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Freshwater ecosystems transfer and transform energy, nutrients and carbon. The color of lakes 

and rivers, as observed from space, can provide clues to their ecological function and response to 

anthropogenic activities. Despite this, remote sensing science has been slower to mature for 

freshwaters relative to terrestrial and marine ecosystems. This research pairs physical and 

biogeochemical measurements collected during field campaigns with airborne and satellite 

remote sensing to improve our understanding of the links between color and chemistry in lakes 

and rivers. Using remote sensing, we mapped over 3,000 river miles in order to better understand 

uncertainties introduced to remote sensing retrievals during atmospheric correction of satellite 

imagery. Building from this work, we then conducted remote sensing analysis of ~500,000 lakes 

combined with a subset of intensive field surveys to (1) establish the relationship between color 

and gross primary productivity in shallow arctic-boreal lakes, (2) quantify multi-decadal trends 
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in lake color across arctic-boreal North America, and (3) evaluate the effect of climate variability 

on arctic-boreal lake color trends.  

 

We found that atmospheric correction can bias model results by 3 – 59% for estimates of 

chlorophyll-a and turbidity derived from Landsat-8 and Sentinel-2 for three large river systems: 

the Columbia, Amazon and Mississippi. We also discovered the green band (reflectance ~ 560 

nm) was the least impacted by uncertainties from processor or sensor choice, implying that the 

green band is most suitable for historical or cross-sensor analysis. This chapter has been 

published in Remote Sensing of the Environment. Applying this framework in the high northern 

latitudes, moderate resolution (30m) satellite and high resolution (5 m) hyperspectral airborne 

remote sensing imagery were used to infer gross primary productivity rates from arctic-boreal 

lakes within the NASA Arctic-Boreal Experiment (ABoVE) domain. This study was published 

in Environmental Research Letters. We then use the Landsat archive to map annual growing 

season greenness from 1985 – 2019 for lakes throughout the entire ABoVE domain. Over a 

quarter of lakes showed significant color change. Declining greenness was the dominant trend 

and was most common in areas also undergoing warming and precipitation increases. This 

finding, which has been submitted to Proceedings of the National Academy of the Sciences, 

provides evidence in support of the hypothesis that warming is restructuring arctic-boreal lake 

ecological dynamics because of changes, in part due to changing hydrologic connectivity. 

Collectively, these studies have advanced our understanding of the ecological significance of 

lake and river color, including opportunities to uncover new relationships between lake color and 

chemistry by combining novel geochemistry data with remote sensing.  
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Chapter 1. INTRODUCTION  

The color of lakes and rivers provides insight into their ecological condition and function 

(Kirk, 1994). Despite this, the remote sensing of inland waters has received less attention in the 

past relative to terrestrial and marine remote sensing (Topp et al., 2020). This has been due in 

large part to historic limitations in spatial, spectral and temporal resolution of satellite sensors 

(Hestir et al., 2015; Mouw et al., 2015). In the past decades, the advent of in situ continuous 

sensors for rapid ecosystem characterization has developed in parallel with the explosion in 

space-based earth observation data (Gorelick et al., 2017; Kraemer, 2020). These twin lines of 

innovation have created massive opportunity for advancing our understanding of environmental 

processes at unprecedented scales. The central goal of this research is to leverage “big data” 

technologies to characterize freshwater ecosystem properties and processes in areas impacted by 

human activities and climate variability.  

One of the greatest challenges to accurate characterization of water spectral properties is 

the removal of atmospheric signals during the process of atmospheric correction (Ruddick, 

Ovidio and Rijkeboer, 2000). Earlier research efforts leveraged atmospheric correction 

techniques developed for marine ecosystems (Gordon and Wang, 1994; Gordon, 1997), but these 

fail to take into account signals in the near-infrared and shortwave infrared that result from 

sediment, bright adjacent land pixels, or shallow bottoms, all of which are common in inland 

waters (Shi and Wang, 2009). In Chapter 1, I test the influence of different atmospheric 

corrections on retrievals of surface reflectance over the Mississippi, Amazon and Columbia 

rivers using Landsat-8 and Sentinel-2 imagery. I compare two Landsat-8 and Sentinel-2 aquatic 

remote sensing reflectance products to the standard USGS land surface reflectance product over 
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the Amazon, Columbia and Mississippi rivers. Reflectance products are then evaluated for their 

comparative performance in retrieving chlorophyll-a and turbidity in reference to ship-borne, 

underway in situ validation measurements. Models were independently evaluated using over 

31,000 field observations of over 3,000 kilometers of main channels across all three rivers. The 

land surface product shows the best agreement (4% Mean Absolute Percent Difference (MAPD)) 

with field measurements of reflectance collected on the Amazon River. Models were able to 

achieve between 3 – 30% MAPD from field measurements, an uncertainty comparable to current 

global ocean primary productivity models derived from remote sensing (Siegel et al., 2001). 

Results show choice of atmospheric correction routine can bias Landsat-8 retrievals of 

chlorophyll-a and turbidity by as much as 59% and 35%, respectively. Using a more restrictive 

time window for matching in situ and satellite imagery can reduce differences by 5 – 31% 

depending on correction technique. This work highlights the challenges of satellite retrievals 

over rivers and underscores the need for future optical and biogeochemical research aimed at 

improving our understanding of the absorbing and scattering properties of river water and their 

relationships to remote sensing reflectance.  

Chapter 2 provides evidence that the Land Surface Reflectance Code (LaSRC) provides 

sufficient accuracy for retrieving reflectance and in-water constituents in turbid waters. 

Subsequent chapters build off this research by adapting the workflows in the context of the 

Arctic-Boreal Vulnerability Experiment (ABoVE) domain. In Chapter 3, this approach is 

leveraged to develop an empirical model for estimating integrated gross primary production 

(GPP) for shallow arctic and boreal lakes from airborne (AVIRIS-NG) and satellite (Sentinel-2, 

Landsat-8 and CubeSats) imagery. In terrestrial and marine ecosystems, remote sensing has been 

used to estimate gross primary production (GPP) for decades, but few applications exist for 
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shallow freshwater ecosystems. We found that in situ GPP derived from stable oxygen isotopes 

(δ18O) can be inferred from lake greenness (Rrs560; r2 = 0.78, p<0.001, PlanetScope) as observed 

from satellite and airborne remote sensing platforms as well as from lake reflectance in the red-

edge region (Rrs703; r2 = 0.8, p<0.001, ASD FieldScope) across a range of optically and 

limnologically-diverse lakes in interior Alaska. Confounding influences were ruled out by field 

measurements of optical conditions, which showed lakes overall were shallow (< 2 m) and 

relatively clear as inferred from low turbidities (< 1 FNU) and low absorption from 

chromophoric dissolved organic matter (CDOM) (< 2 a254). In shallow waters where sunlight 

reaches lake bottoms, both submerged vegetation (macrophytes and algae) and phytoplankton 

likely contribute to gross primary productivity. The stable isotopes and remotely-sensed lake 

color used here integrate both components. This work provides evidence of the feasibility of 

using color indices for mapping not just ecologic properties, but also processes, in shallow lakes. 

In Chapter 4, we then scale this approach by extracting annual time series of lake color 

from 1984 to 2018, with a focus on lake greenness, from ~500,000 arctic and boreal lakes. The 

highest concentration of the world’s lakes are found in arctic-boreal regions (Verpoorter et al., 

2014), and consequently are undergoing the most rapid warming (Overland et al., 2018). 

However, the ecological response of arctic-boreal lakes to warming remains highly uncertain. 

Historical trends in lake color from remote sensing observations can provide insights into 

changing lake ecology, yet have not been examined at the continental scale. Here, we analyze 

time series of 30m Landsat growing season composites to quantify trends in lake color for 

>4x105 waterbodies in boreal and Arctic western North America. We find lake greenness 

declined 15% from the first to the last decade of analysis within the 6.3 X 106 km2 study region 

but with significant spatial variability. Greening declines were more likely to be found in areas 
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also undergoing increases in air temperature and precipitation. These findings support the 

hypothesis that warming has increased connectivity between lakes and the land surface (Bring et 

al., 2016), with implications for lake carbon cycling and energy budgets. This study provides 

spatially-explicit information linking climate to pan-arctic lake color changes, a finding that will 

help target future ecological monitoring in remote yet rapidly changing regions. Overall, this 

dissertation advances our understanding of the challenges and opportunities inherent in satellite 

monitoring of freshwater ecosystems.  These findings collectively put forth a new set of methods 

for generating insights into ecological processes and properties in lakes and rivers using satellite 

remote sensing.  
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Chapter 2. PERFORMANCE OF LANDSAT-8 AND SENTINEL-

2 SURFACE REFLECTANCE PRODUCTS 

FOR RIVER REMOTE SENSING 

RETRIEVALS OF CHLOROPHYLL-A AND 

TURBIDITY 

Kuhn et al., 2019. Remote Sensing of the Environment. 224, 104 – 118.  
 

2.1 INTRODUCTION 

 Rivers sustain terrestrial ecosystems and human communities (UN 2009) yet are being 

transformed worldwide by anthropogenic pressures and environmental change (Vörösmarty et al. 

2010). Threats include harmful algal blooms, sediment loading, warming and eutrophication 

(Whitehead et al. 2009; Malmqvist et al. 2008). In terrestrial, ocean, coastal and lake ecosystems, 

satellites have been increasingly marshalled for ecological monitoring (Smith 2003; Valerio et al. 

2017), yet rivers have received relatively little attention in the field of aquatic remote sensing, in 

part due to their small spatial scale (< 100 km) and because of their large dynamic range of 

optically significant constituents, such as phytoplankton, chromophoric dissolved organic matter 

(CDOM), and non-algal particles, that do not co-vary. This optical complexity, when combined 

with rapid changes in river flow and chemistry, results in a challenging observational 

environment (Hestir et al. 2015).  

  The dynamic nature of rivers necessitates the ability to evaluate ecosystem characteristics 
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beyond point samplings to understand spatiotemporal variation and monitor long-term changes. 

 For example, products retrieved from satellites such as chlorophyll-a (Chl-a), CDOM, and 

turbidity have been used for evaluating important processes/factors such as sediment and DOM 

transport (Saraceno et al. 2009), total suspended matter (Shi et al. 2015) ecosystem productivity 

(Carr et al. 2006; Saba et al. 2011), and even greenhouse gas fluxes (Fay and McKinley 2017) in 

the case of marine and lake settings, but these approaches are seldom applied to rivers.  

 Both atmospheric correction and bio-optical models are key processing steps to water 

color remote sensing (Ruddick, et al., 2000a). During atmospheric correction, remote sensing 

reflectance (Rrs (λ); sr−1), defined as the ratio of water-leaving radiance below the water surface 

to downwelling irradiance above the water surface (Mobley 1999), is recovered from at-sensor 

measurements by correcting for surface effects and atmospheric influences. This process is 

paramount for the robust retrieval of chlorophyll-a, CDOM and sediment at regional and global 

scales (McCain et al. 2006) yet remains one of the largest sources of error and foremost 

challenges in aquatic remote sensing (Mobley et al. 2016; Mouw et al. 2015).  

 While sensor-specific atmospheric correction routines for land and ocean applications 

have existed for decades (Gordon and Wang 1994, Gordon 1997), inland water techniques are 

still emerging. Atmospheric correction over water requires greater precision than over land 

because 70 to 90% of the top of the atmosphere signal over water is known to be from 

atmospheric effects and sun and sky glint from the water surface (Wang 2010). In light of this 

challenge, the joint National Aeronautics and Space Administration (NASA) and United States 

Geologic Survey (USGS) Landsat-8 Surface Reflectance Code (LaSRC), while primarily 

designed for terrestrial applications, has been modified to include a routine over surface waters 

(Vermote et al. 2016). At coarser resolutions, significant progress has been made in developing 
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specialized corrections for coastal ocean applications. For example, NASA’s Ocean Color 

Biology Processing Group (OBPG) regularly generates atmospherically-corrected Level-2 

products from ocean color sensors including the Moderate Resolution Imaging 

Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer Suite (VIIRS) (Barnes 

and Hu 2016; O’Reilly et al. 1998; M. Wang and Shi 2007a) using the SeaWiFS Data Analysis 

System (SeaDAS).  

 The large pixel size (>250 m) of standard ocean color products limits their use at smaller 

spatial scales relevant to inland waters (Mouw et al. 2015).While not designed for ocean color 

applications, moderate-resolution missions (10 – 100 m) such as the Operational Land Imager 

(OLI) on board NASA’s Landsat-8 (L8) and the Multispectral Instrument (MSI) on board the 

European Space (ESA) Agency’s Sentinel-2 (S2), abbreviated hereafter as L8 and S2, provide an 

improvement over prior generations of moderate-resolution sensors used for monitoring near-

surface water constituents.  

 For example, Franz et al. (2015) demonstrated the atmospheric correction of L8 in 

SeaDAS over the Chesapeake Bay for the retrieval of Chl-a. Pahlevan (2017a) used 

atmospherically-corrected S2 images to map total suspended sediment in moderately turbid 

coastal waters. Lymburner et al. (2016) used a land-based atmospheric correction of L8 over 

Australian lakes and produced reasonable estimates of surface reflectance, which were then 

successfully used to retrieve total suspended matter (TSM). L8-retrieved TSM values showed a 

strong correlation with in situ data, but the land-based atmospheric correction was thought to 

introduce a positive bias.  

 Surface reflectance over complex waters has also been estimated using a software 

platform called ACOLITE for both L8 (Vanhellemont and Ruddick 2014) and S2 (Vanhellemont 
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and Ruddick 2016) for turbid coastal waters. Thus, the number of specialized atmospheric 

correction routines has increased substantially (Dörnhöfer and Oppelt 2016) since the first ocean 

color correction was developed (Gordon 1978) and performance comparisons over land are 

underway (Doxani et al. 2018). Despite this, few papers compare their merits (Hadjimitsis et al. 

2004; Doxani et al. 2018; Martins et al. 2017) and standardized surface reflectance products are 

not yet available for inland water applications. 

 A second major barrier impeding our ability to evaluate water color retrievals is the 

limited number of concurrent, in situ, validation measurements (O’Reilly et al. 1998). Multi-

parameter ship-borne sensing platforms are increasingly used in coastal and ocean settings to 

retrieve bio-optical properties (Werdell et al. 2013; Aiken and Hooker 1997; Brewin et al. 2016; 

Matsuoka et al. 2016; Dall’Olmo et al. 2009; Slade et al. 2010; Fichot et al. 2015). These 

underway measurement systems allow for large-scale validation of satellite-based products. 

Underway measurements have also allowed us to expand our observations over larger areas of 

the river’s surface, resulting in changes in our understanding of riverine carbon dynamics at the 

global scale (Sawakuchi et al. 2017). Conversely, in inland waters, especially rivers, the use of 

underway flow-through systems for calibration and validation of satellite products is still 

incipient.      

 In light of these advances, here we evaluate the potential of three atmospheric corrections 

to L8 and S2, validated with high-resolution underway measurements of river constituents, to 

develop space-based retrievals of Chl-a and turbidity in large rivers. Our primary objective is to 

examine the influence of three atmospheric correction routines (LaSRC, SeaDAS, ACOLITE) on 

estimating these parameters.  
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 To achieve this goal, we begin by analyzing surface reflectance estimates, abbreviated 

hereafter as Rrs for readability, from three atmospheric correction routines and evaluating the 

differences in remote sensing reflectance spectra. We compare the reflectance spectra generated 

by this analysis to in-river field measurements as well as to satellite-derived spectra from the 

literature. We then examine the influence of these spectral differences on the performance of 

standard bio-optical algorithms for Chl-a and turbidity. Our goal is to examine how current 

remote sensing approaches may or may not suffice for estimating water constituents across a 

range of river conditions.   

2.2 SITE DESCRIPTIONS 

 Continuous, underway data coincident to satellite overpasses were collected from the 

main stem of the Amazon, Columbia and Mississippi rivers (Table 2.1, Figure 2.1). The rivers 

represent a natural gradient in water color from very clear to very turbid. The cruises are part of 

an ongoing effort (Stadler et al. 2018, Ward et al. 2018; Crawford et al. 2016, 2017) to 

characterize carbon cycling in major rivers using large-scale underway sampling transects.  
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Table 2.1 Campaign details for underway data used in this study. LCR and UMR cruises were 

sampled at 1 Hz resolutions. Amazon cruises were sampled at 0.02 Hz resolution. Counts (N) 

are given for datasets after binning to 1-minute intervals but prior to filtering for quality 

control. 

Dataset River and Region Period Distance Variable   N 

A-LW Amazon Low Water 

Lower Amazon,  

Brazil, South America  

2016-11-04 - 

2016-11-09 

~526 km Chl-a*, Turb**, Rrs(λ)  3838 

A-HW Amazon High Water 

Lower Amazon,  

Brazil, South America  

2017-04-26 - 

2017-05-02 

~526 km Chl-a, Turb, Rrs(λ)  4299 

LCR Lower Columbia, USA, 

North America 

2016-07-12 - 

2016-07-18 

~568 km Chl-a, Turb 1436 

UMR Upper Mississippi, USA, 

North America 

2015-08-01 - 

2015-08-13 

1385 km Chl-a, Turb 4170 

* Chlorophyll-a concentration (mg/m3) ** Turbidity (FNU) 
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Figure 2.1 Field site locations and turbidity gradients. Map showing location of three large river 

basins: Amazon, Columbia and Mississippi (grey) and the field transects (red) (a). Overall 

13,000 measurements of turbidity (FNU) were recorded during the four cruises, revealing 

spatial gradients in water clarity. (b) Upper Mississippi River transect August 2015 (c) Lower 

Amazon River cruise on November 2016 (d) Lower Columbia River Cruise in July 2016 and 

the (e) Lower Amazon River cruise on April 2017.  

 

2.3 METHODS 

 The overarching methodological framework (Figure 2.2d) for this study was to match 

satellite and in situ measurements for three optically diverse river systems ranging from the 

shallow and productive waters of the Mississippi (Figure 2.2a) to the relatively clearer, deeper 

waters (Figure 2.2b) of the Columbia river with the two cruises during Amazon High Water 

(HW) and Low Water (LW) acting as a very turbid endpoint (Figure 2.2c).   
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Figure 2.2. Study sites photos and major steps of analysis. Photos for the Mississippi (a), 

Columbia (b) and Amazon (c) rivers and overarching methodological framework (d) showing 

major modeling steps, inputs and outputs.  

2.3.1 Underway river datasets for algorithm evaluation 

Custom, flow-through systems delivered river water on board from an average depth of 

0.2 m where it passed through a series of optical sensors configured to log simultaneously with a 

GPS unit as described in Crawford et al. (2017, 2016); Turner et al. (2016); Ward et al. (2016). 

Optical parameters measured included turbidity (FNU) (ISO-7027 method, 860 +/- 15 nm 

excitation, 90° scattering) and Chl-a fluorescence (mg m−3, excitation 470 nm +/- 15 nm and 

emissions +/-  685 20 nm), as measured by a Yellow Springs Instrument (YSI) EXO2 sonde.  

Fluorometers are well-suited for inline, large-scale mapping because of small sensor size 

and lower power requirements. Chlorophyll-a fluorescence (Chl-a) is commonly held to be a 

proxy for chlorophyll-a concentration. Known biases associated with fluorometric Chl-a include 

interference from other bio-optical components like non-algal particles as well as variability in 

phytoplankton physiology and species composition which can cause changes in the fluorescence 
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to Chl-a ratio (Roesler et al. 2017; Mouw et al. 2013; Dierssen 2010). Unfortunately, HPLC 

pigment data is not available so natural variations between Chl-a concentrations and 

fluorescence for these large rivers remain to be studied.  

Turbidity, in its formal optical definition, refers to the amount of attenuation and back 

scattering of light due to suspended solids and dissolved load. Data were logged per second at 

boat speeds ranging from 15 to 40 km h-1 representing roughly a point every 4 to 11 meters, or 

two to seven measurements per pixel depending on sensor. The Amazon cruise data were 

collected at one minute intervals; the Mississippi and Columbia datasets were converted from 1 

second intervals to 1 minute median bins (Dall’Olmo et al. 2009) to match the GPS unit logging 

interval.  

2.3.2 In situ hyperspectral radiometry 

While biogeochemical data exists for rivers worldwide, parallel radiometric 

measurements over rivers are very rare. As such, in situ reflectance measurements were only 

possible during the Amazon field campaigns. In situ radiometric data were collected at stationary 

sampling sites during the Amazon cruises (Valerio et al. 2017) to provide a more quantitative 

assessment of atmospheric correction techniques.  

Above-water hyperspectral radiometry data were collected using a portable hyperspectral 

radiometer FieldSpec® (ASD Inc.) which collects radiance (L, µW m-2sr-1) in the range of 350 to 

1100 nm (bandwidth 1nm) and a field-of-view of 25°. The acquisition geometry followed 

(Mobley 1999) recommendations to avoid shadows and sun and sky glint contamination. Total 

water- leaving radiance (Lw), sky radiance (Lsky) and the radiance from a white Spectralon 

reference panel (Lg) were consecutively measured 6 to 10 times in the same sequence using a 

fixed geometry, averaged and resampled to match satellite sensor bandwidths. During days with 
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sparse clouds, the radiometer integration time was adjusted every time the sunlight condition 

changed and new measurements were made. The Lg was used to estimate the downwelling 

irradiance (Ed) (Eq. 2.1): 

 

E!(λ) = 	L"(λ)f#π                                        (Eq. 2.1) 

 

where f# is a correction factor estimated in laboratory by the ratio of a standard Spectralon 

reference that remains in the laboratory by the Spectralon panel used at the fieldwork. The 

remote sensing reflectance (R$%) can be computed according to (Eq. 2.2):  

 

R$% =	
L&
E!

=	
L' −	ρ()$*$)+,$ ∗ 	L%-.

E!	
 

