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This dissertation investigates the structure of atmospheric warming in observations and

general circulation models (GCMs). Theory and GCMs suggest that warming is amplified

in the tropical upper troposphere relative to the lower troposphere and the surface – a

phenomenon known as vertical amplification. We assess model and observational agreement

using several amplification metrics derived from the satellite-borne microwave sounding unit

(MSU) atmospheric temperature trends.

An important correction to the satellite microwave record is the removal of temperature

drifts caused by changes in diurnal sampling. This correction the principal source of uncer-

tainty in microwave temperature datasets. Furthermore, in three existing datasets, the ratio

of tropical warming between the upper troposphere (T24 channel) and the surface (dT24/dTs

∼0.6 – 1.3) is lower than that of GCMs (∼1.4 – 1.6). To better understand these issues,

we produced an alternate MSU dataset with an improved diurnal correction. We show that

existing MSU datasets likely underestimate tropical mid-tropospheric temperature trends.

Subsequent improvements to MSU datasets using similar diurnal correction techniques leads

to amplification ratios (between T24 and the surface) that are in accord with models.

Another measure of tropical tropospheric amplification is the relative warming between

the upper troposphere (T24) and the lower-middle troposphere (TLT). We show that most



GCMs have excessive T24/TLT amplification compared to satellite microwave observations,

even when models are forced with prescribed sea-surface temperatures (SSTs). A number of

possible reasons for this discrepancy are assessed. Observational uncertainty in the satellite

microwave record is substantial and, when taken into account, many models agree with

observations within the observational uncertainty range, though about half of the model

ensemble members considered still have significant discrepancies compared to observations.

Our findings indicate that the prescribed ozone and stratospheric aerosol forcings do not

effect T24/TLT amplification in models. On the other hand, model parameterizations for

convection and microphysics and, to a lesser degree, uncertainty in the prescribed SST

dataset can influence model amplification behavior and bring models into closer accord with

observations. In all, significant T24/TLT discrepancies between models and observations

remain, but may be reduced with improved model parameterizations.

An underlying motivation for understanding the structure of atmospheric warming is that

it is responsible for a large negative lapse rate feedback in future climate simulations. To

understand factors that control the global lapse rate feedback across models, we use principal

component analysis to find the modes of variability that best explain variance in the local

lapse rate feedback. We find that models exhibit marked variability in the lapse rate feedback

in the southern hemisphere extratropics. This mode is strongly correlated with the global

average lapse rate feedback and is largely a function of the competing influence of tropical

and Antarctic surface warming. We show that muted southern ocean sea surface warming

and the non-local influence of tropical surface warming contributes to a highly variable lapse

rate feedback in the sub-Antarctic across models. This behavior is dissimilar to northern

hemisphere high latitudes, which are characterized by strong Arctic amplification and a

relatively uniform local lapse rate feedback across GCMs. Climatological Antarctic sea ice

extent influences Antarctic warming and, as a result, influences both the meridional profile

of warming in the southern hemisphere and the global lapse rate feedback.
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Chapter 1

INTRODUCTION

1.1 Background

Atmospheric temperature is a critical metric for understanding climate variability and change.

Atmospheric temperature responds to a range of phenomenon such as the El Niño-Southern

Oscillation [Yulaeva and Wallace, 1994], poleward movement of the subtropical jet stream

[Fu et al., 2006], ozone concentration changes [Young et al., 2014], Brewer-Dobson circula-

tion variability [Lin et al., 2009], and anthropogenic climate change [Fu et al., 2004]. The

vertical structure of atmospheric warming can also influence important phenomenon such as

the behavior of tropical cyclones [Vecchi et al., 2013], the Brewer-Dobson circulation [Lin

and Fu, 2013], and the lapse rate feedback [Soden and Held, 2006]. This basic measure of

climate is thus relevant to a number of atmospheric phenomena on a range of timescales.

A critical dataset for measuring atmospheric temperature is derived from microwave

sounding unit (MSU) measurements since 1978 and advanced MSU (AMSU) measurements

since 1998. These observations measure thermal microwave emissions from atmospheric oxy-

gen, which can be related to the temperature in deep atmospheric layers. MSU/AMSU

instruments have flown on over 15 satellites and there are continuous measurements since

November 1978, which makes it possible to intercalibrate the various records to create a

long-term homogenized time series. These observations were originally intended to improve

numerical weather forecasts [Thorne et al., 2011] and AMSU measurements currently con-

tribute the most toward improving numerical weather prediction systems [e.g., Lorenc and

Marriott, 2014]. Since these instruments were developed for weather and not climate pur-

poses, they have instrument noise on the order of 0.3 K [Spencer and Christy, 1992]. Despite

relatively large instrument noise, Spencer and Christy [1990] showed that satellite measure-
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ments were remarkably stable over time. This was an important contribution because it

indicated that it was possible to accurately estimate multi-decadal atmospheric temperature

changes. Satellite microwave measurements are largely insensitive to clouds and water va-

por, have near-global coverage on weekly timescales, have continuous measurements since

the late 1970s, and measure several broad atmospheric layers [Grody et al., 2004, Chen and

Zou, 2014]. For these reasons, the MSU/AMSU record has been an important dataset for

estimating long-term changes in atmospheric temperatures.

Although other records of atmospheric temperature exist, they each have important weak-

nesses. Radiosonde measurements (i.e., measurements from weather balloons) have sparse

spatial coverage, especially over the ocean, and have cooling biases that are difficult to

quantify [Randel and Wu, 2006, Sherwood et al., 2005, Titchner et al., 2009]. Infrared ob-

servations, for example from the NASA Atmospheric InfraRed Sounder (AIRS) [Le Marshall

et al., 2006], have better vertical resolution relative to microwave observations, but cannot

penetrate clouds and have a much shorter continuous record with measurements since 2002.

Radio occultation from Global Positioning System satellites (GPS RO) take very accurate

measurements of temperature in the upper troposphere and lower stratosphere, although

continuous data exists only since 2001. GPS RO measurements in the lower troposphere are

sensitive to both temperature and water vapor, making it a less reliable temperature record

near Earth’s surface [Steiner et al., 2011]. So although there are a number of complemen-

tary temperature datasets, none match the time and space scales of the microwave record,

and emphasis has been placed on the MSU/AMSU measurements for assessing long-term

atmospheric temperature trends.

The microwave record is not without issue, though. Every few years, novel biases are dis-

covered and corrected, including: the effects of satellite orbit altitude decay [e.g., Wentz and

Schabel, 1998], warm target instrument calibration issues [e.g., Christy et al., 2000], correc-

tions for changes in diurnal sampling [e.g., Mears and Wentz, 2005], and channel frequency

drift [e.g., Zou and Wang, 2011]. The effect of some of these bias corrections can be quite

large; the diurnal correction and the warm target correction for the tropical mid-troposphere
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is 0.040 K decade−1 and -0.023 K decade−1, respectively, while the reported trend is 0.115

± 0.024 K decade−1 [Po-Chedley et al., 2015]. Over land, the tropical diurnal correction

(0.160 K decade−1) is larger than the trend itself (0.104 K decade−1) [Po-Chedley et al.,

2015]. Furthermore, tropical trend differences between teams that homogenize MSU/AMSU

records differ by more than a factor of three and several co-orbiting satellites have large

relative trends indicating that not all biases have been removed [Mears et al., 2011, Po-

Chedley et al., 2015]. Recent analyses have suggested that the radiometer measurement

frequency may not be stable for all instruments [Dee and Uppala, 2009, Lu and Bell, 2014]

and that residual non-linear calibration biases and diurnal drift corrections [Christy et al.,

2010, Po-Chedley et al., 2015] could affect MSU/AMSU time series homogenization efforts.

It is therefore important to continue to improve the microwave temperature record.

This thesis emphasizes the tropics for several reasons. First, temperature trends and

variability are amplified aloft relative to the surface, and this tropospheric vertical amplifi-

cation is largest in the tropics [Solomon et al., 2007]. Therefore, temperature trends in the

tropical troposphere should be relatively large compared to surface or lower tropospheric

trends. Second, important feedbacks, such as the lapse rate feedback are directly linked

to the warming in the tropical troposphere [Soden and Held, 2006] and cloud feedbacks

have been linked indirectly via the effect of tropical moist static stability on the overturning

circulation [Tomassini et al., 2015]. Last, homogenized microwave temperature trends are

produced by the University of Alabama at Huntsville (UAH) [Christy et al., 1998, 2000,

2003], Remote Sensing Systems (RSS) [Mears et al., 2003, Mears and Wentz, 2009a,b, Mears

et al., 2011], and the National Oceanic and Atmospheric Administration (NOAA) Center for

Satellite Applications and Research (STAR) [Zou et al., 2006, 2009, Zou and Wang, 2010,

2011, Wang and Zou, 2014] and the trend discrepancies between these datasets are largest

in the tropics [Po-Chedley, 2012].

A fundamental expectation in the tropics is that the troposphere will warm faster than

the surface – a phenomenon known as tropical tropospheric vertical amplification. Vertical

amplification results because the atmosphere is linked to the surface via moist convection.
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As the surface warms, convective updrafts of saturated air will condense more water due to

the Clausius-Clapeyron relationship, which leads to enhanced latent heat release. This moist

adiabatic warming due to latent heat release has a greater effect with increasing height [Sobel

et al., 2002]. Warming in convective regions is then quickly communicated throughout the

entire tropics via internal gravity waves [Bretherton and Sobel, 2003]. A number of studies

have shown that when accounting for natural variability and uncertainty, tropical tropo-

spheric trends between models and general circulation models (GCMs) are not significantly

different from one another [e.g., Flannaghan et al., 2014, Santer et al., 2008, Thorne et al.,

2007, Pralungo and Haimberger, 2015, Sherwood and Nishant, 2015, Po-Chedley et al., 2015,

Kamae et al., 2015]. While this is generally true for the bulk of the tropical troposphere,

analysis from radiosondes and satellite temperature observations have suggested that GCMs

warm the tropical upper troposphere too much even when natural variability is taken into

account [Po-Chedley and Fu, 2012a, Mitchell et al., 2013a, Seidel et al., 2012, Sherwood and

Nishant, 2015]. Recent analyses have shown that the pattern of sea surface temperature

(SST) warming [Po-Chedley and Fu, 2012a, Garfinkel et al., 2013, Flannaghan et al., 2014]

and the atmospheric forcing [Polvani and Solomon, 2012, Santer et al., 2014] can play an

important role in atmospheric temperature trends, which could help explain discrepancies

between models and observations for upper tropospheric warming.

While much of this dissertation focuses on the tropics, we also consider the global lapse

rate feedback. In the high latitudes, lower tropospheric warming can exceed warming in the

upper troposphere due to the near surface temperature inversion [e.g., Payne et al., 2015].

This difference in behavior between the tropics, where warming is larger aloft, and polar

regions, where warming is largest near the surface, is important for the lapse rate feedback.

The lapse rate feedback is the radiative response to vertically non-uniform atmospheric

warming [Soden and Held, 2006]. Warming the upper troposphere allows longwave radiation

to escape to space more efficiently than near-surface warming. When warming is largest

near the upper troposphere (surface) a negative (positive) feedback results. Thus the lapse

rate feedback is robustly negative in the tropics and positive at the poles, which reinforces
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Arctic amplification [Pithan and Mauritsen, 2014]. Given the competing behavior between

the tropics, where surface warming is coupled to the upper troposphere, and the poles, where

surface warming can be trapped in the lower troposphere, the meridional pattern of warming

is important in determining the global average lapse rate feedback [Soden and Held, 2006].

This dissertation focuses on understanding both the differences in independent observa-

tional estimates of tropical tropospheric warming and differences between GCMs and satel-

lite observations of the structure of atmospheric temperature change. Understanding such

discrepancies across observational records is important, because satellite-borne microwave

observations represent the only long-term (38 year), global, and vertically resolved tempera-

ture dataset. These records have led to the discovery of important atmospheric phenomenon

[Fu et al., 2006] and are critical for climate monitoring [Spencer and Christy, 1990], attribu-

tion of climate change [Santer et al., 2005], and assessing the fidelity in which GCMs simulate

the recent climate [Fu et al., 2011]. Given the wide array of climate applications, such data

are used in national [Karl et al., 2006] and international climate assessments [Solomon et al.,

2007] and are used to inform public policy [Christy et al., 2015]. It is also critical to under-

stand differences between model simulations and observations of atmospheric temperature

change. Discrepancies between observations and GCMs could be a result of observational

error, biases in data used to force models, or problems with GCM parameterizations. Thus

quantifying model-observational discrepancies and factors that contribute to such differences

can help improve both observations and GCMs that are used to project future changes in

climate. This dissertation also seeks to understand factors that influence the model spread

in the tropical and global lapse rate feedback. This is important because the global lapse

rate feedback is highly variable across models and covaries with other important feedbacks,

such as the water vapor feedback [Caldwell et al., 2016]. Thus, understanding intermodel

differences in this feedback may shed light on some of the underlying physics that lead to

different model responses to increased atmospheric greenhouse gas concentrations.
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1.2 Overview of Research

This thesis investigates a number of issues related to the rate of atmospheric warming and its

representation in general circulation models. In Chapter 2, we begin by investigating the large

differences between various MSU/AMSU datasets in the rate of tropical mid-tropospheric

warming. In response to suggestions that these differences result from different strategies

for correcting changes in diurnal sampling [e.g., Christy et al., 2011], we propose a novel

diurnal correction for satellite measurements of tropical mid-tropospheric temperature. A

key result of this chapter is that models and observations largely agree on the amplification

of warming between the surface and the troposphere. In Chapter 3, we explore tropical

vertical tropospheric amplification in more detail, assessing model-observational differences

between the upper and lower-middle troposphere. This work follows research by Fu et al.

[2011], which compared model and satellite estimates of warming in the upper and lower-

middle tropical troposphere. Their results suggested that coupled atmosphere-ocean models

from the Coupled Model Intercomparison Project Phase 3 (CMIP3) tended to have too much

warming in the tropical upper troposphere compared to the lower-middle troposphere. We

expand on this research using coupled atmosphere-ocean GCMs from CMIP5. We also uti-

lize atmospheric GCMs with prescribed SSTs to reduce the role of natural variability in

any model-observational differences in the structure of atmospheric warming. We demon-

strate that the latest generation of models (CMIP5) still tend to exaggerate warming in the

tropical upper troposphere, even when constrained with prescribed SSTs. In Chapter 4,

we investigate the degree to which model forcing, model physics, observational uncertainty

in the prescribed pattern of SST warming, and observational uncertainty in the satellite

temperature record affects this result. This analysis demonstrates that model-observational

differences in amplification are influenced by uncertainty in the pattern of SST changes and

model parameterizations for moist physics. We also test various satellite metrics for the lapse

rate feedback and the degree to which warming over the satellite era corresponds to projected

changes in the vertical structure of warming. We find that recent multi-decadal amplification
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is only weakly predictive of future warming behavior. Furthermore, the strength of the trop-

ical lapse rate feedback explains less than half of the intermodel spread in the global lapse

rate feedback. In Chapter 5, we look beyond the tropics and attempt to understand controls

on the intermodel spread of the global lapse rate feedback. While it has been long been

known that the meridional pattern of warming is predictive of the global lapse rate feedback

[Soden and Held, 2006], we show that this largely results because intermodel differences in

meridional warming modulates the local lapse rate feedback strength in the southern extrat-

ropics. Across models, the southern extratropics exhibits widely varying feedback strengths

that stem from suppressed southern ocean warming and the remote influence of the trop-

ics on extratropical upper tropospheric warming. Antarctic surface warming (60◦S – 90◦S),

largely controlled by models’ initial sea ice extent, also plays a significant role in determining

the global lapse rate feedback.
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Chapter 2

REMOVING DIURNAL CYCLE CONTAMINATION IN
SATELLITE-DERIVED TROPOSPHERIC TEMPERATURES

Work in Chapter 2 is being redistributed here with permission from the American Me-

teorological Society. c©Copyright 15 March, 2015 American Meteorological Society (AMS).

Permission to use figures, tables, and brief excerpts from this work in scientific and educa-

tional works is hereby granted provided that the source is acknowledged. Any use of material

in this work that is determined to be “fair use” under Section 107 of the U.S. Copyright Act

September 2010 Page 2 or that satisfies the conditions specified in Section 108 of the U.S.

Copyright Act (17 USC §108, as revised by P.L. 94-553) does not require the AMS’s per-

mission. Republication, systematic reproduction, posting in electronic form, such as on a

web site or in a searchable database, or other uses of this material, except as exempted

by the above statement, requires written permission or a license from the AMS. Additional

details are provided in the AMS Copyright Policy, available on the AMS Web site located at

(https://www.ametsoc.org/) or from the AMS at 617-227-2425 or copyrights@ametsoc.org.

Stephen Po-Chedley, Tyler J. Thorsen, and Qiang Fu, 2015, “Removing di-

urnal cycle contamination in satellite-derived tropospheric temperatures: Un-

derstanding tropical tropospheric trend discrepancies,” Journal of Climate, doi:

http://journals.ametsoc.org/doi/abs/10.1175/JCLI-D-13-00767.1.

2.1 Abstract

Independent research teams have constructed long-term tropical mid-tropospheric tempera-

ture (TMT) time series using satellite microwave sounding unit (MSU) and advanced MSU

(AMSU) measurements. Despite careful efforts to homogenize the MSU/AMSU measure-

10.1175/JCLI-D-13-00767.1
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ments, tropical TMT trends beginning in 1979 disagree by a factor of three. Previous studies

suggest that the discrepancy in tropical TMT temperature trends is caused by differences

in both the NOAA-9 warm target factor and diurnal drift corrections. This work introduces

a new observationally-based method for removing biases related to satellite diurnal drift.

Over land, we find that the derived diurnal correction is similar to a general circulation

model (GCM) diurnal cycle. Over ocean, our diurnal corrections have a negligible effect on

TMT trends, indicating that oceanic biases are small. It is demonstrated that this method

is effective at removing biases between co-orbiting satellites and biases between nodes of

individual satellites. Using our homogenized TMT dataset, the ratio of tropical tropospheric

temperature trends relative to surface temperature trends is in accord with the ratio from

GCMs. It is shown that bias corrections for diurnal drift based on a GCM produce tropical

trends very similar to those from the observationally-based correction, with a trend differ-

ences smaller than 0.02 K decade−1. Differences among various TMT datasets are explored

further. Large differences in tropical TMT trends between this work and the University of

Alabama in Huntsville (UAH) are attributed to differences in the treatment of the NOAA-9

target factor and the diurnal cycle correction.

2.2 Introduction

Atmospheric deep layer temperature trends from satellite microwave sounding unit (MSU)

and advanced MSU (AMSU) measurements are frequently used both as a measure of climate

change and as a reference to evaluate global circulation models (GCMs) [e.g., Wallace and

Coauthors, 2000, Santer et al., 2005, Karl et al., 2006, Solomon et al., 2007, Fu et al., 2011, Po-

Chedley, 2012, Mitchell et al., 2013a]. A common metric is to compare the ratio of warming

between the troposphere and the surface in the tropics since GCMs and basic atmospheric

physics suggest that tropospheric temperature change should be amplified relative to surface

temperature change.

Over the past decade many studies based on MSU/AMSU observations have shown that

the tropical tropospheric temperature increases more than the surface temperature on multi-
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decadal time scales [Fu et al., 2011, Fu and Johanson, 2005, Mears and Wentz, 2005, Thorne

et al., 2007, Santer et al., 2008] while others suggest reduced tropospheric warming relative

to the surface [e.g., Christy et al., 2007, 2010, Douglass et al., 2008, Mckitrick et al., 2010].

Our understanding of tropical tropospheric temperature trends are complicated by the fact

that tropical radiosonde stations are limited in number, their trends are cold biased, and the

bias magnitude cannot be accurately determined [e.g., Sherwood et al., 2005, Randel and

Wu, 2006, Titchner et al., 2009]. Complications with radiosonde measurements reinforce the

need to ensure that satellite records are unbiased in order to advance our understanding of

climate and climate change.

Three research teams, including the University of Alabama in Huntsville (UAH), Remote

Sensing Systems (RSS), and the National Oceanic and Atmospheric Administration (NOAA)

Center for Satellite Applications and Research (STAR), have developed up-to-date, homog-

enized datasets for the mid-tropospheric temperature (TMT) [Christy et al., 2003, Mears

et al., 2003, Zou and Wang, 2011]. These groups employ over thirty years of temperature

measurements from MSU and, starting in 1998, AMSU. These instruments have flown on-

board a number of satellites beginning with MSU on Tiros-N in late 1978 through AMSU

on NOAA-19. Despite using the same basic radiometer measurements, tropical TMT trend

differences between these groups differ by a factor of three. The UAH dataset has a tropical

TMT trend that is close to zero (0.029 K decade−1) whereas RSS and NOAA have trend

values of 0.089 and 0.105 K decade−1, respectively. Zou et al. [2009] analyzed TMT trends

over the tropical ocean, where the diurnal drift effects are negligible for trend comparisons.

They found large trend differences between MSU/AMSU datasets and enhanced tropical

amplification relative to both RSS and UAH. Reasons for TMT trend differences stem from

different processing choices and bias corrections made by the three research teams, including

the choice of satellites included [Mears et al., 2003], corrections for the influence of the warm

target temperature on the measured brightness temperature [e.g., Christy et al., 2000, Mears

et al., 2003, Po-Chedley and Fu, 2012b], and corrections for the drift of satellites through

the diurnal cycle [e.g., Christy et al., 2000, Fu and Johanson, 2005, Mears and Wentz, 2005].
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Recent studies by Po-Chedley and Fu [2012b, 2013] suggest that UAH uses a biased NOAA-9

warm target factor that results in artificial cooling in the UAH TMT time series, though

UAH has not changed its treatment of NOAA-9 Christy and Spencer [2013]. Accounting for

this bias, however, can only explain part of the discrepancy in TMT trends between UAH

and other teams over the tropics. Much of the remaining discrepancies in TMT trends are

likely caused by differences in diurnal drift corrections employed by various MSU/AMSU

research teams.
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Figure 2.1: LECT for the satellites used in this study. We include LECT values for all the months

in which satellites are incorporated into our analysis. LECTs in this figure are for the descending

node. LECTs for the ascending node are 12 h later.

As a polar orbiting satellite drifts east or west relative to the sun, the local sampling

time on Earth, generally indicated by the local equatorial crossing time (LECT) changes

accordingly (Fig. 2.1). As the satellite drifts over time, changes in the satellite-measured

brightness temperature due to changes in the local sampling time can be much larger than

the temperature change associated with the long-term climate change. This is especially

true over land where the surface skin temperature has a large diurnal range. It is therefore
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very important to remove the effect of diurnal drift on the measured brightness tempera-

ture when estimating the magnitude of decadal temperature change. The RSS and NOAA

research teams apply a drift correction based on the diurnal cycle from a GCM [Mears

et al., 2003, Zou and Wang, 2011] whereas UAH produces an MSU TMT diurnal correc-

tion based on temperature comparisons between three co-orbiting satellites carrying AMSU

with different local sampling times. UAH does not yet correct the diurnal drift for satellites

carrying AMSU, because they attempt to use these satellites during periods when diurnal

drift is small (Dr. John Christy, personal communication, 2013). By comparing MSU/AMSU

datasets with radiosondes, several studies suggest that diurnal adjustments derived from a

GCM and/or other bias corrections lead to a warm bias in the trends for lower tropospheric

temperature data (TLT) for RSS [Christy and Norris, 2006, Christy et al., 2007, Randall and

Herman, 2008, Christy et al., 2010]. Mears et al. [2012] found that many of the conclusions

from these studies were dependent on the datasets and time considered and found that the

methodological choices significantly impacted the results. Mears et al. [2012] also point out

that the time period considered is complicated by effects from ENSO and the eruption of

Mount Pinatubo. In addition, radiosonde networks undergo artificial cooling, which may not

be completely removed [Sherwood et al., 2005, 2008]. In general, it is impossible to conclude

which dataset is most accurate when comparing two potentially biased measurements [Mears

et al., 2012].

This paper focuses on developing a novel approach to the diurnal drift correction based on

MSU/AMSU observations. We use MSU/AMSU level 1 data calibrated with an instrument

calibration technique that minimizes intersatellite differences, reducing intersatellite residu-

als by an order of magnitude compared to the prelaunch MSU/AMSU calibration [Zou et al.,

2009]. This state-of-the-art instrument calibration allows us to derive a diurnal drift correc-

tion by attributing remaining intersatellite differences to diurnal drift biases. In Section 2.3

we describe the data that we use in this study and list comparison datasets. We describe

our basic processing decisions for homogenizing MSU/AMSU level 1 data in Section 2.4. In

Section 2.5 we present an observationally-based approach for removing biases related to the
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diurnal drift of satellites and compare this correction to the GCM derived correction. We

then show the efficacy of our approach with an emphasis on the tropics. Our homogenized

TMT time series is compared to the UAH, RSS, and NOAA TMT products in Section 2.6

and in Section 2.7 we attempt to understand major underlying causes for differences. In

Section 2.8 we conclude with a summary and discussion of our results.

2.3 Data

2.3.1 Level 1 MSU/AMSU dataset

In this study, we use the most recent version of the level 1C (L1C) MSU/AMSU data

produced by NOAA STAR, which was newly released in 2013. The dataset has been described

by Zou and Wang [2011, 2013]. The L1C data has been intercalibrated using simultaneous

nadir overpasses (SNO) [Zou et al., 2006, Zou and Wang, 2011]. This on-orbit calibration

technique utilizes simultaneous nadir observations in polar regions from co-orbiting satellites

to solve for the MSU/AMSU calibration coefficients such that intersatellite biases related to

the warm target temperature are minimized. The L1C swath data minimizes or removes a

number of biases using the NOAA STAR Integrated Microwave Inter-Calibration Approach

(IMICA).

The NOAA IMICA calibration is both effective and important to our analysis. The limb

view correction used in the IMICA removes temperature differences due to vertical sampling

differences across view angles with accuracy below the noise of the instrument and the

corrected temperatures have similar distributions for the limb and near-nadir measurements

[Goldberg et al., 2001]. Zou et al. [2009] found that the trends are independent of the number

of footprints used implying that the limb correction does not have a large influence on our

results and our product effectively represents the nadir view of the MSU/AMSU instrument.

NOAA-16 exhibits steady bias drifts in the radiometer signal counts, which leads to a spurious

warm drift of 0.3 K decade−1 in the brightness temperatures [Zou and Wang, 2011]. For

this reason, RSS does not include NOAA-16 in its analysis. This bias drift is removed in
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the IMICA analysis, which allows us to consider NOAA-16 data in our analysis, though

the inclusion of this data does not significantly affect the diurnal cycle correction derived in

this work. The IMICA calibration also minimizes biases related to sun heating instrument

variability and the scene temperature, which may introduce regional and seasonal biases and

spurious trends [Zou and Wang, 2011]. Using IMICA, the global ocean mean intersatellite

bias and standard deviation is on the order of 0.05 K and 0.03 K, respectively, compared

to the prelaunch calibration which has biases on the order of 0.5 K and 0.13 K [Zou and

Wang, 2013]. IMICA brings intersatellite trends close to zero over the ocean [Zou et al.,

2009]. Since the diurnal drift effect is small over the ocean, this implies that the instrument

calibration is excellent.

