constraints on terrestrial exoplanet masses.

State Vector & Priors

For the purposes of this retrieval study, we use a nominal eight parameter state vector which in-

cludes the isothermal temperature T , the surface pressure P , the solid-body planet radius Rp, and

the five gases: H2O, CO2, CH4, O2, and O3. All other parameters are specified and held fixed. In

Section 7.4, we also explore the effects of fitting for the planet mass Mp, mean molecular weight

µ, and we examine the inclusion of a few additional gases, most notably CO. Table 7.1 shows the

free retrieval parameters under consideration in this work and their respective prior probabilities.

All parameters have uninformative uniform priors except for the planet mass for which we use a

Gaussian prior with mean and standard deviation reported in Grimm et al. (2018).

7.3.2 Inverse Model

We employ a multi-pronged inverse modeling approach similar to that of the CHIMERA retrieval

model (Line et al., 2013, 2014; Kreidberg et al., 2015; Feng and Robinson, 2017; Tremblay et al.,

2020). Each inverse model attempts to solve Bayes’ Theorem to characterize the shape of the poste-

1We also note that gaseous planets have almost all of their mass below the τ = 1 surface.
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Table 7.1. Retrieval parameters and their respective priors.

Parameter Description Prior

log(H2O) H2O volume mixing ratio U(−10, 0)
log(CO2) CO2 volume mixing ratio U(−10, 0)
log(CH4) CH4 volume mixing ratio U(−10, 0)
log(O2) O2 volume mixing ratio U(−10, 0)
log(O3) O3 volume mixing ratio U(−10, 0)
T0 isothermal temperature (K) U(100, 400)

log(P0) surface pressure (Pa) U(2, 6)
R0 solid-body surface radius (R⊕) U(0.85, 0.95)
Mp planet mass (M⊕) N (0.772, 0.077)a

µ mean molecular weight (g/mol) U(10, 45)

Note. — U and N denote uniform and normal distributions, respectively.

aGrimm et al. (2018)
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rior distribution. However, each method makes different assumptions that differ in their numerical

approach and affect both the statistical robustness of the retrieved posteriors and the number of

calls to the forward model required to reach convergence. As a result, four inverse models are cur-

rently available and can be used with any forward model within the SMARTER framework. These

retrieval models are: Optimal Estimation (OE) using scipy.optimize.minimize (Virtanen

et al., 2019), Nested Sampling (NS) using MULTINEST (Feroz and Hobson, 2008; Feroz et al.,

2009, 2013) via the PYMULTINEST Python wrapper (Buchner et al., 2014), Markov Chain Monte

Carlo (MCMC) using EMCEE (Foreman-Mackey et al., 2013), and a novel active learning approach

called APPROXPOSTERIOR (AP; Fleming and VanderPlas, 2018; Fleming et al., 2020). These

methods are described in greater detail in the preceding chapter.

In this work we primarily use nested sampling to derive posterior distributions. Nested sam-

pling has been growing in popularity within the exoplanet atmospheric retrieval community, with

most of the common retrieval codes now using it as their preferred inverse model (e.g. Benneke and

Seager, 2013; Line and Parmentier, 2016; Lavie et al., 2017; Rocchetto et al., 2016; MacDonald

and Madhusudhan, 2017; Barstow et al., 2020). This broad adoption stems from its efficiency—

requiring ∼10× fewer forward model evaluations compared with traditional MCMC sampling—

and its applicability in model selection problems, both of which are important for atmospheric

retrievals. The MULTINEST algorithm iterates forward through nested shells of likelihood, pro-

gressively focusing on smaller and smaller regions of the prior volume. The procedure terminates

once the marginal likelihood (evidence) is determined to some user-specified precision (we use the

recommended value of 0.5 in log-evidence). We also use the evidence to perform Bayes factor

and detection significance calculations for each molecule included in the retrieval following the

approach outlined in Benneke and Seager (2013).

Active Learning with APPROXPOSTERIOR

The computational expense associated with repeatedly calling a radiative transfer model within

a typical retrieval algorithm motivates the development of retrieval frameworks that use machine

learning to increase the speed of performance. Indeed, machine learning approaches are beginning
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to show promise for increasing the speed of atmospheric retrieval inference problems (e.g. Zin-

gales and Waldmann, 2018; Cobb et al., 2019). At present, these methods rely on generating large

spectral datasets to train neural networks, which can perform atmospheric retrievals much faster

than traditional physical models because the neural network replaces the radiative transfer model

used to compute the spectrum. However, the reliance on a single massive training set is a poten-

tial shortcoming of these previous approaches considering how often new spectroscopic laboratory

data (e.g. Fortney et al., 2019) or additional physical complexity must be added to the retrieval

forward model, thereby requiring a new training set to be generated. We elected to mitigate the

computational cost of our physically robust forward model using an alternative, but complemen-

tary approach, by performing approximate Bayesian inference using the APPROXPOSTERIOR code

(Fleming and VanderPlas, 2018; Fleming et al., 2020).

The open-source APPROXPOSTERIOR Python code employs an active learning algorithm to

iteratively improve its predictive accuracy by expanding its training set while minimizing the

expense of acquiring new samples. Unlike previous atmospheric retrieval machine learning ap-

proaches that learn on simulated spectra to replace the expensive radiative transfer model, AP

learns the posterior density using a supervised learning Gaussian process (GP) regression active

learning model. APPROXPOSTERIOR uses the Python code, GEORGE, to perform fast and efficient

GP regression (Ambikasaran et al., 2015).

Given an initial training set of retrieval state vectors paired with their corresponding log pos-

terior probabilities, AP will train a GP using maximum likelihood estimation to optimize the GP

hyperparameters. AP then selects a new point to add to the training set by optimizing an objective

function that attempts to identify regions of parameter space where the GP mean predicts high

posterior probability, where model predictions are likely to match the observations, but that also

have a large GP uncertainty so that augmenting the training set will optimally improve the pre-

dictive accuracy. Two approaches are implemented for the APPROXPOSTERIOR point selection

utility function: the Bayesian Active Learning for Posterior Estimation (BAPE) algorithm from

Kandasamy et al. (2017) and the Adaptive Gaussian process approximation for Bayesian inference

with expensive likelihood functions (AGP) method from Wang and Li (2018). The true forward
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model is evaluated for each point that is selected and the new likelihood value is added to the

training set. After m new points have been added to the training set, MCMC is used to sample the

GP surrogate model’s posterior distribution. The algorithm then proceeds through the process of

selecting another m new training points until either nmax iterations (each adding another m points

to the training set) are reached or the posterior distributions obtained from MCMC have stabilized.

APPROXPOSTERIOR features a number of user-controlled parameters that dictate how the al-

gorithm builds the training set and optimizes the GP. Our approach for using APPROXPOSTERIOR

in our atmospheric retrieval code is to build an initial training set in parallel composed of 100

points per dimension in the state vector. We then elect to have APPROXPOSTERIOR select m = 50

new points per iteration for nmax = 50 total iterations. We optimize the objective function 5 times

for each selected point to increase likelihood of finding the global best design point to add to the

training set. Unless otherwise stated, we use an exponential squared kernel for the GP to enforce

smoothness in our approximated posterior distributions. We optimize the GP hyperparameters af-

ter every 5th new point has been added to the training set, during which we perform 10 randomly

initialized optimizations to increase the likelihood of finding the global best selection of GP hyper-

parameters. We present a validation of APPROXPOSTERIOR in Section 7.4.7 and discuss prospects

for its future usage for exoplanet atmospheric characterization in Section 7.5.3.

7.4 Results

Our results begin with a systematic retrieval assessment of molecular detections and abundance

constraints that may be achievable in a 25 transit NIRSpec Prism campaign to observe TRAPPIST-

1e under various assumptions about the true state of the observed Earth-sized exoplanet (Section

7.4.1). We then compare our retrieved results to the true 1D vertical atmospheric profiles to as-

sess the quality, accuracy, and biases of information that we may be able to learn about this planet

atmospheres (Section 7.4.2). Next, we perform experiments to test the sensitivity to atmospheric

refraction (Section 7.4.3), planet mass constraints from TTV measurements (Section 7.4.4), as-

sumptions about the atmospheric bulk composition (Section 7.4.5), and random noise instances in

retrieval tests (Section 7.4.6). Finally, we validate the APPROXPOSTERIOR active learning model
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Figure 7.2 Fit to synthetic JWST/NIRSpec Prism data of TRAPPIST-1e assuming the observed
planet possesses a clear Earth-like atmosphere. The purple envelopes show the 1σ and 3σ uncer-
tainty about the median retrieved spectral fit.

for atmospheric retrievals (7.4.7).

7.4.1 Atmospheric Composition, Habitability & Biosignatures

We now assess the ability to detect molecules in the atmosphere of TRAPPIST-1e, retrieve their

abundance, and distinguish between different archetypal atmospheric composition scenarios with

JWST including signs of habitability and biosignatures. Figure 7.2 shows the breadth of spectral

models that fit a synthetic transmission spectrum of TRAPPIST-1e. The fit to the spectrum is

shown at the native resolution of the JWST/NIRSpec Prism instrument and is extremely good

despite the simplifications made to our retrieval forward model compared to the capabilities of the

full radiative transfer model. The 1σ and 3σ uncertainty envelopes around the median retrieved

spectrum show a similar magnitude of model uncertainty at all wavelengths, except below 1 µm

where the data are sufficiently low S/N to propagate greater uncertainty into the inferred spectrum.

Figure 7.3 shows marginalized posterior distributions for the spectral fit shown in Fig. 7.2

for the clear modern Earth-like atmosphere. The marginalized posteriors show well-defined peaks

for the H2O, CO2, and CH4 abundances, the isothermal temperature, the planet radius, and the

reference pressure. O2 and O3 are only constrained by upper limits. The 2D posterior projections
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Figure 7.3 Corner plot showing 1D and 2D marginalized posterior distributions for the retrieval
of the clear modern Earth-like transmission spectrum shown in Fig. 7.2. The upper right panel
shows Bayes factors for models excluding the listed molecule to quantify the evidence provided
by the spectrum in support of that molecule. From smaller to larger values of lnB, the horizontal
dashed lines show the limits for “weak” (2.1σ), “moderate” (2.7σ) and “strong” (3.6σ) detections,
respectively.
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Figure 7.4 Bayes factors showing the evidence in favor of each molecule from retrievals on 25
transits of TRAPPIST-1e assuming multiple plausible atmospheric compositions.

reveal a strong positive correlation between the CO2 and CH4 abundance and a negative correlation

between reference pressure and radius. CO2 and CH4 also show a slight positive correlation with

temperature towards large abundance values. The upper right panel of Fig. 7.3 shows Bayes

factors from model comparisons indicating the significance of molecular detections, with larger

values giving stronger support for the model with the listed molecule included. We find CO2 and

CH4 to be strongly detected (>7σ), while H2O is only weakly detected, and O2 and O3 are not

detected at all.

We repeated the retrieval analyses shown in Figures 7.2 and 7.3 assuming several additional at-

mospheric compositions for TRAPPIST-1e that would give rise to different observed transmission

spectra. Figure 7.4 shows the resulting Bayes factors supporting the detection of each molecule

included in the study, for each atmospheric composition considered. Each of the self-consistent

secondary atmospheres considered possesses CO2, which is strongly detected across the board.

For both the modern and the Archean Earth-like atmospheres, biogenic CH4 is also strongly de-

tected in 25 transits. The actual modern Earth atmosphere, which is included for comparison but is

photochemically inconsistent with the TRAPPIST-1 UV environment, has enhanced O2 and sup-
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pressed CH4 relative to the self-consistent modern Earth-like atmosphere. This unrealistic scenario

leads to an under prediction in the strength and detectability of CH4 and an over prediction in the

detectability of H2O, which would otherwise be obscured by the photochemically enhanced CH4.

In the Venus-like atmosphere with H2SO4 clouds, CO2 is still strongly detected above the cloud

deck, but no other gases warrant inclusion in the model. The post-ocean-loss O2-dominated at-

mosphere has strongly detected CO2 features and weakly detected O2 from the 1.06 and 1.27 µm

O2 – O2 CIA features (see Schwieterman et al., 2016b; Lincowski et al., 2018; Lustig-Yaeger et al.,

2019b; Fauchez et al., 2020).