(Eq. 2.2) 

 

where L' is the upwelling radiance that reaches the sensor and ρ()$*$)+,$ is a sun and sky glint 

correction coefficient at the air-sea interface. There are several methods in the literature to 

correct the optical signal from sky glint interference. The sun glint interference at this point 

should be minimum after redundant measurements made following viewing geometry proposed 

by Mobley (1999). The residual sun glint plus sky glint suggested by Ruddick et al (2005) were 

corrected in the present study using the approach of Ruddick et al. (2006) for turbid to highly 

turbid waters. The ρ()$*$)+,$ is a function of wind and cloud cover (Eq. 2.3). 

 

/!"#(12345)

7$(12345)
≥ 0.05	 → ρ()$*$)+,$ = 0.0256  (Eq. 2.3) 

or 
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/!"#(12345)

7$(12345)
< 0.05	 → ρ()$*$)+,$ = 0.0256 + 0.00039W + 0.000034W8     (Eq. 2.4) 

 

where W is the wind (m s-1) measured concomitantly with the radiometric measurements. The 

residual glint and white offset correction were not performed for the spectra dataset. This 

correction usually is based on NIR spectrum (e.g. Rrs(780)  and  Rrs(780), Ruddick et al., 2005) 

and assumes that its shape is largely determined by pure water absorption.  In very turbid waters 

with high NIR reflectance like the Amazon River (Figure 2.1), the NIR variability is not linear 

(Wang et al. 2012; Goyens et al 2013) After Rrs was calculated, the coefficient of variation (cv = 

(standard deviation/mean)·100) of the Rrs spectra replicates was computed for each station. Only 

the spectrum (considering the interval of 400-840 nm) with cv close or lower than 10% between 

the replicates was kept and averaged to get the final spectrum utilized in this study as a 

representative of Rrs at each station.  

2.3.3 Satellite data 

L8, launched as a collaboration between the United States Geologic Survey (USGS) and 

National Aeronautics and Space Administration (NASA) on February 11, 2013, carries onboard 

the OLI pushbroom multispectral radiometer. While the 16-day revisit period is similar to 

previous Landsat missions, L8’s OLI sensor possesses several major enhancements including an 

additional band for coastal and aerosol applications (443 nm) and cirrus clouds (1374 nm). 

Designed to provide continuity with Landsat (Irons et al. 2012), the MultiSpectral Instrument 

(MSI) onboard ESA’s S2 has a 5-day revisit time and 13 spectral bands in the visible to near 

infrared (443 nm–2190 nm) (Drusch et al. 2012) and is also available through a variety of web 

providers including the USGS Earth Explorer site and Google Earth Engine (Gorelick et al. 
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2017a).  

Compared to L8, the S2 sensor features a higher spatial resolution (10, 20 and 60 m), 

shorter revisit period (5 days) and three additional bands in the near-infrared (703, 740, and 783 

nm) region. Both instruments (Appendix A, Table 2.5) are quantized at 12-bits, and have much 

higher signal to noise ratios compared to previous Landsat missions and less frequent saturation 

over highly reflective targets (Pahlevan et al. 2014; Roy et al. 2014). While existing ocean color 

missions like the MOderate Resolution Imaging Spectroradiometer (MODIS) also have high 

radiometric resolution (16 bits) and more frequent revisit times (1-2 days), the finer spatial (10 to 

60 m) resolution of L8 and S2 is their major advantage over coarser ocean color sensors like 

Ocean and Land Color Instrument on board Sentinel-3 (300 m) and MODIS (250-1000 m).  

Collection 1 Level 1 L8 and Level 1C Top of the Atmosphere (TOA) S2 data acquired 

during each cruise were identified by filtering to each region (Figure 2.1) and cruise duration 

(Table 2.1) in Google Earth Engine (Gorelick et al. 2017a). Over 140 total images were acquired 

over the rivers during the cruises. Of these, 121 were found unsuitable because of significant 

cloud cover (>90%) or lack of overlap with the cruise transects in space or time (within ≤ 24 

hours). The final 19 TOA images (Table 2.2) were downloaded from the USGS Earth Explorer 

(https://earthexplorer.usgs.gov/) in January 2018 and defined in their native World Geodetic 

System 84 (WGS84) datum and Universal Transverse Mercator (UTM) projection for use as 

inputs to the atmospheric correction routines. Note that the fusion of these two sensors into 

continuous time series is possible but outside the scope of this study.  

   

 

 



 43 

Table 2.2. Satellite overpasses from L8 and S2 coincident (+/- 24 hours or fewer) of cruise 

activities using a more restrictive time window where possible. S2 images that share a time 

stamp have been repackaged by the USGS Earth Resources Observation and Science Center 

(EROS) into 100 km X 100 km granules, or tiles, excerpted from the same datatake. 

Sensor River Overpass 
Date 

Overpass 
Time 

(UTC) 

Time Window 
(+/- hours)* 

Path/Row or 
Tile 

Landsat-
8 Mississippi  8/7/15 16:47:13, 

16:46:50 3 025/032, 
025/031 

 
Columbia*  7/13/16 18:42:58, 

18:43:22 24 044/027, 
044/028 

 
Amazon 

LW 11/6/16 13:34:59, 
13:35:23 3 225/060, 

225/059 

 
Amazon 

HW 5/1/16 13:33:56, 
13:34:20 3 225/060, 

225/059 
Sentinel-
2 Mississippi*  8/7/15 16:42:10 12 T15SYD, 

T16SBJ 

 

Columbia* 7/14/16 19:04:59, 
19:01:37 12 

T10TGR, 
T10TGS, 
T11TLM, 
T10TFR, 
T11TLL 

 

Amazon 
LW 11/5/16 13:51:10 3 

T22MDE, 
T22MEE, 
T22NEF, 
T22MFE 

      Total Images = 19 
* Window of time in hours between closest coincident image acquisition and field 
measurements.   

 

2.3.4 Atmospheric correction techniques 

In this study we test three atmospheric corrections using Level 1 TOA data as an input: the Landsat 

Surface Reflectance Code (LaSRC); the l2gen processor in SeaDAS; and a third method called 

ACOLITE (Vanhellemont and Ruddick 2015). The first two are used by the USGS and NASA’s 
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OBPG to create land and ocean products. The last method is an open-source software processor 

developed at the Royal Belgian Institute of Natural Sciences (Vanhellemont and Ruddick 2014; 

2015; 2016). The overall differences between processors is described here and in Appendix A, 

Table 2.6. 

The Landsat Surface Reflectance Code (LaSRC), was originally developed at NASA 

Goddard Flight Center for terrestrial applications. LaSRC uses the Second Simulation of the 

Satellite Signal in the Solar Spectrum (6SV) model and auxiliary data from MODIS climate 

grids to estimate aerosols, air temperature, water vapor (MOD09CMG), and ozone 

(MOD09CMA) (Vermote et al. 2016). LaSRC uses the coastal blue band (443 – 450 nm), 

where aerosols typically have a strong signal, in combination with the red band for retrieving 

aerosols (Roy et al. 2014). The resulting USGS Collection 1 L8 reflectance product is widely 

available, including from the USGS Earth Explorer (Woodcock et al. 2008) and cloud 

providers such as Google Earth Engine, Amazon Web Services and Planet Labs. For this 

application, L8 and S2 images were processed in their native resolution (Appendix A, Table 

2.5) using LaSRC (v 3.5.5) at NASA Goddard Space Flight Center’s Terrestrial Information 

Systems Laboratory.  

NASA’s OBPG has, in parallel, developed an approach specifically tuned for water and 

distributed in SeaDAS (version 7.0). SeaDAS’s level 2 (l2gen, v9.1.0) processor was used to 

produce remote sensing reflectance products for L8 (Franz et al. 2015) and S2 (Pahlevan et al. 

2017a). To accommodate complex coastal waters, ocean color processing now incorporates an 

iterative, NIR-based correction (Bailey et al. 2010), which has been shown to reduce negative 

SeaWiFS retrievals in the blue (412 - 490 nm) by 40 – 100% for low to moderately turbid 

waters. For highly turbid waters (TSM > 35 mg L-1), however, NIR bands can saturate at 
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calibrated TOA reflectance values > 2.0 (unitless) (USGS 2018a). To address this, we used NIR 

in combination with SWIR bands (1 μm <  λ < 3 μm), the latter of which appears dark even over 

very turbid water (Shi and Wang 2009). Combining the NIR and SWIR bands has been shown to 

produce radiometrically stable Rrs estimates over turbid waters (Pahlevan et al. 2017c) more 

successfully than when either band is used in isolation (see Appendix A, 2.7.2). The ratio of NIR 

to SWIR Rayleigh-corrected radiance reflectance was used, in combination with the relative 

humidity, to assign an aerosol type from a suite of models (Ahmad et al. 2010; Gordon and 

Wang 1994). Results were then extracted using a spatially smoothed filter as described by 

Pahlevan et al. (2017a, b) for L8 (30m) and S2 (20m) to minimize noise.  

We also processed images using a third open-source software platform called ACOLITE 

(version 20170718.0). Designed specifically for atmospheric correction over marine and inland 

waters, ACOLITE supports both S2 and L8, and is publicly available for download 

(http://odnature.naturalsciences.be/remsem/acolite-forum/) (Vanhellemont and Ruddick 2014;  

Vanhellemont and Ruddick 2016, Vanhellemont 2015). In ACOLITE (version 20170718.0), 

TOA data were converted to water-leaving radiance reflectance (ρw = π × Rrs, dimensionless) in 

their native resolution by the removal of aerosols after radiometric calibration using sensor-

specific gains (Pahlevan et al. 2014). Aerosol type, specified as an epsilon value (ɛ), was derived 

from user-designated, scene-specific aerosol correction bands (NIR-SWIR in this case). Aerosol 

reflectance derived thus was then extrapolated to the visible bands and removed from the total 

signal. Here we chose a combined NIR-SWIR method with an ɛ fixed per-scene to reduce pixel-

level noise (Dogliotti et al. 2011). Clouds, land, glint and human infrastructure were masked 

using a SWIR (~1609 nm) threshold suggested by Vanhellemont and Ruddick (2015) and Wang 

and Shi (2006) in which Rayleigh-corrected reflectances above > 0.0215 (dimensionless) are 
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considered to be non-water. Note that since the preparation of this manuscript, a new version of 

ACOLITE (Python 20180925.0) has been released that selects the atmospheric correction band 

from any part of the spectrum based on the resulting path radiance (Vanhellemont and Ruddick 

2018). This dark spectrum fitting method selects the “black pixel” in any wavelength, including 

the visible, and from whichever target, including building and tree shadows, that is the darkest. 

These changes are expected to alleviate some of the issues associated with using the SWIR band 

for atmospheric correction over water in the presence of adjacency effects. 

2.3.5 Water color algorithms 

In this study, standard satellite water color algorithms for inland waters were applied to 

atmospherically corrected data. Testing new approaches to bio-optical models in freshwater is an 

area of active research (for additional discussion see Appendix A, 2.7.1) outside the scope of this 

study. Here we selected standard, cross-platform approaches. Turbidity was estimated using a 

semi-empirical red band algorithm with L8’s 655 nm band and S2’s 665 nm band (Dogliotti et 

al. 2015; Nechad, Ruddick, and Neukermans 2009). Chl-a was estimated using the widely-tested 

OC3 algorithm. A complete description is given in Appendix A, 2.7.3. Intended for 

concentrations > 0.2 mg m−3, OC3 relates ratios of the maximum of the two blue bands (443 or 

490 nm) and green bands (560 nm) to Chl-a with a fourth-order polynomial relationship 

(O’Reilly et al. 1998). While the red and NIR bands are more commonly used for estimating 

Chl-a in special cases of very turbid waters (Sun et al. 2014; Le et al. 2011; Dall’Olmo et al. 

2009) to avoid overestimating chlorophyll-a erroneously, we wanted to evaluate the performance 

of the models that underpin standard suites of existing data products over the dynamic range of 

our river sites as pre-existing products are likely to be of interest to the water management and 
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limnology communities. Atmospherically corrected satellite data from the three approaches were 

used to produce spatially continuous estimates of Chl-a and turbidity over three river systems. 

2.3.6 Satellite data to in situ matchup considerations 

Outputs of the 19 images selected in this study (Table 2.2) from each of the three 

correction routines were then cloud-optimized, or tiled, for import into Google Cloud Storage 

(GCS). Satellite to in situ matchups were generated by importing all cloud-optimized imagery 

from GCS and field data points into Google Earth Engine (GEE) (Gorelick et al. 2017a) for 

masking and sampling. To avoid the influence of clouds, all images were masked to clear, cloud-

free pixels. L8 LaSRC Level 2 products allow users to specify both cloud and cloud shadow-free 

and water-only pixels using the pixel_qa band (60 m, where pixel_qa = 324), thus masking any 

pixels flagged with medium or high confidence as land, cloud, or ice (Foga et al. 2017). S2’s 

quality bands were used to mask clouds QA60 band (60 m, where QA60 = 0). However, this 

band only indicates the presence or absence of clouds without the additional flags for water 

presence/absence available from the L8 L2 product so the dilated shoreline mask described 

below was used to isolate water pixels.  

 Shoreline effects from mixed pixels and breaking surf at the water’s edge can 

contaminate dark targets and are a special concern for inland waters (Franz et al. 2015). To 

reduce this effect and minimize sub-pixel variability, field measurements collected within 3 

pixels of the shoreline were discarded using a dilated shoreline mask. Shorelines were estimated 

using a land mask derived from the Surface Water Occurrence dataset (Pekel et al. 2016) where 

water occurrence > 90% is classified as water (0) and <90% is classified as land (1). Each 

sampling point’s distance to the nearest non-zero land pixel (i.e. the shoreline) was then 

calculated using a fast distance transform function and points close to shore (< 3 L8 pixels) were 
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excluded, resulting in a dataset representative of open water at a distance greater than 90m from 

the shore. Data from both sensors was masked at 90m for a conservative shoreline estimate.  

Bailey and Werdell (2006) suggest match-ups between satellite and in situ data should 

ideally be restricted to field measurements collected within a 3-hour window of satellite 

overpass. However, other authors have demonstrated successful matchups using less restrictive 

windows of up to 3 days in lakes (Olmanson et al. 2008; Kloiber et al. 2002; Sriwongsitanon et 

al. 2011; Tebbs et al. 2013) under stable hydrologic and atmospheric conditions. For S2 and L8, 

local overpass times were around 11 a.m. ± 0.5 h, which allowed for a time difference of <3 

hours in most cases unless otherwise noted. The difference in acquisition versus in situ time is 

noted for each cruise and sensor (Table 2.2).  

To generate matchups, we sampled a 3 X 3 pixel box centered on each validation point. 

We required a majority of pixels (n => 5 pixels) inside each 3 X 3 box to be retrieved to ensure 

sample size homogeneity within each box. Medians, arithmetic means, standard deviations and 

counts were calculated for 3 X 3 pixel box for Rrs, Chl-a and turbidity. A final filter included 

only points for which a valid reflectance was retrieved by all correction routines. This step 

ensured uncertainties were calculated using the same set of values.   

To further constrain absolute accuracy, another set of filters as recommended by Werdell 

and Bailey (2006) was imposed for turbidity and Chl-a (Appendix A, Figure 2.11). As such, 

negative values and pixels outside of one standard deviation were excluded to reduce the 

influence of extreme outliers and mixed pixels. As a result of these quality control steps, only 

high-quality chlorophyll-a and turbidity validation points were used, which restricted the final 

validation analysis to Columbia and Amazon High Water Landsat-8 acquisitions. The resulting 

data arrays were exported from GEE for statistical analysis and visualization using Python 
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(version 2.7, Python Software Foundation, https://www.python.org/) and R (version 3.4.3, R 

Core Team 2017, https://www.r-project.org/) in Jupyter Notebooks (Kluyver et al. 2016).  

2.3.7 Evaluation Functions 

We evaluated algorithm performance following Bailey and Werdell (2006) to facilitate 

comparison to other studies. Statistics relating any satellite to in situ values included the median 

satellite to in situ ratio (Rt), the semi-interquartile range (SIQR) and the root mean square 

difference (RMSD). These metric, though widely used, should be deployed cautiously and in 

combination with more robust metrics that allow for non-Gaussian distributions and large 

dynamic ranges (Seegers et al. 2018). Therefore, we also calculated the median absolute percent 

difference (MAPD). These metrics are defined as: 

 

Rt = median (9
%&'

9&(!
)  (Eq. 2.5) 

SIQR  = 	:)*	:*	
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 (Eq. 2.6) 
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-.*

=
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>    (Eq. 2.8) 

 

Where Xobs and Xmod are the in situ and satellite values for each sample point, n is the number of 

samples, and the Q1 and Q3 are the 25th and 75th quartiles respectively. The SIQR demonstrates 

the spread or uncertainty associated with the satellite-retrieved values and the median ratio 

captures the overall bias. The Slope (S) and Intercept (I) were estimated by applying a reduced 

major axis (RMA) type II regression model (R package lmodel2 (Legendre, 2014)) to 
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accommodate errors in both the field and satellite measurements (Ricker 1973).  

 

Slope (S) = 9
%&'		*?	
9&(!

                                                              (Eq. 2.9) 

 

Intercept (I) = X@A! − 	S ∗ 	XAB%                                                            (Eq. 2.10) 

  

2.4 RESULTS AND DISCUSSION 

2.4.1 Underway data quality control 

The compiled dataset resulted in > 13,000 measurements over 31 days and 3,000 river 

kilometers. Measurements were collected over two different hydrologic conditions, Amazon low 

water (LW) and high water (HW) conditions in a tidally-influenced system and spanned a 

productivity gradient from the mesotrophic (0.1 < Chl-a ≤ 1 mg m−3 ) Columbia to the eutrophic 

(Chl-a >75 mg m-3) Mississippi (Franz et al. 2005). To our knowledge, this is the first use of 

high resolution, underway data for evaluating estimates of river turbidity and Chl-a from L8. In 

situ values across these rivers revealed large gradients of turbidity (Figure 2.1b-e, Figure 2.2b) at 

both small (e.g. mainstem versus tributary) and large (e.g. tropical versus temperate coniferous 

forest biomes) scales.  
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Figure 2.3. Chlorophyll-a (a) and turbidity (b) from each cruise. Low Chl-a systems (c) included 

the Columbia River and the Lower Amazon low water cruise. 

 
The dynamic range observed here (Figure 2.3) falls within the range measured at 3,400 

marine stations (0.012 – 72.12 mg m-3) as reported in NASA’s bio-Optical Marine Algorithm Data 

set (NOMAD) (Werdell and Bailey 2005) as well as the range from the current largest Chl-a ocean 

color validation set (0 – 100 mg m-3) described by Seeger et al (2018). Therefore, our in situ dataset 

for three major inland rivers falls within the range used to develop satellite-based ocean color 

products, providing evidence that rivers should fall within the dynamic range used to develop 

current ocean and coastal water techniques. For the rivers (Mississippi and Columbia) where 

higher-frequency measurements were binned, the median and standard deviation of the 1-minute 

bins was 44.7 (4.7 ug/L) and 2.19 (0.37 ug/L) for Chl-a and was 26.3 FNU (2.09) FNU and 1.8 

(0.12) FNU for the Mississippi and Columbia River respectively. The relatively low standard 

deviation suggests spatial stability throughout the main stem. 

Of the 13,744 field validation points acquired across all cruises, 6,405 spatially coincided 

with a satellite overpass. Restricting to a 24-hour window reduced the dataset size by 90% 

(Figure 2.4a). In order to ensure the same sample size for each technique, we included only 
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pixels that passed all three corrections without masking (Figure 2.4b). Pixels flagged under 

certain criteria are not processed and this varied by routine.  

For example, after masking with the QA band, LaSRC yielded 708 validation points, but 

ACOLITE and SeaDAS returned valid retrievals for 62% and 37% of those points respectively. 

This discrepancy is due to the fact that each routine uses a different set of flags, with SeaDAS 

(32 flags; Hooker et al. 2003) being more detailed in this case than ACOLITE (4 flags).  

Less than 1% of samples were excluded due to low coverage (< 5 pixels) inside the 

sampled 3 X 3 pixel window (Figure 2.4c). The shoreline mask only excluded 8% of pixels 

(Figure 2.4d), likely because boat surveys generally maintained a steady course in deeper 

navigation channels and because of the previous coverage filter which reduced sampling window 

variability. 
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Figure 2.4. Results from quality control procedure. The method used (similar to Brewin et al. 

2016; Werdell et al. 2013) resulting in the following: (a) Histogram showing the number of 

points that spatially coincided with the overpass (yellow) overlaid by those that 

spatiotemporally coincided within 24 (grey) and 3 (black) hours. (b) Histogram showing the 

points that escaped flagging across all routines (grey). (c) Histogram showing the distribution 

of all points remaining after Step 2 (grey) overlaid by the samples excluded because of <50% 

coverage (i.e. < 5 pixels) inside the 3 X 3 sampling window surrounding each validation 

point. (d) Step 4: Histogram showing the distribution of points excluded (in yellow) because 

of their proximity (<=3 pixels) to shore with an inset (e) showing just the distribution of the 

masked pixels.   
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2.4.2 Atmospheric correction 

Here we will first evaluate the number of failed retrievals, as indicated by negative Rrs 

values, for each correction technique. We then discuss the differences between the land-based 

and aquatic correction techniques and quantitatively compare those results to field Rrs 

measurements. Finally, we evaluate bias, based on differences from field observations, in the 

resulting chlorophyll-a and turbidity retrievals introduced by each correction.   

2.4.2.1 Negative Rrs retrievals 

Analysis of L8 and S2 Rrs observations over rivers are still relatively rare. Figure 2.5 

shows the range of possible Rrs values in the green band across the entire river surface captured 

for the mosaicked images (Table 2.2) before the quality control described in Section 2.3.6. This 

characterization shows the general performance of the atmospheric corrections before any 

uncertainties introduced by sampling the data at specific points. Negative retrievals can be an 

important diagnostic in determining the validity of Rrs. Across the dataset, 1% of L8 and 2% of 

S2 pixels showed Rrs ≤ 0 sr-1 in the green bands (Figure 2.5); more negative retrievals were 

observed in the blue bands (2% L8 and 10% S2), which are known to be sensitive to aerosol 

selection errors.  
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Figure 2.5. Distributions of S2 and L8-derived Rrs (sr-1). Here shown for the green channel (560 

nm) as estimated by the three atmospheric correction techniques for L8 (a,c,e,g) and S2 

(b,d,f). Distributions were derived from images listed in Table 2.2 before any quality control. 

