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Abstract 

Water temperature in rivers and floodplains impacts numerous processes including 

fisheries, ecosystem health, and geochemical cycling and is of particular concern in Arctic 

environments with rapidly changing temperatures and thawing permafrost. Remote sensing 

provides contiguous spatial coverage globally but is an underutilized resource for Arctic 

rivers and wetlands, which often lack in situ data like temperature gauges. We used the 

remotely sensed 100 m/pixel Land Surface Temperature dataset from Landsat to 

investigate water temperature maps of riverine corridors in Alaska. We examined three 

diverse locations in the Yukon River watershed: a typical anastomosing stretch of the 

Yukon River, the confluence of the Yukon and Tanana rivers, and the meandering 

Koyukuk River. We created spatially contiguous, accurate (median error of 0.46°C) water 

temperature maps for these bodies of water > 210 m in width. We demonstrated how water 

temperature acts as an indicator for floodplain hydrodynamics. We find that, due to 

turbulent mixing, river temperature from space accurately captures values at depth. River 

water temperature can trace the mixing of tributaries tens of km from the confluence and 

shows connectivity, mixing, and stratification of oxbow lakes. Additionally, the surface 

temperatures of adjacent thermokarst lakes can differ from each other by 5°C likely 

indicating disruption from lake thermal stratification by intermittent mixing events. We 

discuss future applications of remote sensed river water temperature for understanding 

thermal refuges and stresses on salmon populations, predicting thaw-limited river erosion 

rates, and guiding in situ sensor placement for hydrologic and geochemical studies of 

changing permafrost environments. 

 

Plain Language Summary 

Water temperature plays a critical role in riverine wetlands environments, particularly in 

the Arctic, where permafrost thaw, chemical cycling, and fishery populations are of 

concern. River water temperature is typically measured by gauges placed in the water at 

key locations, but gauges are scarce in the remote Arctic and do not fully capture the 

complex distribution of temperature in wetlands environments. We therefore explore using 

remotely sensed temperature data measured by the Landsat satellites, for which there is 



complete global coverage, to create surface water temperature maps for three locations in 

the Yukon River watershed, the largest river in Alaska. Examining their temperatures in 

late May just after the ice melts, in August, and in October before the ice freezes, we found 

that for water bodies with widths >210 m, the Landsat data is typically accurate to <1°C. 

We highlight several capabilities of these maps, including illustrating wetland 

hydrodynamic processes and varying controls on river temperature across seasons. We 

demonstrate that these remotely sensed data can be utilized to fill a critical gap in our study 

of Arctic riverine environments and are integral to understanding important processes in 

the Arctic, including ecosystem health, greenhouse gas emission, and river erosion. 

 

1 Introduction 

 

The Arctic and subarctic regions are at the forefront of the Earth’s changing 

climate, with rapid changes happening in river corridors. Arctic amplification is causing 

this region to experience the highest levels of air temperature warming in the world from 

anthropogenic effects, up to 4 times that of mean global trends (Burn and Kokelj, 2009; 

Romanovsky et al., 2010; Post et al., 2019). These changes in air temperatures result in 

warming inland waters with direct impact on hydrologically interconnected river–wetland 

systems that include abundant tie channels, sloughs, thermokarst lakes and oxbow lakes 

with highly variable river connectivity (Smith et al., 2005; Grosse et al., 2013). Numerous 

small lakes, many adjacent to rivers and in the path of their erosion, create a wetland 

environment that is rapidly changing, highly water temperature-sensitive, and challenging 

to monitor. Basic questions are difficult to answer: for example, are there significant 

variations in water temperature between large river channels and their neighboring sloughs, 

thermokarst lakes and oxbow lakes? 

 Warming river floodplain systems influences many processes on the frontlines of 

Arctic change such as permafrost thaw, river erosion, fisheries, and biogeochemical fluxes. 

For example, river erosion for some permafrost-bearing banks is accelerating (Geyman et 

al., 2024), endangering infrastructure and nearby communities, and is controlled primarily 

by increasing river water temperature (Costard et al., 2003; Douglas et al., 2023). These 

increased bank erosion rates have a cascading effect on the environment by releasing long-



frozen bank material that can contain carbon (Douglas et al., 2022; Lininger and Wohl, 

2019) and toxic heavy metals (Miner et al., 2021; Smith et al., 2024). 