7.4.2 Comparison to Heterogeneous Vertical Profiles

Figure 7.5 compares our retrieved atmospheric parameters to the underlying true 1D vertical atmo-

spheric profiles from Lincowski et al. (2018) and Meadows et al. (2020, in prep) that were used to

generate the synthetic JWST data. From the top row of subplots to the bottom, we show cases for

the clear Earth-like, cloudy Archean, clear 10 bar CO2, and the 10 bar desiccated O2 atmospheres.

Each subplot compares the vertically homogeneous retrieved constraints for one parameter in the

state vector to the vertically resolved self-consistent profile shown as a function of pressure.

In general, we find good agreement between our vertically homogeneous atmospheres and the

1D true profiles. The uncertainty in our retrieved isothermal temperature profiles and evenly mixed

gas volume mixing ratio profiles tend to bracket the variance seen in the true 1D profiles, with a

particularly strong weighting towards low atmospheric pressures between 10− 104 Pa (10−4− 0.1

bars). In many cases, CO2 and CH4 are (nearly) evenly mixed in the original 1D atmosphere

and their median retrieved abundances agree well with these values. Other gases—such as H2O,

O3 in the modern Earth-like case, and O2 in the Archean-like case—exhibit substantially varying

vertical profiles, for which the retrieval recovers an upper limit for that gas that is consistent with

the maximum along the vertical profile. The isothermal temperature tends towards temperatures in

the stratosphere, reflecting the region most sensitive to in transmission spectroscopy. However, the

two 10 bar cases show anomalously low retrieved temperatures compared to their respective 1D

TP profiles.
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Figure 7.5 Retrieved marginalized posterior distributions compared to the 1D vertical atmospheric
profiles used to generate the synthetic JWST spectra. Each horizontal row of plots shows a different
atmospheric case. Each subplot shows a normalized histogram of the 1D marginalized posterior,
compared to that parameters true vertical profile shown as a function of pressure along the vertical
y-axis.
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7.4.3 Refraction

We compared the effects of including refraction in the transmission spectrum forward model using

many different atmospheric cases for TRAPPIST-1e. For this test, we kept the same 8 parameter

state vector as in our previous tests, and fit the same fiducial 25 transit NIRSpec Prism transmission

spectrum. The only change made was the inclusion of the refraction of stellar rays passing through

the transiting planet’s atmosphere using the ray tracing model described in Robinson (2017a). We

reiterate here that the effects of refraction are included in the simulated JWST data from the more

sophisticated spectral models generated from self-consistent climate and photochemistry atmo-

spheric calculations.

Figure 7.6 shows marginalized posterior distributions for each model parameter to compare

retrieved results when refraction is included. Each row of plots corresponds to a different assumed

atmospheric composition for TRAPPIST-1e and each subpanel corresponds to one retrieved pa-

rameter. In general, we find very similar results to our cases without refraction. However, with re-

fraction included, the molecular abundances and the isothermal temperature are constrained more

tightly, particularly evident for CH4 and O3 in the Earth-like case. The solid body radius and the

reference/surface pressure have slightly looser constraints, which is more evident for the higher

pressure atmospheres considered. With refraction included, the planet radius posterior also shows

a shoulder for the 1 bar Earth-like case, which transforms into a secondary mode for the three

other higher pressure cases shown. In all cases, the median retrieved temperature shifts to higher

temperatures when refraction is included. Moreoever, the deeper into the atmosphere that the trans-

mission spectrum intrinsically probes, the greater the shift to hotter temperatures (note that the 10

bar cloudy CO2 atmosphere has a median inferred reference pressure at <0.1 bar).

Refraction also appears to modify the degenerate relationship between the reference pressure

and other key planet and atmospheric parameters. Figure 7.7 shows two-dimensional posterior pro-

jections for the reference pressure versus the radius, temperature, and the O3 and O2 abundances

for the 10 bar O2 atmospheric case. The covariance between pressure and radius exhibits a sig-

nificant change in morphology when refraction is included in the model, which helps elucidate
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Figure 7.6 Marginalized posterior distributions for retrievals with (cyan) and without (purple) re-
fraction in the transmission spectrum forward model. Simulations were performed on simulated
data assuming 25 transits were observed with JWST/NIRSpec Prism and the planet possesses a
clear Earth-like atmosphere (first panel), a 10 bar clear CO2 atmosphere (second panel), a 10 bar
desiccated O2 atmosphere (third panel), or a 10 bar cloudy CO2 atmosphere (fourth panel).
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the secondary radius mode seen in Fig. 7.6. This change in the form of the degeneracy occurs at

pressures higher than 105 Pa (1 bar), but negligibly affects the posteriors at lower pressures. Fur-

thermore, this effect is not substantial in the 1D marginalized pressure posteriors shown Fig. 7.6,

despite causing a substantial change to the pressure-radius covariance, which explains the change

to the 1D marginalized radius posteriors. The covariance between pressure and the other parame-

ters shown in Fig. 7.7 is more subtle, but generally show how the tighter constraints on the inferred

parameters noted in Fig. 7.6 occur at higher pressures.

The tendency for refraction to affect changes in atmospheric inferences, preferentially at higher

pressures, is consistent with the underlying physical picture of refraction in transiting exoplanet at-

mospheres (Bétrémieux and Kaltenegger, 2013; Misra et al., 2014). For thin atmospheres where

the planet surface, or likewise an optically thick cloud/haze, is controlling the transmission spec-

trum continuum, the reference pressure and the surface radius are nearly independent and can

be (loosely) constrained by the spectrum continuum. However, for thicker atmospheres without

aerosols, the spectrum continuum is controlled by the critical refraction pressure (Bétrémieux and

Kaltenegger, 2013; Misra et al., 2014), which obscures the atmosphere below. In such a case, if

refraction is neglected from the retrieval, the radius and reference pressure can still fit the spectrum

as if the continuum is an optically thick medium. However, with refraction included the surface

radius and reference pressure are degenerate, unseen, and can be exchanged—increasing the sur-

face pressure and decreasing the radius—to nearly indefinite depths into the atmosphere, while the

critical refraction limit maintains the continuum at a fixed pressure.

We also compare marginal likelihoods to examine the evidence in favor of the refraction model.

Although we are able to include refraction in our model without increasing the dimensionality of

the inference, we find that Bayes factors do not favor the atmospheric refraction model over the

model without refraction. This occurs because we find equally good fits to the spectra when we do

not include refraction, and therefore the marginal likelihoods for both models remain consistent.

This result holds when increasing the number of observed transits to 50. However, achieving

adequate fits to data that yield biased results is a major concern for thick, cloud-free atmospheres.
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Figure 7.7 Two-dimensional marginalized posterior projections for the fit to the 25 transit data
of the 10 bar dry O2 atmospheric composition using a model with (cyan) and without (purple)
refraction included in the forward model. Refraction modifies the covariance between the reference
pressure and other key parameters, particularly the solid-body planet radius, at higher pressures.

7.4.4 Planet Mass & TTV Constraints

We test the effect of including planet mass in the retrieval similarly to our tests for refraction. We

consider the clear Earth-like case observed with 25 and 50 transits. We impose a Gaussian prior on

the planet mass using the TTV mass constraints from Grimm et al. (2018). Note that not including

mass in these retrieval tests is identical to assuming a delta-function prior on mass because it is

optimistically fixed to the known value. We also examine the impact of expanding the TTV mass

prior by a factor of two (in standard deviation) to relate the results to systems for which the inferred

mass is less well constrained.

We find that the exceptional TTV constraints on the mass of TRAPPIST-1e are sufficient to

effectively reproduce the same posteriors as those without mass included. Figure 7.8 shows re-

sults from two retrieval tests: 25 and 50 observed transits (top and bottom panels, respectively).

The marginals show very close agreement between the retrievals with and without mass included.

However, we do find that marginalizing over the mass constraints propagates uncertainty into the

retrieved temperature. The 1σ uncertainty on the isothermal temperature increased by 18% for the

25 transit dataset, and it increased by 44% for the 50 transit data. Therefore, retrievals that do

not marginalize over the planet mass uncertainties may retrieve artificially tight temperature con-
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Figure 7.8 Marginalized posterior distributions for retrievals with (cyan) and without (purple)
planet mass included in the state vector. Retrievals were performed on simulated data of
TRAPPIST-1e with an Earth-like (clear-sky) atmosphere assuming 25 transits (top and bottom
panels) and 50 transits (middle panel) were observed with JWST/NIRSpec Prism. Gaussian pri-
ors obtained from TTV measurements are used for the planet mass (shown in orange); the bottom
panel uses a Gaussian prior with twice the standard deviation.

straints, particularly for high S/N spectra. Additionally, the 50 transit dataset appears to constrain

the planet mass slightly beyond the constraints acquired from TTV analyses.

Decreasing the precision of the mass prior also leads to less precise temperature constraints.

The bottom panel of Fig. 7.8 shows the results after doubling the standard deviation on the planet

mass Gaussian prior. In this case, the temperature posterior is more poorly constrained, showing a
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Figure 7.9 Two-dimensional
marginalized prior (orange) and
posterior (cyan) constraints on
the planet mass and temperature
from the 25 transit data of the
Earth-like atmospheric compo-
sition. A positive correlation is
evident between the mass and
temperature.

52% increase in the 1σ temperature uncertainty, which resembles our findings in the middle panel

when we doubled the number of observed transits. That is, not including mass can lead to biased

constraints on the inferred temperature if the mass uncertainty is large relative to the precision on

the spectrum.

These findings are the result of a degeneracy between planet mass and temperature, via the

scale height of the atmosphere. Figure 7.9 shows prior and posterior probability distributions

as a function of temperature and mass for the nominal 25 transit retrieval case with TTV priors

on the mass. The scale height degeneracy between mass and temperature is clearly evident in

the posterior as a positive correlation. Thus, as the prior constraints on planet mass expand or

contract—due to TTV measurements—or the precision of the spectrum changes—due to more or

less transit observations—the posterior constraints on the mass and temperature will change along

the contours of this degeneracy.
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Figure 7.10 Marginalized posterior distributions for retrievals with three different assumed VMR
filling gases: N2 (purple), Ar (cyan), and H2 (pink). Retrievals were performed on simulated data
of TRAPPIST-1e with an Earth-like (clear-sky) atmosphere assuming 25 transits were observed
with JWST/NIRSpec Prism.

7.4.5 Mean Molecular Weight & The Bulk Atmospheric Composition

We now revisit our assumption to use N2 as a background gas to fill in the volume of the atmo-

sphere not expressed by the gases in the state vector. This approach is used extensively within

the atmospheric retrieval community with mixtures of H2-He to fill the bulk composition of gas

giants with primary atmospheres (e.g. Benneke and Seager, 2013; Greene et al., 2016; Irwin et al.,

2020; Lavie et al., 2017; Mollière et al., 2019), and has also recently been applied to high mean

molecular weight atmospheres using N2 (Barstow et al., 2020). Using our fiducial 25 transit clear

Earth-like NIRSpec transmission spectrum, we perform two additional retrievals using Ar and H2

as the assumed filling gas to test for biases with higher (Ar) and lower (H2) molecular weight gases

compared to N2. We include planet mass in these experiments.

We find that the choice of filling gas can bias the retrieved temperature, but physically-motivated

choices do not appear to significantly affect the inference of gas abundances. Figure 7.10 shows

one-dimensional marginalized posterior results from retrievals of the clear Earth-like TRAPPIST-

1e spectrum, assuming N2 (28.014 g/mol), Ar (38.948 g/mol), and H2 (2.106 g/mol) VMR filling.

The marginalized posteriors for Ar and N2 are consistent with one another for all parameters ex-

cept for the temperature, which shows distinctly inconsistent retrieved distributions. Using H2 as

a filling gas shows inconsistent retrieved CO2 and CH4 abundances, in addition to an inconsistent
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temperature. These findings manifest from the dependent relationship between the filling gas and

the mean molecular weight and the scale height degeneracy between the molecular weight and tem-

perature. Being heavier than N2, Ar will contract the scale height unless the temperature increases

to compensate. Similarly, H2 is much lighter than N2, forcing the temperature to decrease substan-

tially to compensate. However, this pushes the temperature up against the lower prior bound set at

100 K, and as a result, we see increases to the CO2 and CH4 abundances in an attempt to increase

the molecular weight and still fit the features of these spectrally active gases in the spectrum. We

can weakly rule out the H2 model with a Bayes factor of lnB = 1.8 when compared to the N2 and

Ar filled cases, but these heavier gases cannot be distinguished in our Bayesian hypothesis test.