As noted, L8 and S2 acquisitions are not comparable because they did not occur on the same 

day and there were no S2 matchups during Amazon HW. The red line indicates zero; points 

falling below are negative retrievals. Note the change in x-axis between cruises reflective of 

the large gradient of water types surveyed here.  
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Negative retrievals can indicate a problem with atmospheric correction. Aquatic 

correction routines assume any SWIR reflectance to be from aerosols and subtract it as such 

from the rest of the spectra during the aerosol removal step. This assumption is based on the fact 

that even very shallow water absorbs longer wavelength light and thus should be dark (Rrs ~ 0 sr-

1) in the SWIR bands (Wang and Shi 2007; Shi and Wang 2009). However, SWIR signals from 

strong adjacency effects over inland water pixels have been widely documented in most 

(although not all, see Pahlevan 2018) cases. While SWIR signals over water could be caused by 

emergent macrophytes (Dogliotti et al. 2018) nearby land pixels contributing SWIR signals are 

more likely the cause (Richter et al. 2006; Bulgarelli and Zibordi 2018). For example, 96% of 

negative retrievals were from the Columbia (Figure 2.5a,b), whose shorelines feature steep and 

bright cliffs. The Amazon LW and Mississippi images had fewer failed returns (< 1%) (Figure 

2.5c-f) although adjacency effects are present in the TOA spectra of all rivers in this study.  

The negative retrieval rate was twice as high for S2 (5%) than for L8 (2%) in the visible 

to near-infrared bands (~ 400 – 865 nm). In addition to adjacency effects, another contributing 

factor could be S2’s higher spatial resolution. Smaller pixels resolve smaller wave features (Kay 

et al. 2009), amplifying the confounding effects of sun glitter. ACOLITE produced the most 

negative blue band retrievals (14%) relative to SeaDAS (8%) and LaSRC (6%).   

After removal of failed retrievals, the resulting spectral plots derived from the scenes 

listed in Table 2.2 and processed as described in Section 2.3.6 show the top of the atmosphere 

(TOA) reflectance (unitless) and Rrs (sr-1) for the land (LaSRC) and aquatic (SeaDAS and 

ACOLITE) corrections for L8 (Figure 2.6) and S2 (Figure 2.7). The terrestrial technique 

produced higher Rrs values than aquatic techniques by 36% MAPD, or 0.008 sr-1 (Figure 2.6, 

Figure 2.7), across the L8 and S2 visible and near-infrared bands. 
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2.4.2.2 Land-based versus aquatic corrections 

 After removal of failed retrievals, the resulting spectral plots derived from the scenes listed 

in Table 2.2 and processed as described in 2.3.6 show the top of the atmosphere (TOA) reflectance 

(unitless) and Rrs (sr−1) for the land (LaSRC) and aquatic (SeaDAS and ACOLITE) corrections for 

L8 (Figure 2.6) and S2 (Figure 2.7). The terrestrial technique produced higher Rrs values than 

aquatic techniques by 36% MAPD, or 0.008 sr−1 (Figure 2.6, Figure 2.7), across the L8 and S2 

visible and near-infrared bands. 

Clearer waters (Figure 2.6e) showed larger departures between aquatic and terrestrial L8 

techniques (0.004 sr-1) in contrast to the turbid Amazon where differences narrowed to 0.001 sr-1 

(Figure 2.6h) across bands. During the Amazon LW (Figure 2.6g) aquatic and terrestrial methods 

overlapped, with notably high SeaDAS variability (IQR = 0.01 sr-1) in the 430 – 512 nm range 

likely resulting from poor image quality. During the more turbid, Amazon HW cruise, techniques 

converged in the NIR where differences between LaSRC and aquatic techniques closed to 0.0002 

sr-1.  
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Figure 2.6. L8 TOA and Rrs. L8 Rrs median spectra and interquartile range (25%, 75%) by river 

contextualized against TOA values (unitless, top row) and subset to only Rrs (bottom row). 

Median spectra for each river are derived from mosaicked campaign images (Table 2.2) after 

atmospheric correction and the quality control process described in Section 2.3.6  with a ± 24 

h filter to capture adequate samples, (n = 180, 3, 9 and 240) for the Columbia (a, d), the 

Mississippi (b, f, e), Amazon LW (c, g) and Amazon HW (d, h) respectively. In situ values 

collected on the same day and time as the overpass for mean chlorophyll-a (Chl-a) and 

turbidity (T) are shown in the top row for context.  
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Figure 2.7. S2 river TOA and remote sensing reflectance spectra. Median S2 Rrs spectra and 

interquartile ranges (25%, 75%) extracted by river contextualized against TOA values (top 

row) and subset to only remote sensing reflectance (bottom row). Median spectra for each 

river are derived from mosaicked campaign images after atmospheric correction (Section 

2.3.4) and the quality control process described in Section 2.3.6. Resulting median spectra 

from the quality controlled points (n = 416, 4, and 1305) for the Columbia (a, d), the 

Mississippi (b, e), and Amazon LW (c, f) respectively. In situ values collected on the same 

day and time as the overpass for Chl-a and turbidity are shown in the top rows.  

 

 Larger differences were observed in S2. Terrestrial and aquatic techniques diverged by 62%, 

yielding differences in Rrs an order of magnitude higher for S2 (0.01 sr-1) than for L8 (0.003 sr-1). 

By processor, LaSRC L8 Rrs was on average 0.0027 and 0.0031 sr-1 greater than ACOLITE and 
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SeaDAS respectively. For S2 the difference from LaSRC was larger for ACOLITE (0.02 sr-1) but 

not SeaDAS (0.002 sr-1). 

Differences in Rrs result from differences in processor assumptions and correction bands. 

LaSRC estimates aerosols over land using the blue and red bands and extrapolates over water. 

This assumption would not be appropriate over open ocean waters distant from shore but could 

be reasonable across the shorter spatial scales relevant to inland waters. In contrast, aquatic 

techniques assume water absorbs NIR-SWIR strongly and therefore any SWIR reflectance is 

assigned to aerosols. However, as noted in Section 2.4.2.1., NIR remote sensing reflectance 

values > 0 sr-1 at the water surface were observed in all rivers (Figure 2.6 a-d, Figure 2.7 a-c), 

likely stemming from adjacency effects or sun and sky glint (Bulgarelli and Zibordi 2018). Thus, 

while the SWIR-based black pixel assumption might be reasonable even over turbid waters, it 

becomes problematic for systems with strong adjacency effects such as inland waters. For 

waterbodies with nearby and/or bright shorelines, strong NIR/SWIR adjacency effects may be 

too strong for the NIR/SWIR atmospheric correction and consequently terrestrial or alternative 

methods may perform best.    

However, considering the significant methodological differences in approaches, this 

convergence between aquatic and terrestrial techniques is encouraging and suggests choice of 

atmospheric correction may be less important when using L8 in highly reflective systems. The 

range of spectral shapes shown here also fall within that observed within an analysis conducted 

by Spyrakos et al. (2018) of over 250 inland and coastal water Rrs spectra. The differences in 

spectra across optical gradients observed here are similar to those reported by Jackson et al. 

(2017) in a recent analysis of a large scale in situ Rrs and Chl-a dataset (OC-CCI v2.0, Valente et 

al. 2016). 
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Users must be warned, however, that small differences in spectra can lead to large 

differences in the absolute accuracy of satellite-retrieved Chl-a and turbidity values, especially if 

the biases are spectrally-dependent. For example, band ratio models could be more impacted by 

differences in spectral shapes than magnitudes because of their dependence on relative 

contributions from each band. Here, processors resolved similar spectral shapes despite 

differences in magnitudes.  

2.4.2.3 Aquatic corrections 

  While the terrestrial and aquatic methods produced spectra of differing magnitudes, the 

two aquatic corrections agree within 0.0006 sr-1 across rivers and sensors. Differences were the 

smallest (0.001 sr-1) between in the blue and coastal blue bands for the Columbia (Figure 2.6e), 

for the green (0.0005 sr-1) and NIR bands (0.00004 sr-1) on the Amazon HW (Figure 2.6h). 

  The difference between sensors was again pronounced, with a much larger gap between 

aquatic methods spectra for S2 (0.002 sr-1) than for L8 (0.0009 sr-1). Zhang et al. (2018) reported 

S2 produced higher Rrs values than L8 over land. These differences are likely related to 

environmental conditions or ground sampling resolution and not sensor specifications (Pahlevan 

et al. 2017a,b). Despite difference between sensors, aquatic method disagreements are small 

relative to the differences between terrestrial and aquatic techniques. The similarity of these 

estimates likely stems from their shared use of the NIR-SWIR bands for atmospheric correction, 

in contrast to land-based methods which uses different targets (dark dense vegetation), bands 

(blue and red) and assumptions. 

  Differences between aquatic methods showed spectral dependence. The S2 Mississippi 

spectra show a green peak (0.02 sr-1) in the LaSRC spectra but not in ACOLITE (Figure 2.7b). 

The aquatic corrections also vary in L8’s green band (560 nm) over the Columbia (Figure 2.6e), 



 62 

where SeaDAS shows a peak (0.003 sr-1) not observed in the ACOLITE spectra. A similar peak 

is observed in the S2 SeaDAS data (0.002 sr-1) for the Columbia, despite only moderate in situ 

Chl-a (0.5-1 mg/m-3). A major processing difference that could influence these differences is that 

SeaDAS uses a modeled NIR value from iterative NIR processing while ACOLITE uses the NIR 

bands as given. While these spectral differences, as stated before, are likely to impact bio-optical 

models, the remote sensing reflectance estimated by these two aquatic techniques remain on the 

same order of magnitude.  

2.4.2.4 Validation of remote sensing reflectance 

  Radiometric measurements for Rrs validation were collected during Amazon high and low 

water coincident to L8 acquisitions (Table 2.2, Figure 2.8). Unfortunately, no coincident S2 

overpasses occurred. In situ measurements show peaks (0.03 – 0.04 sr-1) in the red and near-

infrared characteristic of highly scattering waters (Figure 2.8) and strong absorption in the 

shorter wavelengths due to organic matter. These spectra show agreement with the shape and 

range (0 – 0.02 sr-1) measured over turbid Amazon floodplain lakes (Martins et al. 2017) and 

coastal waters (0 – 0.035 sr-1) influenced by the Amazon (Froidefond et al. 2002).  

  In comparisons to in situ radiometry (Figure 2.8), LaSRC had the best agreement with an 

average MAPD across the spectrum of 17% (low water) and 4% (high water) with a RMSD as 

low as 0.001 sr-1 during high water. This is approaching the +/- 5% uncertainty benchmark often 

cited as a target for clear water radiances and bottom-of-the-atmosphere reflectance (Drusch et 

al. 2012; Bailey and Werdell 2006; Hooker et al. 1992). LaSRC also showed less uncertainty 

than the aquatic techniques evidenced by a narrower SIQR (Table 2.3). 
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Figure 2.8. Satellite Rrs shown with in situ Rrs. Median spectra and interquartile range (25%, 

75%) for resampled in situ radiometry in comparison to coincident L8 Rrs over the Amazon 

River during low water (a) and high water (b). Each overpass date and WRS-2 path/row are 

listed below the spectra. Hyperspectral in situ radiometry was collected at stationary stations 

on L8 overpass dates as listed on the plot and in Table 2.2.   

  Aquatic techniques for the scenes analyzed here showed reasonable spectra with the 

exception of SeaDAS LW (Figure 2.8a,b). Median ratios were 0.82 <Rt <1.17 with the SIQR 

indicating uncertainties of < 0.30 except for SeaDAS (Table 2.3). No valid pixels coincident with 

field measurements were retrieved by ACOLITE during low water due to SWIR masking. 

During Amazon (HW) where all three corrections were available, ACOLITE MAPD (~8%) fell 

between LaSRC and SeaDAS. SeaDAS showed the least agreement with in situ measurements 

(MAPD of ~ 17 - 79%). These results fall within the range reported by Wei et al. (2018) for L8 
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as corrected by both SeaDAS and ACOLITE using the NIR/SWIR method over optically 

shallow and turbid waters, although ACOLITE shows higher performance here, possibly because 

this study used a fixed epsilon and a SWIR mask whereas Wei et al. (2018) used a per-pixel 

epsilon and did not specify use of a SWIR mask. Differences in these processing options could 

lead to higher MAPDs, especially because of the relatively low signal-to-noise ratios of the 

SWIR bands. RMSD ranged an order of magnitude (0.001- 0.01 sr-1) but across both cruises 

LaSRC had a lower RMSD than either aquatic technique. For example, LaSRC showed an order 

of magnitude lower RMSD than SeaDAS during LW and 50% and 75% lower RMSD than 

ACOLITE and SeaDAS during HW.    

 
Table 2.3. Validation statistics for L8 atmospheric correction techniques over the Amazon river 

for the low (LW) and high water (HW) seasons for the OLI across the VNIR bands.  

 
Cruise Correction Rt (SIQR) MAPD (%) RMSD (sr-1) Slope r2 

LW SeaDAS 1.79 (1.35) 79.39 0.01 0.46 0.52 

LW LaSRC 1.17 (0.30) 16.76 0.005 0.58 0.92 

HW ACOLITE 0.95 (0.13) 8.15 0.002 0.84 0.98 

HW SeaDAS 0.82 (0.09) 17.36 0.004 0.85 0.99 

HW LaSRC 0.96 (0.05) 3.87 0.001 0.95 1.00 

 

 During high water, in situ Rrs was underestimated by the aquatic technique and the 

terrestrial technique overestimates. During low water the bias varied spectrally. For example, 

satellite-retrieved reflectance was higher than in situ data in the blue and NIR during Amazon 

LW (Figure 2.8a). Adjacency effects could explain why the NIR signal observed from space is 
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higher than in situ values (Bulgarelli and Zibordi 2018). The presence of strong glint could also 

contribute additional NIR signal as observed by both field and satellite measurements.  

Glint, a common issue for L8 and S2, could contribute additional scattered light to the 

satellite-observed signal and is currently not corrected for over turbid waters by most standard 

approaches. Glint-removal methods are predominantly developed for clear-water marine systems 

yet can profoundly influence Rrs estimates (Gilerson et al. 2018). For water retrievals, glint 

corrections can cause up to 43% MAPD in Rrs, significantly impacting the resulting Chl-a 

retrievals (Garaba et al. 2015). Little research exists on this topic for inland waters, although 

Overstreet and Legleiter (2017) evaluated glint corrections over shallow rivers and Brando et al. 

(2016) evaluated glint effects in underway river samples. Harmel et al. (2018) developed a glint 

correction that reduced bias between in situ and satellite Rrs by 60%. However, neither in situ nor 

satellite observations over turbid waters are currently glint corrected in standard approaches, 

representing a major limitation.  

  In the opposite case, negative bias in the aquatic techniques was observed in comparison 

to field measurements during the Amazon high water cruise. The underestimation could be due 

to overcorrection resulting from adjacency effects or other factors such as cloud shadows 

observed in some areas of the scene and absorbing aerosols. Absorbing aerosols are not 

accounted for in current aerosol models (Gordon and Wang 1994) but are common in coastal 

zones. Absorbing aerosols are known to vary seasonally over the Amazon river mouth due to 

agricultural burning (Herman et al. 1997). These factors could all contribute to underestimation 

in the shorter wavelengths (440 and 480 nm) as observed in the high water cruise (Figure 2.8b). 

It is also important to note the bidirectional reflectance effects, which are not considered or 

corrected for in these routines, could also add to discrepancies between field and satellite 
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observations.  

 While the terrestrial approach, LaSRC, showed the closest match with field spectra, 

radiometry was not available from the Columbia and Mississippi so the relative difference 

between satellite and in situ Rrs over less turbid waters remains unknown. The larger gap between 

techniques over the Columbia suggest that comparisons to field radiometry over clearer inland 

waters should be a research priority.  

2.4.3 Chlorophyll-a and turbidity   

  We examined the sensitivity and absolute accuracy of satellite-retrieved concentrations to 

atmospheric correction by comparing satellite and in situ measurements of Chl-a and turbidity 

for cruises in which both aquatic techniques were available (see Figure 2.8 for WRS Path/Row), 

which includes the L8 images acquired during the Columbia and Amazon HW cruises.  

2.4.3.1 Chlorophyll-a sensitivity to atmospheric correction 

Overall, SeaDAS-derived Chl-a estimates were on average 2.7 times higher than 

ACOLITE and twice as high as field measurements Figure 2.9. For example, the 0.002 sr-1 and 

0.001 sr-1 difference between SeaDAS and ACOLITE in the green and blue bands resulted in a 

difference of 6 mg m-3 Chl-a. Satellite-derived Chl-a estimates from SeaDAS and LaSRC 

overestimated Chl-a by ~4.7 mg m-3 and 0.6 mg m-3, with median ratios exceeding 1 (Figure 2.9, 

Table 2.4). 

    The absolute percent difference for SeaDAS (MAPD =59%) was higher than ACOLITE 

(MAPD = 30%) and LaSRC (MAPD = 32%), with SeaDAS-derived Chl-a in some cases being 

overestimated by an order of magnitude in the mesotrophic waters of the Columbia River. 

ACOLITE products underestimated Chl-a by ~ 1.29 mg m-3 across both rivers but approximated 



 67 

field values more closely than SeaDAS; for the Columbia river ACOLITE and in situ Chl-a 

distributions were not significantly different (p-value = 0.1).  

 

 

Figure 2.9. Landsat-derived Chl-a in comparison to in situ measurements. Given by river for the 

Columbia (a) and Amazon High Water (b) based on median of images for each river as listed 

in Table 2.2. Note the y-axis change. Red dots indicate significant difference from field 

measurements (p-value > 0.01) While TOA images are available for all the rivers, cloud 

masking and invalid pixel flagging result in low pixel counts and thus no paired, valid pixels 

for the Mississippi and Amazon LW.   

 
  As all three estimates were made using the same bio-optical algorithm (OC3), the major 

factor controlling these differences is the reflectance product used as an input and the underlying 

atmospheric correction processors used to generate those reflectance products. The consistent 

overestimation by SeaDAS directly results from the differences in blue and green bands (Section 

2.4.2.2 – 2.4.2.3) observed in the reflectance spectra. In this case, higher remote sensing 

reflectance accuracies over the Amazon resulted in satellite-retrieved Chl-a values close to field 

measurements.  
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Table 2.4. Combined difference metrics (n = 320) compared in situ to satellite-retrieved 

chlorophyll-a (Chl-a) and turbidity (T) from both correction routines for data acquired within 

24 hours.  

Correction 

MAPD 

(%) Rt RMSD Parameter 

Time 

Difference 

ACO 30 0.70 0.13 Chl-a +/- 3 

SDS 59 1.59 0.30 Chl-a +/- 3 

LaSRC 32 1.32 0.08 Chl-a +/- 3 

ACO 3 1.03 0.22 T  +/- 3 

SDS 13 0.86 0.15 T  +/- 3 

LaSRC 35 1.35 0.48 T +/- 3 

 

  The differences we observe here in these river systems are equivalent to those observed 

in other systems. For example, Dörnhöfer et al. (2018) also used a multisensory approach to 

estimate Chl-a over German Lakes resulting in RMSD’s of between 3.6 to 19.7 mg m-3 with 

errors varying between L8 and S2 sensors. Regardless of correction, differences from in situ 

measurements are lower than the factor of five commonly reported as seen in global ocean 

empirically-based Chl-a satellite retrievals (Dierssen and Karl 2010a) and fall below, with the 

exception of SeaDAS, the 40% error reported for the widely-used OC4v4 standard Chl-a product 

(Laliberté et al. 2018), where errors were also largest in waters with <0.5 mg m-3 Chl-a. It is 

important to note that the established OC3 coefficients were calibrated in reference to high 

performance liquid chromatography pigments (HPLC) whereas our underway validation data is 

derived from instantaneous fluorometers.  

  Where matchups were available at the exact moment of the satellite overpass, we 
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conducted an sensitivity analysis to quantify changes in accuracies resulting from using more or 

less restrictive time windows. Boucher et al. (2016) showed using a time window of 2 instead of 

5 days improved agreement between L8-retrieved and in situ Chl-a values in northeastern lakes. 

In this study, using a time window of +/- 3 instead of 24 hours reduced differences by 5% 

(ACOLITE) and 31% (SeaDAS) for Chl-a.  

  The blue green Chl-a algorithms tested here are designed for systems in which Chl-a is 

the dominant absorber. Consequently, in optically complex waters combinations of other 

components can result in a false Chl-a signal. For example, in terrestrially-influenced waters, 

non-algal particles and CDOM can also absorb in shorter wavelengths, changing the blue-green 

ratio and therefore overestimating Chl-a. Non-algal particles and CDOM can also contribute 

fluorescence, resulting in an overestimation of fluorometric Chl-a (Roesler et al. 2017). For 

turbid systems like the Amazon, CDOM and suspended matter absorbs strongly in shorter 

wavelengths, creating a green peak even in the absence of Chl-a. Valerio et al. (2018) reported 

CDOM absorption coefficients at 412 nm between 1.0-7.0 m-1 in non-turbid tributaries and the 

mainstem. The sensitivity of results to correction techniques, sensors and bio-optical model 

choice shown here indicates that satellite-retrieved Chl-a values should be interpreted with great 

caution in optically complex waters, especially because the relatively wide L8 bands are less 

than optimal for detecting aquatic signals in optically complex environments.  

2.4.3.2 Turbidity sensitivity to atmospheric correction 

  In contrast to Chl-a, for turbidity SeaDAS and ACOLITE show greater agreement with in 

situ measurements (Figure 2.10). Differences between satellite-retrieved and measured values 

range from underestimates of 13 FNU (SeaDAS) to overestimates of 12 FNU (LaSRC). Over the 

Columbia ACOLITE and SeaDAS-derived turbidity were statistically similar to in situ 
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measurements (p-value  = 0.02) (Figure 2.10a). LaSRC had a larger mean absolute difference to 

in situ measurements (35%) than ACOLITE (3%) or SeaDAS (13%) (Table 2.4) with larger 

differences observed at higher turbidities (Figure 2.10b). 