In summary, the IMICA procedure removes biases including i) global mean inter-satellite

biases, ii) scene temperature dependent biases due to inaccurate calibration non-linearity, iii)

sun-heating induced instrument variability biases, iv) drift bias for NOAA-16 and v) limb

adjustment to nadir [Zou and Wang, 2011, Dr. Cheng-Zhi Zou, personal communication

2013]. Because the IMICA calibration eliminates or minimizes these biases, we are able

to largely attribute remaining intersatellite differences to diurnal drift effects, though we

cannot completely rule out unknown biases. Note that any unknown residual biases that

are correlated with the diurnal cycle but independent of individual satellite ascending and

descending nodes will effectively be removed through our diurnal cycle correction.

2.3.2 Comparison datasets

In order to compare our MSU/AMSU TMT homogenization and merging efforts to indepen-

dent datasets, we utilize the most recent versions of existing MSU/AMSU climate records,

including UAH TMT v5.6 [Christy et al., 1998, 2000, 2003], RSS TMT v3.3 [Mears et al.,

2003, Mears and Wentz, 2009a, Mears et al., 2011], and NOAA TMT v3.0 [Zou et al., 2006,

2009, Zou and Wang, 2010, 2011]. We also employ lower stratospheric channel data, TLS,

from these groups in order to remove the stratospheric signal from the TMT dataset [e.g.,

Fu et al., 2004]. These datasets represent independently homogenized monthly MSU/AMSU
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datasets that can be used for comparison to our work. We also utilize HadCRUT4 data as

a measure of surface temperature trends over land and ocean [Morice et al., 2012].

The largest differences between MSU/AMSU datasets relate to how each group removes

instrument calibration drift and biases due to diurnal drift. UAH applies a diurnal drift

correction for MSU based on the diurnal cycle derived from co-orbiting AMSU measure-

ments and avoids using data when large diurnal drifts are present. RSS and NOAA utilize

corrections based on the diurnal cycle simulated by a climate model. RSS and UAH gener-

ally utilize the prelaunch calibration whereas NOAA (and this analysis) utilizes data that

is corrected using IMICA. All of the datasets remove residuals related to the warm target

temperature onboard the satellite, though differences in methodology lead to different bias

corrections [e.g., Po-Chedley and Fu, 2013]. Another difference relates to how data is in-

cluded in the merging procedure. RSS and NOAA use a consensus approach that averages all

overlapping satellites together. UAH chooses stable backbone reference satellites and ignores

data when diurnal drifts noticeably affect the time series [e.g., Christy and Spencer, 2013].

Other differences include corrections to limb data, removing differences between MSU and

AMSU measurements, and how scene-dependent temperature biases are removed.

2.4 Procedures and processing decisions for L1C MSU/AMSU data

We begin our analysis with NOAA STAR L1C data, utilizing MSU channel 2 and AMSU

channel 5 data over 1979 through 2012. These two channels have historically been used to

represent the mid-tropospheric temperature, TMT. We use the five central view angles from

MSU and 12 central view angles for AMSU [e.g., Mears and Wentz, 2009a]. We correct the

L1C data for diurnal drift by adjusting the data to local noon utilizing a GCM derived diurnal

cycle, while we also process L1C data with no diurnal correction, which we will use to derive

and apply an observationally-based diurnal correction developed in this study (see section

4). For quality control purposes, we remove measurements that are greater than 5σ above

or below the daily zonal (2.5◦) average brightness temperature for each satellite. Following

Wang and Zou [2014], we also remove observations that contain precipitation. Daily data is
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then placed into 2.5◦ x 2.5◦ grids for the ascending and descending nodes. Measurements that

are more than 4σ above or below the long-term grid point mean are eliminated. Both of these

quality control steps remove less than 0.07% of the data for each satellite. We also manually

removed data in cases when the data is suspect, including Tiros-N after 1979, NOAA-6 after

day 274 of 1986, NOAA-9 after day 62 of 1987, NOAA-14 after 2003, NOAA-16 and AQUA

beginning in 2007, and NOAA-17 after day 300 of 2003. Several individual days were also

removed due to obvious data quality issues.

After quality control and gridding, we follow Mears et al. [2003] to remove the warm

target temperature effect. The warm target temperature effect was described by Christy

et al. [2000], in which it was determined that the evolution of the warm target calibration

temperature onboard various satellites could explain intersatellite differences between co-

orbiting satellites. This issue is caused by sun heating induced instrument variability and is

largely removed via the IMICA calibration [Zou and Wang, 2011], but we apply the warm

target temperature calibration to remove any remaining residuals. Following Mears et al.

[2003], we used global mean oceanic pentad (five day averages) data to linearly regress out

any intersatellite difference residuals related to the warm target temperature onboard each

satellite. The regression uses intersatellite brightness temperature differences as predictands

and warm target temperature anomalies onboard each satellite as predictors. The coefficients

of this regression are referred to as warm target factors. In constructing global mean pentads,

we required that each pentad had data from 85% of the ocean grid cells and that there were

at least three days of data. By using oceanic data to determine the warm target factors,

the influence of the diurnal cycle is minimized since the diurnal cycle over the ocean is

approximately an order of magnitude smaller than over land. We solved for our target

factors using oceanic data that was diurnally corrected with the RSS climate model data,

but the differences in our target factors and the resulting temperature trends are negligible

if we use oceanic data that has no diurnal correction.

After solving for the target factors, we create monthly averages for each satellite’s as-

cending and descending nodes and utilize our target factors to remove the warm target
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temperature effect from each grid cell. In order to remove MSU/AMSU differences related

to differences in the weighting function we take the monthly average value for NOAA-15

minus NOAA-14 over 1999 through 2003 to create an average monthly offset climatology for

each satellite node following Mears and Wentz [2009a]. In computing our monthly gridded

data, this offset climatology is removed from AMSU data to match AMSU to MSU as in

Mears and Wentz [2009a].

2.5 Diurnal drift corrections

2.5.1 GCM-based diurnal drift correction

In order to remove diurnal drift from TMT measurements, the RSS team uses the diurnal

cycle simulated from five years of model simulation in the National Center for Atmospheric

Research Community Climate Model Version 3 (CCSM3) [Kiehl et al., 1996, Mears et al.,

2003]. Mears et al. [2003] derived the TMT diurnal cycle with hourly data for each month

of the year and each view angle using microwave radiative transfer and surface emissivity

models [Wentz and Meissner, 1999]. We use the RSS diurnal correction and scale the diurnal

amplitude by 0.875 for MSU and 0.917 for AMSU following Zou et al. [2009].

The diurnal drift correction is sensitive to the applied diurnal cycle in terms of both phase

and amplitude [Po-Chedley, 2012]. Dai and Trenberth [2004] showed that the GCM simulated

diurnal cycle in CCSM2 likely has biases. Therefore, model biases may impact diurnal bias

corrections applied from GCM data. It has been suggested that RSS and NOAA overcorrect

for diurnal drift, which leads to spurious warming relative to UAH in the tropics [Christy

et al., 2010, 2011]. On the other hand, NOAA [Zou et al., 2009] and RSS [Mears et al.,

2003] have compared the magnitude of the GCM derived diurnal drift correction with global

intersatellite residuals and have shown that the adjustments applied minimize intersatellite

residuals. Other studies have also found consistency between GCM-derived and observed

diurnal cycle climatology in tropospheric channels of the High-Resolution Infrared Radiation

Sounder, which provides evidence that diurnal cycle climatology from a GCM should be
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reasonably valid for microwave measurements [Jackson and Soden, 2007, MacKenzie et al.,

2012].

Because it is possible that GCM-derived diurnal cycle corrections have biases, we develop

a regression technique to derive a TMT diurnal cycle correction based on satellite observa-

tions for the purpose of homogenizing the MSU/AMSU observations. This diurnal correction

will be used as a comparison to understand the corrections implemented by NOAA, RSS,

and UAH.

2.5.2 Observationally-based technique for removing diurnal drift biases

In analyzing data for which no diurnal corrections have been applied, the implications of

the diurnal drift bias become immediately clear for long-term trends. Over land, brightness

temperature differences between co-orbiting satellites or differences between the ascending

(PM) and descending (AM) node of a single satellite can drift by more than 1 K as the

satellite drifts toward earlier or later local measurement times. Figure 2.1 shows the LECT

for each satellite over the satellite’s lifetime for the descending node (the ascending node

LECT is 12 hours later). This figure only includes the time periods in which we used data

from each satellite. Several satellites drift more than an hour during their lifetime, which

means that a large diurnal signal will be aliased into their TMT measurements.

In order to remove the effects of diurnal drift, we develop a regression technique for

estimating a TMT diurnal cycle correction based on MSU/AMSU measurements that include

diurnal drift information. In section 3, we created a gridded monthly TMT time series that

included warm target bias corrections, but not diurnal drift corrections. This uncorrected

data will allow us to estimate a diurnal cycle correction. In our analysis, most satellites drift

between LECT values of 1:30 and 8 am (pm) for the descending (ascending) node (see Figure

2.1). Over the tropical ocean, the GCM diurnal cycle is well approximated with a quadratic

function during these hours for both the AM and PM nodes. Over tropical land, however,

the diurnal cycle has more inflection points and is better approximated with a cubic fit (the

normalized residuals for fits to the GCM diurnal cycle are reduced by a factor of 2-3 using
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a cubic rather than a quadratic function). We can then write down the measured land TMT

brightness temperature for given month as:

TMi,N = TE + αiT
W
i + aI,N t

3
i + bI,N t

2
i + cI,N ti + dI,N + εi (2.1)

where TE is the actual unbiased Earth temperature, TM is the measured temperature,

α is the warm target factor, TW is the warm target temperature anomaly, and ε represents

unresolved errors for the ith satellite. The constants a, b, and c are the coefficients for the

diurnal cycle correction and d represents a constant offset for each node of each satellite.

Our diurnal cycle is dependent on the LECT, t, and the coefficients vary by the MSU or

AMSU instrument (I) and the node (N). The measured ocean brightness temperature can

similarly be written as:

TMi,N = TE + αiT
W
i + eI,N t

2
i + fI,N ti + gI,N + εi (2.2)

where, in this case, e and f are the diurnal cycle coefficients and g is a constant offset.

Our numerical regression technique relies on being able to attribute differences between

satellites to a common diurnal cycle, which we represent via 12 coefficients for land (three

terms in the cubic fit times two instruments and two nodes) and 8 coefficients for the ocean

(two terms in the quadratic fit times two instruments and two nodes). By first removing

the warm target effect in the monthly gridding process, we can ignore the warm target

temperature term. Our strategy is then to fit intersatellite differences using the following

equation for land based on Eq. 2.1:

TMi,N1
− TMj,N2

= (aI1,N1t
3
i + bI1,N1t

2
i + cI1,N1ti + dI1,N1)

− (aI2,N2t
3
i + bI2,N2t

2
i + cI2,N2ti + dI2,N2) + εi − εj (2.3)

and the following equation for ocean from Eq. 2.2:
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TMi,N1
− TMj,N2

= (eI1,N1t
2
i + fI1,N1ti + gI1,N1)

− (eI2,N2t
2
i + fI2,N2ti + gI2,N2) + εi − εj (2.4)

where i and j represent the satellites under consideration. The coefficients for our diurnal

cycle correction vary by instrument (I) and node (N), but it is not necessary to use the same

node or instrument for satellites i and j in Eqs. 2.3 and 2.4. In other words, we do not need

to compare two satellites with the same instrument or node. We have therefore denoted

the instrument (I) and node (N) with subscripts 1 and 2 (for the two measurements being

compared) to make it clear that N1 and N2 and I1 and I2 are not necessarily equal to one

another.

From Eqs. 2.3 and 2.4, we can use monthly brightness temperature differences from co-

orbiting satellites (i.e., i 6= j) and differences between the ascending and descending node

of the same satellite (i.e., i = j and N1 6= N2) to solve for the diurnal cycle coefficients

using multiple linear regression. This procedure is similar to that used for determining warm

target factors for each satellite, except in this case we are fitting higher order functions (a

quadratic and cubic for ocean and land, respectively) and we use LECT as a predictor instead

of the warm target temperature anomaly. We use LECT values between 0 and 12 for both

the ascending and descending nodes, even though the ascending node is in the afternoon.

In our analysis we use monthly means, which is a timescale sufficient to track the gradual

changes in LECT, but still leaves more than 4,000 predictands. The NOAA-10 descending

node constant offset is set to zero. We focus on the gradual diurnal drift by removing the

long-term mean MSU/AMSU seasonal cycle from each satellite although we note that the

diurnal drift may also induce small changes in the seasonal cycle.

Some analyses have used Fourier series to solve for the diurnal cycle in infrared sounder

[e.g., Lindfors et al., 2011] and microwave [e.g., Mo, 2009, Kottayil et al., 2013] measurements.

This approach uses overlapping satellites and fits brightness temperature measurements as

a function of local time using a second order Fourier series. It requires that measurements
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are absolutely calibrated, which cannot be guaranteed for MSU/AMSU measurements; the

absolute uncertainty in the IMICA calibration is 0.5 - 1.0 K with global mean intersatellite

biases between 0.1 and 0.2 K [Zou and Wang, 2013]. Our method instead tracks the differ-

ences between satellite measurements over time and attributes these differences to diurnal

sampling biases. Note that in our method we remove constant offsets for each node of each

satellite, which means we do not require an absolute calibration of brightness temperature

measurements. We also use the differences between satellites, which means that natural vari-

ability common to both satellites is removed, leaving diurnal sampling bias as the biggest

component of slowly evolving intersatellite differences. Our method uses polynomial fits since

polynomials reproduce the diurnal cycles from climate models and are easily incorporated

into our linear regression approach.

To assess the impact of the seasonal cycle on the diurnal drift bias removal, we merged

our time series using a GCM correction with and without a seasonal cycle. The tropical

land trend difference between the merged time series with and without a seasonal cycle was

0.006 K decade−1. Over tropical oceans the difference is 0.001 K decade−1. These small

differences are expected since the seasonal cycle in the tropics is much smaller compared

to higher latitudes, though a diurnal drift bias correction that accounts for the seasonal

cycle should be developed in future efforts. Another important assumption we make in our

formulation is that the diurnal cycle does not change over time. This is an assumption also

made by RSS, NOAA, and UAH though it is not necessarily true [e.g., Hansen et al., 1995].

We expect that although this assumption is not strictly true, diurnal cycle changes for TMT

over the tropics are small compared to the diurnal drift bias we remove in our technique.

Note that by using carefully calibrated L1C data, instrument calibration issues are small

and our regression is addressing diurnal drift biases. It is, however, still possible that our

technique also removes residual instrument calibration biases that are correlated with the

LECT. In this case our observationally-derived diurnal cycle correction may deviate from

the real diurnal cycle, especially over the ocean where the diurnal cycle signal is small. But

the trends based on this observationally-derived correction are expected to be more accurate
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than those using the real diurnal cycle because any residual instrument calibration biases

related to satellite drift are further removed.
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Figure 2.2: Tropical mean (20◦N - 20◦S) diurnal cycle corrections in TMT for (left) MSU and (right)

AMSU over (top) land and (bottom) ocean from a GCM (black line) and from our regression analysis

based on observations (white line). Blue shading represents the 95% confidence interval from our

regressed diurnal cycle. We also calculated 15 diurnal cycle corrections by excluding data from

each of the 15 satellites and recalculating the diurnal cycle corrections, which is represented by red

lines. This ensemble shows the sensitivity to individual satellites. Since our regression removes a

constant offset from each satellite node (so the absolute temperature difference between the AM

and PM node is not preserved), we forced the mean of each of our regressed diurnal cycle segments

(0100-0900 and 1300-2100 LT) to match the mean of the GCM over the same time period (black

dashed line) to aid in comparing the GCM and regressed diurnal cycle. The GCM diurnal cycle

shown here has a scaling factor of 1, though we scaled the MSU correction by 0.875 and the AMSU

correction by 0.917.
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We solve Eqs. 2.3 and 2.4 for the MSU/AMSU diurnal cycle correction using tropical

(20◦N - 20◦S) mean time series for land and ocean. Table 2.1 presents the diurnal cycle

correction coefficients from our multiple linear regression, which correspond to the constants

presented in Eqs. 2.1 and 2.2. Figure 2.2 shows the tropical TMT diurnal cycle corrections

derived from multiple linear regression using MSU/AMSU satellite observations compared

to the diurnal cycles from the GCM [Mears et al., 2003] for MSU and AMSU over land and

ocean. We show our diurnal cycle correction over ocean for completeness and transparency.

Since the oceanic diurnal cycle should be small [e.g., Zou et al., 2009] this correction gives

some indication of the degree that uncorrected biases remain in our time series after warm

target calibration. For example, if we found large oceanic diurnal cycle corrections this

would indicate that calibration errors remain in the time series. From Figure 2.2, we see

that the ocean diurnal cycle corrections are small indicating that large biases do not remain.

For this analysis we added white noise to our monthly average tropical mean brightness

temperatures and re-solved for the warm target factors and diurnal coefficients 10,000 times

in order to estimate the uncertainty in our regression technique. The error estimate from this

Monte-Carlo analysis accounts for the uncertainty in our intersatellite offsets, warm target

correction, and diurnal correction. Mears et al. [2011] do a detailed uncertainty estimate

and find larger uncertainties by accounting for intersatellite trends between NOAA-14 and

NOAA-15 and because they include diurnal uncertainty from several GCMs. We also solve

for diurnal cycle corrections, which have had a single satellite of the 15 satellites removed

from consideration (referred to as “UW Ensemble”). The results from this sensitivity analysis

show that the derived diurnal cycle correction is not very sensitive to individual satellites

(generally the sensitivity is smaller than our estimated error in the diurnal cycle correction

over land and similar in magnitude to our estimated error over ocean). Removing NOAA-15

from the diurnal cycle calculation does reduce the magnitude of the AMSU AM ocean diurnal

cycle, but also increases the magnitude of the AMSU PM ocean diurnal cycle correction. This

likely occurs because NOAA-15 is an important satellite for solving for the AMSU diurnal

cycle correction since it drifts through much of the diurnal cycle. When we remove NOAA-
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Land Ocean

a b c d e

MSU AM 0.0038 -0.0290 -0.0005 0.0040 -0.0494

MSU PM 0.0029 -0.0485 0.1262 -0.0015 0.0419

AMSU AM 0.0037 -0.0209 -0.0652 0.0105 -0.0895

AMSU PM 0.0038 -0.0690 0.1667 -0.0009 0.0091

Table 2.1: Average value of the diurnal cycle correction co- efficients in Eqs. (1) and (2) over land

and ocean in the tropics (20◦N - 20◦S) for the MSU and AMSU instruments.

15, the diurnal cycle later than 3pm for the ascending node and 3am for the descending node

is unconstrained for AMSU measurements. We also solved for the diurnal cycle correction

without applying a warm target correction and the resulting diurnal cycle corrections were

negligibly different compared to those with a warm target correction (not shown). This result

implies that instrument calibration drifts are not systematically aliased into our diurnal cycle.

Our derived diurnal cycle correction is similar to that produced from a climate model, but

there are notable differences in the phase and amplitude over land for each node. However,

we do not expect our observationally derived diurnal cycle correction would necessarily agree

with one derived from a GCM. This is because our correction may include residual calibration

biases that are correlated with the diurnal cycle and the GCM diurnal cycle may also have

biases. Other observational studies have noted differences in the representation of phase

and amplitude in the diurnal cycle over land compared to GCMs [e.g., Dai and Trenberth,

2004, Seidel et al., 2005, MacKenzie et al., 2012]. For example, Dai and Trenberth [2004]

show that the peak in the tropical land surface air temperature diurnal cycle occurs later

in CCSM2 than in observations. We similarly find that the peak in the TMT diurnal cycle

occurs earlier than in CCSM3 (Fig. 2.2). Note that the peaks of the tropical mean land

AMSU GCM diurnal cycle used in Mears et al. [2011] occur at approximately 12:30, 1:30,

and 2:30 PM for MERRA, HadGEM, and CCSM3 (Dr. Carl Mears, personal communication,
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2014). Our tropical mean AMSU land peak occurs at 1:19 PM, which is well within the range

of model estimates. We also note that differences in the amplitude between the MSU and

AMSU diurnal cycle are also enhanced in the UW-derived diurnal cycle correction compared

to the GCM. We expect the AMSU diurnal amplitude to be larger over land, because the

AMSU weighting function peaks closer to the surface than the MSU weighting function.

The diurnal cycle correction over the ocean is small (see Fig. 2.2) and the difference be-

tween tropical ocean trends with and without a diurnal cycle correction is negligible (0.002

K decade−1 from Table 2.3). Although much of our derived ocean diurnal cycle correction is

significantly different from zero, the corrections, when applied to the drifting satellite data,

are not statistically significant. This suggests that a significant bias is detected, but this bias

has a negligible impact on our time series. The AMSU AM ocean diurnal cycle correction

and the MSU PM diurnal cycle correction are larger in our technique compared to the GCM.

These differences may be caused by residual calibration biases that are correlated with the

diurnal cycle and/or GCM biases. Other studies [e.g., Dai and Trenberth, 2004, Seidel et al.,

2005, MacKenzie et al., 2012], noted that the amplitude of GCM diurnal cycles over ocean

is underestimated relative to observations. Over the ocean, the observationally-derived di-

urnal correction for MSU has increasing temperatures during the afternoon, but that for

AMSU has relatively constant temperatures. It is not obvious which afternoon oceanic di-

urnal cycle correction is closer to the real diurnal cycle. Note that the peak in the AMSU

tropical ocean diurnal cycle is approximately 3:30, 7:30, or 8:30 PM for HadGEM, MERRA,

and CCSM3, respectively (Dr. Carl Mears, personal communication, 2014). The inconsis-

tency in observationally-derived MSU and AMSU oceanic diurnal cycle corrections suggests

that residual calibration biases are present. Regardless, these biases are effectively removed

through our diurnal cycle correction, which has a negligible effect on our derived trends. Our

results indicate that our oceanic diurnal cycle correction represents a combination of a small

diurnal cycle and small residual calibration corrections.

The possibility that unresolved errors introduce a significant impact on our observationally-

derived diurnal cycle correction is likely small since removing individual satellites from con-
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sideration typically produces diurnal cycles within the uncertainty of our regression (Fig.

2.2). Some satellites, such as NOAA-14 or NOAA-15, do have greater influence over our

derived diurnal cycle correction and also have unexplained trend differences in their times

series [Mears and Wentz, 2009a, Mears et al., 2011], which could be aliased into our regres-

sion technique. Since instrument calibration drift is similar for the ascending and descending

node, incorporating ascending minus descending TMT comparisons into our diurnal cycle

correction estimate helps minimize the effect of instrument calibration drift biases. The

insensitivity of the diurnal cycle estimate to our treatment of the warm target bias also

indicates that there is not a large influence of instrument calibration drift on our analysis.

We further solve for the diurnal cycle correction as a function of latitude and surface type

(land or ocean) within the tropics. This approach allows us to construct the spatial evolution

of TMT and to determine the combined (land and ocean) tropical TMT time series, though

we note that the land and ocean trends using this gridded method are the same as those

calculated using tropical mean data. In this calculation, grid cells containing greater (less)

than 50% land fraction are considered as land (ocean). We solve Eqs. 3 and 4 for the diurnal

cycle correction coefficients for land and ocean in each latitude band, respectively. We then

apply the diurnal correction and constant offsets equally to all of the respective land or ocean

grid points in that zonal band. We tested to see if the zonal spatial scale or the annual mean

diurnal correction had a large influence on our results by applying a tropical, annual mean

GCM land and ocean correction to each land and ocean grid cell, respectively. This test

forces all regions (e.g., convective versus non-convective) to share a common tropical mean

diurnal cycle with no seasonal dependence, even though it has been demonstrated that the

diurnal cycle varies between convective and non-convective regions and over the seasonal

cycle [e.g., Tian et al., 2004, Yang and Slingo, 2001]. The tropical land trend difference

versus the full GCM correction was 0.010 K decade−1 and less than 0.005 K decade−1 over

ocean. These sensitivity experiments demonstrate that although the spatial pattern of the

diurnal cycle evolution (e.g., across varied surface characteristics within a latitude band or

over regions varied convection) may be important locally they do not have large effects on
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the tropical mean TMT warming. The remainder of the analysis will be based on our gridded

TMT dataset that utilizes zonal diurnal corrections. We will refer to data corrected with

our observationally-derived diurnal correction as UW (University of Washington) and data

processed with a GCM diurnal correction as UWGCM .

2.5.3 The efficacy of observationally-derived TMT diurnal cycle corrections

Figure 2.3 presents the time series of differences between the ascending and descending

nodes for satellites over tropical land without a diurnal correction, with a correction using a

GCM diurnal cycle (UWGCM), and with our observationally-derived diurnal cycle correction

(UW). Comparing differences in the AM and PM nodes of satellites is an important check

for removing diurnal drifts, because instrument calibration drift should be similar in both

the ascending and descending node (reducing the effect of ε in Eqs. 3 and 4). Removing the

diurnal drift with a GCM diurnal cycle is generally effective, but leaves small residual trends

in the ascending minus descending difference time series. Our regression approach further

reduces residuals and trends between the ascending and descending nodes.

Effectively removing diurnal drifts should also lead to near-zero differences between satel-

lites for monthly mean brightness temperatures. Figure 2.4 presents the differences in tropical

land anomalies between satellites for various pairs of ascending nodes for TMT data with no

diurnal correction, data corrected with a GCM diurnal cycle (UWGCM), and data corrected

using our observationally-derived diurnal cycle correction (UW). We chose to display the

ascending (PM) node because of larger drifts in this node, providing a powerful test of our

technique. We attempted to choose pairs of satellites in which one satellite is relatively stable

(i.e., not rapidly drifting east or west relative to the sun) while the comparison satellite has

large drifts (see Fig. 2.1). The colors of the residuals represent the LECT of the rapidly drift-

ing satellite, which generally cools (warms) relative to our comparison satellite as it drifts

later (earlier) in the day if no diurnal corrections are applied. Figure 2.4 shows that in some

cases the GCM seems to overcorrect the diurnal drift (e.g., NOAA-11 - NOAA-12), while

in other cases some of the diurnal signature remains (e.g., NOAA-16 - AQUA). The GCM



28

−1.00

−0.75

−0.50

−0.25

 0.00

 0.25

 0.50

Tiros−N

NOAA−6

NOAA−7

NOAA−8
NOAA−9 NOAA−10

NOAA−11

NOAA−12

NOAA−14

NOAA−15

NOAA−16

NOAA−17

NOAA−18

MetOP−A

AQUA

σ=0.157

No Correction

−0.2

 0.0

 0.2 σ=0.056UW
GCM

A
sc

en
di

ng
 −

 D
es

ce
nd

in
g 

T
M

T
 A

no
m

al
y 

(K
)

1980 1985 1990 1995 2000 2005 2010

−0.2

 0.0

 0.2 σ=0.038UW

Year

Figure 2.3: Time series of the ascending minus descending node for each satellite over tropical (20◦N

- 20◦S) land using TMT (top) without diurnal corrections, (middle) with diurnal drift corrections

following a diurnal cycle from a GCM, and (bottom) with corrections from our regression technique.

diurnal bias correction is largely effective at removing intersatellite residuals and trends, but

our technique further reduces these biases. Figure 2.1 shows that AQUA has almost no

LECT drift because of its onboard propulsion system. In Figure 2.4, the differences between

NOAA-15 and NOAA-16 relative to AQUA can thus largely be attributed to the diurnal

cycle. Each difference measurement demonstrated in Figs. 2.3 and 2.4 helps to constrain

our fit for the diurnal cycle correction even though there is no stable, non-drifting reference

(e.g., AQUA or MetOp-A) for the bulk of the time series. Using all overlaps helps to ensure

that unresolved or unknown instrument problems do not give us spurious results.