We find that using filling gases in a retrieval places a strong implicit prior on the mean molecular

weight of the atmosphere. Figure 7.11 shows prior and posterior samples from our three filling gas

tests projected onto axes for the mean molecular weight and VMR of the filling gas. Since these

two parameters are not fitting parameters, the displayed samples are not explicitly drawn from the

state vector, but are simply calculated from it for each prior and posterior sample. The central panel

of Fig. 7.11 indicates that there is an a priori preference for the mean molecular weight to take

on values corresponding to the available end-member bulk atmospheric compositions. That is, as

the VMR of the filling gas increase towards unity and it becomes the bulk atmospheric constituent,

the mean molecular weight of the atmosphere necessarily converges to the molecular weight of

the filling gas. On the other hand, as the filling gas decreases in abundance the atmospheric mean

molecular weight follows trajectories towards a linear combination of the available gases in the

state vector. Furthermore, the (log) uniform priors used for the free gases have a bias towards

small abundances2, which transforms via Equation 7.1 into a bias towards large abundances for the

filling gas, as seen in the top panel of Fig. 7.11. Ultimately, this implicit prior on the filling gas

abundance causes strongly peaked priors on the mean molecular weight that are centered on the

weight of the filling gas with weak tails extending the breadth of the available gases in the state

vector.

2Our choice of priors give a 50-50 chance of each gas falling below 10−5 VMR.
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Figure 7.11 Two-dimensional marginalized prior (color points and histograms) and posterior (black
points) samples/distributions for the VMR of the filling gas and the atmospheric mean molecu-
lar weight, assuming N2 (purple), Ar (cyan), and H2 (pink) as the filling gas. The central panel
shows samples from the prior as color points and equally weighted samples from the posterior
as black points, indicating an a priori preference for the mean molecular weight to take on val-
ues corresponding to the available end-member bulk atmospheric compositions. The top and right
histograms show one-dimensional prior projections for the filling gas VMR and the mean molec-
ular weight, respectively. The choice of filling gas imposes an implicit prior that propagates a
substantial preference for the molecular weight of the atmosphere into posterior inferences.
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Despite the implicit priors on mean molecular weight and their propagation into the inferred

temperature, high S/N data may be able to overcome this effect. The posterior samples shown in

Fig. 7.11 (black dots) generally fall along a line connecting the molecular weight of CO2 with

that of the filling gas. When Ar and N2 are used the mean molecular weight posterior peaks

near the weight of each gas as it is found to compose the bulk of the atmosphere. When H2 is

used the opposite is seen and the mean molecular weight tends towards CO2 as the H2-dominated

atmosphere is rejected. This indicates that retrievals can overcome these strong implicit priors and

identify bulk compositions that vary from the filling gas if (a) the true bulk gas is included in the

state vector and (b) the spectral data are high enough S/N.

7.4.6 Random Noise Instances

We now briefly revisit the validity of our technique to sample the spectral data at the mean of the

Gaussian errors, without adding random Gaussian noise. As previously stated, this approach has

been used in other retrieval studies to efficiently acquire posteriors that are consistent with having

performed many retrievals each with a different noise instance (e.g. Feng et al., 2018; Mai and

Line, 2019; MacDonald et al., 2020). However, this method can only be applied to retrieval studies

on synthetic data, so it warrants continued investigation to validate the results against random noise

instances.

We apply random Gaussian noise to the 25 transit NIRSpec Prism spectrum of TRAPPIST-1e

with a modern Earth-like atmosphere and assess the posterior and the model comparison agreement

with the retrieval results found using the mean spectrum. Figure 7.12 shows the retrieval model

fit to the noisy spectrum and the resulting posteriors compared to the case with no Gaussian noise

added. The figure also shows the detection significance of each molecule in the spectrum from

an evidence-based model comparison test. Although the posterior distributions are clearly not

identical, they largely agree within the inferred uncertainties and they generally yield the same

broad interpretation. In some cases the mean retrieval approach shows tighter constraints, such as

for the H2O abundance and the reference pressure, while for other parameters the random noise

instance displays artificially enhanced constraints, such as for O3. However, the parameters that
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Figure 7.12 Comparison between retrievals with and without Gaussian noise added to the spectrum.
The top panel shows the synthetic JWST spectrum and the median retrieved spectrum with 1σ
and 3σ uncertainty envelopes. The corner plot shows the 1D and 2D marginalized posteriors for
the mean spectrum retrieval (purple) and the random noise instance spectrum retrieval (orange).
The middle-right inset axis shows the detection significance of each molecule from an Bayesian
evidence-based model comparison for each noise approach.
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are well constrained—the CO2 and CH4 abundances, the temperature, the radius, and the reference

pressure—appear to have much less bias in their posteriors. Moreover, the large disagreement

in H2O VMR and the false constraints on O2 and O3 are easily flagged as non-detections by the

Bayesian hypothesis tests for each molecule, which show remarkably good agreement between

the two noise approaches. Thus, we find the mean spectrum retrieval approach to be valid for

predictive assessments, particularly when paired with evidence-based model comparisons.

7.4.7 APPROXPOSTERIOR Validation

We now explore retrieval results from the clear Earth-like TRAPPIST-1e case using the APPROX-

POSTERIOR machine learning method. In particular, we examine both the agreement between

posteriors obtained with APPROXPOSTERIOR versus those obtained with MCMC and NS and the

efficiency of each method in terms of forward model evaluations.

Our first test compares MCMC and AP using a simplified state vector with only three param-

eters. In this case, we fit for the isothermal temperature, the H2O abundance, and the CO2 abun-

dance. All other parameters are held fixed at their true simulated values. Figure 7.13 shows 1D and

2D posterior projections for retrieval results obtained using MCMC (purple) and APPROXPOSTE-

RIOR (orange). We successfully derive statistically identical posteriors for our three atmospheric

model parameters in just 4000 forward model evaluations using APPROXPOSTERIOR compared to

3,000,000 evaluations needed with MCMC, an 750× speed improvement.

Our second test uses the 8 parameter state vector used throughout this work to fit the fiducial

TRAPPIST-1e clear sky Earth-like transmission spectrum. In this case, we started APPROXPOS-

TERIOR with an initial training set of 800 points randomly drawn from the priors and allowed AP-

PROXPOSTERIOR to select another 1600 points using its active learning algorithm. For this test,

we compare APPROXPOSTERIOR against MULTINEST. Figure 7.14 shows the resulting 1D and

2D marginalized posterior results for comparison. We can see significant discrepancies between

APPROXPOSTERIOR and MULTINEST in both the 1D marginal posteriors and the 2D covariances.

For example, the most well-constrained gas—CO2 and CH4—show Gaussian posteriors that are

offset from the MULTINEST results by greater than 1σ, although the CO2 – CH4 covariance is still
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Figure 7.13 Corner plot showing the 1D and 2D marginalized posteriors for a simplified retrieval
scenario simulated using both MCMC (purple) and AP (orange). For this low-dimensional case,
AP derives statistically identical posteriors as MCMC using ∼1000× fewer forward model evalu-
ations.
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Figure 7.14 Posterior comparison between retrievals using MULTINEST (purple) and APPROX-
POSTERIOR (orange).

captured. Parameters for which MULTINEST gives an upper limit (e.g. O2 and O3) are artificially

over-constrained by APPROXPOSTERIOR, and show a Gaussian peak that declines correctly along

the upper limit, but fails to capture the extended tail of the distribution at low abundances. As a

result, APPROXPOSTERIOR derives posteriors that are incorrectly over-constrained.
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7.5 Discussion

7.5.1 Characterizing the Atmosphere of TRAPPIST-1e

Our results further illuminate an emerging picture that JWST transmission spectroscopy can be

used to detect the presence of secondary atmospheres for the temperate TRAPPIST-1 planets, in

particular, by detecting the strong 4.3 µm CO2 band (Morley et al., 2017; Wunderlich et al., 2019;

Lustig-Yaeger et al., 2019b; Fauchez et al., 2019; Pidhorodetska et al., 2020). We underscore

the robustness of such a CO2 detection even in the presence of high altitude global clouds by

demonstrating that CO2 can still be confidently detected (>3.6σ) above the H2SO4 aerosols in a

self-consistent Venus-like atmosphere for TRAPPIST-1e in 25 observed transits with NIRSpec,

although no evidence of the aerosols are detected to distinguish them from a solid surface, as

cautioned by Lustig-Yaeger et al. (2019a). Beyond CO2, the characterization of TRAPPIST-1e

becomes a much more difficult endeavor.

We find strong agreement with the growing consensus that transmission spectroscopy with

JWST appears ill-suited to assess the habitability of TRAPPIST-1e and, by extension, other HZ

planets transiting M dwarfs. Previous works have shown that H2O features may be difficult to

detect in transit due to H2O’s scarcity in the upper atmosphere of habitable planets where transmis-

sion spectra are most sensitive (Robinson, 2018; Lustig-Yaeger et al., 2019b). The detectability of

H2O is further reduced by the obscuring effects of H2O clouds and photochemical hazes (Fauchez

et al., 2019; Komacek et al., 2020; Pidhorodetska et al., 2020; Suissa et al., 2020). In addition

to these complicating effects for habitability assessments, we find that photochemically enhanced

CH4 (see Segura et al., 2003, 2005; Lincowski et al., 2018; Wunderlich et al., 2019; Meadows

et al., 2020) produces large MIR spectral features that overlap with crucial H2O bands, decreasing

the sensitivity to H2O for remote sensing retrievals.

However, even if habitability eludes our spectroscopic searches, it may still be possible to ob-

servationally confirm that a planet is uninhabitable. Methods have been proposed to distinguish

the atmospheres of planets that do not have surface oceans by detecting O2 – O2 CIA as evidence of

pre-main-sequence water loss (Schwieterman et al., 2016b; Lincowski et al., 2018; Lustig-Yaeger
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et al., 2019b; Fauchez et al., 2020), detecting isotopologue bands from Venus-level isotopic frac-

tionation as evidence of ocean loss (Lincowski et al., 2019), or detecting an H2SO4 – H2O haze layer

or SO2, which would be incompatible with surface liquid water (Loftus et al., 2019). We confirm

and build upon the results of Lustig-Yaeger et al. (2019b), finding that 25 transits of TRAPPIST-1e

with NIRSpec would be sufficient to weakly detect (>2.1σ) the presence of O2 via the NIR O2 – O2

CIA bands and infer O2 as the bulk composition of the atmosphere.

The ability for JWST to detect biosignature gases appears quite limited and may ultimately

depend on our ability to interpret the simultaneous presence of CH4 and CO2. Krissansen-Totton

et al. (2018a) report that 10 transits of TRAPPIST-1e may be sufficient to detect CO2 and con-

strain the CH4 abundance enough to rule out known nonbiological CH4 production, potentially

indicating a biosignatures for an anoxic Archean Earth-like planet. We infer similar results to

Krissansen-Totton et al. (2018a) regarding the detection of CH4 and CO2 and the retrieval of their

order-of-magnitude abundances for the self-consistent Archean Earth-like environment, both with

and without significant sulfur organics, studied by Meadows et al. (2020, in prep). However, our

findings suggest that H2O may be significantly more difficult to detect than reported by Krissansen-

Totton et al. (2018a). Like previous works, our retrieval results are largely insensitive to O2 and

O3 for a modern Earth-like TRAPPIST-1e planet (Barstow and Irwin, 2016; Krissansen-Totton

et al., 2018a). However, as in Meadows et al. (2020, in prep), we find that CH4 and CO2 may also

be easily constrained for TRAPPIST-1e if it possesses a photochemically self-consistent modern

Earth-like atmosphere. Interestingly, because signs of oxygenic photosynthesis are effectively un-

detectable, retrievals may appear quite similar if the planet has a modern Earth-like atmosphere or

a haze-free Archean Earth-like atmosphere (for Archean hazes e.g., see Arney et al., 2016, 2017,

2018). Thus, the simultaneous presence of abundant CO2 and CH4 appears to be an intriguing

disequilibrium indicator that Earth-like biospheres may readily express in their spectra throughout

much of their evolution if such life is present on planets around late M dwarfs like TRAPPIST-1.
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7.5.2 Terrestrial Exoplanet Atmospheric Retrieval Subtleties

We find that the common approach of using an isothermal TP structure and evenly mixed vertical

gas abundances is sufficient to provide order-of-magnitude constraints that are generally consis-

tent with the 1D vertical profiles from self-consistent climate and photochemistry models used to

generate our synthetic JWST transmission spectra. For instance, despite the strong vertical depen-

dence of O3 in a modern Earth-like atmosphere, we are able to retrieve an upper limit on the ozone

abundance that matches the peak stratospheric O3 volume mixing ratio. Other gases do not exhibit

as substantial of vertical gradients and our retrieval succeeds in retrieving their approximate abun-

dances across the relatively narrow pressure region probed by transmission spectroscopy. However,

based on our retrieval of the stratospheric H2O abundance rather than the troposphere or surface

H2O vapor content, we caution against interpreting the atmosphere retrieved from a terrestrial ex-

oplanet transmission spectrum as representative of the entire atmosphere or the surface conditions.

