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Introduction 

Since the start of the industrial era, the Earth’s climate has warmed due to anthropogenic emissions 

of greenhouse gases. Some of the fastest rates of warming, often more than twice the global 

average, are occurring in northern and boreal regions due to Arctic amplification (Serreze & Barry, 

2011). This rapid climate change in the northern high latitudes has had dramatic environmental 

consequences, including reductions in sea ice extent (Notz & Stroeve, 2016), melting of glaciers 

and ice sheets (Mouginot et al., 2019), thawing permafrost (Hollesen et al., 2015) and an 

intensifying northern hydrologic cycle (Rawlins et al., 2010). Many of these changes feedback into 

global climate through sea level rise (Bamber et al., 2019), carbon release from permafrost thaw 

(Turetsky et al., 2020) and sea ice-atmosphere linkages (Francis & Vavrus, 2012). Arctic 

environmental change also has notable consequences for local communities, such as increased 

water resource vulnerability (Alessa et al., 2008), riskier transportation due to loss of sea ice and 

river ice (Ford et al., 2019), and changes to subsistence hunting practices (Ford et al., 2006). Over 

the next few decades, Arctic climate warming is expected to intensify, exacerbating global impacts 

and further threatening the environment, ecosystems, and people of the Arctic. 

 

Documenting Arctic environmental change and understanding its effects first requires high quality 

observations. Our longest instrumental records of Arctic climate come from meteorological reports 

and river gauging stations. Air temperature records, often beginning in the 1800s, provide key 

evidence of anthropogenic warming (Box, 2002; Overland et al., 2004). Observations of river and 

lake ice extend back 150 years or more and have revealed consistent trends towards a shorter 

duration of ice cover (Magnuson et al., 2000). Large Eurasian rivers have been gauged since the 

1930s, and the notable increase in river discharge they record is one of the best-documented 
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impacts of climate change in the Arctic (Peterson et al., 2002). Even shorter in situ records, such 

as permafrost borehole temperatures, provide important insights into key indicators of 

environmental change (Biskaborn et al., 2019). Due to the vastness, remoteness and lack of 

infrastructure in Arctic regions, however, ground data in Arctic regions is generally sparse and 

limited to a few populated areas and research stations. Furthermore, changing geopolitical 

priorities mean that in many northern regions, ground stations are no longer being maintained 

(Shiklomanov et al., 2002). Despite the high quality and importance of these ground-based 

measurements, in situ data therefore are insufficient for understanding Arctic environmental 

change.  

 

Over the past few decades, rapid developments in satellite remote sensing have transformed our 

ability to investigate Arctic environmental change at broad spatial scales. Passive microwave 

satellite sensors such as the Scanning Multichannel Microwave Radiometer (SMMR) available 

since 1979 have documented the precipitous decline in pan-Arctic sea ice extent (Stroeve et al., 

2012). The suite of Landsat satellites have provided medium to high resolution data since 1972, 

which has been vital for constraining decadal-scale changes in surface water (Pekel et al., 2016), 

mapping ice sheet and glacier velocities (Tedstone et al., 2015), and observing greening of Arctic 

vegetation (Fraser et al., 2011). The launch of NASA’s Moderate Resolution Imaging 

Spectrometer (MODIS) aboard the Terra and Aqua satellites in 2000 increased the temporal detail 

of observations, providing valuable insight into changes in the albedo of the Greenland Ice Sheet 

(Box et al., 2012) and spatiotemporal variability in river ice breakup (Cooley & Pavelsky, 2016). 

While advances in both satellite sensors and techniques for analyzing satellite imagery over the 

past few decades have been critical for the development of scientific understanding about Arctic 
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climate change, however, these traditional satellite sensors are all limited by a tradeoff between 

high spatial and high temporal resolution imagery. This tradeoff has precluded research into 

dynamic processes that occur at daily to weekly time scales, meaning that many processes, such 

as coastal sea ice dynamics and sub-seasonal fluctuations in lake area, remain understudied or 

poorly understood.  

 

In the past few years, there has been rapid development in the capacity to observe fine-scale, 

dynamic processes from space. Although MODIS launched in 2000, and is thus not a new advance, 

its record now spans two decades and therefore enables new insights into decadal-scale changes 

into daily-scale processes. More recently, the development and launch of hundreds of small 

breadbox-sized satellites known as CubeSats over the past few years by companies such as Planet 

Labs now provides daily data of the entire Earth’s surface at 3m resolution. In this dissertation, I 

demonstrate how these advances in technology combined with novel methodological approaches 

enable better understanding of dynamic Arctic environmental change. 

 

In Chapter 1, I present new insights into the processes controlling shorefast sea ice breakup using 

the now decadal-scale MODIS record. Shorefast sea ice, also known as landfast ice, represents a 

small percentage of the total Arctic sea ice cover, yet it is of outsized importance to Arctic 

communities which rely on the seasonal stable shorefast ice platform for protection against 

erosion, access to traditional hunting grounds and transportation between otherwise isolated 

communities (Baztan et al., 2017; Eicken, 2010; Gearheard et al., 2006). While the decline of sea 

ice in the Arctic Ocean is well-documented, the 25 x 25 km resolution of passive microwave 

sensors used to observe sea ice is unable to resolve shorefast ice processes which occur along 
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coastal margins. Consequently, little is known about drivers of shorefast ice growth and breakup 

and how it might change in the future. To determine controls on breakup timing and project their 

changes into the future, we develop a novel method to map the timing of shorefast ice breakup 

using MODIS imagery around 28 communities in Northern Canada and Greenland over 2000-

2018. While we do not observe any trends in breakup timing over the 19-year period, we find that 

breakup timing is strongly correlated with springtime air temperature. By combining these air 

temperature sensitivities with climate model outputs, we then quantify projected future reductions 

in springtime shorefast ice season by 2100, which range from 5 to 44 days earlier. Surprisingly, 

we find the coldest and northernmost Arctic communities are projected to experience the most 

dramatic reductions in springtime ice duration. This research emphasizes the localized nature of 

climate change and highlights a greater than expected vulnerability in the high Arctic.  

 

In Chapter 2, I present our initial research testing the value of newly available CubeSat imagery 

for mapping fine-scale changes in northern surface water dynamics. The northern high latitudes 

are home to the highest density of lakes on Earth (Pekel et al., 2016). Understanding how these 

lakes change on both seasonal and interannual time scales is critical for assessing environmental 

sensitivity to climate change and monitoring the hydrology of these remote and generally poorly 

studied regions. As Arctic and Boreal lakes are net sources of carbon dioxide and methane, 

variations in lake surface area also modulate terrestrial carbon dioxide and methane emissions to 

the atmosphere, a highly important but little understood component of the carbon cycle (Bastviken 

et al., 2011; Raymond et al., 2013). While many studies have examined decadal-scale changes in 

northern surface water using Landsat and other high spatial resolution sensors (e.g. Chen et al., 

2014; Nitze et al., 2017; Olthof et al., 2015; Smith et al., 2005), the coarse temporal resolution of 
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these sensors precludes their use for observing seasonal fluctuations and has therefore limited 

research into intra-annual surface water variability. Starting in 2016, however, the advent of new 

small satellites known as CubeSats operated by companies such as Planet has created new 

opportunities for mapping fine-scale surface water dynamics. Through operation in a constellation 

of more than a hundred satellites, CubeSat imagery now provides near-daily data of the entire 

Earth’s surface at 3 m resolution, a significant step-change from previous observation capabilities. 

Due to the newness of this technology, however, it first required accuracy assessment and 

development of new methodology. We therefore first test the use of CubeSat imagery to map 

changes in water area over a 625 km2 area of the Yukon Flats in Central Alaska during summer 

2016. In one of the very first applications of CubeSat imagery, we identify several unique 

challenges associated with CubeSat imagery, including lack of an automated cloud mask, lack of 

atmospheric correction, radiometric calibration uncertainty and geolocation error. Despite these 

challenges, however, we conclude that CubeSat imagery can be used to accurately map water area 

and the high spatial and temporal resolution of CubeSat imagery make it valuable for 

understanding dynamic environmental change.  

 

In Chapter 3, I present our efforts to use CubeSat imagery to track changes in lake area over four 

large study regions in Northern Canada and Alaska covering diverse climatic and physiographic 

terrains. Chapter 2 demonstrates that CubeSat imagery has scientific value, yet this work focuses 

on a small area and requires significant manual intervention. The real test of CubeSat imagery’s 

utility for hydrologic research is thus whether it can be used to track changes in surface water over 

large areas. To do this, we develop a novel method that incorporates object-based lake-tracking 

and machine learning-derived observation filtering to overcome the key challenges of CubeSat 
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imagery. Through analysis of >75,000 images and >25 TB of data, we identify a surprisingly 

hydrologically dynamic landscape and a near-ubiquitous decline in lake area between May and 

October. We find that the high spatial and high temporal resolution of CubeSat imagery enables 

observation of small shoreline fluctuations unobservable by previous sensors which cumulatively 

sum to substantial seasonal variability. These results have implications for the estimation of 

freshwater carbon emissions, which are often higher along seasonally fluctuating lake margins.  
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Abstract 

Shorefast sea ice comprises only ~12% of the total sea ice cover on Earth yet has outsized 

importance for Arctic societies and ecosystems (Eicken et al., 2009; Ford et al., 2009; Mahoney, 

2018). Relatively little is known, however, about the dominant drivers of shorefast ice breakup or 

how it will respond to climate warming. Here, we use nineteen years of near-daily satellite imagery 

to document the timing of shorefast ice breakup in 28 communities in northern Canada and western 

Greenland that rely on shorefast ice for transportation and traditional subsistence activities. We 

find that breakup timing is strongly correlated with springtime air temperature, but its sensitivity 

varies substantially between communities. By combining these observed sensitivities with a range 

of future climate warming scenarios, we quantify plausible future reductions in springtime 

shorefast ice season by 2100, ranging from 5 to 44 days earlier each year. Paradoxically, it is the 

coldest communities that are projected to experience the most dramatic reductions in springtime 

ice season duration. Our results emphasize the local nature of physical climatic changes and the 

contrasting implications of climate warming for different Arctic communities. 
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1. Introduction 

The Arctic is currently experiencing some of the fastest rates of environmental change on Earth, 

including reductions in sea ice extent (Notz & Stroeve, 2016), melting of glaciers and ice sheets 

(Mouginot et al., 2019), lengthening of the growing season (Park et al., 2016), thawing of 

permafrost (Biskaborn et al., 2019) and intensification of the hydrologic cycle (Rawlins et al., 

2010). For Arctic coastal communities, perhaps the most impactful result of climate warming is 

changes to shorefast sea ice. Shorefast ice, also known as landfast sea ice or “fast” ice, is immobile 

sea ice frozen to the shore which forms along the Arctic coastline during winter and spring (Fig. 

1.1). Shorefast ice is a stable, critically important transportation platform, connecting isolated 

communities and providing access to traditional hunting and fishing grounds for 3 – 9 months each 

year (Gearheard et al., 2006). The presence of shorefast ice also mitigates coastal erosion which 

threatens many Arctic communities located along subsiding coastal margins (Overeem et al., 

2011). Shorefast ice is a critical habitat for marine mammals such as seals and polar bears (Laidre 

et al., 2008), and polynyas that form seaward of shorefast ice edges create hotspots of high 

ecological productivity (Mundy et al., 2009). Shorefast ice, rather than drift ice, therefore provides 

most of the “sea ice services” (Eicken et al., 2009) utilized by Arctic communities.  

 

Since the early 2000s, residents of many Arctic communities have reported that shorefast ice is 

thinner, freezes up later and breaks up earlier than in the 1990s (Baztan et al., 2017; Gearheard et 

al., 2006; Laidler et al., 2009; Meier et al., 2006). These changes increase travel risk, reduce 

hunting success and threaten traditional activities (Laidler et al., 2009; Meier et al., 2006; Pearce 

et al., 2010), further exacerbating insecurity in communities already experiencing socioeconomic 

and cultural stress (Baztan et al., 2017; Ford et al., 2009). Despite its critical socioeconomic 
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importance and reports of its decline, shorefast ice is challenging to observe and model and 

therefore has remained understudied. Shorefast ice is poorly resolved by coarse resolution (~25 

km) passive microwave sensors typically used to map sea ice extent, because it forms within 

narrow fjords and along complex coastlines. The few studies that have analyzed fine-scale changes 

in shorefast ice have primarily focused on Northern Alaska, notably along the coastline near 

Utqiagvik (Mahoney et al., 2007; Mahoney et al., 2014; Petrich et al., 2012), while longer term 

changes have relied on coarse resolution models and/or observations (Galley et al., 2012; Howell 

et al., 2016). Long-term changes in shorefast ice and controls on its decline therefore remain 

largely unknown, especially at the community scale outside of Alaska. 

 

Here, we document the timing of shorefast ice breakup from 2000 to 2018 for 28 coastal Arctic 

communities using daily cloud-filtered satellite imagery acquired by NASA’s Moderate 

Resolution Imaging Spectroradiometer (MODIS). The communities are located in Nunavut and 

the Northwest Territories (N.W.T.), Canada, and in Western Greenland (Fig. 1.2). All have strong 

cultural, economic, and environmental ties to shorefast ice. We compare our remotely sensed 

observations to surface air temperature records measured by automated weather stations (AWS) 

and atmospheric reanalysis (ERA-Interim) and find a strong atmospheric control on the timing of 

shorefast ice breakup. The strength of these correlations allows us to empirically assess the 

environmental sensitivity of individual communities to atmospheric warming. We then use global 

climate model simulations to project which communities may experience the greatest changes in 

shorefast ice by 2100. Our place-based approach allows us to determine how climate change will 

affect human settlements with important cultural heritage in the Arctic. 
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2. Methods 

2.1 Satellite Imagery 

Shorefast ice was mapped using the atmospherically corrected MODIS Level 2 product, 

MOD09GQ, a daily product with a ground sampling resolution of 250 m (Figure S1.2) created 

from the Moderate Resolution Imaging Spectrometer aboard NASA’s Terra satellite (Vermote & 

Wolfe, 2015). The high temporal and spatial resolution of MOD09GQ allowed us to distinguish 

shorefast ice in narrow Arctic fjords with sufficiently fine resolution to resolve the timing of 

breakup accurately. Clouds and cloud shadows were masked using the cloud mask from coincident 

MOD09GA products which were resampled (nearest neighbors) from 1000 m to 250 m pixel 

resolution to match the MOD09GQ products. We analyzed all daily imagery collected between 

day of year 60 and 240 (March 1 to August 28) over 2000-2018. 

 

2.2 Breakup Detection 

Our classification and breakup detection method builds off the river ice breakup detection method 

presented in Cooley and Pavelsky (2016). First, we created a land/ocean mask using high 

resolution coastline shapefiles from Statistics Canada 

(https://open.canada.ca/data/en/dataset/a883eb14-0c0e-45c4-b8c4-b54c4a819edb) and GADM 

(https://gadm.org/index.html) which were combined with the resampled MOD09GA cloud masks 

to exclude all land and cloudy pixels in the MOD09GQ images. Each MODIS band 2 (841 – 876 

nm) image was then classified into snow, ice and water using simple thresholds in band 2 

reflectance (< 0.1 = water, 0.1 – 0.5 = ice and > 0.5 = snow; note reflectance is MOD09GQ digital 

number multiplied by 0.001).  Next, we applied a 5 x 5 km grid covering the fjord and/or coastal 

ocean within ~20 km of each community to each image and determined the percentage of cloud-

https://open.canada.ca/data/en/dataset/a883eb14-0c0e-45c4-b8c4-b54c4a819edb
https://gadm.org/index.html
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free MODIS pixels that were classified as snow, water and ice for each grid cell. This produced a 

daily time series of snow, ice and water percent for each grid cell from March to August for every 

year between 2000 and 2018 (Figure S1.3).  

 

Using these time series, we determined the annual date of breakup for each 5 x 5 km grid cell. 

First, all days with >50% cloud cover were removed and Hampel and 5-day median filters were 

applied to the time series to remove outliers caused by sensor noise or failure of the MODIS cloud 

mask. Only grid cells which had a snow or ice value > 90% for at least 3 consecutive cloud-free 

observations in each year were analyzed to ensure that shorefast ice was present. Breakup date 

detection proceeded for each time series as follows:  

 

(1) We identified the first five-observation period when the grid cell averaged at least 50% 

open water. 

(2) We determined the first day within or following this five-observation period when the grid 

cell reached 90% open water. 

(3) To account for cloud cover, the breakup date was then defined as the midpoint between 

this date and the previous cloud-free observation, with the uncertainty in breakup detection 

the difference between the two (Cooley & Pavelsky, 2016) (Figure S1.3).  

 

This process was repeated for all grid cells within 20 km of the community for all years which 

yielded a mean uncertainty in breakup timing due to cloud obscuration of + 1.9 days. We defined 

the breakup date for each individual community for each year as the mean breakup timing in these 

grid cells. Breakup dates were allowed to be fractional during the temperature analysis, but for 
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simplicity were rounded to the nearest day in the table and in the text. While we acknowledge that 

community use of shorefast ice generally ceases before the fjord is 90% open water, we chose this 

breakup threshold because it is a consistent metric that is interpretable to both scientists and local 

community members as the point in which the area surrounding each community becomes clear 

of ice. To mitigate possible influence of drift ice on breakup detection, grid cells which on average 

do not transition from >90% ice to >90% water each spring/summer were removed from the 

analysis, as in our manual examination of the imagery, grid cells in our study area containing 

substantial drift ice tended to have this characteristic. We note that this method does not explicitly 

distinguish between drift ice and shorefast ice. While this distinction is not required along the 

complex coastlines and fjords of the Canadian Arctic Archipelago and Western Greenland where 

nearly all sea ice is landlocked, we caution the use of this approach in regions of the Arctic where 

shorefast ice is less extensive, such as along the Bering and Chukchi coasts in Alaska.   

 

We assessed the accuracy of this method first through sensitivity analysis of the water thresholds. 

Water reflectance thresholds of 0.08, 0.09, 0.10 (chosen threshold), 0.11 and 0.12 were tested for 

three communities over the full MODIS record. Changes to the threshold had comparatively small 

impacts on breakup timing, shifting breakup by only 0-4 days on average (Figure S1.4), and had 

little-to-no impact on correlations with air temperature. Therefore, although the choice of water 

threshold may slightly shift the exact date of breakup, it is unlikely to affect any of our conclusions. 

 

We also assessed the accuracy of this method by comparison to high resolution Planet and 

Sentinel-2 imagery. We compared the breakup dates for each community in 2017 and 2018 with 

breakup dates manually detected using high resolution, near-daily Planet Labs and Sentinel-2 
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satellite imagery. This comparison was imperfect, as there are biases associated with manual 

detection and furthermore cloud cover and missing imagery can impact results when comparing 

between sensors. However, it was a useful external check on the breakup dates to ensure accuracy 

of the method. For both 2017 and 2018, manually and automatically detected breakup dates were 

strongly correlated with an R2 > 0.93. The RMSE between manually and automatically detected 

dates was 4.3 days in 2017 and 4.2 days for 2018, and the median difference between the dates 

was 1.8 days for 2017 and 3.4 days for 2018, suggesting confidence in our breakup detection 

method (Figure S1.5).  

 

2.3 Temperature Analyses 

To assess the relationship between breakup timing and springtime air temperature we used both 

automated weather station (AWS) data from each community and the ERA-Interim reanalysis 

product (Dee et al., 2011). For Canadian communities, hourly AWS data were obtained from the 

Government of Canada Historical Weather Data (http://climate.weather.gc.ca/). For Greenlandic 

communities, hourly AWS data were obtained from Danish Meteorological Institute 

(https://www.dmi.dk/publikationer/). All hourly data were averaged to a daily mean, and to avoid 

bias caused by diurnal temperature variability, days with less than 22 hours of data were excluded. 

To produce the yearly springtime air temperature records, we averaged between stations if multiple 

stations were available and interpolated between days if data was missing. Years where more than 

4 days of spring air temperature were missing were excluded to limit the effect this bias could have 

on reported results. Overall, 23 of 28 communities had AWS data meeting these standards for >10 

years over 2000-2018.  

 

http://climate.weather.gc.ca/
https://www.dmi.dk/publikationer/
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We also used ERA-Interim reanalysis data (Dee et al., 2011) as it provides a consistent record 

available over all 28 communities between 2000-2018 

(https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim) and has been shown 

to perform well over the Arctic(Lindsay et al., 2014). To produce the springtime air temperature 

time series, six-hourly temperature values from the nearest four ERA-Interim grid cells to each 

community were averaged into a daily time series.  

