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THESIS ABSTRACT 

James Maze 

Master of Science in Geography 

Title: Investigating the influence of satellite sensor characteristics and atmospheric correction on 

Arctic lake mapping  

 Shifting hydrologic balances and thawing permafrost are transforming lake area 

dynamics in the Arctic. Many studies have used satellite imagery to investigate seasonal to long-

term trends in lake area; however, persistent uncertainty remains regarding both the timing and 

magnitude of these fluctuations. A potential explanation for some of this disagreement may be 

differences between satellite sensors and processing levels. Here we investigate the influence of 

sensor properties and data-processing specifications – specifically spatial resolution, band 

characteristics, and atmospheric correction – on surface water detection in the western Canada 

and Alaska. Using 226 sets of contemporaneous Landsat 8 and Sentinel-2 images, we compare 

reflectance values and water classification outcomes at the surface reflectance (SR) and top-of-

atmosphere (TOA) processing levels. We explicitly quantify reflectance biases relative to lake 

positions to better understand how these biases may impact water classification. In TOA 

imagery, we find Sentinel-2 reported higher NDWI values at lake margins, which resulted in 

wider lake extents. Though using SR data mitigated these cross-sensor reflectance biases, 

reduced water fractions by lowering Green reflectance more than NIR (i.e., lower NDWI values) 

along lake margins and thus underestimated lake areas compared to TOA images. SR data also 

led to increased image-to-image variability and lower consistency in lake detection. Both cross-

sensor and cross-atmospheric correction differences were amplified at lake edges and over small 

lakes (<0.5 km2). Additionally, regions with high seasonal lake variability exhibited greater 

disagreement in both cross-sensor and atmospheric correction level comparisons. These results 

demonstrate the surprising sensitivity of water classification to both sensor characteristics and 

atmospheric correction when tracking small lakes and dynamic shorelines. Overall, we conclude 

that while fusing multiple satellites can offer increased observation frequency, careful attention 

must be paid to differences between sensors to ensure consistency in detection of lake dynamics.   
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1. INTRODUCTION 

Northern lakes and ponds are currently experiencing substantial change due to climate 

warming and thawing permafrost (Bring et al., 2016). The transformation of northern waters 

threatens vulnerable ecologies, cultural practices such as subsistence hunting (Knoll et al., 2019; 

Roach & Griffith, 2015), and carries global significance for permafrost carbon emissions (Hastie 

et al., 2018; Walter Anthony et al., 2016). Because in-situ data is limited, quantifying changes to 

northern lakes at regional to global scales typically requires the use of satellite imagery. 

Instability of northern lakes caused by thawing permafrost and shifting meteorological water 

balances is a decadal-scale process (Lara et al., 2021; Ulrich et al., 2017; Webb & Liljedahl, 

2023) requiring continuous years of observation. The timescale of an individual lake’s area 

change can be rapid (e.g., weeks) or span multiple decades. Catastrophic lake drainage can 

occur, where lakes lose more than 50% of their area in a few months (Jones & Arp, 2015; Ingmar 

Nitze et al., 2020); however, this represents only one of many geomorphological and 

climatological mechanisms for lake growth or shrinkage. Even in regions with catastrophic 

drainage, total lake areas may still be increasing due to other factors (Grosse et al., 2013). 

Oftentimes, lake change in the Arctic occurs gradually at lake margins (Grosse et al., 2013; Lara 

et al., 2021), requiring finer-scale observations for accurate detection.  

Despite a large and long-standing record of research into Arctic lake change (Jones & 

Arp, 2015; Lara et al., 2021; Smith et al., 2005), studies often yield opposite lake area trends 

even in the same geographical regions (Webb & Liljedahl, 2023). For example, in the Alaska 

Coastal Plain three studies (Jones et al., 2017; Jorgenson et al., 2018; Pastick et al., 2019) found 

positive lake area trends, while two studies (Andresen & Lougheed, 2015; Ingmar Nitze et al., 

2017) found negative lake area trends another study (Riordan et al., 2006) found no trend. Other 

places such as the Western Siberian Lowlands have more consistent reports of negative lake area 

trends (Kirpotin et al., 2009; I. Nitze et al., 2018; Smith et al., 2005). Geographic disagreement 

in ongoing lake area trends makes forecasts about future trends highly uncertain with climate 

change. Accurate projections about northern lake extents are important to carbon mineralization 

and release in thawing permafrost (Hastie et al., 2018; Walter Anthony et al., 2016).  

The reasons for this disagreement remain an area of active research and debate, but one 

key cause may be differences between sensors used to track lake area change. For example, 

studies use sensors with a range of image resolutions. While most decadal-scale studies use 
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various Landsat satellites (M. Chen et al., 2014; Lara et al., 2021; Lindgren et al., 2021; Olthof et 

al., 2015; Webb & Liljedahl, 2023), coarser (e.g. MODIS) sensors are sometimes used for global 

and Pan-Arctic analyses (Carroll et al., 2009; Sharma et al., 2015; Webb et al., 2022). More 

recently, higher resolution aerial and satellite imagery are increasingly used to enable tracking of 

finer-scale processes (Cooley et al., 2019; Finger Higgens et al., 2019; Jones et al., 2020; Mullen 

et al., 2023). The increasing use of global surface water products (Y. Chen et al., 2023; Pastick et 

al., 2019; Pi et al., 2022) which fuse image timeseries from multiple Landsat satellites to 

generate monthly occurrence, may also influence lake trend detection. Two notable global 

products are the Global Surface Water Occurrence (Pekel et al., 2016) and the Global Land 

Analysis & Discovery (Pickens et al., 2020) datasets. Despite their utility, these global datasets 

contain errors in Arctic regions (Olthof & Rainville, 2022) with elevated disagreement between 

products at high latitudes (Rajib et al., 2024).  

The differences between satellites can be broadly summarized into their temporal 

resolution, spatial resolution, spectral characteristics, as well as processing levels (i.e., 

atmospheric correction). A sensor’s spatial resolution has clearly documented impacts on lake 

mapping (Cooley et al., 2019), with finer spatial resolution sensors capturing more small water 

features and higher lake fractions (Mullen et al., 2023; Muster et al., 2013). Another contributing 

challenge in the Arctic is that the long durations of ice cover and frequent summer clouds limit 

observation frequencies, making surface water mappings derived from coarse temporal 

resolution (i.e. Landsat) imagery reliant on relatively few ice-free scenes per year.  

Along with differences in spatial and temporal resolution, spectral differences between 

sensors may also influence lake mapping. The range and central wavelengths of each sensor’s 

various bands can influence reflectance values, yet there is little research on this effect 

specifically for surface water. In analyses of vegetation (NDVI) trends, studies have found that 

sensors’ unique spectral response functions can shift reflectance values as sensors change (Guay 

et al., 2014; Holden & Woodcock, 2016). Empirical corrections can harmonize sensors with 

different spectral response functions (Chastain et al., 2019; Claverie et al., 2018; Roy et al., 

2016), but their performance can vary by region (J. Chen & Zhu, 2022; Flood, 2017) and across 

landscape features, where reflectance traits can be unique. Interestingly, one analysis comparing 

Sentinel-2 and Landsat 8 reflectance in the Arctic removed all surface water and shoreline pixels 

due to high disagreement, particularly in near-infrared (NIR) (Runge & Grosse, 2019). A likely 
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explanation is the difference in the spectral response functions of Sentienl-2 and Landsat 8’s NIR 

bands (Figure 2) (Chastain et al., 2019). Crucially, NIR is an important feature for lake mapping 

due to water’s low reflectance in NIR relative to visible wavelengths (McFeeters, 1996; Pickens 

et al., 2020). Because lakes generally exhibit low reflectance but heterogenous optical properties 

(Pahlevan et al., 2021), cross-sensor reflectance could be inconsistent along lakes and shorelines. 