We find that retrievals which do not included atmospheric refraction using a ray tracing radia-

tive transfer model, may introduce appreciable biases for some inferred atmospheric parameters.

All of our synthetic JWST transmission spectra observations used the refraction model, but we

ran retrieval models with and without refraction. Unsurprisingly, we find the greatest effects from

refraction for thick (10 bar) aerosol-free atmospheres. Nonetheless, all of our simulations with

refraction lead to slightly tighter abundance constraints with a slightly higher inferred isothermal

temperature.

Moreover, we find that refraction modifies the degeneracy between the solid-body surface ra-

dius and the corresponding reference pressure (e.g. Welbanks and Madhusudhan, 2019) to create

multi-modal radius posteriors. That is, the spectral continuum can be interpreted in one of two

ways: an optically thick medium (planet surface or cloud deck) or the critical refraction limit (see

Bétrémieux and Kaltenegger, 2014; Misra et al., 2014). The former corresponds to the solution

that is obtained without refraction, while the later is a direct consequence of refraction that enables

a degenerate anti-correlation between the reference radius and pressure to maintain the critical

refraction limit as the fixed spectral continuum while allowing the unseen surface pressure to be
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arbitrarily high. These refraction effects are subtle, but may grow in importance as transmission

spectra are obtained for a broader range of exoplanets, particularly cooler planets, that could have

relatively clear atmospheres.

We find that the TRAPPIST-1e mass constraints from TTV measurements are precise enough

at present to enable a substantial spectral characterization effort using JWST without propagating

uncertainty into the atmospheric inference. We explored how the marginalizing over the planet

mass constraints compares to retrievals artificially fixed at the true mass. In a 25 transit survey

of TRAPPIST-1e, the mass from Grimm et al. (2018) provide the same posteriors as those with

the fixed mass, but for a 50 transit survey, the current mass constraints do begin to decrease the

precision of the retrieved temperature. However, decreasing the precision of the Grimm et al.

(2018) mass by a factor of two led to a ∼50% increase in the temperature uncertainty. Thus,

because the TRAPPIST-1 system is amenable to remarkably precise planet mass characterization

via TTVs, we do not expect mass uncertainties to hinder the atmospheric characterization of these

planets. This assessment is in agreement with the more detailed findings presented in Batalha

et al. (2019). However, in general, including planet mass uncertainties in terrestrial exoplanet

atmospheric retrievals is important to faithfully explore scale height degeneracies, particularly for

systems with poor mass constraints.

Uncovering the bulk composition of secondary atmospheres, and remaining unbiased when the

bulk composition cannot be constrained, is poised to be one of the greatest challenges of terrestrial

exoplanet atmospheric characterization. Throughout much of this work, we employed the common

assumption that N2 fills the remaining content of the atmosphere after all other gases in the state

vector are accounted for. However, we demonstrated that this approach places a strong implicit

prior on the mean molecular weight of the atmosphere that propagates artificial constraints through

to temperature inferences by way of the scale height degeneracy between mean molecular weight,

temperature, and surface gravity. These results echo similar findings reported and discussed by

Benneke and Seager (2012). We tested for sensitivity to the choice of filling gas and found that

trace gas abundances are unlikely to be biased by this assumption, as long as the trace gases are not

hijacked by the retrieval to overcome a poor choice of filling gas (e.g. see H2 filling in Fig. 7.10).
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These effects decrease as more gases are added to the state vector. The primary concern for this

bulk composition bias is the mean molecular weight and the atmospheric TP structure.

We advocate a nuanced approach for specifying the bulk atmospheric composition and mean

molecular weight going forward. For instance, explicitly fitting for the mean molecular weight, as

done by Tremblay et al. (2020), is robust against this implicit prior bias. However, this approach

fails to self-consistently leverage information about the bulk composition of the atmosphere that

may actually be constrained by the spectrum, such as how a large posterior CO2 abundance should

naturally sway the mean molecular weight towards the weight of CO2, or how the presence of

N2 – N2 CIA should be correlated with bulk atmospheric N2 (Schwieterman et al., 2015b). One

approach could be to report retrieval results for multiple choices in filling gas. Another promis-

ing approach may be to combine the two strategies of explicitly fitting for the mean molecular

weight and using a VMR filling gas. This allows the prior on mean molecular weight to be flat,

uninformed, and unbiased, but the prior covariance matrix may still possess off diagonal terms to

account for the dependence of the mean molecular weight on the retrieved gas abundances. In

practice, this can achieved by fitting for the molecular weight of the filler gas subject to a uniform

prior. A third option could be to reparameterize the atmospheric composition using a centered-log-

ratio transformation, as discussed in Benneke and Seager (2012) to mitigate the bias caused by the

asymmetric filling gas parameterization. However, regardless of the approach, it is likely that a

family of solutions to the bulk composition will be retrieved.

Many of the challenges associated with terrestrial atmospheric retrievals circle back to the scale

height degeneracy between temperature, mean molecular weight (bulk atmospheric composition),

and surface gravity (planet mass). We highlighted a few of these challenges, but neglected others

that will further complicate the retrieval of secondary atmospheres. Iyer and Line (2020) found

that stellar spectral contamination (see Rackham et al., 2018; Zhang et al., 2018; Morris et al.,

2018b,c; Wakeford et al., 2019) can bias parameters associated with the scale height, and account-

ing for it in a retrieval adds another degenerate parameter to the problem. Additionally, Line and

Parmentier (2016) found that non-uniform cloud cover is also degenerate with the mean molecular

weight, and it remains unclear the how much this will complicate the characterization of secondary
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atmospheres. Thus, further exploration of these entangled degeneracies is essential for correctly

interpreting the atmospheres of small planets with secondary atmospheres.

7.5.3 Active Learning for Atmospheric Retrievals

We find that active learning can provide a pathway towards efficient approximate Bayesian infer-

ence in circumstances with slow to evaluate forward models. For low dimensional retrieval prob-

lems, we find speed improvements that approach three orders of magnitude without sacrificing

posterior accuracy. However, our 8 parameter validation test demonstrates the limitations of this

approach when the dimensionality of the problem grows larger, which is a common shortcoming

of machine learning atmospheric retrieval approaches (Nixon and Madhusudhan, 2020).

We advocate for continued investigation into active learning for atmospheric retrievals. This

approach may enable exoplanet atmospheric retrievals using physical models that would typically

not be considered computationally feasible, such as with 1D coupled climate-chemistry models,

multiple/many 1D atmospheric profiles, and potentially even 3D GCMs. In cases where the addi-

tion of more physical and chemical modeling can decrease the number of fitting parameters, active

learning may excel. However, more work is needed to scale the impressive results seen for low

dimensional problems up to the higher dimensional problems that are commonplace in the field.

7.6 Conclusion

We have developed a new terrestrial exoplanet atmospheric retrieval model and applied it to test

JWST’s capacity to characterize the atmosphere of TRAPPIST-1e in a 25 transit observational

campaign. Our retrieval model uses a physically robust, line-by-line radiative transfer model de-

signed to fit medium to high resolution spectra, including JWST spectra at the native instrumental

resolution. In agreement with previous studies on JWST transmission spectra of TRAPPIST-1e,

we found that CO2 may be detected relatively easily in just a few observed transits (e.g. Morley

et al., 2017; Lustig-Yaeger et al., 2019b), H2O may be quite difficult to detect (>25 transits) (e.g.

Fauchez et al., 2019; Komacek et al., 2020; Pidhorodetska et al., 2020; Suissa et al., 2020), and
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the CH4 – CO2 disequilibrium pair seen for the Archean Earth (Krissansen-Totton et al., 2018b)

may be the best chance for JWST to detect any indication of a biosignature (Krissansen-Totton

et al., 2018a). Moreover, we demonstrated that the CH4 – CO2 disequilibrium biosignature is also

detectable for a modern Earth-like environment for TRAPPIST-1e because of the role photochem-

istry plays to increase the CH4 abundance above that seen in the Earth’s atmosphere (Segura et al.,

2005; Meadows et al., 2018a). Furthermore, since evidence of oxygenic photosynthesis cannot

be constrained, the Archean Earth and the modern Earth may look quite similar in the eyes of

JWST (neglecting Archean hazes e.g., see Arney et al., 2016, 2017, 2018). If instead TRAPPIST-

1e possesses a post-ocean-loss oxygen-dominated atmosphere, we are able to identify O2 as the

bulk atmospheric constituent and retrieve its approximate abundance using the NIR O2 – O2 CIA

features (Schwartz et al., 2016; Lincowski et al., 2018; Lustig-Yaeger et al., 2019b; Fauchez et al.,

2020).

We also tested a few common atmospheric retrieval assumptions to gauge JWST’s sensitivity

for TRAPPIST-1e. We formally identified a strong implicit prior on the atmospheric mean molecu-

lar weight that results from assuming any background/filler gas in a retrieval model. Although this

did not affect abundance posteriors in most of our tests, it can yield substantially biased tempera-

ture constraints, and should be a chief concern as we transition into characterizing exoplanets with

high mean molecular weight secondary atmospheres. In addition, we identified a modest retrieval

bias for thick aerosol-free atmospheres due to the omission of refraction in transmission spectrum

forward modeling that affects the radius-pressure degeneracy and can affect retrieved tempera-

ture constraints. We found reasonably good agreement between our retrieved evenly-mixed gas

abundance profiles and the vertically-resolved self-consistent profiles used to generate our syn-

thetic JWST spectra; vertical resolution does not appear necessary for terrestrials in the JWST era.

Finally, we found that the TRAPPIST-1e planet mass from TTV measurements (Grimm et al.,

2018) is sufficient to propagate no additional posterior uncertainty into a 25 transit campaign of

TRAPPIST-1e with JWST . This work has illuminated opportunities and challenges ahead for the

atmospheric retrieval of TRAPPIST-1e and other Earth-sized planets in the era of JWST and be-

yond.
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Chapter 8

DISCUSSION
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8.1 On the Era of Terrestrial Exoplanet Science

As we transition into the era of terrestrial exoplanet science, it is important that we proceed with

well-posed hypotheses that can be realistically tested with upcoming astronomical instruments. In

Chapter 1, we introduced four major milestones for terrestrial exoplanet atmospheric characteri-

zation as key scientific questions that we seek to answer for rocky exoplanets. These questions

illuminate a path from simply detecting the presence of an atmosphere, to characterizing its struc-

ture and composition, through to identifying planetary habitability, and confirming the existence of

biosignatures. Ultimately, the large astronomical sample of exoplanets will enable these terrestrial

milestones to be explored statistically—from a comparative planetology perspective—to unveil the

prevalence of terrestrial exoplanet atmospheres, atmospheric archetypes, habitable planets, and in-

habited worlds in our corner of the galaxy. We will now revisit these major themes to provide an

outlook for the future using the novel from this thesis and other recent work.

8.1.1 Detecting Terrestrial Exoplanet Atmospheres

Being able to determine whether a terrestrial planet has an atmosphere is likely the single most

important initial assay required to understand its environment, potential for habitability, and to

plan for the most effective future observations. In this dissertation we have explored several dif-

ferent techniques that could be used to search for and confirm the presence of an atmosphere,

including: spectroscopic detection of the presence of molecular features, and the use of thermal

emission data to infer the presence of reduced day-night temperature contrasts or planetary temper-

atures enhanced by an atmospheric green house effect. In particular, our work highlighted how the

upcoming JWST mission will confront the challege of detecting terrestrial exoplanet atmospheres.