 

 

Figure 2.10. Average Landsat-derived estimates of turbidity in comparison to in situ 

measurements. Scene ID’s can be found in Table 2.2. The red dot indicates distributions that 

are statistically different from field measurements (p-value < 0.01). 

 
  Over the Amazon, the range of satellite-retrieved turbidity (mean = 47 – 62 FNU) 

bracketed in situ values (mean = 50 FNU). Surprisingly, however, the Rrs spectra with the lowest 

MAPD across the spectral for Amazon HW did not result in the most accurate turbidity estimate. 

LaSRC over-predicted turbidity across both rivers which follows from high red band peaks 

(Figure 2.5). Turbidity derived from in situ radiometry (636 - 673 nm) was also overestimated 

(70 FNU) in reference to direct measurements (50 FNU). Thus both satellite and in situ 

reflectance values overestimate turbidity. This could result from additional contributions in the 

red from surface glint that could be addressed in future studies through the use of in-water 

radiometry or could also potentially be remedied by revisiting the turbidity algorithm calibration 

coefficients or using longer wavelengths (Dogliotti et al. 2015; Novoa et al. 2017).  

  The turbidity algorithm used here is directly comparable across platforms and thus 
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differences can be mainly attributable to the atmospheric correction and performance of the bio-

optical algorithm across a wide dynamic range. Inconsistencies in radiometric calibration 

between the two sensors are expected to contribute no more than 6% of total uncertainty 

(Pahlevan et al. 2019). The wide range of turbidities observed in this study suggests a blended 

approach that utilizes different algorithms at different reflectance ranges such as used for Chl-a 

(Hu et al. 2012) may be necessary to map turbidity across the entire dynamic range.  

  While turbidity is not a direct measure of a biogeochemical quantity (Boss et al. 2009), 

its relative ease of measurement, including through crowd-sourced smartphone apps (Leeuw and 

Boss 2018) and usefulness for water quality monitoring (Nechad et al. 2009; Dogliotti et al. 

2015) makes it a practical candidate for satellite remote sensing of aquatic optical conditions. 

These results show that while absolute accuracies of retrievals still require improvement, bio-

optical algorithms are broadly able to discriminate between rivers with significantly different 

optical types.    

2.5 SUMMARY AND FURTHER WORK 

 This study highlights innovative underway field techniques used in combination with L8 

and S2 satellite imagery to identify uncertainties in river remote sensing. We show that while all 

three corrections result in spectra on the same order of magnitude in most cases, the terrestrial 

atmospheric correction method produces a 36% greater Rrs than aquatic techniques. The two 

aquatic approaches agree within 0.0006 sr-1 but that varied by band, which in turn influences 

satellite-derived Chl-a and turbidity estimates. Where radiometric data were available, the 

atmospheric corrections performed sufficiently well at retrieving riverine Rrs, achieving mean 

absolute differences as low as 4% relative to field measurements in turbid waters. When 
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combined with bio-optical models, these Rrs estimates can be useful for examining broad 

gradients in spatial patterns of Chl-a and turbidity.  

However, we strongly advise the cautious interpretation of these results because of 

uncertainties inherent to water color remote sensing that have yet to be resolved. Specifically, we 

advise future work on river remote sensing should occur in four major areas, especially as the 

application of remote sensing for water resource management applications is an increasing 

priority (McClain and Meister 2012). 

First, our findings show terrestrial correction techniques were able to resolve Rrs over the 

Amazon River comparably to aquatic methods, likely because adjacency effects undermine 

SWIR-based aquatic correction approaches and despite the fact that terrestrial techniques do not 

correct for glint. To test this interaction, radiometric measurements over a range of river 

conditions is needed in addition to research examining adjacency effects. For example, (De 

Keukelaere et al. (2018) show improved reflectance results using an L8/S2 atmospheric 

correction framework (iCOR) designed to work over inland waters with an explicit adjacency 

correction (Sterckx et al. 2015). More radiometric validation data, especially over oligotrophic 

systems, is a major research need. Such measurements are required to constrain estimates of Rrs  

and to develop retrieval algorithms with sufficient absolute accuracy (Werdell et al. 2018).  

Next, the assumptions and limitations of standard bio-optical retrieval methods need to be 

systematically re-evaluated in the context of rivers. While algorithms can resolve large 

differences in signals between systems, uncertainties in their quantitative, absolute accuracy 

must not be ignored (Pahlevan et al 2016) especially because the wide bandwidths of the L8 and 

S2 sensors make them less than optimal for detecting aquatic signals in optically complex 

environments. A need exists to compare algorithm performance, especially across missions, to 
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achieve product continuity (Mouw et al. 2015) and advance the field of inland water remote 

sensing. A first step is the development of sensor-agnostic, open source bio-optical models that 

can take outputs from a range of correction processors. This will accelerate testing over a wider 

range of sensors and water types.  

Global measurements of river inherent optical properties are needed to inform a process-

based understanding of the relationship between river biogeochemistry, optical conditions and 

remote sensing reflectance. More geographically diverse radiometric and inherent optical 

property (e.g. particle backscattering coefficients, absorptions coefficients, diffuse attenuation) 

measurements are required. Fully understanding river productivity requires field measurements 

of parallel optical and biogeochemical properties. For example, although Chl-a is generally low 

in the Amazon River main stem, evidence from dissolved oxygen stable isotopes suggest that 

primary production may still be occurring at up to 50% the rate of respiration (Gagne-Maynard 

et al. 2017). Establishing turbidity, CDOM and non-algal particle concentration thresholds for 

the use of blue/green chlorophyll-a algorithms could prevent the masking of chlorophyll-a by 

sediments and the overestimation of chlorophyll-a caused by the presence of non-algal particles 

and CDOM. Spyrakos et al. (2018) has made progress in classifying inland waters by their 

reflectance, which could be one approach to developing flexible bio-optical retrieval algorithms 

such as available for the open oceans. Future research is required to determine the dynamic range 

of river optical properties, their relationship to biogeochemistry, and their influence on remote 

sensing reflectance.  

Finally, in addition to uncertainty from retrieval algorithms, a fourth major difficulty is 

establishing time benchmarks between field and satellite measurements in rivers, especially those 

influenced by short duration processes such as tides. We show constraining matchups to within 3 



 74 

hours can improve satellite-retrieved and in situ Chl-a agreement by more than 30%, yet many 

large-scale sampling campaigns are still designed without consideration for overpass schedules. 

The mismatch in time scales between river processes (hours to days) and sensor return (5 to 16 

days) times is a major limitation of current moderate to high resolution satellite missions. We 

have attempted to address that here by collecting underway data and using a strict data quality 

control process, but it is worth noting such efforts significantly reduce sample size (by 90%) and 

consequent statistical power. National, regional and local water quality programs should 

coordinate sampling with satellite overpasses. Future sensors should combine moderate spatial 

resolutions (<100 m) with more frequent revisit periods (hours to days) (Muller‐Karger et al. 

2018). Standardization of underway optical measurements for remote sensing through 

community protocols is in progress for the ocean (Werdell et al. 2013; Boss et al. 2018). 

Developing similar protocols for inland water surveys would improve comparability across 

studies and provide datasets of sufficient volume for inland water remote sensing calibration and 

validation.  
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2.7 APPENDIX A  

This appendix holds supplemental text, figures and tables for Chapter 2.  
 

2.7.1 Inland water remote sensing 

 The Rrs estimates resulting from atmospheric correction are a fundamental input for bio-

optical models. Over the past three decades, a wide variety of universally applicable remote 

sensing algorithms have been developed to retrieve Chl-a and turbidity from remote sensing 

reflectance (Odermatt et al. 2012; C. R. McClain 2009; O’Reilly et al. 1998). To date, 

standardized high quality science products derived from such algorithms have yet to be 

developed for optically complex waters (Matthews 2011; Zheng and DiGiacomo 2017), although 

commercial products are available (Heege et al. 2014). 

 The free public availability of L8 and S2 data has led to an increase in studies over 

mesotrophic to eutrophic lakes (Dörnhöfer et al. 2018) productive coastal and estuarine waters 

(Snyder et al. 2017), CDOM-rich Estonian lakes (Kutser et al. 2016; Toming et al. 2016) and 

sediment-laden river plumes in the Northern Adriatic Sea (Brando et al. 2015). L8 has been used 

to map suspended matter, Chl-a and trophic state on an oligotrophic tropical reservoir (Bernardo 

et al. 2016; Watanabe et al. 2015) and to model CDOM and water clarity in Midwest USA lakes 

(Olmanson et al. 2016). Lobo et al. (2015) used L8 to model total suspended sediment in Brazil’s 

turbid Tapajos river, yet overall applications in rivers are sparse. 

2.7.2 Atmospheric correction 

 The SWIR approach has been successfully implemented in both SeaDAS (Wang et al. 2009) 

and ACOLITE (Vanhellemont & Ruddick 2015) across a range of turbidities (Ho et al. 2017; Liu 

et al. 2017; Atsushi Matsuoka et al. 2017). SWIR-corrected L8 estimates have shown good 
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agreement with SeaWiFs and MODIS-derived Rrs (Franz et al. 2015). While the SWIR-only 

method has produced valid retrievals in turbid waters (Martins et al. 2017; Ody et al. 2016), 

Pahlevan et al. (2017a) suggests the S2 SWIR bands, when used alone, can yield noisy and 

negative retrievals in the blue and red channels because of the low signal-to-noise ratio and 

insensitivity to variability in aerosol type over aquatic systems. 

2.7.3 Retrieval algorithms 

 Chlorophyll-a was estimated using the NASA Ocean Color Biology Processing groups 

standard approach for Landsat 8 of the OC3 algorithm, which was implemented in both SeaDAS 

and ACOLITE. The algorithm is a fourth order polynomial based on the O’Reilly band ratio 

algorithm OCx that takes the reflectance in the blue (443 > 482 nm) and green (560 nm) bands as 

inputs: 

𝑙𝑜𝑔?5(𝑐ℎ𝑙𝑎) = 	𝑎C + ∑ ∗	D
E2? 𝑎E ∗ 	(𝑙𝑜𝑔?5(

F01(G2345)
F01G(80559)

))E                                     (A1-S1) 

where  

a0 = 0.2412, a1 = -2.0546, a2 = 1.1776, a3 = -0.5538, a4 = 0.4570.  

The same approach was used for Sentinel-2. These coefficients were developed using the 

NASA bio-Optical Marine Algorithm Dataset (NOMAD) (Werdell and Bailey 2005) and 

validation statistics from the SeaWiFS Bio-Optical Archive and Storage System (SeaBASS) for 

Landsat-8 and Sentinel-2 are pending (Jeremy Werdell, personal communication).  

 Turbidity was estimated using the red band using a semi-empirical retrieval algorithm 

derived from the red band.  

𝑇 = 	 H∗	J:
?*	J: K

				𝐹𝑁𝑈	                                                                                     (A1-S2) 

where 𝜌L 	 is the water-leaving radiance reflectance, A = 289.29 g and C = 0.1686 as described in 
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(Vanhellemont and Ruddick 2014). 

 

Table 2.5 Mission and sensor characteristics for Landsat-8 OLI and Sentinel-2 MSI. Both 

sensors possess a 12-bit radiometric quantization allowing for much higher signal-to-noise 

ratios than previous Landsat missions.  

Sensor Agency Launch Date Bands Revisit  Coverage 
and Swath 
(km) 

GSD 
(m)* 

Landsat-8 
Operational Land 
Imager (OLI) 

NASA and 
USGS 
(USA) 

Feb 11, 2013 
- Present 

9 spectral 
bands (413 
- 1.375 nm) 

16 
days 

Global, 170 
X 185 

30m† 
   

Sentinel-2A/B 
Multispectral 
Imager (MSI) 

ESA 
(Europe) 

Sentinel-2A: 
June 23, 
2015 - 
Present 
Sentinel-2B: 
March 7, 
2017 - 
Present 

13 spectral 
bands (443 
- 2202 nm) 

2-5 
days  

Global, 290 
X 300 

10m‡ 
   

* Ground sampling distance (GSD)  
† GSD in visible and near-infrared bands; 15m (panchromatic band) 100m (TIRS bands 10-11) 
‡ GSD in visible and near-infrared bands; 20m (shortwave infrared) 60m (atmospheric correction band) 
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Table 2.6 Key differences in processor options used by this study. Note the level of 

customization ranges for each processor and that this table is not meant to be exhaustive of 

the parameterization schemes for each correction but rather to highlight major differences 

relevant for inland water remote sensing. Also, the table describes the specific settings used 

in this study; some of the components are customizable while others are hard-coded into the 

processor. For example, it is not possible to implement a BRDF correction in LaSRC or 

ACOLITE but the correction can be turned on and off for SeaDAS. In contrast, epsilon in 

ACOLITE can be fixed by tile or by scene for this band combination. Note the LaSRC 

correction produces surface reflectance, which can be compared to remote sensing 

reflectance by dividing by π sr-1.  

 
Atmospheric 
Correction 
Component 

LaSRC* SeaDAS (l2gen) ACOLITE** 

Bands Blue/Red NIR-SWIR NIR-SWIR*** 
Rayleigh 
Correction 

6SV (Vermote et 
al., 2006) 

Refined Rayleigh 
computation (Wang 2005) 

6SV (Vermote et al., 2016) 

Aerosol 
Estimation 

parameters assigned 
from standard 
dynamic aerosol 
model, “Urban 
Clean”, no black 
pixel assumption 

epsilon (ε) from Rayleigh-
corrected NIR/SWIR 
reflectance. The epsilon is 
used to query LUTs of 
aerosol models developed 
from AERONET (Ahmad 
2010) 

fixed aerosol epsilon (ε) 
derived from the Rayleigh-
corrected reflectance in the 
NIR-SWIR 

Aerosol 
Assignment 

per pixel smoothed to minimize noise 
(7X7 for Landsat-8, 6X6 for 
Sentinel-2) 

fixed by scene  

Sun & sky glint includes sun glint standard glint correction 
modeled from 
environmental conditions 
such as windspeed and 
pressure (Wang and Bailey 
2001) 

addresses glint, clouds and 
land by masking Rayleigh-
corrected reflectances above 
> 0.0215 in the 1609 nm 
SWIR band (Vanhellemont 
& Ruddick 2015) 

Adjacency 
affects 

No corrections for 
adjacency effects 

No corrections for 
adjacency effects 

No corrections for 
adjacency effects 

BRDF 
Correction 

No BRDF 
correction 

Turned off over turbid 
waters 

No BRDF correction 

*See Vermote et al. (2016) and citations within for full descriptions.  
** Processing options described fully in Vanhellemont and Ruddick (2015; Vanhellemont and Ruddick (2014; 
Vanhellemont and Ruddick (2016).  
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Figure 2.11. Additional quality control as recommended by Bailey and Werdell (2006) enacted 

upon the chlorophyll-a (left column) and turbidity (right column) data before match-up 

analysis.  
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Chapter 3. SATELLITE AND AIRBORNE REMOTE SENSING OF 

GROSS PRIMARY PRODUCTIVITY IN BOREAL 

ALASKAN LAKES 

Kuhn et al., 2020. Environmental Research Letters. 430, 59-77. CC BY 4.0 

3.1 INTRODUCTION 

 Northern high latitudes are warming at twice the global average rate (Overland et al. 

2018), driving widespread changes to terrestrial ecosystem structure and function (Pastick et al., 

2019; Wang et al., 2019), including to gross primary productivity (GPP) (Myneni et al., 1997; 

Beck and Goetz 2011; Goetz et al., 2005;). GPP is the rate primary producers convert inorganic 

carbon to biomass via photosynthetic pathways. Quantifying GPP can provide crucial insights 

into ecosystem functioning by establishing rates of food web carbon (C) uptake and energy 

flows.  

Satellite remote sensing is a means to observe freshwater ecosystems at global scales. 

Satellite indices for productivity have been well-established for terrestrial (Tucker 1979; 

Pettorelli et al. 2005) and marine (Antoine et al., 1996; Lee et al., 2015) systems from the red 

and near-infrared bands. While inland water remote sensing research has accelerated (Palmer, 

Kutser, and Hunter 2015; Mouw et al. 2017; Matthews 2011; Dörnhöfer and Oppelt 2016; Topp 

et al. 2020), a comprehensive approach to efficiently map the spatial distribution of GPP for 

shallow lakes, which are globally abundant and concentrated in high northern latitudes (Downing 

et al. 2006), has yet to emerge.  
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Past lake productivity studies used an approach adopted from oceanography that assumes 

phytoplankton drive GPP. Indices based on blue and green reflectance (Morel and Prieur 1977) 

are calculated to estimate phytoplankton biomass, which then drives net primary productivity 

models (Behrenfeld et al. 2005; Shuchman et al. 2013). Studies have primarily been limited to 

large water bodies (Bergamino et al. 2010; Deng et al. 2017; Shuchman et al. 2013; Yousef et al. 

2014; Fahnenstiel et al. 2016; Kauer et al. 2015) and the method has even been applied for large 

(> 1 km) lakes worldwide (Sayers et al. 2015). This model relies on the assumption that there is 

no influence from bottom-reflectance (i.e. that lakes are optically-deep).  

However, worldwide 99% of all lakes are small (Verpoorter et al. 2014; Downing et al. 

2006) and average lake depth globally has been estimated to only be 3.9 m (Messager et al. 

2016). For these globally abundant small (< 1 km) and shallow lakes (< 10 m), the current 

method neglects benthic and littoral contributions to GPP from macrophytes and attached algae. 

Incorporating both benthic and pelagic processes into lake GPP models is crucial because 

macrophyte GPP rates exceed all other ecological communities including phytoplankton (Robert 

G Wetzel 2001) and can contribute 65 – 98% of ecosystem production in shallow lakes (Rautio 

and Vincent 2006; Jeppesen et al. 1998).  

A remote sensing method for mapping GPP is needed that can integrate phytoplankton 

and macrophytes. This is especially relevant for the shallow lakes that dominate northern 

latitudes because of their potential relevance to carbon cycling and aquatic food webs (Raymond 

et al. 2013; Stanley and del Giorgio 2018; Wik et al. 2016). The majority of shallow water 

remote sensing studies have focused on deriving bathymetry and fractional cover of aquatic 

vegetation (Kutser et al. 2020). New field-based methods have emerged that account for 

contributions from phytoplankton and macrophytes in lakes (Bogard et al. 2017) but remote 
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sensing techniques have not caught up despite repeated calls for consistent, global inland water 

quality products (Malthus et al., 2012) and the increasing availability of high-resolution satellite 

imagery.  

  This study describes a new approach for quantifying shallow lake GPP using high-

resolution (<10 m) remote sensing and field measurements. We combine field observations of 

GPP derived from oxygen isotopes with high-resolution satellite imagery to estimate shallow 

lake GPP. We then assess this approach using independently collected field data and test the 

model across platforms. We also measured in situ properties including turbidity and absorbance 

to rule out their influence on results. Linking bottom-up field measurements of lake properties 

with top-down remote sensing provides a novel method to link in-lake ecosystem processes with 

spatially explicit data to investigate ecosystem function across arctic and boreal lakes. 

3.2 DATA AND METHODS 

3.2.1 Study Area and Field Campaign Overview 

The Yukon Flats Basin is an extensive, 33,000 km2 complex of low-lying lakes and 

wetlands inside the Yukon River Basin (Figure 3.1). Dry, cold and underlain by discontinuous 

permafrost (Minsley et al., 2012; Rey et al., 2019), the region’s continental sub-arctic climate has 

an annual average temperature of ~ -3 °C (Chen et al. 2014) with short, ice-free summers 

(April/May - Sept/Oct) (Gallant 1995). Over 30,000 lakes dot this semi-arid landscape (Heglund 

and Jones 2003). Despite abundant surface water, the area receives very little precipitation (250 

mm) and lake water balances are dominated by evaporation (Anderson et al. 2013, 2019). Lakes 

are on the whole shallow and macrophyte-rich; historical surveys demonstrated that lake bottoms 

are carpeted with up to 80% coverage of aquatic vegetation (Glesne 1986).  
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Study lakes (n = 7) representative of the region were carefully selected based on results 

from historical surveys (Heglund and Jones 2003; Halm and Guldager 2013; Halm and Griffith 

2014) and a 2016 field study (Bogard et al. 2019) to represent a gradient taking into 

consideration depth, pH, DOC concentration, chlorophyll-a and CDOM absorption (Appendix B, 

Table 3.4)  

 

Figure 3.1. (a) Field site location in interior Alaska (b) Yukon Flats lakes sampled in 2016 (n = 

17, in blue) and repeated in 2018 (n = 7, in green) field campaigns with AVIRIS-NG flight 

lines shown in grey (c) Yukon Flats landscape shown in natural color from Sentinel-2 tiles 

(Table 3.5) collected on July 22, 2018 (d) Close-up of example study lake (Scoter) shown in 

Sentinel-2 natural color. The white arrow indicates where sample was collected on lake. 
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Lakes were sampled by boat and/or floatplane (Figure 3.1a-b) during a 2018 field 

campaign conducted as part of the National Aeronautics and Space Administration’s (NASA) 

Arctic-Boreal Vulnerability Experiment (ABoVE) for a suite of parameters (Section 3.3.2, 

Appendix B, 3.6.1).  

 

Table 3.1 Sampling dates, coordinates and physical properties of study lakes sampled in situ in 

July 2018 for GPP, reflectance, dissolved organic matter composition and chlorophyll-a 

among others (Section 3.2.2). 