In order to characterize the overall effectiveness of our method, we show the intersatellite

residual standard deviation in Table 2.2. Intersatellite biases over land are effectively reduced

using a GCM diurnal correction (UWGCM) and our diurnal correction (UW), as compared

to the case in which no diurnal corrections are applied. Our correction represents a small
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Figure 2.4: Time series of differences between pairs of satellites for the ascending node over tropical

(20◦N - 20◦S) land using TMT (top) without diurnal drift corrections, (middle) with diurnal cor-

rections following a diurnal cycle from a GCM, and (bottom) with corrections from our regression

technique. We chose these pairs of satellites and the ascending node over land to maximize diurnal

drift biases. For each pair (i.e., satellite 1 2 satellite 2), satellite 1 is rapidly drifting, while satellite

2 has relatively little diurnal drift. The color of each point represents the LECT of the drifting

satellite 1 for reference. Quadratic fits to the data are shown to aid in visualization.

but robust improvement compared to the GCM correction. Figures 2.3 and 2.4 and Table

2.2 illustrate that our diurnal correction appears to be successful in removing intersatellite

biases due to diurnal drift.

2.6 TMT time series and trends and comparisons with UAH, RSS, and NOAA

We remove the diurnal drift biases, warm target effect, and constant offsets from each satellite

time series and average over all of the satellites and both the ascending and descending nodes

to form a homogenized MSU/AMSU TMT time series. Figure 2.5 presents the UW TMT

time series for the tropical mean over land, ocean, and both the land and ocean. As with
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Intersatellite residual σ (K)

Both Ocean Land

No correction 0.020 0.019 0.052

UWGCM 0.021 0.020 0.035

UW 0.017 0.018 0.027

Table 2.2: Average monthly intersatellite residual standard deviation (s) for TMT without diurnal

corrections (no correction), UW, and UWGCM . We show results for the tropical (20◦N - 20◦S)

land, ocean, and land-ocean averages. The value displayed is a weighted average of the standard

deviation of all co-orbiting satellites with at least 6 months of overlap.

other MSU/AMSU datasets there is strong coherence between the land and ocean time series

in the tropics because the tropics do not maintain strong temperature gradients. The El Niño

Southern Oscillation is an evident feature, especially the large El Niño event during 1997 -

1998. Our TMT time series is quite similar to that from other research groups (not shown).
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Figure 2.5: Time series of UW TMT for the tropics (20◦N - 20◦S) for land (red), ocean (blue), and

combined land-ocean (black) over 1979-2012. The time series is smoothed using a 5-month moving

average.

Figure 2.6 presents the probability distribution functions of our tropical TMT trends

over land and ocean along with trend values from other groups. This calculation utilizes
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Figure 2.6: Probability distribution function of tropical (20◦N - 20◦S) UW TMT land (red) and

ocean (blue) trends over 1979-2012 from this study. We also show the trends for UWGCM , NOAA,

RSS, and UAH for comparison. We include the uncertainty values for RSS trend calculation using

data from Mears et al. [2011]. The UW distribution represents the results when we add noise in

our regression for the warm target factors and diurnal cycle correction and then re-merge all of the

satellites together 10,000 times.

our diurnal correction performed over the tropical land and ocean with the ensemble of

trend values coming from our Monte-Carlo simulation described in Section 2.5.2. We find a

mean tropical land trend of 0.103 ± 0.037 K decade−1 and a mean tropical ocean trend of

0.118 ± 0.021 K decade−1 (95% confidence interval). Note that this uncertainty is related

to the uncertainty in our diurnal cycle and warm target corrections and does not include

uncertainties related to sampling or structural uncertainties. Mears et al. [2011] undertook a

comprehensive uncertainty analysis using a Monte-Carlo estimation technique; the resulting

RSS trend uncertainty is shown in Figure 2.6. Even though the differences between groups

can be large, these differences are not necessarily significant when the full internal uncertainty

is considered.



32

U
W

U
W

G
C

M
N

O
A

A
R

S
S

U
A

H

 

 

Trend (K decade−1)

−0.1 0 0.1 0.2 0.3

Figure 2.7: Tropical (30◦N - 30◦S) spatial pattern of TMT trends (K decade−1) from various

MSU/AMSU datasets over 1979-2012. We merged the MSU/AMSU observations together using

both our regression technique based on observations (UW) and a GCM diurnal drift correction

(UWGCM ) with other processing choices the same.

Figure 2.7 presents maps of tropical TMT trends over 1979 - 2012 based on our regression

technique (UW), our data corrected with a GCM diurnal cycle (UWGCM), and trends from

the UAH, RSS, and NOAA datasets. UW, RSS, and NOAA have a similar warming pattern,

though RSS also has a noticeably larger region of cooling in the subtropical Pacific Ocean.

The most striking difference is that UAH has large negative cooling throughout most of the

Pacific Ocean and has less warming in the other ocean basins. UAH and RSS also lack the
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cooling areas over the African and Australian continents that are present in both the UW

and NOAA datasets.

Table 2.3 presents the tropical mean TMT trends over 1979 through 2012. In the table,

we include uncertainty estimates for RSS [Mears et al., 2011] and for UW, which are based on

the uncertainty in merging and bias removal procedures. We can also calculate the statistical

uncertainty in the trend for each group. The 95% confidence interval in the least squares

linear trend estimates, accounting for autocorrelation, is roughly the same for each dataset:

approximately ± 0.10 K decade−1 over land, ± 0.12 K decade−1 over ocean, and ± 0.12 K

decade−1 for land and ocean. For the UW time series, the warm target correction reduces

trends across land and ocean by 0.023 K decade−1. The diurnal correction is a small positive

correction over ocean (0.002 K decade−1), but a very large and positive correction over land

(0.159 K decade−1). In general, our trends corrected with a GCM and trends corrected with

our observationally derived diurnal cycle correction are similar to trends from NOAA and

RSS, though RSS has less warming over ocean and NOAA has less warming over land. As

demonstrated in Table 2.3 and Figs. 2.6 and 2.7, the UAH ocean trend is notably lower than

trends from all other datasets. Differences among various TMT datasets over the tropics will

be interpreted in detail in Section 6.

One drawback of TMT trends is that they include some influence from the stratosphere,

which has a large negative temperature trend. It has been demonstrated that this influence

can be removed using TLS stratospheric data from MSU channel 4 and AMSU channel

9 to provide a measure of the full tropospheric temperature (T24) trend [e.g., Fu et al.,

2004, Fu and Johanson, 2004, 2005]. In Table 2.4, we provide tropical T24 trends, surface

temperature trends from HadCRUT4, and the ratio of the T24 trend to the surface trend.

Our amplification factor over the tropics is consistent with tropical amplification implied

by models, which is approximately 1.5 - 1.6 [Santer et al., 2005, Fu et al., 2011]. Our

amplification factor over land is reduced due to enhanced land surface warming relative to

sea surface warming [Sutton et al., 2007]. All of the MSU/AMSU datasets demonstrate

tropical amplification, except UAH.
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TMT trend (K decade−1)

Both Ocean Land

No diurnal correction 0.075 0.116 -0.056

UW 0.115 ± 0.024 0.118 ± 0.020 0.104 ± 0.035

UWGCM 0.124 0.132 0.096

NOAA 0.105 0.118 0.064

RSS 0.089 ± 0.051 0.087 ± 0.039 0.094 ± 0.113

UAH 0.029 0.012 0.085

Table 2.3: Trends (K decade−1) over 19792012 for TMT over the tropics (20◦N - 20◦S) for TMT

without diurnal corrections (no diurnal correction), UW, and UWGCM . The trends from NOAA,

RSS, and UAH are listed for reference. The 95% confidence intervals on UW trends are from our

Monte Carlo simulation. The 95% confidence interval for RSS are based on data updated since

Mears et al. [2011].

2.7 Interpreting TMT time series differences between MSU/AMSU datasets

Figure 2.8 shows the TMT brightness temperatures from each group minus the UW time

series over the tropics. It contains several notable features. Relative to the UW dataset over

land, RSS, NOAA, and UWGCM slowly cool from 1979 to 1995. RSS, NOAA, and UWGCM

also show warming after 2000 over land, followed by cooling after 2003 relative to UW TMT.

Over ocean, RSS cools relative to UW near 1985 - 1987 and near 2004. NOAA warms relative

to UW near 1998 and cools after 2003. We note that 1985 - 1987 differences are likely a

result of the NOAA-9 target factor [Po-Chedley and Fu, 2012b]; RSS uses a slightly larger

target factor than NOAA and UW. Overall, NOAA behaves similarly to UWGCM over ocean

and has similar features over land, especially after 1997. UAH shows a large discontinuity

during 1985 to 1987 in both land and ocean, a cooling near 1992 (1995) over land (ocean),

a gradual cooling from about 1997 to 2003 over both ocean and land, and a large warming
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Group Both Ocean Land

UW 0.160 (1.41) 0.163 (1.62) 0.150 (0.86)

UWGCM 0.170 (1.50) 0.179 (1.78) 0.141 (0.81)

NOAA 0.149 (1.32) 0.163 (1.62) 0.106 (0.61)

RSS 0.125 (1.10) 0.123 (1.22) 0.133 (0.76)

UAH 0.064 (0.56) 0.044 (0.44) 0.129 (0.73)

HadCRUT4 0.114 0.101 0.175

Table 2.4: T24 trends (K decade−1) over 19792012 in the tropics (20◦N - 20◦S) over land, ocean, and

the entire tropical region, as derived from various MSU/AMSU datasets. The values in parentheses

are the amplification ratio, which is defined here as the T24 trend divided by the HadCRUT4

surface trend. We compute T24 using T24 = 1.1TMT − 0.1TLS. The UW and UWGCM T24

trends are calculated using TMT from the present study and TLS from NOAA STAR v3.0 data.

trend over land near 2005 relative to UW.

Despite the differences in both phases and magnitudes of the diurnal cycles between GCM

and observations (Fig. 2.2), the differences in derived TMT time series between UWGCM

and UW (Fig. 2.8) are small. The trend differences are less than 0.02 K decade−1 (Tables

2.3 and 2.4). It is indicated that the diurnal cycle from a GCM can be used to effectively

remove the satellite drift biases in TMT.

In Fig. 2.9, we present results that aid in further understanding some of the underlying

causes for difference between the tropical TMT time series. Figure 2.9(A) shows UAH minus

UW, RSS, and NOAA for the tropical ocean. We utilize the tropical ocean in this case,

because this reduces the effect of diurnal drift. In each of these cases, UAH has a large

discontinuity during 1985 - 1987. In Fig. 2.9(A) we also use a time series in which we force

the NOAA-9 target factor to be the same as the UAH value, α9 = 0.0986 [Po-Chedley and

Fu, 2012b], and then re-solve for the rest of our target factors (UWα(9)=UAH) to see if we

reproduce the UAH discontinuity. Our original target factor for NOAA-9 using data in which
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Figure 2.8: Tropical (20◦N - 20◦S) land (red), ocean (blue), and combined land-ocean (black)

difference time series for NOAA, RSS, and UAH minus UW. A time series of UWGCM is also shown

to understand the differences caused by diurnal cycle corrections (all other processing decisions are

held constant between UW and UWGCM ). The time series are smoothed using a 5-month moving

average.

instrument non-linearity biases are removed via IMICA is -0.0046. The small magnitude of

our target factor demonstrates that the NOAA IMICA calibration is effective at removing

instrument biases. By solving for the diurnal cycle correction with these perturbed target

factors, we reproduce the UAH discontinuity during 1985 - 1987 (see the red line in Fig.

2.9(A)). Relative to UW, UWa(9)=UAH reduces the tropical ocean TMT trend by 0.039

K decade−1, which explains about one-third of the trend difference between UAH and UW

over the tropical ocean (Table 2.3). Importantly, UAH has a similar discontinuity relative

to RSS, NOAA, and UW, and the NOAA and UW effectively rely on the independent

IMICA instrument calibration. Figure 2.9(A) indicates that UAH has a problem with its

bias removal during the 1985 - 1987 period. Our recent work showed that the UAH NOAA-9

target factor has a positive bias of 0.05 - 0.08 based on radiosondes and in comparisons

between UAH NOAA-9 and NOAA-6 data [Po-Chedley and Fu, 2012b, 2013, Christy and
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Spencer, 2013]. This bias leads to a contamination of NOAA-9 warm target temperatures in

the UAH TMT dataset, causing a global artificial cooling trend of about 0.035 K decade−1

over 1979 - 2009 [Po-Chedley and Fu, 2013]. UAH uses land and ocean data to solve for

its target factors. One potential approach to understand this bias is to use UAH global

ocean data with and without a diurnal cycle bias correction to solve for the warm target

factors. Since the target factors are meant to minimize errors in instrument calibration, the

target factors should be invariant for land and ocean. If the target factors change using

UAH oceanic data, it would suggest that a UAH diurnal cycle bias correction is influencing

the warm target calibration. The ocean diurnal correction should also have a small effect on

the target factors since the diurnal cycle over the ocean is small. UAH also utilizes seasonal

smoothing and a subset of satellites to determine its NOAA-9 target factor, which may also

contribute to this difference [Po-Chedley and Fu, 2013]. The UAH data, as is, suggests that

the warming of the tropical troposphere is decoupled from the tropical oceanic warming. On

the other hand, three independent MSU/AMSU analyses find a much lower target factor

value for NOAA-9, which is also supported by analysis based on independent observations

[Po-Chedley and Fu, 2012b, 2013].
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Figure 2.9: Tropical (20◦N - 20◦S) ocean TMT time series for UAH minus UW, RSS, and NOAA.

Ocean TMT data are used to minimize the influence of the diurnal cycle. UW data are also

compared to data in which we force the NOAA-9 target factor to match the UAH value of 0.0986

[UWa(9)5UAH]. Each time series is smoothed using a 5-month moving average and has anomalies

computed relative to the 1985-87 time period for comparison purposes. (b) Tropical (20◦N - 20◦S)

land time series for UAH TMT minus UW, RSS, and NOAA TMT. The land time series is used

here to understand the diurnal cycle bias corrections after 2005. Smoothed time series anomalies

are displayed relative to the 2005-11 time period for comparison purposes. We also use UW TMT

time series in which we remove NOAA-15, NOAA-16, NOAA-17, and NOAA-18 from our time

series (UWAQUA), which forces our data to rely on the Aqua satellite in the mid-2000s (since Aqua

has no diurnal drift, UWAQUA cannot have a diurnal drift bias). (c) Comparison of NOAA TMT

2 UW TMT for tropical (20◦N - 20◦S) land (red solid line) and ocean (blue solid line). We also

display UWGCM 2 UW for land (red dashed line) and ocean (blue dashed line) to understand the

differences causes by diurnal drift bias corrections. Smoothed time series anomalies are displayed

relative to the 2000-07 time period.
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The UAH tropical TMT land trend is closer to that of RSS, NOAA, and UW largely

because of strong warming after 2005. Christy et al. [2010] suggested that after 2001 model

based diurnal corrections for TLT results in artificial warming for NOAA-14 and even greater

artificial cooling for NOAA-15, which lead to greater consistency between UAH and RSS by

2008. Figure 2.9(B) shows the UAH tropical land time series relative to UW, RSS, and

NOAA. In this case we utilize the tropical land time series to emphasize differences related

to the diurnal drift correction. UAH has strong warming near 2005 relative to all of the

comparison datasets. Note that UW applied an observationally-based diurnal drift correction

while RSS and NOAA used a GCM-derived correction. To further test whether this difference

is caused by diurnal drift corrections used in UW, RSS, and NOAA, we remove NOAA-15,

NOAA-16, NOAA-17, and NOAA-18 to form a new time series (UWAQUA), which means

that TMT brightness temperatures largely rely on AQUA from 2002 - 2006 and MetOP-

A afterwards. Since AQUA and MetOP-A do not have diurnal drift, there should be no

signature of diurnal drift in UWAQUA. Figure 2.9(B) shows that UAH - UWAQUA is very

similar to UAH - UW and UAH still has similar strong land warming after 2005 relative

to UWAQUA. This suggests that the UAH TMT dataset has spurious warming related to

its diurnal drift correction. In TMT v5.6, UAH uses satellites that have relatively little

diurnal drift and does not apply corrections for satellites carrying AMSU, which may leave

spurious warming during NOAA-15’s lifetime (Dr. John Christy, personal communication,

2013). Comparisons between NOAA-15 and NOAA-16 with AQUA may help resolve this

issue.

Figure 2.8 and 2.9(A) suggests that much of the UAH tropical trend difference relative to

other datasets is due to the NOAA-9 target factor, with more gradual changes during 1995

- 2005, which also contribute to the discrepancy. A spurious UAH tropical land trend after

2005 relative to other TMT datasets and our analysis with drifting satellites removed suggest

that the UAH treatment of diurnal drift has biases. Unlike the RSS and NOAA diurnal

corrections, the UAH correction is not publicly available for comparison. UAH constructs its

TMT diurnal drift correction using 13 months of data from 3 co-orbiting AMSU satellites:
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NOAA-15, NOAA-16, and NOAA-17 (Dr. John Christy, personal communication, 2013).

Differences between our approach and UAH likely result because UAH does not apply diurnal

corrections to AMSU measurements (AMSU was carried on satellites starting with NOAA-

15). It is also possible that diurnal corrections calculated with AMSU may have biases

when applied to MSU. A further complication is that the three co-orbiting satellites need to

be absolutely calibrated, which is not possible with AMSU since MSU/AMSU radiometers

are not SI calibrated. Furthermore, the correction derived from six unique points may be

sensitive to assumptions regarding the shape of the diurnal cycle.

Figure 2.9(C) shows NOAA - UW for both tropical land and ocean. We also plot

UWGCM - UW, which isolates the differences due to the GCM diurnal correction versus

our observationally-based approach since other processing steps are the same. This UW-

UWGCM comparison shows that slightly enhanced warming over the tropical ocean may be a

result of the GCM derived diurnal drift correction, though the trend difference is very small

(0.014 K decade−1). The upward and then downward trends in NOAA and RSS tropical land

between 2000 and 2007 (Fig. 2.8 and 2.9(C)), similar to those in UWGCM , are caused by the

difference between the GCM and observationally-based diurnal corrections. This behavior

may be due to the residual trends in NOAA-14, NOAA-15, and NOAA-16 (Figs. 2.3 and

2.4), which was also noted in Christy et al. [2010] for TLT. Since our diurnal drift correction

is observationally-based and also improves error characteristics in the tropical TMT time

series relative to a GCM, these features in the NOAA (and RSS) time series may be artificial

owing to the use of the GCM-simulated diurnal cycle. This statement is further enforced

by examining the difference between NOAA and UWAQUA (not shown). It’s also noted that

the small jump in 1997/1998 in NOAA - UW appears to be related to the re-emergence of

NOAA-11 in the time series (see Figs. 2.4 and 2.8). UW warms relative to NOAA over land

prior to 1998. We utilize different time periods for the satellites compared to NOAA and

find that there is some sensitivity of the MSU/AMSU merged trend to the exact satellite

data used. Other causes for this difference may include processing differences such as small

differences in the application of our GCM diurnal correction or warm target correction.



41

2.8 Discussion and conclusions

This study demonstrates the success of an observationally-based approach to removing di-

urnal drift biases from the MSU/AMSU TMT record. The approach utilizes information

from intersatellite differences and differences in ascending and descending nodes of individ-

ual satellites. As satellites drift through the diurnal cycle we can compare observations at

various LECTs and construct a common diurnal cycle correction for MSU and AMSU that

explains differences in the TMT measurement for each satellite and node. This approach,

compared to a diurnal drift bias correction derived from a climate model, has improved error

characteristics, though tropical trend values utilizing the observationally-based diurnal cor-

rection are very similar to trend values utilizing a GCM correction, with differences smaller

than 0.02 K decade−1. By deriving zonally averaged diurnal corrections over land and ocean,

our approach may introduce some biases in the spatial pattern of trends over land because

of different land surface characteristics in a given latitudinal band. The spatial pattern of

our TMT trends, however, compares well with independent TMT datasets.

In this work we combined TMT mid-tropospheric data with TLS lower-stratospheric

data to derive the T24 full tropospheric temperature, which effectively removes the influence

of the stratosphere from TMT. The ratio of tropical full tropospheric T24 trends to the

HadCRUT4 surface temperature trends over ocean is 0.4, 1.2, 1.6, and 1.6 from UAH, RSS,

NOAA, and UW, respectively. The ratios from RSS, NOAA, and UW demonstrate tropical

amplification and are in general agreement with tropical amplification from climate models,

indicating that there is no significant discrepancy between observations and models for lapse

rate changes between the surface and the full troposphere.

This work represents an independent analysis of the MSU/AMSU TMT evolution. We

start the analysis using the newly released NOAA STAR L1C data that includes the state-

of-the-art corrections for instrument calibration biases. Our subsequent analysis using an

observationally-based diurnal drift correction shows that our results are generally consistent

with RSS and NOAA in the tropics, even though small discrepancies exist. The focus of this
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work is on the tropics, given the historic debates regarding tropical tropospheric warming.

Large differences between UAH and comparison datasets in the tropics are largely a result of

differences in the NOAA-9 target factor and differences in diurnal drift corrections. Although

this is generally referred to as a structural uncertainty, careful comparisons between co-

orbiting satellites and between the ascending and descending node on individual satellites

may help resolve these discrepancies. Work by Po-Chedley and Fu [2012b, 2013], through

multiple lines of evidence, suggests that the UAH NOAA-9 target factor is too large. This

bias explains roughly one-third of the trend difference in the tropical ocean between UAH

and UW. Evidence of diurnal drift bias in the UAH TMT dataset after 2005 was presented

in this work. Christy et al. [2011] has suggested the large differences between UAH and

RSS (NOAA) in the tropical TMT time series are due to RSS diurnal drift biases that are

prominent around 1992, though Mears et al. [2012] demonstrate that evidence presented for

these claims is dependent on the datasets, the methodology, and ignores the large uncertainty

in observations. Our independent analysis based on an observationally-derived diurnal cycle

correction also shows differences between UAH and UW in the 1990s, especially a gradual

cooling relative to UW during 1995 - 2005. These differences could be due to a number of

effects including data treatment, warm target calibration, and diurnal drift. In the future, it

would be useful if each dataset provider made individual satellite node time series and bias

corrections available for inter-comparison since this work shows that these comparisons can

be helpful in advancing understanding of biases in the MSU/AMSU TMT dataset.
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Chapter 3

DISCREPANCIES IN TROPICAL UPPER TROPOSPHERIC
WARMING BETWEEN ATMOSPHERIC CIRCULATION

MODELS AND SATELLITES
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3.1 Abstract

Recent studies have compared CMIP3 coupled atmosphere-ocean general circulation model

(GCM) simulations with satellite and radiosonde observations of warming in the tropical up-

per troposphere relative to the lower-middle troposphere. These studies showed that models

tended to overestimate increases in static stability in the tropical upper troposphere. We

revisit this issue using atmospheric GCMs with prescribed historical SSTs and historical

coupled GCMs that participated in CMIP5. It is demonstrated that even with historical

SSTs as a boundary condition, most atmospheric models exhibit excessive tropical upper

tropospheric warming relative to the lower-middle troposphere as compared with satellite-

borne microwave sounding unit measurements. It is also shown that the results from CMIP5

https://creativecommons.org/licenses/by-nc-sa/3.0/
https://creativecommons.org/licenses/by-nc-sa/3.0/
http://iopscience.iop.org/page/copyright


44

coupled atmosphere-ocean GCMs are similar to findings from CMIP3 coupled GCMs. The

apparent model-observational difference for changes in static stability in the tropical upper

troposphere represents an important problem, but it is not clear whether the difference is a

result of common biases in GCMs, biases in observational datasets, or both.

Keywords : climate, global warming, tropical amplification, tropical troposphere, atmospheric

temperature trends, microwave sounding unit, global circulation models, remote sensing

3.2 Introduction

A robust feature of GCM simulations of the 21st century climate is enhanced tropical upper

tropospheric warming with temperature trends increasing as a function of height until about

200 hPa [Solomon et al., 2007]. This characteristic accounts for much of the lapse rate

and associated water vapor feedbacks in GCMs, which are important factors for climate

sensitivity [e.g., Soden and Held, 2006]. Amplification of tropical tropospheric temperature

trends relative to the surface has been examined in a number of studies and it has been

demonstrated that no serious inconsistency exists between GCMs and observations [Fu et al.,

2004, Fu and Johanson, 2005, Douglass et al., 2008, Thorne et al., 2007, Santer et al., 2008].

Recent studies of temperature amplification in the tropical upper troposphere relative to the

lower-middle troposphere found that coupled atmosphere-ocean models from Phase 3 of the

Community Model Intercomparison Project (CMIP3) tended to exaggerate this amplification

compared to satellite microwave sounding unit (MSU) [Fu et al., 2011] and radiosonde [Seidel

et al., 2012] observations.

A confounding factor in comparing coupled atmosphere-ocean GCMs with observations

is that coupled GCM’s internally generated natural variability is not the same as the obser-

vational record. Furthermore, historical simulations from coupled GCMs have larger tropical

tropospheric temperature trends compared to observations since 1979 [Fu et al., 2011]. Fu

et al. [2011] demonstrated that some of the differences in the change of static stability in

the tropical upper troposphere between models and observations are simply a result of an
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overestimation of tropical warming in CMIP3 coupled GCM simulations. This study utilizes

CMIP5 model simulations [Taylor et al., 2012] from the Atmospheric Model Intercompari-

son Project (AMIP). AMIP model simulations use observational records of sea ice and sea

surface temperature (SST) evolution [e.g., Hurrell et al., 2008] as boundary conditions for

atmospheric GCMs. Thus the AMIP model’s SSTs have the same variability and trends

as observations. Previous studies have demonstrated that AMIP style runs can closely re-

produce the observed tropical tropospheric temperature variations [Hurrell and Trenberth,

1997]. The use of AMIP models allows us to closely examine the simulated changes in tropical

tropospheric static stability in GCMs using the observed SST evolution.

Another advantage of the AMIP simulations is that the pattern of SST changes in the

models is constrained to the observations, which may affect tropical tropospheric ampli-

fication. Deep convection typically occurs over warm tropical SST regions [e.g., Wallace,

1992, Johnson and Xie, 2010], which acts as a heating source for the entire tropical free

troposphere. This large-scale heating occurs because any anomalous heating is distributed

in accord with the weak temperature gradient approximation [e.g., Bretherton and Sobel,

2003]. The tropical tropospheric temperature profile should follow a moist adiabat that is

determined by warm SST regions [e.g., Sobel et al., 2002]. As a result, the specific pattern

of SST warming could affect the structure of the temperature change in the tropical tropo-

sphere. Using AMIP models in this study will ensure that the effect of the pattern of SST

changes on disagreements between models and observations is minimized.