In Chapter 2 (Lustig-Yaeger et al., 2019b), we showed that JWST can be used to detect terres-

trial exoplanet atmospheres around the smallest of stars, and the TRAPPIST-1 system is our current

best target. We input simulations of plausible post-ocean-loss and habitable TRAPPIST-1 plane-

tary environments into JWST noise models, and determined optimal strategies for transmission

and emission spectroscopic studies of the TRAPPIST-1 planets. Our results indicate that highly
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evolved (post-ocean or -atmosphere loss) TRAPPIST-1 terrestrial atmospheres should be detectable

with JWST , usually in 10 or fewer transits, using the NIRSpec Prism instrument. However, if the

TRAPPIST-1 planets are aerosol enshrouded Venus-like worlds then 20-30 stacked transits may be

required to detect the tenuous atmosphere above the clouds. We also reaffirmed these findings in

Chapter 7.

We found that these atmospheric detections largely follow from the detection of CO2 absorption

features in the transmission spectrum—particularly the very strong 4.3 µm band and the slightly

weaker 2.7 µm band. The evolved terrestrial atmospheres modeled for the TRAPPIST-1 planets

by Lincowski et al. (2018) are oxidized and share in common the presence of CO2, as do the

atmospheres of Venus, Earth, and Mars. Furthermore, the strong 4.3 µm and 15 µm CO2 bands

saturate their cores at relatively low CO2 abundances (e.g. at 280 ppm for the pre-industrial Earth),

making them effective tracers of an atmosphere whether CO2 is a trace gas or a bulk gas. As a

result of its potential prevalence and strong absorption bands, we posit that CO2 is a robust gas for

detecting the oxidized atmospheres of terrestrial exoplanets. Terrestrial planets with more reducing

atmospheres, such as the Archean Earth (Arney et al., 2016, 2017) or Titan, may alternatively store

some of their carbon budget in CH4, which also possesses numerous strong and detectable NIR

absorption features. In Chapter 7, we showed that CH4 features in Archean Earth-like planets may

be just as detectable as CO2 in the NIR (Meadows et al., 2020). Therefore, we expect that JWST’s

NIRSpec Prism should be an excellent instrument for detecting terrestrial exoplanet atmospheres

using transmission spectroscopy, whether the observed terrestrial exoplanets in the TRAPPIST-

1 system are oxidized and possess strong CO2 features, or are reducing and possess strong CH4

features (with a negligible H2 fraction).

In Meadows et al. (2018a), we found an analogous result that CO2 may also be used to detect

the atmosphere of the non-transiting planet Proxima Centauri b. In this case, we must rely on the

thermal phase curve of the planet (assumed synchronously rotating) as it orbits the star and reveals

different sub-stellar longitudes. This generates a periodic signal on the orbital period of the planet

with an amplitude related to the difference in thermally emitted flux from the day- and night-sides

of the planet. The amplitude of a thermal phase curve varies as a function of wavelength much like
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the thermal spectrum of the planet and allows for absorption features from strong absorbers in the

atmosphere to be detected (Selsis et al., 2011). To detect CO2, we found that 10-100 hours of JWST

integration time would be needed at both full and new phase and in each of the F1130W, F1500W,

and F1800W MIRI filters. These potential future observations of Proxima Centauri b are extremely

expensive compared to the transit transmission spectroscopy exposure time estimates required to

detect the HZ TRAPPIST-1 planet atmospheres (Lustig-Yaeger et al., 2019b). This underscores the

utility of the transiting geometry for atmospheric detection and characterization, and the difficulty

that we will face characterizing non-transiting exoplanet atmospheres, particularly for HZ and

cooler planets that do not have a strong thermal emission signal.

Similar to thermal phase curves, day-side thermal emission spectroscopy from secondary eclipse

observations offers an appealing alternative path to detecting transiting terrestrial atmospheres for

highly irradiated exoplanets with strong thermal signals. In Chapter 2 (Lustig-Yaeger et al., 2019b),

we demonstrated that detecting absorption features from eclipse spectra of the TRAPPIST-1 plan-

ets is possible for the innermost planet, TRAPPIST-1b; is plausible for TRAPPIST-1c; but quickly

becomes infeasible by planet d; and is hopeless for the cooler planets beyond that. For refer-

ence, transmission spectroscopy is feasible for all seven TRAPPIST-1 planets because it is less

sensitive to the planets’ atmospheric temperature, but as previously detailed, it is quite sensitive to

atmospheric CO2 absorption features. Our secondary eclipse approach relied on detecting the de-

viations from blackbody emission caused by molecular absorption features in the spectrum, which

we demonstrated is quite difficult for terrestrial exoplanets. Recently, Mansfield et al. (2019) and

Koll et al. (2019) presented a simple, but potentially powerful, new approach to efficiently detect

terrestrial exoplanet atmospheres using secondary eclipse photometry. By assuming that a planet

with a thick atmosphere will efficiently recirculate heat to its nightside and conversely an airless

planet will not, they posit that rocky planets with significant secondary eclipse depths, and there-

fore have very hot day-sides, must be (nearly) airless. This logic extends to Venus-like planets with

clouds that reflect a significant portion of incident stellar flux because—whether by heat redistri-

bution to the night-side or by high albedo clouds—the presence of an atmosphere acts to lower

the broadband thermal emission signal from the day-side relative to an airless planet. Although
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this is a promising new technique, it relies heavily on a priori planetary assumptions to convert

a non-detection of thermal emission into the detection of an atmosphere. Furthermore, this tech-

nique appears to neglect potential atmospheric windows through which strong thermal emission

may emerge from the greenhouse-heated lower atmosphere (e.g. Lincowski et al., 2018). Such

windows confound the broadband assumptions put forth in Mansfield et al. (2019) and Koll et al.

(2019), which does not preclude the usefulness of their techniques, but provide a necessary caveat.

As a result, we recommend that JWST observations be used to validate these techniques against

more traditional atmospheric detection methods using wavelength-dependent transmission and/or

emission spectroscopy.

8.1.2 Characterizing Terrestrial Exoplanet Atmospheres

Characterizing the nature and composition of terrestrial exoplanet atmospheric and surface envi-

ronments will offer a glimpse into the physical, chemical, and dynamical processes that sculpt them

over time. Ultimately, the observable differences between exoplanetary atmospheres may be used

to discriminate different evolutionary states and the plausible histories that each planet might have

experienced. These observable differences may be macro in scale, such as the bulk atmospheric

composition being CO2-, N2-, or O2-dominated, while other differences may be more subtle, such

as the precise abundance of CO2 or the presence of geologically outgassed SO2. In this dissertation,

we identified numerous possible opportunities to distinguish between different terrestrial exoplanet

atmospheres with upcoming observations, but also cautioned about degenerate observables that are

likely to prevent the unique interpretation of many terrestrial environments in the near future.

In Chapter 2 (Lustig-Yaeger et al., 2019b), we found that JWST will be capable of broad brush

atmospheric characterization in the TRAPPIST-1 system (and other similar, but yet to be discov-

ered systems), but may face significant challenges distinguishing key atmospheric characteristics.

In general, one consequence of CO2 being an effective tool to detect the presence of an atmosphere

is that CO2 is a weak discriminant between different atmospheric compositions. For example, CO2

may be detectable for all the TRAPPIST-1 planets in under 10 transits if they do not possess clouds,

and this result held true across a massive range in CO2 abundances from 400 ppm to 96%. How-
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ever, we showed that detecting the presence of O2 – O2 CIA could be used to identify O2-dominated

atmospheres, ruling out a CO2-dominated atmospheres, and implicating a post-ocean-loss atmo-

sphere. We showed in Chapter 7 that detecting O2 (at 3σ) as the bulk gas for TRAPPIST-1e would

require∼25 transits, but no other gases (bulk or trace) beyond CO2 can be detected in fewer than 10

transits, except CH4 in an Archean or a modern Earth-like biosphere—a point that we will return

to in Section 8.1.4. As a result, in the JWST era, it may be possible to use key spectral diagnostics

to distinguish between different atmospheric archetypes, but it will remain quite difficult to draw

definitive distinctions between subtly different terrestrial exoplanet atmospheres. This may limit

terrestrial comparative planetology in the near term to only focusing on substantial differences

between secondary atmospheres.

Uncovering the nature and composition of terrestrial exoplanet atmospheres is likely to also be

challenging due to the presence of clouds. The obscuring effects of clouds has already garnered

appreciation in the exoplanet community in their flattening of hot Jupiter and super Earth trans-

mission spectra (Berta et al., 2012; Ehrenreich et al., 2014; Knutson et al., 2014; Kreidberg et al.,

2014; Nikolov et al., 2015; Sing et al., 2016). It should come as no surprise that terrestrial exo-

planet atmospheric characterization will also contend with clouds, especially considering Earth’s

haze and cloud enshrouded sister, Venus.

In particular, in Chapter 3 (Lustig-Yaeger et al., 2019a) we highlighted challenges that temper-

ate Venus-like exoplanets may pose to transmission spectroscopy characterization efforts. Indeed,

in Chapter 2 (Lustig-Yaeger et al., 2019b) we found that even if the TRAPPIST-1 planets have

high altitude Venus-like clouds, JWST should have the sensitivity to detect CO2 features from the

tenuous atmosphere above the clouds. However, Venus-like sulfuric acid clouds appear quite fea-

tureless in a transmission spectrum despite the presence of a broad but weak H2SO4 absorption

feature near 3.4 µm (Meadows et al., 2018a; Arney et al., 2017), which provides little observa-

tional leverage to confirm their existence. As a result, the flat spectral continuum upon which the

CO2 features absorb may be reasonably interpreted as either a cloud deck or a solid surface. This

cloud-surface degeneracy may further complicate the interpretation of archetypal planets, such

that cloudy Venus-like atmospheres may be indistinguishable from thin Mars-like atmospheres.
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We further posit that for an ensemble of exoplanets this cloud-surface ambiguity may propagate

into a degenerate statistical trends between cloud formation and condensation processes (if the at-

mospheres are interpreted as thick and cloudy) or atmospheric escape physics (if the atmospheres

are interpreted as thin and eroded).

Refraction is also capable of controlling and flattening the transmission spectrum continuum,

muting the absorption features from molecules, and potentially further confusing atmospheric in-

terpretations. In Chapter 7, we added refraction to a transmission spectrum retrieval for the first

time and found that it modifies the degeneracy between the solid body planet radius and the refer-

ence/surface pressure. This adds another interpretation into the cloud-surface degeneracy wherein

the continuum is not caused by a cloud deck or a solid surface, but rather, is caused by the crit-

ical refraction limit (Misra et al., 2014; Bétrémieux and Kaltenegger, 2014). This limit exists in

transmission spectra because refraction causes light from the star to bend as it passes through the

planetary atmosphere. At a critical density in the lower atmosphere, the angular deflection caused

by refraction is sufficiently large that it would require the source of light seen by the observer to

have emerged from beyond the angular extent subtended by the finite-sized star. As a result, the

spectrum exhibits a flat continuum from the refraction limit and contains no information from the

atmosphere below. However, because refraction depends on the geometry of the planet-star system

and the bulk nature of the planetary atmosphere (Misra et al., 2014), it should be possible to cor-

rectly diagnose when it is the dominant effect controlling the continuum. Nevertheless, if we are

fortunate enough to observe terrestrial exoplanets with thick atmospheres that do not possess high

altitude aerosols, then our interpretation of the lower atmosphere via the continuum will contend

with a cloud-surface-refraction degeneracy.

8.1.3 Identifying Habitable Exoplanets

The search for habitable exoplanets forms a cornerstone of modern exoplanetary astronomy as we

pursue Earth-like environments with stable liquid water on their surfaces. Due to the habitability

being a surface phenomenon (as defined in this work), an unambiguous identification of a habitable

planet faces numerous observational challenges. In the near term, JWST will be used to attempt
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to indirectly assess the habitability of exoplanets, like TRAPPIST-1 e, f and g, by observing the

transmission spectrum of their upper atmospheres and extrapolating the inferred composition down

to the surface, or where we think the surface is. Later on, a direct-imaging mission like LUVOIR

will be capable of performing direct habitability assessments by characterizing the composition of

the surface and lower atmosphere, and searching for ocean glint. The work in this dissertation has

provided crucial insights into both future paths to identifying habitable exoplanets.