Whether these reflectance differences significantly impact lake mapping outcomes remains an 

open question. Nevertheless, the expansion of satellite constellations and increasing use of sensor 

fusion studies necessitate understanding of continuity and consistency between sensors.   

Lastly, differences in image processing levels, specifically the use of atmospheric 

correction (AC), may also contribute to disagreement between trends. The majority of surface 

water area trend studies use top-of-atmosphere (TOA) data (uncorrected for atmospheric effects), 

for two reasons. First, applying AC to decadal-scale studies can be complicated by algorithmic 

differences as data available for surface reflectance conversion change over time. Second, many 

studies argue that water features are easily separable from land in TOA data such that conversion 

to surface reflectance is not required for classification (Pickens et al., 2020; Yamazaki et al., 

2015). However, there are several examples of analyses that use SR data (Janiec et al., 2023; 

Lara et al., 2021; Qin et al., 2023), which some papers (e.g., Yamazaki et al. 2015) have 

postulated that consistent use and availability of SR data would improve water classification 

accuracy and consistency. Still, no studies have yet formally quantified the benefits and trade-

offs of modern AC algorithms specifically for water classification. AC significantly lowers 

reflectance values over surface water, but the degree of reduction differs across spectral bands 

(Kuhn et al., 2019). Because lake mapping relies on band indices like NDWI, AC-induced shifts 

in band reflectance could either sharpen or muddle classification accuracy. Despite rigorous 

evaluation of AC in water quality remote sensing (Lima et al., 2025; Maciel et al., 2023), the its 

impact on lake mapping remains unexplored.  

Here we investigate sources of uncertainty and disagreement in lake area detection 

caused by differences in sensor specifications and atmospheric correction levels. Specifically, we 

analyze 226 pairs of same-day Landsat 8 and Sentinel-2 images covering Alaska and Western 

Canada during the ice-free seasons over 2018-2024. We first quantify the correlations and biases 

between Green, NIR, and NDWI reflectance values, examining how they vary with atmospheric 

correction and the distinct spectral responses of Sentinel-2 and Landsat 8 sensors. While other 
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studies have previously compared Sentinel-2 and Landsat 8-pixel reflectance values, our analysis 

provides new insight relevant for surface water classification by specifically determining how 

pixel’s reflectance correlations between sensors and biases vary depending on their lake position 

(i.e. is the pixel lake, shoreline, or land). Next, we compare water fraction classifications 

between sensors at these distinct lake positions. By establishing relationships between 

reflectance values and binary water classification in lakes and around lake margins, we 

determine whether lake fractions detected using unharmonized sensors (without empirical 

corrections between sensors) are congruent. Additionally, by analyzing both TOA and SR 

images, we determine if AC can influence the cross-satellite differences. Lastly, we relate the 

magnitude of satellite and AC water fraction discrepancies to both lake size and seasonal 

dynamism in surface water. We conclude with a discussion of implications of our findings and 

recommendations for accurately tracking surface water variability in Arctic lakes.    
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2. METHODS 

2.1 Study Regions 

We selected six hydrogeographic study regions in western Canada and Alaska with 

ranging, climates, riverine influences, vegetation types, permafrost extent, lake-ice dynamics and 

geomorphological characteristics. The common attribute for all of these regions was high lake 

density. While landscape diversity was not the focus of our study, the hydrogeographic regions 

presented a range of lake sizes and seasonal fractions that we associated with lake area 

discrepancies. To facilitate our ability to identify same-day, cloud-free Landsat 8 and Sentinel-2 

image tiles in Google Earth Engine, we produced 24 smaller image target areas within our 

hydrogeographic regions. By isolating the analysis to smaller areas, we can more granularly 

track the reflectance differences and water fractions of individual scenes instead of composites 

with multiple images. Figure 1 depicts the main study regions, and the image target areas 

contained within them. For exact counts of coincident images within hydrogeographic regions 

and image target areas, see Table 1.  
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Figure 1: Hydrogeographic study regions and image target areas. Panel A shows the main 
hydrographic study regions in the Western Arctic. Meanwhile, Panel B shows the image target 
areas within the main study regions, the color-scale corresponds to the number of quality same-
day Sentinel-2 and Landsat 8 image sets for the target area.  

 

Table 1: Coincident image observation counts by hydrogeographic region and month 

 

2.2 Input datasets 

2.2.1 Image acquisition and pre-processing 

Using Google Earth Engine, we downloaded all same-day Sentinel-2 and Landsat 8 

image pairs with total cloud cover below 40% between May and September 2018-2024. We 
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downloaded Sentinel-2 images processed to two levels TOA (Level-1C orthorectified top-of-

atmosphere reflectance) and SR (Level-2A orthorectified atmospherically corrected surface 

reflectance). The Sentinel-2 A/B satellites carry the Multispectral Imager (MSI) sensor, which 

has 13 multispectral bands with 10-meter resolution for Blue, Green, Red, and NIR, but we 

specifically evaluate Band 3 (Green, 543-578nm) and Band 8 (NIR, 785-907nm) for NDWI 

mapping. The Sentinel-2 Surface Reflectance images we use are processed using the Sen2Cor 

algorithm, which corrects TOA data for atmospheric, terrain and cirrus cloud effects (Main-

Knorn et al., 2017). To complete our image sets, we downloaded Landsat 8 (Level 2, Collection 

2, Tier 1) images processed to both the TOA and SR levels. The Operational Land Imager (OLI) 

sensor aboard Landsat 8 contains 9 multispectral bands with 30-meter resolution. Similar to 

Sentinel-2, we limit our evaluation to Band 3 (Green, 530-590nm) and Band 5 (NIR, 850-

880nm). The Landsat Surface Reflectance Code (LaSRC) algorithm adjusts Landsat 8 TOA 

images for aerosols and thin clouds (Vermote et al., 2018), but unlike Sen2Cor, LaSRC does not 

perform any terrain correction. None of the datasets – Landsat 8 SR/TOA or Sentinel-2 SR/TOA 

– perform correction for bidirectional reflectance effects. While bidirectional reflectance impacts 

can be meaningful in individual scene comparisons with disparate view angles (Zhang et al., 

2018), analyzing a large number of scenes balances this effect (Roy et al., 2016). While the 

Sentinel-2 and Landsat 8 Green bands have similar spectral response functions, the NIR bands 

(MSI band 8, OLI band 5) vary more widely in wavelengths (Figure 2). The sensors’ incongruent 

NIR bands is a focal point for our analysis.  
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Figure 2: RGB and NIR relative spectral response functions for Sentinel-2 and Landsat 8. Line 
types indicate spectral response functions for Sentinel-2’s MSI (dashed line) and Landsat 8’s OLI 
(solid line) sensors. For simplicity we only plot Sentinel-2 A’s relative spectral response, because 
Sentinel-2 B’s sensor is very similar.   