In addition, river temperature has a major impact on fish. In Alaska, salmon migrate 

annually from the Pacific Ocean up rivers in the Arctic and subarctic to their breeding 

grounds, and they are exceptionally temperature sensitive. Salmon have been found to have 

a preferred water temperature of around 15°C (Eliason et al., 2011). At temperatures above 

20–28°C, they do not have enough energy to continue swimming and do not survive the 

migration (Frechette et al., 2018). Salmon that are under thermal stress may be able to 

survive by visiting thermal refuges, local regions of anomalously lower water temperature. 

These thermal refuges include intersections with colder tributaries and confluence plumes, 

groundwater seeps, pools that are sufficiently stagnant to achieve some thermal 

stratification, and hyporheic exchange (Bilby, 1984; Ebersole et al., 2003; Torgersen et al., 

2012). Despite this, some salmon populations have declined dramatically over the past 

several decades, causing economic hardships for both the commercial industry and 

Indigenous subsistence fishers (e.g. Biela et al., 2022). 

Water temperature in the Arctic is also a critical component of concerns about 

geochemical fluxes such as feedback loops with greenhouse gas release from rivers and 

lakes. Inland waters are significant net sources of CO2 to the atmosphere from biotic 

respiration and photosynthesis (Cole et al., 1994, Sobek et al., 2005, Kosten et al., 2010), 

and Arctic lakes are particularly high emitters of CO2 and CH4 due to permafrost thaw 

(Serikova et al., 2019; Zandt et al., 2020; Zabelina et al., 2021). The controls on the quantity 

of CO2 from rivers and lakes are not fully understood, but temperature plays a significant 

modulating role with higher temperatures leading to greater CO2 release (Åberg et al., 

2007; Kosten et al., 2010; Striegl et al., 2012; Ford et al., 2024). It is therefore necessary 

to understand the water temperature across Arctic landscapes to better model and predict 

the release of further greenhouse gases from this environment. 

Monitoring water temperature changes in permafrost rivers and their surrounding 

wetlands has been challenging owing to the immense size and remoteness of the Arctic and 

subarctic. The primary method of measuring river temperature is with in situ temperature 

probes placed at river monitoring stations (e.g. Kaushal et al., 2010; Isaak et al., 2012; 

Wrzesiński and Graf, 2022). While these gauges have been an essential tool in tracking 



river temperature, they are limited in coverage, as they only measure local water 

temperature and are typically sparsely placed. Moreover, these gauges tend to be placed 

along large primary channels and do not capture the diverse web of riverine wetland 

environments (Krabbenhoft et al., 2022). There are major efforts underway to fill this data 

gap, including the University of Alaska AKTEMP Water Temperature Database – a 

database of river temperature records from short-term in situ gauges from across the state. 

While this dataset expands the quantity and hydrologic diversity of in situ gauges, it is still 

limited in its coverage. 

Thermal remote sensing offers a means to partially fill this data gap. While airborne 

and drone-based studies can provide high spatial resolution (e.g., <15 cm/pixel), such 

studies are necessarily limited to small study areas and are difficult to implement in remote 

areas of the Arctic (e.g., Wawrzyniak et al., 2013; Frechette et al., 2018). In contrast, for 

the past 40 years, satellites have been providing contiguous spatial coverage of global 

surface thermal emission, which can be converted to surface water temperature in the 

Arctic and subarctic. In particular, the Land Surface Temperature (LST) dataset is 

produced from Landsat 4–9 thermal emission data ranging from 120–60 m/pixel in 

resolution and dating back to 1982 (Cook et al., 2014; EROS, 2020). While satellite-based 

remote sensing has commonly been used to measure sea surface temperature (e.g. 

Prabhakara et al., 1974; Minnett et al., 2019) and large lakes (e.g. Layden et al. 2015; 

Piccolroaz et al., 2024), it has been used less for rivers.  

Important previous work has focused on tropical and temperate settings including 

using LST or bespoke Landsat-derived surface temperatures to quantify the effects of 

tributaries on water temperature of the Rhône River (Wawrzyniak et al., 2012) and a stretch 

of the Ganges River (Das et al., 2022). Additionally, Wang et al. (2025) use the Landsat-

derived surface temperature to examine the spatial and temporal variation of water 

temperature on the Yarlung Tsangpo River. LST also has been used to quantify local 

anthropogenic effects on river temperature including from the dams on the Yangtze River 

(Ling et al. 2017; Shi et al., 2021) and thermal pollution from hydroelectric plants in Brazil 

(Alcântara et al., 2010) and France (Wawrzyniak et al., 2012). LST has recently been 

applied to quantify the decadal-scale warming trends in stretches of the Ganges (Kachari 

et al., 2024) and Amazon (Santos Fleischmann et al., 2025) rivers. One of the few studies 



in permafrost terrains to use LST was a validation of the method against an in situ USGS 

gauge at Pilot Station by Baughman and Conaway (2021), who found mean error of 0.47°C, 

demonstrating that seasonal trends should be readily measurable.  