 

For both AWS and ERA-Interim datasets, we calculated the mean air temperatures (in °C) for each 

community over a set period in the spring:  

Eq. (1)     𝑇𝑠 = ∑ 𝑇𝑑  (°𝐶)
𝐸𝑜𝑆 − 5

𝐸𝑜𝑆 − 40
/36 

Where Ts = mean springtime air temperature (in °C), EoS = end of spring and Td = daily air 

temperature (in °C). We defined the “end of spring” as the earliest date of breakup for each 

community which ensured that our calculation of springtime air temperature encompassed the 

period prior to breakup for each community given the wide range in breakup timing. To determine 

the length of the period prior to the “end of spring” which best predicts breakup timing, we 

optimized for maximum average R2 over all communities and tested between 15 and 75 days prior 

to the earliest breakup. We excluded the five days prior to the end of spring to ensure that the mean 

springtime temperature was calculated only over days with near complete ice cover, thus 

mitigating any potential effect of a positive feedback between open-water and air temperature 

(Mahoney et al., 2007). This analysis yielded 40 days prior to the end of spring as the optimal 

period over which to calculate degree days, though changing the number of days prior to the end 

of breakup from 35 to 45 days has little impact on correlations with air temperature.  

 

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim
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To estimate future changes in breakup, we used daily 2 m temperature outputs from eight CMIP5 

global climate models, namely BNU-ESM, CCSM4, CESM1-CAM5, CSIRO-Mk3-6-0, GFDL-

CM3, IPSL-CM5A-LR, NorESM1 and BCC-CSM1 (Taylor et al., 2012). These eight model runs 

were chosen as they all provide daily 2 m air temperature data over 2006-2099 under RCP2.6 (low 

emission), RCP4.5 (midrange mitigation) and RCP8.5 (high emissions) scenarios. The yearly 

springtime degree day time series were produced by averaging the daily temperature time series 

for all grid cells located within a 2° x 2° box surrounding each community and calculating 

springtime degree days as described above. We chose this sampling strategy due to inconsistencies 

in CMIP5 model resolutions. Next, all 94-year modeled springtime degree day time series were 

normalized to their 2006-2018 average, and a 10-year median filter was applied. We then 

calculated projected future changes in breakup timing by applying the air temperature sensitivities, 

calculated using ERA-Interim and normalized to 2006-2018, to the future springtime degree day 

time series.   

 

3. Results 

Our satellite remote sensing analysis of shorefast ice breakup, defined as the first day when the 20 

km surrounding each community reaches >90% open water, provides a consistent 19-year breakup 

record for all 28 communities in Figure 1.2 with an average uncertainty due to cloud cover of + 

1.9 days. We find substantial variability in breakup timing across the study region, with colder 

communities, as defined by mean annual air temperature (MAAT), experiencing later breakup than 

warmer communities (R2 = 0.50, p < 0.001). From 2000 to 2018, mean breakup timing ranged 

from May 29 (standard deviation = + 17 days) in Uummannaq to August 1 (+ 10 days) in Grise 

Fiord, with an average date of July 11 (+ 15 days) across all communities. Regionally, shorefast 
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ice cleared first in the Western Northwest Passage (June 30, + 8 days) and remained the longest in 

the Central Northwest Passage (July 24, + 6 days) and Northern Baffin Bay (July 23, + 7 days). 

On average, breakup varied by 34 days in each community over the 19-year period, ranging from 

a minimum of 16 days in Tuktoyaktuk to a maximum of 76 days in Ulukhaktok (Table S1.1). 

Importantly, this interannual variability in shorefast ice breakup timing is not necessarily 

associated with drift ice extent, with the correlation between shorefast breakup timing and regional 

drift ice extent (Fetterer et al., 2019) positively significant for just 9 of 28 communities over the 

study period (see Supplementary Information).  

 

Much of the interannual variability in shorefast ice breakup is associated with local fluctuations in 

springtime air temperature (Fig. 1.3), here defined as the mean daily 2 m air temperature during a 

36-day spring period defined by the earliest date of observed shorefast ice breakup in each fjord. 

Of 23 communities having at least 10 years of in situ AWS data, 18 exhibit a significant correlation 

between AWS springtime air temperature and breakup at 95% confidence (mean R2 = 0.56) (Fig. 

S1.1, Table S1.1). Similarly, 25 of 28 communities exhibit a significant correlation at 95% 

confidence (mean R2 = 0.49) (Fig. 1.3; Table S1.1) when compared with 2 m air temperature from 

ERA-Interim reanalysis (Dee et al., 2011). We hypothesize the absence of the relationship in the 

other three communities is due to persistent year-round open water near the community in Cape 

Dorset and a potential influence of drift ice on shorefast ice breakup detection in Ulukhaktok and 

Resolute. We also note that while air temperature appears to be the dominant control on breakup 

timing, some of the uncertainty in the correlations may be explained by winds and ocean 

temperatures.  
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While nearly all of the communities studied here exhibit strong empirical correlations between 

springtime air temperature and breakup, the sensitivity of the relationship (i.e. the slope of linear 

regression; Fig. 1.3) is highly variable between communities. Most sensitive is Grise Fiord, at -7.5 

days/°C, and least sensitive is Tuktoyaktuk at -1.1 days/°C (Table S1.1). Regional patterns in 

sensitivity are also evident, with the Northern Baffin Bay region experiencing -6.1 days/°C and 

Western Northwest Passage just -2.5 days/°C (Fig. 1.4). We find that breakup in colder 

communities is more sensitive to climate fluctuations than in warmer communities (R2 = 0.30, p < 

0.01; Fig. 1.4). This observed relationship between MAAT and sensitivity strengthens even further 

if the two warmest communities (Uummannaq and Sanikiluaq) are excluded (R2 = 0.59, p < 0.001; 

Fig. 1.4a).  

 

By applying our observed empirical correlations between springtime air temperature and shorefast 

ice breakup to a range of projected future air temperatures from CMIP5 global climate model 

simulations (Taylor et al., 2012), we find a correspondingly wide range of projected declines in 

breakup timing. Under a high emissions scenario (RCP8.5), we find that by 2099, changes in 

breakup timing range from 5 days earlier (Tuktoyaktuk) to 44 days earlier (Taloyoak), with an 

average change of 20 (+ 9) days earlier across all communities (Table S1.1). Regionally, the 

Central Northwest Passage is projected to experience the largest reduction in spring shorefast ice 

season (-31 days) and Western Northwest Passage the smallest (-12 days) (Figs. 1.4 and 1.5). These 

overall geographical patterns are preserved under the RCP4.5 (-9 days on average) and RCP2.6 (-

7 days) scenarios (Fig. 1.5). As with breakup sensitivity, there is a linear correlation between 

MAAT and predicted future change in breakup (R2 = 0.24, p = 0.01), suggesting that colder 

communities will experience greater reductions in springtime shorefast ice than warmer 
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communities (Fig. 1.4c). Similarly, the relationship between MAAT and predicted future change 

is stronger when the two warmest communities are excluded (R2 = 0.36, p < 0.01; Fig. 1.4c).  

 

4. Discussion and Conclusions 

This study presents the first community-level assessment of shorefast ice breakup across Northern 

Canada and West Greenland, thus providing insight into an understudied process that critically 

affects the livelihoods, cultures, and economies of coastal Arctic communities. Our analysis 

identifies large sub-regional variability in both the present-day timing of shorefast ice breakup and 

its sensitivity to future warming.  While future work is needed to determine whether these findings 

are broadly applicable outside of the Canadian Arctic Archipelago, a clear northward trend in 

sensitivity is especially notable and underscores the necessity of localized approaches for assessing 

environmental sensitivity to Arctic climate change.   

 

The strong positive correlations between breakup timing and springtime air temperatures over the 

period 2000-2018 suggest that surface-atmosphere interactions exert a first-order control on 

shorefast ice breakup. While few studies have specifically examined the relationship between 

breakup and springtime air temperature, the strong role of atmospheric interactions helps to 

corroborate recent work finding surface air temperature to be the dominant control on both drift 

ice extent (Olonscheck et al., 2019) and outlet glacier termini positions (Cook et al., 2019) in our 

study region. Although we find no statistically significant trends in air temperature or breakup 

timing in any community during our 19-year record, Arctic air temperatures are projected to 

rapidly increase in the future (Pithan & Mauritsen, 2014). The strongly positive correlation 

between springtime air temperatures and shorefast ice breakup identified here therefore suggests 
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that breakup will occur earlier in the future, highlighting the potential exposure of coastal Arctic 

communities to anthropogenically-induced climate warming.  

 

While all communities are likely to experience earlier shorefast ice breakup in the future, breakup 

in colder communities is notably more sensitive to changes in springtime air temperature than in 

warmer communities (Fig. 1.4). This regional variability in breakup sensitivity holds contrasting 

implications for communities in Northern Canada and Western Greenland, particularly when 

socioeconomic and cultural differences are also considered. For example, communities that are 

most reliant on traditional subsistence activities, such as Clyde River and Taloyoak (-6.5 and -6.9 

days/°C, respectively), are especially vulnerable to earlier ice breakup. Breakup in these two 

communities is expected to occur 23 to 44 days earlier, respectively, by 2099, suggesting that 

economically and culturally significant activities on the ice will be harder to maintain in the future 

(Gearheard et al., 2006). Communities located along increasingly popular Arctic cruise ship routes, 

such as Cambridge Bay (-4.8 days/°C, -29 days in 2099) and Pond Inlet (-5.6 days/°C, -23 days in 

2099), however, may experience some benefits from earlier ice breakup. Our prediction of a 

substantially reduced shorefast ice season in these communities has the potential to enhance 

economic development through increased ship port-of-calls, alongside negative environmental and 

cultural impacts from rising numbers of cruise ships (Stewart et al., 2007).  

 

In contrast to these examples, communities such as Tuktoyaktuk (-1.1 days/°C, -5 days in 2099) 

and Paulatuk (-2.3 days/°C, -11 days in 2099) are projected to be less affected by shorefast ice 

reductions. Due to its low climatic sensitivity and high potential for coastal economic development 

due to its new year-round connection to the North American road network (Bennett, 2018), 
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Tuktoyaktuk, in particular, may be less vulnerable to the cultural and economic changes caused by 

climate warming than other communities assessed here. These nuances emphasize the importance 

of taking a community-based approach to climate studies and recognizing that even within the 

rapidly changing Arctic, climate change does not affect all communities equally.  

 

The results and projections presented here provide useful insight into varying spatial patterns of 

Arctic climate change and the exposure of coastal communities to environmental change. 

However, other factors beyond air temperature (e.g. winds, ocean temperatures and surface waves) 

also likely influence shorefast ice breakup timing. Similarly, breakup timing is just one of several 

shorefast ice metrics that affect community ice usage. Future work should thus consider 

incorporating additional environmental variables, together with shorefast ice thickness (Dumas et 

al., 2006), stability (Dammann et al., 2019), and freeze-up date (Yu et al., 2014). Such analysis 

may elucidate the mechanisms controlling breakup and how they differ between warmer and colder 

communities, therefore lending further confidence to our projections. Additional human and/or 

geographic factors unrelated to climate change may also influence community vulnerability to 

reductions in shorefast ice. For example, the two warmest communities, Uummannaq, and to a 

lesser extent Sanikiluaq, already experience much earlier breakup than other communities (May 

29th and June 21st on average, respectively) and a shorter ice season. Therefore, the sociocultural 

impact of even comparatively small changes in breakup timing could be severe. This is exemplified 

by the 2005 winter in Uummannaq when stable shorefast sea ice never formed, meaning that locals 

could not access the ice and many dog teams were unused for nearly two years. In a warmer 

climate, such occurrences may become more frequent and lead to the loss of traditional cultural 

activities such as dog sledding and seal hunting on the ice (Baztan et al., 2017). 
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Overall, our study of shorefast sea ice applies broad-scale remote sensing and climate modeling 

tools at a community-level to identify complexity at the sub-regional scale. The observed 

variability in shorefast sea ice appears to be localized and not necessarily correlated with pan-

Arctic drift ice records, corroborating previous reports by both local residents (Baztan et al., 2017) 

and scientists (Mahoney et al., 2014). The high susceptibility of the coldest, northernmost 

communities of Northern Canada and Western Greenland to reduced shorefast ice seasons 

emphasizes the importance of considering the local nature of climatic changes alongside 

community-level differences when making policy decisions or other preparations for the 

consequences of climate change. Because shorefast ice is one of many environmental assets 

important to Arctic communities, future research combining broad-scale analysis tools with 

community-level characteristics may help provide more actionable information for Arctic 

populations facing substantial climatic and social change. 
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Figures 

 

Figure 1.1. Images of shorefast sea ice: (a) seal hunter returning home by dogsled to Uummannaq, 

Greenland in April 2019; (b) shorefast ice edge roughly 15 km from Uummannaq in May 2019, 

10 days before MODIS-detected breakup; (c) snowmobile travel on shorefast sea ice outside 

Iqaluit, Nunavut in March 2018; (d) small boat awaiting shorefast ice breakup near Iqaluit, 

Nunavut in March 2018 (all photos by lead author). 
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Figure 1.2. Study area map including 28 settlement communities impacted by shorefast sea ice in 

Nunavut and the Northwest Territories (N.W.T.), Canada, and in western Greenland.  

Communities are labeled and colored by subregion. Within the ocean, white illustrates the 2018 

drift and shorefast ice minimum, light blue drift and shorefast sea ice maximum and dark blue 

perennially open ocean in 2018 as observed by NSIDC MASIE (https://nsidc.org/data/masie). 

Inset shows a box plot of mean annual air temperature (MAAT) over 2000-2018 for each 

community sub-region, where box limits represent the upper and lower quartiles and whiskers 

illustrate the full data range.  

  

https://nsidc.org/data/masie
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Figure 1.3. Scatter plots of shorefast ice breakup timing vs. mean springtime air temperature  (°C) 

for all 28 communities as calculated using ERA-Interim data. Each row shows communities from 

the same sub-region as defined in Figure 1. Black lines show the linear regressions between 

shorefast ice breakup timing and springtime air temperature, with gray shading indicating the 

uncertainty in this regression calculated as the 95th confidence interval. A dashed line and a single 

asterisk after community name indicates communities where breakup timing and degree days are 

uncorrelated at p < 0.05. The x and y-axes are standardized by range to illustrate the variability in 

slope.  
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Figure 1.4. Patterns in breakup sensitivity and projected change in breakup by temperature and 

region. Panel (a) shows the relationship between mean annual air temperature (MAAT, °C) and 

shorefast ice breakup sensitivity (days earlier/°C), illustrating how colder communities are more 

sensitive to springtime air temperature than warmer communities. Panel (b) plots breakup 

sensitivity by sub-region, ordered left to right from coldest to warmest. Panel (c) shows the 

relationship between MAAT and projected change in breakup in 2099 (days earlier), further 

illustrating that colder communities are likely to experience greater changes than warmer 

communities. Panel (d) plots projected change in breakup in 2099 by sub-region. For (a) and (c), 

dashed lines show the relationship for all 28 communities, and solid lines show the relationship 

excluding Uummannaq and Sanikiluaq (the two warmest communities, shown as open circles on 

both plots). For panels (b) and (d), box limits represent the upper and lower quartiles and the 

whiskers illustrate the full data range.  
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Figure 1.5. Projected changes in shorefast ice breakup using eight CMIP5 climate models. The 

first row shows the projected changes in springtime air temperature averaged over each sub-region 

for RCP2.6 (yellow), RCP4.5 (green) and RCP8.5 (blue), and the second row shows the 

corresponding projected changes in breakup timing for each sub-region. Shaded areas indicate the 

ensemble-averaged 25th and 75th percentile projections of all the models for each community. Sub-

regions are ordered from coldest to warmest from left to right; note the much smaller projected 

shorefast ice reductions in Southern Baffin Bay, Western Northwest Passage and Hudson Bay 

compared to the colder Northern Baffin Bay and Central Northwest Passage sub-regions. 
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Supplementary Information 

Supplementary Text 1: Comparison with NSIDC Sea Ice Extent 

To determine whether shorefast sea ice extent is correlated with drift ice extent, we compared the 

MODIS-derived shorefast ice breakup time series to annual sea ice extent indices calculated from 

the National Snow and Ice Data Center (NSIDC) Sea Ice Index. For each community, we 

calculated the Pearson’s R correlation between breakup timing and annual minimum (September) 

sea ice extent, minimum extent in March, April and May and the minimum extent during the 36-

day “springtime” period as defined for each community. These indices were calculated for each 

communities’ corresponding NSIDC Sea Ice region, namely Baffin, Beaufort, Canadian Arctic 

Archipelago and Hudson. Note that these NSIDC sea ice regions do not correspond to the regions 

used in this analysis.  

 

The strongest correlations were found between breakup timing and annual minimum sea ice extent, 

with nine of the twenty-eight communities exhibiting correlations at p < 0.05. Regionally, five of 

twelve communities located in the Canadian Arctic Archipelago, three of six Baffin communities, 

and the only Beaufort community exhibited correlations. Interestingly, none of the nine Hudson 

communities exhibited correlations with annual minimum sea ice extent. We also tested 

correlations with the minimum ice extent over March-May and the minimum ice extent over the 

“springtime” period used for air temperature calculations for each community. Tuktoyaktuk, the 

sole Beaufort community, was the only community that exhibited correlations across all three 

metrics, suggesting a potential role of linkages between offshore ice and breakup timing along the 

Tuktoyaktuk Peninsula coast. The lack of consistent correlations in other communities highlights 
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the localized dynamics of shorefast sea ice and cautions against using drift ice records for 

documenting coastal sea ice change in Northern Canada and Greenland.   
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Supplementary Figures 

 

Figure S1.1. Scatter plots of shorefast ice breakup timing vs. mean springtime air temperature 

(DD, °C) for all 28 communities as calculated using local AWS data. Each row shows communities 

from the same sub-region as defined in Figure 1. Black lines show the linear regressions between 

the shorefast ice breakup timing and DD, with gray shading indicating the uncertainty in this 

regression. Single asterisk after community name indicates communities where breakup timing 

and degree days are uncorrelated at p < 0.05; double asterisk after community name indicates 

communities with less than 10 years of AWS data. The x and y-axes are standardized by range to 

illustrate the variability in slope. 
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Figure S1.2. Example of MODIS classification in Uummannaq Fjord, Greenland during 2017. 

Left column shows true color Sentinel-2 imagery, middle column shows MODIS Band 2 (841 – 

876 nm) imagery from the same date, and the right column shows the corresponding classification 

of the MODIS image, where brown is land, white is snow and bright ice, gray is dark, melting ice 

or mixed ice and water, and blue is water.  
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Figure S1.3. Example of MODIS-derived percent water time series for grid cells located near four 

communities in 2006. The blue dots represent the MODIS time series after cloud removal and 

median filtering. The red line represents the detected breakup date, defined as the mid-point of the 

first day where the grid cell >90% water and the previous observation. The gray shaded region 

represents the uncertainty due to cloud cover.  
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Figure S1.4. Time series of shorefast ice breakup timing for three communities (Cambridge Bay, 

Iqaluit and Arviat) using five different MODIS band 2 ice/water reflectance thresholds. The chosen 

threshold, t = 0.01, is shown as a dashed black line. Please note that the reflectance values are the 

MODIS digital numbers multiplied by 0.001. 
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Figure S1.5. Scatter plot of breakup dates manually determined for each community using 

Planet Labs and Sentinel-2 imagery (x-axis) versus MODIS-derived dates (y-axis). 2017 dates 

are shown in blue (R2 = 0.95) and 2018 dates (R2 = 0.93) are shown in green.  
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Supplementary Tables 

Table S1.1. 

Summary of results for each community. MAAT refers to the mean annual air temperature (°C) in 

each community over 2000-2018. Region refers to the subregions shows in Figure 2, namely: NBB 

= Northern Baffin Bay, CNP = Central Northwest Passage, SBB = Southern Baffin Bay, WNP = 

Western Northwest Passage and HB = Hudson Bay. AWS R2 and ERA R2 are the Pearson’s R2 of 

the correlations between springtime air temperature and breakup timing using automated weather 

station data and ERA-Interim reanalysis, respectively. Bolded and italicized values indicates 

correlations at p < 0.01 and bolded values indicate correlations at p < 0.05. AWS and ERA slopes 

are the slope of the regression line between springtime air temperature and breakup timing; in other 

words, the sensitivity of breakup timing to air temperature (days/°C). Finally, Δ RCP8.5, Δ RCP4.5 

and ΔRCP2.6 refer to change in breakup timing in 2099 as projected using modeled daily 

temperatures from eight CMIP5 models and the relationships between springtime air temperature 

and breakup timing for the three different emissions scenarios.  