The aforementioned challenges for precise terrestrial exoplanet atmospheric characterization

in the JWST era are likely to also limit habitability assessments in the near future, where numerous

factors are likely to complicate the remote inference of surface liquid water. Robinson (2017b)

describe multiple approaches to detect surface liquid water on rocky exoplanets, including both

direct and indirect methods. Due to its insensitivity to ocean glint for nearby HZ M dwarf planets

(e.g. Proxima Centauri b; Meadows et al., 2018a), JWST will be limited to indirect methods to

assess planetary habitability, such as surface pressure and temperature constraints that are consis-

tent with a liquid water surface or a water vapor mixing ratio that increases towards the surface

(Robinson, 2017b), which would still remain inconclusive. However, we have already seen that

emission spectroscopy of HZ terrestrials, like TRAPPIST-1e, will likely be infeasible with JWST ,

ruling out the potential to use surface inferences from thermal emission. As a result, transmission

spectroscopy appears to be the only viable path to study rocky exoplanets in the HZ with JWST , a

result which is supported by our findings in Chapter 2 (Lustig-Yaeger et al., 2019b).

Transmission spectroscopy with JWST is likely to be insensitive to, or at least ambiguous

about, the surface conditions of terrestrial exoplanets, and therefore provide little to no evidence

to establish planetary habitability. In Chapter 2 (Lustig-Yaeger et al., 2019b) and Chapter 7 we

demonstrated that the presence of water clouds and/or CH4 absorption features have the potential

to completely obscure the NIR H2O features, especially at the relatively high altitudes in the at-

mosphere that transmission spectroscopy probes. Numerous other recent studies have also shown

that clouds may significantly obscure H2O features (Fauchez et al., 2019; Komacek et al., 2020;

Pidhorodetska et al., 2020; Suissa et al., 2020). In addition to difficulties detecting atmospheric

water vapor from transmission spectra, the aforementioned cloud-surface-refraction degeneracy is
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likely to make ambiguous any potential inference of surface temperature and pressure—e.g. are we

even seeing the surface? This issue is further compounded by the scale height degeneracies asso-

ciated with transmission spectroscopy retrievals explored in Chapter 7. Specifically, uncertainties

in the surface gravity (planetary mass) and atmospheric mean molecular weight (atmospheric bulk

composition) will propagate directly into the scale temperature retrieved from a transmission spec-

trum. These intrinsic factors lay bare the likely insurmountable difficulties that JWST will face

for exoplanet habitability assessments, and ultimately provide a warning about relying on future

transmission spectroscopy missions to succeed in the footsteps of JWST .

The HabEx (HabEx Study Team, 2019) and LUVOIR (LUVOIR Mission Concept Study Team,

2019) direct imaging mission concepts provide a compelling pathway towards robust habitability

assessments in the future. Not only does direct imaging offer greater sensitivity to the planetary

surface environment than transmission spectroscopy, but high albedo clouds can increase the spec-

tral contrast and S/N on atmospheric absorption features (e.g. Rugheimer et al., 2015), thereby

turning the tables on the effect of clouds and increasing the likelihood of success for atmospheric

characterization. Furthermore, by observing light reflected off rocky exoplanets, these possible

future direct imaging missions will be capable of directly inferring habitability by detecting the

non-Lambertian scattering signature of ocean glint at crescent phase (Williams and Gaidos, 2008;

Robinson et al., 2010).

In Chapter 4 (Lustig-Yaeger et al., 2018), we developed a novel observing strategy that could

yield a robust ocean detection in the future using a direct-imaging mission. This approach com-

bines two previously published ocean detection techniques—ocean glint (Sagan et al., 1993; Williams

and Gaidos, 2008; Robinson et al., 2010) and rotational mapping (Cowan et al., 2009; Fujii et al.,

2011; Cowan and Strait, 2013; Fujii et al., 2017)—into one rigorous method to identify the unique

observables of oceans on the surface of an exoplanet. Our method leverages the time-dependent

glint signal, which may be modulated in time by Lambertian scattering land masses, to longitudi-

nally map the oceans as they rotate into and out of the illuminated planet crescent (Lustig-Yaeger

et al., 2018). We demonstrated that reflected observations of the planet at both quadrature and

crescent phases can be used to identify and decouple the Lambertian and specular (glint) scatter-
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ing surfaces, thereby enhancing the glint signal by ∼2.5× that reported by Robinson et al. (2010)

in the disk average, and enabling surfaces with unique scattering phase functions to be spatially

mapped. With this new technique and its enhancement in sensitivity, we estimate that a 15 m space

telescope like LUVOIR would be able to search for oceans on roughly 10 exoplanets orbiting in the

HZ of the nearest G, K, and M dwarfs. Thus, it is clear that a future mission capable of observing

the reflected light of rocky exoplanets would enable a survey of exoplanet habitability.

8.1.4 Confirming Exoplanet Biosignatures

Detecting life outside the Solar System will require a rigorous search for biosignatures on the

surfaces and in the atmospheres of rocky exoplanets. Conducting such a search will necessarily

require a thorough characterization of the planet’s atmospheric composition both to detect biosig-

nature gases that may implicate biology and to rule out false positive gases that may indicate that

any biosignature gas is produced abiotically by the environment. Ascertaining the lines of evidence

that point to exobiology is the pinnacle of exoplanet atmospheric characterization, not just because

the discovery would be so grand, but because it will fundamentally require each characterization

milestone answered about the exoplanet environment, from detecting the atmosphere, to character-

izing it’s nature and composition, through to assessing it’s surface habitability. In this dissertation,

we have examined key pieces of exoplanet biosignature detection in the near and far term that help

to shape the outlook for this monumental endeavor going forward.

Our work has shown that confirming an inhabited world via biosignature detection will be

challenging, but longshot scenarios in the JWST era and careful planning for the next generation of

space telescopes is likely to place this goal within grasp. The general issues discussed for terrestrial

exoplanet characterization and habitability assessment in the JWST era, such as surface insensitiv-

ity, also apply to biosignature detection. In Chapter 7, we elucidated additional challenges associ-

ated with biosignature detection using JWST , and also outlined intriuging plausible outcomes. In

agreement with previous studies (Barstow et al., 2016; Krissansen-Totton et al., 2018a), we found

that JWST will not be capable of robustly detecting the biosignatures O2 and O3 associated with

oxygenic photosynthesis, even for the most optimistic current target, TRAPPIST-1e. The photo-
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chemically self-consistent atmospheric models of Meadows et al. (2020) only strengthen this result

because of the suppression of O3 formation.

However, we also reached a similar conclusion to Krissansen-Totton et al. (2018a) that the

CH4 – CO2 disequilibrium biosignature pair may be detectable for TRAPPIST-1e if it possesses an

Archean Earth-like anoxic biosphere. We built upon this finding by showing that it is also possible

to infer the CH4 – CO2 biosignature from transmission spectrum observations of TRAPPIST-1e if it

possesses a modern Earth-like biosphere. This result follows from the photochemically-enhanced

CH4 abundance expected for Earth-like planets orbiting M dwarfs (Segura et al., 2005; Meadows

et al., 2018a). This raises the question of whether we would be able to distinguish Earth’s bio-

sphere through time around an M dwarf. That is, can we count on the simultaneous presence of

abundant CH4 and CO2 as a general biosignature, or are there false positive scenarios—such as ge-

ologic outgassing of CH4 in an oxidized atmosphere or significant H2O photolysis and O2 release

in a reducing atmosphere—that could mimic this biosignature? Furthermore, Krissansen-Totton

et al. (2018b) discussed the importance of both N2 and surface liquid water coexisting with CH4

and CO2 to establish the atmospheric disequilibrium of the Archean biosphere, combined with a

non-detection of CO to rule out a geological origin of the CH4 and CO2. This additional con-

text may be particularly challenging to obtain with JWST considering both the caveats explored

in Chapter 7 related to inferring the atmospheric bulk composition (e.g. N2) and the numerous

challenges to habitability assessment previously discussed. Although more work will be needed

to confront these issues, the CH4 – CO2 disequilibrium pair offers an intriguing and potentially

detectable biosignature to investigate further with JWST .

However, future direct imaging missions, like the 15 m LUVOIR mission concept, are being

designed to have the wavelength range and sensitivity needed for more robust habitability and

biosignature detection for a larger number of targets. In Chapter 5 we sought to find the number

of Earth-like exoplanets for which the future LUVOIR mission could search for biosignatures and

rule out false positive biosignatures. We found that the LUVOIR architecture as defined by the

LUVOIR Mission Concept Study Team (2019) would be capable of observing reflected spectra

between the near-UV through near-IR for nearly two dozen Earth-like exoplanets in a nominal one
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year dedicated survey. We also found that these yield estimates are highly sensitive to the method-

ology used to prioritize target selection for intensive spectroscopic follow-up after each system’s

initial detection. In particular, when we simply prioritized the targets in order of increasing expo-

sure time we minimized the bias among the sample of rocky HZ exoplanets and maximized the

yield. However, when we down-selected for targets that met a specific criteria in the initial de-

tection reconnaissance, such as having detectable H2O features in their spectrum, we significantly

reduced the spectral yield and imposed a bias among the planets that we would go on to rigorously

characterize. This bias results from the attempt to test the specific hypothesis that planets with

water features are likely to be habitable and habitable planets are more likely to have life. This

highlights the difference between an unbiased survey that may better optimize the yield to provide

larger statistical sample, and a necessarily biased survey that may optimally test a specific hypoth-

esis for a smaller number of targets. Careful consideration will be required to conduct optimized

biosignature searches in the future, and significantly more work must be done to weigh and balance

these competing approaches1.

8.2 Ongoing & Future Work

The investigations described in this thesis have generated a suite of multi-purpose tools that en-

hance observation planning and enable the retrieval of key planetary properties from observations.

Most significantly, our new SMARTER atmospheric retrieval model will continue to be developed

to include additional physical models and parameterizations, to be validated on additional Solar

System planets, and to be applied to test more retrieval approaches and assumptions prior to the

acquisition of JWST data. After JWST launches, SMARTER will be used to interpret the spectra

of the TRAPPIST-1, and other Earth-sized, exoplanets around late M dwarfs to detect and charac-

terize their atmospheres. It will also be essential to use SMARTER to reproduce and expand upon

the direct-imaging retrieval work of Feng et al. (2018) to explore the potential for LUVOIR or

HabEx to characterize additional possible atmospheric compositions beyond modern Earth-like,

1For recent proposed statistical characterization surveys of Earth-like exoplanets, see Bean et al. (2017); Turbet
et al. (2019); Bixel and Apai (2020).
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combining the approaches taken in Chapter 5 and Chapter 7.

Our work demonstrated the importance of considering the effects of clouds and hazes on ter-

restrial exoplanet atmospheric characterization, however our retrieval work with SMARTER in this

arena remains unfinished. In Chapter 6, we validated SMARTER on clear-sky observations of Earth

and we detailed ongoing work to validate SMARTER on the haze-afflicted transmission spectrum of

Saturn’s moon, Titan (§6.4.1). Like the Earth validation, completing the Titan validation is likely

to lend insights into the future characterization of hazy exoplanets. To accomplish this task and

prepare for future aerosol retrievals, we plan to incorporate each of the cloud models investigated

by Mai and Line (2019) into the SMARTER forward models. This will be crucial for assessing

degeneracies and biases when retrieving hazes and molecules. Furthermore, these cloud models

will facilitate the expansion of the synthetic TRAPPIST-1e retrieval work in Chapter 7 to studying

the hazy Archean Earth-like spectrum presented in Meadows et al. (2020, in prep). Undoubtedly,

JWST observations of terrestrial exoplanets will contend with cloudy atmospheres.