In this letter observed changes in the temperature structure of the tropical troposphere

from MSU observations are used to examine the changes in CMIP5 models that produced

simulations for the AMIP and coupled atmosphere-ocean historical experiments. The main

focus of this research is to determine if modeled and observational discrepancies seen in Fu

et al. [2011] and Seidel et al. [2012] can be reconciled in atmospheric models using prescribed

historical SSTs. We show that even by constraining atmospheric models with prescribed

SSTs, model upper tropospheric warming relative to the lower-middle troposphere is still

significantly larger than observations for most models. We also show that the results for
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CMIP5 coupled simulations are similar to CMIP3 results [Fu et al., 2011].

3.3 MSU Datasets and Model Simulations

The MSU and its successor, the advanced MSU, have provided global temperature measure-

ments of deep atmospheric layers since late 1978 over a number of satellites that have been

combined into a homogenized climate record. In this work, we will utilize two synthetic

channels that have been created to remove the influence of the stratosphere. The lower-

middle tropospheric channel, TLT, utilizes a linear combination of view angles from the

mid-tropospheric channel, T2, with a weighting function that peaks near 600 hPa [Spencer

and Christy, 1992]. Another synthetic satellite channel uses observations from the lower

stratospheric channel, T4, to remove the influence of the stratosphere on T2 [Fu et al., 2004,

Johanson and Fu, 2006]. This channel, referred to as T24, has a weighting function that

peaks near 300 hPa. We will combine MSU T2 and T4 observations to produce a T24 time

series using a tropical weighting of T24 = 1.1T2 - 0.1T4 [Johanson and Fu, 2006]. These two

channels will then be used as metrics to determine the relative change between the upper

troposphere (represented by T24) and the lower-middle troposphere (represented by TLT)

following Fu et al. [2011]. Specifically we will use the T24 - TLT trend as a measure of the

static stability change in tropical upper troposphere and the ratio of T24 to TLT trends as

a measure of tropical upper tropospheric temperature amplification.

Our T24 and TLT MSU observations come from the University of Alabama at Huntsville

(UAH) and Remote Sensing Systems (RSS). The National Oceanographic and Atmospheric

Administration (NOAA) also provides observations for T2 and T4, which allow us to create

a T24 time series, but NOAA does not currently produce a TLT product. We will use RSS

v3.3 [Mears and Wentz, 2009a,b], UAH v5.4 [Christy et al., 2003], and NOAA STAR v2.0

[Zou and Wang, 2011]. All of the teams that produce MSU products must account for a

number of non-climatic biases such as satellite orbital decay, contamination related to the

satellite warm target calibration, and drift in the local sampling time of the satellite [e.g Fu

and Johanson, 2005, Mears and Wentz, 2005, Karl et al., 2006, Wentz and Schabel, 1998,
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Christy et al., 2000, Po-Chedley and Fu, 2012b]. As a result of the different procedures for

bias removal, the various teams derive different long-term temperature trends for TLT and

T24, but the relative warming in TLT compared to T24 is consistent for both UAH and RSS

likely because the structural uncertainties are similar for TLT and T24 [e.g., Po-Chedley and

Fu, 2012b].

We will compare GCMs in the CMIP5 archive to MSU observations. Specifically, we

will utilize models that contributed historical simulations (44 models) and models that con-

tributed AMIP simulations (19 models). Taylor et al. [2012] provides more details on the

CMIP5 experimental design. In both experiments, the atmospheric composition evolves in

the model to reflect natural and anthropogenic forcings, but the atmospheric changes are not

the same across all models. For example, not all models include emissions from volcanic erup-

tions. Hurrell and Trenberth [1997] noted that even when volcanic forcings are not included

in atmospheric models, most of their influence is captured by the SST forcing. The histor-

ical simulations utilize coupled atmosphere-ocean GCMs and the AMIP simulations utilize

atmospheric GCMs with prescribed SSTs (land surface temperature is not constrained). In

order to compare the model simulations to satellite observations, we apply a static weighting

function (from RSS) to the model’s tropical mean temperature profile to produce an MSU

equivalent brightness temperature.

3.4 Temperature Trend Difference Between the Tropical Upper and Lower-
middle Troposphere

Figure 3.1 shows the time evolution of TLT from both coupled and AMIP model simulations

and MSU satellite observations. The model spread is dramatically reduced in the AMIP

models owing to the prescribed observational SSTs and there is good agreement between

the multi-model mean and observed TLT time series (r=0.89 for 1979 - 2008). There is

noticeable disagreement between AMIP models and MSU observations in 1979 and 1980.

This disagreement has been discussed in the past and it is unclear if the disagreement is

an artifact of the SST datasets used by the AMIP models, the MSU datasets, a problem
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with the models, or some combination of these factors Hurrell and Trenberth [1997, 1998],

Christy et al. [1997, 1998]. We will ignore this time period in this analysis, but we note that

including these years increases the disagreement between modeled and observed measure-

ments of tropical upper tropospheric amplification. The coupled historical models are listed

in Table 3.1 and the AMIP models are listed in Table 3.2. In Tables 3.1 and 3.2, we also

include the model ensemble mean trend values for TLT, T24, and T24 - TLT and the ratio

of T24 to TLT trends. The AMIP models have trend values that are in much better agree-

ment with the observations, but the amplification ratio is larger for both coupled and AMIP

GCMs compared to the MSU observations. There is only one instance in which a model

ensemble-mean has a lower amplification ratio than the MSU observations. As a whole, the

trend amplification in GCMs is 1.2, which is consistent with warming in a moist adiabatic

environment; this represents an increase in static stability in the tropical upper troposphere.
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Table 3.1: Trend values for TLT and T24 in K decade−1 from the MSU teams and the ensemble

mean of each coupled climate model (CMIP5 historical simulations). The trends are the simple

mean of the TLT, T24, and T24-TLT trends of all of the ensemble members for each model. The

ratio is the average T24 trend divided by the average TLT trend. The trends are for the tropics

(20◦S-20◦N) over the period 1981-2005. Trend values of T24-TLT are in units of K decade−1 and

the ratio of T24 to TLT trends are also given as a measure of the vertical temperature trend

amplification in the tropical troposphere.

TLT T24 T24 - TLT Ratio
UAH 0.118 0.129 0.011 1.09
RSS 0.203 0.222 0.020 1.10
NOAA n/a 0.265 n/a n/a
ACCESS1.0 0.316 0.375 0.059 1.19
ACCESS1.3 0.227 0.260 0.033 1.14
BCC-CSM1.1 0.274 0.317 0.043 1.16
BCC-CSM1.1(m) 0.318 0.376 0.059 1.19
BNU-ESM 0.261 0.314 0.053 1.20
CanCM4 0.283 0.337 0.054 1.19
CanESM2 0.336 0.398 0.062 1.18
CCSM4 0.287 0.345 0.058 1.20
CESM1(BGC) 0.219 0.266 0.047 1.21
CESM1(CAM5) 0.247 0.297 0.050 1.20
CESM1(CAM5.1,FV2) 0.187 0.226 0.039 1.21
CESM1(FASTCHEM) 0.255 0.307 0.051 1.20
CESM1(WACCM) 0.279 0.332 0.053 1.19
CMCC-CM 0.236 0.291 0.054 1.23
CNRM-CM5 0.229 0.250 0.021 1.09
CSIRO-Mk3.6.0 0.241 0.284 0.043 1.18
EC-EARTH 0.240 0.272 0.032 1.13
FGOALS-g2 0.223 0.260 0.036 1.16
FGOALS-s2 0.274 0.319 0.045 1.16
FIO-ESM 0.241 0.292 0.050 1.21
GFDL-CM2.1 0.398 0.464 0.066 1.16
GFDL-CM3 0.364 0.435 0.071 1.20
GFDL-ESM2G 0.452 0.522 0.070 1.15
GFDL-ESM2M 0.319 0.374 0.055 1.17
GISS-E2-H 0.271 0.320 0.049 1.18
GISS-E2-R 0.266 0.316 0.051 1.19
HadCM3 0.290 0.342 0.052 1.18
HadGEM2-AO 0.335 0.390 0.055 1.16
HadGEM2-CC 0.245 0.284 0.039 1.16
HadGEM2-ES 0.252 0.296 0.044 1.18
INM-CM4 0.100 0.120 0.020 1.20
IPSL-CM5A-LR 0.404 0.487 0.083 1.21
IPSL-CM5A-MR 0.341 0.417 0.075 1.22
IPSL-CM5B-LR 0.287 0.356 0.069 1.24
MIROC-ESM 0.153 0.195 0.042 1.28
MIROC-ESM-CHEM 0.083 0.117 0.034 1.42
MIROC4h 0.363 0.437 0.074 1.20
MIROC5 0.190 0.227 0.037 1.20
MPI-ESM-LR 0.362 0.421 0.060 1.17
MPI-ESM-MR 0.325 0.384 0.058 1.18
MPI-ESM-P 0.296 0.348 0.052 1.18
MRI-CGCM3 0.194 0.229 0.036 1.18
NorESM1-M 0.222 0.263 0.040 1.18
NorESM1-ME 0.257 0.307 0.049 1.19
Model Average 0.271 0.322 0.051 1.19
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Table 3.2: As in table 3.1 but for the MSU teams and CMIP5 AMIP GCM simulations over the

period 1981 - 2008.

TLT T24 T24-TLT

UAH 0.082 0.086 0.004 1.05

RSS 0.149 0.164 0.015 1.10

NOAA n/a 0.205 n/a n/a

BCC-CSM1.1 0.166 0.192 0.027 1.16

CanAM4 0.174 0.216 0.042 1.24

CCSM4 0.176 0.217 0.042 1.24

CNRM-CM5 0.184 0.209 0.025 1.14

FGOALS-s2 0.171 0.207 0.036 1.21

GFDL-HIRAM-C180 0.140 0.158 0.018 1.13

GFDL-HIRAM-C360 0.143 0.165 0.022 1.15

GISS-E2-R 0.136 0.154 0.018 1.13

HadGEM2-A 0.173 0.199 0.026 1.15

INM-CM4 0.155 0.187 0.032 1.21

IPSL-CM5A-LR 0.163 0.200 0.037 1.23

IPSL-CM5B-LR 0.167 0.203 0.037 1.22

MIROC5 0.184 0.226 0.043 1.23

MPI-ESM-LR 0.191 0.230 0.039 1.20

MPI-ESM-MR 0.190 0.225 0.035 1.19

MRI-AGCM3.2H 0.131 0.157 0.026 1.20

MRI-AGCM3.2S 0.130 0.159 0.029 1.22

MRI-CGCM3 0.171 0.209 0.038 1.22

NorESM1-M 0.174 0.213 0.039 1.22

Model Average 0.164 0.196 0.032 1.19
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Figure 3.1: Times series of TLT monthly temperature anomalies in the tropics (20oS-20oN) for

AMIP GCM (top) and coupled GCM (bottom) simulations (black) and the average of RSS and

UAH (red). The model spread is shaded. Many coupled GCM simulations only extended to 2005,

while AMIP runs included here extended to 2008.

Since AMIP models are constrained to observed SSTs, it is possible to closely compare

the time evolution of the tropospheric amplification between models and observations using

the difference between the upper and lower-middle tropospheric temperatures (i.e., T24 -

TLT). Figure 3.2 shows the trend of the difference time series between AMIP simulations
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and observations for T24 - TLT (i.e., (T24 - TLT)AMIP - (T24 - TLT)MSU). In Figure 3.2

we see that most models have T24 - TLT trends that significantly exceed MSU observations.

Every model (in the ensemble mean) has larger trends in T24 - TLT than observations. 17

(12) of the 19 models have significantly (95% confidence) greater T24 - TLT trends than UAH

(RSS). Even though GCMs generally have larger T24 - TLT trends than MSU observations,

the GFDL and GISS models show good agreement with RSS.

We also repeated the analysis from Fu et al. [2011], comparing the T24 - TLT trends

in coupled GCMs and satellites over the period 1981 - 2005. As can be seen from Table

3.1, the results shown here for CMIP5 coupled models are similar to the CMIP3 models in

Fu et al. [2011]. The upper tropospheric warming relative to the lower-middle troposphere

is consistently larger in models than observations. The T24 - TLT ensemble mean trends

from all CMIP5 coupled GCMs except one are significantly larger than zero while T24 - TLT

trends from both UAH and RSS are insignificantly different from zero (not shown here). Even

though we use a shorter time period than Fu et al. [2011], 27 (15) of the 44 models have

trends that are significantly different from UAH (RSS) using two-sample t-tests [Lanzante,

2005]. The reason that a smaller fraction of models are significantly different from MSU data

compared to Fu et al. [2011] is because we use seven less years and models often overestimate

the interannual variability. No model has an ensemble mean T24 - TLT trend as low as RSS

or UAH (Table 3.1). We also note from Table 3.1 that CMIP5 coupled GCMs overestimate

tropical warming just as CMIP3 models overestimated tropical warming [Fu et al., 2011].

Figure 3.3 demonstrates the distribution of tropical upper tropospheric amplification

factors in AMIP simulations as measured by the ratio of T24 to TLT trends. AMIP mod-

els consistently have larger amplification factors than MSU observations, even though the

models are constrained with observed SSTs. Of the 55 ensemble members, all have trend

amplification exceeding that of UAH and only two ensemble members have less amplification

than RSS. In the coupled historical simulations only 5 (6) ensemble members of 185 have am-

plification ratios less than UAH (RSS) and they are all from the same model (CNRM-CM5).

Figure 3.4 demonstrates the scaling of monthly and decadal amplification for the tropical
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Figure 3.2: Trend of the differences between AMIP simulations and observations for T24-TLT over

1981 - 2008 for UAH (left) and RSS (right) in the tropics (20oS-20oN) (i.e., the trend of (T24-

TLT)AMIP - (T24-TLT)MSU ). Open circles are individual AMIP model ensemble members and

the solid circles represent the ensemble mean for a given AMIP model. The error bars represent

the 95% confidence interval, including the effects of autocorrelation.

upper troposphere to the lower-middle troposphere. This is similar to monthly and decadal

scaling ratios demonstrated in Santer et al. [2005] for the tropical lower-middle troposphere
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Figure 3.3: Histogram of the ratio of the T24 trend to the TLT trend over 1981 - 2008 from AMIP

ensemble members in the tropics (20◦S - 20◦N). The T24 to TLT trend ratios for RSS and UAH

are shown for comparison. The T24/TLT trend ratios under the histogram bins represent the bin

center values.

to the surface. It is striking that even though the interannual amplification of UAH and

RSS is in the range of the model results, both show less decadal amplification compared to

the models. Figures 3.3 and 3.4 suggest that models consistently have greater tropical upper

tropospheric amplification compared to satellite MSU observations.

3.5 Discussion and Conclusions

We have demonstrated that GCMs typically exhibit greater tropical upper to lower-middle

tropospheric amplification compared to satellite-borne deep layer temperature observations

for both coupled historical simulations and simulations constrained with historical SSTs. For

most of the AMIP models, the relative warming in the upper troposphere compared to the
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Figure 3.4: Decadal versus interannual amplification of T24 to TLT from both AMIP and coupled

GCM simulations and MSU observations in the tropics (20◦S-20◦N) between 1981 and 2005. The

decadal amplification is defined as the T24 trend divided by the TLT trend. The interannual

amplification is defined as the standard deviation of the de-trended monthly T24 anomaly time

series divided by the standard deviation of the de-trended monthly TLT anomaly values. Each

cross or circle represents the ensemble mean for each model. The mean of all models is given by

the bold symbols. Note that the MIROC-ESM-CHEM model is not contained in this plot as it

has a relatively large decadal amplification value (Table 3.1), likely related to biases after the Mt.

Pinatubo eruption in 1991 [Watanabe et al., 2011].

lower-middle troposphere is significantly (95% confidence) larger than both RSS and UAH,

but some models such as GFDL and GISS demonstrate good agreement with RSS.

There are a number of explanations for the differences in tropical upper to lower-middle

tropospheric temperature trend amplification. The consistent positive bias (though not al-

ways significant) in models for T24-TLT trends or T24/TLT trend ratios as compared to

both UAH and RSS indicates that this might be a common problem amongst models. In



56

figure 3.5, we demonstrate the relationship between the annual mean tropical (20◦S-20◦N)

T24 temperature and the ratio of the T24 trend to the TLT trend for AMIP models over

1981-2008. The relationship between the annual mean T24 temperature and the upper- to

lower-middle tropospheric amplification is significant (95% confidence) with r = 0.56. One

possible explanation for this relationship is that model parameterizations (i.e., deep convec-

tion, radiation or clouds) that influence the mean state climate have important implications

for the changes in the static stability between the tropical upper and lower-middle tropo-

sphere. John and Soden [2007] found that CMIP3 coupled models tended to have cold biases

in the tropical troposphere relative to reanalysis models and AIRS satellite infrared mea-

surements and that these biases had little effect on the model’s lapse rate and water vapor

feedbacks on a global scale. Note that John and Soden [2007] considered the total column

global mean tropospheric biases. Although measuring climatological biases are outside the

scope of this work, figure 3.5 does suggest that the simulated tropical upper-middle tro-

pospheric climatology may be related to the magnitude of lapse rate changes between the

tropical upper and lower-middle troposphere.

The effect of internal uncertainty related to the dataset construction is large [Christy

et al., 2003, Zou et al., 2009, Mears et al., 2011], so it is possible that the differences between

GCMs and observations are byproducts of the merging procedure for satellite observations.

It is unclear why the interannual amplification ratio should be different from the decadal

amplification ratio, but MSU observations show less amplification on decadal time scales

(figure 3.4). We also note that NOAA T24 has larger upper-middle tropospheric warming

compared to RSS and UAH (tables 1 and 2) and that other analyses that use temperature

trends derived from wind measurements have found that historical tropical tropospheric

warming is largely consistent with GCM results (Allen and Sherwood 2008). In general,

the comparison of model and observed trends over a relatively short time period has large

uncertainties, so some of the discrepancy noted here may also be related to the length of the

datasets.

A further possibility is that the agreement with some models (i.e., GFDL and GISS)
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Figure 3.5: Decadal amplification (as in figure 3.4) versus the annual mean T24 temperature over

1981 - 2008 for AMIP models. The relationship is statistically significant (95% confidence) and

the r-value is 0.56. The annual mean T24 temperatures are also presented for RSS and UAH for

reference. Note that much of the focus for MSU groups has been on relative changes and not on

absolute temperature calibration [Mears et al., 2011].

is real and the remaining models exhibit too much tropical upper to lower-middle tropo-

spheric temperature trend amplification. With the latter possibility, it would be important

to investigate why some atmospheric models exhibit too much amplification given that the

representation of tropical upper to lower- middle tropospheric temperature trend amplifi-

cation may be important to model estimates of climate sensitivity. In at least two cases,

modeling groups (GFDL and NASA GISS) used a different SST dataset (HadISST, Rayner

et al. [2003]) than that recommended for the CMIP5 AMIP experiment (Held and Ken Lo

2012). The GFDL and GISS models have tropical upper to lower-middle tropospheric am-

plification characteristics that agree much better with observations, indicating that the SST
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dataset may explain some of the discrepancies noted here.

Given the importance of both models and observations, it will be important to continue

to investigate this discrepancy between models and observations. The representation of

upper tropospheric warming in models is important to climate sensitivity and thus future

projections of anthropogenic global warming. Furthermore, SST and MSU datasets represent

vital records for monitoring climate change, so it is important to resolve any errors that may

exist. At a more basic level, understanding the discrepancies highlighted here may help

advance our understanding of the coupling between the atmosphere and the ocean in the

tropics and its implications for climate change.
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Chapter 4

CONTRIBUTIONS TO DIFFERENCES IN UPPER TROPICAL
TROPOSPHERIC WARMING BETWEEN MODELS AND

OBSERVATIONS

4.1 Abstract

The vertical profile of tropical tropospheric warming is important to changes in atmospheric

circulation and regulates cloud, water vapor, and temperature feedbacks. Past analysis of

the change in dry static stability in the tropical troposphere – the ratio of warming between

the upper and lower-middle troposphere – have demonstrated that there are significant dis-

crepancies between general circulation models (GCMs) and satellite-borne microwave obser-

vations. Via a set of sensitivity experiments, it is shown that these differences are unlikely

due to deficiencies in the ozone or stratospheric aerosol forcing used in models. On the other

hand, uncertainty in the pattern of sea-surface temperature changes may have an important

influence on the vertical structure of atmospheric temperature changes in GCMs. Using esti-

mates of observational uncertainty, approximately half of CMIP5 AMIP ensemble members

lie outside the observational estimate for vertical temperature amplification, as measured by

the ratio of T24 and TLT trends. The T24/TLT trend ratio is a relatively weak predictor

(r=0.61) of the tropical lapse rate feedback in GCMs, though the ratio of T24 and near

surface warming is strongly predictive (r=0.98) of the tropical lapse rate feedback. Tropical

vertical temperature amplification can be modulated by the formulation of model micro-

physics and convection schemes over long time scales, though the pattern of SST variability

also influences amplification over interannual and decadal timescales. Even though model

physics plays an important role, model amplification from simulations over the satellite era

only weakly scales with model behavior in CO2 quadrupling experiments.
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4.2 Introduction

Changes in the vertical temperature structure of the tropical troposphere is important to

the atmospheric circulation [e.g., Lin and Fu, 2013], the height of clouds [e.g., Hartmann

and Larson, 2002], changes in tropical cyclone activity [e.g., Vecchi et al., 2013], and climate

feedbacks [e.g., Soden and Held, 2006]. General circulation models (GCMs) robustly exhibit

enhanced warming in the tropical upper troposphere relative to the surface, with maximum

trends near 200 hPa [e.g., Solomon et al., 2007]. This “vertical amplification” in the tropo-

sphere reduces the lapse rate in the tropics leading to a strong negative longwave climate

feedback (i.e., the lapse rate feedback) [Soden and Held, 2006]. A number of studies over

the last decade have investigated the fidelity in which general circulation models (GCMs)

simulate the rate and structure of tropical atmospheric temperature change compared to

observational datasets. Some studies have suggested that models have overly pronounced

vertical amplification [Christy et al., 2007, Douglass et al., 2008, Christy et al., 2010], though

the preponderance of evidence suggests that such claims are overstated [Thorne et al., 2007,

Santer et al., 2008] or likely due to observational biases [Fu et al., 2004, Santer et al., 2005,

Po-Chedley et al., 2015].

Recent attention has shifted to a more nuanced issue. Although the tropical troposphere

broadly exhibits enhanced warming compared to the surface in both models and observations,

is the vertical structure of warming in models realistic compared to observations? Fu et al.

[2011] demonstrated that even when discrepancies in tropical surface warming were taken

into account, coupled atmosphere-ocean GCMs exhibited significantly more warming in the

upper troposphere relative to the lower-middle troposphere. This study utilized satellite-

borne microwave observations of temperature in broad atmospheric layers, including the

upper troposphere (T24) and the lower-middle troposphere (TLT). These measurements,

available since late-1978, were compared to synthetic brightness temperatures simulated

from model temperature output. In similar work, Seidel et al. [2012] demonstrated that

model vertical amplification between 700 and 200 hPa is often significantly larger in GCMs
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compared to radiosonde observations (though discrepancies are smaller between 700 and 300

hPa). Both of these studies utilized coupled atmosphere-ocean GCMs from Phase 3 of the

Coupled Model Intercomparison Project (CMIP3).

The pattern of surface warming can influence the vertical profile of temperature changes

in the tropics [e.g., Flannaghan et al., 2014]. It is therefore possible that model-observational

disagreement may arise from internal climate variability over the observational record. In or-

der to minimize the effect of internal climate variability, Po-Chedley and Fu [2012a] compared

microwave temperature observations to GCM simulations forced with prescribed sea-surface

temperatures (SSTs) from the historical record. This study also found significant discrepan-

cies between models and observations in the warming ratio of the upper and lower-middle

troposphere. This study demonstrated that model-observational warming discrepancies were

present in the latest set of GCMs (from the CMIP5 archive) and that such discrepancies

were not resolved even when models were tightly constrained using observed SSTs. Compar-

isons using radiosondes and CMIP5 prescribed-SST experiments similarly found that models

tended to warm the upper troposphere (near 200 hPa) more than the observational record

supports [Mitchell et al., 2013a]. These studies were not able to clearly attribute model-

observational discrepancies to models or observations [Fu et al., 2011, Seidel et al., 2012,

Po-Chedley and Fu, 2012a, Mitchell et al., 2013a].

A number of factors may contribute to differences between GCMs and satellite observa-

tions. One possibility for differences in the vertical pattern of warming between models and

satellite microwave observations may result from biases in the prescribed forcing. Recent

work has demonstrated that observational forcing datasets have large discrepancies in the

derived lower stratospheric ozone trend [Solomon et al., 2013, Hassler et al., 2013, Young

et al., 2014], that volcanic aerosols not represented in GCM simulations [Solomon et al., 2011,

Vernier et al., 2011] have had an important influence on surface and tropospheric warming

[Fyfe et al., 2013, Haywood et al., 2014, Santer et al., 2014], and that uncertainty in the ob-

servational record of SSTs is important to the tropical circulation [Tokinaga et al., 2012] and

tropospheric warming [Flannaghan et al., 2014, Fueglistaler et al., 2015]. Another possible
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driver of model-observational discrepancies in tropical tropospheric amplification could be

related to issues simulating tropical convection [e.g., Mitchell et al., 2013a, Mauritsen and

Stevens, 2015]. From the observational side, microwave satellite datasets have recently un-

dergone a number of corrections [e.g., Mears and Wentz, 2016], and therefore observational

biases may also be important.

This study explores factors that may contribute to the model-observational discrepancies

noted above and the influence of inter-model differences in the vertical profile of warming

on the lapse rate feedback. In Section 4.3, we outline our experimental design, the datasets

used, and the methodological details. In Section 4.4, we estimate the sensitivity of the

vertical profile of warming to alternative model forcings and boundary conditions including

ozone, volcanic aerosols, and prescribed SSTs. In this section, we also consider the effect of

perturbed model physics and estimates of observational uncertainty. In Section 4.5, we look

at the connection between satellite-derived warming metrics and the lapse rate feedback. We

discuss our findings and conclude in Section 4.6.

4.3 Experimental Design, Methods, and Data

One goal of this research is to understand how various sources of uncertainty contribute

to model and observational differences in the profile of tropical atmospheric warming. To

understand how GCMs may contribute to such discrepancies, we consider several sensitivity

experiments broadly related to model forcings and boundary conditions and model physics.

To explore the role of observational biases, we briefly review recent advances in the homog-

enization of microwave temperature measurements and study an ensemble reconstruction of

observations.