 

Community Latitude Longitude MAAT Region 
Mean 

Breakup 

Min 

Breakup 

Max 

Breakup 

STD 

Breakup 

AWS 

R2 

AWS 

Slope 

ERA 

R2 

ERA 

Slope 

Δ 

RCP8.5 

Δ 

RCP4.5 

Δ 

RCP2.6 

Arctic Bay 73.038 -85.148 -13.9 NBB 207 195 225 8 0.60 -6.34 0.62 -6.22 -33 -15 -10 

Grise Fiord 76.419 -82.902 -13.2 NBB 213 193 231 11 0.52 -6.61 0.28 -7.48 -25 -13 -9 

Pond Inlet 72.700 -77.959 -14.4 NBB 205 196 217 7 0.37 -5.61 0.32 -5.62 -23 -11 -8 

Qaanaaq 77.467 -69.229 -15.6 NBB 192 179 205 7 0.14 NA 0.39 -4.93 -14 -7 -5 

Resolute 74.697 -94.830 -13.0 NBB 206 180 237 13 0.06 NA 0.08 NA NA NA NA 

Cambridge Bay 69.117 -105.060 -12.4 CNP 207 190 220 8 0.70 -4.71 0.62 -4.76 -29 -11 -9 

Gjoa Haven 68.636 -95.850 -11.8 CNP 210 199 225 7 0.60 -4.88 0.56 -5.12 -32 -13 -12 

Igloolik 69.373 -81.825 -11.9 CNP 206 199 226 7 NA NA 0.37 -6.15 -35 -14 -11 

Kugaaruk 68.535 -89.825 -13.1 CNP 195 182 215 7 0.32 -2.57 0.53 -4.73 -27 -11 -10 

Naujaat 66.528 -86.245 -10.9 CNP 200 188 216 6 NA NA 0.28 -2.84 -17 -7 -6 

Taloyoak 69.537 -93.527 -14.4 CNP 211 195 236 10 0.77 -7.10 0.77 -6.93 -44 -18 -15 

Cape Dorset 64.230 -76.541 -7.6 SBB 184 166 199 9 0.04 NA 0.07 NA NA NA NA 

Clyde River 70.476 -68.601 -12.7 SBB 208 196 217 5 0.38 -4.23 0.53 -6.52 -23 -10 -7 

Iqaluit 63.747 -68.517 -8.9 SBB 184 171 207 11 0.56 -5.20 0.61 -4.21 -16 -6 -6 

Pangnirtung 66.147 -65.701 -11.4 SBB 182 167 200 9 0.33 -2.82 0.24 -2.82 -7 -4 -4 

Qikiqtarjuaq 67.556 -64.026 -9.8 SBB 201 186 212 7 0.19 NA 0.26 -3.48 -13 -5 -4 

Uummannaq 70.677 -52.131 -6.0 SBB 149 113 182 18 0.45 -3.42 0.43 -4.00 -15 -7 -5 

Kugluktuk 67.825 -115.097 -9.2 WNP 187 171 198 7 0.46 -2.12 0.50 -2.24 -14 -5 -5 

Paulatuk 69.351 -124.071 -10.5 WNP 184 173 195 6 0.52 -2.35 0.59 -2.31 -11 -5 -3 

Sachs Harbour 71.985 -125.247 -11.6 WNP 188 164 224 15 0.40 -4.29 0.37 -4.49 -17 -8 -7 

Tuktoyaktuk 69.445 -133.034 -8.8 WNP 167 159 177 4 0.53 -1.36 0.41 -1.11 -5 -3 -2 

Ulukhaktok 70.737 -117.770 -9.6 WNP 182 140 216 24 0.20 NA 0.12 NA NA NA NA 

Arviat 61.108 -94.062 -8.2 HB 182 170 195 6 0.56 -2.21 0.52 -2.39 -11 -5 -3 

Chesterfield Inlet 63.347 -90.737 -8.4 HB 183 172 194 6 NA NA 0.45 -2.74 -14 -5 -4 

Coral Harbour 64.139 -83.170 -9.8 HB 188 165 203 9 0.57 -3.25 0.52 -3.48 -15 -6 -5 

Rankin Inlet 62.808 -92.085 -9.4 HB 186 174 199 7 0.78 -3.21 0.76 -3.48 -18 -7 -5 

Sanikiluaq 56.541 -79.223 -4.5 HB 172 154 196 12 NA NA 0.62 -5.26 -22 -9 -4 

Whale Cove 62.243 -92.602 -7.9 HB 186 172 199 7 NA NA 0.70 -3.27 -17 -7 -5 
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Abstract 

Recent deployments of CubeSat imagers by companies such as Planet may advance hydrological 

remote sensing by providing an unprecedented combination of high temporal and high spatial 

resolution imagery at the global scale. With approximately 170 CubeSats orbiting at full 

operational capacity, the Planet CubeSat constellation currently offers an average revisit time of 

<1 day for the Arctic and near-daily revisit time globally at 3 m spatial resolution. Such data have 

numerous potential applications for water resource monitoring, hydrologic modeling and 

hydrologic research. Here we evaluate Planet CubeSat imaging capabilities and potential scientific 

utility for surface water studies in the Yukon Flats, a large sub-Arctic wetland in north central 

Alaska. We find that surface water areas delineated from Planet imagery have a normalized root 

mean square error (NRMSE) of <11% and geolocation accuracy of <10 m as compared with 

manual delineations from high resolution (0.3–0.5 m) WorldView-2/3 panchromatic satellite 

imagery. For a 625 km2 subarea of the Yukon Flats, our time series analysis reveals that roughly 

one quarter of 268 lakes analyzed responded to changes in Yukon River discharge over the period 

23 June–1 October 2016, one half steadily contracted, and one quarter remained unchanged. The 

spatial pattern of observed lake changes is heterogeneous. While connections to Yukon River 

control the hydrologically connected lakes, the behavior of other lakes is complex, likely driven 

by a combination of intricate flow paths, underlying geology and permafrost. Limitations of Planet 

CubeSat imagery include a lack of an automated cloud mask, geolocation inaccuracies, and 

inconsistent radiometric calibration across multiple platforms. Although these challenges must be 

addressed before Planet CubeSat imagery can achieve its full potential for large-scale hydrologic 

research, we conclude that CubeSat imagery offers a powerful new tool for the study and 

monitoring of dynamic surface water bodies. 
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1. Introduction 

Quantifying spatial and temporal variability in surface water area and storage is critical for 

effective water resource management, testing flood models, and assessing impacts of 

environmental and climatic change. In situ monitoring stations for lake water levels and river 

discharge are sparse and furthermore provide only one-dimensional point observations that 

acceptably characterize inundation and storage in well-defined, constrained bathymetries but not 

in complex floodplains and/or wetland environments (Alsdorf, Rodriguez, et al., 2007). In situ 

monitoring of shoreline boundaries is exceedingly rare, as are water level gauges in small lakes. 

While river gauges are common in cities and developed countries, they are sparse in other areas, 

particularly in the Arctic (Alsdorf, Rodriguez, et al., 2007; Fekete et al., 2012; Shiklomanov et al., 

2002). Remotely sensed measurements of surface water are consequently an essential supplement 

to ground measurements for measuring, monitoring and modeling global water resources (Doug 

Alsdorf, Rodriguez, et al., 2007; Lettenmaier et al., 2015).  

 

Although mapping surface water extent using optical imagery is well established (Alsdorf, 

Rodriguez, et al., 2007; Smith, 1997), a tradeoff between high spatial versus high temporal 

resolution sensors has traditionally prevented study of dynamic, fine-scale changes in surface 

water extent over short temporal scales. Surface water mapping has a long legacy with Landsat 

sensors (TM, ETM, OLI) due to their relatively high spatial resolution (30 m), high radiometric 

quality, and long term continuous record (Pekel et al., 2016), yet their historical 16-day revisit 

time, typically lower due to cloud cover, limits the applicability of Landsat for tracking sub-

seasonal patterns in surface water extent. The twin Sentinel-2 satellites now offer more frequent 

returns (5–10 days) at 10 m resolution, but cloud obscuration still lowers the actual revisit 
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frequency. MODIS imagery is often used to study large, dynamic hydrologic systems such as 

rivers (e.g. Smith & Pavelsky, 2008), wetlands (e.g. Pavelsky & Smith, 2008) and lakes (e.g. 

McCullough et al., 2012) due to its daily periodicity, but the coarse resolution of MODIS 

visible/NIR bands (250–500 m) means only coarse scale variability can be distinguished. 

Combining MODIS and Landsat observations can enable near-daily, 30 m land surface 

monitoring, though the results are sensitive to the blending algorithm used (Emelyanova et al., 

2013; Gao et al., 2006; Jarihani et al., 2014). This compromise between high spatial and temporal 

resolution has thus limited the ability to track both fine-scale, sub-seasonal patterns in surface 

water extent.  

 

High frequency observations of surface water extent are particularly critical for study of dynamic 

high latitude hydrologic processes. The high latitudes contain the highest proportion of small water 

bodies on Earth (Lehner & Döll, 2004; Smith et al., 2007), nearly all of which are unvisited and 

unstudied. Due to strong seasonality, northern lakes and rivers are highly dynamic. Spring river 

ice breakup and associated peak flow and flooding can lead to rapid changes in surface water extent 

(Goulding et al., 2009; Lesack et al., 2013). Such peak flow events are critical for recharging lakes 

and wetlands, transporting water through low-relief floodplains (Marsh & Lesack, 1996; Pavelsky 

& Smith, 2008; Prowse & Conly, 1998). Warming Arctic temperatures have increased interest in 

understanding how surface water extent responds to thawing permafrost (Jorgenson & Osterkamp, 

2005; Smith et al., 2005). Permafrost acts as a barrier between the surface hydrologic system and 

the groundwater system, meaning that in discontinuous permafrost, the surface water and 

groundwater systems are connected where permafrost is absent but disconnected where permafrost 

is present (Jorgenson & Osterkamp, 2005; Walvoord & Kurylyk, 2016). In high latitude wetlands 
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underlain by discontinuous permafrost, such as the Yukon Flats in central Alaska, decadal-scale 

analyses (>30 years) of interannual patterns in lake area have noted variable changes in surface 

water extent due to a combination of thawing permafrost, shortening spring duration of snow 

cover, changing water balance and underlying hydrogeology (Anderson et al., 2013; Chen et al., 

2014; Jepsen et al., 2013; Riordan et al., 2006; Rover et al., 2012). Despite evidence that sub-

seasonal cycles strongly influence patterns in surface water extent, potentially obscuring climate-

related trends (Chen et al., 2014), little research has focused on fine-scale, sub-seasonal variability 

in these areas, due to the absence of sufficient high resolution, high frequency imagery.  

 

Recent development of small, affordable satellites known as CubeSats opens new possibilities for 

studying fine-scale, temporally dynamic hydrological processes from space. CubeSats are 

typically about the size of a bread box (0.003 m3), and contain little more than a four-band 

multispectral camera and power/downlinking equipment. Owing to their small size and low cost, 

CubeSat imagers can overcome the tradeoff between high spatial and high temporal resolution by 

deploying them in a multi-satellite constellation. This approach relies on both satellite mass 

production and declining launch costs, making CubeSats comparatively affordable for commercial 

satellite companies to launch and operate (McCabe et al., 2017). A notable example is Planet 

(formally known as Planet Labs; http://planet.com), a company that has successfully built and 

launched 281 CubeSats since 2013. With 148 CubeSats in sun-synchronous orbit, Planet currently 

images nearly all of the global land surface at 3–5 m resolution daily, providing near-real time 

imagery to paid and academic subscribers. This large volume of frequent, high resolution imagery 

holds potential value for hydrological applications because open water surfaces are among the 

simplest land covers to discriminate in visible/NIR imagery, and frequent observations are 
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necessary to track dynamic hydrologic processes such as flood waves and river ice breakup. 

However, CubeSat imagery is acquired using inexpensive sensors which cannot achieve the same 

radiometric quality, consistency and signal-to-noise ratios of space agency-funded missions 

(Houborg & McCabe, 2016). Together with the newness of CubeSats, prevailing concerns about 

cross-sensor calibration, image quality, geolocation accuracy, and data availability have limited 

the advent of CubeSat-based hydrological research. Despite the strong potential of frequent, high-

resolution CubeSat imagery to transform hydrological remote sensing, such data remain generally 

untested and unproven within the hydrologic community (McCabe et al., 2017).  

 

Here, we present a first demonstration of the use of CubeSat imagery to track sub-seasonal changes 

in surface water extent. Using two types of Planet satellite imagery we tracked surface water 

inundation variations across a 625 km2 study region in the Yukon Flats, north central Alaska during 

summer 2016 as follows: First, we developed a non-binary water classification method for Planet 

imagery (adapted from Olthof et al., 2015) and validated it with concurrent WorldView-2 satellite 

images; second, we analyzed sub-seasonal patterns in lake and river surface areas and their 

sensitivity to measured discharge variations in the Yukon River; finally, we assess Planet’s 

anticipated future imaging capabilities and discuss some potential applications and limitations that 

must be addressed before CubeSat imagery can be widely used in hydrologic research.  

 

2. Study Area and Data  

2.1. Study Area 

A 625 km2 study area (centered at 66.3 N, −147.4 W) was selected within the Yukon Flats, a 

dynamic wetland system in north central Alaska surrounding an extended low-relief section of the 
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Yukon river (Figure 2.1). This defined area contains >450 lakes and a 30 km section of the Yukon 

river, as well as the small settlement of Beaver, AK (Figure 2.1, box a). We also performed lake 

area validation in two other subareas in the Yukon Flats (Figure 2.1, box b,c). The Yukon Flats 

are characterized by extremely cold winters (mean January air temperature of −23 °C) and warm, 

dry summers (mean July air temperature of 17 °C) with low annual precipitation (26.7 cm water 

equivalent on average) (Chen et al., 2014). The study area is primarily covered by spruce and birch 

forest and marshland and is underlain by discontinuous permafrost (Chen et al., 2014; Jorgenson 

et al., 2008; Minsley et al., 2012; Pastick et al., 2013). Lakes in the Yukon Flats typically depend 

on recharge from spring river ice breakup flooding events (Chen et al., 2014). In recent years 

several studies have analyzed long-term inter-annual trends in surface water extent to assess a 

potential role of thawing permafrost (Anderson et al., 2013; Chen et al., 2014; Jepsen et al., 2013; 

Riordan et al., 2006; Rover et al., 2012). 

 

2.2. Remote Sensing Data 

Planet currently distributes three types of imagery, RapidEye, PlanetScope, and SkySat, two of 

which are studied here (Table 2.1). RapidEye refers to a constellation of 5 satellites (dimensions 

0.8 m × 0.94 m × 1.2 m) launched in 2008 by German company RapidEye AG and now acquired 

and operated by Planet. RapidEye imagery has 5 bands, blue (Band 1, 440–510 nm), green (Band 

2, 520–590 nm), red (Band 3, 630–685 nm), red edge (Band 4, 690–730 nm) and near infrared 

(Band 5, 760–850 nm) and a ground spatial resolution of 6.5 m. PlanetScope is a constellation of 

120 smaller CubeSats known as ‘doves’ (dimensions 10 cm × 10 cm × 30 cm) built and operated 

by Planet, and launched in groups called ‘flocks’. PlanetScope imagery has four bands, blue (Band 

1, 455–515 nm), green (Band 2, 500–590 nm), red (Band 3, 590–670 nm) and near infrared (Band 
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4, 780–860 nm) and a ground spatial resolution of 3.7 m. Skysat imagery has four bands (blue, 

green, red and NIR) and a ground resolution of 0.8 m. As it is a constellation of 13 satellites, 

however, SkySat currently captures imagery only over tasked areas (typically urban and developed 

areas). It was not available to this study and therefore excluded from the analysis. 

For both RapidEye and PlanetScope we analyzed the Planet Level 3A data product (“Analytic 

Ortho Tile Product”) which is a mosaic of multiple images from the same swath aggregated into 

uniform 25 km × 25 km tiles. This product is projected to UTM coordinates and orthorectified 

using GCPs and fine-scale DEMs to a positional accuracy of <10 m RMSE (Planet Team, 2018). 

Planet Level 3A imagery is also converted to absolute radiometric values using calibration 

coefficients that are monitored and updated for each satellite (see Section 5.2). Following 

radiometric calibration (Planet Team, 2018), the Level 3A product has 16-bit spectral resolution. 

RapidEye and PlanetScope data availability was irregular in summer 2016, when Planet’s multi-

satellite flocks were in early stages of deployment. Therefore, the revisit rates presented in this 

study are irregular and less frequent than current revisit rates at full operational capacity. We 

examined all RapidEye and PlanetScope imagery in one Planet tile (No. 0669714) collected in 

summer 2016, which due to data availability limitations ranges from 23 June to 1 October (Table 

2.2). To validate our water extraction method, we also used panchromatic WorldView-2 and 

WorldView-3 imagery operated by DigitalGlobe (Table 2.2). The panchromatic band (450–800 

nm) has a ground resolution of 0.5 m (WorldView-2) and 0.3 m (WorldView-3). 

 

2.3. River Discharge 

In situ river discharge data for the Yukon River was obtained from the USGS station located in 

Eagle, Alaska, approximately 400 km upstream of our study area. We created a discontinuous time 
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series of daily discharge measurements corresponding to each remotely sensed date of observation. 

While a simplification of the discharge time series, this approach facilitated a useful comparison 

between remotely sensed river width and in situ discharge. 

 

3. Methods 

3.1. Water Classification 

To classify open water from surrounding land and vegetation, a 10-step procedure was used 

(Figure 2.2). First, Planet imagery were manually checked for clouds. Although Planet does 

provide a cloud index value indicating the percent of cloud-covered pixels for each image, the 

index performance is not consistent in snow and ice conditions at present and a cloud mask product 

is still unavailable. For every image where clouds were present, cloud cover and cloud shadow 

masks were manually digitized and masked out. We ignored all imagery with a solar zenith angle 

greater than 78 degrees or with cloud cover greater than 70%. We then calculated a Normalized 

Difference Water Index (NDWI) for each image, defined as the difference between the green and 

near-infrared reflectance (Band 2–Band 5 for RapidEye, Band 2–Band 4 for PlanetScope) divided 

by the sum of the green and near-infrared (Band 2 + Band 4/5) (McFeeters, 1996). This yields an 

NDWI index value between −1 and 1, where open-water pixels approach 1 and are more easily 

distinguishable from non-water pixels.  

 

For water classification, we used a water fraction approach adapted from Olthof et al., (2015), who 

originally applied this method to shortwave infrared (1550–1750 nm) Landsat TM and ETM+ 

imagery. In complex floodplain environments such as the Yukon Flats where inundated vegetation 

and mixed land/water pixels are common, a multi-step, non-binary water classification enables 
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more accurate water area extraction through accounting of fractionated water pixels (Olthof et al., 

2015). First, Otsu adaptive thresholding (Otsu, 1979) was used to delineate potential water bodies 

in a maximum extent image to create an initial water mask (Figure 2.3a). All water bodies less 

than 2500 m2 were removed from this initial mask. The water mask was then dilated using a 60 m 

disk object and converted to polygons, yielding an initial buffered polygon mask containing both 

the maximum extent of the water body and some surrounding land and vegetation (Olthof et al., 

2015). These buffered lake polygons were then intersected with the NDWI for each image, 

generating a histogram of NDWI pixels within the buffered water mask (Figure 2.3b). 

 

The water fraction of each pixel was then determined by applying dynamic land and water 

thresholds to each image (Olthof et al., 2015). The buffered water histograms typically have two 

peaks, one characteristic of land pixels (lower NDWI) and the other of water pixels (higher 

NDWI). We identified the 100% land threshold (LL) and 100% water threshold (WL) as: 

𝐿𝐿 = ℎ𝑒𝑖𝑔ℎ𝑡𝑙𝑝 − 0.9 × 𝑝𝑟𝑜𝑚𝑙𝑝 (1) 

𝑊𝐿 =  ℎ𝑒𝑖𝑔ℎ𝑡𝑤𝑝 − 0.9 × 𝑝𝑟𝑜𝑚𝑤𝑝 (2) 

where ℎ𝑒𝑖𝑔ℎ𝑡𝑙𝑝 and ℎ𝑒𝑖𝑔ℎ𝑡𝑤𝑝 are the heights of the land/water peak respectively and 𝑝𝑟𝑜𝑚𝑙𝑝 and 

𝑝𝑟𝑜𝑚𝑤𝑝 are to the prominences of the land/water peaks. We then calculated the water fraction 

(WF) for each pixel as (Olthof et al., 2015): 

𝑊𝐹 =  100 ×  
𝑁𝐷𝑊𝐼 − 𝐿𝐿

𝑊𝐿 − 𝐿𝐿
 (3) 

The water fraction is thus the percent of each pixel that is inundated or water covered and is 

particularly useful in this region where many pixels contain inundated vegetation. All NDWI 

pixels > WL were considered 100% water and all NDWI pixels < LL were considered 100% land. 
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3.2. Time Series Analysis 

Following generation of water fraction maps, we tracked lake and river surface area changes over 

the late summer season. Due to the presence of clouds and varying swaths and pixel sizes of Planet 

imagery, an object-based approach was used to track changes in lake and river extent, with each 

water body treated as an individual object. This approach is well-suited for time series analyses 

involving different sensors and ground resolutions and additionally limits the impact of potential 

geolocation error. To do this, we first reapplied the maximum extent buffered polygons to each 

water fraction map and calculated the total area of pixels within each polygon that are 100% water 

and greater than 75% water for each image. We also determined the total >50% fractionated water 

area within each polygon by summing the pixel values for all pixels greater than 50% water. This 

created a sub-seasonal time series consisting of three different lake areas for each lake observation 

(>50%, >75%, 100%). We primarily used >75% area for our time series analyses but observed 

temporal patterns are similar for all three metrics. We analyzed changes in river surface area by 

examining seven individual river reaches ranging from 2.5 to 3.5 km in length. To better facilitate 

comparison between reaches, river surface area was converted to effective width (We) (L. C. Smith 

et al., 1995, 1996; SMITH, 1997) by dividing by the length of each river reach. If multiple 

PlanetScope image acquisitions were acquired on the same day, we assigned the largest observed 

lake area or river We to that day. Finally, to illustrate large-scale changes in inundation extent, we 

produced pixel-based water fraction change maps between three cloud-free RapidEye images 

representing early (23 June), mid (17 August) and late (1 October) season.  