Here we present an exploratory study to use the LST data to examine spatial and 

temporal patterns of river and wetland surface water temperature and connectivity at 

three example study sites along the Yukon River in Alaska. Taking this approach to the 

Arctic and subarctic poses additional considerations due to extreme seasonality, the 

complexity of river-wetland systems, and their hydrological connectivity (e.g., 

Farquharson et al., 2016). Previous studies of remote sensing water temperature have not 

examined the relationship between river temperature and that of floodplain wetlands, but 

this holistic view is important in a thermokarst landscape. We have some, but limited, in 

situ data at these study locations. Here, we do not provide a complete hydrological study 

of rivers and wetlands, nor do we attempt to test hydrological or thermal models. Instead, 

as one of the first applications of LST to permafrost river corridors, we demonstrate how 

remote sensing can be used to generate accurate and spatially continuous seasonal water 

temperature maps for Arctic wetlands environments, revealing a rich pattern of 

hydrological connectivity across these dynamic environments.  

 

2 Study Location and Methods 

 

2.1 Study locations 

 

We use the LST dataset to examine how water temperature varies spatially and 

seasonally in permafrost river corridors. We selected three example locations to span 

diverse hydrologic contexts along the Yukon River watershed in discontinuous 

permafrost where change is currently rapid. We examined the meandering Koyukuk 

River, a major tributary of the Yukon River, near the village of Huslia; the confluence of 

the Yukon River and the Tanana River near Tanana town; and the anastomosing Yukon 

River near Beaver, AK (Table 1; Figure 1).  

 
Name Center coordinates Description 



Huslia 65.76°N, -156.36°E 
Single-threaded meandering stretch of the 
Koyukuk River, a major tributary of the 
Yukon River 

Tanana 
town 65.18°N, -152.63°E Intersection of the multi-threaded Yukon 

River and the Tanana River 

Beaver 66.345°N, -147.40°E 
Multi-threaded anastomosing stretch of 
the Yukon River midway along its length, 
representative of much of the river 

Table 1: Descriptions of study locations. 

 

 
 

Figure 1: a) Study locations in the Yukon River watershed shown on an outline of the 
state of Alaska. b–d) Landsat enhanced color visible RGB images of each study location. 
For each site, some types of fluvial geometry are listed (e.g., meandering, anastomosing), 
key hydrologic features are identified, and the flow direction of the river is indicated. 
North is up for all panels. The two black dots indicate the locations of in situ water 
temperature loggers. 
 

2.2 Landsat derived temperature data 

 

The remote sensing data in this project comes from Landsat 8 Operational Land 

Imager (OLI) level 2 data products. We used visible–near-infrared (VNIR) reflectance 

products that were generated with the Land Surface Reflectance Code (LaSRC) algorithm 

(Vermote et al., 2018) and the Land Surface Temperature data products generated from 

infrared thermal emission measurements (Cook et al., 2014). Surface temperature data 



were derived from the thermal emission band. For Landsat 4, 5, and 7, this is one band 

from 10.40 - 12.50 µm. For Landsat 8 and 9, there are two thermal emission bands at 

10.60 - 11.19 µm and 11.50 - 12.51 µm. The amount of energy emitted from a surface at 

a given wavelength is dependent on its temperature and its emissivity, which is the ratio 

of energy that is absorbed and re-emitted to the energy that is instead reflected at that 

wavelength. The emissivity therefore describes the deviation of the material from a 

perfect blackbody, where all light is emitted, and so the emissivity is equal to 1. This 

relationship is described by the Stefan-Boltzmann equation: 
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where h is Planck’s constant, c is the speed of light, λ is the wavelength considered, kB is 

the Boltzmann constant, B is the radiance at the given wavelength (this is the thermal 

emission measured by Landsat), and ε is the emissivity.  