 
  Latitude Longitude Date Sampled Depth (m) Surface Area (km2) 

Boot (B) 66.07404 146.27066 7/18/18 22.0 0.73 

Canvasback (CB) 66.38303 146.35489 7/19/18 1.4 2.83 

Greenpepper (GP) 66.09209 146.73557 7/18/18 10.3 0.97 

Ninemile (NM) 66.18285 146.66376 7/17/18 1.8 3.33 

Scoter (SC) 66.24241 146.39896 7/17/18 4.5 4.56 

YF17 (Y17) 66.32072 146.27431 7/17/18 1.6 1.75 

YF20 (Y20) 66.63715 145.77278 7/17/18 1.3 0.59 

 

3.2.2 Field and laboratory methods for lake GPP and color 

Detailed chemical and optical measurements were collected from the center of each lake 

as well as in situ surface reflectance (Rs). Lake GPP was estimated using an oxygen isotope 

(δ18O) mass balance approach adapted from (Quay et al., 1995; Bocaniov et al., 2012) as 

described in Bogard  (2017) and Appendix B, 3.6.1. For clarity, GPP derived from δ18O field 

measurements will be referred to hereafter as in situ GPP in contrast to satellite-derived GPP. 
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Turbidity, chromophoric dissolved organic matter (CDOM) absorbance and phytoplankton 

chlorophyll-a were also measured to determine their influence, if any, on lake color. CDOM is 

the proportion of dissolved organic matter that absorbs strongly in ultraviolet and visible 

wavelengths (detailed methods in Appendix B, 3.6.1). 

3.2.3 Satellite observations of lake color 

The launch of commercial small satellites with daily return times and the increasing 

availability of hyperspectral imagery through large-scale campaigns such as NASA ABoVE has 

sparked interest in finer spatiotemporal analysis. In this study, we capitalize on the strengths of 

three different satellites: Landsat-8, Sentinel-2 and CubeSats (Planet, Inc). The sensors on-board 

Landsat-8 (L8), Sentinel-2 (S2) and PlanetScope (PS) all possess bands in the visible and near-

infrared (VNIR) with varying spatial and temporal resolutions (Figure 3.2). We also incorporate 

hyperspectral airborne imagery from AVIRIS-NG (Figure 3.2). 
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Figure 3.2. (a) Bandpass wavelengths (nm) in the visible bands and near-infrared for each sensor 

used in this study. The colors show the electromagnetic spectrum from blue (~400 nm) to 

near-infrared (dark red, > 700 nm).  (b) Mission specifications for satellite and airborne 

imagery used in this study.   

 
As part of the ABoVE campaign, AVIRIS-NG imagery was acquired on July 22, 2018. 

Level-2 (L2) atmospherically corrected Rs (Bue et al. 2015) was downloaded from 

https://avirisng.jpl.nasa.gov/dataportal/. Sentinel-2 acquisitions were identified and downloaded 

from the U.S. Geological Survey Earth Explorer (https://earthexplorer.usgs.gov/) and 

atmospherically corrected using the Land Surface Reflectance Code (LaSRC) (Vermote et al. 

2016). Sentinel-2 images were also corrected using the Dark Spectrum Fitting (DSF) algorithm 

available in ACOLITE (Python Version 20190326.0), which is an open-source atmospheric 
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correction tested successfully in coastal waters (Vanhellemont 2019). PlanetScope Level-2 

products were identified using the Planet Labs API (Planet 2017) and a cloud-native, scalable 

workflow called SWEEP (John et al. 2019). No cloud-free Landsat overpasses occurred during 

or close in time to field operations.  

To utilize long-term Landsat records, we also calculated Landsat growing season 

composites, which are the per-pixel median greenness over the growing season (June, July and 

August). A common remote sensing tool used to quantify terrestrial productivity (Roy et al. 

2010), growing season composites provide a continuous, stable record of seasonal lake color. 

While Landsat overpasses are infrequent (16 days) compared to Planet (~ daily), the Landsat 

program has the longest global record of Earth observation with acquisitions initiated in the mid-

1980s (Lymburner et al. 2016), making it a powerful tool for historical analysis. For L8 

composites, Collection 1 Level 2 Rs was accessed using Google Earth Engine. To generate 

seasonal composites, per-pixel median greenness was calculated from all cloud-free images 

acquired during the growing season (June 1 – Sep 30) over the study area. With the exception of 

ACOLITE, all reflectance products described above are derived using 6SV-based approaches (E 

Vermote et al. 2006). For brevity only those results are shown in the main text, but ACOLITE 

results are given in Appendix B (Figure 3.7, Figure 3.8, Table 3.6) 

3.2.4 In situ surface reflectance validation data 

In order to verify in situ lake color, Rs (350 - 2500 nm) was measured at each lake center 

in 2018 (n = 7) using an ASD FieldSpec 4 High Resolution Spectroradiometer (3 and 8 nm 

resolution in VNIR and SWIR) (Appendix B, 3.6.2). Above-water, in situ lake Rs was collected 3 

- 5 days prior to overpasses because same-day in situ validation was not possible due to weather 

delays.  
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3.2.5 Combining field and satellite observations 

Lake color was extracted for each sampling location from PlanetScope, Sentinel-2, 

Landsat-8 and AVIRIS scenes for each lake (n = 7) using Google Earth Engine (Gorelick et al. 

2017b). A 3 X 3 pixel-wise box centered on field GPS coordinates was drawn for each lake and 

the median Rs within each box was extracted from the image in order to reduce bias introduced 

by spatial sampling (Pahlevan et al. 2016). In the case of scenes overlapping above a site, the 

median value between scenes was extracted. Since sampling was done at lake centers, all 

selected pixels were open water. A restrictive F-mask filter was also used to confirm selected 

pixels were water (Zhu et al., 2015). Lake color from each respective platform was then 

regressed against in situ GPP (n = 7) using a reduced major axis (RMA) type II regression 

(Python package plyr2, (Haëntjens 2018)). This same workflow was also used to extract lake 

color from Landsat seasonal composites (Section 3.2.3) for the 2016 samples (n = 24). The 

regression model was used to create satellite-derived maps of GPP by taking the regression 

equation derived from the GPP ~ greenness relationship observed in the 2018 field campaign and 

applying it on a per-pixel basis to Sentinel-2 imagery using the green band as the model input.  

3.2.6 Comparing surface reflectance across sensors 

In order to make hyperspectral lake color comparable to multi-spectral observations, in 

situ and AVIRIS-NG reflectance was spectrally convolved to Sentinel-2 wavelengths as in 

(Pahlevan et al. 2017): 

R%MλMN = 	
∑ 	=
)2? R$%(λ))	X	RSR	(λ))

∑ 	=
)2? R$%(λ))

 
(Eq. 3.1) 

 

where: 
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R%MλMN: band center wavelength 

RSR: spectral response factor 

n: total number of hyperspectral band centers (i) 

 

Median absolute percent different (MAPD) was used to compare sensor Rs: 

MAPD = median	 Yabs	 <
x − y
x >^ ∗ 100		 

(Eq. 3.2) 

 

where x is sensor 1 and y is sensor 2. For decadal time series analysis (Figure 3.5), the non-

parametric Mann-Kendall estimator and Sen’s Slope were used to determine whether there was a 

positive or negative trend in lake greenness and its significance. Thiel-Sen Slope was calculated 

using the Scipy Python-based scientific computing package (Virtanen et al. 2020) and 

significance of the slope was determined using a Mann-Kendall test (Hirsch et al., 1982).  

3.3 RESULTS AND DISCUSSION 

3.3.1 In situ lake GPP 

In situ median GPP rates ( 

Table 3.2) were high at 9.72 mg O2 m-2 d-1 and spanned a wide range (interquartile range 

= 6.25 to 10.50 O2 m-2 d-1). In situ GPP is on the same order of magnitude as other free-water 

techniques estimating GPP (Solomon et al. 2013). The rates observed here are higher than more 

dilute and often deeper boreal lakes (Ask et al., 2012; Deininger et al., 2017) and are consistent 

with the high productivity observed in shallow, macrophyte-rich lakes found in the northwestern 

Siberia lowlands (Manasypov et al. 2014) and shallow lakes in the Mackenzie Delta (Squires et 

al., 2009; Tank et al., 2009).  
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3.3.2 Controls on lake color 

Other influences on lake color must be ruled out in order to avoid applying this empirical 

method over-ambitiously. To this end, we characterized variables ( 

Table 3.2) known to influence lake color, including phytoplankton pigments, CDOM and 

turbidity (Aurin and Dierssen 2012). We observed relatively low phytoplankton biomass based on 

HPLC Chl-a pigment analysis (median = 3.4 m-1, interquartile range = 2.4 – 5.9 µg L-1) ( 

Table 3.2). Overall, this is consistent with a previous study of 129 Yukon Flats lakes 

(Appendix B, Table 3.4) showing Chl-a was lower than expected based on nutrient availability 

(Heglund and Jones 2003). The relatively clear waters and high GPP observed here in the presence 

of low phytoplankton biomass suggest macrophyte production is driving lake GPP (Genkai-Kato 

et al. 2012). One exception was YF17, where field observations of a bloom were confirmed by 

high HPLC-derived Chl-a (83.3 µg L-1) 

 

Table 3.2 Limnological conditions for Yukon Flats sites sampled in 2018. Values given represent 
the means and, when more than two replicates were collected, standard deviations of the 
replicates are given as well. 

 

  pH Turbidity 
(FNU) 

Chl-a  (μg 
L-1) 

GPP (g O2 
m-2 d-1) a440 (m-1) DOC (mg L-1) 

Boot (B) 8.31 0.54 2.7 ± 0.05 3.0 1.2 ± 0.12 19.2± 0.21 
Canvasback 
(CB) 9.55 0.96 2.26 ± 0.01 10.7 2.41 ± 0.17 29.83 ± 0.22 

Greenpepper 
(GP) 9.02 0.96 4.1 ± 0.04 6.2 0.42 ± 0.03 32.82 ± 0.40 

Ninemile 
(NM) 9.46 < 0 6.5 ± 0.00 9.7 1.09 ± 0.31 27.64 ± 0.07 

Scoter (SC) 8.93 < 0 7.1 ± 0.05 6.3 0.47 ± 0.20 19.46 ± 0.08 
YF17 (Y17) 9.82 35 83.3± 0.33 14.6 2.42 ± 0.59 35.65 ± 0.54 
YF20 (Y20) 10.24 < 0 1.26 ± 0.4 10.3 1.09 ± 0.83 10.17 ± 0.14 
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The majority of lakes were shallow (median depth of 1.6 m) (Table 3.1), with light 

extending to epiphytic periphyton and aquatic macrophytes. One lake was >10 m deep; the 

depth, low GPP and low Chl-a (Table 3.2) of this lake provided an end-point representative of 

the gradient in the area. Other studies have established that submerged and floating macrophytes 

reflect in the green (560 nm) and near-infrared (850 – 880 nm) (Silva et al., 2008; Oyama et al., 

2015; Palmer et al., 2015; Dogliotti et al., 2018). The shallow depths of these relatively clear 

lakes, as inferred by low turbidities (< 1 FNU in most cases) could allow signals from 

macrophytes and periphyton to reach the surface (Mobley et al., 2010). Given the low Chl-a, low 

turbidities and the observed presence of macrophytes within the water column we suggest that 

overall, phytoplankton production is not a significant component of the optical signature. 

A second influence on lake color is absorption of light by CDOM. CDOM can interfere 

with the remote sensing of GPP in two ways. CDOM absorbs green light, so high CDOM has the 

direct effect of masking green light reflected from photosynthetic pigments (Carder et al. 1989). 

Indirectly, CDOM can shade out aquatic producers, thus having the ecological impact of 

reducing GPP (Ask et al., 2012; Seekell et al., 2015). In order to rule out this influence, CDOM 

data were collected at each site. CDOM values (Table 3.2) in sampled lakes were low (a440, 

median = 1.13 m-1, interquartile range = 0.78 - 1.82 m-1), showing that lakes are relatively clear 

despite their high DOC (10.2 to 25.6 mg L-1) (Table 3.2). Our findings are consistent with other 

studies in semi-arid aquatic ecosystems (Osburn et al. 2011; Bogard et al. 2019; Kellerman et al. 

2019) that show low CDOM despite high DOC. While coupling between DOC and CDOM has 

been demonstrated at global scales (Massicotte et al. 2017), CDOM-DOC decoupling in these 

semi-arid landscapes is hypothesized to result from decreased hydrologic connectivity which 
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reduces terrestrial organic carbon subsidies as aromatic carbon compounds to aquatic 

ecosystems, resulting in clearer lakes than otherwise expected (Johnston et al. 2020).  

Finally, lake color can be influenced by scattering from sediment during periods of 

hydrologic connectivity to surface waters or during lake turnover. However, turbidity across 

lakes was low (< 1 FNU) (Table 3.2) with the exception of YF17, where the previously noted 

algal bloom drove turbidity up to 35 FNU. Taken together, these results indicate the clear and 

shallow nature of these macrophyte-rich lakes creates favorable conditions for the remote 

sensing of benthic properties.  

3.3.3 Linking in situ GPP to Sentinel-2 lake color 

Lake color from satellite and airborne sensors was regressed against 2018 in situ GPP 

(mg O2 m-2 d-1) (n = 7), revealing a strong, positive correlation between greenness and GPP 

(Figure 3.3a, p-value < 0.05). We then applied this regression pixel-wise to Sentinel-2 imagery to 

create spatially explicit GPP maps (Figure 3.3b-c, p-value < 0.05) for each lake. Modeled, S2 

GPP ranged from 3.9 ± 1.14 mg O2 m-2 d-1 in the deep, upland Boot Lake to 14.21 ± 6.42 mg O2 

m-2 d-1 in shallow, eutrophic YF17.  
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Figure 3.3. (a) Scatterplot showing the relationship between GPP measured in situ in 2018 and 

greenness as derived from Sentinel-2 surface reflectance (~560 nm) for July 2018 lake 

samples (n = 7). The equation shown in Figure 3.3a was then applied per pixel to the 

Sentinel-2 imagery, resulting in spatially-explicit maps of GPP. Examples of these resulting 

GPP maps modeled from satellite imagery are shown for two of the study lakes: (b) 

Canvasback Lake and (c) Scoter Lake. The color bar indicates the range of values for 

modeled GPP derived by applying the equation in Figure 3.3a to each Sentinel-2 pixel. 

3.3.4 Independent evaluation with Landsat-8 

The relationship between remotely sensed greenness and in situ productivity was then 

evaluated using a separate dataset from a 2016 field campaign that had been withheld for 

independent testing (Figure 3.4). As same-week images were not available, we instead regressed 

seasonal L8 composites against 2018 (n = 7) and 2016 in situ GPP (n = 17) (Bogard et al., 2019). 

The correlation between greenness and in situ GPP was maintained across both models. 
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Figure 3.4. (a) Scatter plot using L8 composites (Rs; 560 nm) and in situ GPP from 2016 and 

2018 (g O2 m-2 d-1) (n = 24). The 2016 in situ GPP is the average of June and September; 

2018 in situ GPP was collected once during July. The 2016 (shown in blue, n = 17) and 2018 

(shown in green, n = 7) Rs was calculated from June – September composites (see text for 

full description). The S2 model from Figure 3.1d (n= 7) is shown in grey for comparison. L8 

regression model and coefficients of determination (r2) are given in inset. Scene IDs can be 

found in Table 3.5. 

 
The L8 seasonal composites produced a slightly stronger relationship (type 2 major axis 

regression: y = 385.81x – 0.45; r2 = 0.69; p = 2.60 x 10-4, n = 24) than the Sentinel-2 same-week 

model. This likely results from the smoothing of short-term variability from the composite and 

the relative stability of oxygen pools (Bogard et al. 2017) in these shallow lakes on seasonal 
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scales. The separate models provide an independent check against each other, further 

substantiating the robustness of this approach across sensors and years.   

The use of Landsat allows us to tap into the powerful historical imagery available through 

the Landsat archive in order to detect decadal (Wang et al., 2014; Lymburner et al., 2016) and 

seasonal (Kallio et al. 2008) trends in lake color. Lake greenness computed for Scoter Lake 

Figure 3.5 showed a decline from 1984 – 2018. Field studies suggest that declines in greenness 

could result from increased CDOM absorption resulting from thermokarst processes for lakes 

with higher absorption (Wauthy et al. 2018), increases in depth (Duguay and Lafleur 2003), or 

increased sediment loading during periods of surface water connectivity (Vonk et al. 2015). 

Subsequent research combining these techniques with paleolimnology (Pienitz et al., 1999; 

Bouchard et al., 2017) and radiocarbon (Rühland et al., 2003) data has the potential to unveil past 

lake processes, although more testing is required to establish mechanistic links between these 

processes and lake color across more diverse ecosystems.  
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Figure 3.5. Landsat time series of greenness for Scoter Lake. Black dots represent median 

growing season greenness at the sampling location. The red line is the Thiel-Sen slope (y = - 

0.00023x + 0.61, p-value = 0.01) with the p-value from the Mann Kendall significance test 

given top left. Dark and light grey shading depicts launch of Landsat-5 and Landsat-7. After 

Landsat-7 launch two Landsat sensors have continuously been in orbit. Green shading 

represents time period of ABoVE field campaigns. 

3.3.5 AVIRIS-NG, PlanetScope and in situ Rs 

Surface reflectance from different sensors showed the greatest agreement in the green 

band. Using high-resolution PlanetScope and AVIRIS-NG Rs (Appendix B, Table 3.5), Sentinel-

2 and in situ Rs (Figure 3.6, Appendix B, Figure 3.7, Figure 3.8), we compared Rs and respective 

model performance using 2018 in situ GPP. Analyzing agreement between the blue, green, red 
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and NIR bands, we found the best agreement in the green (MAPD median = 29%, interquartile 

range 8 - 53%) (Appendix B, Figure 3.7, Figure 3.8, text 3.6.3, text 3.6.4). 

 

Figure 3.6. Surface reflectance (Rs) represented as the median and interquartile range (25%, 

75%) of 2018 lakes. Dashed vertical grey lines show the wavelengths used to model GPP at 

560 nm (green) and 704 nm (red-edge). S2 TOA spectra given for context. Extended 

discussion of differences given in Appendix B (Figure 3.7, Figure 3.8, text 3.6.3, text 3.6.4). 

It is important to note ASD measurements (Table 3.1 for dates) were collected prior to 

airborne (July 22) and satellite (PlanetScope, July 23; Sentinel-2, July 22) measurements. 

 
 Green Rs is less subject to inter-sensor differences (Pahlevan et al. 2018) and calibration 

errors between Landsat sensors (Vogelmann et al. 2016).  S2’s green Rs has been successfully 
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ground-truthed over small thermokarst lakes and ponds by Freitas et al. (2019) and green Rs is 

also less impacted than NIR by particulates (Wang and Philpot 2007). Green Rs also has the 

major advantage of being measured by almost every spectral remote sensing platform, dating 

back to early Landsat (Dwyer et al. 2018) and including the upcoming Plankton Aerosol, Cloud, 

Ocean Ecosystem (PACE) Mission (Werdell et al. 2019). Finally, previous studies have shown 

greenness covaries with both phytoplankton (O’Reilly et al. 1998; O’Reilly and Werdell 2019) 

and macrophytes (Hestir et al. 2015). In light of the larger disagreements between sensors 

detected in the NIR (Appendix B, 3.6.4) these results suggest that green Rs  may be a stable, 

sensor-agnostic quantity suitable for GPP modeling across a range of spectral, spatial and 

temporal resolutions.  

3.3.6 GPP model results for green and red-edge bands across sensors 

In every platform considered by this study, in situ GPP (mg O2 m-2 d-1) corresponded with 

greenness (Table 3.3, Appendix B, Figure 3.9, Figure 3.10). The strongest correlation was 

between in situ GPP and in situ Rs (r2 = 0.68; p-value <0.05) and CubeSat Rs (r2 = 0.78; p-value 

<0.05). This could be due to two factors. First, in situ Rs was collected simultaneous to in situ 

GPP, in contrast to the overpasses 2-5 days later. However, unlike dynamic river and coastal 

systems, processes in these lakes vary on seasonal and annual scales. For example, high-

frequency daily observations of dissolved oxygen collected from May to September (Bogard et 

al. 2019) show consistently positive rates of net production driven by intense plant growth was 

sustained throughout most of the growing season. Johnston et al (2020) also showed diel 

dissolved organic matter composition and optical properties changed minimally over a 3-day 

period. A second reason for the stronger performance of PlanetScope and the in situ sensor could 

be because of their finer spatial resolution relative to other sensors (10 – 30 m).  
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Table 3.3. Regression results between July 2018 Rs and in situ GPP fitted using a Type II 

regression model using the green (560 nm) and the red-edge (704 nm) bands from each 

sensor. The empty row results from PlanetScope lacking a red-edge band. All p-values were 

< 0.05 (Appendix B, Table 3.6) and individual scatterplots are provided in Appendix B 

(Figure 3.9, Figure 3.10) 

 
 

Green (~560 nm) Red-edge (~704 nm) 

Slope  Intercept r2 Slope  Intercept r2 

S2 TOA 478.91 -22.46 0.30 478.91 -22.46 0.56 

S2 LaSRC 446.18 -5.93 0.53 446.18 -5.93 0.62 

PlanetScope 413.39 -6.65 0.78 NA NA NA 

AVIRIS-NG 607.19 -4.51 0.40 607.19 -4.51 0.74 

ASD Field Spec 146.86 4.43 0.68 146.86 4.43 0.80 

 

While restricting the time difference between field and satellite observations can improve 

model uncertainty in dynamic river systems (Kuhn et al., 2019), albeit time differences of up to 3 

to 5 days have been used successfully in several lake studies (Kloiber et al., 2002; Chipman et 

al., 2004; Olmanson et al., 2008; Boucher et al., 2018). Shorter time differences are ideal, yet 

given the temporal stability of the dissolved oxygen pool and water color over several days in 

these lakes, we are confident these results are representative and provide important insights, 

particularly given the lack of comparisons of surface reflectance over inland waters (Maciel et al. 

2020).  
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A second advantage of Sentinel-2 over Landsat-8 is the addition of red-edge bands 

suitable for mapping vegetation. An even stronger correlation than with greenness was observed 

between GPP and the red-edge band (704 nm) (Table 3.3). Models improved by an average of 

16% (Table 3.3) due to the strong red-edge reflectance of macrophytes. This suggests that, when 

available, red-edge bands may be the strongest candidate for modeling GPP in these shallow lake 

ecosystems whose GPP is driven by both macrophytes and phytoplankton. This finding has 

implications for future missions as red-edge bands with narrower bandpasses are increasingly 

being added to, for example, Planet Lab’s next-generation Dove satellites. While the green band 

is suitable for historic analysis, these findings encourage red-edge based algorithm development 

due to the strong signal in these shallow arctic and boreal lakes. 