 

3.3. Validation of Planet Water Fraction Maps 
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A key component of assessing the utility of Planet imagery for water mapping is determining 

whether surface water area can be reliably and automatically extracted from CubeSat imagery. We 

validated our Planet imagery water fraction maps by comparing them to lake shorelines delineated 

manually from one WorldView-2 and two WorldView-3 panchromatic images acquired on 30 

August and 8 September 2016 (Table 2.1). WorldView-2 and WorldView-3 offer high radiometric 

stability and finer spatial resolution (0.5 m, 0.3 m respectively) than RapidEye and PlanetScope 

imagery, and have been previously demonstrated to yield high-quality mapping of surface water 

(Jawak & Luis, 2014; Wolf, 2012). We delineated 48 lakes from the September 8 image and 45 

lakes from the 30 August image, and compared them to our water fraction classification of one 8 

September RapidEye image (Figure 2.1 inset c) and three 2 September PlanetScope images (Figure 

2.1 inset b), respectively. We compared 100% water area, >75% water area and >50% fractionated 

water area with the manually delineated WorldView area (Figures 2-4 and 2-5).  

 

Geolocation error is also thought to affect CubeSat imagery due to the small size of the satellites 

and possible orbital drift. To assess image geolocation accuracy, we reprojected the manually 

delineated WorldView lakes to WGS84 UTM Zone 6N to correspond with Planet’s gridding 

system. We then calculated the centroids of both the manually delineated WorldView lakes and 

RapidEye/PlanetScope-derived lakes and compared the centroids of the WorldView lakes to the 

centroids of the RapidEye/PlanetScope lake boundaries outlining >75% water area.  

 

4. Results 

4.1. Detection of Surface Water  
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We find strong agreement (r2 > 0.99) between lake boundaries manually delineated in high-

resolution WorldView-2 and WorldView-3 images and water fraction classifications derived from 

Planet RapidEye and PlanetScope imagery (Figure 2.4). The normalized root mean square errors 

(NRMSE) vary from 5.7% to 18.7% for RapidEye, with >75% area showing the best agreement 

(NRMSE = 5.7%) with WorldView images (Figure 2.4). The NRMSEs vary less for PlanetScope, 

ranging from 10.9% to 12.6%. While the WorldView and RapidEye images are contemporaneous 

(taken 2 minutes apart), the three days between WorldView and PlanetScope image acquisitions 

may be responsible for the higher RMSEs for PlanetScope. The mean Euclidean distance between 

Planet and WorldView lake centroids is 9.8 ± 4.1 m for RapidEye and 10.5 ± 3.2 m for 

PlanetScope, comparable with the <10 m ground location accuracy Planet claims for its imagery 

(Planet Team, 2018). This analysis was only performed for lakes where the classifications yielded 

similar lake geometry and thus the difference between the centroids primarily represents a 

geolocation offset rather than classification error. However, for all lakes, some of the offset may 

derive from classification differences, meaning our reported geolocation errors are conservative 

estimates of the actual offset. The direction of the offsets varies between different images but is 

generally consistent within a single image (Figure 2.5). For the 2 September PlanetScope image, 

the offset primarily trends northeast, with azimuths for individual lakes ranging from due north to 

due east. For RapidEye the offsets are more variable between lakes but generally trend within 45° 

of due north. In sum, combined, the ~10% NRMSEs and 10 m ground offsets suggest water area 

can be reliably extracted from Planet imagery within reasonable error. 

 

4.2. Temporal Changes in Water Inundation Area 
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Over the course of the mid to late summer season (23 June to 1 October) we identified a total of 

470 lakes >2500 m2 within our 625 km2 study area. These water bodies received between 4 and 9 

cloud-free Planet observations over this period, with an average of 6.0 cloud-free observations. 

The maximum observed lake area is 1.23 km2, and for all lakes >2500 m2, the mean maximum 

lake size is 0.0735 km2 or 73,470 m2. On average, the studied lakes lost 0.028 km2 of surface water 

area, or 63% of their maximum observed area over the summer season. However, not all water 

bodies followed this average trend, with some shrinking, some expanding, and others stable. 

Because a lake’s areal change tends to scale with its area (Smith & Pavelsky, 2009), we divided 

lakes into two categories, i.e., 2500 m2–10,000 m2 and lakes >10,000 m2. On average, lakes 

<10,000 m2 lost 4280 m2 or 79% of their maximum observed area as the summer progressed, 

whereas lakes >10,000 m2 lost 42,900 m2 or 52% of their maximum area. The normalized 

variability for each lake, which we defined as the mean change in lake area between each 

observation, decreased significantly with area. For all lakes >2500 m2, the mean variability is 47%, 

but the mean variability is 67% for lakes between 2500 m2 and 10,000 m2, and 33% for lakes 

>10,000 m2.  

 

Yukon River effective width We varied most strongly on wide reaches surrounded by sediment 

bars and least on narrow constrictions (Figure 2.6a,b). Effective widths of Reach 3 and Reach 7 

changed little over the observation period, whereas other reaches increased in mid-August 

(observations 4–6, Figure 2.6b,c) before decreasing to a seasonal low in October. Effective width 

is correlated with discharge (Ashmore & Sauks, 2006; Smith et al., 1995, 1996; Smith, 1997; Smith 

& Pavelsky, 2008) so to assess the validity of Planet We measurements we compared them with 

Yukon River discharge data from the USGS station at Eagle. We find that a daily discharge time 
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series corresponding to our dates of observation correlates well with our effective width 

measurements, yielding an r2 of 0.75 (p < 0.01) (Figure 2.6c,d). 

 

While most of the Yukon Flats lakes studied here decreased in surface area over the observation 

period, heterogeneous patterns of lake area increase and stability are also evident (Figure 2.7). 

Overall, 83% of the studied lakes decreased in area between 23 June and 1 October 2016, with 

22% losing at least half of their surface area. Between 23 June and 17 August, however, 56% of 

lakes increased in surface area, and 89% of lakes shrunk between 17 August and 1 October. This 

summertime peak in mid-August and subsequent decrease in surface extent exhibited by more than 

half of lakes is also reflected in the time series of river effective width (Figure 2.6), signifying 

hydrologic connectivity of these lakes to the main-stem Yukon River. 

 

In low-relief wetland environments where a small change in water level can cause a large change 

in inundation extent, temporal correlations between changing river discharge and individual lake 

surface areas are indicative of floodplain connectivity (Pavelsky & Smith, 2008). To quantify these 

correlations, for each lake object with at least 5 satellite observations and an observed maximum 

area >10,000 m2, we calculated Pearson’s R between the Yukon River discharge at Eagle and 

Planet time series of surface water extent (Pavelsky & Smith, 2008). Of the 268 lakes meeting 

these requirements, 100 (37%) are correlated with Yukon River discharge at the 90% confidence 

level and 60 (22%) are correlated at the 95% confidence level. 

 

Using a non-parametric Mann-Kendall test (Helsel & Hirsch, 1992) we also assessed how many 

of these 268 lakes display statistically significant trends over the summer season. We find 65 (24%) 
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of lakes have a statistically significant (p < 0.1) decreasing linear trend over the summer season, 2 

(1%) display increasing trends, and 201 (75%) display no trend. As nearly all lakes decreased in 

extent, the percent of lakes with statistically significant trends reflects lakes which changed 

linearly with little bidirectional variability between observations.  

 

Based on the observed correlation to river discharge, we characterized the 268 study lakes into 

three categories: connected, disconnected and stable, examples of which are shown in Figure 2.8. 

Connected lakes are interpreted as being hydrologically connected to the Yukon River (Pavelsky 

& Smith, 2008) and thus immediately responsive to changes in its discharge. Here we defined 

connected lakes as having a surface area standard deviation >10% and a statistically significantly 

(p < 0.1) correlation to river discharge. 77 lakes (28%) were classified as connected. In some cases, 

such as the example shown in Figure 2.8b, there may be a visible channel connecting the lake to 

the river system, but in many connected lakes no such channel is visible in the imagery. 

Disconnected lakes are uncorrelated with river discharge, but still experience substantial area 

changes over the summer season. These lakes typically steadily decrease in surface area 

throughout the summer season and do not respond to the summer high stage event. Here they were 

defined as lakes with a surface area standard deviation >10% and no correlation to Yukon river 

discharge, with 128 lakes (48%) classified as disconnected. Finally, stable lakes are interpreted as 

being hydrologically disconnected from the Yukon River water, possibly due to steep 

embankments, sills or other topographic controls, and/or sustained by connections to groundwater. 

They were defined in this study as lake objects having a surface area time series standard deviation 

of less than 10%, totaling 63 lakes (24%). There is no clear spatial pattern explaining the 
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distribution of the different lake types, though we do observe some spatial clustering of lakes of 

the same type (Figure 2.9). 

 

5. Discussion 

5.1. Assessment of Planet Imagery 

5.1.1. Utility of Planet CubeSat Imagery for Tracking Surface Water Dynamics 

This study demonstrates that Planet imagery is suitable for mapping and tracking changing 

inundation extent of hundreds of small, heterogeneous water bodies in a complex, dynamic 

wetland region. We find the surface areas of small water bodies can be reliably and automatically 

extracted from both RapidEye and PlanetScope imagery, with a mean NRMSE of ~11%. While 

the nominal ~10 m geolocation error of Planet imagery (Planet Team, 2018) will likely cause 

difficulties for comparing Planet imagery to other fine-scale map products and/or field 

measurements, our treatment of water bodies as fuzzy-geolocation objects mitigates this error for 

time-series analysis purposes, and a geolocation offset of <10 m is sufficient for analysis of lakes 

>2500 m2. Furthermore, this geolocation error is a systematic offset (though with inconsistent 

directions between images) and would thus be correctable through a simple transformation. The 

strong correlation between Yukon River effective width and discharge (Figure 2.6), further 

highlights Planet’s utility for obtaining useful sub-seasonal hydrologic measurements from space. 

 

5.1.2. Limitations and Challenges 

Several important limitations remain to be addressed before CubeSat imagery can be fully 

implemented into larger-scale hydrological observing systems. Currently, a serious limitation is 
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lack of a cloud mask or a regionally/globally applicable automated cloud masking algorithm 

derived from Planet imagery. Automated cloud detection in multi-temporal visible/near-infrared 

satellite imagery is non-trivial (Tseng et al., 2008) and will be particularly challenging with 

PlanetScope given only four bands and variable quality imagery. Until an automated cloud 

masking product or algorithm is developed, researchers must manually remove clouds which 

generally precludes broad-scale, high-resolution applications including surface water mapping. 

While minor, the observed geolocation error, combined with the narrow swath width of Planet 

CubeSat imagery, make differencing difficult at fine spatial scales (i.e., 50 m × 50 m lakes). Use 

of an object-based approach (Figures 2.3 and 2.7) mitigates but does not fully eliminate this 

problem.  

 

Additional limitations associated with CubeSat imagery derive from its inexpensive sensors and 

multi-satellite constellation approach. PlanetScope imagery is calibrated to a radiometric 

uncertainty across satellites of 5–6% at 1-sigma (Wilson et al., 2017) and RapidEye is calibrated 

to 4% uncertainty (Naughton, 2011). These values compare reasonably to Landsat at-sensor 

calibration uncertainty, which ranges from 3% (OLI) to 5% (TM and ETM+) to 10% (MSS) 

(Chander et al., 2009; Markham et al., 2014; Markham & Barker, 1987). However, to enable daily 

or near-daily high resolution observations of the entire globe, Planet is presently operating 148 

satellites in sun-synchronous orbit, meaning a collection of images of the same location likely 

come from many sensors. While all imagery is calibrated, Planet image quality, including signal 

to noise ratio and exposure, can vary between sensors, a non-trivial error source when time series 

analyses involve imagery from tens of sensors (Wilson et al., 2017). Figure 2.10 illustrates this 

variability in near infrared and NDWI for water bodies and surrounding wetlands in five 
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PlanetScope images taken within a 10-day period in 2016. Though some of the observed 

differences may be due to atmospheric scattering and absorption, the non-linearity of between-

image offsets suggests radiometric calibration and/or sensor variability is likely the cause.  

 

The lack of atmospherically corrected Planet imagery also complicates the interpretation of time 

series analyses, particularly those involving global radiance thresholds or complex land surface 

classifications (Houborg & McCabe, 2016). Fully automated time series analyses using Planet data 

may thus require dark body atmospheric correction (Chavez, 1988), adaptive thresholding as 

demonstrated here, or combination with other sensors (Houborg & McCabe, 2016). The narrow 

range of the electromagnetic spectrum sampled by Planet’s sensors (455–860 nm) also limits utility 

of the resulting imagery. For example, variability in shortwave infrared (1400–3000 nm) is 

critically important for distinguishing between cloud, snow, ice and water surfaces (Hall et al., 

2002), thus restricting the types of observations that can be made from Planet imagery in areas 

where snow occurs. Given these issues, hydrological applications of Planet imagery should 

presently be limited to relatively simple classifications, such as water mapping, which do not 

require atmospheric correction or rely on predefined radiance thresholds. All imagery classified in 

this analysis was visually checked and in general our automated classification method performed 

well for all imagery, suggesting image quality problems can be minor. However, further research 

is needed to examine radiance variability between different PlanetScope satellites and the effect 

this has on different types of classification. For example, combining PlanetScope imagery with 

Landsat-8 surface reflectance products may reduce cross-sensor calibration error (Houborg & 

McCabe, 2016). Furthermore, a PlanetScope surface reflectance product produced from tandem 
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observations with other sensors is now being tested and available in Beta as of 1 October 2017 and 

may allow more rigorous analyses (Planet Team, 2018).  

 

Despite the above issues, specific methodological considerations can overcome some of them to 

enable robust hydrological analyses. First, water classifications based on a band ratio index such 

as NDWI is better suited for Planet analyses as it precludes the need for atmospheric correction 

(Song et al., 2001). We also advise against the use of global/stable thresholds due to cross-sensor 

variability. Perhaps the most critical methodological step is object-based time series analysis. By 

assigning the water extent change as an attribute to the lake polygon, and ignoring small temporal 

changes in lake location, problems of small image offsets and mismatched water edge boundaries 

are avoided. This approach is particularly important for Planet analyses due to geolocation 

uncertainty, the use of multiple sensors and varying resolution and swath coverage of the imagery. 

We therefore still conclude that Planet imagery is valuable for tracking rapid, fine scale changes 

in surface water extent, particularly as observation frequencies reach the company’s near-daily 

imaging capacity (Planet Team, 2017). 

 

5.2. River-Floodplain Connectivity of the Yukon Flats 

The high spatial and temporal resolution of Planet imagery, accompanied by the non-binary 

classification method’s ability to detect water extent in the variable quality data make Planet 

imagery particularly useful for study of complex, dynamic surface water systems. Floodplains and 

wetland environments are dependent on hydrologic recharge from rivers, precipitation and 

groundwater flow. However, the relationship between floodplain inundation and changes in main 

stem discharge is not well understood due to the complexity of flow patterns and limited in situ 
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observations of large wetland regions (Alsdorf, Bates, et al., 2007; Pavelsky & Smith, 2008). In 

high latitude wetlands such as the Yukon Flats, permafrost can further complicate these patterns 

by acting as a barrier between the surface and groundwater systems (Jepsen et al., 2013; Jorgenson 

& Osterkamp, 2005; Smith et al., 2005; 2007; Walvoord et al., 2012; Yoshikawa & Hinzman, 

2003). While the summer 2016 Planet acquisitions lack sufficient temporal sampling to fully 

address these questions, the observed patterns nonetheless enable general characterization of 

floodplain connectivity across our Yukon Flats study area (Figures 2.8 and 2.9).  

 

The divergent and spatially variable changes in lake surface area observed between 23 June and 

17 August (Figure 2.7) suggest that surface water extent in the Yukon Flats is driven by a 

combination of the seasonal runoff cycle (i.e., spring snowmelt flooding and recharge, followed 

by summer drying), connections with the Yukon River main-stem, localized 

topography/bathymetry (Smith & Pavelsky, 2009) and substrate conditions (i.e., permafrost, 

geology). Previous analyses of hydrologic connectivity in other floodplain systems may help 

explain these patterns. While conceptual models commonly assume floodplains to have a uniform 

“bathtub” response to changing main-stem river stage, floodplain inundation is complex, driven 

by distributary channels, floodplain topography and storage in wetlands and lakes (Alsdorf, Bates, 

et al., 2007; Alsdorf et al., 2005). In their analysis of the relationship between lake levels and 

inundation extent in the Peace Athabaska Delta, Pavelsky and Smith (2008) find that water levels 

in the floodplain do not reflect water levels in the river. They observe a dichotomy between the 

distributary channel network and the surrounding lakes and wetlands wherein channels within the 

network respond to changes in river level but summertime peak flow events have little impact on 

the lakes and wetlands. In contrast, Alsdorf et al. (2005) present a diffusion model to explain how 
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distance from the river channel controls the response of floodplain water levels to changes in main-

stem river stage. Our findings do not support either a dichotomy between channel network and 

wetlands or a diffusion model; instead we observe larger scale variability wherein roughly one 

quarter of lakes respond to changes in river level, one half drain over the course of the season and 

one quarter are stable. The spatial patterns of this variability do not reveal any clear drivers of lake 

behavior (Figure 2.10). While a few lakes which respond strongly to August high stage events are 

clearly connected to the river system, in general there is no mechanism distinguishable in the 

imagery able to explain these differences. In their analysis of a flood-wave event in the Amazon 

basin, Alsdorf et al. (2007) observe a complex pattern of temporal changes in water level wherein 

variations in water height can be highly localized and the flow path cannot be predicted directly 

from bathymetry alone. Our observed patterns perhaps fit better with this result, where the 

spatiotemporal complexity of floodplain connectivity impedes characterizing or predicting 

individual lake response through a model or conceptual framework. An added contributor for the 

observed heterogeneity in lake area changes may be substrate geology, as recent work has shown 

lakes located farther from the floodplain, along permeable alluvial terraces or over coarser soils, 

are more likely to experience long-term shrinkage (Chen et al., 2014; Roach et al., 2011; 2013). 

 

A regional mechanism for the observed pattern of stable and decreasing lakes co-existing in close 

proximity may be the influence of permafrost, which occurs discontinuously within our study area 

(Pastick et al., 2013). The presence of permafrost tends to impede infiltration of lake water to 

groundwater systems, plausibly contributing to lake stability in this area. Development of taliks 

(thaw bulbs) beneath lakes promotes infiltration, and permafrost research has identified through-

talik formation and permafrost degradation around some lakes in the Yukon Flats (Jepsen et al., 
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2013; Minsley et al., 2012; Wellman et al., 2013). Lakes underlain by through-taliks are connected 

to the groundwater system, enabling water loss to the sub-surface (Jorgenson & Osterkamp, 2005; 

Walvoord & Kurylyk, 2016; Yoshikawa & Hinzman, 2003). The spatially heterogeneous patterns 

in surface water extent may thus be associated with discontinuous permafrost, though we observe 

no evidence of large lakes draining completely during the summer season.  

 

In sum, we conclude that hydrologically connected lakes respond primarily to changing water 

levels in the main-stem Yukon River, whereas the sub-seasonal dynamics of other water bodies in 

the surrounding Yukon Flats wetlands are more complex, owing to a combination of intricate flow 

paths, underlying geology, and permafrost. According to the long-term (1951–2016) Yukon River 

discharge record at Eagle, the flow in 2016 was higher than average but well within normal 

variability, suggesting our observed results reflect sub-seasonal inundation patterns in wet years. 