 

To account for slightly different imaging times between Sentinel-2 and Landsat 8, we 

produced a common set of masked values constrained by both satellites. We omitted pixels 

affected by opaque clouds, snow/ice, cirrus clouds, as identified by quality algorithms from 

NASA (Landsat 8) and ESA (Sentinel-2). The Sentinel-2 data mask was generated using the 

Cloud Probability dataset (excluding pixels with cloud probability greater than 70%), combined 

with pixels flagged in the Scene Classification Layer (SCL) for snow/ice, cirrus clouds, and 

cloud shadows. The Landsat 8 data mask was derived from the bitwise QA_PIXEL layer, where 

we eliminated the same four attributes. We then combined these Sentinel-2 and Landsat 8 masks 

into a unified common mask, capturing all invalid pixels from both datasets. To reduce speckle, 

we sieved out small mask features (fewer than 50 Landsat pixels or 0.045 km2) and then dilated 

the remaining features by 0.5 km for a conservative mask extent. This processing ensured that 

only the highest-quality pixels from both sensors remained available for reflectance and water 

fraction comparisons.  
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Because our analysis included shoulder season images (May & September), lake ice 

remained even after applying Earth Engine quality filters. Due to their thermal inertia, lakes 

often maintain ice cover after snow melts on land, meaning in some early season images, lake 

surfaces disproportionately contained un-measured ice pixels. To address this, we eliminated 

image sets where more than 60% of the total buffered lake pixels were masked. From our initial 

catalog of 302 images sets, this additional filtering step removed 76 sets, leaving 226 sets 

meeting our criteria. Omitting images with comparatively few lake pixels improved the 

consistency between water fractions and did not qualitatively alter our results. Due to geographic 

variability in cloud-cover, latitude-dependent overlaps between Sentinel-2 and Landsat 8 swaths, 

and variations in lake ice duration, the number of quality image sets varied across 

hydrogeographic regions (Figure 1; Table 1) and months. May notably lacked quality images due 

to extensive ice cover, accounting for only 9% of observations. The lack of shoulder season 

observations underscores a source of uncertainty measuring seasonal lake fluctuations in the 

Arctic. Table 1 provides an account of spatial and temporal image coverage.  

2.2.2 The Prior Lake Database (PLD) 

We used the NASA Prior Lake Database (PLD) (Wang et al., 2025) to demarcate lake 

position within each image. PLD is a globally available database derived from over a dozen input 

data sources, primarily from the Circa-2015 UCLA Global Lake Database (Sheng et al., 2016). 

PLD’s minimum lake size (0.01 km2 ) is well within Landsat 8’s size detection limits (Olthof & 

Fraser, 2024). Using PLD, we define four categories of lake position categories (Figure 3):  

1. Lakes – within original PLD boundaries 

2. Buffered Lakes – pixels within 60 meters of the PLD boundary 

3. Land – pixels outside PLD buffered by 60 meters 

4. Shoreline – pixels between PLD eroded by 60 meters and PLD buffered by 60 
meters.  

We also grouped PLD lake areas by size into four classes: smallest [0.01-0.05 km2], 

small (0.05-0.5 km2], medium (0.5-1 km2], and large (> 1km2). This categorization enabled us to 

assess how lake size influenced observed discrepancies in water fraction measurements between 

Sentinel-2 and Landsat 8 sensors and their AC processing levels. 
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Figure 3: Visualizing the pre-processing workflow and PLD lake positions. Panel A shows a 
high-level overview of our image QAQC and processing workflow, where we apply a common 
mask to the image set and designate lake position according to PLD. Then, we conduct 
reflectance and water fraction comparisons for each lake position. Panel B shows demarcated lake 
positions with PLD boundaries over a Landsat 8 SR image from the Yukon Flats on July 1st in 
2021. The colored contours illustrate how we demarcated land (outside the violet contour), lakes 
(inside the red contour), buffered lakes (inside the violet contour), and shorelines (between 
orange and violet contours).  

 

2.2.3 GSWO and GLAD seasonal fractions 

We used both the Global Surface Water Occurrence (GSWO) dataset (Pekel et al., 2016) 

and Global Land Analysis and Discovery (GLAD) dataset (Pickens et al., 2020) to investigate 

how differences between coincident Sentinel-2 and Landsat 8 images relate to seasonal 

variability in inundation extent. Specifically, we downloaded monthly binary surface water 

occurrence grids covering the years 1999-2020, the period common to both datasets. For June 

and August, we aggregated these monthly binary grids across all years, producing a monthly 

percent occurrence dataset (0-100%). We then applied an 80% occurrence threshold to generate 

June and August surface water grids, which we then constrained to our PLD buffered mask to 

restrict analysis to lake area. For each image target area, we calculated the net seasonal lake 

fraction as the difference between June and August lake areas relative to June lake areas.  
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2.3 Image analysis 

2.3.1 Reflectance comparisons 

Because Sentinel-2 and Landsat 8 have different spatial resolutions (10-meter vs. 30-

meter), and the overlapping tiles are sometimes referenced in different UTM zones, we 

resampled images to align the pixels precisely for reflectance comparisons. There are established 

methods for matching Sentinel-2 and Landsat 8 to a common grid involving resampling one or 

both images (Chastain et al., 2019; Claverie et al., 2018; Flood, 2017; Runge & Grosse, 2019). 

To mitigate image and water fraction degradations that can occur with successive resampling 

(Lyons et al., 2013), we ensured both the Landsat 8 and Sentinel-2 images were both resampled 

only once into a predefined transformation matching our image target areas’ extent and UTM 

zones.  

We assessed the sensitivity of our results using two different grid resolutions: 30 meters 

and 60 meters. 30 meters is the most common resample grid resolution (Chastain et al., 2019; J. 

Chen & Zhu, 2022; Flood, 2017; Lima et al., 2025), but we also assessed 60 meters following 

Runge & Grosse, (2019) to ensure reflectance and water fraction differences were consistent at a 

coarse scale. Additionally, we tested three resampling algorithms – bilinear, cubic, and lanczos – 

since various resampling techniques can introduce artifacts, particularly around feature edges and 

no-data values (Claverie et al., 2018; Lima et al., 2025). We also calculated water fractions for 

the un-resampled images in their native resolution. The choice of resampling method did not 

qualitatively affect reflectance or water fraction outcomes. Unless otherwise reported, our results 

are bilinearly resampled to a 30-meter grid.  

Using co-registered pixels on resampled grids, we tested agreement between both sensors 

(Sentinel-2’s MSI versus Landsat 8’s OLI) and AC (TOA versus SR) reflectance values in the 

Green, NIR, and NDWI bands. From each image, we randomly selected 10,000 pixels from 

distinct lake positions (land, lakes, shorelines, and buffered lakes) and plotted the collocated 

reflectance values. For each comparison, we calculated the Pearson correlation coefficient, the 

proportion of pixels biased above a 1:1 line, and performed linear regression using Reduced 

Major Axis (RMA) regression. RMA regression is particularly suitable for cross-sensor 

comparisons, because it assumes both the independent and dependent variables have errors with 

similar magnitude (Flood, 2017; Roy et al., 2016).  
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2.3.2 Surface water classification 

On each image, we employed two similar NDWI histogram-based classification methods 

– Otsu thresholding (Steps 1-3) (Otsu, 1979) and Adaptive Thresholding (Steps 1-5) – over 

PLD’s predefined buffered lake mask, an approach similar to other studies (Cooley et al., 2017, 

2019; Donchyts et al., 2016; Levenson et al., 2025; Olthof et al., 2015). The classification 

processes involved the following steps: 

1. Generate an NDWI image for the entire scene using equation 1, where	𝜌	is	a	
given	band’s	reflectance.		

𝑁𝐷𝑊𝐼 = 	 !!"##$"!%&'
!!"##$#	!%&'

			(𝑒𝑞. 1)  

2. Mask the NDWI image to buffered lake areas, capturing both water and adjacent 
land pixels as distinct classes for the Otsu algorithm.  