4.3.1 Observational Datasets

We utilize satellite-borne microwave brightness temperatures as measures of the temperature

of deep atmospheric layers. These microwave radiometer observations principally measure

the radiance of microwave emissions from atmospheric oxygen, which can be related to at-
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mospheric temperature. These data come from over a dozen polar-orbiting satellites that

carry microwave sounding instruments and have provided continuous atmospheric tempera-

ture information since 1979. While the original observations were taken by the microwave

sounding unit (MSU), this instrument has been replaced by the advanced microwave sound-

ing unit (AMSU) beginning in 1998. A number of groups have homogenized these mea-

surements removing known biases that result from issues such as orbital decay [Wentz and

Schabel, 1998], inconsistent diurnal sampling [Mears and Wentz, 2005], and instrument body

changes [Christy et al., 2000]. Tropospheric temperature information relies on MSU channel

2 and AMSU channel 5, which are combined to form TMT, the mid-tropospheric tempera-

ture [Christy et al., 2000, Mears et al., 2003]. TMT “mid-tropospheric” measurements are

partially contaminated by stratospheric temperature changes. In order to create an unbi-

ased measure of tropospheric temperatures, we use a derived tropospheric channel (T24),

which uses lower stratospheric temperature channels (TLS from MSU channel 4 and AMSU

channel 9) to remove stratospheric contamination from TMT [Fu et al., 2004, Fu and Jo-

hanson, 2004]. This derived channel is a weighted average of TMT and TLS such that

T24 = a · TMT + b · TLS, where a = 1.1 and b = −0.1 in the tropics [Fu and Johanson,

2004]. We also utilize the lower-middle tropospheric temperature product (TLT), which rep-

resents a combination of view angles from TMT. These two metrics, TLT and T24, can be

used to provide an estimate of static stability changes in the middle-upper tropical tropo-

sphere [Fu et al., 2011, Po-Chedley and Fu, 2012a].

The Remote Sensing Systems (RSS) and University of Alabama in Huntsville (UAH)

research groups provide the TLT, TMT, and TLS data needed (T24 is derived from TMT

and TLS). The National Oceanic and Atmospheric Administration (NOAA) also produces

homogenized MSU/AMSU products [Zou et al., 2006, 2009, Zou and Wang, 2010, 2011], but

does not produce a TLT dataset and is therefore not considered here. RSS recently updated

their diurnal drift correction in their TMT product [Mears and Wentz, 2016], but this update

has not yet been applied to their TLT data. As a result, we will use RSS v3.3 [Mears and

Wentz, 2009a,b], though we will also list the T24 trend for the newest version (v4.0) [Mears
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and Wentz, 2016]. We also use UAH v5.4 as in Po-Chedley and Fu [2012a], though we also

include their latest dataset version, UAH v6.0 beta 5.

In order to assess the observational uncertainty, we utilize an ensemble of observational

realizations produced by RSS [Mears et al., 2011]. Mears et al. [2011] used a Monte-Carlo

approach to assess the uncertainty in TLT, TMT, and TLS temperature products. Briefly,

their approach was to randomly perturb bias corrections related to sampling, the diurnal

correction, and instrument calibration and re-merge (400 times) the microwave time series

taken from over a dozen satellites. We use this 400 member ensemble of observations to

assess the uncertainty in trends in the upper and lower troposphere. To compute T24

trends, we randomly pair TMT and TLS trends together. In pairing upper (T24) and lower

(TLT) tropospheric trends to compute the T24/TLT trend ratio, we randomly group T24

and TLT trends in decile (i.e., 10%) bins. For example, we take the largest ten percent

(40 ensemble members) of TLT and T24 trends and randomly match them together. This

method eliminates physically unrealistic comparisons (e.g., a near-zero TLT trend and a

large T24 trend). Pairing the data in pentiles (20% bins) does not significantly alter the

results.

4.3.2 Model Experiments

Sensitivity to post-2000 volcanic aerosols

Solomon et al. [2011] demonstrated that non-negligible volcanic aerosols persist in the strato-

sphere even in the absence of large volcanic eruptions. This is important because these

aerosols have a non-zero radiative effect and CMIP5 models are forced only with background

stratospheric aerosol levels after the year 2000 [Solomon et al., 2011, Haywood et al., 2014].

Several studies demonstrated that the inclusion of more realistic volcanic forcings in GCMs

decreases the surface [Fyfe et al., 2013, Haywood et al., 2014] and tropospheric temperature

[Santer et al., 2014] after 2000. We analyze two sets of atmosphere-ocean GCM simulations

that use a stratospheric aerosol forcing that has been updated to include realistic volcanic
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aerosol changes after 2000. These model simulations are described in Santer et al. [2014] and

include coupled atmosphere-ocean simulations from the GISS-E2-R and CanESM2 model.

The GISS simulations include control experiments in which stratospheric aerosol optical

depth decayed to zero at the end of the 20th century and simulations with observed aerosol

optical depths that extend past the year 2000 based on an updated version of the Sato

et al. [1993] dataset. Similarly, the CanESM2 model experiments (described in Fyfe et al.

[2013]) include control simulations with stratospheric aerosol optical depths that decay to

background levels near 2000 and simulations that include observed optical depths after 2000

(from Vernier et al. [2011]). Each model includes five control simulations (with near-zero

stratospheric aerosol optical depth after 2000) and five simulations with updated strato-

spheric volcanic aerosol forcing based on observations. In each case, synthetic satellite-borne

microwave brightness temperatures are computed for the models [Santer et al., 2014]. Bright-

ness temperature estimates are made for the lower troposphere (TLT), the mid-troposphere

(TMT), and the lower stratosphere (TLS). From TMT and TLS, we compute an upper tropo-

spheric temperature (T24). We then compare the vertical warming differences in the control

and updated volcanic simulations using T24 and TLT. We consider the warming trends over

1981 - 2008 as in Po-Chedley and Fu [2012a]. This time period is used throughout this

analysis because it avoids time periods in which SST datasets and microwave observations

have large inconsistencies [Po-Chedley and Fu, 2012a, Flannaghan et al., 2014].

Sensitivity to varied ozone changes

There are large differences in observed ozone trends in the lower tropical stratosphere [Hassler

et al., 2013], which influence model-derived stratospheric and upper tropospheric temperature

trends [Solomon et al., 2013, Eyring et al., 2013]. To estimate how much CMIP5 model

simulations might differ based on different observational estimates of ozone concentration

trends, we perform a set of time-slice experiments [as in Polvani and Solomon, 2012, Solomon

et al., 2013]. We use CESM version 1.0.5 with prescribed year 2000 atmospheric forcings

(other than ozone) and sea-surface temperatures. This version of the model utilizes version
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4 of the Community Atmosphere Model (CAM4). The model is run with a spatial resolution

of approximately 2◦ and has 26 vertical levels with a model top at 2.2 hPa. We prescribe

the tropical stratospheric ozone concentration change using the Binary DataBase of Profiles

(BDBP) Ozone Dataset [Bodeker et al., 2013] and the Stratospheric Processes and their

Role in Climate (SPARC) dataset [Cionni et al., 2011]. The stratospheric (above 100 hPa)

year 2000 ozone forcing is perturbed by scaling the zonally averaged ozone concentration

to match the fractional ozone loss between the period 1979 - 1981 and 2005 - 2007. We

do not use another prominent ozone dataset produced by Randel and Wu [2007], because

the tropical stratospheric ozone trends and temperature response are similar to that in the

SPARC dataset [Solomon et al., 2013, Hassler et al., 2013]. We integrate the control and

each ozone loss experiment (BDBP and SPARC) for 40 years, but only consider the last 30

years from each simulation. We calculate monthly MSU brightness temperatures for each

channel using static weighting functions at each gridpoint. Any weight below the model

surface (e.g., in regions of high terrain) is assigned to the surface. The weighting functions

were provided by Remote Sensing Systems.

Sensitivity to varied sea-surface temperature changes

It has long been known that the pattern of tropical warming can influence the vertical atmo-

spheric response. Deep convection preferentially occurs over the warmest SSTs [e.g., Wallace,

1992, Johnson and Xie, 2010]. Increasing SST in the warmest waters therefore has the effect

of heating the mid- and upper troposphere. This tropospheric warming is quickly distributed

throughout the tropics, which do not maintain strong horizontal temperature gradients [e.g.,

Bretherton and Sobel, 2003]. Thus temperature changes in the upper troposphere are influ-

enced by temperature trends over the warmest SSTs. Several studies have recently noted that

the differences in the pattern of warming across observational SST datasets are large enough

to significantly influence tropospheric temperature trends [Po-Chedley and Fu, 2012a, Flan-

naghan et al., 2014, Fueglistaler et al., 2015]. It has also been noted that such differences can

also have an important effect on the tropical circulation [Tokinaga et al., 2012]. To under-
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stand the sensitivity of the vertical profile of tropical warming to different SST datasets, we

prescribe three SST datasets to CESM 1.0.5. This model is setup in the same way as in the

ozone sensitivity experiments, except that we allow SSTs to evolve (we use year 2000 con-

centrations of atmospheric constituents). We utilize the SST dataset that was intended for

CMIP5 Atmospheric Model Intercomparison Project (AMIP) experiments (Hurrell) [Hurrell

et al., 2008], the Hadley Centre Sea Ice and Sea Surface Temperature dataset (HadISST1.1)

[Rayner et al., 2003], and a derived dataset that uses nighttime marine air temperatures

(NMAT) [based on Tokinaga et al., 2012]. The Hurrell and HadISST datasets are simply

re-gridded and prescribed to the atmospheric component of CESM.

NMAT data is based on the Hadley Centre National Oceanography Centre Night Marine

Air dataset [Kent et al., 2013]. Nighttime marine air temperatures closely track SST and

have been shown to be more consistent with observed sea level pressure changes compared

to other SST datasets [Tokinaga et al., 2012, Kent et al., 2013]. These observations are

also attractive because some of the corrections applied to SST measurements do not apply

[Tokinaga et al., 2012], though we caution that important and uncertain corrections are still

applied to these data [Kent et al., 2013]. Since nighttime marine air temperature observations

are taken from ships, there is substantial missing data. As a result, we blend the derived

NMAT dataset into the Hurrell SST data. The SST time series can be decomposed into the

long-term linear trend and the variability about the trend:

SST = SST + SSTtrend + SST ′ (4.1)

where SST is the climatological mean temperature, SSTtrend represents the long-term

least-squares linear trend and SST ′ represents the monthly variability. To create a complete

SST dataset that relies on NMAT trends, we retain the variability from the Hurrell dataset,

but use trends computed using the NMAT data:

SSTNMAT = SSTHurrell + SSTtrend,NMAT + SST ′Hurrell (4.2)
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Within 20◦N-S, the SST trends are forced to match NMAT data, over 20 - 30◦N-S the

trends are a simple average of the NMAT and Hurrell data, and outside 30◦N/S, the trends are

the same as in the original Hurrell SST dataset. We view the inclusion of nighttime marine

air temperatures as a plausible sensitivity experiment for issues related to amplification,

not as a substitute for carefully homogenized SST datasets. We run these alternate SST

experiments using 1981 - 2008 SSTs and MSU synthetic temperatures are calculated as in

the ozone perturbation experiments. The simulations are referred to by the SST dataset

used to force the models, Hurrell, HadISST, and NMAT.

Model Physics Sensitivity

Aside from prescribed forcings and SSTs, model vertical amplification may also be affected

by model parameterizations for unresolved, sub-grid scale processes [e.g., Po-Chedley and

Fu, 2012a, Mitchell et al., 2013a]. We consider an alternative model with changes made to

the model parameterization for convection. The perturbed model is based on the Goddard

Institute for Space Studies (GISS) Model E2 that was used as part of the CMIP5 experiment

[Field et al., 2014]. The original (control simulation) model [Schmidt et al., 2014] had low

cloud cover that peaked unrealistically close the surface and was unable to develop a Madden-

Julien Oscillation (MJO). The model was modified such that the effective entrainment rate

and convection scheme sensitivity to moisture was increased [e.g., Kim et al., 2011]. This

inhibited “zero entrainment rate” convection events that had inhibited large-scale organi-

zation of convection, which dramatically improved the simulation of the MJO [Kim et al.,

2012]. Changes were also made to the turbulence parameterization, which resulted in a more

realistic vertical distribution of clouds [Yao and Cheng, 2012]. Further changes were made

to constrain model parameters, especially the model entrainment rate, using the horizon-

tal distribution of atmospheric water isotope fractionation [Field et al., 2014]. We refer to

these experiments as the GISS control and “MJO” experiments. These experiments used the

HadISST SST dataset in place of a coupled ocean. The control and perturbation simulation

were run over 1981 - 2008 and MSU brightness temperatures were computed as in the ozone
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perturbation experiments.

In Section 4.5, we consider two ensembles of perturbed physics models that have varied

tropical lapse rate feedbacks. One ensemble (9 ensemble members) is derived from a de-

velopmental version of a NOAA GFDL model, with changes made to the parameterizations

for the conversion of cloud water to rain. This ensemble is described in Zhao et al. [2016],

which noted that the cloud feedback is strongly modulated by decisions in formulating the

model’s microphysics scheme. It was shown that the model climatologies in each ensemble

member are realistic, though it was not possible to determine which set of model physics is

most realistic based on existing understanding of microphysics. The runs include a control

simulation with prescribed SSTs and a companion simulation with SSTs increased by 2 K.

We use the difference of these monthly climatologies to estimate the atmospheric response

to warming. The second perturbed physics ensemble was based on the CESM 1.0.5 (as in

the ozone and SST perturbation experiments). To perturb the model we used the model

default parameterization and then alter the convective timescale (multiplying it by 50, 125,

150, 175, and 200%) and, separately, a scaling factor for deep convection lateral entrainment

(multiplying it by 50, 75, and 200%). This resulted in 9 separate model ensemble members.

We used the default SST dataset and then re-ran the simulations with 4 K added to SSTs

to determine the annual mean atmospheric response.

In Section 4.5, we also compare the perturbed physics ensembles with the CMIP5 archive

model responses (using 28 models) and temperature change profiles that result from moist

adiabatic warming. The CMIP5 model results are based on the “historical” simulation in

which coupled models are prescribed 20th century forcings. We estimate the model responses

over 1981 - 2005 based on least-squares linear temperature trends. We also estimate quasi-

equilibrium GCM responses by comparing model simulations of abrupt CO2 quadrupling

(120 - 150 years after CO2 quadrupling) with pre-industrial (i.e., “piControl”) control simu-

lations (100 year averages). We use the difference of these two experiments to estimate the

forced model response. See Section 5.3 for more details on these simulations. In the per-

turbed physics experiments as well as the CMIP5 experiments we calculated the synthetic
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satellite brightness temperatures as in the ozone experiments. The lapse rate feedback was

calculated using radiative kernels (see Section 5.3). Last, to estimate the atmospheric re-

sponse to moist adiabatic warming, we follow Flannaghan et al. [2014], though we assume a

dry adiabatic response from the surface to 850hPa and a moist adiabatic response above. We

launch our parcel from a surface pressure of 1013 hPa with a baseline surface temperature

of 298 K. We find the response by differencing the baseline temperature profile with that

after increasing the surface temperature. We calculate the lapse rate feedback with tropical

average (20◦S-N) radiative kernels assuming a tropopause height of 100 hPa. The synthetic

MSU brightness temperatures for moist adiabatic warming profiles are calculated using static

weighting functions assuming a stratospheric cooling (above 100 hPa) of -0.4 K.

4.4 On the differences between models and observations

For orientation, we show the weighting functions used in this study in Fig. 4.1. The T24

weighting function peaks near 300 hPa, which emphasizes changes in the upper tropospheric

temperature. The TLT weighting function peaks in the lower-middle troposphere, near

650 hPa. Both weighting functions represent broad layers and so are not solely upper or

lower tropospheric measurements. Several studies have used the ratio and difference of each

synthetic channel’s trends as proxies for changes in dry static stability [Fu et al., 2011, Po-

Chedley and Fu, 2012a]. Models tend to warm the upper (T24) troposphere relative to the

lower-middle troposphere (TLT) significantly faster than observations support.

Although models and observations diverge in their estimates of vertical warming ampli-

fication, it is unclear to what degree model or observational biases may contribute to this

discrepancy. Since models are forced with historical ozone, stratospheric aerosols, and SSTs

and details of these estimates vary across observational estimates, we investigate the sensi-

tivity of models to varied ozone decline, stratospheric aerosol changes, and SST trends. We

then turn to estimates of uncertainty in the microwave temperature record and discuss their

role in model-observational warming differences.
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Figure 4.1: Weighting function for

the upper (T24) and lower-middle

tropospheric microwave sounding

data used in this study. The weight-

ing functions are provided from

RSS. The surface weight for TLT

(T24) is 0.14 (0.06).

4.4.1 The role of forcing discrepancies

Ozone forcing

There are large differences in the loss of tropical stratospheric ozone across datasets [Hassler

et al., 2013], which results in large differences in model response in the stratosphere and

smaller difference in the troposphere [Polvani and Solomon, 2012, Solomon et al., 2013]. We

consider differences in GCM response based on the BDBP and SPARC datasets.
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Figure 4.2: Seasonal cycle and vertical structure of fractional ozone changes when comparing 2006

- 2007 minus 1979 - 1980 for the A) BDBP and B) SPARC dataset. We also show the differences

in ozone loss (BDBP - SPARC) in (C). In each case, we used the zonal mean ozone changes over

20◦S - 20◦N.

In Fig. 4.2 we show the loss of tropical stratospheric ozone in the BDBP and SPARC

dataset over 1979 - 2007. The tropical lower stratospheric ozone loss in the BDBP dataset

exceeds 40% for much of the seasonal cycle, whereas the SPARC dataset shows more modest

ozone loss (less than 10%). We prescribe the stratospheric ozone loss as realized in each

ozone dataset to the CAM4 atmospheric model and compare the response to an experiment

with unchanged ozone concentrations (described in Section 4.3).

Figure 4.3: Seasonal and vertical

differences in the temperature re-

sponse (K) to different ozone forc-

ing changes (BDBP response minus

SPARC response) over 20◦S - 20◦N.
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The difference in the model’s tropical temperature response is shown in Fig. 4.3. CAM4

forced with the BDBP dataset has much stronger cooling in the mid and lower stratosphere,

particularly in boreal winter and spring, though the differences are near-zero in the tropical

troposphere and upper stratosphere. The T24 temperature response is quite small, -0.002

and 0.007 K decade−1 for SPARC and BDBP, respectively. The TLT response is similarly

small, with trends of -0.003 (SPARC) and 0.003 K decade−1 (BDBP). For a typical model

(e.g., from the AMIP model mean T24 and TLT trend in Table 4.1), the effect of using the

BDBP dataset in place of the SPARC dataset would be small: the T24/TLT trend ampli-

fication would change from 1.195 to 1.205. This effect is essentially negligible for tropical

tropospheric amplification, which indicates that even though there is some residual weight

in the stratosphere (see Fig. 4.1) and a small upper tropospheric temperature response (see

Fig. 4.3), the uncertainty in ozone trends in the tropical stratosphere is unimportant for

tropical vertical temperature amplification in the troposphere. Although the model tem-

perature responses in the troposphere are similar for varied stratospheric ozone forcing, the

lower stratospheric trend differences are substantial. The lower stratospheric trend as mea-

sured by the lower stratospheric channel in microwave sounders (TLS) is -0.469 and -0.100

K decade−1 for the BDBP and SPARC dataset, respectively. Although not the focus of this

analysis, these trend differences are quite large, which suggests that observational uncertainty

in ozone trends may explain some of the discrepancies between models and observations for

lower-stratospheric temperature trends [Thompson et al., 2012].

Volcanic forcing

In most GCM simulations in the CMIP5 archive, model simulations over the satellite era in-

cluded stratospheric aerosols that decayed to near-zero after the year 2000 [e.g., Fyfe et al.,

2013]. In reality, stratospheric aerosols persisted in radiatively significant concentrations

[Vernier et al., 2011, Solomon et al., 2011]. Had this forcing been correctly included, sur-

face [Fyfe et al., 2013, Haywood et al., 2014] and tropospheric temperature trends [Santer

et al., 2014] would have been slightly smaller. We consider two model experiments with
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updated stratospheric aerosol optical depth forcing to see if this forcing difference could have

influenced tropospheric amplification.

The model’s simulated MSU/AMSU temperature trend for TLT and T24 is listed in Ta-

ble 4.1. We also include these values for homogenized microwave observations (from RSS and

UAH) and values for CMIP5 AMIP and historical simulations for reference. Although the

experiments with updated volcanic forcing (New Volcanic) for the GISS-E2-R and CanESM2

model experiments show reduced tropospheric warming compared to the control simulations

(Old Volcanic) (trends reduced ∼0.02 - 0.05 K decade−1), the T24/TLT trend ratio stays the

same in both models. We can therefore conclude that while biases in the prescribed strato-

spheric aerosols may help explain model-observational discrepancies in the rate of warming,

such biases do not appear to influence differences in the structure of atmospheric warming.

SST boundary conditions

Different SST datasets lead to large differences in the atmospheric temperature response

when prescribed to GCMs, which suggests that the pattern of SST warming is important to

the tropospheric temperature response [Po-Chedley and Fu, 2012a, Flannaghan et al., 2014].

In particular, trends over the warm pool are particularly important for the tropical mean

tropospheric response. Weighting the SST changes by precipitation has the effect of weight-

ing regions of deep convection and is strongly predictive of bulk tropospheric temperature

changes [Sobel et al., 2002, Flannaghan et al., 2014, Fueglistaler et al., 2015]. We illustrate

this in Fig. 4.4, which shows that annual upper tropospheric temperature (T24) differences

between model’s forced with different observational SST datasets are relatively weakly re-

lated to differences in the tropical average temperature, but strongly related to differences

in the precipitation-weighted near surface temperature over ocean.
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Dataset TLT Trend T24 Trend Difference Ratio

UAH v6b5 (v5.4) 0.118 (0.082) 0.114 (0.086) -0.004 (0.004) 0.966 (1.05)

RSS v3.3 (v4.0) 0.146 0.160 (0.207) 0.015 1.10

CMIP5 AMIP Average 0.164 0.196 0.032 1.19

CMIP5 AOGCM Average 0.271 0.322 0.051 1.19

GISS-E2-R (Old Volcanic) 0.313 (0.278 - 0.340) 0.369 (0.333 - 0.398) 0.056 (0.053 - 0.058) 1.18 (1.16 - 1.20)

GISS-E2-R (New Volcanic) 0.286 (0.252 - 0.329) 0.336 (0.297 - 0.389) 0.050 (0.044 - 0.060) 1.18 (1.17 - 1.18)

CanESM (Old Volcanic) 0.363 (0.265 - 0.407) 0.424 (0.314 - 0.478) 0.061 (0.049 - 0.071) 1.17 (1.15 - 1.18)

CanESM (New Volcanic) 0.317 (0.264 - 0.396) 0.370 (0.306 - 0.468) 0.053 (0.042 - 0.071) 1.17 (1.16 - 1.18)

CESM (Hurrell) 0.159 0.194 0.035 1.22

CESM (HadISST) 0.124 0.149 0.025 1.20

CESM (NMAT) 0.089 0.102 0.013 1.15

GISS MJO Control 0.157 0.179 0.022 1.15

GISS MJO 0.156 0.169 0.013 1.08

Table 4.1: TLT and T24 tropical (20◦N-S) temperature trends (K decade−1) for observational

datasets, CMIP5 multi-model averages, and model experiments considered in this study. We also

include the difference and ratio of T24 and TLT trends. The satellite datasets include UAH v5.4 and

RSS v3.3 (as in Po-Chedley and Fu [2012a]). We also include the most recent UAH dataset, v6 beta

5 (in parenthesis). The CMIP5 multi-model mean atmosphere-ocean coupled (CMIP5 AOGCM)

and prescribed SST (AMIP) values are from Po-Chedley and Fu [2012a]. We also compare model

responses to the standard (Old Volcanic) and updated (New Volcanic) volcanic forcings for the

GISS-E2-R and CanESM model. The parenthesis represent the range in model responses over five

ensemble members. The response of the CAM4 atmospheric model to the Hurrell, HadISST, and

NMAT SST datasets are listed. Last, we also include trends from the GISS control model (GISS

MJO Control) and the GISS model with improved physics (GISS MJO). All trends are over 1981

- 2008, except the CMIP5 AOGCM values, which are over 1979 - 2005.
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Figure 4.4: Regression of tropical average (20◦N-S) annual T24 differences for CAM4 forced with

different SST datasets (Hurrell minus HadISST) versus A) the tropical average annual SST dif-

ference (Hurrell minus HadISST) and B) the precipitation-weighted annual surface temperature

differences over the tropical ocean (Hurrell minus HadISST). Each point represents one year of

data. Precipitation used in the weighting comes from model simulation output.

The pattern of surface temperature changes could also affect satellite metrics for am-

plification. Upper tropospheric warming throughout the tropics (as measured by T24) is

particularly sensitive to SST changes over the hottest SSTs, which links T24 to the tropical

warm pool. TLT, on the other hand, which has more surface weight and peaks lower in the

atmosphere (approximately one-third of the temperature information comes from the surface

to 850hPa) is more sensitive to local SST changes. In Fig. 4.5, we show the spatial pattern

of SST trends for the Hurrell dataset and the deviation from this pattern for the HadISST

dataset and our derived NMAT dataset. Trends in the HadISST dataset are reduced relative

to Hurrell SSTs throughout much of the western Pacific warm pool. Warm pool trends are

further reduced in the NMAT dataset, though the NMAT dataset suggests that there may

be more warming along the equatorial eastern Pacific.
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Figure 4.5: A) SST trends for the Hurrell dataset (K decade−1) over 30◦N-S (1981 - 2008) and

trend difference for B) HadISST - Hurrell and C) NMAT - Hurrell. The black contour in each

figure shows the annual average 28.5◦C isotherm for reference.

We also show the SST trends as a function of the annual mean SST along with the average

and precipitation-weighted SST trends in Fig. 4.6. This figure shows that there are large

discrepancies in SST datasets over the warmest SSTs, though the NMAT dataset also has

much lower trends over moderate SSTs. These differences in the spatial pattern influence

both the tropical average and the precipitation-weighted SST trends. For both metrics, the

Hurrell dataset has the largest trends followed by the HadISST dataset and then the NMAT

data.
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Figure 4.6: Left: Tropical (20◦N-S) SST trends (circles) and precipitation weighted SST trends

(triangles) for the Hurrell datasets (red), the HadISST dataset (black), and the NMAT dataset

(blue). Right: temperature trends as a function of annual mean SST temperature percentile (by

constructing a distribution using the long-term mean SST at each gridpoint). The trends corre-

sponding to the coldest waters are on the left and the trends over the warmest waters are on the

right hand side (as in Flannaghan et al. [2014]).

When these SST datasets are prescribed in CAM4, the magnitude of the model’s tropical

tropospheric warming response varies widely. In Fig. 4.7, we show that the atmospheric

trend response scales with the precipitation-weighted SST trends; the atmospheric warming

in response to the Hurrell dataset is largest, followed by the HadISST dataset, and then the

NMAT dataset. In each experiment, the upper troposphere is most variable, which results

because model temperature changes follow a moist adiabatic warming profile [Santer et al.,

2005]. The differences in SST warming thus have a differential effect on the upper and lower

troposphere, with trend differences amplified aloft.
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Figure 4.7: CAM4 tropical (20◦N-

S) average tropospheric trend re-

sponse (1981 - 2008) to different

SST datasets.