 The derivation of temperature from radiance to create the LST dataset is based on 

this physics with further correction and processing. The effects of atmospheric radiance 

and scattering are removed as described by Barsi et al. (2014) and Cook et al. (2014). 

Because Landsat measures only the thermal emission, the surface emissivity must also be 

known for temperature to be derived (equation 1). Mean monthly emissivity for each 

pixel was calculated from the Advanced Spaceborne Thermal Emission and Reflectance 

radiometer (ASTER) multi-band thermal emission data combined with normalized 

difference vegetation index (NDVI) measurements from the contemporaneous visible–

near-infrared Landsat spectral bands as described by Hulley et al. (2012). We find that 

water is consistently assigned an emissivity of 0.9904. This method of temperature 

retrieval measures the temperature of approximately the top 10 cm of the water 

(Handcock et al., 2012). 



 

2.3 Creation of water-only masks for temperature-mapping 

 

For each location of interest, we identified several cloud-free scenes from Landsat 

8 across the unfrozen season. We chose an image in May soon after ice breakup, one in 

August, and one in October before river freezing. We selected only Landsat 8 images to 

remove any complications that could be introduced by comparing data across Landsat 

instruments that vary in resolution. The thermal data used for the location of interest 

maps have a resolution of 100 m/pixel. Landsat 8 began data collection in 2013, and it 

has an imaging repeat rate of around 2 weeks. This means that any given location has 

been imaged approximately 350 times by this instrument. To compare images equally 

and remove the possibility of clouds and cloud shadow affecting or obscuring 

temperature patterns, we hand-selected only images that completely lacked cloud cover in 

the area of interest. Because Alaska is a cloudy region, this reduced the number of usable 

images available for a given season in each location to typically <5. We therefore were 

limited in clean data availability and so selected a single image for each season that 

demonstrates the pattern of water temperature across the environment at that time. 

For each image, we created a water mask using the method described by Zou et 

al. (2018) using OLI’s visible–near-infrared reflectance bands and the quality assessment 

band. To be considered water, a pixel must meet the following criteria: 

 

1. Free of cloud cover as defined by Landsat’s quality assessment 

2. Modified Normalized Difference Water Index (mNDWI) > Enhanced Vegetation 

Index (EVI) or Normalized Difference Vegetation Index (NDVI) 

3. EVI < 0.1 

 

The definitions of NDVI, mNDWI and EVI are: 

 

NDVI = 	-'()*+,'-*)*(..-*(.
-'()*+,'-*)*(.)-*(.

         

            

            



            

  (2a) 

 

mNDWI = 	-/*(('.-0#1*23)4(	,'-*)*(.
-/*((')-0#1*23)4(	,'-*)*(.

        

             

   (2b) 

 

EVI	(for	Landsat	8) = 	 /.1(-'()*+,'-*)*(..-*(.)
-'()*+,'-*)*(.)4(-0#1*23)4(	,'-*)*(.).5.1(-678())*

   

           (2c) 

 

where Rx is the reflectance in the x band (e.g., Rgreen is the reflectance in the green band). 

We also masked out some remaining snow by hand. 

We use this water mask to isolate the temperature data to only the water 

temperature in the scene. We examined each generated temperature map to exclude those 

with obvious artifacts such as stripes across the image. Once we identified artifact-free 

images for each site of interest, we examined these maps by hand to identify qualitative 

patterns in water temperature across these diverse riverine environments. 

An important limitation on the utility of this dataset for generating spatially 

resolved temperature maps is the disparity between the available resolution of the LST 

images and the inherent resolution of the Landsat thermal bands. While Landsat 8 

thermal band has a resolution of 100 m, all processed LST data has been resampled to 30 

m/pixel using a nearest-neighbor interpolation to match the resolution of the Landsat 

VNIR bands (USGS, 2025). Therefore, while the water masking is accurate to 30 

m/pixel, the temperature values that match each masked water pixel do not necessarily 

correspond to entirely water because the calculation of its temperature value could have 

included interpolation from surrounding land temperature.  

This trend is evident from the raw masked temperature images where there 

appears to be a clear cross-sectional variation in river temperature (Figure 2). This is not 

reflective of the reality of the water temperature, as these rivers are fully turbulent, and 

therefore temperature is well-mixed across their profile (e.g. Villamizar et al., 2014). 