 The correlation between green and NIR bands with in situ GPP across sensors and sites 

indicates their potential as a simple GPP proxy for shallow lakes with low turbidity and CDOM. 

For context, global ocean models typically only explain 40% of water-column-integrated primary 

production (Siegel et al. 2001). The strength of this relationship between lake color and in situ 

GPP for both 2016 and 2018 datasets suggest potential for the development of a remote sensing 

modeling framework for shallow lake GPP. 

3.4 CONCLUSIONS 

This study provides evidence of a simple empirical relationship between lake color and 

GPP for shallow, relatively clear boreal lakes using in situ field data paired with remote sensing. 

We use a novel approach that pairs oxygen isotopes with satellite imagery. Both techniques 

integrate pelagic and benthic processes from phytoplankton and macrophytes in shallow waters 

(Wetzel and Hough 1972; Jackson 2003). Summertime CO2 drawdown in shallow lakes has been 
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linked to macrophyte growth, highlighting the potentially important role of macrophytes in lake 

carbon cycling (Tank et al., 2009; Vesterinen et al., 2016). Shallow lakes are abundant 

worldwide and therefore the ability to integrate benthic and pelagic GPP is crucial for capturing 

whole ecosystem GPP.  

In terrestrial systems, NDVI has been widely adopted as a useful, albeit imperfect, proxy 

for vegetation biomass (Rouse 1974). NDVI has transformed our understanding of landscape 

change in remote northern regions (Goetz et al., 2005; Ju and Masek 2016; Jia et al., 2003; Sulla-

Menashe et al., 2018; Bhatt et al., 2013), yet no such metric has been adopted for shallow lakes. 

This study provides initial evidence of the green band as a potential simple index for mapping 

GPP in shallow, light-filled, and highly productive northern lakes. We then confirmed this 

relationship using Landsat-8 and compare results from other sensors including AVIRIS-NG and 

PlanetScope. This study demonstrates green and red-edge bands from Sentinel-2, Landsat-8, 

AVIRIS-NG and PlanetScope can be used to map GPP when constrained with appropriate field 

data. More detailed in situ measurements of lake color and biogeochemistry across optically 

diverse systems are needed to further test this finding. Advances in field data collection needs to 

be prioritized for algorithm development across the circumpolar north.   

In the Yukon Flats, warming and thawing has led to lake area decline (Jepsen et al. 2013; 

Jepsen et al. 2016). Surveying all 30,000 lakes in this region is not feasible yet the area is 

predicted to undergo drastic hydrologic changes linked to increasing permafrost thaw (Walvoord 

and Striegl 2007; Walvoord et al. 2012). Our findings suggest further work developing remote 

sensing algorithms for GPP could advance lake monitoring at scales useful for climate science 

and ecosystem management.  
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3.6 APPENDIX B 

This section provides additional details on site selection, the satellite and airborne imagery used 

for the GPP model, and additional figures analyzing differences in remote sensing reflectance 

spectra. References can be found in Section 3.6.  

Table 3.4. Range of limnological conditions documented in this study and previous work.  
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Table 3.5. Satellite image IDs for tiles used in this analysis. Planet and Sentinel-2 scenes listed 

here were the acquisitions closest in time to field surveys (Table 3.1). For the 2018 

campaign, no cloud-free data within 5 days were acquired so Landsat seasonal composites 

were used.  

 
Sentinel-2 (July 22, 2018) Landsat 2016 (Seasonal 

Composites) 
Landsat 2018 (Seasonal 
Composites) 

L1C_T06WVU_A016099_20180722T2
13530 
L1C_T06WWU_A016099_20180722T
213530 
L1C_T06WWV_A016099_20180722T
213530 
 

LE07_L1TP_068013_20160713_20160831_01_T1 
LE07_L1TP_068014_20160713_20160901_01_T1 
LE07_L1TP_069013_20160704_20160831_01_T1 
LE07_L1TP_069013_20160720_20160831_01_T1 
LE07_L1TP_069014_20160618_20160901_01_T1 
LE07_L1TP_069014_20160704_20160831_01_T1 
LE07_L1TP_069014_20160720_20160901_01_T1 
LE07_L1TP_070013_20160711_20160831_01_T1 
LE07_L1TP_070013_20160727_20160831_01_T1 
LE07_L1TP_070014_20160625_20160901_01_T1 
LE07_L1TP_070014_20160711_20160831_01_T1 
LE07_L1TP_070014_20160727_20160831_01_T1 
LC08_L1TP_068013_20160603_20170223_01_T1 
LC08_L1TP_068013_20160619_20170221_01_T1 
LC08_L1TP_068013_20160705_20170223_01_T1 
LC08_L1TP_068013_20160721_20170221_01_T1 
LC08_L1TP_068014_20160603_20170223_01_T1 
LC08_L1TP_068014_20160705_20170223_01_T1 
LC08_L1TP_068014_20160721_20170221_01_T1 
LC08_L1TP_069013_20160610_20170220_01_T1 
LC08_L1TP_069013_20160626_20170222_01_T1 
LC08_L1TP_069013_20160712_20170222_01_T1 
LC08_L1TP_069013_20160728_20170221_01_T1 
LC08_L1TP_069014_20160610_20170220_01_T1 
LC08_L1TP_069014_20160626_20170222_01_T1 
LC08_L1TP_069014_20160712_20170222_01_T1 
LC08_L1TP_069014_20160728_20170221_01_T1 
LC08_L1TP_070013_20160601_20170223_01_T1 
LC08_L1TP_070013_20160617_20170222_01_T1 
LC08_L1TP_070013_20160703_20170221_01_T1 
LC08_L1TP_070013_20160719_20170223_01_T1 
LC08_L1TP_070014_20160601_20170223_01_T1 
LC08_L1TP_070014_20160617_20170222_01_T1 
LC08_L1TP_070014_20160703_20170221_01_T1 
LC08_L1TP_070014_20160719_20170223_01_T1 

LE07_L1TP_068013_20180601_20180628_01_T1 
 LE07_L1TP_068013_20180617_20180715_01_T1 
 LE07_L1TP_068013_20180703_20180730_01_T1 
 LE07_L1TP_068014_20180601_20180628_01_T1 
 LE07_L1TP_068014_20180617_20180714_01_T1 
 LE07_L1TP_068014_20180703_20180730_01_T1 
 LE07_L1TP_068014_20180719_20180816_01_T1 
 LE07_L1TP_069013_20180608_20180705_01_T1 
 LE07_L1TP_069013_20180624_20180721_01_T1 
 LE07_L1TP_069013_20180726_20180821_01_T1 
 LE07_L1TP_069014_20180608_20180705_01_T1 
 LE07_L1TP_069014_20180624_20180721_01_T1 
 LE07_L1TP_069014_20180710_20180806_01_T1 
 LE07_L1TP_069014_20180726_20180821_01_T1 
 LE07_L1TP_070013_20180615_20180712_01_T1 
 LE07_L1TP_070013_20180701_20180728_01_T1 
 LE07_L1TP_070013_20180717_20180813_01_T1 
 LE07_L1TP_070014_20180615_20180712_01_T1 
 LE07_L1TP_070014_20180701_20180728_01_T1 
 LE07_L1TP_070014_20180717_20180813_01_T1 
 LC08_L1TP_068013_20180609_20180615_01_T1 
 LC08_L1TP_068013_20180625_20180704_01_T1 
 LC08_L1TP_068013_20180711_20180717_01_T1 
 LC08_L1TP_068013_20180727_20180731_01_T1 
 LC08_L1TP_068014_20180609_20180615_01_T1 
 LC08_L1TP_068014_20180625_20180704_01_T1 
 LC08_L1TP_068014_20180711_20180717_01_T1 
 LC08_L1TP_068014_20180727_20180731_01_T1 
 LC08_L1TP_069013_20180616_20180703_01_T1 
 LC08_L1TP_069013_20180702_20180717_01_T1 
 LC08_L1TP_069013_20180718_20180731_01_T1 
 LC08_L1TP_069014_20180616_20180703_01_T1 
 LC08_L1TP_069014_20180702_20180717_01_T1 
 LC08_L1TP_069014_20180718_20180731_01_T1 
 LC08_L1TP_070013_20180607_20180615_01_T1 
 LC08_L1TP_070013_20180623_20180704_01_T1 
 LC08_L1TP_070013_20180709_20180717_01_T1 
 LC08_L1TP_070013_20180725_20180731_01_T1 
 LC08_L1TP_070014_20180607_20180615_01_T1 
 LC08_L1TP_070014_20180623_20180704_01_T1 
 LC08_L1TP_070014_20180709_20180717_01_T1 
LC08_L1TP_070014_20180725_20180731_01_T1 

Planet (July 23, 2018) 
20180723_204630_1021 
20180723_204744_0f35 
20180723_204628_1021 
20180723_204743_0f35 
20180723_204624_1021 
20180723_204627_1021 
20180723_204449_100c 
20180722_204413_1033 
20180723_204451_100c 
20180722_204416_1033 
20180722_204415_1033 
20180723_204626_1021 
20180723_204624_1021 
20180723_204448_100c 
20180722_204411_1033 
20180723_191112_0f3d 
20180723_204442_100c 
20180723_204441_100c 
20180722_204406_1033 
 
AVIRIS-NG 
ang20180722t212222 
ang20180722t214026 
ang20180722t215812 
ang20180722t221648 
ang20180722t205755 
ang20180722t204801 
ang20180722t203748 
 
 
 

 

3.6.1 Extended Laboratory Methods 

  Water temperature, pH and turbidity were measured on site using an EXO-2 

multiparameter probe (Yellow Springs Instruments). Samples for dissolved organic carbon 
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(DOC, mg L-1) and chromophoric dissolved organic matter (CDOM) were measured as in 

Johnston et al. (2019). CDOM absorbance was measured from 220 to 800 nm and reported as the 

absorption coefficient at 440 nm (a440, m-1) and 254 nm (a254, m-1). Phytoplankton pigments were 

collected from water samples filtered using Whatman GF/F filters with a 0.7 μm nominal pore 

size that were pre-combusted at 450 °C for > 5 hours before HPLC analysis as described in Van 

Heukelem and Thomas (2001).  

At each site, point measurements of dissolved oxygen (DO) concentration, δ18O–DO and 

δ18O–H2O were collected and used to calculate spatiotemporally integrated ecosystem GPP. 

δ18O–DO samples were processed on a ThermoFinnigan Delta V Plus isotope ratio mass 

spectrometer (IRMS) in continuous flow mode (Bogard et al. 2019). Stable isotope composition 

of water (δ18O–H2O) was measured using an isotopic water analyzer (Picarro L2140-i). 

3.6.2 Extended Remote Sensing Methods  

 The instrument has a 25° field of view and measures from 350 to 2500 nm. 

Measurements from 0.3 m above the water surface were collected at a fixed geometry with a 

solar zenith angle of 90 - 135° at 45° from the water surface to minimize glint as in Kuhn et al. 

(2019). When possible, sampling was done in direct sunlight during the brightest part of the day 

(8 AM - 1 PM) to coincide with local satellite overpass times. At each site, ten replicates each of 

the water surface (Lsw), a white Spectralon reference (Lred) panel, and the sky (Lsky) were 

collected in sequence (Valerio et al. 2017). 
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Figure 3.7. Surface reflectance for sensors tested in this study. Surface reflectance (Rs) 

represented as the median and interquartile range (25%, 75%) of 2018 lakes. Dashed vertical 

grey lines show the wavelengths used to model GPP (Table 3.2) at 560 nm (green) and 703 

nm (red-edge). Top-of-atmosphere (TOA) spectra given for context.  
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Figure 3.8. Mean Absolute Percent Difference in surface reflectance between each sensor for 

each band.  

 

3.6.3 Extended Results: Reflectance Inter-comparison 

  Median visible to near-infrared Rs values (443.9 – 864.8 nm) were 0.014 (interquartile 

range = 0.0056 - 0.024), 0.012 (interquartile range = 0.009242 - 0.017), 0.021 (interquartile range 

= 0.017 - 0.034), and 0.025 (0.02-0.03) for the ASD Field Spec, AVIRIS-NG, Sentinel-2 corrected 

with ACOLITE (Python Version 20190326.0), and Sentinel-2 corrected with LaSRC, respectively. 

PlanetScope had the highest overall reflectance (median 0.035, interquartile range = 0.031 - 0.043).  

   The closest agreement (MAPD <1%) was observed between the two Sentinel-2 

atmospheric corrections (ACOLITE versus LaSRC) (Appendix B, Figure 3.7) where surface 

reflectance values were very closely aligned with the exception of the blue bands (MAPD ~30%), 
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which are known to be the most sensitive to errors from atmospheric correction (Kuhn et al., 2019). 

The least agreement (276% MAPD) was observed in between PlanetScope and AVIRIS-NG in the 

near-infrared bands (Appendix B, Figure 3.7), likely resulting from the much wider bandpass of 

Planet in the NIR.  

Rs generally showed high values, with peaks in the green and NIR (Figure 3.6). In situ Rs 

was lower (< 0.015) across the visible to NIR (443.9 – 864.8 nm) than satellite Rs ( > 0.02) likely 

resulting from residual scattering remaining after atmospheric correction (Kuhn et al., 2019; 

Pahlevan et al., 2019). In situ median NIR (835 nm) values were the comparable for the ASD 

(median = 0.012 interquartile range 0.005 – 0.02) and AVIRIS-NG (median = 0.013 interquartile 

range 0.01 – 0.04) and much lower than the satellite Rs. The agreement observed between airborne 

and in situ Rs further implies that Rs differences could be due to atmospheric correction. 

   We assessed how well any individual sensor performed overall relative to other sensors by 

averaging the MAPD for each sensor. The two Sentinel-2 surface reflectance products showed the 

lowest MAPD with each other and other sensors (LaSRC median = 28%, interquartile range 7 - 

60%, ACOLITE: median = 25%, interquartile range = 8 - 60%). AVIRIS-NG and PlanetScope had 

higher and similar MAPDs (AVIRIS-NG: median = 48%, interquartile range = 27- 61%, 

PlanetScope: median = 44%, interquartile range = 9 - 60%). The PlanetScope MAPDs are 

comparable with Mean Absolute Percent Error (MAPE) values of 46% reported over turbid waters 

(Maciel et al. 2020). 

 The largest differences were observed between the field measurements and satellite 

platforms (median = 55%, interquartile range = 48 - 72%), which could be because the remote 

sensing acquisitions occurred a week after field measurements. While images were acquired on 

the closest cloud-free day possible coincident to field measurements, this lag between field and 
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satellite overpasses mean observations were acquired under different atmospheric and 

environmental conditions which no doubt contributed uncertainty.  

3.6.4 Extended Results: NIR 

 Sensors disagreed the most in the NIR as indicated by a large MAPD (median 54%, 

interquartile range of 8 - 60%). Sentinel-2 NIR (835 nm) Rs ranged from a median of 0.038 

(interquartile range 0.005 – 0.02) for TOA to slightly lower and similar values for LaSRC 

(median = 0.031 interquartile range 0.018 – 0.04) and ACOLITE (median = 0.031 interquartile 

range 0.016 – 0.041) after atmospheric correction. Planet had the highest NIR Rs (median = 0.05 

interquartile range 0.04 – 0.06). High NIR and shortwave infrared (SWIR) Rs in these shallow, 

macrophyte-rich lakes contrasts sharply to the classic assumption of water as a “dark pixel” 

(Wang and Shi 2007b; Siegel et al. 2000). Greater disagreement in the NIR over water, and high 

Rs in the NIR, is consistent with other studies (Bernardo et al., 2017; Wang et al., 2019; Maciel 

et al., 2019) and has implications for NIR use in atmospheric correction and water detection. 

Atmospheric corrections that rely on negligible NIR/SWIR Rs will overestimate aerosols. 

Therefore terrestrial approaches, or other techniques that allow for NIR/SWIR Rs, are likely a 

more appropriate choice for these systems (Bailey et al., 2010; Vermote et al., 2016; 

Vanhellemont, 2019). 
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Table 3.6. Model results for sensors tested in this study including ACOLITE.  

  
Green (~560 nm) Red-edge (~703 nm) 

Slope  Intercept r2 p-value Slope  Intercept r2 p-value 

S2 TOA 478.91 -22.46 0.30 0.000429 478.91 -22.46 0.56 0.000078 
 

S2 LaSRC 446.18 -5.93 0.53 0.000104 446.18 -5.93 0.62 0.000219 
 

S2 ACOLITE 391.77 -4.03 0.28 0.000378 391.77 -4.03 0.57 0.000278 

PlanetScope 413.39 -6.65 0.78 0.000028 NA NA NA  

AVIRIS-NG 607.19 -4.51 0.40 0.000198 607.19 -4.51 0.74 0.000086 

ASD Field Spec 146.86 4.43 0.68 0.001667 146.86 4.43 0.80 0.001823 
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Figure 3.9. Correlation between in situ GPP (g O2 m-2 d-1) on the y-axis and lake color 

measured as reflectance (Rs) in the green (~ 560 nm) on the x-axis. The data points (green 

circles) in each subplot represents each of the 2018 study lakes (n = 7). The different subplots 

show lake color from each of the respective sensors considered in this study. The title above 

each subplot indicates which sensor’s green Rs is being plotted on the x-axis. Regression 

model and coefficients of determination (r2) are given in inset. 
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Figure 3.10 Correlation between in situ GPP (g O2 m-2 d-1) on the y-axis and lake color measured 

as reflectance (Rs) in the red-edge (~ 704 nm) on the x-axis. The data points (green circles) in 

each subplot represents each of the 2018 study lakes (n = 7). The different subplots show 

lake color from each of the respective sensors considered in this study. The title above each 

subplot indicates which sensor’s red-edge Rs is being plotted on the x-axis. Regression model 

and coefficients of determination (r2) are given in inset. 
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Chapter 4. DECLINING COLOR IN ARCTIC-BOREAL LAKES 

Kuhn et al., 2021. Proceedings of the National Academy. 

4.1 INTRODUCTION 

Recent, widespread changes in arctic-boreal primary productivity linked to global climate 

change have been documented in terrestrial (Jia, Epstein, and Walker 2003; Bhatt et al. 2013; Ju 

and Masek 2016; Beck and Goetz 2011) and oceanic (Arrigo and van Dijken 2008; Lewis, van 

Dijken, and Arrigo 2020) ecosystems. Satellite records have enabled large-scale analysis, 

providing evidence of uneven changes in vegetation growth in tundra (Bhatt et al. 2013; Jia, 

Epstein, and Walker 2009; Ju and Masek 2016; Myneni et al. 1997; Pastick et al. 2019; Wang et 

al. 2019) and boreal ecosystems (Phoenix and Bjerke 2016; de Jong et al. 2011; Bhatt et al. 

2013), as inferred from vegetation indices. Thus, satellite records have provided critical insight 

into long-term global change in remote arctic and boreal regions. 

   However, less attention has been paid to the large-scale changes in lake color, owing in 

part to the prevalence of small lakes, which were previously not detectable by earlier generations 

of satellites (Duncan et al. 2020). Lakes are abundant in permafrost landscapes (Verpoorter et al. 

2014; Downing et al. 2006), supporting crucial ecosystem services such as wildlife habitat, 

biodiversity, nutrient and carbon (C) cycling, and recreation.  The lack of pan-arctic studies of 

lake color is surprising because half of the world’s total lake surface area is concentrated in 

arctic-boreal regions (Smith, Sheng, and MacDonald 2007), where permafrost thaw has been 

predicted to dramatically alter lake physical and optical properties (Vonk et al. 2015).   

 Evidence from field studies has suggested lake color is linked to primary productivity 

(Kuhn et al. 2020) and dissolved organic carbon concentrations, which in turn may be influenced 
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by terrestrial processes (Johnston et al. 2020). For example, shifts in terrestrial vegetation cover 

are hypothesized to influence lake ecological structure and function (Finstad et al. 2016). As the 

frequency and timing of spring thaw change, along with total annual precipitation, the magnitude 

and pathways of water moving within the landscape will impact the routing of terrestrial carbon 

into aquatic ecosystems. However, the responses of arctic-boreal lakes to changes in terrestrial 

ecosystems remains highly uncertain. 

Lake color, as observed from space, offers a powerful approach for monitoring at large 

scales. Lake color has been used to infer properties relevant to carbon cycling, including lake 

clarity (Kloiber et al. 2002; Page, Olmanson, and Mishra 2019), phytoplankton stocks (Dierssen 

and Karl 2010b), and primary production (Kuhn et al. 2020; Sayers et al. 2015). Despite the fact 

that lake color has been designated an Essential Climate Variable by the Global Climate 

Observing System (GCOS) (Kirk 1994), analysis of pan-arctic trends in lake color remains 

limited. The majority of lake color studies have been conducted outside arctic and boreal regions 

(Topp et al. 2020), with most high northern latitude work focused on dissolved organic carbon 

dynamics (Kutser et al. 2015; Kutser 2012; Griffin et al. 2018; Olmanson, Bauer, and Brezonik 

2008), single regions (Matsuoka et al. 2007) or on physical processes such as changes in 

inundation extent (Rover et al. 2012; L. Smith et al. 2005; Cooley et al. 2017; Chen et al. 2014; 

Watts et al. 2012). To date, no study has applied this approach to evaluate widespread 

trajectories of lake greenness, which has been shown to closely track rates of lake primary 

productivity in diverse northern lake ecosystems (Bogard et al. 2019; Kuhn et al. 2020).  

 Decades of field studies have led to the hypothesis that lake color is changing due to 

shifts in hydrology and climate (Monteith et al. 2007; Kritzberg 2017; de Wit et al. 2016). Here 

we explore this hypothesis at the continental scale and discuss our findings in the context of 
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physiochemical, biological, and hydrologic controls. To document trends in lake color, we 

analyze time series of lake greenness for over 400,000 of lakes in western North America’s 

arctic-boreal zone. Using over 54 million observations from Landsat 5, 7, and 8, we generated 

seasonal composites of lake color from 1984 - 2019 for 542,934 lakes larger than 0.1 km2 as a 

complement to existing studies on growing season greenness in terrestrial ecosystems. At each 

lake site, we first extracted a time series of lake greenness, defined as growing season surface 

reflectance (Rs, unitless) in the green band (~ 560 nm), and then calculated the overall trend in 

lake greenness (∆ Green Rs yr-1) (see Methods). Ultimately, patterns of greenness were compared 

to historical changes in the landscape and climatic parameters known to influence lake 

productivity.  