This work has highlighted the extent to which clouds may appear indistinguishable from solid

surfaces for transit transmission observations, but significant work is still needed to understand the

impact of clouds on direct imaging retrievals. In Chapter 3, we cautioned about how a cloud-top–

solid-surface degeneracy could make a class of Venus-analog exoplanets with thick, cloudy atmo-

spheres appear indistinguishable from a class of Mars-analog exoplanets with thin atmospheres

using JWST transmission spectroscopy. A similar, albeit much more complex, degeneracy is likely

to exist for directly-imaged rocky exoplanets using reflectance spectroscopy. In particular, in lim-

ited S/N spectra the wavelength-dependence of cloud extinction, surface reflectance, and the gas

continuum absorption are all liable to get tangled in their interpretation. This will only be exacer-

bated as we develop agnostic approaches to fit the surface albedo of exoplanets that are capable of

taking on any residual spectral shape. Fortunately, phase-dependent or high spectral resolution ob-

servations may hold the key to breaking this degeneracy. If LUVOIR is prioritized for future NASA

funding it will be essential to investigate the extent of this degeneracy and develop approaches to

identify and mitigate against it.

As we progress into the era of terrestrial exoplanet characterization it will become increasingly
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important that we synthesize all available information about each observed system within the con-

text of known physical and chemical relationships gleaned from decades of planetary science in

the Solar System. As discussed in Chapter 6, SMARTER has been designed to incorporate addi-

tional physical and chemical models to expand upon the traditional atmospheric retrieval frame-

work. Chief among these planned future developments is to incorporate the 1D photochemistry

model ATMOS (Kasting et al., 1979; Segura et al., 2005; Zahnle et al., 2006; Arney et al., 2016;

Schwieterman et al., 2016b; Meadows et al., 2018a; Lincowski et al., 2018), so that the retrieved

atmospheric states can be related to (1) the host star’s UV spectrum that is incident on the top of at-

mosphere and which drives disequilibrium causing photochemical reactions, and (2) the gas fluxes

from the surface of the planet that may be produced by geological and/or biological processes

that must be disentangled to confidently claim that a biosignature has been detected. Furthermore,

refining the APPROXPOSTERIOR machine learning inverse model within SMARTER will help en-

hance these physically augmented atmospheric retrieval use-cases by significantly improving the

efficiency of obtaining reliable retrieval results, thereby making these complex modeling endeavors

computationally tractable.
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Chapter 9

CONCLUSIONS
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In this thesis we have explored fundamental approaches for studying terrestrial exoplanet at-

mospheres at present and into the future. We dissected the broader topic of terrestrial exoplanet

atmospheric characterization into four key objectives to consider for every planetary system found

that hosts one or more small rocky planets. These objectives are to (1) detect the atmosphere, (2)

characterize the nature and composition of the atmosphere, (3) assess habitability, and (4) identify

and confirm any biosignatures. Adopting these as major reoccurring themes, we examined the

potential for each key objective to be met in the near term with the James Webb Space Telescope,

and we identified crucial capabilities that a farther future telescope will need to satisfy to improve

our chances of success in the future. We used these findings as motivation and a guide to develop

and validate a first-of-its-kind, physically robust, terrestrial exoplanet atmospheric retrieval model

for interpreting the atmospheric composition of rocky exoplanets using spectroscopic observations

with JWST and future telescopes when they come online. To demonstrate the capabilities of our

new retrieval model, we analyzed synthetic JWST observations of the potentially habitable planet

TRAPPIST-1e and revealed new insights and challenges for practical terrestrial exoplanet atmo-

spheric characterization.

Our first major finding is that JWST will have an opportunity to detect and begin to characterize

the atmospheres of Earth-size planets that transit nearby late M dwarfs, such as, in particular, the

TRAPPIST-1 system (Part I). We found that if the TRAPPIST-1 planets have thick and evolved

secondary atmospheres, then JWST will be capable of placing strong constraints on the detection

of atmospheres for all seven TRAPPIST-1 planets in fewer than 10 observed transits (Chapter 2;

Lustig-Yaeger et al., 2019b). In particular, our results suggest that efficient use of JWST’s NIRSpec

Prism instrument between 1 − 5 µm is an optimal approach for detecting terrestrial atmospheres

due to the presence of strong CO2 bands at 2.0, 2.7, and 4.3 µm in transmission spectra that may

be expected for any oxidized atmosphere. Near-IR transit observations with JWST may also pro-

vide an opportunity to detect O2 – O2 CIA bands at 1.06 and 1.27 µm to test the hypothesis of

pre-main-sequence atmospheric oxygen build-up. We identified multiple ways that the presence

of clouds may impede and even confound such JWST transmission spectroscopy efforts (Chapter

3; Lustig-Yaeger et al., 2019a). First, cloud-covered planets have flattened transmission spectra
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with reduced molecular absorption feature amplitudes that may require 2 − 12× more transits

with JWST to detect their atmospheres. Second, sulfuric acid clouds in Venus-like planetary atmo-

spheres appear sufficiently flat and featureless in transit spectra that they may be mistaken as a solid

surface and therefore make it near impossible to distinguish Venus-like planets with thick-cloudy

atmospheres from Mars-like planets with thin arid atmospheres. Third, water clouds in habitable

atmospheres can prevent the detection of water vapor in their spectrum, limiting JWST’s ability to

probe planetary habitability. Numerous factors—including clouds, transit geometry, and JWST’s

sensitivity—indicate that JWST will be insufficient to rigorously characterize terrestrial exoplanets

for signs of habitability and biosignatures.

Our second major finding is that a future space-based direct-imaging mission that is capable

of observing terrestrial exoplanets in reflected light may provide an excellent opportunity to per-

form robust habitability and biosignature assessments (Part II). At present, the LUVOIR telescope

concept stands as the optimal mission for achieving these goals. To this end, we introduced a

novel combination of multi-wavelength, multi-phase, time-series direct-imaging observations and

accompanying analyses that may improve the robustness of exoplanet ocean detection by spatially

mapping the ocean glint signal (Chapter 4; Lustig-Yaeger et al., 2018). As an ocean-bearing planet

rotates, the glint spot may appear to “blink” as Lambertian scattering continents interrupt the spec-

ular reflection from the ocean. This causes a strong source of periodic variability in crescent-phase

disk-integrated reflected light curves. These light curves can be inverted to retrieve the longitudi-

nal slice maps and apparent albedo of multiple surfaces at both quadrature and crescent phase. At

crescent phase, we found that the retrieved apparent albedo of ocean-bearing longitudinal slices

was increased by a factor of 5, compared to the albedo at quadrature phase, due to the contribu-

tion from glint, while the land-bearing slices exhibited no significant change in apparent albedo

with phase. We posit that such multi-phase longitudinal mapping has the potential to provide a

definitive ocean glint detection for between 1− 10 HZ exoplanets orbiting the nearest G, K, and M

dwarfs using a space-based, high-contrast, direct-imaging telescope with a diameter between 6 and

15 m. Furthermore, we used the coronagraph design specifications for the two LUVOIR mission

architectures to calculate the expected yield of high S/N reflectance spectra of Earth-analog exo-
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planets (Chapter 5). We found that the 15 meter LUVOIR-A design would be capable of observing

the spectra of approximately 24 Earth-analog exoplanets with sufficient S/N to detect Earth-like

biosignatures in a dedicated one-year characterization survey. The 6 meter LUVOIR-B design

would be capable of observing the spectra of 11 exo-Earths. These results only scratch the surface

of what a large-aperture, space-based, coronagraph-equipped telescope could do to study terrestrial

exoplanet atmospheres, habitability, and biosignatures.

Our third major accomplishment is the development, validation, and application of a novel

terrestrial exoplanet atmospheric retrieval code designed to interpret the spectra of Earth-size ex-

oplanets observed with JWST in the next few years, upcoming ground-based extremely large tele-

scopes in the late 2020s, and future large-aperture space missions in the late 2030s (Part III). Our

atmospheric retrieval model incorporates a line-by-line radiative transfer code that has a strong

legacy of modeling the terrestrial planets in the Solar System, and provides a level of physical

rigor that complements other more computationally efficient retrieval models in the literature and

offers a platform for continued growth in this area (Chapter 6). We included four different flexi-

ble Bayesian inverse models that help to offset the computational expense of our physical forward

model by allowing a multi-pronged approach to atmospheric parameter estimation. We validated

our new retrieval model on high S/N, high spectral resolution transmission spectrum observations

of Earth, which showcased the robustness of our model, but also illuminated a potential bias that

can manifest from using a single 1D atmospheric structure to fit high resolution spectra of a true,

3D planet. Finally, we applied our retrieval model to simulated JWST transmission spectra to de-

termine what we may be able to infer about the atmosphere of TRAPPIST-1e given a relatively

substantial observing program of 25 transits (Chapter 7). Our results largely echoed our initial

TRAPPIST-1 results that evidence of an atmosphere may be relatively easily accessed via CO2

absorption features. However, we also demonstrated that the abundances of CO2 and CH4 can

be retrieved within about an order of magnitude if the planet possesses an Archean or a mod-

ern Earth-like atmosphere, further raising the question of whether the CO2 – CH4 disequilibrium

biosignature pair can be generally relied upon without substantial evidence of other trace gases for

added atmospheric context. This work also shed light on additional biases that may result from the
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common retrieval assumption of a background gas, such as N2, and to a lesser extent, excluding

the physics of atmospheric refraction when fitting the spectra of planets with thick, aerosol-free at-

mospheres. We underscore the utility of a focused terrestrial exoplanet retrieval model for testing

various observing and modeling approaches in advance of actually acquiring such time-intensive

datasets.

In conclusion, we anticipate a bright future for terrestrial exoplanetary science. In this work, we

have presented a reasoned outlook and a natural pathway towards answering our burning questions

about rocky planets orbiting distant stars. Rather than being The End, this is truly The Beginning

of a long journey. A journey with the potential to place our human experience here on Earth in the

greater context of life in the universe. Whether we find that life in the cosmos is ubiquitous and

we are but one of many living havens, or we find that life in the cosmos is ever fleeting and we

are alone as far as our star-gazing eyes can see, this knowledge has the potential to help us stop

and reflect on our humble beginnings, to reorient our priorities, and to shape the trajectory of our

civilization.

“It will not be we who reach Alpha Centauri and the other nearby stars. It will be a

species very like us, but with more of our strengths and fewer of our weaknesses, more

confident, farseeing, capable, and prudent. For all our failings, despite our limitations

and fallibilities, we humans are capable of greatness.”

– Sagan (1997), “Pale Blue Dot”
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S. R., Pallé, E., Rauer, H., Siegler, N., Stapelfeldt, K., and Stevenson, K. B. (2018). Exoplanet

Biosignatures: Observational Prospects. Astrobiology, 18(6):739–778.



327

Fujii, Y. and Kawahara, H. (2012). Mapping Earth Analogs from Photometric Variability: Spin-

Orbit Tomography for Planets in Inclined Orbits. ApJ, 755:101.

Fujii, Y., Kawahara, H., Suto, Y., Fukuda, S., Nakajima, T., Livengood, T. A., and Turner, E. L.

(2011). Colors of a Second Earth. II. Effects of Clouds on Photometric Characterization of

Earth-like Exoplanets. ApJ, 738:184.

Fujii, Y., Kawahara, H., Suto, Y., Taruya, A., Fukuda, S., Nakajima, T., and Turner, E. L. (2010).

Colors of a Second Earth: Estimating the Fractional Areas of Ocean, Land, and Vegetation of

Earth-like Exoplanets. ApJ, 715:866–880.

Fujii, Y., Kimura, J., Dohm, J., and Ohtake, M. (2014). Geology and Photometric Variation of

Solar System Bodies with Minor Atmospheres: Implications for Solid Exoplanets. Astrobiology,

14:753–768.

Fujii, Y., Lustig-Yaeger, J., and Cowan, N. B. (2017). Rotational Spectral Unmixing of Exoplanets:

Degeneracies between Surface Colors and Geography. AJ, 154:189.

Fukabori, M., Nakazawa, T., and Tanaka, M. (1986). Absorption properties of infrared active

gases at high pressures—i. co2. Journal of Quantitative Spectroscopy and Radiative Transfer,

36(3):265–270.

Fulton, B. J., Petigura, E. A., Howard, A. W., Isaacson, H., Marcy, G. W., Cargile, P. A., Hebb, L.,

Weiss, L. M., Johnson, J. A., Morton, T. D., Sinukoff, E., Crossfield, I. J. M., and Hirsch, L. A.

(2017). The California-Kepler Survey. III. A Gap in the Radius Distribution of Small Planets.

AJ, 154(3):109.

Galicher, R., Rameau, J., Bonnefoy, M., Baudino, J.-L., Currie, T., Boccaletti, A., Chauvin, G.,

Lagrange, A.-M., and Marois, C. (2014). Near-infrared detection and characterization of the

exoplanet hd 95086 b with the gemini planet imager. Astronomy & Astrophysics, 565:L4.