These differences in the pattern of surface warming influence the T24/TLT amplification

ratio and T24 - TLT trend differences as demonstrated in Table 4.1. Across the datasets,

the spread in the precipitation-weighted trends is larger than the average SST trends, which

amplifies the differences in T24 compared to TLT. For example, going from the Hurrell

dataset to the NMAT dataset the average SST trend goes down by 0.033 K decade−1, but the

precipitation-weighted trend is reduced by 0.054 K decade−1 (150% larger trend reduction).

Since the precipitation-weighted SST trends have more influence on the upper troposphere

(T24) and the average SSTs have a larger effect on the lower troposphere (TLT), this causes a

differential effect with T24 trends reduced more than TLT trends. As a result the T24/TLT



80

trend ratio and differences are reduced with the HadISST dataset and even further reduced

using the NMAT data.

In addition to the prescribed SST experiments in CAM4, we also consider the CMIP5

results from Chapter 3. In Table 4.2, we show the T24/TLT amplification ratio for the

coupled and atmosphere-only version of a number of CMIP5 models. From Table 4.2, we

see that 11 of the 15 models have a greater amplification ratio in the AMIP experiment

compared to the CMIP experiment and the multi-model average ratio is larger in the AMIP

experiment. This likely occurs because, over the time period considered, the SST trends

were largest over the Western Hemisphere Warm Pool, which acts to increase the T24/TLT

trend ratio in prescribed SST (AMIP) experiments. As we show in Section 4.5.2, coupled

models typically have spatially uniform increases in SST.

From these prescribed SST experiments and the comparison of CMIP5 atmosphere-only

and coupled models, we see that the spatial pattern of warming does have some influence

on the model amplification. We also note that several of the datasets in Po-Chedley and Fu

[2012a] that had amplification ratios close to the satellite-derived values were forced with

the HadISST dataset rather than the Hurrell dataset (e.g., NASA GISS and GFDL models).

We conclude that amplification is sensitive to the pattern of SST trends and observational

biases in SST datasets can be important. In Section 4.4.2, we show that model physics is

even more important than the pattern of SST changes.

4.4.2 The role of model physics

Another possibility for differences between observations and models is that model parameter-

izations for convection may not accurately simulate sub-grid scale processes. To understand

the role that parameterizations for convection may play in GCM amplification behavior, we

examine model experiments from the GISS E2 model.

A version of the GISS E2 model was updated so that the model would have a more realistic

distribution of clouds and moisture and would be able to simulate a realistic MJO [Del Genio

et al., 2012, Kim et al., 2012, Yao and Cheng, 2012, Field et al., 2014]. Underlying changes to
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Model AMIP CMIP

BCC-CSM1.1 1.16 1.16

CanAM4/CanCM4 1.24 1.19

CCSM4 1.24 1.20

CNRM-CM5 1.14 1.09

FGOALS-s2 1.21 1.16

GISS-E2-R 1.13 1.19

HadGEM2-A/HadGEM2-AO 1.15 1.16

INM-CM4 1.21 1.20

IPSL-CM5A-LR 1.23 1.21

IPSL-CM5B-LR 1.22 1.24

MIROC5 1.23 1.20

MPI-ESM-LR 1.20 1.17

MPI-ESM-MR 1.19 1.18

MRI-CGCM3 1.22 1.18

NorESM1-M 1.22 1.18

Model Average 1.20 1.18

Table 4.2: The ratio of the T24 trend divided by the TLT trend for each model (ensemble average).

The trends are for the tropics (20◦S-20◦N) and we include the values for both the atmosphere-

only models (AMIP experiment) and the coupled models (historical CMIP experiment). When the

atmosphere-only and coupled model have different names we display both. Values are reproduced

from Tables 3.1 - 3.2.
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the model convection parameterization effectively increased the fractional entrainment rate,

which decreased the depth of deep convection in the model [Kim et al., 2012]. We refer to

this experiment as GISS MJO.
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Figure 4.8: Average tropical

(20◦N-S) average tropospheric

trends (1981 - 2008) normalized by

the surface temperature trend in

CMIP5 models (gray) and in the

GISS MJO experiments (blue). The

solid blue line represents the control

and the dashed blue line represents

the response with updated physical

parameterizations.

In Fig. 4.8, we show the GISS MJO model responses to warming over 1981 - 2008. We

also show the model warming in the first ensemble member for 19 CMIP5 AMIP model sim-

ulations for reference (gray lines). In the updated version of the GISS model (dashed blue

line) there is clearly less upper tropospheric warming compared to the control simulation

(solid blue line). In Table 4.1 we see that the updated GISS model has reduced vertical

amplification relative to the control experiment, and is in close agreement to the RSS obser-

vational estimates (it is also closer to the UAH observational estimates). This indicates that
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if observational estimates of vertical warming amplification can be trusted, biases in model

parameterizations may play a role in reconciling existing discrepancies. We also note that

the GISS model had a relatively small amplification ratio prior to parameterization changes,

which suggests that the HadISST SST dataset that drove the model (instead of the Hurrell

dataset) may also be important [Po-Chedley and Fu, 2012a].

4.4.3 The role of observational uncertainty

An alternative explanation for model simulations that are inconsistent with the observa-

tional record is that the observations contain unresolved biases. Studies that have explored

differences in vertical amplification between models and observations have shown that ho-

mogenized datasets created by independent research groups consistently show that the upper

troposphere appears to be warming too quickly in models (relative to the lower troposphere)

[Fu et al., 2011, Po-Chedley and Fu, 2012a, Seidel et al., 2012]. Even though the rate of

upper (T24) and lower (TLT) tropospheric warming differs in the RSS and UAH data, the

ratio of T24 and TLT warming is consistent across both datasets. In this way, both RSS and

UAH data are in close agreement, suggesting that the ratio of upper and lower tropospheric

warming in models diverges from observations. Despite similar T24/TLT warming ratios in

RSS and UAH data, observational uncertainty in this amplification metric is not negligible.

The RSS v4.0 upper tropospheric T24 trend has increased dramatically compared to v3.3

(Table 4.1), which is a demonstration that observational uncertainty is substantial and that

the amplification ratio may be larger (it is not known because RSS has not yet produced a

v4.0 TLT trend). UAH dataset updates (v6.0 beta 5 - see Table 5.1) have reduced the UAH

T24/TLT trend ratio, which also suggests this metric is subject to considerable uncertainty

[Po-Chedley and Fu, 2012b, 2013, Po-Chedley et al., 2015].

In order to consider the role of observational uncertainty in model-observational mis-

matches, we utilize an ensemble of realizations of the RSS MSU/AMSU dataset [Mears

et al., 2011]. This ensemble uses a Monte Carlo technique to iteratively perturb bias cor-

rections that result from sampling, instrument calibration, and diurnal drift. This produces
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400 plausible temperature time series, which can be used to assess observational uncertainty.

For example, using this ensemble we can estimate the mean trend and uncertainty (±2σ) for

the TLT (lower troposphere), TMT (mid-troposphere), TLS (lower stratosphere), and T24

(full troposphere) channels in the tropics over 1981 - 2008: 0.142 ± 0.046, 0.117 ± 0.053,

-0.315 ± 0.067, and 0.160 ± 0.058 K decade−1, respectively. In estimating the T24 trends,

we assumed that the TMT and TLS ensemble members are independent of one another,

though this only increases the uncertainty estimate slightly (from 0.052 - 0.058 K decade−1).
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Figure 4.9: Probability Distribu-

tion Function of RSS T24/TLT

tropical (20◦N-S) trend (1981

- 2008) amplification ratios

(red line) and a histogram

of model ensemble member

amplification ratios for AMIP

experiments (from Po-Chedley

and Fu [2012a]). We also plot

vertical lines to represent the

amplification ratios for UAH

v5.4 and RSS v.3.3.

In Fig. 4.9, we show the probability distribution of T24/TLT trend ratios from the

RSS ensemble. For comparison, we have included the histogram of model ensemble member

amplification ratios from prescribed SST (AMIP) experiments. Note that the amplification

ratio from the official RSS dataset is at the lower end of the ensemble with a ratio of 1.10

over 1981 - 2008. The median value in the RSS ensemble is 1.14 and the mean is 1.13. This

difference occurs because the official dataset is just one possible temperature evolution and is

not representative of the mean or median of the RSS ensemble. This figure helps put model

observational amplification discrepancies into perspective in that the bulk of the histogram is
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consistent with a number of model ensemble members. The probability of an RSS T24/TLT

trend ratio above 1.21 is less than 5%, which indicates that a number of models (45% of

the CMIP5 AMIP ensemble members) are still inconsistent with observations over this time

period. Similarly, the RSS data is inconsistent with the newer UAH dataset; the probability

of an RSS amplification ratio below 1 is also less than 5%.

We also consider the stability of satellite-derived amplification in Fig. 4.10. In previous

assessments models and observations were compared over 26 to 31 year periods [Fu et al.,

2011, Po-Chedley and Fu, 2012a], which corresponded to the maximum time periods in

which data for both models and observations were available. In extending the ratio of

T24 and TLT trends through 2015, we see that the RSS amplification ratio has increased

substantially and is now 1.19 (1979 - 2015). The UAH v6.0b5 time series has a similar trend

and interannual variability compared to the RSS time series, but the entire time series is

offset by ∼-0.1. This drift in the the amplification ratio suggests that the observational

record may have unresolved biases and that observations may be concordant with AMIP

model experiments (the CMIP5 AMIP model mean amplification ratio is 1.19) [Santer et al.,

2016]. In Fig. 4.10 we also show the GISS control experiment (blue solid line) and the GISS

MJO experiment with perturbed physics (blue dashed line). The control simulation has a

very stable amplification ratio over 1997 - 2011. In contrast, the GISS MJO simulation (with

an updated convection parameterization) tracks the interannual variability in the RSS time

series quite well. Given that the improved model simulation reproduces many of the features

in the observational record, it is more likely that observational changes in the amplification

between the upper and lower troposphere are not an artifact. It is difficult to interpret this

information as being squarely in favor of either model or observational amplification behavior,

though extending the GISS MJO time series forward may be helpful in understanding the

variability in amplification (and perhaps shedding light on the merit of the model’s convection

scheme).



86

1995 2000 2005 2010 2015 2020
Trend End Year

0.95

1

1.05

1.1

1.15

1.2

1.25

T
24

/T
L

T
 R

at
io

RSS
GISS Control
GISS MJO

Figure 4.10: Tropical (20◦N-S)

trend ratios for T24 versus TLT

as a function of time (starting in

1981). We show the ratios for

the RSS dataset (red), the GISS

control simulation (from Section

4.4, blue solid line), and the

modified GISS ensemble member

(blue dashed line).

In all, even when observational uncertainty is considered, it appears that many models

exhibit increases in dry static stability that are larger than observations support. Impor-

tantly, microwave temperature datasets are still being updated [Mears and Wentz, 2016] and

critically assessed [Po-Chedley and Fu, 2012b, Christy and Spencer, 2013, Po-Chedley and

Fu, 2013, Po-Chedley et al., 2015] more than 25 years after the first attempt at intersatellite

homogenization [Spencer and Christy, 1990]. Important issues remain, including puzzling in-

consistencies between MSU and AMSU records [Po-Chedley et al., 2015]. Updated datasets

from RSS and UAH have also diverged in their estimates of amplification, which deserves

more scrutiny and may imply that observational uncertainty is larger than what is shown in

this assessment.

4.5 Vertical amplification and the lapse rate feedback

A principal motivation for investigating the structure of warming in the tropics is that the

vertical pattern of warming controls a fundamental climate feedback, the lapse rate feedback.

In this section, we seek to understand how satellite metrics of warming relate to this feedback

and attempt to shed some light on what controls the magnitude of this feedback.
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4.5.1 Satellite metrics for the lapse rate feedback

MSU/AMSU observations measure microwave emissions from oxygen that correspond to

temperature over deep atmospheric layers. Layers of interest include the upper troposphere,

represented by T24, and the lower troposphere, represented by TLT. As shown in Fig. 4.1,

T24 is also influenced by the lower troposphere and TLT includes some information from

the upper troposphere. The lapse rate feedback represents the radiative response to non-

uniform vertical warming. To measure this feedback, detailed information is needed about

the structure of tropospheric temperature changes. Given that satellite-borne microwave

measurements represent broad atmospheric layers, we assess the degree to which these mea-

sures can be used to assess the lapse rate feedback.
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Figure 4.11: CMIP5 model tropi-

cal (20◦N-S) tropospheric warming

profiles from CO2 quadrupling ex-

periments (colored lines). The black

lines show moist adiabatic warming

profiles above 850hPa (assumed as

dry adiabatic below 850hPa with a

surface temperature of 298 K and

surface warming ranging from 2 - 6
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In Fig. 4.11 we show tropical warming profiles for 28 coupled atmosphere ocean models

from the CMIP5 archive (colored lines). These models were forced with an abrupt quadru-

pling of CO2 and the profiles represent the average warming 120 - 150 years after quadrupling

(for more details see Section 5.3). Since models have varied rates of warming, we normalized

the profiles by the surface temperature change. In Fig. 4.11 we also show profiles of tem-

perature change assuming that warming follows a moist adiabat (black lines). The profiles

represent surface warming from 2 to 6 K. Moist adiabatic warming is a good approximation

for much of the troposphere, though it tends to overestimate model warming in the upper

tropical troposphere [Santer et al., 2005]. Enhanced warming in the upper troposphere rel-

ative to the lower troposphere leads to a negative lapse rate feedback (and a ratio of T24 to

TLT warming of ∼1.2 as shown in Table 4.1).
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Figure 4.12: Regression between the tropical (20◦N-S) lapse rate feedback versus A) the ratio of T24

warming relative to TLT warming and B) the ratio of T24 warming relative to surface warming.

This is shown for CMIP5 models (triangles) and moist adiabatic scaling (circles). The r-values

correspond only to the linear fit for CMIP5 model values. The colors represents the magnitude of

surface warming.
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In Fig. 4.12A we show the relationship between the tropical T24/TLT warming ratio and

the tropical lapse rate feedback. While moist adiabatic warming tends to increase stability

(i.e., larger T24/TLT values) with enhanced surface warming (represented by the color of

the dots), GCMs do not exhibit the same behavior, demonstrating that model changes do

not purely reflect a moist adiabatic response. Even though the T24/TLT metric is intended

to assess dry static stability changes between the upper and lower troposphere, it does not

closely scale with the lapse rate feedback. In contrast, we show the ratio of T24 warming

relative to surface warming versus the tropical lapse rate feedback in Fig. 4.12B, which

is a much better measure of the tropical lapse rate feedback. Upper tropospheric (i.e.,

T24) warming relative to the surface projects strongly onto the lapse rate feedback, because

top-of-atmosphere (TOA) longwave radiative fluxes are strongly modulated by temperature

changes near 300 hPa [Soden and Held, 2006], which also corresponds to the peak in the T24

weighting function. Furthermore, in computing the lapse rate feedback these TOA fluxes are

normalized by surface temperature change. As a result, the relative warming in T24 and at

the surface are excellent proxies for the lapse rate feedback. T24/TLT warming ratios are

attractive in that they are derived independent of other datasets and this ratio may still be

a good metric for the bulk behavior of stability changes in the tropical troposphere, but it

is an inferior proxy for the lapse rate feedback.

4.5.2 Factors influencing the tropical lapse rate feedback

In Section 4.4, we showed that tropical SST warming over the warmest waters (as indexed by

precipitation-weighted SSTs) is an excellent predictor of the interannual variability in T24

[see Fig. 4.4, Sobel et al., 2002, Flannaghan et al., 2014]. Given that T24 is an important

component of the lapse rate feedback, we investigate the pattern of SST warming in models

responding to CO2 quadrupling. Consider a model with preferential warming over convective

(warm SSTs) regions and reduced warming elsewhere. A model with this hypothetical be-

havior would also produce larger T24 trends, even if the average surface temperature change

is the same as uniform SST warming. In turn, the pattern of SST warming, which influences
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the ratio of T24 and surface warming, would modulate the strength of the lapse rate feedback

(see Fig. 4.12). Across CMIP5 GCMs, such warming discrepancies between the warmest

and average SSTs are small. In Fig. 4.13A we show the changes in SST as a function of

the climatological SST percentile (as in Fig. 4.6). Models warm the tropical sea-surface

relatively uniformly, which indicates that changes in the precipitation-weighted SSTs scale

with changes in the average tropical SST. In Fig. 4.13B, we see that this is indeed the case

– the average tropical SST increases nearly identically to the precipitation-weighted SST.

Tropical T24 warming across models, in turn, scale quite closely with both tropical average

SST warming and precipitation-weighted SST warming (r=0.99 in both cases). Since models

warm the tropical SST uniformly, the precipitation-weighted SST is not a strong indicator

of the tropical lapse rate feedback (r=-0.24).
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Figure 4.13: A) Changes in tropical

(20◦N-S) SSTs for different clima-

tological SSTs (in percentile space)

with smaller percentiles represent-

ing cooler waters and larger per-

centiles representing warmer waters.

B) Regression of the precipitation-

weighted SST warming versus the

average SST warming over the trop-

ics. Each color represents a different

model with individual months rep-

resented by small dots and the large

X representing the annual average.

In both (A) and (B), the tempera-

ture changes are derived from model

experiments quadrupling CO2.

While the pattern of SST changes does not appear to be a factor in shaping the tropical

lapse rate feedback, differences in model parameterizations for microphysics and convection

can modulate the strength of the lapse rate feedback. In Fig. 4.14, we reproduce the

relationship between the tropical lapse rate feedback and the T24/TLT amplification ratio

for CMIP5 models (black dots). We also show a perturbed physics ensemble (based on a

developmental GFDL model) with changes to the microphysics that influences the conversion

of cloud water to rain (blue squares) [Zhao et al., 2016]. This model is perturbed such that

the model’s climatological mean state in each ensemble member is realistic and none of

the ensemble’s parameterizations can be ruled out based on existing understanding of cloud
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microphysics. Surprisingly, the lapse rate feedback in this set of 9 ensemble members varies

widely, spanning roughly half the range of lapse rate feedbacks seen across the entire CMIP5

archive. This demonstrates that decisions in formulation model physical parameterizations

has a tremendous effect on differences in the lapse rate feedback across models. We reproduce

this behavior in CAM4 by altering the deep convection parameterization (red triangles). In

each ensemble member, we modify either the timescale for deep convection or the lateral

entrainment rate. Although the lapse rate feedback in CAM4 is less sensitive to convective

parameterizations compared to the microphysical changes made in the GFDL model, the

CAM4 ensemble members still span roughly a quarter of the range of CMIP5 model tropical

lapse rate feedbacks.
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Figure 4.14: The tropical (30◦N-S)

lapse rate feedback versus the ratio
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dots), GFDL perturbed physics en-

semble members (blue squares), and

CESM perturbed physics ensemble

members (red triangles).

Since some of the spread in the tropical lapse rate feedback appears to be inherent to

model physics, we test whether transient vertical amplification rates across models scale with

amplification in larger forcing experiments. In Fig. 4.15A we show the relationship between

each model’s T24/TLT warming ratio for CO2 quadrupling versus the ratio for historical

warming experiments. Figure 4.15B is similar, except that it is for the T24/Tsurface warming

ratio. In each case, the correlation is modest, which demonstrates that differences in model
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amplification in transient warming has limited predictive power of amplification in longer

term and larger forcing scenarios. We also found that differences in interannual variability

of amplification across models is also unable to predict long-term amplification behavior.

Given that the lapse rate feedback is well defined by the amplification between the surface

and T24, this result implies that MSU/AMSU observations may provide limited insight into

long-term tropical lapse rate feedback behavior. We also note that although the tropical

lapse rate is strongly negative across models in the tropics, the tropical lapse rate feedback

only explains less than half of the variance (r2=0.48) in the global lapse rate feedback across

models.
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Figure 4.15: Regression of the ratio of tropical (30◦N-S) warming for CO2 quadrupling (120 years

after abrupt CO2 quadrupling) versus the ratio of warming in historical (1979 - 2005) experiments

for A) the ratio of T24 to TLT trends and B) the ratio of T24 to surface temperature trends.

4.6 Conclusion

This chapter assessed changes in tropical mid-tropospheric dry static stability in GCMs and

observations using the ratio of upper (T24) and lower (TLT) tropospheric trends. Specifi-

cally, we sought to understand mechanisms which might contribute to discrepancies between
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models and observations in the vertical profile of tropospheric warming. We found that al-

though the model forcing for ozone and stratospheric aerosols may have deficiencies, tropical

tropospheric amplification in models is largely insensitive to changes in these atmospheric

constituents. However, discordant rates of stratospheric cooling in GCM simulations and

observations may be reconciled with improved treatment of ozone forcing in models. Model

amplification behavior was influenced by the pattern of SST warming and reducing un-

certainties in SST trends may help improve model simulations of the vertical pattern of

warming. We note, however, that the dataset that best matched the observational record

was based on ship measurements of nighttime marine air temperature, which may not be re-

alistic. Taking observational uncertainty into account demonstrates that a number of models

have amplification ratios that are consistent with observations, though approximately half

of the CMIP5 AMIP ensemble members have amplification ratios that are outside of the

observational range. Even still, it is possible that unresolved biases in the microwave record

may contribute to the remaining model-observational disagreement in tropical tropospheric

amplification.

Although model-observational discrepancies in the T24/TLT trend ratio may be impor-

tant, the T24/TLT trend ratio does not strongly co-vary with the tropical lapse rate feedback.

We find that an improved predictor for the lapse rate feedback is the ratio of T24 warming

relative to near surface warming. Using two perturbed physics model ensembles, we show

that the formulation of model parameterizations for deep convection and microphysics are

critical in shaping model vertical amplification and the lapse rate feedback. Unfortunately,

model simulations of amplification over the historical period are not strongly predictive of

their behavior in quasi-equilibrium warming. Furthermore, SSTs in coupled atmosphere-

ocean models largely warm uniformly, so the pattern of SST changes does not have a strong

influence on changes in static stability.

This chapter was unable to reconcile differences between all model-based and observa-

tional estimates of tropical tropospheric amplification, but this work points to a number of

promising approaches. Given that ensembles of SST reconstructions now exist [Morice et al.,
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2012], it would be possible to quantify the uncertainty in model amplification due to differ-

ences in the pattern of SST warming by forcing an atmospheric model with the full range of

observational SST realizations. The ability of the updated GISS model (MJO) to reproduce

the variability in the T24/TLT ratio over time also suggests that this sort of analysis may

be useful in discriminating bulk behavior of model convection and microphysics schemes,

assuming observations of this behavior can be trusted. Regardless, this does suggest that

tropospheric amplification is sensitive to interannual and decadal variability. As a result,

existing observations of the profile of warming may not be representative of the long-term

climate response, as demonstrated in comparing model transient and quasi-equilibrium be-

havior. While ozone plays little role in tropospheric temperature changes, it has a large

effect in the lower stratosphere; updating model ozone forcing as suggested in several studies

[e.g., Bodeker et al., 2013, Damadeo et al., 2014] may help reconcile trend differences noted

in other studies [Thompson et al., 2012]. Discrepancies noted here should be revisited as

microwave observations are updated in the near-future, because some of the datasets have

undergone relatively large changes in order to remove biases related to diurnal sampling

[Mears and Wentz, 2016].

In this thesis, two measures of amplification have been employed: the ratio of T24 and

surface temperature trends (Chapter 2) and the ratio of T24 and TLT trends (Chapters 3 –

4). The T24/Tsurface trend ratio is a bulk indicator of amplification, expressing the degree

to which the full troposphere warms relative to the surface. In Chapter 2, we were able to

show that observations and models agree on the magnitude of T24/Tsurface amplification.

The T24/TLT trend ratio expresses the amplification between the lower-middle and upper

troposphere, which can be thought of as the vertical extent of vertical amplification. We

showed in Chapters 3 – 4 that many models overestimate this ratio, though accounting

for all observational uncertainty in the satellite record, improving SST datasets used to

force models, and improving model convection and microphysics schemes may reduce model-

observational discrepancies.
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Chapter 5

ON THE INTERMODEL SPREAD OF THE GLOBAL LAPSE
RATE FEEDBACK

5.1 Abstract

The lapse rate feedback is the Earth’s largest negative (non-Planck) climate feedback and

is poorly constrained across general circulation models. Understanding the spread in this

temperature feedback is important for understanding aspects of the Earth’s response to in-

creased greenhouse gases. Model differences in the local lapse rate feedback are particularly

large in the southern extratropics, and the feedback in this region is influenced by both trop-

ical and Antarctic warming. Greater tropical surface warming across models is associated

with greater warming in the extratropical troposphere producing a negative feedback in the

southern extratropics because surface warming is muted over the Southern Ocean. Larger

surface warming in the southern hemisphere extratropics can overwhelm the non-local in-

fluence of the tropics to create a positive local lapse rate feedback. The behavior of the

southern hemisphere extratropical lapse rate feedback, as it spans from a strong negative to

weak positive feedback, is a critical component of the global average lapse rate feedback. The

balance of tropical and polar warming is thus not only important for its role in partitioning

low latitude (negative) and high latitude (positive) lapse rate feedbacks, but also because

the warming pattern shapes the meridional pattern of local feedbacks. Part of the model

spread in the southern hemisphere meridional warming pattern is traced to differences in

climatological Antarctic sea ice extent, which in turn contributes to as much as 30% of the

variability in the global average lapse rate feedback even though Antarctic sea ice covers less

than 4% of the Earth’s surface.
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5.2 Introduction

The Earth’s response to an increase in carbon dioxide (CO2) is modulated by feedback pro-

cesses that damp or amplify the initial greenhouse gas induced radiative forcing. These

feedbacks include the albedo, water vapor, lapse rate, Planck, and cloud feedbacks [e.g., So-

den and Held, 2006]. The current generation of general circulation models (GCMs) exhibit

a wide range of feedback strengths, particularly for the shortwave cloud and lapse rate feed-

back [Caldwell et al., 2016]. Understanding processes that control the spread in individual

feedback processes is important, because climate feedbacks ultimately control the spread in

equilibrium climate sensitivity (ECS) – the Earth’s global temperature response to a dou-

bling of the concentration of atmospheric CO2 at equilibrium [e.g., Colman, 2003]. Although

a number of studies have demonstrated that the shortwave cloud feedback contributes the

most toward the spread in ECS [e.g., Cess et al., 1990, 1996, Soden and Held, 2006, Soden

et al., 2008, Dufresne and Bony, 2008, Caldwell et al., 2016], other feedbacks also contribute

to inter-model differences in ECS [Crook et al., 2011, Caldwell et al., 2016] and are also

important to the magnitude and timing of regional warming [Armour et al., 2013] and the

response of the atmospheric circulation to warming [Hwang and Frierson, 2010, Feldl and

Bordoni, 2016].