3. Generate a bimodal histogram with distinct land and water NDWI classes (see 
figure 3). Use this histogram to calculate the Otsu threshold (t) in equation 2 that 
minimizes weighted within-class variance 𝜎%&(𝑡). This threshold is chosen such 
that it optimally separates the two classes based on their probabilities (weights 𝜔):    

𝜎%&(𝑡) = 	𝜔'(𝑡)𝜎'&(𝑡) +	𝜔((𝑡)𝜎(&(𝑡)			(𝑒𝑞. 2)  

4. For adaptive thresholding, determine the land limits (LL) and water limits 
(WL) as NDWI values, associated with histogram counts (h), see figure 3 for a 
visualization. Heights for the LL and WL NDWI values are calculated using 
equations 3 and 4. The respective peaks for the land (ℎ)) and water (ℎ*)	classes, 
and histogram’s height at the Otsu threshold (ℎ+). 

ℎ)) = ℎ) − 	0.9(ℎ) − ℎ+)			(𝑒𝑞. 3)	 

ℎ*) = ℎ* − 0.9(ℎ* − ℎ+)			(𝑒𝑞. 4) 

5. Linearly interpolate intermediate NDWI pixels between the Land and Water 
bounds using equation 5. For these intermediate values, we chose a 75% water 
probability threshold.  

𝑊𝑎𝑡𝑒𝑟	𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 	
𝑁𝐷𝑊𝐼 − 𝐿𝐿
𝑊𝐿 − 𝐿𝐿 			(𝑒𝑞. 5) 

 

 Because these algorithms dynamically adjust the NDWI threshold for each image, they 

are well-suited to TOA images and comparisons across atmospheric correction methods, where 
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the overall scene brightness varies substantially (Donchyts et al., 2016). Furthermore, calculating 

the thresholds over the buffered lakes resolves the issue where histogram-based methods perform 

poorly in low water fractions (Cordeiro et al., 2021; Donchyts et al., 2016). Adaptive 

Thresholding, in particular, is effective at handling ambiguous or mixed pixels along shorelines 

by linearly interpolating between defined land and water limits (Olthof et al., 2015).  

While simpler than machine learning and deep learning classification models, these 

histogram methods offer greater interpretability, which aligns well with our goal of comparing 

reflectance values across sensors. A key advantage of histogram-based classification is its 

transparent link between pixel values and classification outcomes—an interpretability often lost 

in more complex models. Since the choice between Otsu and Adaptive Thresholding did not 

meaningfully affect our results, we report only the Adaptive Thresholding water fractions for 

brevity. 
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Figure 4: Example NDWI histogram for Otsu and Adaptive Classification. Illustrates how Otsu 
threshold (green dashed line) and Adaptive threshold (purple dashed line) differentiate the land 
and water classes. The intermediate NDWI values are between the land limit (dashed brown line) 
and water limit (dashed blue line), which are relative to the land and water peaks (solid lines). 
The 75% water probability threshold for intermediate NDWI values is linearly interpolated using 
(eq. 5).  

2.4 Statistical tests 

We established relationships between water fraction inconsistencies and lake position, 

lake size categories, and seasonal lake fraction using descriptive statistics. One important 

framing is water fractions differences in absolute versus relative terms. Because water fractions 

varied considerably between image target areas (between 4% and 52% lake area as measured by 

PLD) and lake positions (i.e., unbuffered lakes will have higher water fractions than shorelines), 

we also contextualized image discrepancies relative to the baseline water. Understanding lake 

area discrepancies relative to a landscape’s lake fractions is especially important in a dynamic 

lake mapping context, because the percentage change is relative to baseline lake area. For a 

given constraint (e.g. shoreline, total landscape, or particular lake size category), we calculated a 

scene’s water fraction (0-100%). Calculations for our area difference results are as follows: 
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𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝑆𝑒𝑛𝑠𝑜𝑟	𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 𝐿𝑆8% − 𝑆2%				(eq. 6) 

 

𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝐴𝐶	𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 𝑇𝑂𝐴%− 𝑆𝑅%				(eq. 7) 

 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒	𝑆𝑒𝑛𝑠𝑜𝑟	𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 	
𝐿𝑆8% − 𝑆2%

0.5(𝐿𝑆8% + 𝑆2%) × 100				(eq. 8) 

 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒	𝐴𝐶	𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 	
𝑇𝑂𝐴%− 𝑆𝑅%

0.5(𝑇𝑂𝐴%+ 𝑆𝑅%) × 100				(eq. 9) 

 

Across all lake positions, we used one sample t-tests to determine whether the relative 

and absolute differences between satellites and AC methods were biased from zero. To 

determine if the lake position (e.g., shoreline), and lake size category (e.g., below 0.5 km2) had 

outsized water fraction discrepancies, we used a one-way ANOVA with a post-hoc Tukey’s 

Honest Significant Differences (HSD). When evaluating the relationship between an image 

target area’s sensitivity to relative satellite differences and lake seasonal fraction, as measured by 

GLAD and GSWO, we used Ordinary Least Squares regression. 
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3. RESULTS 

3.1 Comparing Sentinel-2 and Landsat 8 reflectance 

3.1.1 Agreement between Sentinel-2 and Landsat 8 within AC processing 

We observed strong overall correlations between Landsat 8 and Sentinel-2 reflectance 

values, especially for the NIR band (mean Pearson’s R = 0.94 for TOA and R = 0.92 for SR). 

However, the Green band exhibited marginally weaker correlations (R = 0.87 for TOA and R = 

0.83 for SR) (Figure 5 panels A and B). This overall strong correlation between the sensors 

aligns well with prior landscape-wide studies comparing Sentinel-2 and Landsat 8 reflectance 

(Chastain et al., 2019; Claverie et al., 2018; Runge & Grosse, 2019). Our analysis builds upon 

these findings by explicitly examining how lake positions (lake, shoreline, buffered lakes, and 

land) influence reflectance agreement. Notably, our results indicate that lake position does not 

substantially affect the strength of correlation between sensors. For instance, the mean Pearson’s 

R values for the TOA image’s NIR band were R = 0.92 over lakes and R = 0.90 over land. Image 

sets with unusually low correlations (R < 0.75) likely resulted from undetected cirrus clouds, not 

flagged by ESA or NASA’s quality algorithms, or significant sun angle differences between 

paired satellite acquisitions (J. Chen & Zhu, 2022). For shorelines, 10% of Green, < 1% of NIR, 

and 0% of NDWI images in TOA data had R values below 0.75. The number of low correlation 

images was comparable in SR images, where 11% of Green, < 1% of NIR, and 6% of NDWI 

images had R values below 0.75.  