4.2 RESULTS 

4.2.1 Widespread, but spatiotemporally variable, declines in lake greenness 

 Overall, lake greenness has declined in the last 35 years in North America’s western 

arctic and boreal regions (Figure 4.1). Decadal trends and spatial patterns in annual growing 

season lake color (1984 – 2019) are presented in Figure 4.1. Taking all the lakes together, we 

found a significant negative trend in greenness (Mann Whitney trend test, Z=-2.88, P=3.8 X 10-3, 

n = 472,889), calculated by creating a time series that reflects the average greenness of all lakes 

for each year (Figure 4.1b). Lake greening is rarer, contributing to less than 3% of observed 

trends, although in places where greening is observed the magnitude of the trend is higher 

(Figure 4.2).  
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Figure 4.1. Spatiotemporal patterns in arctic and boreal lake color change from 1984 – 2019.  a-

d, Changes in lake greenness vary spatiotemporally and overall lake greenness declined 15% 

from 1984 -2019. a, Map showing the location of study lakes (red) and distribution of global 

circumpolar permafrost landscapes (dark grey). b, Time series of median greenness (Rs, 

unitless) for study lakes from Harmonized Landsat Collection 1 Surface Reflectance dataset 

(1984 – 2019) of study lakes (n = 472,889). Trend lines were calculated from lake time series 

using a robust Theil-Sen estimator. Trends in lake greenness (∆ Green Rs yr-1) vary 
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spatiotemporally. Lakes with significant (P<0.05) negative c, and positive d, trends below 75 

degrees N.  

 Calculating individual significance for each lake, 26% of lakes showed statistically 

significant (P<0.05) shifts in color, and spatiotemporal differences are revealed in  Figure 4.1c,d. 

Of the lakes with significant trends, 97% show declining greenness. Lakes within the zone of 

continuous permafrost showed stronger negative trends (Figure 4.3). Significant differences 

existed between biomes (H=16,230, P<0.05, n=472,889) (Appendix C, Figure 4.9, Figure 4.10) 

Tundra, temperate grasslands, and shrub biomes showed similar and greater declines in greenness 

than forested biomes (Appendix C, Table 4.1, Table 4.2). Areas of particularly apparent rapid 

change are located in the Yukon-Kuskokwim (YK) Delta (Figure 4.1c), where studies have linked 

terrestrial browning to salt-kill from coastal flooding (Jorgenson, Frost, and Dissing 2018). 

Shrubification of previously barren tundra regions indicates that energy and nutrients are present 

enough to support more complex vegetation, which in turn can alter local energy budgets, 

impacting the rate of permafrost thaw (Pearson et al. 2013) and eventual transfer to aquatic 

ecosystems (Vonk et al. 2015). 
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Figure 4.2. Latitudinal profiles of lake count and color. a, Distribution of study lakes by latitude 

b, greenness trend for all lakes (lighter colors), and significant lakes (darker colors). Plots 

were made by binning statistics by every 1° of latitude.  

 
 Taken together, these results show the greatest changes in lake greenness are 

concentrated in the shrub and tundra ecosystems underlain by continuous permafrost regions 

(Figure 4.1c, Figure 4.2). Negative trends in lake color observed here are supported by evidence 

of increased organic carbon export to lakes (Larsen, Andersen, and Hessen 2011; Williamson et 
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al. 2015), potentially due to thermokarst-activated flow paths between aquatic and terrestrial 

systems (Bring et al. 2016). Other factors shown to drive increased light absorption include 

warming and precipitation changes (Couture, Houle, and Gagnon 2012; Freeman et al. 2001; 

Tranvik and Jansson 2002; Weyhenmeyer, Prairie, and Tranvik 2014; de Wit et al. 2016), 

recovery from acidification (Monteith et al. 2007), altered biogeochemical interactions 

(Weyhenmeyer, Prairie, and Tranvik 2014) and changes in land use (Kritzberg 2017; Meyer-

Jacob et al. 2015). Declines in color can impact the amount of light available for photosynthesis 

(Seekell et al. 2015), reducing productivity, and weakening the strength of the arctic carbon sink 

(Ask, Karlsson, and Jansson 2012). 

 However, changes in lake color are complex and may be driven by a combination of 

water column properties, bottom substrate, and lake depth (Lee et al. 2010). Our analysis 

indicates that shallow lakes are more vulnerable to changes in color. To assess the impact of 

depth, we compared trends between shallow (<10 m depth) and deeper (>10 m depth) lakes. 

Shallower lakes exhibited 34% greater declines in greenness than deeper lakes (Figure 4.3), and 

the difference was significant (Mann Whitney U test, W=560,284,235, P=1.43 X 10-30, n = 

469,990) compared to deeper lakes (>10 m, n = 2,899). Here, measures of lake depth have been 

estimated using a static geostatistical model conditioned on topography (Messager et al. 2016).  

 Assessing the impact of changes in lake depth on color would require multi-temporal lake 

depth estimates. Regional lake levels have been characterized using AirSWOT, an experimental 

airborne Ka‐band radar interferometer (Pitcher et al. 2019). However, most pan-arctic studies 

have focused on changes in lake area and surface water extent (Smith et al. 2005; Riordan, 

Verbyla, and McGuire 2006; Roach et al. 2011; Rover et al. 2012; Watts et al. 2012), not on lake 

depth, precluding our ability to capture the historical change in lake water level or depth. 
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However, these results imply that shallower lakes may be undergoing more dramatic 

transformations.  

 

Figure 4.3. Greening trends binned by bioclimatic and physical controls on lake color. Boxplots 

showing lake greenness trend binned by a, ecoregion b, lake depth c, permafrost extent and d, 

ground ice content.  

 
  We implemented an extensive screening method to produce high-quality time series. The 

main sources of uncertainty in this analysis are discrepancies arising from using multiple 

generations of Landsat sensors and the correct identification of water pixels using Landsat’s 

Quality Assessment Bands. To minimize uncertainty from using multiple Landsat sensors, we 

selected the green band, which has the lowest calibration errors across sensors (Vogelmann et al. 

2016). Another possible bias is the fewer number of observations in the Landsat-5 archive due to 

downlink and data quality issues. Sparse Landsat-5 observations in the 1980s-90s can bias the 
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interpretation of trends. Our analysis showed that 93% of lakes had >20 years of data (Appendix 

C, Figure 4.8), and lakes with fewer than 10 years were excluded (see Methods). To assess bias 

introduced by using composites derived from multiple Landsat sensors, we calculated trends 

with and without harmonization coefficients (Roy et al. 2014) and found the overall trend 

remained negative and significant for both cases (Appendix C, Figure 4.11). A series of 

conservative filters (Appendix C, Figure 4.5) including Landsat’s QA band and an independent 

water mask derived from the Global Surface Water Dataset (Pekel et al. 2016) were used to 

ensure analyzed pixels were not clouds, vegetation, or snow/ice (see Methods). These extra 

efforts were undertaken to provide evidence that the results were robust and free from potential 

systematic errors (Bailey and Werdell 2006b).  

4.2.2 Lake greenness declines most in warming and wetting regions 

 The continental-scale shifts in lake color observed here appear to track regional changes 

in climatic conditions. To evaluate lake color trends in the context of climate conditions, we 

analyzed air temperature and precipitation trends using the ERA5 climate reanalysis dataset 

(Copernicus 2017) (Figure 4.4a-f). Consistent with other studies, the last three decades (1984 – 

2019) are characterized by an overall rise in western North American arctic and boreal air 

temperatures (Overland et al. 2018) by 0.031°C (standard deviation = ± 0.028 °C) per year 

(Figure 4.4a), which is lower but on the same order of magnitude as estimates made using a 

process model for the time period of 1982 – 1998 (Lucht et al. 2002).  
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Figure 4.4. Climate trends. Overall trends in temperature (a, c, e) and precipitation (b, d, f) for 

annual (a, b), spring (c, d) and summer (e, f) time periods. The proportion of lakes whose 

basins are in each climate category (g). Boxplots of distributions of green trend by basin 

climate trend category calculated by basin for each lake using the GLCP dataset (see 

Materials and Methods) (h).  

 
 We then linked each lake to the climate reanalysis dataset by matching each lake to its 

smallest basin using the Global Lake Area, Climate, and Population (GLCP) Dataset (Labou et 

al. 2019) (see Materials & Methods). We calculated that 60% (n= 224,422) of lakes are located 

in wetter basins, and 40% (n = 152,603) of lakes are conversely in drier basins (see Appendix C, 

4.6.1 for extended climate results). We separated temperature and precipitation trends into four 

categories: warmer and wetter, warmer and drier, colder and wetter, and colder and drier (Figure 

4.4g). We found a significant difference in greening trends between these four categories 

(Kruskal-Wallis test, H= 21,326, P<0.05, n= 377,025) (Figure 4.4h). Lakes in warmer and wetter 

basins had a 2.5 times greater mean decline in green reflectance than lakes in colder and drier 
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basins (Figure 4.4h). This result is consistent with the current hypothesis that precipitation and 

permafrost warming are altering terrestrial-to-aquatic hydrologic connectivity. This impacts 

downstream delivery of terrestrial solutes, including organic carbon, to lakes (Fowler, Osburn, 

and Saros 2020; Johnston et al. 2020), which in turn could negatively influence primary 

productivity and further induce net heterotrophy (Hastie et al. 2016). 

 The decline in lake greenness under warmer and wetter conditions is likely caused by two 

linked mechanisms: (1) changes in terrestrial-to-aquatic hydrologic connectivity that impact the 

downstream delivery of terrestrial solutes and (2) higher dissolved organic carbon (DOC) 

concentrations resulting from increased lateral connectivity (Williamson et al. 2015), which in 

turn can shade out primary producers, weakening the strength CO2 uptake (Thrane, Hessen, and 

Andersen 2014). Increased connectivity exerts a two-way influence on primary productivity. 

Increased terrestrial inputs can supply nutrients, thereby stimulating phytoplankton growth.  

However, high concentrations of colored DOC can reduce light availability, shading out 

producers (Thrane, Hessen, and Andersen 2014). These findings suggest that in arctic and boreal 

lakes of western North America, the former mechanism is dominating. Declining light 

availability, as indicated by a decrease in the green reflectance of lakes, could be a symptom of a 

larger shift from clear-water systems dominated by benthic production to brown-water 

ecosystems that are net heterotrophic (Creed et al. 2018; Ask et al. 2009). 

4.2.3 Further implications 

 The continental-scale shifts in lake greenness, and their links to large-scale climatic 

changes, are not necessarily surprising, since temperature and precipitation patterns have been 

shown to shape other lake properties, such as dissolved organic carbon concentrations 

(Weyhenmeyer and Karlsson 2009) and patterns of greenhouse gas emissions (Guo et al. 2020). 
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Yet our observations have several important implications for water quality, primary productivity, 

and greenhouse gas (GHG) emissions.  

 First, changes in color can impact lake surface temperatures (Wetzel and Likens 2000), 

which alters mixing regimes and lake stratification (Read and Rose 2013). Greater stratification 

can restrict nutrient upwelling and lower bottom-water oxygen concentrations, reducing both 

water quality and primary production (Woolway et al. 2019). Second, changes in lake greenness 

may have major implications for lake C storage and GHG emissions. Lake ecosystems are both 

sources and sinks of carbon (Denfeld et al. 2018; Tranvik et al. 2009; Bogard and del Giorgio 

2016; Buffam et al. 2011; Cole et al. 2007), varying significantly between and within regions. 

This balance depends to varying degrees on rates of primary production, which have been linked 

to greenness (Bogard et al. 2019; Kuhn et al. 2020). Lakes that are less green may store less 

carbon in sediments because burial rates correlate with primary productivity (Mendonça et al. 

2017).  

Changes in greenness may also translate to changes in methane (CH4) fluxes because 

productivity and CH4 emissions are correlated (Schmidt and Conrad 1993; Larmola et al. 2004; 

Juutinen et al. 2009; Deemer et al. 2016). As a result of this relationship, surface reflectance has 

even been used as a proxy for methane concentration in Siberian rivers (Morozumi et al. 2019). 

However, relationships to carbon dioxide (CO2) fluxes are more complicated because of 

hydrologic loading of external CO2.  

 Another implication of this decline in greenness is a decrease in gross primary 

productivity (GPP). Previous work has established a relationship between airborne and satellite 

observations of arctic-boreal lake greenness and GPP (Kuhn et al. 2020). Using published 

relationships between Landsat greenness and in situ GPP, declines in greenness between the first 
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and last decades of this analysis translate to a drop in carbon uptake of 58 Tg C during growing 

season (see Materials & Methods, Appendix C, Table 4.4). These results cannot inform on net 

annual carbon fluxes because this analysis is constrained to a narrow window during the ice-free, 

growing season and therefore does not include under-ice or non-growing season dynamics. Field 

measurements across the entire year should be prioritized to fully constrain net annual carbon 

fluxes. However, our results indicate a potential 16% reduction in carbon uptake from declining 

gross primary productivity during the growing season, a finding that implies that the mechanism 

by which lakes take up carbon during the growing season is weakening.  

4.3 CONCLUSION  

 In this study, we present the first comprehensive analysis of changing greenness for arctic 

and boreal lakes in western North America.  Results show lakes with declines in greenness 

overwhelmingly outnumbered greening lakes and this trend occurs over a much larger region 

than previous large-scale studies of lake color (Monteith et al. 2007; Kritzberg et al. 2014).  

 As rising temperatures accelerate permafrost thaw, more soil organic carbon, and 

nutrients are expected to be released across terrestrial-aquatic interfaces (Larsen, Andersen, and 

Hessen 2011). Evidence increasingly indicates widespread, but spatially complex, changes in 

arctic and boreal terrestrial productivity (Myers-Smith et al. 2020). This in combination with 

vegetation transitions (McGowan et al. 2018) is predicted to have non-linear consequences for 

lake primary productivity (Solomon et al. 2013) and aquatic ecosystems more broadly. The 

decline in color documented here is consistent with the growing number of paleolimnological 

and biogeochemical field studies that show changes in light absorption resulting from altered 

terrestrial-aquatic connectivity (de Wit et al. 2016; Kritzberg et al. 2014; Finstad et al. 2016; 

Meyer-Jacob et al. 2019; Williamson et al. 2015; Thrane, Hessen, and Andersen 2014; Seekell et 
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al. 2015). These findings indicate changes in ecosystem structure and function that in turn impact 

lake carbon cycling dynamics, which are known to be globally significant (Raymond et al. 

2013). 

 Many field studies, constricted by time and funding, trade-off between broad geographic 

coverage versus higher temporal resolution sampling. In contrast, satellite remote sensing used 

here encompasses a broad range of diverse geographies while simultaneously preserving high 

spatial resolution (< 100m). This balance ensures the trends detected are comprehensive, while 

also preserving the uneven change that can occur within and between regions. Our results show 

that declines in greenness are most evident in warmer and wetter ecosystems; providing 

additional support to the hypothesis that, in fact, hydrologic change is altering links between 

terrestrial and aquatic systems (Johnston et al. 2020). These findings warrant continued 

monitoring of high northern latitude lakes to characterize the significance of lake color change 

within the broader carbon cycling dynamics of Arctic and boreal landscapes. The boreal arctic is 

changing unevenly and we show that lakes are part of this uneven change.  

4.4 MATERIALS & METHODS 

 The overall workflow for calculating growing season composites from 1989 – 2019 for 

each lake in this study is presented in Appendix C (Figure 4.5). Satellite remote sensing analyses 

were performed in Google Earth Engine (Gorelick et al. 2017b); statistics were calculated in 

Python (Virtanen et al. 2020) using a suite of packages and spatial joins were conducted in QGIS 

(Q. D. Team 2016).  Data visualizations were created using all three platforms.  
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4.4.1 Satellite Data 

  The Landsat program offers the longest continuously-operating earth observation satellite 

record. Landsat Collection 1 Tier 1 scenes from Landsat 5 (n = 23,216), 7 (n = 36,123) and 8 (n 

= 16,903) were used. Surface reflectance scenes acquired over the study domain (Appendix C, 

Figure 4.6) (total n= 76,242 scenes) and accessed through Google Earth Engine (Pekel et al. 

2016), a parallelized geospatial analysis platform featuring co-located storage and compute for 

large geospatial datasets, including the Landsat archive. The global coverage and analysis-ready 

Level 1 Surface Reflectance product (Vermote et al. 2016) has been shown to be suitable in 

previous studies for inland water color analysis including for lake clarity (Page, Olmanson, and 

Mishra 2019), chlorophyll-a and turbidity in rivers (Kuhn et al. 2019), and suspended sediment 

(Markert et al. 2018). Uncertainties stemming from orbital decay and radiometric intercalibration 

are noted, and the green band was selected as less influenced by remote sensing uncertainties 

relative to other bands (Pahlevan et al. 2018; Vogelmann et al. 2016). 

4.4.2 Satellite Imagery masking 

Clouds, cloud shadows, snow and ice were identified using the CFMask algorithm flags 

(Foga et al. 2017; Zhu and Woodcock 2012; Zhu, Wang, and Woodcock 2015) included in the 

Level 2 Pixel Quality Assessment band (Vermote et al. 2016). Additional thresholds were 

imposed to further mask clouds and cloud shadows using Landsat 8’s aerosol band and haziness 

was filtered out using the atmospheric opacity bands (threshold of 0.3) (L5, L7). Saturated pixels 

were identified using the radsat_qa band (USGS 2018b) and scenes with low solar zenith angles 

(< 60°) were excluded to minimize glint (Pahlevan et al. 2014).   



 161 

4.4.3 Growing season composites 

 Growing season greenness was calculated per-pixel as the median value during the peak 

growing season, which was defined June – July. Past work confirmed that this is the window of 

time in which maximum photosynthesis (Sulla-Menashe, Woodcock, and Friedl 2018; Miles, 

Miles, and Esau 2018) occurs with a minimum of interference from clouds and ice (Kuhn et al. 

2020; Warner et al. 2018). This approach avoids uncertainties introduced by changes in the 

growing season length or seasonal phenology and was conservatively selected to restrict 

observations to the ice-free period (after June 1) and to avoid fall cloudiness (Appendix C, 

Figure 4.7) After filtering lakes to cloud-free observations, lakes were observed an average of 

2.8 times each growing season, resulting in over 53 million observations total from 1984 – 2019. 

These observations were used to generate seasonal composites for each year for each lake (n = 

584,596).  

4.4.4 Data sampling 

 Growing season greenness for each lake was identified by sampling a 3-by-3 pixel area 

centered on each lake centroid calculated from HydroLAKES polygons within the study domain. 

The median, standard deviation and pixel count of the green band inside each 3-by-3 pixel box 

were calculated for each lake at the native scale of the Landsat green band (30m). Samples 

without a majority of valid pixels in the 3X3 pixel box (n < 5 out of 9) were discarded to further 

reduce influence from adjacent clouds or land (Kuhn et al. 2019). Growing season greenness for 

each lake for each year was then exported for visualization and statistical analysis. The dataset 

was further screened to exclude negative pixels (<1% of the dataset) and lakes with less than 10 

years of data (2% of the dataset). To conservatively ensure that each observation was cloud-free 

and over water, a final filter using the Pixel QA (pixel_qa) band was imposed to identify only 
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lakes identified as cloud-free and water. Lake centroids were further intersected with the Global 

Surface Water Dataset (Pekel et al. 2016) and only those identified as having only permanent 

surface water (transition_class = 1) inside the 3X3 grid were maintained in the dataset.  

4.4.5 Time series analysis 

 To assess changes in lake surface reflectance over time, we examined time series of 

summer (June-July) composites from 1984-2019. June and July were selected based on 

precedent in the literature (Miles, Miles, and Esau 2018; Sulla-Menashe, Woodcock, and Friedl 

2018) and to avoid high cloud cover in August (Appendix C, Figure 4.7). The majority (70%) of 

lakes had over 30 years of observations available (Appendix C, Figure 4.8). Long-term trends in 

lake color over the four decades were analyzed as change in greenness per year (Δ green yr-1) 

from 1984 – 2019. Trends were calculated using Theil-sen's Slope Estimator from the SciPy 

package (Jones, Oliphant, and Peterson 2001) and slopes were tested for significance using a 

Mann-Kendall test, which is designed to identify monotonic trends and is been widely used to 

identify terrestrial greening and browning trends (de Jong et al. 2011). This non-parametric 

approach accounts for gaps in observation years.  

4.4.6 Matching lakes to basins 

 In order to calculate basin-level climate for each lake, lake basins were assigned using the 

harmonized Global Climate and Population (GLCP) Dataset (Labou et al. 2019). The GLCP 

offers basin-level climate and population data paired to the HydroLAKES dataset. Lakes were 

matched to basins using the HydroBASINS dataset (version 1.c format 1) which are basin 

polygons derived from the 15 arc-second resolution HydroSHEDS dataset. The HydroLAKES 

lake polygons used in this study, identified by a unique ID (hylak_id), and their corresponding 
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basin IDs were selected from the GLCP dataset. Level 12 basins only were selected as they hold 

the majority (83%) of lakes (Appendix C, Table 4.3) and to exclude artifacts in higher level basin 

assignments that are known problems in the GLCP (Labou et al. 2019). This step resulting in 

30,902 unique basins being identified and used for climate analysis.  

4.4.7 Ecoregion and Permafrost Extent 

 Ecoregions and biomes were assigned to each lake using the geographic boundaries given 

in the World Wildlife Fund Terrestrial Ecoregions (Olson et al. 2001) dataset (Appendix C, 

Figure 4.9). Ecoregions reflect distinct assemblages of flora and fauna that are in turn shaped by 

climate and landform. The 825 ecoregions and fourteen biomes featured in the WWF dataset 

were accessed from https://www.sciencebase.gov/catalog/item/508fece8e4b0a1b43c29ca22 as a 

polygon shapefile (WGS84 ‒ EPSG:4326). Ecoregion and biome classifications were assigned 

using a spatial join between the WWF layer and HydroLAKES centroids. The majority (76%) of 

lakes were located in the Tundra or Boreal Forests/Taiga biomes with the remainder found in 

temperature conifer forests, temperature shrublands, or broadleaf and mixed forests.  