In this analysis, we focus on a specific aspect of the Earth’s temperature feedback. The

temperature feedback can be decomposed into the radiative response due to uniform warming

with height, the Planck feedback, and the response due to non-uniform warming with height,

the lapse rate feedback. We focus on the latter feedback in this work. In the tropics, models

and observations robustly show enhanced warming aloft compared to the surface [Manabe

and Wetherald, 1975, Fu et al., 2004, Mitchell et al., 2013a, Po-Chedley et al., 2015, Sherwood

and Nishant, 2015]. This vertical warming amplification results because tropical temperature

changes resembles moist adiabatic warming [Santer et al., 2005]. As a result of vertical

warming amplification in the tropics, the lapse rate is reduced, leading to a large negative

radiative feedback. In the high latitudes, surface warming can exceed tropospheric warming,
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which results in an increase in the lapse rate and a positive lapse rate feedback [Ramanathan,

1977]. This bottom-heavy warming is a product of stable atmospheric conditions that inhibits

surface warming from being communicated to the upper troposphere [Payne et al., 2015]. It

has been demonstrated that the global lapse rate is controlled by the meridional pattern of

surface warming [Soden and Held, 2006]. Soden and Held [2006] explain that:

The range in lapse rate feedbacks between models, in turn, stems from different

meridional patterns of surface warming. Models with relatively larger warming

at low latitudes have a greater reduction in lapse rate and thus a larger (more

negative) lapse rate feedback. This behavior reflects the weaker coupling of the

surface to the free troposphere at high latitudes compared to low latitudes where

the model-simulated temperature response closely follows a moist adiabat regard-

less of the convection scheme [Santer et al., 2005].

Therefore, models with relatively enhanced tropical surface warming (compared to the global

surface temperature change) tend to have a stronger (negative) lapse rate feedback. Soden

and Held [2006] show that an excellent predictor of the lapse rate feedback is the ratio of

tropical to global surface warming. On a global scale, the lapse rate feedback is negative

in all of the most recent generation of coupled atmosphere-ocean models due to the large

negative feedback throughout the tropics and into the mid-latitudes [Soden and Held, 2006,

Bony et al., 2006, Caldwell et al., 2016].

Although the spread of the global lapse rate feedback across general circulation models

is relatively large [e.g., Caldwell et al., 2016], it is strongly and inversely correlated with

the water vapor feedback [Cess, 1975, Soden and Held, 2006]. Since models warm without

large changes in relative humidity, tropospheric warming that produces a negative lapse rate

feedback is also associated with an increases in tropospheric water vapor, which induces a

positive radiative feedback. As a result of this physical connection, the water vapor and

lapse rate feedbacks are typically combined [Held and Soden, 2000]. The sum of these two

feedbacks is robustly positive, and the variance is much smaller than that of either feedback
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alone [Colman, 2003, Soden and Held, 2006, Caldwell et al., 2016]. While understanding

inter-model variability in the lapse rate feedback may not help explain the large spread in

ECS because the lapse rate and water vapor feedback mostly cancel one another, the lapse

rate feedback is important in other ways. The lapse rate feedback has been highlighted as

an important contributor to polar amplification [Winton, 2006, Pithan and Mauritsen, 2014,

Roe et al., 2015], can amplify the albedo feedback that is controlled by snow cover and sea

ice loss [Ramanathan, 1977, Feldl et al., 2016], influences atmospheric heat transport [Feldl

and Bordoni, 2016], and has acted as a globally-averaged positive feedback in past climates

[Atwood et al., 2016]. In the tropics, the vertical structure of atmospheric warming can be

important in determining the change in the Brewer-Dobson circulation [Lin and Fu, 2013],

the height of anvil clouds [Hartmann and Larson, 2002], and to changes in tropical cyclone

activity [Vecchi et al., 2013].

This work aims to understand controls on the magnitude of the lapse rate feedback across

an ensemble of GCMs. In Section 5.3 we describe the data used in this analysis and our

methodology for calculating the lapse rate feedback for each GCM. In Section 5.4 we look

at the behavior of the multi-model mean lapse rate feedback and how regional modes of

variability in the local lapse rate feedback across models correspond to model differences in

the global mean lapse rate feedback. We show that model differences in the southern mid

and high latitudes seem to be particularly important in understanding discrepancies in the

global lapse rate feedback. Therefore, in section 5.5, we attempt to understand local controls

on the lapse rate feedback in the southern hemisphere. We summarize our results in Section

5.6.

5.3 Data and methods

We focus on interpreting GCM data from the Coupled Model Intercomparison Project Phase

5 (CMIP5) [Taylor et al., 2012]. In particular, we use fields from the pre-industrial control

experiment (piControl), which contains century to millennial scale model runs with unvary-

ing pre-industrial atmospheric CO2 concentrations. We consider data from each model’s
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first ensemble member (denoted “r1i1p1”). To evaluate each model’s response to increased

greenhouse gases, we use experiments in which models are forced with an abrupt quadrupling

of atmospheric CO2 (abrupt4xCO2). We consider data from 28 coupled atmosphere-ocean

GCMs using climatologies from the last 100 years of the piControl simulations and years

120 - 149 after quadrupling of CO2 in the abrupt4xCO2 experiments. The models used in

this study are the same as those in Caldwell et al. [2016] and are listed in Table 5.1. We

also use sea ice data from the same 28 models in a transient forcing simulation in which the

atmospheric concentration of CO2 is increased by 1% each year (1pctCO2). To assist in com-

paring model sea ice fields with present-day estimates of sea ice cover, we employ monthly

satellite passive microwave sea ice concentration observations over 1979 - 2014 [Meier et al.,

2013, Peng et al., 2013]. In a number of instances, we use the model sea ice extent as an

index with which to compare models; we calculate this value by summing the product of

grid cell area multiplied by the grid cell average sea ice concentration.

In order to calculate the lapse rate feedback in models, we used the difference in at-

mospheric temperature between the piControl and the abrupt4xCO2 climatologies. The

feedback can be calculated using radiative kernels [e.g., Soden and Held, 2006, Shell et al.,

2008, Caldwell et al., 2016], which represent the top-of-atmosphere (TOA) radiative re-

sponse due to changes in temperature, water vapor, and albedo (e.g., ∂R/∂i, where R is the

TOA radiation change and i is the variable under consideration). For temperature, which

is three-dimensional, the radiative response at each model gridpoint is an integral over the

atmospheric column:

∆Rtemperature(r) =

∫ pt

ps

∂R(r, p)

∂T (r, p)
·∆T (r, p)dp (5.1)

where ∆Rtemperature is the TOA radiative response due to temperature changes, r is the

spatial point (in the horizontal direction), p is pressure, ∂R(r, p)/∂T (r, p) is the radiative

kernel for temperature, and ∆T is the temperature response after quadrupling CO2. We

integrate from the surface, ps, to the tropopause, pt, following Reichler et al. [2003] to

determine the tropopause pressure. This can be decomposed into the Planck response (Eq.
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5.2), which results from uniform warming with height, and the lapse rate response, which is

the TOA radiative result of deviations from uniform warming (Eq. 5.3):

∆RPl(r) =

∫ pt

ps

∂R(r, p)

∂T (r, p)
·∆Tsurface(r)dp (5.2)

∆Rlr(r) =

∫ pt

ps

∂R(r, p)

∂T (r, p)
·∆(T (r, p)− Tsurface(r))dp (5.3)

We use all-sky radiative kernels with monthly climatological resolution from Shell et al.

[2008] to calculate the radiative response due to lapse rate changes at each grid point for each

of the 28 GCMs considered in this work. The lapse rate feedback at any point is typically

calculated by dividing the radiative response due to lapse rate changes, ∆Rlr(r), by the

global near-surface temperature change, ∆Tsurf . The global average lapse rate feedback is

defined as:

λlr =
∆Rlr

∆Tsurf
(5.4)

where ∆Rlr is the global average radiative change due to lapse rate changes. An alternative

formulation of this feedback is to divide the radiative response due to lapse rate changes by

the zonal temperature change to estimate the local lapse rate feedback at each point [Feldl

and Roe, 2013, Armour et al., 2013, Feldl and Bordoni, 2016]:

λlr,local(r) =
∆Rlr(r)

∆Tsurf (φ)
(5.5)

where φ is latitude and we denote the zonal average surface temperature change as ∆Tsurf (φ).

The advantage of this metric is that it emphasizes the connection between the local temper-

ature change and the local radiative response [Feldl and Roe, 2013]. In general, we will refer

to the feedback as the “local” lapse rate feedback when the radiative change is divided by

the zonal temperature change; when we divide by the global mean temperature change we

will refer to this simply as the lapse rate feedback. The global average lapse rate feedback

can also be calculated using the local lapse rate feedback definition (from Eq. 5.4 - 5.5):

λlr =

∫ π/2
−π/2 λlr,local(φ) ·∆Tsurf (φ) · cos(φ)dφ∫ π/2

−π/2 ∆Tsurf (φ) · cos(φ)dφ
(5.6)



102

where the numerator is simply the global average radiative change due to changes in the

lapse rate, ∆Rlr, and the denominator is the global mean surface warming, ∆Tsurf , as in Eq.

5.4. Here we have used the zonal average local lapse rate feedback, λlr,local(φ).
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Group Model
Commonwealth Scientific and Industrial Research
Organization (CSIRO) and Bureau of Meteorology
(BOM), Australia

ACCESS1-0

ACCESS1-3
College of Global Change and Earth System
Science, Beijing Normal University

BNU-ESM

Beijing Climate Center, China Meteorological
Administration

BCC-CSM1-1

BCC-CSM1-1-m
National Center for Atmospheric Research CCSM4
Centre National de Recherches Météorologiques /
Centre Europen de Recherche et Formation
Avancée en Calcul Scientifique

CNRM-CM5

Commonwealth Scientific and Industrial Research
Organization in collaboration with Queensland
Climate Change Centre of Excellence

CSIRO-Mk3-6-0

Canadian Centre for Climate Modelling and Analysis CanESM2
LASG, Institute of Atmospheric Physics, Chinese
Academy of Sciences and CESS,Tsinghua
University

FGOALS-g2

FGOALS-s2
NOAA Geophysical Fluid Dynamics Laboratory GFDL-CM3

GFDL-ESM2G
GFDL-ESM2M

NASA Goddard Institute for Space Studies GISS-E2-H
GISS-E2-R

Met Office Hadley Centre (additional HadGEM2-ES
realizations contributed by Instituto Nacional de
Pesquisas Espaciais)

HadGEM2-ES

Institut Pierre-Simon Laplace Institute for Numerical Mathematics INM-CM4
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR

Japan Agency for Marine-Earth Science and
Technology, Atmosphere and Ocean Research
Institute (The University of Tokyo), and National
Institute for Environmental Studies

MIROC-ESM

MIROC5
Max-Planck-Institut für Meteorologie (Max Planck
Institute for Meteorology)

MPI-ESM-LR

MPI-ESM-MR
MPI-ESM-P

Meteorological Research Institute MRI-CGCM3
Norwegian Climate Centre NorESM1-M

Table 5.1: CMIP5 modelling groups and models considered in this study.
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5.4 Variability of the Lapse Rate Feedback

The dominant features of the lapse rate feedback can be seen in Fig. 5.1. As described in

Section 5.2, the lapse rate feedback is strongly negative in the tropics where the upper tro-

posphere warms faster than the surface and becomes positive in the high latitudes (poleward

of ∼60◦) where near surface temperature inversions tend to produce more warming near the

surface [e.g., Payne et al., 2015, Roe et al., 2015]. The lapse rate feedback tends to be more

strongly positive in the northern hemisphere, which likely results because surface warming is

more rapid in the Arctic compared to the Antarctic over the timescales considered here [e.g.,

Stouffer et al., 1989, Manabe et al., 1991, Collins and Knutti, 2013, Armour et al., 2016].

Figure 5.1: CMIP5 multi-model mean lapse rate feedback (Wm−2/K). At each grid point the

radiative response at the TOA due to lapse rate changes is normalized by the global average

surface temperature for each model.

While Fig. 5.1 captures the mean behavior across models, Fig. 5.2 illustrates the differ-

ences between models from two perspectives. Fig. 5.2A shows the lapse rate feedback nor-

malized by the zonal temperature change (i.e., the “local” lapse rate feedback) and Fig. 5.2B

shows the lapse rate feedback normalized by the global mean surface temperature change for
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each model (as in Fig. 5.1). The spread across models is reduced in the northern hemisphere

as defined by the local feedbacks (Fig. 5.2A), which indicates that models have similar local

radiative responses per unit local warming. In contrast, the local lapse rate feedbacks in

the southern hemisphere tend to differ greatly across models, particularly near 60◦S, which

means that model radiative responses due to lapse rate changes do not consistently scale

with local surface temperature change. This behavior has been noted in other studies [Feldl

and Bordoni, 2016] and is not limited to the lapse rate feedback. The large spread in the

local lapse rate feedback tends to be located in the same zonal band as a robust warming

minimum as shown in Fig. 5.2C, which results from ocean heat uptake and transport in the

Southern Ocean [e.g., Armour et al., 2016]. In fact, the zonally-averaged temperature change

near 60◦S is strongly correlated with the lapse rate feedback in this region across models (r

> 0.8). This indicates that differences in warming in this region may be important for the

local lapse rate feedback. The spread tends to be more uniform across latitudes in Fig. 5.2B,

though this is more difficult to interpret because discrepancies between models could be a

result of differences in the local lapse rate feedback or differences in the meridional warming

pattern.
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Figure 5.2: Zonal mean lapse rate feedback normalized by (A) zonal temperature change and (B)

global temperature change. Zonal mean surface warming is displayed in C, with the multi-model

mean denoted with a solid black line. The colored lines in each subplot represents a separate model.

In order to capture the leading mode of variability across models, we employ singular

value decomposition (SVD) using the annual mean local lapse rate for each model. For this

calculation we regrid each model to a common spatial domain and our analysis is performed
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over the model and spatial dimension. This results in a set of empirical orthogonal functions

(EOFs) that represent the main spatial modes of variance of the lapse rate feedback across

models. The principal component (PC) of this analysis is a measure of how strongly the

EOF projects onto each model. In Fig. 5.3 we show the leading EOFs that result from

this analysis. These leading EOFs result from two separate calculations. In Fig. 5.3A, we

solve for the EOF using the covariance matrix of the local lapse rate feedback data. This

method tends to emphasize regions with enhanced variability and the EOF highlights the

region near 60◦S where there are large discrepancies in the local lapse rate feedback across

models (see Fig. 5.2A). An alternative approach is to use the correlation matrix in which

the local lapse rate feedback is normalized so that at each gridpoint the standard deviation

across models is equal to one. This method de-emphasizes regions with large differences

across models and highlights broader, coherent regions that may have less absolute variance.

The leading EOF of the normalized local lapse rate feedback is shown in Fig. 5.3C. In

Figs. 5.3B and 5.3D we also show the regression of the PCs for each leading EOF versus

the global lapse rate feedback. Both PCs are significantly (p < 0.05) correlated with the

global lapse rate feedback, which suggests that both patterns are important in determining

the global lapse rate feedback, though the PC using normalized local lapse rate feedback

values (Fig. 5.3D) has a stronger relationship. Given the relatively broad pattern in Fig.

5.3C (compared to Fig. 5.3A), it is unsurprising that the principal component is strongly

related to the global average lapse rate feedback. We show both EOFs, because it is not

clear a priori which approach is better, though we note that the PC from each EOF are

strongly correlated with one another (r = 0.86). This suggests that the two approaches may

be driven by common geophysical differences across models, except that the un-normalized

analysis is sensitive to the large variance in the local lapse rate feedback at 60◦S and thus

misses more coherent regions of variability. From the EOF in Fig. 5.3C, we see that the

mid-latitude region between the Antarctic and the deep tropics (∼30◦ – 60◦S) appears to be

particularly important in understanding differences in the global lapse rate feedback across

models.
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Figure 5.3: Principal component analysis of the local lapse rate feedback. A) The leading EOF of

the local lapse rate feedback using the covariance matrix. This EOF explains 56% of the variance

in the local lapse rate feedback across models. B) The principal component for each model from

the EOF in (A) versus the global mean lapse rate feedback. C) As in (A) but for the correlation

matrix of the local lapse rate feedback. This EOF explains 27% of the variance of the local lapse

rate feedback across models. D) The principal component for each model from the EOF in (C)

versus the global mean lapse rate feedback.

Soden and Held [2006] showed that the pattern of warming is a good predictor of the

global lapse rate feedback. With this in mind, we also show the strength of the correlation

between local warming and the global average lapse rate feedback in Fig. 5.4A. From this

figure, we see that warming in the tropics tends to decrease the lapse rate feedback (i.e.,
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more negative) and warming in the polar regions, especially in the Antarctic is associated

with a more positive lapse rate feedback (i.e., closer to zero). This is consistent with Fig.

5.2, which shows that the local lapse rate feedback in the tropics is negative and so enhanced

tropical warming should decrease the global lapse rate feedback. This is shown more clearly

in Fig. 5.4B, which shows the correlation between the relative warming (e.g., local warming

per global mean warming) versus the global lapse rate feedback. The pattern in Fig. 5.4A

becomes stronger in Fig. 5.4B demonstrating that models that have relatively more warming

over the tropics (poles) compared to the global average have a more negative (positive) global

lapse rate feedback. This relationship is summarized in Fig. 5.4C (similar to Fig. 3 from

Soden and Held [2006] for CMIP3 models). In line with the results demonstrating modes

of variance in the lapse rate feedback across models (Fig. 5.3), the southern hemisphere

tends to be more important compared to the northern hemisphere. In fact, the ratio of

Antarctic warming to tropical warming is more strongly related to the global average lapse

rate feedback (r = 0.83) than the ratio of Arctic to tropical warming (r = 0.61), even though

the local lapse rate feedback tends to be stronger in the Arctic. Warming in the southern

mid-latitudes and poles tends to be significantly related to the global lapse rate feedback,

which is not true in the northern mid and high latitudes.

The results from the principal component and regression analysis highlight a few regions

that are important for lapse rate feedback variability across models. From the principal

component analysis, most of the variability in the local lapse rate feedback is in the southern

hemisphere mid-latitudes and this variability is strongly correlated with the global mean

lapse rate feedback. Similarly, from our regression analysis, we also see that model warming

that is more concentrated in the tropics tends to create a stronger (negative) global mean

lapse rate feedback. When warming is larger toward the poles, particularly in the southern

hemisphere, the global average lapse rate feedback is more positive. Strangely, the lapse

rate feedback and warming in the Arctic seem to be relatively unimportant in setting the

global mean lapse rate feedback, even though this is where the local lapse rate feedback

and warming is the strongest. Furthermore, although this analysis generally highlights the
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importance of the southern hemisphere, regression analysis suggests that the balance of

warming between the tropics and the poles is important, whereas the principal component

analysis suggests that the strength of the local lapse rate feedback in between these regions

is a controlling factor for the global average lapse rate feedback. In the next section, we seek

to understand this statistical analysis and highlight important geophysical controls on the

lapse rate feedback variability.
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Figure 5.4: A) The correlation

(across models) for the least squares

linear fit between the surface tem-

perature change at each point and

the model’s global mean lapse rate

feedback. B) As in (A) except the

local warming is normalized by the

model’s global mean warming (i.e.,

the amplitude of local warming rel-

ative to global average warming).

C) The global average lapse rate

feedback versus the ratio of tropi-

cal (30◦S - 30◦N) to global warm-

ing across GCMs. In (A) and (B)

the stippling denotes that the corre-

lation coefficient is significant at p

< 0.05.
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5.5 Understanding the variability and controls governing the lapse rate feed-
back

Results from the principal component and regression analysis in Section 5.4 demonstrate that

the local lapse rate feedback in the southern mid-latitudes and the partitioning of warming

between the tropics and the Antarctic are strongly related to each GCM’s global average

lapse rate feedback value. In this section, we begin by evaluating the extent to which these

two results complement one another. We then demonstrate that differences in the sign and

magnitude of southern hemisphere extratropical local lapse rate feedbacks are critical to the

global average lapse rate feedback and demonstrate that these feedbacks have important

non-local controls. This analysis elucidates the reasons behind the marked variability in the

local lapse rate feedback near 60◦S and why the local feedback is so stable across models in

the northern hemisphere. We conclude our analysis by investigating high latitude Antarctic

controls on polar amplification and their importance to the global average lapse rate feedback.

5.5.1 The pattern of meridional warming and local feedbacks

Fig. 5.5A shows the regression between the average surface warming over the south pole (60◦

– 90◦S) and the zonal mean atmospheric warming across models. From this figure, we see

that surface warming is largely confined to the lower troposphere poleward of 60◦S, but is also

significantly related to warming along the surface across the southern mid-latitudes (i.e., 30◦S

– 60◦S). Fig. 5.5B shows the regression between tropical average surface warming and zonal

atmospheric warming. The tropics also influence warming in the southern mid-latitudes,

though in this case tropical surface warming is more strongly associated with warming aloft

both in the tropics and the mid-latitudes. A linear combination of tropical (20◦N–S) and

Antarctic (60◦S – 90◦S) surface warming is predictive of surface warming across the southern

mid-latitudes (r = 0.93), though warming poleward of 60◦S alone is more strongly related

to mid-latitude warming (r = 0.85) than tropical warming (r = 0.57). In the mid-latitude

troposphere the situation is reversed, with tropical surface warming explaining nearly all of
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the 300 hPa warming in the southern mid-latitudes (r = 0.95). In general, tropical warming

tends to decrease the lapse rate in the southern hemisphere between 30◦ and 60◦ while polar

warming tends to increase the lapse rate. Therefore, the balance of warming between the

tropics and the south pole is an important control on the lapse rate feedback in the mid-

latitudes. Consistent with this interpretation, the ratio of warming over the south pole

relative to the tropics is strongly related to the local lapse rate feedback in the southern

middle latitudes (r = 0.92). In this way, the pair of results in Section 5.4 that showed both

that the local southern mid-latitude lapse rate feedback and the ratio of tropical to polar

warming are important to the global lapse rate feedback are physically consistent with one

another. This analysis is also consistent with Soden and Held [2006] that demonstrated that

the meridional pattern of warming is important to the global average lapse rate feedback.

A B

Figure 5.5: A) Slope of the regression between the surface temperature change poleward of 60◦S

and the change in the zonal atmospheric temperature change across models. B) As in (A), except

using the tropical (30◦S - 30◦N) as a predictor. Regions where the slope is significant (p < 0.05)

are stippled.

Although it is clear that the meridional pattern of warming controls the global lapse

rate feedback, there are now two mechanisms that may be important. A direct effect of



113

the meridional profile of warming is that this pattern controls the balance of large negative

feedbacks in the tropics and large positive feedbacks at the poles. On the other hand,

tropical and Antarctic surface warming both influence the local lapse rate feedback in the

mid-latitudes. Therefore, the pattern of warming’s influence on local lapse rate feedbacks

may also be important.

To assess whether the magnitude of the local lapse rate feedback is important in con-

trolling the global lapse rate feedback value, we have estimated each model’s feedback value

making two different simplifications. To examine the role of the meridional pattern of warm-

ing in explaining the variance in the global lapse rate feedback, we compute the lapse rate

feedback using the multi-model mean local lapse rate feedback, λlr,local. From Eq. 5.6, we

have:

λlr ≈

∫ π/2
−π/2 λlr,local(φ) ·∆Tsurf (φ) · cos(φ)dφ∫ π/2

−π/2 ∆Tsurf (φ) · cos(φ)dφ
(5.7)

where the double overbars denote that we are using the multi-model average in calculating

each individual model’s global average lapse rate feedback (single overbars have been used to

denote spatial averages). Alternatively, we can examine the role of the meridional feedback

pattern in explaining the global feedback value by using the multi-model mean meridional

warming pattern, ∆Tsurf :

λlr ≈

∫ π/2
−π/2 λlr,local(φ) ·∆Tsurf (φ) · cos(φ)dφ∫ π/2

−π/2 ∆Tsurf (φ) · cos(φ)dφ
(5.8)

We demonstrate the impact of these simplifications in Fig. 5.6. Perhaps surprisingly, the

assumption that the meridional pattern of warming across models is invariant still captures

90% of the variance in the global lapse rate feedback (and also closely tracks the actual global

lapse rate feedback values). On the other hand, assuming that the local lapse rate feedbacks

are the same for each model is a relatively poor assumption. From Fig. 5.3C, we see that

model differences in the lapse rate feedback in the southern mid-latitudes is the principal

mode of variability. As such, the local lapse rate feedback over 30◦ – 60◦ is strongly predictive

of the global lapse rate feedback (r = 0.92). This analysis of course does not imply that the
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meridional pattern of warming is unimportant; from Fig. 5.5 we know that the meridional

pattern of warming strongly modifies the local lapse rate feedback in this region. Since the

southern mid-latitude local lapse rate feedback is a product of the competing influence of

high and low latitude warming, the polar amplification in the southern hemisphere (ratio

of tropical to Antarctic warming) is also predictive of the global lapse rate feedback (r =

0.83). Unlike in the northern hemisphere where Arctic surface warming is amplified relative

to tropical surface warming, “Antarctic amplification” is less robust across models. We will

refer to the relative Antarctic-tropical warming as Antarctic amplification, though in reality

Antarctic surface warming is not consistently larger than tropical surface warming (see Fig.

5.2C). The warming pattern is thus important both because it balances the activation of

positive high latitude and negative tropical feedbacks, but also influences the magnitude of

the local feedbacks themselves.
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Figure 5.6: A) The global average lapse rate feedback versus the lapse rate feedback computed

assuming that the meridional profile of the local lapse rate feedback is invariant across models.

B) As in (A), except we instead assume that the meridional profile of warming is invariant across

models. The dashed line in each figure represents the 1 : 1 line.
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5.5.2 On the non-local influence on local feedbacks

Given that the meridional profile of the local lapse rate feedback is important in determining

the global average lapse rate feedback for each model, we explore the stark differences in

behavior between the northern and southern hemisphere local lapse rate feedback. From Fig.

5.2A, we see that models tend to have widely varying local lapse rate feedbacks poleward

of ∼45◦S, yet models tightly converge on the feedback in the northern hemisphere over the

same latitude range. In Fig. 5.7A we see that the mid to high latitude TOA radiative

response (∆Rlr) due to the lapse rate scales linearly with warming in both the northern

and southern hemisphere. This implies that surface warming in both hemispheres tends

to be concentrated in the lower troposphere and that the radiative response increases with

enhanced surface warming. Furthermore, the intercept is non-zero, which means that if

there is little or no warming, the radiative changes due to lapse rate changes are actually

negative (i.e., more radiation to space). This demonstrates that upper tropospheric warming

is decoupled from the surface and has a non-local control. Indeed, the upper tropospheric

warming (at 300 hPa) response is significantly related to tropical surface warming in both

the northern (r = 0.92) and the southern hemispheres poleward of 45◦ (r = 0.92). A similar

pairing of local and non-local controls was demonstrated to be important with local sea ice

and SSTs largely controlling near surface warming and remote SSTs influencing temperature

changes aloft [Screen et al., 2012]. This balance between locally driven surface warming and

non-locally driven warming aloft has been characterized as “radiative-advective equilibrium,”

which can be seen as a framework to understand the lapse rate feedback in the high latitudes

[Payne et al., 2015, Cronin and Jansen, 2016]. If a model has little surface warming in the

mid to high latitudes, the radiative response from lapse rate changes is governed by tropical

warming, which effectively warms the extratropical upper troposphere. As this region warms,

the relatively stable atmosphere has a bottom-heavy warming profile and the local feedback

switches to a positive feedback response. This behavior has important implications for the

variability of the local feedbacks. In Fig. 5.7B, we show the local lapse rate feedback by
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dividing the radiative response in Fig. 5.7A by the surface temperature change poleward of

45◦S versus the surface warming over the same region (recall that λlr = ∆Rlr/∆Tsurf ). In

this figure we also show what the local lapse rate feedback would be if it followed the linear

fit in Fig. 5.7A. The non-zero intercept value, which we attribute to non-local controls over

the lapse rate feedback, has the effect of giving the local lapse rate feedback an apparent

non-linearity when there is little surface warming.