While correlations between sensors were stable across lake positions, the reflectance 

biases between sensors varied substantially in the TOA data (Figure 5, panel C). Sentinel-2 TOA 

consistently measured higher NIR reflectance over lake surfaces in 87% of images, whereas it 

measured lower NIR reflectance over land in nearly all cases. This opposing NIR reflectance 

bias notably impacted the NDWI index across lake positions. Sentinel-2 TOA systematically 

recorded higher NDWI values along shorelines compared to Landsat 8 in 98% of images, 

highlighting its relatively lower NIR sensitivity in these transitional environments. Across all 

TOA images, the mean proportion of NDWI shoreline pixels biased higher for Sentinel-2 was 

75%. Consequently, Sentinel-2's tendency to measure higher NDWI values along shorelines 

resulted in significantly larger lake areas and higher water fractions than Landsat 8. 
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Applying atmospheric correction substantially reduced systematic biases between sensors 

in both NIR reflectance and NDWI values. In SR images, there was not a consistent pattern 

where Sentinel-2 measured higher reflectance than Landsat 8 based on lake position (Figure 5, 

Panel D); however, independent of lake position, Sentinel-2’s SR data measured lower NIR 

reflectance and higher NDWI than Landsat 8’s SR data.  The NDWI index remained higher for 

Sentinel-2 versus Landsat 8 along shorelines in 68% of SR images, a decrease compared to the 

98% observed in TOA data. Still, this NDWI bias did not vary substantially across lake 

positions. Since the mean proportion of biased NDWI pixels was comparable between lakes, 

land, and shorelines, it did not systematically impact the separation between land and water 

classes. Consequently, SR data did not exhibit the directional bias in water fractions between 

Sentinel-2 and Landsat 8 that was apparent in TOA. 
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Figure 5: Correlation coefficients and percent of biased pixels between Sentinel-2 and Landsat 8 
reflectance comparisons. The panels are split between SR and TOA data. The top row (panels A 
and B) shows the correlation coefficients between Sentinel-2 and Landsat 8 scene reflectance 
across lake positions colored by bands. The bottom row (panels C and D) shows the percentage of 
each scene’s pixels where Sentinel-2 measured higher reflectance than Landsat 8 across bands 
and lake positions. 

 

 3.1.2 Agreement between TOA and SR within sensors 

Along with lessening bias between sensors, AC also significantly reduced the reflectance 

in the Green and NIR bands (Figure 6). Correlations between TOA and SR data remained strong 

and consistent across lake positions for both sensors (Figure 6 panels A and B). Mean Pearson’s 
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R values between TOA and SR data were higher in Green (Landsat 8 = 0.92, Sentinel-2 = 0.98) 

and NIR bands (Landsat 8 = 0.99, Sentinel-2= 0.99) compared to NDWI (Landsat 8 = 0.85, 

Sentinel-2 = 0.81). The lower NDWI agreement arises because AC disproportionately reduces 

Green reflectance compared to NIR reflectance over surface water (Kuhn et al., 2019), a pattern 

confirmed by our analysis.  

For both Landsat 8 and Sentinel-2, 0% of SR images exhibited higher average Green 

reflectance over buffered lakes compared to their TOA counterparts. In the Green band, the 

average proportion of buffered lake pixels biased higher was < 0.1% for Landsat 8 and 0.3% for 

Sentinel-2. In contrast, the proportion of pixels biased lower in the NIR band was 6% for Landsat 

8 and 39% for Sentinel-2 (Figure 6). This differential reduction in Green and NIR reflectance 

resulted in systematically lower NDWI values at lake shorelines for all SR images. Across the 

entire dataset, the mean proportion of shoreline pixels with higher NDWI values in SR data was 

3% for Landsat8 and 6% for Sentinel-2. AC’s impact in lowering NDWI values at shorelines is 

crucial as it contributes to underestimating lake classifications.  
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Figure 6: Correlation coefficients and percent of biased pixels between TOA and SR reflectance 
comparisons. The panels are split between Sentinel-2 and Landsat 8 data. The top row (panels A 
and B) shows the correlation coefficients between TOA and SR data for each sensor across lake 
positions colored by bands. The bottom row (panels C and D) shows the percentage of each 
scene’s pixels where SR data measured higher reflectance than TOA data.   

3.2 Sentinel-2 and Landsat 8 water fractions 

3.2.1 Water fraction differences in TOA images 

For TOA images, Sentinel-2 consistently measured higher water fractions using both 

Otsu and Adaptive water classifications compared to Landsat 8. For un-resampled images, mean 

landscape water fractions were 16.4% for Sentinel-2 and 14.3% for Landsat 8, while mean lake 

(PLD) water fractions were 82.5% and 74.8% respectively. The lake water fractions were 
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considerably lower than 100%, because PLD’s lake geometries appear to broadly err on the side 

of overestimating lake extent rather than underestimating. Resampling the images to a common, 

coarser grid reduced—but did not eliminate—these cross-sensor differences. For instance, when 

both sensors were bilinearly resampled to a 30-meter grid, Sentinel-2's landscape water fraction 

was 14.5% (75.5% over PLD lakes), compared to Landsat 8’s 13.4% (70.5% over PLD lakes). 

Even at a 30-meter resolution and when restricting analyses exclusively to unbuffered PLD lake 

areas—lake sizes clearly within Landsat 8’s detection capabilities (Olthof & Fraser, 2024; Wang 

et al., 2025)—differences remained statistically significant. 

Although the nominal percentage differences in landscape water fractions appear 

relatively small, their statistical significance underscores a notable inter-sensor bias. In dynamic 

lake mapping contexts, such differences should also be evaluated relative to existing lake and 

shoreline areas, as lake area changes are inherently proportional to baseline lake extents. We find 

that Landsat 8 measured 5% lower mean water fractions within the PLD mask for images 

resampled to a 30-meter grid (bilinear interpolation). Evaluating lake fraction discrepancies 

relative to the baseline areas highlights a profound impact, particularly along shorelines. 

Shoreline positions disproportionately influence TOA water fraction differences (Figure 8, panel 

B) due to their high proportion of mixed pixels. Specifically, Landsat 8 underestimated water 

fractions by an average relative difference of 7.7% for buffered lakes (IQR=5.6%), and 19.3% 

for shorelines (IQR=11.6%). In relative terms, Landsat 8’s TOA underestimation along 

shorelines was disproportionate to other lake positions, when compared to the total landscape, 

lakes, and buffered lakes (HSD p-values < 0.01). These results emphasize that shoreline 

uncertainty is critical for accurately interpreting lake dynamics in multi-sensor studies. 
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Figure 7: Sentinel-2 and Landsat 8 water fractions in lake position masks by atmospheric 
correction level and resampling method. Water fractions across all 226 scenes are reported as the 
percentage of water pixels within a given lake position’s mask. Panel A corresponds to total scene 
water fractions (i.e., all valid pixels), while Panel B, C, and D correspond to PLD lakes, 
shorelines, and buffered lakes respectively. The grey dashed line separates TOA data from SR 
data within the panels. The y-axes have different scales, because the water fractions vary 
substantially with different lake positions.  
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Figure 8: Relative and absolute differences between Sentinel-2 and Landsat 8 water fractions 
across lake positions, atmospheric correction, and resampling methods. Panel A shows absolute 
sensor differences between Landsat 8 and Sentinel-2 water fractions with Panel B showing 
relative differences. The red horizontal line marks zero. Outliers beyond 1.5 X IQR are not 
shown. Note, the relative and absolute plots have different y-axis scales.  
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 3.2.2 AC’s impact on water fraction discrepancies 

Processing images to surface reflectance mitigated the mean bias where Landsat 8 

measured lower water fractions relative to Sentinel-2. However, this process simultaneously 

introduced greater variability among individual observations and resulted in poorer overall 

agreement between sensors (Figure 8). While SR’s mean bias between sensors was lower, 

relative difference of -7.9% on the total landscape, the inter-quartile range was much wider at +-

16.5%, compared to TOA at +-7.3%, and the IQR was amplified in other lake positions, 

particularly on shorelines (Figure 9). Both sensors systematically underestimated water fractions 

with SR data compared to TOA, but AC’s impact was greater with Sentinel-2. The mean relative 

difference between Sentinel-2 TOA and SR was 20.8% for the total landscape and 18.8% over 

lakes. Meanwhile, Landsat 8’s mean relative differences were 11.4% on the total landscape and 

10.7% on lakes. Interestingly, the relative differences for AC were greater over the total 

landscape than for lakes. A likely explanation for the wider total landscape differences is AC’s 

tendency to omit many small water features on the landscape, which would be outside of PLD. 