 Shapefiles of circumpolar permafrost extent and ground ice content (Brown et al. 1997) 

projected in Lambert Azimuthal Equal Area were downloaded from the National Snow and Ice 

Data Center (https://nsidc.org/data/ggd318) and re-projected to WGS-84.  Lakes were assigned 

an ecoregion and permafrost extent by spatial joining the HydroLAKES centroids to the 

ecoregion and permafrost extent reprojected layers. Figure 4.3 shows results for the 472,889 

lakes stratified by permafrost extent class, ground ice content, lake depth and biome 

classification.  
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4.4.8 Climate reanalysis data 

 Trends in temperature and precipitation were calculated from European Centre for 

Medium-range Weather Forecasts (ECMWF) fifth generation global atmospheric reanalysis data 

(ERA5) with a native spatial resolution of 0.25° X 0.25° degrees dating back to 1979 

(Copernicus 2017). ERA5 data was released in 2019 and is freely available in Google Earth 

Engine and the Copernicus Climate Data Store. Studies have shown ERA5 to have satisfactory 

performance in accurately modeling storm surges (Dullaart et al. 2020), Canadian prairie climate 

(Betts, Chan, and Desjardins 2019), and global discharge reanalysis (Tarek, Brissette, and 

Arsenault 2019) compared to previous generations and other models. ERA5 monthly aggregated 

precipitation and temperature values were summarized annually and seasonally over the study 

domain. Summer (June, July and August) and spring (April, May, June) trends were identified by 

summarizing data using a Sen’s slope estimator within those time periods by HUC 12 basin 

assigned using the GLCP.  

4.4.9 Gross Primary Productivity  

 Declines in gross primary productivity (GPP) were calculated from the average greenness 

for the first (1984 – 1994) and last (2009 – 2019) decade using the relationship between Landsat 

growing season greenness and field measurements of GPP identified in Kuhn et al (2020) 

(Appendix C, Table 4.4). Average growing season GPP rates (g O2 m-2 d-1) were calculated for 

the first and last decade and multiplied by the length of growing season (n = 60 days) used in the 

remote sensing analysis. The resulting areal GPP (g O2 m-2) was then multiplied by the total lake 

area within the domain (417,152.40 km2) to estimate the total change in O2 (Tg) uptake between 

the two decades. Total lake area was calculated by summing the individual HydroLAKES lake 

area for lakes passing quality control. Photosynthetic uptake of carbon was calculated using the 
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carbon-oxygen photosynthetic quotient of 1.2 where for every 1 mole of oxygen produced, 1.2 

moles of carbon are assimilated (Melack 1976).  
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4.6 APPENDIX C 

4.6.1 Extended Results  

Our analysis shows more rapid warming in the spring (Figure 4.4c) relative to the 

summer (Figure 4.4e). Spring temperatures in the study region were warming twice as rapidly 

(0.04 °C ± 0.05 °C yr-1) as summer (0.02 °C ± 0.03 °C yr-1) but with greater spatial variability. 

For the lakes with associated basins (see Materials & Methods), our results show that 82% (n = 

309,053) of lakes are located in warming basins. Warmer temperatures are predicted to shorten 

the duration of ice-cover (Dibike et al. 2011), which is a main driver of carbon dynamics (Jansen 

et al. 2019). Changes in precipitation show greater spatiotemporal variability (Figure 4.4g, 

Appendix C, Figure 4.12), with an overall net increase of 0.002 ± 0.03  cm yr-1 over the region 

on an annual basis. Spring and summer (Figure 4.4d,f) had comparably greater increases in 

precipitation of 0.008 ± 0.03 cm yr-1 and 0.007 ± 0.02 cm yr-1 respectively. 

 

 

 

 

 

 

 

 

 



 182 

 

 

Supplemental Figures  

 

Figure 4.5. Workflow for Landsat time series analysis  

 

 

Figure 4.6. Landsat scenes available over the ABoVE domain (n = 278,284). Only June and July 

scenes (n = 162,720) were used to calculate seasonal composites. Scenes from winter months 

were excluded because of their high solar zenith angle (> 60 degrees). Scene counts varied 

between Landsat-5 (n = 66,825), Landsat-7 (n = 65,902), and Landsat-8 (n = 29,993). Note if 
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this analysis had been conducted at a charge of $600 per scene the data used to create the 

seasonal composites for this study would have cost over $97 million USD.  

 

 

Figure 4.7. Average scene cloud cover (%) by month and year for Landsat scenes available over 

the ABoVE domain from 1984 – 2019. Cloud cover is higher in the summer, peaking at an 

average of 42% and 43% in August and September.   
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Figure 4.8. Lakes binned by the number of years that cloud-free summer composites (June-July) 

are available. The majority of lakes (93%) have > 20 years of data.  
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Figure 4.9. Ecoregions of the ABoVE Domain  
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Figure 4.10. Change in greenness per year summarized by the 34 terrestrial ecoregions (Olson 

2001) found in the North American arctic and boreal zone. Comparative spatial patterns by 

ecoregion (a) and shown ranked by magnitude and order of sign (b).  

 

 

Figure 4.11. Impact of harmonization on green trend (1984 – 2019). The overall negative trend is 

statistically significant for both the un-harmonized (Mann Whitney trend test, Z=-3.22, P=1X 

10-3, n = 472,889) and harmonized (Mann Whitney trend test, Z=-2.88, P=3.8 X 10-3, n = 

472,889) time series.  
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Figure 4.12. Density plot of distribution of temperature and precipitation change (g) calculated 

by basin for each lake assigned a basin using the GLCP dataset (see materials and methods). 

 

 
 
 

Table 4.1 Number of lakes and trend in greenness by biome. Lakes in the rock and ice biome (n 

= 14) were not included in this analysis. 

Biome Δ Green yr-1 No. of Lakes 
Tundra -0.000265 247167 

Boreal Forests/Taiga -0.000193 217263 

Temperate Conifer Forests -0.000194 5793 

Temperate Grasslands, Savannas & Shrublands -0.000255 2463 

Temperate Broadleaf & Mixed Forests -0.000131 189 
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Table 4.2. Tukey HSD comparison of groups results.  

Multiple Comparison of Means - Tukey HSD,  FWER=0.05 

Group 1 Group 2 
Mean 
Diff Lower Upper Reject 

Boreal Forests/Taiga 

Temperate Broadleaf & 

Mixed Forests 0 -0.0001 0.0001 False 

Boreal Forests/Taiga 

Temperate Conifer 

Forests -0.0001 -0.0001 0 True 

Boreal Forests/Taiga 

Temperate Grasslands, 

Savannas & Shrublands -0.0001 -0.0001 -0.0001 True 

Boreal Forests/Taiga Tundra -0.0001 -0.0001 -0.0001 True 

Temperate Broadleaf & 

Mixed Forests 

Temperate Conifer 

Forests -0.0001 -0.0001 0 True 

Temperate Broadleaf & 

Mixed Forests 

Temperate Grasslands, 

Savannas & Shrublands -0.0001 -0.0002 0 True 

Temperate Broadleaf & 

Mixed Forests Tundra -0.0001 -0.0002 -0.0001 True 

Temperate Conifer 

Forests 

Temperate Grasslands, 

Savannas & Shrublands 0 0 0 True 

Temperate Conifer 

Forests Tundra 0 -0.0001 0 True 

Temperate Grasslands, 

Savannas & Shrublands Tundra 0 0 0 False 
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Table 4.3. Number of unique HydroLAKES per basin level for the GLCP dataset. Note 21 lakes 

are not found in the GLCP likely due to GLCP data processing choices. 

 
Basin Level  Count of Lakes Percent of Total Lakes 

lev02                      970  0.2% 

lev03                   2,715  0.6% 

lev04                   3,530  0.7% 

lev05                   6,446  1.4% 

lev06                   8,412  1.8% 

lev07                 15,269  3.2% 

lev08                 19,564  4.1% 

lev09                 18,827  4.0% 

lev10                   3,353  0.7% 

lev11                        30  0.0% 

lev12               393,652  83.3% 

Total               472,768  
 

 

 

Table 4.4. Landsat growing season greenness (GSG) satellite observations and GPP calculations. 

Landsat lake surface reflectance in the green band (560 nm) during June, or growing season 

greenness (GSG), for the first (1984 – 1994) and last (2009 – 2019) decade of the study 

period averaged across all lakes. GPP was calculated using the previously published 

relationship between Landsat GSG and GPP for arctic-boreal lakes (Kuhn et al. 2020) (type 2 

major axis regression: y = 385.81x – 0.45; r2 = 0.69; p = 2.6 x 10 

Total ABoVE 
Domain Lake 
Area (km2):  

1984 
GSG 

1984 
GPP  
(g O2 
m-2) 

2019 
GSG 

2019 
GPP 
(g O2 
m-2) 

Change 
in GPP  
(g O2 m-
2) 

Total ABoVE 
Domain 
Change in 
GPP*  
(Tg O2) 

Total ABoVE 
Domain Change 
in Carbon 
Uptake*  
(Tg C) 

417,152.40 0.0349 779.83 0.0298 662.57 117.27 48.92 58.70 
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Chapter 5. FINAL SUMMARY 

5.1 KEY FINDINGS 

The studies presented here build from each other and are united by the themes of satellite 

remote sensing, freshwater ecology and cloud-computing. Altogether, this work analyzes trends 

in color and chemistry in freshwater ecosystems, leverages in situ measurements to constrain 

uncertainties in remote sensing model results, and explores major drivers of lake color change in 

arctic-boreal ecosystems.  

Chapter 2 demonstrates the retrieval of common water quality properties in three diverse 

river systems. Utilizing thousands of in situ measurements collected during river cruises in Brazil 

and the United States, we map spatial patterns in chlorophyll-a and turbidity across the Amazon, 

Columbia and Mississippi Rivers. We quantify error introduced during atmospheric correction, a 

core element of satellite imagery processing. We found higher uncertainties in chlorophyll-a 

versus turbidity estimates and were able to achieve levels of uncertainty (3 – 30% MAPD) 

comparable to global ocean primary productivity models. Ultimately, choice of atmospheric 

correction could bias results by as much as 59%. Despite this, we discovered that the standard 

Landsat land surface reflectance product had adequate performance over turbid waters. This 

finding is significant because it lowers the barrier to entry for aquatic remote sensing by utilizing 

a readily-available surface reflectance product.  

Using the framework developed in Chapter 2, we extracted lake color from global 

satellite sensors for a subset of lakes within the ABoVE Domain. We conducted intensive field 

surveys of diverse lakes in interior Alaska to fully characterize their color and chemistry. 

Combining these datasets, we found that lake reflectance in both the green (560 nm) and the red-

edge (703 nm) could be used to infer gross primary productivity as estimated by stable oxygen 
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isotopes collected in the field. We also did a detailed comparison of surface reflectance from 

satellite, airborne and in situ measurements, discovering that sensors disagreed the most in the 

near-infrared wavelengths (MAPD median 54%, interquartile range of 8 - 60%) and agreed the 

most in the green wavelengths (MAPD median = 29%, interquartile range 8 - 53%).  

The utility of green reflectance in identifying patterns in GPP observed here is consistent 

with decades of ocean color remote sensing, which utilizes green and blue reflectance as a 

primary driver of satellite productivity models. Given the ecological significance of greenness 

and its stability across remote sensing platforms, we chose to focus Chapter 3 on decadal trends 

in green reflectance in the myriad lakes of Alaska and northwestern Canada. Using the moderate 

resolution (30m) Landsat archive and quality control techniques honed in Chapters 1 and 2, we 

create annual growing season greenness composites spanning the past 35 years across the 

ABoVE domain. We discover that 26% of lakes are experiencing significant changes in color, 

and that 97% of those lakes show declining greenness. Lakes with declining greenness were 

more likely to be found in watersheds also experiencing warmer air temperatures and increased 

precipitation. This result provides evidence in support of the hypothesis that environmental 

change is reconfiguring hydrologic connectivity, altering the timing, magnitude and delivery of 

organic carbon to lake ecosystems with significant implications for carbon cycling and 

ecosystem productivity. More field studies are needed to verify these patterns and confirm the 

mechanistic driver of this uneven color change across diverse arctic-boreal lake ecosystems.  

5.2 CONCLUSION AND FUTURE DIRECTIONS 

“The outcome of any serious research can only be to make two questions grow where only one  
grew before.”  -Thorstein Veblen 
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Multiple lines of research converge in this dissertation, resulting in a set of studies 

characterizing ecological properties and processes in large temperate and tropical rivers of the 

US and Brazil and shallow arctic-boreal lakes of northwestern Canada and Alaska. These diverse 

ecosystems share the common feature of being remote, spatially complex and under-studied in 

terms of high-quality in situ measurements for validating remote sensing models. This 

dissertation provides evidence that satellite remote sensing is a feasible tool for freshwater 

monitoring at large scales (Glasgow et al. 2004) when appropriately constrained by field data.  

Decades of early research in ocean optics (Jerlov 1976; Mobley 1994; Kirk 1994) have 

laid the foundation for the use of ocean color in monitoring seasonal and spatial variations in 

ocean primary productivity, global marine biogeochemical cycles and fisheries research 

(O’Reilly et al. 1998). Advances in cloud computing and in situ sensors have further accelerated 

monitoring efforts. This work harnesses these parallel advances to identify spatial patterns in 

ecological properties and processes, including turbidity, chlorophyll-a and gross primary 

productivity, of diverse waterbodies from the individual lake to the continental scale.  

This work bridges scales, moving from intensive field studies of individual waterbodies 

to continental and decadal scale time series analysis. We also combine diverse data streams, 

weaving together global satellite remote sensing with climate, terrain, hydrography and detailed 

in situ data. We examine lake reflectance from a range of sensors, including handheld, above-

water devices to moderate (30m) and high (5m) spatial resolution satellite and airborne sensors. 

These tools capture the color of water’s surface, a fundamental variable that has been designated 

an Essential Climate Variable (ECV) by the Global Climate Observing System (GCOS) (Global 

Climate Observing System 2011). By tethering observation of color to coincident optical and 

biogeochemical measurements, we are able to generate new insights into freshwater ecosystem 
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processes at larger scales. This dissertation advances our understanding of the performance of 

contemporary satellites in mapping freshwater ecosystem biogeochemistry from lake color, 

including by capturing novel datasets of freshwater optical properties, testing methodologies for 

inland water remote sensing, and analyzing drivers of color change in arctic-boreal lakes.   

  The research presented in this dissertation advances our understanding of how satellite 

remote sensing can be used to characterize ecological properties and processes in lakes and rivers. 

However, many questions remain. The remote sensing of inland waters, or optical hydrology, 

draws its primary inspiration from decades of research in optical oceanography.  

 

 
Figure 5.1 Major themes and future directions for optical hydrology, as modeled off the research 

threads emergent in the ocean color literature. 

 

Optical hydrology is inherently interdisciplinary (Figure 5.1), drawing from many fields, 

including aquatic biogeochemistry, landscape ecology, data science, physical oceanography, 

computer science and surface water hydrology. Many questions arise from this research along 
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these themes. For example, how well can we detect seasonal signatures of productivity in 

freshwater ecosystems? To what degree will bottom reflectance be separable from water column 

reflectance across ecosystem types? How widespread are color shifts in freshwater ecosystems in 

other regions of the planet? To what extent will lake and river productivity shift as the climate 

continues to warm? These  questions among many others remain from this research. 

The studies presented here are analogous to the steps taken by the Ocean Color community 

in the late 1970s. This dissertation contributes to the revolution of our understanding of 

biogeochemical processes in inland waters at regional and global scales and establishes baselines 

for monitoring the anthropogenic impacts to rivers and lakes worldwide. 
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2009-
2012 

Mentor 
and Coach 

Bay Area Institute for Urban Debate 
• Founded debate program at Paul Robeson High School 
• Researched and developed debate course content around current 

environmental and community resource issues 
• Managed logistics for students to attend local and national 

debate tournaments 
• Improved literacy scores for students participating in debate 
• Helped secure debate scholarships for low-income urban youth 

at four-year universities 

2009-
2013 

 
SCIENTIFIC OUTREACH  

 
Invited Speaker, Northwest Data Science Summit, “No evidence of arctic-boreal lake 
greening”, University of British Columbia 
 

2020 

Invited Scientist, Climate Change Table Host, YMCA Earth Service Corp Youth 
Environmental Leadership Summit, Seattle WA 
 

2018- 
2019  

 
Panelist, CUAHSI Annual Membership Meeting 2018  

 
EOS Buzz Newsletter. Duncombe, Janessa. “Hack Weeks Gaining Ground in the 
Earth and Space Sciences” https://eos.org/articles/hack-weeks-gaining-ground-in-the-
earth-and-space-
sciences?utm_source=eos&utm_medium=email&utm_campaign=EosBuzz092118  
 

2018  

Invited Blogger, Freshwater Initiative ‘Travel Notes’ Summer Newsletter & Online 
Blog 
http://freshwater.uw.edu/2018/08/09/ground-truthing-greenness-in-arctic-lakes/ 
 

2018 
 

Invited Lecturer, Google Booth, 2018, 2019 American Geophysical Union 
Conference  

2018  

 2017 
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Invited Lecturer, Community Evening Lecture Series, Olympic Natural Resource 
Center 
 
University of Washington: Achievement Rewards for College Scientists, selected for 
public outreach booklet to promote women in science at UW 
 

2016 

The Spectroscope, contributor, public access blog on scientific issues 
 

2015 

Yale Environmental Review, Staff Writer and Peer Editor 
• Monitored peer-reviewed databases to identify innovative environmental research 

efforts  
• Wrote web-based features translating journal articles for a non-expert, public 

audience 
• Revised peer article submissions for style and factual content 

 

2013-
2015 

Oakland Teaching Fellows, New Teacher Institute, selected for “Fellows Diary” to 
promote teaching in urban classrooms 

2009 

 
AFFILIATIONS & PROFESSIONAL TRAININGS 

• Earth Science Women’s Network (ESWN), member 
• American Geophysical Union (AGU), member 
• Association for the Science of Limnology and Oceanography (ASLO), member 
• KQED Public Radio Advanced STEM, Workshop Participant 
• Exploratorium Museum of Science & Inquiry, Teacher Institute Graduate 
• Chabot Space & Science Center Climate Change, Teacher Institute Member 
• National Marine Sanctuary LIMPETS, Teacher Partner 
• Skyline Green Academy Linked Learning California Partnership Academy, Board 

Member 

SKILLS 
Fieldwork: Wilderness First Aid Training (UW), Boater Safety License (WA), Front Country 
Leadership Training (Bay Area Wilderness Exchange) 
Programming: Basic: Matlab; Int: JavaScript, XML, Markdown; Advanced: R, Python 
Geospatial:  Google Earth Engine, PostgreSQL, QGIS, Geopandas, ENVI, ArcGIS 
Cloud: Google Cloud Platform, Amazon Web Services (EC2, S3) 
Lab: gas chromatography, geochemistry, integrated cavity ring spectroscopy, fluorometry, 
compressed gas handling, laboratory safety and protocol development,   
Optics: benchtop and underway fluorometry, spectrophotometry, LISST particle sizer, ac-s 
spectrometry, hyperspectral radiometry 
Teaching: Biogeochemical Cycles, Remote Sensing, Introduction to Big Data, Diversity and 
Inclusion, Curriculum Development, Project-Based Learning 
Numerical & Hydrologic Modelling: Soil and Water Assessment Tool (SWAT), Weka Machine 
Learning Supervised Classifiers 
 
FIELDWORK  



 203 

Peace Athabasca Delta, Canada 
• Carbon flux and optical measurements  
• Trained 3 graduate students in water 

chemistry measurements  

Joint effort between NASA, 
USGS, UNC Chapel Hill, 
UCLA and UMass Boston 

Summer 2019 

Yukon Flats Wildlife Refuge, interior Alaska 
• Designed and implemented field 

campaign for sensor-based 
biogeochemical and optical 
characterization of arctic lakes in 
coordination with an airborne 
campaign 

• Flux chamber deployment 

Joint effort between NASA, 
USGS, Department of Fish 
and Wildlife and University 
of Washington 

Summer 
2018, Fall 

2019 

San Francisco Bay Estuary 
• Short term field assistant for discrete 

and underway biogeochemical 
sampling for residence time mapping  

USGS California Water 
Science Center 

Fall 2017 

Atlantic Ocean, Coastal Maine 
• Field deployment of optical sensors 
• Research cruise for satellite optical 

validation 

NASA, University of Maine Summer 2017 

Columbia River Basin 
• Columbia River Gorge CO2 sensors  
• Small Stream CO2 sensors 

USGS – NRP, USGS 
Portland Water Science 
Center, WA Department of 
Ecology 

Ongoing 

Boreal Alaska  
• Small stream carbon sampling 

USGS & NASA AirSWOT, 
ABoVE 

Summer 2016 

Bighorn Mountains & Plains, Ucross, 
Wyoming 

• Aquatic greenhouse gas field surveys  
• Remote sensing validation  

Ucross High Plains 
Stewardship Initiative, Yale 
School of Forestry & 
Environmental Studies 

2015-2016 

Yale Environmental Watershed, New Haven 
CT  

• In situ sensors for monitoring 
watershed hydrology and 
biogeochemistry  

Hixon Center for Urban 
Ecology, Yale School of 
Forestry and Environmental 
Studies 2007-2009 

2013-2015 

Sandy beach monitoring, Northern California 
• Coordinated sandy beach monitoring 

with 120 high school freshman 
students  

National Marine Sanctuary 
Long Term Monitoring and 
Experiential Training 

2012-2013 

Urban Watershed Restoration, Oakland, CA 
• Organized restoration field trips for 

over 500 Oakland students with a 
focus on nutrient cycling, invasive 
species and conservation strategies 

Earth Team Eco-Stewards 2009 - 2012 

 