Gao, F. and Han, L. (2012). Implementing the nelder-mead simplex algorithm with adaptive pa-

rameters. Computational Optimization and Applications, 51(1):259–277.



328
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ence, Liège, Belgium, 11-14 Jun.

5. Lustig-Yaeger, J., Meadows, V. S., & Lincowski, A. P. (2019). “Simulating the Detectability

and Characterization of the TRAPPIST-1 Exoplanet Atmospheres with JWST”. American

Astronomical Society Meeting Abstracts, 233, #103.03

https://agu.confex.com/agu/fm19/meetingapp.cgi/Paper/639372
https://agu.confex.com/agu/fm19/meetingapp.cgi/Paper/639372
https://seec.gsfc.nasa.gov/Symposium.html
https://seec.gsfc.nasa.gov/Symposium.html
https://exoplanets.nasa.gov/exep/events/270/exopag-20/
https://exoplanets.nasa.gov/exep/events/270/exopag-20/
https://docs.google.com/viewer?url=https://agu.confex.com/agu/abscicon19/mediafile/ExtendedAbstract/Paper481632/JLY_AbSciCon2019_Abstract3.pdf
https://docs.google.com/viewer?url=https://agu.confex.com/agu/abscicon19/mediafile/ExtendedAbstract/Paper481632/JLY_AbSciCon2019_Abstract3.pdf
http://adsabs.harvard.edu/abs/2019AAS...23310303L
http://adsabs.harvard.edu/abs/2019AAS...23310303L


371

4. Lustig-Yaeger, J., Meadows, V. S., Tovar, G., Schwieterman, E., W., Fujii, Y., Luger, R.,

& Robinson, T. D. (2018). “Detecting Oceans on Exoplanets with Next-Generation Tele-

scopes”. 2018 AGU Fall Meeting, Washington, D.C., 10-14 Dec. P51B-09

3. Lustig-Yaeger, J., Luger, R., & Agol, E. (2017). “Probing the Orbital Dynamics and Atmo-

spheric Properties of the TRAPPIST-1 Planets with JWST”. Habitable Worlds 2017, #4100

2. Lustig-Yaeger, J., Tovar, G., Fujii, Y., Schwieterman, E., & Meadows, V. (2017).

“Mapping Surfaces and Clouds on Terrestrial Exoplanets Observed with Next-Generation

Coronagraph-Equipped Telescopes”. Astrobiology Science Conference, #3558

1. Lustig-Yaeger, J., Line, M. R., & Fortney, J. J. (2015). “On the Confidence of Molecular

Detections in the Atmospheres of Exoplanets from Secondary Eclipse Spectra”. American

Astronomical Society Meeting Abstracts, 225, #124.03

Posters

8. Lustig-Yaeger, J., Lincowski, A. P., & Meadows, V. S. (2017). “Extending Atmo-

spheric Characterization to Earth-Sized Exoplanets with JWST: Transits, Eclipses, and the

TRAPPIST-1 System”. Habitable Worlds 2017, Laramie, WY #4098

7. Lustig-Yaeger, J., Tovar, G., Schwieterman, E. W., Fujii, Y., & Meadows, V. S. (2017).

“Detecting Oceans on Exoplanets Using Phase-Dependent Mapping with Next-Generation

Coronagraph-Equipped Telescopes”. Habitable Worlds 2017, Laramie, WY #4110

6. Lustig-Yaeger, J., Schwieterman, E., Meadows, V., & Fujii, Y. (2016). “Modeling Earth’s

Disk-Integrated, Time-Dependent Spectrum: Applications to Directly Imaged Habitable

Planets”. AAS/Division for Planetary Sciences Meeting Abstracts, 48, #122.34

https://agu.confex.com/agu/fm18/prelim.cgi/Paper/384157
https://agu.confex.com/agu/fm18/prelim.cgi/Paper/384157
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4100.pdf
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4100.pdf
http://www.lpi.usra.edu/meetings/abscicon2017/pdf/3558.pdf
http://www.lpi.usra.edu/meetings/abscicon2017/pdf/3558.pdf
http://adsabs.harvard.edu/abs/2015AAS...22512403L
http://adsabs.harvard.edu/abs/2015AAS...22512403L
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4098.pdf
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4098.pdf
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4098.pdf
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4110.pdf
https://www.hou.usra.edu/meetings/habitableworlds2017/pdf/4110.pdf
http://adsabs.harvard.edu/abs/2016DPS....4812234L
http://adsabs.harvard.edu/abs/2016DPS....4812234L
http://adsabs.harvard.edu/abs/2016DPS....4812234L


372

5. Lustig-Yaeger, J., Meadows, V., Schwieterman, E. W., & Robinson, T. (2016). “Modeling

Earth’s Disk-Integrated Spectrum through a Lunar Month: Applications to Directly Imaged

Habitable Exoplanets”. Exoplanets I

4. Lustig-Yaeger, J., Meadows, V., Line, M., & Crisp, D. (2015). “A Novel Approach to

Atmospheric Retrieval for Small Exoplanets”. AAS/Division for Planetary Sciences Meeting

Abstracts, 47, #416.10

3. Lustig-Yaeger, J., Line, M., Fortney, J. J., & Meadows, V. (2015). “Detecting Molecules in

Exoplanet Atmospheres: Lessons Learned from Hot Jupiters”. Astrobiology Science Con-

ference, #7558

2. Lustig-Yaeger, J., Line, M. R., & Fortney, J. J. (2014). “On the Detection Significance of

Molecules in Exoplanets from Secondary Eclipse Observations”. Cool Stars, 18, #267

1. Lustig-Yaeger, J., Fortney, J. J., Freedman, R., Marley, M. S., & Lupu, R. E. (2014).

“Gaseous Mean Opacities for Giant Planet and Brown Dwarf Atmospheres”. American

Astronomical Society Meeting Abstracts #223, #347.04

Public Talks

— “Proxima Centauri b: A World of Possibilities” and panel discussion with Guillem Anglada-

Escude, Rory Barnes, & Olivier Guyon, UW Astrobiology & the NASA Astrobiology Insti-

tute Lecture Series, Seattle, WA. May 3, 2017.

— “BREAKING: Terrestrial Exoplanet Discovered in the Habitable Zone of Proxima Centauri”

Astronomy on Tap, Peddler Brewing Company, Seattle, WA. August 24, 2016.

http://www.exoplanetscience.org/speakers
http://www.exoplanetscience.org/speakers
http://www.exoplanetscience.org/speakers
http://adsabs.harvard.edu/abs/2015DPS....4741610L
http://adsabs.harvard.edu/abs/2015DPS....4741610L
http://www.hou.usra.edu/meetings/abscicon2015/pdf/7558.pdf
http://www.hou.usra.edu/meetings/abscicon2015/pdf/7558.pdf
http://www2.lowell.edu/workshops/coolstars18/abstracts-posters/poster-abstract-267.html
http://www2.lowell.edu/workshops/coolstars18/abstracts-posters/poster-abstract-267.html
http://adsabs.harvard.edu/abs/2014AAS...22334704L


373

Press

— University of Washington, Seattle. (2019, August 13). “James Webb Space Telescope could

begin learning about TRAPPIST-1 atmospheres in a single year, study indicates” [Press re-

lease].

https://www.washington.edu/news/2019/08/13/james-webb-space-telescope-could-begin-learning-about-trappist-1-atmospheres-in-a-single-year-study-indicates/
https://www.washington.edu/news/2019/08/13/james-webb-space-telescope-could-begin-learning-about-trappist-1-atmospheres-in-a-single-year-study-indicates/

	List of Figures
	List of Tables
	Introduction
	At the Dawn of the Terrestrial Exoplanet Characterization Era
	Terrestrial Exoplanet Atmospheres
	Formation & Evolution
	Planetary Habitability & The Habitable Zone
	The Search for Life & Biosignatures

	Detecting Terrestrial Exoplanets
	Direct Detection
	Indirect Detection
	Targets for Characterization

	Characterizing Terrestrial Exoplanets
	Observing Techniques
	Modeling Techniques

	Next Steps
	Milestones for Terrestrial Exoplanet Characterization
	A Timeline for the Characterization of Terrestrial Exoplanets

	Purpose & Structure of this Work
	Rotational Mapping
	samurai: Surface Albedo Mapping Using RotAtional Inversion

	Telescope Noise Modeling
	coronagraph: A Noise Model for Direct-Imaging Exoplanets
	PandExo: A Noise Model for Exoplanet Spectroscopy with JWST

	Radiative Transfer
	smart: Spectral Mapping Atmospheric Radiative Transfer


	Developing a Foundation to Characterize Transiting Exoplanets in the Era of JWST
	Detecting & Characterizing the TRAPPIST-1 Exoplanet Atmospheres with JWST
	Introduction
	Methods
	JWST Noise Modeling
	Noise Model Inputs
	Observing Experiments

	Results
	Detecting Atmospheres
	Distinguishing Specific Molecules

	Discussion
	Do the TRAPPIST-1 planets have atmospheres?
	What is the nature of the TRAPPIST-1 planet atmospheres?
	Further Considerations

	Conclusion
	Chapter Appendix
	Signal-to-Noise Ratio on Transit and Eclipse Depths
	Atmospheric Detectability by Instrument
	Brightness Temperatures


	A Mirage of the Cosmic Shoreline: Venus-like Clouds as a Statistical False Positive for Exoplanet Atmospheric Erosion
	Introduction
	Methods
	Results
	Transmission Spectroscopy
	Emission Spectroscopy

	Discussion
	Accessing the lower atmospheres of Venus-like exoplanets
	An ambiguity between cloud-top and solid surface
	Clouds as a statistical false positive for atmospheric loss
	Mitigation strategies & opportunities

	Conclusions


	Developing a Foundation to Characterize the Habitability & Biosignatures of Directly-Imaged Exoplanets
	Detecting Ocean Glint on Exoplanets Using Multiphase Mapping
	Introduction
	Methods
	Generating Synthetic Lightcurves
	Lightcurve Fitting

	Results
	Multi-Phase Longitudinal Mapping
	Observational Feasibility

	Discussion
	Increasing the Robustness of Exoplanet Ocean Detection
	Observational Feasibility and Yield Estimates

	Conclusions

	Searching for Biosignatures and Confirming Habitability with LUVOIR
	Introduction
	Methods
	Observation Overview
	Targets
	Coronagraph Model
	Exposure Times & Overheads

	Results
	Discussion & Conclusion
	Targeted versus Agnostic Observing Strategies
	Future Work



	Retrieving the Atmospheres of Terrestrial Exoplanets
	Development of a Terrestrial Exoplanet Atmospheric Retrieval Model
	Introduction
	The SMART Exoplanet Retrieval (SMARTER) Model
	Bayes' Theorem
	The Spectral Mapping Atmospheric Radiative Transfer (SMART) Model
	Forward Model
	Inverse Model

	SMARTER Validation using Earth's Transmission Spectrum
	Observed Data
	Retrieval Experimental Setup
	Retrieval Validation Results
	Discussion & Conclusion

	Discussion & Conclusion
	Continued Validation using Titan's Transmission Spectrum
	Developing a Physically Augmented Atmospheric Retrieval Code


	Retrieving TRAPPIST-1e's Atmospheric Composition with JWST
	Introduction
	Simulated JWST Data
	Retrieval Model
	Forward Model
	Inverse Model

	Results
	Atmospheric Composition, Habitability & Biosignatures
	Comparison to Heterogeneous Vertical Profiles
	Refraction
	Planet Mass & TTV Constraints
	Mean Molecular Weight & The Bulk Atmospheric Composition
	Random Noise Instances
	ApproxPosterior Validation

	Discussion
	Characterizing the Atmosphere of TRAPPIST-1e
	Terrestrial Exoplanet Atmospheric Retrieval Subtleties
	Active Learning for Atmospheric Retrievals

	Conclusion

	Discussion
	On the Era of Terrestrial Exoplanet Science
	Detecting Terrestrial Exoplanet Atmospheres
	Characterizing Terrestrial Exoplanet Atmospheres
	Identifying Habitable Exoplanets
	Confirming Exoplanet Biosignatures

	Ongoing & Future Work

	Conclusions
	Bibliography
	Vita