The SR data’s systematic underestimation of water fractions was statistically significant (t-test p 

< 0.01) for all resampling methods and landscape positions in both sensors. SR images were 

particularly prone to omitting smaller water bodies and marginal lake edges, leading to 

systematic underestimation of total lake fractions. Similar to cross sensor discrepancies, the 

impact of AC was greatest along lake shorelines. For both Landsat 8 and Sentinel-2, SR data’s 

relative low water bias along shorelines was disproportionate to other lake positions, (HSD p-

values < 0.01) when compared to the total landscape, lakes, and buffered lakes. Thus, while 

atmospheric correction effectively reduces systematic reflectance and area biases between 

Sentinel-2 and Landsat 8, it introduces its own methodological sensitivities, namely increased 

variability and lake-edge detection uncertainties.  
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Figure 9: Relative and absolute differences between TOA and SR water fractions across lake 
positions, sensors, and resampling methods. Panel A shows the absolute differences between 
TOA and SR water fractions with Panel B showing the relative differences. The horizontal red 
line marks zero (i.e., no difference). Outliers beyond 1.5 X IQR are not shown. Note, the relative 
and absolute plots have different y-axes.  
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Visually inspecting the true-color and NDWI images corroborates our quantitative 

findings that atmospheric correction reduces NDWI values for both Sentinel-2 and Landsat 8 

muddling water classifications. The impacts of atmospheric correction are most pronounced over 

mixed shoreline pixels and when measuring small lakes. SR classifications frequently missed 

small lakes, even those large enough to be include in PLD (Figure 10, panel A). 

Compared to reflectance differences introduced by atmospheric correction, the 

reflectance differences between Sentinel-2 and Landsat 8 TOA data were more subtle, but still 

influential. Cross-sensor reflectance variations notably influenced the intensity of NDWI values 

at lake margins. Higher shoreline NDWI intensity led to larger estimated lake areas in Sentinel-2 

TOA data, despite Landsat 8 exhibiting higher NDWI values at the lake center (Figure 10, panel 

B).  
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Figure 10: Visualizing RGB images, NDWI values, and lake extents. Example imagery from the 
Anderson Plain hydrogeographic region on June 16th, 2021, each image in the set is bilinearly 
resampled to 30 meters. TOA and SR images for each sensor are split by the dashed line with 
Landsat 8 in the right sub-columns and Sentinel-2 in the left sub-columns. Rows 1 and 3 show the 
RGB images with the Adaptive lake classification (pink contours), while rows 2 and 4 show the 
NDWI images with PLD boundaries (red contours). Panel A illustrates how SR imagery omits 
small lakes across the landscape, even those large enough to be included in PLD. Panel B zooms 
to the 1km-by-1km box in Panel A to highlight the pattern of shoreline omission by SR data and 
by Landsat 8 compared to Sentinel-2.  
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3.3 Lake size and seasonal fraction explain regional impacts 

The relative magnitude of both sensor and AC water fraction discrepancies varied 

substantially throughout our hydrogeographic study regions. For example, Landsat 8’s mean 

relative bias below Sentinel-2 for TOA data was only -4.0% (IQR=2.7%) in the Tuktoyaktuk 

Peninsula, but it was -9.4% (IQR=5.9%) in the Yukon Flats. This highlights that cross-sensor 

uncertainty is more impactful in some regions compared to others (Figure 10). Similar to cross-

sensor differences, AC’s impact on relative water fractions varied widely across regions. For 

example, the mean relative difference between TOA and SR data in the Mackenzie River Delta 

was 11.2% for Landsat 8 and 13.0% for Sentinel-2. On the other hand, the Yukon Delta had 

22.6% (Landsat 8) and 18.2% (Sentinel-2) relative AC differences. Regions with high AC water 

fraction discrepancies also exhibited high cross-sensor water fraction discrepancies (Figure 10). 

This fact suggests that while dynamic surface water mapping uncertainty is not uniform across 

the Arctic, regions susceptible to one aspect of methodological uncertainty will be susceptible to 

others. While multiple factors could explain behavior across regions, outsized shoreline impacts 

(Figures 8 and 9) indicate that morphology plays an important role. Regional lake size, shoreline 

complexities, and adjacent wetlands with shallow water and emergent vegetation thus could all 

contribute to regional differences in methodological sensitivity. Comprehensive analysis with 

each of these morphological causes is outside the scope of our study, but we explore lake size 

and seasonal fraction’s influence. 
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Figure 11: Regional impact on cross-sensor and AC discrepancies. Shows the cross-sensor and 
AC water fraction biases in relative terms grouped across hydrogeographic regions. Panel A 
shows relative bias between TOA and SR data colored by sensor, while Panel B shows relative 
bias between Landsat 8 and Sentinel-2 colored by AC processing level. 

 

 3.3.1 Size influences AC and sensor discrepancies 

We found that the relative magnitude of both cross-sensor and AC water fraction 

differences increased as lake size decreased (Figure 11). For each coincident scene, we 

calculated aggregate water fraction discrepancies in specific lake size categories within PLD 

lakes (un-buffered). For resampled (bilinear 30 m) TOA images, the mean relative sensor 

difference was 19.2% (IQR=14.5%) over the smallest PLD lakes, but only 3.6% (IQR=2.9%) 

over lakes above 1 km2. When comparing relative sensor differences in TOA data, the smallest 
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lakes (0.01-0.05 km2) had significantly outsized biases (HSD p-values < 0.01). As with lake 

positions, the cross-sensor differences were not directionally biased for SR data in all lake size 

categories (t-test p values > 0.01); however, the scene-to-scene variability – standard deviation in 

relative differences – was extreme for small lakes (𝜎= 77.2%) and high for large lakes (𝜎= 

31.6%). This underscores the elevated image-to-image disagreement that AC can introduce 

between different sensors.  