This “non-linearity” refers to the curvature in Fig. 5.7B, though it arises from the linear

combination atmospheric warming associated with tropical surface and Antarctic surface

warming (see Fig. 5.5). Physical non-linear processes do exist, such as the transition from

an atmosphere characterized by a near surface inversion (e.g., over sea ice) to a convective

regime when sea ice is less extensive in a warmer climate [Payne et al., 2015, Cronin and

Jansen, 2016], though we are not referring to this mechanism here. The non-local influence

of tropical surface warming has important implications in the southern hemisphere where

warming is suppressed relative to the northern hemisphere (see Fig. 5.2C) due to ocean

heat uptake [e.g., Stouffer et al., 1989, Manabe et al., 1990, 1991, Armour et al., 2016]. The

combined influence of tropically-driven upper tropospheric warming in the extratropics and

the reduced surface warming in the southern hemisphere induce a highly variable local lapse

rate feedback in the southern hemisphere, which is not present in the northern hemisphere

because models all display robust polar amplification of surface temperature change in this

region (see Fig. 5.2C).
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Figure 5.7: A) Average radiative flux at the TOA (positive down) due to lapse rate changes (∆Rlr)

versus the surface warming (∆Tsurf ) poleward of 45◦ for each model in the northern hemisphere

(red) and southern hemisphere (blue). The dashed line is the least-squares linear regression. B)

The local lapse rate feedback (λlr,local) versus surface warming. The dashed line uses the linear fit

from (A) and divides each point on the line by ∆Tsurf in order to represent the local lapse rate

feedback.

5.5.3 Controls on high latitude southern hemisphere warming

Given the role of the meridional pattern of warming in controlling the lapse rate feedback

across models, it is important to understand the geophysical controls on the ratio of equator-

to-pole warming. Since this analysis has highlighted the significance of the southern hemi-

sphere and because the variance of Antarctic warming is roughly five times larger than the

variance of tropical warming, we focus on mechanisms that influence surface warming over

the south pole. In Fig. 5.8A we show the standard deviation of the warming across models

at each gridpoint over the southern hemisphere poleward of 45◦. We also show the annual

mean sea ice extent (Fig. 5.8B). From this figure, we see that most of the spread in Antarctic

warming is concentrated in regions that contain sea ice, which suggests that sea ice may be

an important factor in controlling the warming over the southern hemisphere (60◦S – 90◦S).
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Figure 5.8: A) Standard deviation of warming across models at each gridpoint. B) Annual mean

sea ice extent (contours denote 5% sea ice concentration) for each model’s piControl simulation

(gray lines) and observed sea ice extent (red thick line) over 1979 - 2014 [Peng et al., 2013, Meier

et al., 2013].

Sea ice thickness and snow cover modulate the thermal conductivity of the ice pack,

which in turn regulates surface heat fluxes [e.g., Lecomte et al., 2013, Lei et al., 2014].

Pavelsky et al. [2011] has shown that annually averaged sea ice concentration is a reasonable

surrogate for the effective thermal conductivity of sea ice. At a basic level, sea ice insulates

the ocean from the atmosphere, which reduces heat fluxes from a relatively warm ocean

into the atmosphere, particularly in the wintertime. In Fig. 5.9A we show the wintertime

difference between the surface skin temperature and the sea-surface temperature (SST). Over

regions with large concentrations of sea ice, the SST (below the ice) is much larger than the

surface temperature. Fig. 5.9B demonstrates that models with increased climatological

sea ice cover have reduced wintertime upward heat fluxes as the model’s relatively warm

ocean is isolated from the atmosphere. The strong relationship between sea ice cover and

surface heat fluxes across a range of models indicates that models with enhanced ice cover
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loss may also have enhanced upward heat fluxes in warming scenarios. Models with large

sea ice concentrations also have cooler sub-Antarctic surface temperatures, which produces

enhanced near surface temperature inversions in agreement with observations that show the

same relationship [Pavelsky et al., 2011]. Figure 5.9C demonstrates that models with greater

sea ice cover have stronger inversions, which has been shown to influence longwave feedbacks

in the high latitudes [e.g., Boé et al., 2009, Medeiros et al., 2011, Payne et al., 2015]. Strong

inversions enhance near-surface warming [e.g., Payne et al., 2015]. It is therefore possible

that aspects of a model’s unforced climatology may affect the model response to greenhouse

gas forcing. For example, Flato [2004] showed that initial sea ice extent is predictive of the

Antarctic temperature change across CMIP1 and CMIP2 models. Since sea ice extent is able

to explain the climatological variability across models for geophysical fields that are critical

to model feedbacks, we will investigate the degree to which sea ice modulates the southern

hemisphere high latitude response to greenhouse gas forcing.
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Figure 5.9: A) Wintertime (June - August) sea-surface temperature minus skin temperature for

the CMIP5 ensemble average. Some regions with ice shelves have no data (white). BNU-ESM is

not included due to an offset in the ocean grid. FGOALS-g2 and FGOALS-s2 are not included

because these model fields are not available. B) Climatological annual mean sea ice concentration

versus wintertime (June - August) climatological upward surface heat (sensible and latent, Wm−2)

flux for CMIP5 models. C) Climatological annual mean sea ice concentration versus the climato-

logical wintertime inversion strength (defined as the temperature at 850hPa minus the near surface

temperature). Climatologies in (B) and (C) are derived from model piControl simulations over the

Antarctic ocean (60◦ - 90◦S).

Because winter heat fluxes scale with sea ice cover across a range of individual model

climatologies (see Fig. 5.9A), there is an expectation that the change in model ice extent

may vary with the change in surface heat fluxes. Indeed, as can be seen in Fig. 5.10A, the

change in sea ice extent is strongly related to the change in surface heat fluxes over the ocean.

Large declines in sea ice also leads to enhanced radiative fluxes from changes in the lapse rate

and albedo (Fig. 5.10B-C). These processes all work together to strongly shape the surface

temperature change, which is closely tied to the loss of sea ice (Fig. 5.10D). Screen and

Simmonds [2010] have similarly found that sea ice losses over the observational record are

tied to Arctic warming and moistening. A number of studies have demonstrated that high

latitude feedbacks tend to amplify one another, which means that the processes considered

here work in tandem to enhance Antarctic temperature response differences between models
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[Graversen et al., 2014, Feldl et al., 2016]. Finally, since we have considered experiments that

are perturbed with a large (4xCO2) forcing, much of the Antarctic sea ice melts by the end

of the 4xCO2 run (150 years after quadrupling). As a result, the change in Antarctic sea ice

is a function of the initial sea ice extent (Fig. 5.11A). Changes in winter surface heat fluxes

and radiative fluxes from summer albedo and winter lapse rate changes then scale both with

the change in sea ice extent and the model’s preindustrial control sea ice climatology (r >

0.80 in all cases). In Fig. 5.11B, we see that Antarctic temperature change is related to the

preindustrial sea ice extent, which has a significant impact on the polar amplification in the

southern hemisphere (Fig. 5.11C). In all, the climatological inversion strength, changes in

surface heat fluxes, albedo and lapse rate feedbacks are intimately tied to the climatology and

response of Antarctic sea ice and act together to enhance the Antarctic surface temperature

change.
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Figure 5.10: The change in Antarctic sea ice extent compared to A) change in upward wintertime

surface heat (latent and sensible) flux, B) change in TOA radiation (positive is down) due to lapse

rate changes, C) change in TOA radiation due to albedo changes, and D) change in near-surface

temperature. All fields are computed over the ocean over 60◦ - 90◦S.
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Figure 5.11: The annual mean sea

ice extent in each model compared

with the change in A) Antarctic sea

ice extent B) change in near sur-

face temperature poleward of 60◦S

and C) the ratio of southern high

latitude (60◦ - 90◦S) surface warm-

ing relative to tropical (30◦S - 30◦N)

surface warming.
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In Section 5.5.1 we showed that the meridional warming pattern is important to the global

lapse rate feedback both because it modulates the ratio of positive (high latitude) to negative

(low latitude) feedbacks and also influences the magnitude of the local lapse rate feedback in

the southern mid-latitudes. As such, southern hemisphere polar amplification is a significant

predictor of the global lapse rate feedback across GCMs. Antarctic sea ice thus plays a

role in shaping the global lapse rate feedback. Models with more expansive Antarctic sea

ice have larger near surface inversions, enhanced surface heat fluxes, and positive feedbacks

that lead to greater Antarctic surface warming, which strengthens the southern hemisphere

polar amplification. As a result, southern hemisphere sea ice loss (Fig. 5.12A) and extent

(Fig. 5.12B) significantly covary with the global lapse rate feedback (r2=0.30 and r2=0.37,

respectively).
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Figure 5.12: Global lapse rate feedback versus A) the change in the annual average Antarctic sea

ice extent and B) the annual average Antarctic sea ice extent.

Although the relationship between climatological Antarctic sea ice and the temperature

response is likely partly due to the large forcing in this set of model experiments, this

relationship does not hold in the Arctic. In the northern hemisphere, the Arctic temperature
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response and sea ice response is weakly related to the initial sea ice extent (r = -0.38 and r

= -0.41, respectively). In contrast, the connection to Antarctic sea ice extent emerges within

the first decade of CO2 quadrupling in the southern hemisphere for both temperature change

(r = 0.87) and change in sea ice cover (r = -0.84). This pattern emerges in transient forcing

simulations as well – in CMIP5 experiments in which atmospheric CO2 is increased at 1%

per year, the loss of Antarctic sea ice is significantly related to the initial sea ice extent in

the decade after CO2 doubling (r = 0.74).

5.6 Discussion and Conclusions

This analysis focused on understanding differences in the lapse rate feedback across GCMs.

This work shows that the variance in the local lapse rate feedback across models is concen-

trated in the southern hemisphere extratropics and that differences in the southern hemi-

sphere lapse rate feedback, in particular, are strongly predictive of the global mean lapse

rate feedback. Although it has long been known that the pattern of warming controls global

average lapse rate changes [Soden and Held, 2006], this work highlights the southern hemi-

sphere as a region of particular interest. We use a local feedback framework [Feldl and Roe,

2013, Armour et al., 2013] to identify and understand the role of non-local influence on feed-

backs and to shed light on the large inter-model discrepancies in feedback strength in the

southern hemisphere noted in other studies [e.g., Feldl and Bordoni, 2016]. We’re able to

show that the robust minimum in Southern Ocean warming [Stouffer et al., 1989, Manabe

et al., 1990, 1991, Armour et al., 2016] and the non-local influence of tropical warming on the

extratropical lapse rate feedback play an important role in explaining the large variability in

the southern hemisphere local lapse rate feedback and, by extension, the global average lapse

rate feedback. We find that much of the variance in southern hemisphere polar amplification

is modulated by climatological sea ice. Since the meridional warming profile is important in

balancing the influence of local and non-local influences on the lapse rate feedback, Antarctic

sea ice plays a modest, but important role in shaping the global lapse rate feedback.

The region between 30◦ – 60◦S is influenced by both tropical and polar warming, which
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work together to control the local lapse rate feedback in this region. As a result, the local

lapse rate feedback in the southern mid-latitudes is a proxy for the polar amplification over

the southern hemisphere. Although other studies have noted the importance of the parti-

tioning of tropical and high latitude warming [e.g., Soden and Held, 2006], we have shown

that the surface polar amplification response in the southern hemisphere largely controls the

global lapse rate feedback. Furthermore, the ratio of Antarctic to tropical warming is im-

portant not just for balancing positive (high-latitude) and negative (low-latitude) feedbacks,

but actually modulates the local feedback strength in the southern hemisphere extratropics.

The importance of the local lapse rate feedback in the southern extratropics is heightened

relative to the northern hemisphere, because it is highly variable across models. The merid-

ional pattern of warming in isolation is not sufficient to accurately predict the global lapse

rate feedback. The spatial pattern of warming also invokes changes in the meridional pattern

of the local lapse rate feedback, which is a key determinant of the global lapse rate feedback.

The variability in the southern hemisphere extratropical local lapse rate feedback is driven

by the non-local influence of tropical surface warming, which tends to reduce the lapse rate

over the southern extratropics, and the reduced warming over the Southern Ocean, which

creates a highly variable local lapse rate feedback in the southern hemisphere. Models with

relatively little warming over the southern hemisphere extratropical surface are dominated by

upper tropospheric warming (that originates in the tropics) [e.g. Screen et al., 2012], which

produces a negative local lapse rate feedback. In models with increased surface warming,

changes in temperature are concentrated at the surface and the local lapse rate feedback

quickly becomes positive. As a result, the southern extratropical local lapse rate feedback is

highly variable as it transitions from a negative to positive local feedback. In the northern

hemisphere, polar amplification is large enough that near surface warming dominates and the

local lapse rate feedback is positive with markedly less variability. This helps shed light on

the highly variable nature of local feedbacks in the southern hemisphere that has been noted

in other studies [Feldl and Bordoni, 2016] and points to muted Southern Ocean warming as a

key difference between the northern and southern hemisphere [Stouffer et al., 1989, Manabe
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et al., 1990, 1991, Collins and Knutti, 2013, Armour et al., 2016].

The pattern of meridional warming over the southern hemisphere is strongly modulated

by Antarctic warming, which has much greater variability across models compared to tropical

warming. We do not attempt to separate the influence of the inversion strength, sea ice

change, radiative feedbacks, and changes in surface heat fluxes, which all contribute to and

are enhanced by Antarctic warming. As such, Antarctic warming over 60◦S - 90◦S is a metric

that encapsulates a number of physical processes. An important factor that contributes to

the model spread in warming over the Antarctic is the climatological sea ice cover, which

is predictive of sea ice loss, inversion strength, changes in surface heat fluxes, and radiative

feedbacks. These processes all act together such that model differences in climatological

sea ice extent are predictive of Antarctic temperature change and southern hemisphere polar

amplification. The tendency for models with larger sea ice extents to exhibit greater warming

has been noted in previous model ensembles with ramped CO2 forcing (r=0.48) [Flato, 2004],

though we find a much stronger connection in this work (r=0.78). Furthermore, Flato [2004]

do not find evidence that initial Antarctic sea ice extent influences the change in sea ice

extent, whereas we find a strong connection within a decade of CO2 quadrupling and in the

decade following CO2 doubling in an experiment where CO2 is increased at 1% per year. We

do not find strong evidence for an influence of climatological Arctic sea ice extent on the

change in Arctic temperature or sea ice coverage. Antarctic sea ice influences the meridional

warming profile in the southern hemisphere and, in turn, contributes to as much as 30%

of the global lapse rate feedback variability across models, even though Antarctic sea ice

represents less than 4% of the Earth’s surface area. This suggests that the initial model

climatological state is important for feedback mechanisms and contributes to biases in the

model response to greenhouse gases.
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Chapter 6

CONCLUSION

This dissertation first focuses on understanding large discrepancies in the satellite mi-

crowave temperature record (Chapter 2). Three independent efforts (from UAH, RSS, and

NOAA STAR) to homogenize the mid-tropospheric temperature record, result in tropical

mid-tropospheric trend estimates that vary by a factor of three. This is striking, because

each team uses the same raw data. We investigated this issue by building a dataset from

Level 1C data, applying varied diurnal corrections and warm target instrument calibrations.

Corrections for drifts in diurnal sampling derived from GCMs leave residual trends in the dif-

ferences between co-orbiting satellites. Because RSS and NOAA STAR use the diurnal cycle

from a GCM to correct for diurnal sampling issues, their long-term trends are influenced by

their diurnal correction methodology. We developed and applied an observationally-based

diurnal cycle adjustment, which effectively removes residuals from co-orbiting satellites. This

technique has since been adopted by RSS (version 4.0) [Mears and Wentz, 2016] and NOAA

STAR (version 4.0), resulting in significantly larger mid-tropospheric temperature trends. In

both of these datasets, the tropical (20◦N-S) mid-tropospheric temperature (TMT) trends

(1979 - 2015) increase by about 25%, from 0.095 to 0.132 (0.125 to 0.160) K decade−1 for

RSS (NOAA). This improvement is important, because it demonstrates that tropospheric

warming is amplified relative to the surface. Over 1979 - 2015, the trend amplification be-

tween the tropical troposphere (T24) and the surface (HadCRUT4) is 1.35 (1.62) for RSS

(NOAA). Typical amplification in climate models is ∼1.4 - 1.6 [Santer et al., 2005, Fu et al.,

2011].

In contrast to RSS and NOAA, UAH uses a different approach to the diurnal cycle cor-

rection, which relies on deriving a diurnal cycle from co-orbiting satellites. We found residual
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errors in their diurnal cycle correction. This bias appears to have been addressed recently,

acting to reduce the mid-tropospheric temperature trend in their new dataset (UAH v6.0

beta 5). Although we were unable to thoroughly examine the UAH diurnal cycle correction,

we did find that longstanding issues with the calibration of the NOAA-9 satellite remain

[Po-Chedley, 2012, Po-Chedley and Fu, 2013]. This issue is seemingly addressed in the new

UAH dataset resulting in a modest net trend increase (from 0.052 to 0.066 K decade−1)

and bringing their data into closer accord with the RSS and NOAA datasets. Despite these

improvements, the UAH tropical tropospheric dataset (T24) still exhibits less warming than

the surface over 1979 - 2015. The UAH tropical T24 trend is 0.101 K decade−1, while the

HadCRUT4 surface trend is 0.125 K decade−1. UAH data continues to be an outlier relative

to complementary datasets, GCM simulations over the satellite record, and is in conflict with

our basic understanding of the processes that control atmospheric temperature change in the

tropics. It is possible that some of these differences relate to the treatment of microwave data

from the NOAA-14 and NOAA-15 satellites [Mears and Wentz, 2016]. NOAA-14 microwave

observations exhibit marked warming compared to observations from NOAA-15. UAH at-

tributes this discrepancy to NOAA-14 observations and removes these data earlier than RSS

and NOAA, which likely reduces the UAH trend. It will therefore be important to investi-

gate this issue as it has important implications for estimates of tropospheric warming and

resolving lingering dataset discrepancies. Potential causes for this intersatellite difference

include instrument calibration issues and differences in the central frequency for NOAA-14

(MSU) and NOAA-15 (AMSU) [e.g., Zou and Wang, 2011, Lu and Bell, 2014].

In Chapter 3, we investigate model vertical temperature amplification between the tropi-

cal upper and lower-middle troposphere. Note that this amplification, between the upper and

lower-middle troposphere, is different from the vertical amplification between the surface and

the troposphere discussed in Chapter 2. Amplification between the upper (T24) and lower-

middle (TLT) troposphere helps to isolate specific atmospheric layers, which essentially tests

the depth of amplification in the troposphere. Studies using CMIP3 models had previously

shown that coupled atmosphere-ocean models tend to exaggerate upper tropospheric trends
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compared to satellite microwave observations [Fu et al., 2011]. We updated this analysis by

utilizing the most recent generation of coupled-atmosphere ocean models from CMIP5 and

by using model simulations with prescribed SSTs in order to reduce the influence of natural

variability on model-observational differences. We found that even when models use obser-

vational SSTs as a boundary condition, they still tend to exhibit excessive increases in static

stability. Other studies have found similar results using radiosondes [Seidel et al., 2012], even

when using prescribed SST experiments from CMIP5 [Mitchell et al., 2013b]. Our results

did point to a potential role of SSTs. CMIP5 model simulations were supposed to use the

Hurrell et al. [2008] SST dataset, but several modeling centers used the HadISST dataset

instead [Rayner et al., 2003]. Models using the HadISST dataset had mid-tropospheric am-

plification that was in accord to satellite observations. Flannaghan et al. [2014] investigated

this issue further by applying both the HadISST and Hurrell SST datasets to individual

models (GFDL and NCAR models). This research showed that the SST dataset can have an

important influence over the tropical tropospheric temperature trends (as measured by T24).

Differences in SST trends in regions of deep convection were highlighted as being important

drivers of atmospheric temperature trend differences.

Chapter 4 looks closer at potential mechanisms that may drive model-observational dis-

crepancies in tropical vertical amplification between the upper and lower-middle troposphere.

Part of this discrepancy may result from issues with data used to force GCM simulations.

Observations show a wide range in tropical lower stratospheric ozone trends. CMIP5 mod-

els were also forced with stratospheric volcanic aerosol datasets that underestimated the

concentration of stratospheric volcanic aerosols after 2000. Furthermore, Flannaghan et al.

[2014] showed that observational uncertainty in the pattern of SST warming can have a large

influence on tropical tropospheric temperature trends. We undertake sensitivity studies and

show that it is unlikely that model biases in the ozone or volcanic aerosol forcings influ-

enced model-observational discrepancies in changes in mid-tropospheric static stability. On

the other hand, we found that the ratio of T24 and TLT trends were sensitive to the SST

dataset, which suggests that SST uncertainty needs to be taken into account when compar-
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ing models and observations of tropical tropospheric amplification. Improvements to model

physics are also important. The GISS E2 model was modified to better capture the MJO

[Kim et al., 2012], the vertical distribution and radiative effects of clouds [Yao and Cheng,

2012], and the fractionation of atmospheric water vapor [Field et al., 2014]. These improve-

ments also enhanced agreement with observations for the vertical structure of temperature

trends and variability. This suggests that model vertical amplification behavior may also

serve as a metric to improve model parameterizations. Using estimates of observational un-

certainty, about half of CMIP5 model ensemble members exhibit significantly more tropical

vertical amplification than observations. Taken as a whole, significant discrepancies still ex-

ist between observations and model simulations of tropical tropospheric warming, but SST

observations may explain some of this difference. Similarly, improvements to the GISS E2

model demonstrate that improved model physics can also be important and may bring model

behavior into closer accord with satellite observations of amplification. Last, given that large

discrepancies still exist for co-orbiting satellite measurements and across the UAH, RSS, and

NOAA STAR microwave temperature datasets, it is possible that observational structural

uncertainty may still be responsible for some of the differences noted here.

An underlying motivation for assessing the vertical structure of tropical tropospheric tem-

perature trends in models is that this behavior is responsible for variations in the lapse rate

feedback. This fundamental feedback varies widely across models and significantly covaries

with the water vapor feedback [Caldwell et al., 2016]. We find that the ratio of upper (T24)

and lower-middle (TLT) tropical tropospheric warming is a relatively poor metric for the

lapse rate feedback. On the other hand, an excellent metric for the lapse rate feedback is

the ratio of upper tropospheric (T24) and surface warming. In contrast to observed multi-

decadal warming, the tropical SST warms relatively uniformly in coupled atmosphere-ocean

simulations forced with increased greenhouse gas concentrations. Thus the pattern of SST

warming does not play a significant role in coupled atmosphere-ocean model simulations of

the vertical structure of atmospheric warming. Differences in amplification, and thus dif-

ferences in the lapse rate feedback, can be related to model physics. A perturbed physics
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ensemble using the GFDL AM4 model results in a wide range of values for the lapse rate

feedback by modifying the parameterization for the conversion of cloud water to rain. We

then mimic this behavior using the NCAR CAM4 model by varying only parameters related

to deep convection. Even though model parameterizations can dramatically alter the magni-

tude of the tropical lapse rate feedback, model simulations of amplification over the satellite

record are only weakly predictive of the quasi-equilibrium amplification in experiments that

quadruple the concentration of atmospheric CO2. Furthermore, model differences in the

tropical lapse rate feedback explain less than half of the variance in the global average lapse

rate feedback, which suggests that warming in the extratropics is an important factor.

In Chapter 5, we expand the scope of this analysis to the entire globe, to explore the

factors that influence variability in the global lapse rate feedback across models. We find

that models with enhanced warming in the tropics tend to have a smaller global lapse rate

feedback, whereas models with larger warming at the poles, especially over the Antarctic,

tend to have a larger global lapse rate feedback. Using principal component analysis, we find

that most of the intermodel variability in the local lapse rate feedback is over the southern

hemisphere extratropics and that this variability projects strongly onto differences in the

global average lapse rate feedback. We are able to relate these two analyses, showing that

the relative warming between the tropics and the Antarctic strongly modifies the local lapse

rate feedback over the southern hemisphere extratropics. Tropical surface warming tends to

enhance upper tropospheric warming over the entire globe. In models with little southern

hemisphere extratropical surface warming, the southern hemisphere lapse rate feedback is

strongly negative. In models with larger Antarctic and sub-Antarctic warming, lower tropo-

spheric temperature changes dominate and the lapse rate feedback becomes positive. This

behavior of the southern hemisphere extratropical lapse rate feedback is non-linear, which

we attribute to the muted warming over the southern ocean. This non-linear behavior leads

to large model-to-model discrepancies in the local lapse rate feedback in the southern hemi-

sphere, which is a critical component in the spread of the global lapse rate feedback. This

same non-linear behavior is not exhibited in the northern hemisphere, because the Arctic
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experiences robust polar amplification across models, leading to a consistent, positive north-

ern extratropical lapse rate feedback. Reduced southern ocean warming thus is a critical

component of the global lapse rate feedback. Given that the meridional pattern of warm-

ing over the southern hemisphere is important and that most of the variance in southern

hemisphere warming is in the Antarctic, we explored factors that influence warming in this

region. We found that sea ice change strongly influences the albedo feedback, the lapse rate

feedback, wintertime surface heat fluxes, and surface temperature change. Further, in the

large forcing (4xCO2) simulations considered, the change in sea ice is strongly related to the

initial Antarctic sea ice extent. We are then able to relate the Antarctic warming and the

global lapse rate feedback to the model’s climatological sea ice distribution. Although the

model’s Antarctic sea ice extent covers less than 4% of the Earth’s surface area, it explains

about 30% of the variance in the global lapse rate feedback.

This research was successful in providing insight into observational issues with satellite

temperature data and in characterizing and interpreting differences in the structure of at-

mospheric warming between models and observations. Despite this progress, a number of

important issues remain. Significant discrepancies between both co-orbiting satellite mea-

surements and across microwave temperature datasets remain and must be addressed to

reduce the uncertainty in estimates of long-term atmospheric temperature change. Differ-

ences in the vertical structure of warming between models and observations are still not fully

understood; future work should assess the role of uncertainty in the pattern of SST warm-

ing and determine if interannual amplification behavior can act as a constraint on uncertain

model physics. While a great deal of attention is paid to Arctic amplification, we have shown

that muted warming over the southern ocean induces large discrepancies in feedbacks in the

southern hemisphere. This suggests that we should continue to scrutinize model behavior

in the southern ocean, particularly in model sea ice fields [e.g., Meehl et al., 2016], which

are important to the surface temperature response in the sub-Antarctic. Continued work

analyzing discrepancies across observational datasets and between models and observations

has the potential to improve both model simulations and observations of global change.
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