Given the improving temporal frequency of Planet imagery, we anticipate future research can 

combine even denser time series of lake surface area with river discharge observations and maps 

of substrate geology and permafrost to improve scientific understanding of the controls on 

inundation in Arctic and sub-Arctic wetlands. Our observed variability further highlights that sub-

seasonal patterns may obscure long-term trends in lake extent, the magnitude of which is often 

much smaller than sub-seasonal cycles driven by spring recharge, precipitation and late summer 

high discharge events (Plug et al., 2008; Rover et al., 2012). Considering the interest in 

understanding long-term temporal changes in surface water extent in the Yukon Flats (e.g. 

Anderson et al., 2013; Chen et al., 2014; Jepsen et al., 2013) and other high latitude environments 

(e.g. Prowse & Conly, 1998; Roach et al., 2011; 2013; Smith et al., 2005), this variability can 

critically impact reported trends in lake extent, especially when observed patterns are based on 
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only a handful of images per year. We therefore also suggest that spatially heterogeneous intra-

seasonal variability needs to be considered in long-term trend analyses.  

 

5.3. Future Applications of Planet Imagery 

5.3.1. Anticipated Growth in Planet CubeSat Image Acquisitions  

Despite the limitations discussed here, the high temporal and spatial resolution of Planet imagery 

makes it a unique and valuable remote sensing resource. At the time of writing Planet currently 

operates 148 satellites in sun synchronous orbit, yielding <1 day revisit capacity globally. Owing 

to orbit convergence, imaging capacity is highest at high latitudes. Here, we simulated both revisit 

rate and the probability of cloud-free collection when all launched satellites have been phased into 

staggered sun synchronous orbit. When all satellites are operating at full capacity, the expected 

revisit time will be sub-daily at high latitudes, and the cloud-free collection probability for most 

high latitude locations is likely to be between one and three days (Figure 2.11). Planet plans to 

maintain a stable imaging capacity in sun synchronous orbits by regularly replenishing the 

constellation with new deployments.  

 

5.3.2. Other Hydrological Applications  

With daily or near-daily acquisitions, Planet CubeSat images therefore hold potential to 

substantially impact hydrologic research, for example in data assimilation, flood monitoring and 

prediction, and floodplain connectivity. Data assimilation is critical for driving hydrologic models 

and typically involves interpolating ground-based or remotely sensed observations to improve 

model performance, providing complete estimates of a poorly-measured geophysical parameter or 

organizing/removing valuable/redundant information (Reichle, 2008). For example, retrievals of 
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surface water fraction and snow cover obtained from Planet CubeSat imagery could be assimilated 

into regional hydrologic models. Merging time-series of CubeSat inundation maps with water 

surface heights from satellite altimeters would create large-scale observations of surface water 

storage (Song et al., 2014). Finally, the fine spatial resolution and anticipated near-daily 

availability of Planet CubeSat data should facilitate downscaling of coarser resolution satellite 

observations for regional and local hydrologic models (Fluet-Chouinard et al., 2015). High 

frequency Planet CubeSat imagery should also prove valuable for refining and calibrating flood 

prediction models (Bates, 2012), and with near-time capability assist in disaster relief efforts 

(Joyce et al., 2009; Tralli et al., 2005). 

 

Another clear application for Planet CubeSat imagery is remote estimation of river discharge from 

space. Deriving satellite retrievals of river discharge is an active research area within the 

hydrologic community, owing to the sparse network of in situ discharge gauges outside of the 

continental United States and Europe and the critical need for discharge measurements for global 

resource monitoring (Lettenmaier et al., 2015). A number of different methods have been 

developed to estimate discharge from optical satellite imagery, often building statistical 

relationships between river width/extent both with and without in situ measurements (Durand et 

al., 2016; Gleason et al., 2014; Gleason & Smith, 2014; Pavelsky, 2014; Smith, 1997; Tarpanelli 

et al., 2013). A major limitation of current remotely-sensed discharge estimates is the lack of 

sufficient temporal sampling of high resolution imagery due to revisit time or cloud cover 

(Pavelsky, 2014). While Planet imagery is still subject to cloud obscuration, its projected high 

imaging capabilities will enable more frequent cloud-free observations than traditional sensors and 

allow discharge estimation for more rivers than coarse-resolution MODIS.  



68 

 

 

Planet CubeSat imagery is particularly valuable at high latitudes where orbits converge, surface 

water is both dynamic and abundant, and in situ observations are sparse. Northern rivers are critical 

not only for Arctic ecosystems but also for the global climate system, as increasing runoff to the 

Arctic ocean can impact ocean circulation patterns (Peterson et al., 2002; White et al., 2007). 

However, rivers tend to be braided or anastomosing at these latitudes, making in situ monitoring 

especially difficult. Estimating discharge of large high latitude rivers such as the Yukon is 

therefore an obvious, critical application of Planet imagery. Planet imagery is also well-suited for 

mapping and tracking river ice breakup. Analyses of river ice breakup timing have typically relied 

on ground-based measurements (Magnuson et al., 2000; Smith, 2000) which do not enable 

understanding of how ice breakup progresses downstream through space and time. While satellite-

based methods of identifying river ice breakup across entire river lengths have been developed, 

they are limited by the coarse resolution of daily available imagery (Cooley & Pavelsky, 2016; 

Pavelsky & Smith, 2004). Planet’s 3–5 m resolution not only enables detection of river ice breakup 

at fine spatial scales, but the presence of minute-separated image pairs (due to orbital convergence 

at high latitudes) may allow ice tracking and therefore calculation of river velocity from space 

(Figure 2.12) (Beltaos & Kääb, 2014; Kääb & Prowse, 2011). Furthermore, the near-real time 

availability of Planet imagery provides large-scale observations of river ice breakup as it 

progresses downstream through remote areas and may therefore enable prediction of ice-jam 

flooding before it occurs, providing warning to communities located along northern rivers.  
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6. Conclusions 

By providing near-daily high resolution imagery of large swaths of the world, Planet CubeSat 

imagery has the potential to transform many aspects of hydrologic remote sensing. The presented 

water fraction classification and object-based tracking approach performs well in both RapidEye 

and PlanetScope imagery, enabling tracking of sub-seasonal surface area changes in lakes and 

rivers, and identification of river-floodplain connections in a complex wetland environment. Other 

potential hydrological applications for near-daily, near real-time Planet data are numerous and 

include assimilation of inundation changes into hydrologic models, improvement of flood 

prediction models, estimation of river discharge from space, and studies of river ice breakup and 

flood hazards. To encourage scientific use of Planet CubeSat data, we recommend addressing the 

described limitations of automated cloud masking of Planet imagery, cross-sensor calibration and 

geolocation accuracy. With Planet imagery now available at sub-daily to weekly intervals globally, 

once these limitations are addressed, CubeSat imagery will be a valuable resource for studying 

dynamic water processes from space.  
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Figures 

 

Figure 2.1. Map of the Yukon Flats, Alaska. Box (a) is the primary study area (Planet tile No. 

669714); (b,c) are the location of concurrent WorldView/Planet images used to validate our 

lake extraction method. Background is an RGB Landsat-8 image from 12 July 2016. Inset 

shows location within Alaska. 
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Figure 2.2. Water fraction classification workflow for Planet imagery. Rounded boxes represent 

manual steps and rectangles are fully automated steps. 
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Figure 2.3. Demonstration of classification method: (a) the initial adaptive OTSU classification; 

(b) the buffered maximum lake polygons; (c) the histogram classification from the buffered lake 

polygons with land level (LL) and water level (WL) labeled; (d) the final water fraction map 

generated by applying the land and water levels to the NDWI image. 
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Figure 2.4. RapidEye (top row) and PlanetScope (bottom row) lake area vs. manually delineated 

WorldView lake area. Column 1 shows 100% water area, column 2 shows >75% water area and 

column 3 shows >50% fractionated area. 
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Figure 2.5. Lake shorelines delineated from PlanetScope (blue), RapidEye (green) and 

WorldView (red) imagery. PlanetScope and RapidEye shorelines shown represent automated 

extraction of >75% water area. WorldView shorelines are manually delineated. Imagery © 2016, 

DigitalGlobe, Inc. 
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Figure 2.6. (a) Map of seven river reach segments and (b) time series of corresponding river 

effective width. Color and number of time series in (a) corresponds to color and number of reach 

in (b); (c) Time series of effective width for river reach #4 and corresponding Yukon river 

discharge at Eagle and (d) scatter between effective width and Yukon river discharge (Q) at Eagle 

The equation of the best fit curve in panel (d) (shown in red) is We = 10.9Q0.38 (R2 = 0.75). 
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Figure 2.7. Changes in lake surface areas between (column 1, (a,d)) 23 June and 1 October, 

(column 2, (b,e)) 23 June and 17 August and (column 3, (c,f)) 17 August and 1 October. In the top 

row individual water bodies are represented as circles with the sizes of the circles scaled by the 

area of the change. Bottom row shows the pixel-based change in water fraction. Location of inset 

shown in top row. Red represents water loss, blue represents water gain. 
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Figure 2.8. Examples of lake area time series categorized as: (a) connected; (b) disconnected and 

(c) stable. The time series of lake area is shown on the right. Column 1 is NDWI imagery from 

6/23 (observation 1), column 2 from 8/17 (observation 5), column 3 from 9/02 (observation 9) and 

column 4 from 10/01 (observation 12). 
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Figure 2.9. Temporal correlation between Planet time series of lake surface area and Yukon River 

discharge reveal connected (green), disconnected (orange) and stable (light blue) lakes. Green dots 

are connected lakes (surface area standard deviation >10%, correlated to Yukon river discharge at 

p < 0.1), orange are disconnected (surface area std >10%, not correlated to Yukon river discharge) 

and light blue are stable (surface area std <10%). 
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Figure 2.10. Normalized distribution of (a) top of atmosphere near infrared reflectance and (b) 

NDWI for Yukon Flats water bodies and surrounding vegetation in five different PlanetScope 

images. In the near infrared (a), water pixels are the left peak (lower band values) and in the NDWI 

(b), the second peak represents water pixels. 
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Figure 2.11. (a) Geometric revisit time and (b) average time in days between cloud-free revisits 

for PlanetScope imagery north of 55° N when satellite constellation is at full operational capacity. 
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Figure 2.12. Time series of river ice breakup on the Yukon shown in the near infrared band of 

PlanetScope imagery. Panels show (a) 2 May, (b) 6 May, (c) 7 May, (d) 12 May, (e) 12 May (7 

min later) and (f) 15 May. 
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Tables 

Table 2.1. Specifications of the three satellite sensors operated by Planet. Information is 

correct as of December 2017. 

Sensor Number of Satellites Bands 
Spatial 

Resolution 

Temporal 

Resolution 

RapidEye 5 
5 (Blue, Green, Red, Far-

Red, NIR) 
6.5 m ~5.5 days 

PlanetScope ~170 4 (Blue, Green, Red, NIR) 3.7 m Daily 

SkySat 13 4 (Blue, Green, Red, NIR) 0.8 m 

Variable, with 

multiple 

opportunities per day 

 

  



90 

 

Table 2.2. List of images. 

 

Image ID Sensor Date Observation 

20160623_220215_669714_RapidEye-4 RapidEye 23 June 1 

20160624_220552_669714_RapidEye-5 RapidEye 24 June 2 

20160725_215412_669714_RapidEye-3 RapidEye 25 July 3 

20160813_215232_669714_RapidEye-3 RapidEye 13 August 4 

222535_0669714_2016-08-16_0e0d PlanetScope 16 August 5 

20160817_220351_669714_RapidEye-2 RapidEye 17 August 6 

229647_0669714_2016-08-27_0e14 PlanetScope 27 August 7 

229821_0669714_2016-08-27_0e20 PlanetScope 27 August 7 

20160901_215044_669714_RapidEye-3 RapidEye 1 September 8 

232753_0669714_2016-09-02_0e19 PlanetScope 2 September 9 

232785_0669714_2016-09-02_0e30 PlanetScope 2 September 9 

20160907_215525_669714_RapidEye-4 RapidEye 7 September 10 

236414_0669714_2016-09-07_0e26 PlanetScope 7 September 11 

20161001_215759_669714_RapidEye-4 RapidEye 1 October 12 

234040_0669715_2016-09-02_0e0e PlanetScope 2 September Validation 

234040_0669716_2016-09-02_0e0e PlanetScope 2 September Validation 

238490_0669716_2016-09-02_0e26 PlanetScope 2 September Validation 

20160908_215904_669817_RapidEye-5 RapidEye 8 September Validation 

20160908_215905_669816_RapidEye-5 RapidEye 8 September Validation 

WV02_20160830213545_103001005A6E6600

_16AUG30213545-P1BS 
WorldView-2 30 August Validation 

WV03_20160908220049_1040010021B5F000_

16SEP08220049-P1BS 
WorldView-3 8 August Validation 

WV03_20160908220050_1040010021B5F000_

16SEP08220050-P1BS 
WorldView-3 8 August Validation 
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Abstract  

Fine scale, sub-seasonal fluctuations in Arctic-Boreal surface water reflect regional water balance 

and modulate trace gas emissions to the atmosphere, but have eluded detection using traditional 

satellite remote sensing. We use high resolution (~3-5 m), high-frequency CubeSat sensors to 

measure near-daily changes in lake surface area through an object-based tracking method that 

incorporates machine learning to overcome notable limitations of CubeSat imagery. From ~76,000 

images we obtain >2.2 million individual observations of changing surface areas for 85,358 lakes 

in Northern Canada and Alaska between May 1 and Oct 1, 2017. We find broad-scale lake area 

declines across diverse climatic, hydrologic and physiographic terrains. Localized exceptions 

reveal lowland flooding and aquatic vegetation phenology cycles. Cumulative small shoreline 

changes of abundant lakes on the Canadian Shield exceed total inundation variations of better-

studied lowland environments, revealing a surprisingly dynamic landscape with respect to sub-

seasonal variations in surface water extent and trace gas emissions.  
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1. Introduction 

The Arctic-Boreal region contains the highest density of lakes on Earth (Lehner & Döll, 2004; 

Pekel et al., 2016; Verpoorter et al., 2014). Their areal extents fluctuate seasonally and inter-

annually in response to regional water balance, fluvial inundation and surface-groundwater 

interactions. Variability in lake extent is thus a useful indicator of diverse climatic and 

physiographic processes (Tranvik et al., 2009). Furthermore, because Arctic-Boreal lakes are net 

sources of CO2 and CH4 (Hastie et al., 2018), fluctuations in lake area impact freshwater trace gas 

emissions to the atmosphere (Bastviken et al., 2011; Raymond et al., 2013). Lake shoreline 

variability is especially important because shallow water, vegetation, and CO2 supersaturation 

intensify trace gas emissions along seasonally inundated lake perimeters (Bastviken et al., 2004, 

Tranvik et al., 2009). Quantifying the sub-seasonal variability of Arctic-Boreal lake areas is 

therefore critical for improving estimates of trace gas flux (Kirschke et al., 2013; Stackpoole et al., 

2017) and understanding the hydrological sensitivity of lakes to geological substrate, water 

balance, fluvial activity, thawing permafrost, landscape disturbance and climatic change (Bring et 

al., 2016).  

 

Despite the importance of sub-seasonal variations in Arctic-Boreal lakes, their temporal dynamics 

are poorly constrained due to a classic tradeoff between high spatial versus high temporal 

resolution in satellite remote sensing. Most previous studies have analyzed inter-annual changes 

in lake abundance and/or area using medium-to-high resolution (~30 m) imagery (e.g. Chen et al., 

2014; Jepsen et al., 2013; Jones et al., 2011; Lyons et al., 2013; Olthof et al., 2015; Plug et al., 

2008; Roach et al., 2013; Smith et al., 2005; Yoshikawa & Hinzman, 2003). More recently, the 

now-dense Landsat archive has been used to detect seasonal to interannual trends in lake area 
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(Nitze et al., 2017, 2018; Nitze & Grosse, 2016; Pastick et al., 2018). These studies reveal 

contrasting trends in lake extent variously attributed to thawing permafrost, changing water 

balance, hydrologic connectivity, underlying hydrogeology, shortening duration of spring snow-

cover, and allometric properties such as lake area. To track sub-seasonal changes, some studies 

have obtained more frequent observations using very coarse resolution sensors (~25 km) (Mialon 

et al., 2005; Schroeder et al., 2010; Watts et al., 2014), but these analyses cannot resolve individual 

lakes or lake margins. Moreover, most remote sensing studies have focused on thermokarst and/or 

lowland wetland terrains, notably Alaska’s North Slope (e.g. Frohn et al., 2005), Yukon Flats (e.g. 

Chen et al., 2014) and Tuktoyaktuk Peninsula (e.g. Plug et al., 2008), whereas comparatively little 

research has examined much larger upland, bedrock-controlled environments in Canada. 

Consequently, sub-seasonal variability in lake area remains one of the largest uncertainties in 

estimates of the freshwater carbon budget (Bastviken et al., 2011; Holgerson & Raymond, 2016; 

Riley et al., 2011) and its drivers are poorly understood, particularly in little-studied lake-dense 

upland regions (Lehner & Döll, 2004; Pekel et al., 2016).    

 

This study quantifies sub-seasonal dynamics in lake surface water area across four study areas in 

Arctic-Boreal regions of Alaska and Canada using CubeSat imagery provided by Planet Labs 

(Planet Team, 2018). Through deployment of hundreds of satellites in a constellation, Planet 

CubeSats offer both high spatial (3-5m) and high temporal (near-daily) resolution. However, the 

imagery is acquired with inexpensive multi-spectral cameras that lack the radiometric quality, 

cross-sensor consistency, and geolocation accuracy of national space agency-funded missions 

(Cooley et al., 2017; Houborg & McCabe, 2016, 2018). To overcome these quality limitations that 

have, until now, prevented large-scale analyses using CubeSats, we present a novel object-based 
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lake tracking method that incorporates machine learning. We apply this method to >75,000 

CubeSat images to produce near-daily time series of surface water area for ~85,000 lakes, yielding 

>2.2 million individual lake observations. These observations are obtained within four 

strategically located study areas to capture large-scale climatic gradients, varying permafrost 

extent and distinctly different physiographic regions. We use this novel dataset to explore the 

importance of permafrost presence, topography, precipitation minus evaporation, distance from 

rivers, mean annual air temperature and lake allometry in controlling seasonal surface water 

variability. Finally, we discuss the implications of our results for freshwater inundation dynamics 

and carbon cycling across the Arctic-Boreal region.   

 

2. Study Area 

We track changes in lake extent across four diverse study areas spanning a range of physiographic 

and geological environments, namely:  1) Yukon Flats Basin (YFB), Alaska; 2) Mackenzie River 

Valley (MRV), Canada; 3) Canadian Shield Transect (CST) near Yellowknife, Canada; and 4) 

Hudson Bay Lowland (HBL), Canada.  In total, these four study areas cover 226,553 km2 of the 

western Arctic-Boreal region of North America (Figure 3.1 inset), and span Arctic tundra, boreal 

forest, peat plateau, lowland wetland and upland shield terrains. The 33,383 km2 YFB study area 

is characterized by fluvially-disconnected wetlands surrounding a wide low-gradient reach of the 

Yukon River in north central Alaska (e.g. Anderson et al., 2013; Pitcher et al., 2018). The 82,200 

km2 MRV study area includes the Mackenzie River Delta, a vast, fluvially-connected wetland, the 

Tuktoyaktuk Peninsula, a polar desert with continuous permafrost and thousands of thermokarst 

lakes, and boreal forest and plateaus further south along the Mackenzie and Peel Rivers (Burn & 

Kokelj, 2009; Plug et al., 2008). The 32,107 km2 CST is a 350 x 90 km corridor extending from 
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Yellowknife to the Northwest Territories-Nunavut border. It spans a lake-rich upland region 

consisting of exposed Precambrian bedrock surrounded by soil-filled valley bottoms (Spence & 

Woo, 2002, 2003, 2006). The 78,863 km2 HBL is a 610 x 135 km transect spanning bedrock-

controlled shield terrain north of Lake Winnipeg to extensive peat plateaus near the Hudson Bay 

coast south of Churchill, Manitoba (Wolfe et al., 2011). Taken collectively, these four study areas 

are broadly representative of the diverse terrains found across non-mountainous regions of Arctic-

Boreal North America.  

 

3. Methods 

3.1 Data 

Our primary data source is PlanetScope CubeSat satellite imagery from Planet Labs (see SI, Planet 

Team, 2018). PlanetScope imagery has red, blue, green and near-infrared (NIR) bands with 3.125 

m spatial resolution. Given its near-daily revisit time, PlanetScope accounts for 95% of all imagery 

analyzed. We also use RapidEye CubeSat satellite imagery from Planet Labs, which has red, blue, 

green, far red and NIR bands at 5m resolution and an approximate revisit time of 5 days. No cloud 

mask exists for either product, but Planet Labs provides a cloud index estimating the cloud-

obscured fraction of each image. We analyze all imagery with less than 20% cloud obscuration 

and greater than 20° solar elevation angle acquired between May 1 and October 1, 2017, a 

collection of ~76,000 images and ~25 TB of data across our four study areas spanning the active 

Arctic-Boreal hydrological season. 