When comparing Landsat 8 and Sentinel-2’s atmospheric correction impacts, we found 

that SR water fraction’s bias lower relative to TOA was outsized in the smallest lakes (Figure 

13). Though all lake size categories had significant bias (t-test p-values < 0.01), the bias for the 

smallest lakes (0.01-0.05 km2) was outsized compared to other size categories (HSD p-values < 

0.01).  For Landsat 8, a scene’s relative differences between TOA and SR data had a mean of 

45.0% (IQR=38.8%) for the smallest lakes and 6.0% (IQR=3.9%) for the large lakes. The effect 

was similar for Sentinel-2, where the mean relative AC difference was 74.3% (IQR=104.9%) for 

the smallest lakes and 11.7% (IQR=12.1%) for the largest lakes. These large differences 

highlight that AC is a critical methodological consideration when evaluating relative change in 

small lakes. In addition to higher mean AC differences, smaller lakes had more scene-to-scene 

variability, where TOA and SR images produced wide ranging relative differences for the same 

sensor. Landsat 8’s standard deviation in relative AC differences was 52% over the smallest 

lakes while Sentinel-2’s was 57%.  
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Figure 12: Lake size influence on cross-sensor and AC differences. Panel A shows how the 
relative cross-sensor differences varied by lake size categories and AC processing. Panel B shows 
how the relative cross-AC differences varied by lake size and sensor.  

 

 3.3.2 Seasonal associations with sensor discrepancies 

We found a strong positive correlation between seasonal lake fractions as reported by 

GSWO and GLAD, and our observations of disagreement between Sentinel-2 and Landsat 8’s 

TOA data (Figure 15, panel A) (p < 0.01, R=0.46 for GLAD, and R=0.57 for GSWO). Both 

GSWO and GLAD use aggregated Landsat 5, 7, and 8 TOA imagery (Pekel et al., 2016; Pickens 

et al., 2020). Interestingly, the seasonal lake fractions (i.e., June to August changes) were 

surprisingly high in both datasets. For GLAD, 9 of the 24 image target areas had seasonal lake 

fractions in excess of 20%, and 12 of 24 for GSWO; however, the high fraction of seasonal water 

could be a data artifact. In places like the Yukon Flats with small lakes and complex 

morphologies, GSWO and GLAD seasonality estimates were especially dynamic. Given the 
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outsized sensitivity of small lakes to differences between sensors, there are questions about 

whether this extreme seasonality reflects hydrology, or if it may result from artifacts from 

combining multiple sensors. 

 
Figure 13: Associations between image target area’s GSWO & GLAD seasonal water fractions 
and magnitude of cross-sensor discrepancies in coincidence scenes. Panel A shows the linear 
regression where the mean relative cross-sensor differences for PLD buffered 60 meters are 
plotted against the aggregate GLAD and GSWO seasonal lake fractions PLD buffered 60 meters. 
Panel B shows an example of PLD buffered 60-meter seasonal pixels as measured by GSWO and 
GLAD in the Yukon Flats.  
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4. DISCUSSION 

We investigate two under-researched methodological sensitivities in Arctic lake mapping, 

and found they could potentially influence lake trend studies, if left unaddressed. Our research 

uniquely quantified how lake position dictates cross-sensor and AC reflectance biases, which 

thus translate to lake classification differences. In TOA images, we found that Sentinel-2’s NIR 

bias relative to Landsat 8 depended on lake position, which produced higher NDWI values at 

lake margins. This produced larger lake extents for Sentinel-2 TOA relative to Landsat 8. In 

accordance with previous findings, atmospheric correction substantially lowered both sensor’s 

reflectance (Kuhn et al., 2019), but the Green band was lowered more than NIR. This caused 

lower NDWI values at lake margins, which produced substantially smaller lake extents for SR 

data compared to TOA.  

4.1 Implications for dynamic lake mapping 

Our findings from this analysis have some notable implications for dynamic lake 

mapping. First, because atmospheric correction reduces the Green band’s reflectance more than 

NIR over surface water, it leads to lower NDWI values and often omits lake margins. While 

atmospheric correction on average lessened biases between Sentinel-2 and Landsat 8’s water 

fractions, image to image variability was substantially higher. This result thus suggests that 

studies should consider using TOA data whenever analyses’ goal is to avoid omission errors, 

particularly over small waterbodies. Many northern regions contain an outsized proportion of 

these small water bodies (Muster et al., 2019). Beyond the Arctic, omission of small water 

bodies can be a persistent problem irrespective of the classification algorithm (Cordeiro et al., 

2021). The strong impact of atmospheric correction on surface water fractions also means that 

switching AC methods could hide or inflate lake area trends. We thus suggest lake area trend 

analyses should use a consistent atmospheric correction algorithm throughout the period of 

record.  

Our results also emphasize the importance of sensitivity analysis between satellites 

whenever studies fuse multiple sensors. We found that Landsat 8 consistently measured lower 

water fractions than Sentinel-2, particularly along mixed shoreline pixels. Fitting with previous 

research on the impact of spatial resolution (Mullen et al., 2023; Muster et al., 2013), Sentinel-

2’s finer 10-meter pixels explain a portion of – but not all – the water fraction discrepancies. 
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Significant water fraction differences between coarse resampled images over PLD’s lake mask, 

water features with areas well within Landsat 8’s detection limits, suggests that a given band’s 

(particularly NIR’s) spectral responses likely also have a meaningful influence. The 

discrepancies between Landsat 8 and Sentinel-2’s relative water fractions were 

disproportionately large along shorelines and small lakes. Because lake change happens along 

theses uncertain margins, studies fusing multiple satellites should place more emphasis on 

explicit shoreline accuracy comparisons between sensors.  

Failing to properly account for different sensor behavior in mixed pixels could artificially 

inflate or hide lake area trends, as the composition of satellites changes across years (e.g., adding 

Landsat 8). This concept has already been demonstrated in NDVI trends (Guay et al., 2014; 

Holden & Woodcock, 2016); however, we could not find any studies applying spectral 

corrections for lake area change. Not applying spectral corrections between sensors with stark 

differences could explain some trend disagreements in Arctic regions. Older studies (pre-2015) 

could be especially problematic because the image timeseries are extremely sparse, typically less 

than five observations over decades (Webb & Liljedahl, 2023; Supplemental Information). This 

means many Arctic lake area trend studies are reliant a small number of images from first-

generation sensors, and a few subsequent observations from modern systems. Given our mean 

relative PLD lake difference of 7% between coincident Sentinel-2 and Landsat 8 TOA imagery, 

trends could be materially amplified or completely hidden depending on sensor choice over 

decades.  

While the sparse temporal sampling of our matched image sets meant we did not conduct 

any explicit timeseries analysis, we did find strong associations between regions with high 

seasonal lake fractions (as measured by GSWO/GLAD) and cross-sensor lake discrepancies. We 

thus interpret a large portion of this seasonality as noise caused by differences in satellite 

(Landsat 5, 7, or 8) behavior at lake margins. The NIR band for Landsat 7 has different spectral 

response function from Landsat 8 with closer similarity and stronger reflectance agreement to 

Sentinel-2 (band 8) (Chastain et al., 2019). In the Arctic, this noise between satellites could be 

amplified by the paucity of annual lake observations, because a given monthly composite (from 

GSWO/GLAD) may only have one satellite. A subsequent monthly composite with a different 

satellite, could misinterpret sensor change as lake area change. 
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This result is important for dynamic water mapping due to the large number of studies 

that rely on GSWO, GLAD, and or other similar sensor fusion approaches for analyses of small 

glacial lakes (Song et al., 2025), seasonal water at high latitudes (Pickens et al., 2022), and 

Arctic lake change (Y. Chen et al., 2023). Notably, both GSWO and GLAD have especially low 

accuracy in seasonally inundated pixels; Users:44%, Producers:73% for GLAD, and GSWO 