Land and water temperatures can vary substantially due to thermal stratification of the 

water, how water is sourced from far-reaching environments, and their differing material 

properties such as specific heat. Because water has a higher thermal inertia than land (i.e., 

vegetation, rock, and soil), the water in Alaska is colder than the surrounding land in the 

spring. In the fall, this trend reverses, as water cools more slowly and therefore remains 

warmer than the land.  

To correct for this, we processed the masked LST images to remove 3 pixels from 

all water edges, as these pixels could have substantial mixing with the land temperature 

signal. These processed images do not demonstrate this same cross-sectional trend 

(Figure 2). The necessity for this step limits the size of water features that can be 

examined with this method. These results suggest that water features must be at least 7 

Landsat VNIR pixels (that is, 210 m) across to achieve an accurate temperature signal. 

Therefore, the method described here of generating spatially resolved water temperature 

maps can only be applied to especially wide rivers as well as larger ponds.  

 

 
 
Figure 2: a) Temperature map of a short stretch of the Koyukuk River showing both the 
ground and water temperature. b) The temperature profile of the segment identified as 
water in the cross-section. The gray shaded regions indicate the temperature values of the 
pixels removed from the water temperature maps due to mixing with the land temperature 
signal. 

 

For all following temperature maps, we show both the masked water temperature 

and the full water extent. The pixels within the filtered water mask, those for which we 



are confident the LST dataset is providing the temperature of water with no land signal, 

are assigned a temperature value and a color based on that map’s color scale. These data 

are plotted on top of a binary map of our full 30 m/pixel water mask generated from 

Landsat TM bands as described above. This binary map is plotted in black and white, and 

it demonstrates the full extent of the water in the image detectable by Landsat to provide 

context to the distribution of water in the scene. 

Additionally, the temperatures maps for each region are plotted with two 

colorbars. For the first, all images are plotted with the colorbar scaled to 0–17°C. This 

demonstrates at a glance the absolute change in temperature of a location across seasons. 

For the second, each temperature map is plotted with a divergent colorbar where the 

middle (white) is centered on the mean water temperature in the visible extent, and the 

scale limits are ±5°C from that mean. The values plotted in both versions of each map are 

temperature, but the divergent scale better illustrates the relative temperature variation 

within a scene. 

 

2.4 Comparison to other data 

 

To ground truth the data, Baughman and Conaway (2021) performed a 

comparison between the LST temperature and in situ temperature measured at the USGS 

Pilot Station monitoring station on the Yukon River, and they found that the LST dataset 

is accurate with a mean difference of -0.47°C (LST temperature – in situ temperature). 

We corroborated these measurements by comparing the LST temperature values to water 

temperature measured in situ by the USGS Pilot Station gauge on the Yukon River. We 

defined a region of interest of approximately 3 km2 of the Yukon River (Figure 3a) 

around the location of the gauge and calculated the mean surface water temperature for 

all available cloud-free Landsat 7, 8, and 9 images (though we only use Landsat 8 for our 

analysis, we use all available Landsat images for the validation). Landsat 7 launched in 

1999, followed by Landsat 8 in 2013 and Landsat 9 in 2021. The thermal infrared bands 

have spatial resolutions of 60 m for Landsat 7 and 100 m for Landsat 8 and 9. 

These images were all taken at around 2 PM local time, so we compared these 

remotely sensed temperature values to the contemporaneous 2 PM Pilot Station 



measurements (Figure 3b). We extracted all images of this region of interest with cloud 

cover <50% across the whole image as measured by the Landsat quality assurance 

parameter. This resulted in a dataset of 241 images. Many of these images still had cloud 

cover across the location of Pilot Station, and we removed all these images from the 

ground truth comparison. This created a cloud-free dataset of 57 images.  

To better understand the vertical temperature structure of rivers and oxbow lakes, 

we also compared the surface water temperature measured by LST to in situ temperature 

measurements taken at several representative locations. We installed HOBO water level 

U20L-02 loggers at depth in the main channel of the Koyukuk River and in an oxbow 

lake near Huslia. These locations are shown in Figure 1. The reported temperature 

uncertainty for these loggers is ±0.44°C, and they recorded water temperature every 15 

minutes throughout the 2023 unfrozen season from May 23 to October 4. We compared 

the remotely sensed surface temperature to the temperature at depth in the river channel 

and oxbow lake. 