 

3.2 Water Classification and Lake Tracking Method 
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CubeSat imagery remains underused within academic research largely due to its lack of automated 

cloud mask and atmospheric correction, inconsistency in cross-sensor radiometric calibration, and 

geolocation error (Cooley et al., 2017). To overcome these issues, we develop a novel method that 

incorporates object-based lake tracking and machine learning-derived observation filtering. This 

method is similar to that described in Cooley et al. (2017) but adapted for automation across large 

spatial scales. Full details of the method are described in the supplementary information (SI), and 

the main steps are summarized here.    

 

The first step entails creation of a buffered lake mask used both to seed the water classification 

algorithm and to track changes in lake area. This mask is built through a multi-step process 

involving initial water classification of early-season, cloud-free images which are summed and 

buffered by 60m to produce a conservative lake mask containing both the maximum seasonal 

extent of lakes and the surrounding land (see SI). To prevent double-counting of lake area changes, 

lakes whose 60m buffer zones overlap are considered to be a singular water body for lake tracking 

(see SI). We classify pixels as either land or water based on Normalized Difference Water Index 

(NDWI; McFeeters, 1996) thresholds, chosen for each image based on the shape of the buffered 

lake mask NDWI histogram (see SI, Cooley et al., 2017). 

 

Next, to track seasonal changes in lake area, we calculate the total water area contained within 

each lake object in the 60m-buffered lake mask, recording an individual observation for each lake 

for every image (Cooley et al., 2017). This object-based lake tracking method is necessary because 

CubeSat imagery has a 10 m geolocation uncertainty (Cooley et al., 2017). By allowing lake 

boundaries to change over time, this tracking method minimizes the impact of geolocation 
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inaccuracy on reported patterns in lake area and allows efficient change detection over our >2.2 

million lake observations.  

 

Finally, since the raw time series of lake areas include many erroneous data points caused by 

clouds, ice-cover or poor classification performance on images with a low signal to noise ratio, we 

use a supervised machine learning algorithm to flag poor individual lake area retrievals. For each 

study area, we create a manually validated training dataset and use it to seed a random forests 

classifier (Breiman, 2001) which categorizes all lake observations as valid/invalid based on 14 

predictor variables (see SI). The best valid lake observation per day, defined as closest to the 5-

day median, is then selected, and a 10-day median filter is applied to produce the final lake area 

time series. Through our observation filtering process, lakes only receive valid observations once 

they are ice-free, and therefore the start dates of the lake area time series vary between early May 

and late June (see SI, Fig S3.5). 

 

To facilitate comparison between lake area time series, we produce a daily time series for all lakes 

> 0.01 km2 by interpolating between near-daily satellite observations. From the lake area time 

series, we calculate each lake’s hydrological “dynamism,” defined here as its seasonal maximum 

area minus seasonal minimum lake area (km2), and percent dynamism, defined as dynamism 

divided by seasonal maximum lake area (%, km2/km2). For visualization and analysis of spatial 

patterns, we also sum lake dynamism to a 5 x 5 km grid for each study area (see SI). 

 

3.3 Validation and Error Analysis  
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We assess the accuracy of our method through both bootstrapping analyses of the manual training 

data and comparison with in situ pressure transducer water level measurements we collected in 15 

lakes during summer 2017 (Figures S3.6 and S3.7) (see SI). The bootstrapping analysis of our 

observation filtering process yields RMSEs of 1,248-3,904 m2 for mean lake area, 2,997-15,409 

m2 for maximum area, 973-22,978 m2 for minimum area and 5,660-23,135 m2 for seasonal 

dynamism (see SI, Table S3.1). As lake area is typically highly correlated with lake level, we also 

compare the lake area time series to our 15 in situ water level records collected in the YFB and 

CST. 13 of 15 CubeSat lake area time series are significantly correlated with water level at p < 

0.05, with 12 correlated at p < 0.01, and all 15 lakes experience seasonal declines in both water 

level and lake area (see SI, Figs. S3.6 and S3.7). While a small sample size, these simultaneous in 

situ measurements confirm that our remotely sensed lake area changes are both real and accurate. 

Furthermore, this result suggests that the dominant source of area change is lake level decline 

rather than vegetation growth along lake margins (see SI). 

 

3.4 Allometric and Environmental Controls on Lake Area Changes 

A key challenge of interpreting temporal and spatial patterns in lake extent is the strong 

relationship between lake size, seasonal dynamism and percent dynamism. Dynamism is positively 

correlated to lake size whereas percent change is negatively correlated to lake size (see SI). To 

control for this effect, we develop a new lake metric, termed RΔ, which represents the mean lateral 

distance (in meters) between each lake’s maximum and minimum observed shoreline boundaries 

(see SI, Fig. S3.11). Because RΔ is independent of lake area, this metric facilitates comparison of 

spatial patterns in surface water seasonality across different lake sizes. 
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Finally, we use generalized multivariable regression to analyze drivers of seasonal dynamism. We 

calculate gridded lake allometric variables, namely water fraction (Fig. S3.8), perimeter (Fig. 

S3.9), number of lakes and mean lake area from our lake area time series. We also test distance 

from river network, permafrost state (Brown et al., 2002), mean annual air temperature (GISTEMP 

Team, 2018) and precipitation minus evaporation (P – E) (Fig. S3.10; Vimal et al., 2018) and mean 

elevation and topographic roughness (Yamazaki et al., 2017). All variables are summed or 

averaged to a 5 x 5 km grid and regressions are performed using each grid cell as an individual 

data point (see SI).   

 

4. Results 

We identify 85,358 lakes (> 0.01 km2) across our four study areas, with 8,854 in the YFB, 37,957 

in the MRV, 21,560 in the CST and 16,987 in the HBL. Lake size approximately follows a Pareto 

distribution, similar to previous lake mapping estimates (Downing et al., 2006; Lehner & Döll, 

2004; Verpoorter et al., 2014). The mean lake size within each of the four study areas ranges from 

0.11 (+0.25) km2 (YFB) to 0.31 (+1.82) km2 (CST) with an average value of 0.26 (+1.45) km2 

across all four. Over the course of the study period, the mean total lake areas are 802 (YFB), 9,336 

(MRV), 6,479 (CST) and 5,082 (HBL) km2. Converted to units of water fraction (lake surface area 

divided by total study area), the highest water fraction is found on the CST (20.2%), followed by 

the MRV (11.4%), HBL (6.4%) and YFB (2.4%). 

 

On average, Arctic-Boreal lakes receive a valid, cloud-free observation once every 5.2 (+1.9) days, 

varying from 4.1 (+1.0) for the YFB to 6.2 (+1.8) for the MRV. We find a near-universal decline 

in lake extent during the study period, which is widespread across all four study areas, including 
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lowland wetland and upland bedrock terrains (Figure 3.1). These declines are consistent with in 

situ observations of water level (Figures S3.6 and S3.7) and reflect broadly negative summer P – 

E over Northern North America in 2017 (Fig. S3.10). The YFB, MRV and CST show remarkable 

similarity in their sub-seasonal progression, decreasing steeply from the start of the open water 

season until the end of July, and then remaining mostly stable or increasing slightly through the 

end of September (Figure 3.2). In contrast, the HBL declines gradually and is more stable overall, 

perhaps due to its lack of well-developed river networks, low water fraction and high water storage 

in its peatland terrain (Smith et al., 2012) (Fig. 3.2).  

 

Gridded maps of lake dynamism reveal loci of spring flooding in the YFB and MRD as well as 

substantial, dispersed dynamism throughout the CST (Fig. 3.1). The percent dynamism is 29% 

(dynamism = 279 km2) for YFB, 9% (907 km2) for MRV, 7% (439 km2) for CST and 5% (247 

km2) for HBL (Figure 3.2b).  The mean individual lake percent change is comparable for the MRV, 

CST and HBL (17%, 18% and 15%), but higher in the YFB where, on average, lakes change by 

39%. However, when lake dynamism is considered at the landscape scale, the change in surface 

water extent per unit land area is 0.8%, 1.1%, 1.4% and 0.3%, for the four study areas, respectively. 

In other words, the greatest change in lake water fraction is found in the CST, where 1.4% of the 

total landscape is seasonally inundated, nearly double that of the YFB.  

 

The high spatial resolution and dense temporal sampling afforded by CubeSats also reveals distinct 

localized exceptions to the broader seasonal decline, as exemplified by local concentrations of lake 

dynamism within the MRV (Fig. 3.2c). The Mackenzie River Delta undergoes a steep decline 

(~8%) in lake area until mid-July, after which lake areas stabilize, a progression likely associated 
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with floodplain inundation following ice breakup and peak river discharge. In contrast, the 

thermokarst-dominated Tuktoyaktuk Peninsula experiences a small, gradual seasonal decline 

(~3%) in total lake area, and the Lower Mackenzie Plain declines sharply through July (~12%) 

before rebounding in August and September (Fig. 3.2c). Visual inspection reveals that this distinct 

signal in the Lower Mackenzie Plain is primarily driven by a high incidence of lakes that 

experience a large change in area due to rapid emergence and then decline of aquatic vegetation 

and/or algae at their surface. When mapped across the four study areas, we find these ‘vegetation-

impacted’ lakes account for 1-2% of all lakes studied and 7-13% of the observed dynamism across 

the YFB, MRV and CST, with particular concentration in the Lower Mackenzie Plain and the 

southern tip of the CST (see SI, Fig. S3.12).  

 

CubeSat observations of RΔ (i.e. mean lateral distance between maximum and minimum lake 

boundaries) reveal that most Arctic-Boreal lake dynamism is driven by small shoreline fluctuations 

of ≤ 10 m (Figure 3.3). Across all study areas, the mean RΔ is 6.6 (+8.6) m, varying from 5.0 (+5.0) 

m in the HBL to 13.0 (+13.0) m in the YFB. Large RΔ values are primarily associated with 

floodplains and vegetation-impacted lakes, whereas low RΔ values predominate in upland regions 

(Fig. 3). For the YFB, lakes with a RΔ ≤ 10 m account for just 28% of the observed dynamism, 

whereas they account for 54% in the MRV and 76% in both the CST and HBL. This suggests that 

landscape-scale lake dynamism is dominated by fewer highly dynamic lakes in the YFB versus 

many comparatively stable lakes in the CST and HBL, with the CST displaying the greatest overall 

dynamism due to the cumulative small shoreline fluctuations of many more lakes (Fig. 3.2a, white 

asterisk in Fig. 3.3). 
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Multivariable regression of gridded lake dynamism with allometric (water fraction, lake perimeter, 

number of lakes, mean lake size) and environmental (elevation, topographic roughness, permafrost 

presence, MAAT, distance to river, and P – E) variables indicates that total seasonal dynamism 

strongly depends on lake allometry. The regression models built using these 10 variables explain 

74%, 65%, 58% and 55% of the total variance in seasonal dynamism for the four study areas, 

respectively (Fig S3.13, Table S3.2). Between 87% (CST) and 99% (YFB and MRV) of the 

explanatory power is associated with perimeter and water fraction alone. In contrast, 

environmental variables explain only 2-16% of the observed dynamism, with permafrost and 

MAAT the strongest predictors, suggesting little detectable environmental control on lake 

dynamism over the study period (see SI).  

 

5. Discussion  

Our object-based CubeSat lake tracking method allows us to monitor fine-scale changes in surface 

water with high temporal frequency across large spatial scales. The combination of 3-5 m spatial 

resolution and ~5-day average cloud-free revisit time yielded >2.2 million observations of lakes 

as small as 0.01 km2 in just five months. By using machine learning to filter out low quality 

observations, some critical limitations of CubeSat imagery are overcome, enabling scientific 

analysis of thousands of images and millions of individual lake observations. Consequently, our 

analysis of ~85,000 lakes reveals both broad-scale similarities and novel fine-scale anomalies in 

sub-seasonal inundation dynamics of Arctic-Boreal lakes.   

 

Broadly, we observe a universal, synchronous seasonal draw-down in surface water extent across 

our four study areas throughout the 2017 open-water season. This finding differs from most studies 
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of surface water dynamics in Arctic-Boreal regions, which tend to focus on dynamic, flood-prone 

lowlands such as the Yukon Flats (Anderson et al., 2013; Chen et al., 2014; Jepsen et al., 2016), 

Mackenzie River Delta (Goulding et al., 2009; Lesack et al., 2013; Marsh & Lesack, 1996), and 

Peace-Athabasca Delta (Pavelsky & Smith, 2008). While our study confirms that lakes in such 

environments are hydrologically dynamic, it also shows that their relatively small areas and 

comparatively low water fractions may make them less important to continental-scale surface 

water variability than the outsized attention they receive might suggest. Indeed, in absolute terms 

we identify more total lake dynamism elsewhere. Lake percent area changes and RΔ values are 

lower in upland regions like the CST and southeastern HBL, likely due to higher topographic 

variability and poorly developed fluvial drainage. However, when multiplied across large, lake-

rich areas, these small shoreline changes cumulatively produce large absolute changes in lake 

surface area across the landscape.   

 

This effect is exemplified by the contrast between the Canadian Shield Transect and the heavily 

studied Yukon Flats Basin, which are similar in size (32,107 km2 and 33,383 km2) yet display 

vastly different sub-seasonal dynamics in lake area. Despite containing few highly dynamic lakes 

and a smaller percent dynamism (7% vs. 29%), the CST experiences significantly more absolute 

lake dynamism than the YFB (439 km2 vs. 279 km2) due to its much larger water fraction (20% 

vs. 2%). Previous surface water studies have largely ignored this landscape-scale effect. Coarse-

resolution global/pan-Arctic analyses do include the Canadian Shield but have difficulty resolving 

the fine-scale changes that dominate sub-seasonal lake dynamics in this area. For example, a 

comparison of our CubeSat results with a recent global Landsat-based seasonality product 

(GWSO; Pekel et al., 2016) finds that even the 30m, ~16-day revisit time of this high-quality 
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product likely underestimates total seasonal dynamism by up to 50% (Fig. S3.14), especially in 

the CST, where small shoreline fluctuations (low RΔs) dominate. While some of this difference 

may be due to inter-annual variability (see SI), this improved quantification of lake dynamism in 

the CST is likely an outcome of the high spatial resolution of CubeSat imagery, which enables 

mapping of numerous small, previously undetectable lake shoreline changes that sum to large areas 

of intermittently inundated land.  

 

Our quantification of substantial, widespread dynamism accrued from small shoreline fluctuations 

of many lakes is consequential for estimates of trace gas emissions from freshwater bodies. In 

contrast to the relatively ‘static’ view of upland lakes commonly assumed by CH4 and CO2 

emission models (Bastviken et al., 2011; Matthews & Fung, 1987; Raymond et al., 2013; Ringeval 

et al., 2010; Watts et al., 2014) our results suggest that all Arctic-Boreal landscapes are dynamic, 

and often at fine spatial scales missed by coarse-resolution products. This finding is inherently 

conservative as we consider only open-water lake shorelines in this study, whereas Arctic-Boreal 

lake fluctuations commonly recharge surrounding wetlands as well. Furthermore, littoral, 

seasonally inundated shorelines and wetlands are known “hotspots” of freshwater CO2 and CH4 

production and emission (Bastviken et al., 2004; Tranvik et al., 2009), suggesting that 1 km2 of 

intermittently inundated land comprised of numerous small shoreline fluctuations likely emits 

more trace gas than 1 km2 of permanently inundated land owing to shallow water, vegetation, and 

CO2 supersaturation. Lastly, because Shield landscapes have both high water fractions and high 

lake densities, they typically have a very high lake perimeter to land surface area ratio (2.3 km/km2 

for CST versus 0.6 km/km2 for YFB) and thus the total area of intermittently inundated lake 

shorelines potentially contributing to CO2 emission in upland regions is large.  
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Finally, our analysis of potential drivers of sub-seasonal surface water dynamism identifies an 

outsized importance of lake allometry (Lyons et al., 2013; Smith & Pavelsky, 2009), and 

particularly lake perimeter, on spatiotemporal patterns in lake area change. Other variables 

commonly cited as drivers of inter-annual lake surface area change, such as water balance 

(Anderson et al., 2013; Chen et al., 2014; Plug et al., 2008; Riordan et al., 2006), permafrost 

presence (Jepsen et al., 2013; Smith et al., 2005; Walvoord et al., 2012) and distance from river 

networks (Roach et al., 2013) appear to have a negligible effect on intra-annual lake dynamism 

compared to lake allometry. Better ancillary datasets could produce different results, and we 

suggest future work to confirm or refute this finding, but a clear conclusion of our study is that any 

broad-scale study seeking to attribute lake area changes to permafrost, climate, or other external 

factors must first control for lake allometry. Given that these factors influence lake allometry 

themselves (Smith et al., 2007), future work should also consider the interactions between lake 

allometry and environmental variables.  

 

6. Conclusion 

Our Arctic-Boreal lake tracking analysis advances the utility of CubeSat imagery for hydrologic 

research. At the local scale, the high temporal and spatial resolutions of CubeSat imagery reveal 

short-lived phenomena such as floodplain inundation and aquatic vegetation phenology, 

observations that can inform a wide range of applications including carbon cycling (Bastviken et 

al., 2004; Tranvik et al., 2009), water quality (Palmer et al., 2015) and hydrologic connectivity 

(Pavelsky & Smith, 2008). At the broad scale, we identify a ubiquitous drawdown of surface water 

across northern North America during summer 2017, including substantial water loss caused by 
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fine-scale lake shoreline contractions on the lake-dense Canadian Shield, which coarser-resolution 

sensors miss. This finding suggests that current models of CO2 and CH4 trace gas emission from 

inland waters underestimate the importance of sub-seasonal lake area dynamics. 
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Figures 

Figure 3.1. Gridded maps of lake dynamism (seasonal maximum minus seasonal minimum lake 

area, km2) for our YFB, MRV, CST and HBL study areas derived from CubeSat satellite imagery 

and machine learning. White dashed lines show major river systems (Yukon and Mackenzie Rivers 

and their tributaries). High dynamism is dispersed across the CST, as well as concentrated in the 

central YFB along the Yukon River and Mackenzie River Delta (northwest MRV). Stars indicate 

locations of in-situ lake level measurements. 
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Figure 3.2. Temporal progression of area changes in 85,358 lakes summed across the YFB, MRV, 

CST and HBL study areas calculated from >2.2 million CubeSat observations of lake area. Shaded 

areas are uncertainty bounds determined from RMSE values. Summed lake area changes are 

shown as both (a) percent of total study area (33,383, 82,200, 32,107 and 78,863 km2, 

respectively), and (b) percent of maximum observed lake area (952, 9,845, 6,723 and 5,217 km2, 

respectively). While YFB lakes are highly variable (blue line in 2b), the CST is most dynamic at 

the landscape scale (red line in 2a). Panel (c) splits the MRV (yellow line in 2b) into three sub-

regions, revealing contrasting sub-seasonal progressions between relatively stable lakes of 

Tuktoyaktuk Peninsula (dark green), dynamic lakes of the fluvial-deltaic Mackenzie River Delta 

(maroon), and sub-seasonal phenological cycles in aquatic vegetation in lakes of the Lower 

Mackenzie Plain (navy blue). 
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Figure 3.3. Gridded maps of mean lateral distance between maximum and minimum observed 

lake boundaries (RΔ, m) for YFB, MRV, CST, and HBL. Bar graphs quantify the change in lake 

water fraction (%) associated with lakes within specified RΔ ranges. The CST displays the highest 

overall change in lake water fraction, dominated especially by small shoreline fluctuations (RΔ < 

5, white asterisk). 
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Supplementary Information 

Text S1. Data Selection and Preprocessing  

Two sources of Planet Labs CubeSat imagery were used to track changes in lake extent across the 

Arctic-Boreal region between May 1 and October 1, 2017. The first source, PlanetScope, is 

collected by a constellation of 120 CubeSats known as ‘Doves’, which are 10 cm x 10 cm x 30 cm 

in size. PlanetScope Doves contain a split-frame imager which captures four bands, blue (Band 1, 

455-515 nm), green (Band 2, 500-590 nm), red (Band 3, 590-670 nm) and near infrared (Band 4, 

780-860 nm), at 3.7 m pixel resolution. Due its near-daily availability, PlanetScope accounts for 

95% of all imagery analyzed in this study. Where available, we also use RapidEye imagery, which 

is a constellation of 5 satellites with a ground resolution of 6.5m and a revisit time of ~5 days. 

RapidEye imagery has five bands: blue (Band 1, 440-510 nm), green (Band 2, 520-590 nm), red 

(Band 3, 630-685 nm), red edge (Band 4, 690-730 nm) and near infrared (Band 5, 760-850 nm). 