Users:17.4%, Producers:36.3%. (Pickens et al., 2020) For GSWO, Pekel et al. (2016) noted the 

substantially lower omission accuracy in seasonally inundated pixels across satellites (Landsat 5 

= 74.9%, Landsat 7 = 73.8%, and Landsat 8 = 77.4%). Because small lakes have a higher 

proportion of shoreline pixels, noise between sensors is elevated in these water bodies. A recent 

study utilizing GSWO highlighted the outsized variability of small lakes (Pi et al., 2022), yet our 

results suggest differences in shoreline behavior between sensors (even different Landsat 

sensors) could inflate seasonality detection, especially when frequent ice or cloud cover makes 

monthly composites reliant on a single sensor’s observation. GLAD built separate bagged 

classification trees for each sensor, while GSWO used the same expert systems classifier on all 

sensors. In theory, separate models for each sensor could mitigate these differences; however, we 

still found anomalously high seasonality in GLAD data. Our findings thus indicate that applying 

established cross-sensor empirical corrections (Chastain et al., 2019; Claverie et al., 2018; 

Holden & Woodcock, 2016; Roy et al., 2016) to account for band’s spectral responses could 

improve consistency between lake area trends and seasonality estimates.  

4.2 Future work and limitations 

As this study provides helpful insights for two potentially important but relatively 

understudied methodological sensitivities for dynamic surface water mapping, there are many 

opportunities for follow-on research. While our findings are unlikely to be unique to the Arctic, 

testing coincident shoreline discrepancies in imagery globally is worthwhile. In addition to 

expanding the geographic reach, there are three questions ripe for exploration: 1. Does using an 

aquatic-specific atmospheric correction algorithms improve lake classification? 2. Do differences 

in spectral response functions influence lake classification from other Landsat constellation 

sensors? 3. Can a more sophisticated classification algorithm incorporating multiple features 

such as SWIR bands, reduce discrepancies satellite-derived lake areas? 
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While we found that AC increased sensor disagreement and omitted water fractions, 

particularly for small lakes, Sen2Cor and LaSCR are not designed for aquatic contexts. We used 

them, because they are analysis ready in Earth Engine and therefore are a likely first choice for 

remote sensing hydrologists, who generally do not consider the nuances of AC methods. 

Additionally, our choice was determined by the fact that aquatic AC algorithms can struggle in 

small waterbodies with bright shorelines due to adjacency effects (Kuhn et al., 2019), where 

brightly reflective shorelines cause AC over-correction on water.  Nevertheless, there are a 

variety of atmospheric correction algorithms designed for satellite-derived water quality 

observations with their own trade-offs. (Pahlevan et al., 2021) Whether modern aquatic AC 

algorithms improve surface water classification accuracy is an unanswered question.  

We compared two sensors as a proof-of-concept to illustrate how differences in band 

spectral response functions translate into differences in surface water mapping. Given the 

exponential growth of Earth observation satellites, we believe our findings warrant similar 

analyses (i.e., coincident water fraction comparisons) with other sensors. Within the context of 

Landsat 8 and Sentinel-2, the Harmonized Landsat Sentinel-2 (HLS) dataset is an exciting 

prospect. Even though HLS’s empirical corrections are robust for general landscape applications 

(Claverie et al., 2018), determining if these empirical relationships hold true for lakes and 

shorelines would enhance the validation HLS for dynamic surface water mapping. Additionally, 

future work should examine coincident image agreement within the Landsat constellation 

(Landsat 5, Landsat 7, Landsat 8, and Landsat 9), explicitly around lakes and shorelines. This 

analysis would build more confidence in the ability fused datasets like GSWO and GLAD to 

accurately measure dynamic surface water change at the margins. 

The advantage of our Adaptive-Otsu classification is the interpretable relationships 

between reflectance, NDWI, and water fraction outcomes, but we did not examine the effect of 

machine learning algorithms with more input features. Still, NDWI is often a dominant feature in 

machine learning algorithms (Pickens et al., 2020), and Otsu thresholding over a prior buffered 

water mask performs reasonably compared to more sophisticated algorithms (Cordeiro et al., 

2021). Many other studies combine NDWI with SWIR indices, jointly improving lake mapping 

accuracy (Janiec et al., 2023; Sui et al., 2022). While Sentinel-2 and Landsat 8’s SWIR band are 

similar resulting in stronger correlations than their NIR bands (Chastain et al., 2019), other 

sensors can exhibit significant differences in SWIR bands. For example, Band 5 in Landsat 7 
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(1550-1750 nm) versus its counterpart Band 6 in Landsat 8 (1570-1650 nm) present notable 

biases (Roy et al., 2016). Explicitly evaluating lake and shoreline behavior among sensors with 

contrasting SWIR bands warrants further investigation. It remains to be determined whether 

band discrepancies’ impact diminishes when surface water classifications incorporate multiple 

spectral features.   
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5. CONCLUSION 

This study analyzed the impact of sensor resolution, spectral band characteristics and 

atmospheric correction on dynamic surface water mapping in the Western Arctic. Building on 

previous reflectance comparison approaches (Chastain et al., 2019; Claverie et al., 2018; Holden 

& Woodcock, 2016), we explicitly investigated the how reflectance agreement shifts relative to 

lake position. We find these reflectance changes can significantly influence water classifications 

on lake margins, where most dynamic surface water change occurs. Even accounting for the 

spatial resolution differences between Sentinel-2 and Landsat 8 through resampling and 

restricting analysis to lakes defined by the Prior Lake Database (PLD), Sentinel-2 consistently 

reported significantly higher lake water fractions. Additionally, SR data measured much lower 

water fractions than TOA data for both Sentinel-2 and Landsat 8.  

Due to the systematic tendency of SR data to underestimate surface water, particularly 

along transitional regions like shorelines and smaller lakes, we recommend utilizing TOA data, 

apart from rare cases where the analysis goal requires more conservative (i.e., high omission) 

estimates of surface water. These biases— both Sentinel-2 versus Landsat 8 and SR versus 

TOA—were particularly pronounced in mixed pixels where uncertainty is greatest. This issue is 

especially pressing since meaningful surface water change occurs within these uncertain 

margins. While understanding discrepancies between sensors are less critical for static maps (i.e., 

not assessing relative change over time), the magnitude of observed discrepancies becomes 

highly consequential when monitoring seasonal or long-term changes in surface water extent. 

Consequently, studies integrating data from multiple satellite sensors could be more robust by 

performing more cross-sensor sensitivity analyses, specifically targeting mixed pixels in 

coincident images. 

As the constellation of Earth observation satellites expands, there will be increasing 

opportunities—and an increasing necessity—to cross-validate and harmonize data across 

sensors. Initial efforts, such as the Harmonized Landsat-Sentinel (HLS) initiative, have already 

made outstanding strides in aligning reflectance across diverse landscapes and spectral ranges. 

Nonetheless, scientific studies targeting specific environmental features must carefully assess 

how variations in sensor characteristics and processing influence their unique classification 

problems, both aquatically (Lima et al., 2025; Maciel et al., 2023; Pahlevan et al., 2021), and 

terrestrially (Bayle et al., 2024; Ghasempour et al., 2023). Because surface water is dynamic at 
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sub-seasonal timescales and change occurs at uncertain margins, involving more exhaustive 

cross-sensor calibration when fusing datasets may help lessen disagreements between sensors 

and more accurately quantify surface water variability.   
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