For both PlanetScope and RapidEye we use Planet Labs’ Level 2 Ortho Product, which grids all 

imagery to consistent 25 x 25 km tiles at 3.125 m resolution for PlanetScope and 5 m resolution 

for RapidEye. While no automated cloud mask product exists for either PlanetScope or RapidEye 

imagery, Planet Labs does provide a cloud index for each image which approximates the percent 

of pixels in the image that are cloud-obscured. In this study, we examine all images with less than 

20% cloud cover and with a sun illumination angle > 20°. In total, 75,999 images (72,414 

PlanetScope and 3,585 RapidEye) are analyzed, totaling ~25 TB of data. 

Text S2. Lake Classification and Tracking Method 

Our lake tracking method is specifically developed to overcome known limitations of CubeSat 

imagery. These limitations include cross-sensor radiometric calibration inconsistency, lack of 

atmospheric correction, lack of an automated cloud mask and ~10m geolocation error (Cooley et 
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al. 2017). The method is adapted from Cooley et al. (2017) but improved to enable automated 

classification at large spatial scales. Broadly, the method involves three main steps: (1) creation of 

a buffered lake mask which is used both to seed classification and to track changes in lake extent, 

(2) histogram-based thresholding of water (3) time-series filtering using machine-learning (Fig. 

S3.1). The entire method is implemented in Matlab R2018b and described as follows. 

 

Creation of Buffered Lake Mask 

Our method begins with the creation of a buffered lake mask which includes every lake in the 

study region. This mask is created through a multi-step process for each 25x25km tile. First, an 

Otsu classification is used to classify water on a cloud-free early season image. This water 

classification is then buffered by 60 m to create an initial water mask containing both lakes and 

surrounding land. Water bodies where the 60 m buffer zone overlaps with the buffer zone of 

adjacent water bodies are counted as one singular water body for lake tracking. In other words, 

water bodies whose maximum extent is less than 120 m apart are tracked as a singular water body 

(Fig. S3.2). While this effect likely reduces the number of lakes and increases the mean lake size, 

it enables efficient lake tracking and accurate detection of dynamism without “double counting” 

changes in water bodies occurring less than 120 m apart.  

 

Next, we use the initial water mask to seed water classification of all images with less than 5% 

cloud cover between June 1 and July 15, using the classification method described below. All the 

classified images are then summed to create a new water mask including all pixels classified as 

water in at least 30% of these images. Rivers are removed from the mask and each water body is 

again buffered by 60 m to produce the final buffered lake mask. Given the importance of this mask 
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for both water classification and lake tracking, we manually check all final buffered lake masks to 

ensure the maximum extent of lakes is captured and no false water bodies are included.  

 

Water Classification  

We use the water classification method described in Cooley et al. (2017) which was initially 

adapted from Olthof et al. (2015) who applied this method to shortwave infrared Landsat TM and 

ETM+ imagery. A brief summary is as follows: First, we calculate the normalized difference water 

index (NDWI; (green – NIR)/(green + NIR), McFeeters, 1996) for each image (Fig. 3-S3a). Next, 

the buffered lake mask is intersected with the NDWI image to produce a histogram of NDWI 

pixels contained within the buffered mask (Fig. S3.3b). The buffered water histograms typically 

have two peaks, one representing water (higher NDWI) and one representing land (lower NDWI). 

We identify dynamic land and water NDWI threshold values based on the relative height of these 

two peaks, with all NDWI pixels lower than the land threshold considered to be 100% land and all 

pixels greater than the water threshold considered to be 100% water (Fig. S3.3b). Pixels in between 

these two peaks are assigned a fractional water value between 0 and 100 based on their relative 

distance between the two peaks (Olthof et al., 2015), resulting in a fractional water classification 

for every image (Fig. S3.3c). Validation of the automated water classification method was 

performed by manually digitizing the perimeters of 52 lakes in coincident (i.e. within 3 days), 

higher resolution (1 m) WorldView imagery. By comparing the areas of manually and 

automatically mapped lakes, we found our classification method had an average RMSE of 11% 

with no systematic bias towards over- or under-estimation of lake area (Cooley et al., 2017). 

Furthermore, as our machine learning filtering (described below) removes lakes with poor 
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classification performance, the cumulative impact of water classification error on reported large 

scale patterns is likely to be minimal. 

 

Lake Area Tracking 

Due to the 10 m geolocation uncertainty of CubeSat imagery, traditional pixel-based change 

detection methods lead to inaccurate results. We therefore track changes in lake area using the 60 

m buffered lake mask. For each image, we calculate the total amount of water contained within 

each individual lake object in the buffered mask, producing a seasonal time series of surface water 

extent for all lake objects. All pixels with a fractional water value greater than 75% are counted as 

water this threshold performed best in comparison with higher spatial resolution WorldView 

imagery (Cooley et al., 2017). The use of the buffered lake mask for lake tracking allows lake 

boundaries to change over time, minimizing the impact of geolocation error. We only track lake 

extent for lakes > 0.01 km2 as below this threshold, the geolocation uncertainty and high signal-

to-noise ratio of CubeSat imagery prohibit accurate detection of seasonal variability.  

 

Observation Filtering using Machine Learning 

Due to the variable quality of CubeSat imagery and lack of a cloud mask, the raw time series of 

lake area contain many erroneous data points (Fig. S3.4). We therefore use a machine learning-

derived observation filtering process to separate valid and invalid lake observations. The first step 

of the filtering process is the creation of manual training datasets containing 2-4% of all lakes in 

each study area, chosen randomly within each 25 x 25 km tile. For each lake observation, we 

display the NDWI image and the corresponding water classification, as well as the observed lake 

area in the context of the complete lake area time series. Each observation is then manually marked 
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as valid or invalid based on (a) whether is the image is cloud-free and sufficiently high quality, 

and (b) whether the classification appears to accurately represent the lake area as it appears in the 

NDWI image. The training datasets are created separately for each study area, resulting in 4 

training datasets each containing 400-600 manually validated lake time series, approximately 

28,000-39,200 manually validated lake observations.  

 

For every lake area observation, we calculate 14 predictor variables, namely the day of year, the 

seasonal median area, the image’s cloud index, the type of image (PlanetScope or RapidEye), 

percent of lake pixels which are marked as ‘no data’, area as a percent of the seasonal maximum 

area, as a percent of the seasonal median area, as a percent of the 5-day median area and as a 

percent of the 10-day median area, the standard deviation of the lake area time series, the 5-day 

standard deviation, 10-day standard deviation, and finally the perimeter as a percent of the 5-day 

median perimeter and as a percent of the 10-day median perimeter. These 14 predictor variables 

calculated for all 28,000-39,200 validated lake observations are used to train a random forest 

classifier for each study area. By randomly removing a sub-sample of the training dataset, we find 

that the random forest classifier accurately filters 94-96% of all lake area observations. The most 

important predictor variables are area as a percent of 10-day median area, cloud index and 

perimeter as a percent of 10-day median perimeter. We then classify all lake observations as 

valid/invalid using these random forest classifiers (Fig. S3.4). As a final step, for days where 

multiple valid lake observations are available, we select the observation closest to the 5-day 

median, and then apply a 10-day median filter over the entire time series (Fig. S3.4).  

 



122 

 

While the random forest classifier performs at 94-96% accuracy, we analyze the accuracy of the 

complete observation filtering method and resulting metrics through a bootstrapping analysis of 

the manual training dataset. For each study area, 10 lakes are randomly removed from the manual 

training dataset. Lake area observations from these 10 lake time series are then classified as valid 

or invalid using a random forest classifier created from the remaining manual training data. As 

described above, the best observation per day is then selected and a 10-day filter is applied over 

the entire time series. For each lake, the mean area, maximum area, minimum area and seasonal 

dynamism (maximum – minimum lake area) are then calculated from both the machine learning-

filtered and the manually validated time series. This process is repeated until all lakes in the 

training dataset have been validated both manually and through machine learning.  

 

Given these 400-600 manually validated and classified lake time series, we then calculate the error 

associated with the difference between the manually validated and machine-learning filtered 

results for each study area (Table S3.1). For mean area, the root mean square error (RMSE) ranges 

from 1,248 – 3,904 m2, maximum area from 2,997 – 15,409 m2, minimum area from 973 – 22,978 

m2 and dynamism from 5,660 – 23,135 m2. For reference, these RMSE values range from 0.2 – 

3.6% of the maximum lake area. The Yukon Flats Basin generally has the largest error of all four 

study areas, likely due to the higher mean percent changes and the greater difficulty in 

distinguishing lake boundaries in vegetated wetland environments compared to upland shield 

environments. 

 

Final Products 
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The process above results in a seasonal lake area time series for every lake in our study areas. 

Before filtering, lakes receive 66 (+/- 20) observations on average between May 1 and Oct 1, 

ranging from 48 (+/- 8) in the Mackenzie River Valley (MRV) to 98 (+/- 12) in the Yukon Flats 

Basin (YFB). These observations cover 42 (+/- 11) unique days on average, ranging from 33 

(MRV) to 57 (YFB). Of these daily observations, 64-67% are classified as valid by our filtering 

method, yielding 37, 21, 32 and 31 observations per lake on average for each study area, 

respectively. This corresponds to a total of 2.2 million valid individual lake area observations 

across all four study areas. As these lake area observations are unevenly spread between May to 

October, we interpolate between lake area observations to produce daily lake area time series that 

enable summation across many lakes. Finally, we also grid dynamism (seasonal maximum minus 

seasonal minimum lake area) to a standard 5 km x 5 km grid.  

 

Treatment of ice cover 

The chosen study window, May 1 to October 1, was chosen to precede ice-off in order to capture 

the full seasonal progression of lake area. We do not specifically classify ice from water due to the 

difficult of distinguishing ice from cloud given the lack of atmospheric correction and radiometric 

calibration consistency issues in Planet imagery (Cooley et al., 2017). However, ice-covered lake 

observations are nearly always removed from our analysis through two key steps of the method. 

First, our water classification requires a characteristic two-peaked NDWI histogram (Fig. S3.5). 

Images with significant ice cover generally do not have distinguishable “land” and “water” peaks. 

These ice-impacted images thus fail our classification criteria and are not included in the analysis, 

therefore automatically removing most of the ice-impacted imagery. Second, if an image with lake 
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ice cover does pass our initial classification criteria, it nearly always leads to an anomalous lake 

area observation and is therefore removed by the machine learning observation filtering process.  

 

As a result, the timing of first valid lake observation broadly follows spatial gradients in 

temperature and ice-off timing (Fig. S3.5). While there is significant local variability, associated 

with differing satellite paths as well as lake size, the broad-scale patterns in timing of first 

observation clearly reflect large-scale patterns in ice-off. The timing of first observation varies 

from early May for small lakes in the Yukon Flats Basin to late June/early July for lakes along the 

Arctic Coast in the Mackenzie River Valley. While not an exact measurement of ice-off timing, as 

differing satellites paths also influence spatial patterns, the locally variable start dates significantly 

reduce uncertainty caused by ice presence and allow us to capture the full seasonal progression of 

lakes. 

Text S3. Comparison with In Situ Water Level Data 

A critical step of assessing the validity of our results is determining whether the patterns of lake 

change we document from CubeSat imagery are corroborated by field measurements. To do this, 

we compare our lake area time series to in situ lake level data we collected in summer 2017 as part 

of the NASA Arctic-Boreal Vulnerability Experiment (http://above.nasa.gov) (Figures S3.6 and 

S3.7). We installed pressure transducers at the bottom of nine lakes in the Yukon Flats Basin and 

along the margins of six lakes in the Canadian Shield Transect using the protocol described in 

Pitcher et al. (2018). The locations of these lakes are shown in Figure 1 in the main text. Five 

barometric pressure loggers were also installed in the YFB and CST to correct the lake level 

records for atmospheric pressure variability. The pressure transducer data is available from June 2 
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to September 2 in the Yukon Flats Basin and July 7 to September 13 in the Canadian Shield 

Transect.  

 

We calculate the R2 between our CubeSat-derived discrete time series observations and in situ lake 

level over this period for every lake and find that 13 of 15 lakes are correlated at p < 0.05, with 12 

correlated at p < 0.01 (Figures S3.6 and S3.7). All 15 instrumented lakes experience substantial 

seasonal declines in both water level and lake area. The two lakes whose areas are not significantly 

correlated to lake level experience very small area variability (~1%, Figure S3.6 and S3.7), likely 

causing the lack of correlation. Notably, Crossover Lake, Buddy Lake and Lake YF18, all in the 

YFB, experience transient periods of increases in lake level that correspond well to transient 

increases in lake area (Fig. S3.6). The slopes of the regression lines between lake area and lake 

level vary significantly, between 3% change in area per meter water level decline (%/m) (for 

Thumb Lake) and 140 %/m (for Canvasback Lake) (Fig. S3.7). While there is no significant 

correlation between slope of regression line and lake size (as found in Smith and Pavelsky, 2009), 

we do identify a topographic influence on the relationship between lake level and lake area. Lakes 

located close to the Yukon River in its floodplain experience a larger percent change per meter 

(e.g. Canvasback Lake at 140%/m, Buddy Lake at 96%/m, Scotor Lake at 46%/m) than lakes 

located in upland terrain such as the White Mountain Foothills in the YFB and all of the CST (e.g. 

Thumb Lake at 3%/m, CST #9 and #11 at 8%/m). Overall, the pressure transducer data illustrate 

seasonal declines in surface water level consistent with our observation of a broad-scale decline in 

surface water extent, suggesting our CubeSat-derived observations of lake area declines are real, 

and that the findings of this study are robust. 
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Text S4. Analysis of Drivers 

To evaluate drivers of seasonal dynamism, we perform generalized multivariate linear regression. 

Generalizable multivariate linear regression is a form of linear regression used when the input and 

response variables are not assumed to be normally distributed (Liang & Zeger, 1986). We test 

water fraction (Figure S3.8), total perimeter (Figure S3.9), number of lakes, mean lake size, mean 

elevation, topographic roughness (calculated as standard deviation of elevation), precipitation 

minus evaporation (P – E) (Vimal et al., 2018; Figure S3.10), permafrost presence (Brown et al., 

2002), mean annual air temperature (GISTEMP) and mean distance from the river network as 

predictor variables. All variables are standardized to the same 5km x 5km grid, with each 

individual grid cell considered to be a data point. Given the wide variability in the magnitude and 

distribution of these variables, we standardize all the variables by calculating their z-score (z = [x 

– mean(x)] / σ(x), where σ = standard deviation). For each study area, we perform three regression 

analyses predicting seasonal dynamism: (1) using all predictor variables, (2) using only lake 

allometric variables (water fraction, total perimeter, number of lakes and mean lake size) and (3) 

using only environmental variables (elevation, topographic roughness, permafrost presence, mean 

annual air temperature, P – E, and distance from river). ANOVA (analysis of variance) is used to 

calculate the amount of dynamism than can be explained by each regression model and by the 

individual variables. 

 

Text S5. Calculation of RΔ 

A key challenge of attributing patterns in lake extent is the strong relationship between lake size, 

dynamism and percent change. Simply put, large lakes typically lose more water (i.e. have greater 

dynamism) than small lakes, as, for example, a 5% change in lake area would result in a much 
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larger total change for a 2 km2 lake (0.1 km2) than for a 0.5 km2 lake (0.025 km2). Conversely, 

small lakes typically experience a greater percent change (dynamism divided by maximum lake 

area) than large lakes, as, for example, a 0.2 km2 change in surface water area is a 10% change for 

a 2 km2 lake but a 40% change for a 0.5 km2 lake. These two effects combined mean that the 

observed spatial patterns of dynamism are positively correlated to lake size (larger lakes = higher 

dynamism, Pearson’s R = 0.60, p < 0.001) whereas percent change is negatively correlated to lake 

size (larger lakes = smaller percent change, Pearson’s R = -0.11, p < 0.001).  

 

Given the wide variability in water fraction and lake density within the four study areas, these 

relationships strongly impact the observed spatial patterns of dynamism. Separating lake 

dynamism from lake size is thus helpful for better understanding the spatial patterns observed 

independent of lake area. Consequently, we develop a new lake metric we term RΔ which 

represents the mean lateral distance between the maximum and minimum lake boundaries (in 

meters; Fig S3.11). In other words, it represents the mean lateral change along lake shorelines. It 

is independent of lake area because lateral shrinkage generally does not depend on lake size, and 

both large and small lakes experience a wide range of RΔ values. We note that RΔ is not the exact 

ground distance between the maximum and minimum lake margins, as it is very difficult to 

accurately measure this difference given the 10m geolocation accuracy and the differing pixel sizes 

of the images. Instead, we calculate RΔ by first resampling the maximum extent of each lake to 1 

m x 1 m resolution. We then erode the lake at 1 m increments (i.e. remove 1 m from the lake 

margin equally in all directions) and calculate the resulting lake area, stopping when the eroded 

size of the lake is approximately equal to the minimum lake area. The RΔ value is therefore the 

amount of erosion (in 1 m increments) which produces a loss of lake area closest to the observed 
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seasonal dynamism; in other words, approximately the mean lateral change along the lake margin. 

While this method is only accurate to 1 m, the resulting values are independent of lake area and 

therefore valuable for comparing spatial patterns in dynamism across landscapes with widely 

varying water fractions. 

 

Text S6. Identification of Vegetation-Impacted Lakes 

Upon manual inspection, we find that many of the most dynamic lakes in our study region exhibit 

a sharp decline from May to late July followed by a gradual increase in lake area in August and 

September. Closer inspection of the imagery reveals that this characteristic pattern is likely caused 

by the growth and disappearance of vegetation at the lake’s surface. Identification of these 

“vegetation-impacted lakes” is potentially interesting for research on freshwater carbon cycling 

(Bastviken et al., 2004; Tranvik et al., 2009) and lake water quality (Palmer et al., 2015). Therefore, 

to understand the scale and spatial imprint of this phenomenon, we identify all lakes experiencing 

these “vegetation events” through a combination of automated classification and manual 

verification. First, we identify candidate vegetation-impacted lakes which meet the following three 

criteria: (1) a seasonal dynamism greater than 25,000 m2, (2) a percent change greater than 25% 

and (3) a positive late summer rebound that is at least 25% of the dynamism. We then visually 

examine raw CubeSat imagery showing each candidate vegetation-impacted lake’s maximum and 

minimum extents and label those whose seasonal decline and rebound appears to be primarily 

associated with the growth and decline of vegetation as opposed to hydrologic activity.  

 

We identify 165 vegetation-impacted lakes (1.8% of all lakes) in the Yukon Flats Basin, 425 

(1.1%) in the Mackenzie River Valley, 249 (1.2%) in the Canadian Shield Transect and 7 (< 0.1%) 
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in the Hudson Bay Lowland. These lakes account for 13.2%, 10.8%, 7.1% and 0.4% of the total 

observed dynamism in each study area, respectively. In total, vegetation-impacted lakes represent 

1.0% of all lakes and account for 8.9% of all dynamism across all four study areas. Mapping of 

these lakes reveals that they tend to occur in clusters, with particular concentration in the Lower 

Mackenzie Plain (southeast portion of the Mackenzie River Valley) and the southern Canadian 

Shield Transect (Figure S3.12). While our analysis of vegetation-impacted lakes involved manual 

verification, future work could use our time series approach to develop automated identification 

of these events. Future research could also distinguish between vegetation events caused by 

floating vegetation mats, emergent vegetation or algal blooms, all of which occur within our study 

areas. 

 

These 1% of lakes we term “vegetation-lakes” represent only lakes where vegetation growth or 

algal activity occurs over a large portion of the lake. It is possible that some of the other observed 

lake area time series may be impacted by subtler vegetation changes along lake margins. 

Quantifying the uncertainty introduced by this effect is challenging and therefore not included in 

the uncertainty analysis in this paper. However, small vegetation changes along lake margins are 

unlikely to impact our overall conclusions. Lakes impacted by vegetation typically experience a 

sharp area decline followed by a late-season rebound. The vast majority of lakes experience peak 

water extent at the start of the open water season followed by a gradual decline with little-to-no 

August-September rebound, which suggests that vegetation changes are not a primary driver of 

this signal, as evidenced by the summed seasonal time series of lake area (Figure 3.2) and the in 

situ lake level time series.  Secondly, there is no evidence to suggest that marginal lake vegetation 

changes are significantly different in one or another region.  
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Text S7. Comparison with Global Surface Water Occurrence Product 

The Landsat-derived Global Surface Water Occurrence (GSWO) product is perhaps the highest 

resolution global lake change product currently available (Pekel et al., 2016). GSWO’s water 

occurrence and water change products are built from the entire Landsat record (1977 to 2015). 

Most relevant to our analysis though is their water seasonality product indicating the number of 

months water is present in each pixel which is created using only Landsat imagery acquired 

between 2014 and 2015. Along with the different time periods of the analyses (2014-15 vs. 2017), 

a key difference between GSWO and our CubeSat analysis is that GSWO is purely pixel-based 

and thus includes both rivers and their adjacent floodplains as well as areas that may only be water-

covered briefly during ice breakup and the subsequent peak river flow. These are all excluded in 

our analysis as we only track dynamism in lakes > 0.01 km2 that are present for at least one month.  

 

Consequently, to compare GSWO’s seasonality product with our CubeSat product, we apply the 

same buffered water mask used to track lake extent in CubeSat imagery to the GSWO seasonality 

product. We then calculate the comparable GSWO seasonal dynamism as the sum of all pixels 

which are inundated for less than 6 months (the approximate length of the open water season) 

contained within our buffered lake mask. Using this approach, we find that the coarser resolution 

(30m, ~16-day revisit time) GSWO product underestimates total seasonal dynamism nearly 

everywhere except the Mackenzie River Delta (Fig. S3.14). The underestimation is largest in the 

Canadian Shield Transect (52%) where small marginal changes (low RΔs) are responsible for the 

greatest proportion of overall changes. It is important to note that GSWO and our CubeSat product 

were not acquired over the same time period, and therefore some of the observed differences may 

derive from inter-annual variability in lake seasonality. However, the differences are greater than 
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any previous estimates of inter-annual variability (e.g. Chen et al., 2014), particularly in areas 

typically thought to be stable such as the Canadian Shield Transect. Therefore, while we 

acknowledge the potential influence of inter-annual variability on this comparison, GSWO’s 

underestimation of seasonal dynamism relative to CubeSats suggests that the high spatial 

resolution of CubeSat imagery allows observation of previously undetected lake marginal changes 

using remote sensing. 
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Supplementary Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S3.1. Flow chart outlining the steps involved in our CubeSat lake tracking algorithm 

involving object-based lake tracking and machine learning-derived observation filtering. Shaded 

gray boxes represent steps that require manual intervention. 
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Figure S3.2. Illustration of lake buffering method used for tracking changes in lake area. Panel (a) 

shows three water bodies located within a small area. Panel (b) illustrates the application of the 60 

m buffer, with the individual buffer areas shown in different colors. Water Body 2 and Water Body 

3 are less than 60 m apart and therefore their buffered areas overlap. Panel (c) demonstrates how 

Water Bodies 2 and 3 are thus combined into one water body (“Relabeled Water Body 2”) for lake 

tracking to ensure changes in lake area are not double counted.  
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Figure S3.3. Illustration of water classification method. Step (a) shows a normalized differential 

water index (NDWI) image where lighter shades are water and darker shades are land. This image 

is overlaid with the final buffered lake mask which is used to seed water classification (in blue). 

Panel (b) shows the histogram of land and water pixels contained with the buffered lake mask. 

Using our histogram-based thresholding, we then calculate the land (green) and water (blue) 

thresholds. All pixels to the right of the water threshold are considered to be 100% water, and the 

pixels to the left of the land level are considered to be land, with mixed pixels in the middle. Panel 

(c) shows the resulting water classification with water pixels in light blue overlaid on the NDWI 

and buffered lake mask. Here we consider all pixels greater than 75% water to be water-covered, 

as our comparison with WorldView imagery in Cooley et al. (2017) showed this threshold to lead 

to the most accurate lake area results. 
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Figure S3.4. Example of our machine-learning time series filtering method. The different colors 

represent three different lakes. The left column shows the raw time series for three different lakes, 

where each dot represents an individual image. The large number of zero lake area observations is 

caused by the small footprint of a PlanetScope swath relative to the size of the image tile. The 

middle column shows the time series of lake area for the same three lakes after the machine-

learning derived observation filtering is performed. Note the y-axis scale has changed. The right 

column shows the final filtered time series after we select the best observation for each day and 

apply a 10-day median filter. 
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Figure S3.5. Maps of the timing of first valid lake observation for the Yukon Flats Basin, 

Mackenzie River Valley, Canadian Shield Transect and Hudson Bay Lowland. Each square 

represents an individual lake, with yellow and light green colors indicating first observation 

occurring in May and dark green and blue colors indicating first observation occurring in June. 

The timing of first lake observation follows known temperature gradients and approximately 

represents the timing of ice-off for each lake. Note the clear influence of different satellite paths 

and individual image grid tiles on the observed patterns.    
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Figure S3.6. Time series comparison between CubeSat-derived lake area observations (km2, right 

axes) and in situ lake level data (m, left axes) for 15 lakes from field measurements taken in 

summer 2017. Blue lines are the lake level records, and red circles show the CubeSat-derived lake 

area observations. The first three rows are from the Yukon Flats Basin, and the bottom two rows 

from the Canadian Shield Transect. Pearson’s R correlations between the lake level and lake area 

time series are labeled on each panel. Lake area and lake level are correlated at p < 0.01 for all 

lakes except Twelve Mile Lake (p < 0.05) and CST #1 and CST #10 (not correlated). However, 

for all lakes, seasonal declines in both lake level and lake area are observed. The coordinates of 

the in situ pressure transducer lake level recorders are as follows: Crossover Lake (66.174, -

146.419), Thumb Lake (66.177, -146.149), Nine Mile Lake (66.183, -146.652), Canvasback Lake 

(66.383, -146.354), Buddy Lake (66.432, -145.452), Lake YF18 (66.785, -145.792), Scotor Lake 

(66.244, -146.400), Boot Lake (66.075, -146.279), Twelve Mile Lake (66.454, -146.562), CST #1 

(63.219, -114.157), CST #4 (63.605, -113.609), CST  #6 (63.870, -113.215), CST #9 (64.261, -

112.567), CST #10 (64.371, -112.407), and CST #11 (64.463, -112.249). Locations of these lakes 

are shown as stars in Figure 1 in the manuscript.  
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Figure S3.7. CubeSat-derived lake area (as a proportion of maximum observed lake area), vs. lake 

level (above observed minimum, m) from field measurements for 15 lakes taken in summer 2017. 

The panels here correspond to the same lakes shown in Figure S4. The first three rows are from 

the Yukon Flats Basin, and the bottom two rows from the Canadian Shield Transect. Where lake 

area and lake level are correlated at least p < 0.05, the regression line between lake level and lake 

area is plotted (gray dashed line), and the slope (s) of this line (percent change in lake area per 

change in lake level, %/m) is noted on each panel, along with the mean area of the lake, and the 

R2 and p value of the correlation.  
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Figure S3.8. Gridded maps of water fraction for the Yukon Flats Basin, the Mackenzie River 

Valley, the Canadian Shield Transect and the Hudson Bay Lowland. Water fraction refers to the 

percent of the grid cell which is covered by lake water at every lake’s maximum extent. Note the 

very high water fraction found in the Canadian Shield Transect and in the Mackenzie Delta and 

Tuktoyaktuk Peninsula in the Mackenzie River Valley. 
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Figure S3.9. Gridded maps of lake perimeter (km) for the Yukon Flats Basin, the Mackenzie River 

Valley, the Canadian Shield Transect and the Hudson Bay Lowland. Gridded perimeter is 

calculated as the sum of the perimeters of all lakes contained within each grid cell. Like the water 

fraction map (Figure S3.6), very high lake perimeters are found in the Canadian Shield Transect 

and the Mackenzie River Delta/Tuktoyaktuk Peninsula in the Mackenzie River Valley.   

  



141 

 

Figure S3.10. Gridded maps of precipitation minus evaporation (P – E) over summer 2017 as 

simulated by the Variable Infiltration Capacity (VIC) model (Vimal et al., 2018). Orange and red 

values show areas where evaporation is greater than precipitation (net loss) and blue values show 

areas where precipitation is greater than evaporation. 
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Figure S3.11. Illustration of our new metric RΔ (in m) which is calculated as the mean lateral 

distance between a lake’s maximum and minimum shoreline boundaries.  
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Figure S3.12. Seasonal dynamism caused by vegetation-impacted lakes as a percent of the total 

dynamism in each grid cell for the Yukon Flats Basin, the Mackenzie River Valley, the Canadian 

Shield Transect and the Hudson Bay Lowland. Orange and red grid cells contain vegetation-

impacted lakes and are colored by the percent of the total dynamism in that grid cell associated 

with vegetation-impacted lakes. Underneath the gridded vegetation lakes is the gridded map of 

seasonal water dynamism shown in Figure 1 in the manuscript.  
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Figure S3.13. Percent of variance explained by each of the multivariate regression models 

calculated in the driver analysis. The first group shows the percent of variance explained given all 

10 predictor variables, and the second group shows the percent of variance explained just using 

the lake allometric variables (water fraction, total perimeter, number of lakes and mean lake size). 

The third group shows the percent of variance explained for the environmental variables 

(permafrost presence, elevation, topographic roughness, mean annual air temperature, P – E and 

distance from river).  
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Figure S3.14. Gridded difference between our CubeSat-observed dynamism over summer 2017 

and the GSWO seasonality product calculated from 2014-2015 (Pekel et al., 2016) for the Yukon 

Flats Basin, the Mackenzie River Valley, the Canadian Shield Transect and the Hudson Bay 

Lowland. Blue tones mean GSWO observes more dynamism, red tones mean CubeSat observes 

more dynamism. Bar graphs show the total dynamism (in km2) observed by GSWO (blue) and our 

CubeSat method (red).  
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Supplementary Tables 

Table S3.1. RMSE (in m2) calculated from the bootstrapping machine learning error analysis.   

 

 

Mean Area 

(m2) 

Maximum 

Area (m2) 

Minimum 

Area (m2) 

Dynamism 

(m2) 

Yukon Flats Basin 3,854 5,425 22,978 23,135 

Mackenzie River Valley 3,591 10,016 7,082 12,672 

Canadian Shield Transect 3,904 15,409 11,552 19,185 

Hudson Bay Lowland 1,248 2,997 4,973 5,661 
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Table S3.2. Analysis of variance (ANOVA), regression coefficients and p-values from the 

multiple linear regression performed for each study area for all predictor variables. Bold numbers 

show where relationship is significant at p < 0.05. Variables which are significant at p < 0.05 

across all four study areas are also shown in bold.  

 

 

 

 

 

 

 

 

 

 

 Yukon Flats Basin Mackenzie River Valley 

 ANOVA Coefficient P-Value ANOVA Coefficient P-Value 

Model 74.14   64.66   

Water Fraction 36.30 0.5244 0.0000 1.26 0.1075 0.0002 

Perimeter 29.88 0.4069 0.0000 87.70 0.7016 0.0000 

Number of Lakes 0.04 -0.0114 0.6423 0.87 -0.0452 0.0020 

Mean Size 0.66 -0.0507 0.0680 0.29 0.0377 0.0746 

Elevation 2.47 -0.1008 0.0004 1.21 -0.0624 0.0003 

Topo Roughness 0.14 0.0208 0.3952 0.04 -0.0103 0.4828 

MAAT 1.48 -0.0591 0.0065 3.71 0.1297 0.0000 

Distance from River 0.29 -0.0238 0.2310 0.10 0.0139 0.3000 

P - E 0.17 0.0155 0.3550 0.38 -0.0383 0.0408 

Permafrost 2.71 -0.0745 0.0002 4.45 -0.1005 0.0000 

Residual 25.86   35.34   

 Canadian Shield Transect Hudson Bay Lowland 

 ANOVA Coefficient P-Value ANOVA Coefficient P-Value 

Model 57.83   55.31   

Water Fraction 23.26 0.5539 0.0000 8.17 0.4719 0.0000 

Perimeter 22.27 0.3886 0.0000 40.12 0.5339 0.0000 

Number of Lakes 0.90 0.0466 0.0437 0.32 -0.0286 0.0808 

Mean Size 6.56 -0.2034 0.0000 3.94 -0.2581 0.0000 

Elevation 3.49 -0.2345 0.0001 0.82 -0.1225 0.0053 

Topo Roughness 0.03 0.0073 0.7028 1.27 0.0508 0.0005 

MAAT 1.06 -0.1725 0.0284 0.09 0.0429 0.3649 

Distance from River 0.04 0.0082 0.6742 0.47 -0.0300 0.0346 

P - E 0.07 0.0110 0.5686 0.08 -0.0141 0.3810 

Permafrost 0.16 -0.0337 0.4011 0.01 -0.0131 0.7244 

Residual 42.17   44.68   
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Conclusion 

Summary and Future Work 

This dissertation demonstrates how the combination of high temporal resolution satellite imagery 

and creative methodological approaches can be used to document dynamic Arctic environmental 

change. The three chapters in this dissertation build upon other research I completed prior to 

starting my PhD, which include the use of MODIS imagery to map the timing of river ice breakup 

(Cooley & Pavelsky, 2016) and to identify observation bias in detection of supraglacial lake 

drainage events on the Greenland Ice Sheet (Cooley & Christoffersen, 2017). Overall, this body 

of research has leveraged near-daily satellite imagery to advance our understanding of key 

cryospheric and hydrologic processes and their response to climate change. 

 

Chapter 1 presents one of the first uses of optical satellite imagery to map shorefast sea ice and in 

doing so enables accurate detection of breakup timing over larger areas and longer timescales than 

previously possible. To build upon this work, future research should include mapping of shorefast 

ice edge position along with breakup timing, as ice edge position is also important for marine 

mammal habitat, access to traditional hunting grounds and preventing coastal erosion (Mahoney, 

2018). Other remaining questions include whether the strong atmospheric control on breakup 

timing and northward trend in sensitivity observed for Canadian and Greenlandic communities is 

representative of the entire pan-Arctic region, and the degree to which ocean temperatures, winds 

and waves also influence ice formation and breakup. Such improved understanding of these 

processes could ultimately enable better operational and long-term forecasting of shorefast ice 

conditions vital for community members (Eicken et al., 2009).  
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Chapters 2 and 3 represent some of the very first hydrologic applications of CubeSat imagery and 

present key methodological approaches required for accurate use of this new data source. In my 

view, the principal challenge of working with CubeSat imagery is the sheer data volumes required. 

Future work should thus involve integration of CubeSat imagery into cloud platforms to enable 

mapping of surface water dynamics at pan-Arctic or continental scales. Such work could yield 

valuable insight into lake size distribution and intra- and inter-annual variability, which are both 

critical for upscaling methane and carbon dioxide emissions (Bastviken et al., 2004, 2011; 

Holgerson & Raymond, 2016). This analysis could also enable better understanding of rapid 

thermokarst lake drainage events, which are important mechanisms of landscape change in 

permafrost regions (Kokelj & Jorgenson, 2013) and can lead to organic carbon sequestration 

(Jones et al., 2012).   

 

Reflections 

CubeSat Imagery 

My PhD research, and more broadly my growth as a scientist, has benefitted from the massive 

growth in CubeSat imagery over the past 5 years and my involvement with the leading operator of 

CubeSats, Planet Labs. When I started my PhD in the fall of 2016, very little research had involved 

commercially-acquired CubeSat imagery. While Planet Labs began launching satellites in 2013, 

the imagery available in 2016 was sparse outside of the continental United States and often poor 

in quality. Most scientific uses of the imagery were for visualization or scene-by-scene analysis 

(e.g. Kääb et al., 2018), and even the most advanced CubeSat research at the time primarily relied 

on RapidEye imagery (Jain et al., 2017) or focused on fusion with Landsat imagery (Houborg & 

McCabe, 2016). After connecting with Planet Labs, my initial plans were to use CubeSat imagery 
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to continue studying Greenland Ice Sheet surface hydrology, but I quickly realized that the imagery 

had much greater potential for investigating terrestrial hydrology. I therefore shifted the trajectory 

of my PhD and began work on evaluating the capabilities of CubeSat imagery for observing 

surface hydrology over a small area in central Alaska. This research, now Chapter 2 in this 

dissertation, ended up being one of the very first scientific evaluations of Planet CubeSat imagery. 

However, during this work, I realized that the key question is not whether CubeSat imagery can 

be used to study surface hydrology but instead whether it can be reliably and efficiently applied 

over large areas. I thus sought to assess CubeSat’s broad-scale applicability by improving the 

method and applying it over diverse climatic and physiographic terrains in Northern Canada and 

Alaska. 

 

While working on this upscaling, I learned an important lesson about the challenge of balancing 

data-driven versus hypothesis-driven science. With an exciting new dataset such as CubeSat 

imagery, it is easy to focus on all of the amazing things we can do with the data instead of what 

specific scientific questions this dataset can answer. As I worked on Chapter 3, I became so 

invested in the creation and upscaling of the method that I lost sight of the scientific motivations 

of the work. When I finally finished producing lake area time series over all of my study areas, I 

found myself feeling directionless as to how to extract meaningful results from the analysis. After 

revisiting the literature on lake dynamics, I eventually decided to focus on the implications of 

many small fluctuations along lake margins for estimates of freshwater greenhouse gas emissions 

and ended up with a concise, scientifically-sound paper narrative. This experience emphasized to 

me the value of hypothesis-driven research, and since then I have endeavored to conduct research 

clearly motivated by specific scientific questions or hypotheses. For example, in Chapter 1 (which 
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chronologically was completed after Chapters 2 and 3), I sought to determine (1) how shorefast 

ice breakup timing had changed over the past 19 years and (2) whether springtime air temperature 

controls breakup timing. This intent led to a much cleaner narrative and an easier manuscript to 

write. That said, I still believe that there is a place for data-driven research within earth science, 

particularly with exciting new datasets such as CubeSats, and I do not think the approach taken in 

chapters 2 and 3 is inherently flawed. Moving forward, I hope to approach new datasets with a key 

question or hypothesis while continuing data exploration and remaining open to the novel findings 

that often come with it.  

 

Overall, when I started working with CubeSat imagery, there was a lot of uncertainty regarding 

the sustainability of Planet’s business model and I frequently received questions as to whether the 

imagery actually had scientific value. While I never regretted my decision to work with CubeSat 

imagery, during the first few years I certainly thought there was a fair amount of risk in this choice 

as more senior scientists would often doubt the importance or broad applicability of my work. It 

has thus been so exciting to watch the field of CubeSat research grow over the past 4 years, from 

only a handful of people meeting at AGU to now a full booth for Planet Labs and nearly 100 

abstracts mentioning use of CubeSat imagery. I now feel tremendously fortunate to have been a 

part of this growth and am very grateful to have found this niche to establish myself as a scientist.   

 

Engaging with Arctic Communities 

While remote sensing is clearly a key tool for documenting Arctic environmental change, perhaps 

the most impactful lesson I have learned during my PhD is the value of engaging with local Arctic 

residents. Traditionally, most Arctic research has largely ignored local communities, focusing 
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instead on globally relevant questions such as ice sheet mass balance, sea ice decline and 

permafrost-carbon feedbacks. When combined with the colonialist history underlying much of the 

Arctic and the substantial social, cultural and economic challenges facing Indigenous 

communities, it is no wonder that many communities have often felt resentful towards the scientists 

who pass through their communities briefly each summer. Recently, however, there has been a 

growing emphasis within the scientific community on the value of traditional Indigenous 

knowledge and the importance of collaborating with these communities to conduct research that 

addresses their needs.  

 

Over my PhD, I have consistently sought out opportunities to learn about how best to engage with 

Arctic communities. During my first year of my PhD, I presented at a NASA Climate Science 

Communication Workshop in Yellowknife, Northwest Territories, Canada, which was my first 

introduction to interacting with local Indigenous stakeholders. I then participated in the inaugural 

International Arctic Field School which took place over 10 days in Iqaluit, Nunavut, Canada and 

included both PhD students from around the world and local Inuit students. Speaking to Indigenous 

students and learning about their perspectives on climate change and interactions with scientists 

inspired me to think about how my research could better inform their needs. This experience 

ultimately informed my decision to research shorefast ice breakup in Canadian and Greenlandic 

communities. As a result, I then the opportunity to put what I learned into action during shorefast 

ice fieldwork in Uummannaq, Greenland. During our two weeks in Uummannaq in spring 2019, 

our primary goal was simply to learn from community members and build connections, and hence 

we spent most of our time in community hotspots such as the harbor, children’s home and sole 

cafe. It was a sharp departure from the clear, measurable objectives of my previous field 
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experiences, yet our field campaign was ultimately successful in that we had the opportunity to 

speak to several community members and gained substantial insight into community perspectives 

on shorefast ice.  

 

From all of these experiences, I have learned that engaging positively and productively with Arctic 

communities is challenging but possible. Ideally, to be successful in co-producing knowledge with 

Inuit communities, one would need to spend years visiting a community, slowly building 

connections and gaining understanding of how the community functions before identifying 

research questions. However, this system of knowledge production is inefficient and impractical 

in most scenarios, and therefore the challenge facing scientists seeking to do ethical Arctic research 

is how to best balance the needs and perspectives of local stakeholders within the constraints of 

funding agency/university directives and timelines. I still have a long way to go towards this goal 

but I have learned that patience, respect and clear communication and intent are critical. As I 

continue my career as an Arctic researcher, I hope to be able to continue to visit Arctic 

communities, to communicate the results of my research with local stakeholders, to allow their 

perspectives to inform my work and to eventually be able to co-produce knowledge. Overall, I am 

very grateful for all of the experiences I had throughout my PhD that have pushed me towards 

conducting more responsible and locally-oriented Arctic research. 
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