To inform our interpretations of the controls of river temperature in these 

environments, we also compared the remotely sensed water temperature to local air 

temperature measurements and the available river discharge measurements. Near surface 

air temperature was extracted from thermometers located at airports adjacent to each 

study location. For Huslia, data were taken from Huslia Airport (station 70365526552), 

for Beaver, Fort Yukon Airport (station 70194026413), and for the confluence, Ralph M 

Calhoun Memorial Airport (station 70178026529). River discharge measurements are 

confined to only a few locations where there are in situ discharge gauges, so we used data 

from the USGS Pilot Station on the Yukon River (Gauge #15565447) as a reference 

value. Because of the distance between Pilot Station and the study locations, these data 

do not reflect the absolute discharge at the locations of interest but are instead 

representative of the relative changes in discharge over the course of the season. 

 

3 Results 

 

3.1 Ground truthing and error assessment 



 

We performed ground truthing of the LST dataset by comparing its temperature 

values to in situ temperature measurements from the USGS Pilot Station gauge (Figure 

3). We define the offset of the LST as the difference between the LST temperature and 

the contemporaneous Pilot Station in situ temperature. We find LST is very accurate 

compared to in situ measurements (Figure 3b). Both the mean and median offset of the 

LST dataset are 0.45°C with a standard deviation of 1.89°C. There are two substantial 

outliers in this data set with offsets of 6.2°C and 8.7°C. One outlier is caused by optically 

thin clouds that we were unable to effectively mask out, and the cause of the other is 

unclear. Excluding these outlier points, the mean offset becomes 0.73°C with a median of 

0.46°C and a standard deviation of 1.17°C. We will use these values for this study. The 

absolute values of these offsets are very similar to those calculated by Baughman and 

Conaway (2021), who found a mean difference of 0.47°C. However, they found a 

negative bias in the LST data (i.e., LST values tend to be colder than the in situ values), 

whereas we find a positive bias. This is likely due to a combination of small differences 

in method of temperature comparison such as the boundaries of the region of interest and 

our incorporation of several more years of data, including Landsat 9. We note that these 

offsets are substantially smaller than typical values given by the accompanying LST 

uncertainty estimate (ST_QA band), which is calculated from atmospheric correction 

uncertainties and distance of a pixel to the nearest cloud. 

The source of the small offset residual is unclear, but Hulley et al., (2012) have 

found that the largest source of error in the calculation of LST is air humidity, which 

affects the atmospheric correction. This variable is approximately constant across the 

short stretches of river considered here, so the accuracy of the relative temperature within 

an image is higher than the accuracy of the absolute temperature.  

We do not expect water turbidity to be a source of systematic error in the LST 

measurements (Wen-Yao et al., 1987; Wei et al., 2017). While turbidity can affect 

water’s emissivity and therefore the calculation of temperature from thermal emission 

measurements, Wen-Yao et al. (1987) found that significant deviations in water 

emissivity only begin to occur at sediment concentrations of 104–105 mg/L, and the 

largest turbidity found in Alaskan rivers is around 1000 mg/L (Chikita et al., 2002) and is 



usually much less than that (Brabets and Ourso, 2013). Similarly, Wei et al. (2017) model 

the effects of turbidity on emissivity for application to remote sensing of sea surface 

temperature, and they found that turbidity has a negligible effect (0.2°C) for sediment 

concentrations smaller than 1000 mg/L. We corroborated this finding by comparing the 

temperature difference between in situ and remotely sensed temperature to the near-

infrared albedo (0.85 - 0.88 µm), which acts as a proxy for turbidity (e.g. Wu et al., 2014; 

Hossain et al., 2021). We show the results of that comparison in Figure 3c, excluding the 

two large negative outliers in Figure 3b. We find no correlation between these variables, 

including the absence of the U-shape that would be expected if higher turbidity led to an 

increase in the absolute value of the error.  

Finally, ground truthing remotely sensed temperature data for lakes and oceans 

must contend with the skin-to-bulk temperature effect, in addition to the larger scale 

thermal stratification that is often present in poorly mixed water. That is, Landsat and 

other remote sensing temperature detectors measure the temperature of the top ~10 cm of 

the water, which is influenced by evaporative cooling compared to the bulk temperature 

beneath the surface (Schluessel et al., 1990; Minnett et al., 2011; Wilson et al., 2013; 

Javaheri et al., 2016). Because of this evaporative cooling effect, the skin temperature is 

typically lower than the bulk temperature by <0.5°C (Schluessel et al., 1990). This effect 

is likely present in our data for Arctic thaw and oxbow lakes. However, disturbances to 

the surface such as waves are known to decrease the skin temperature effect (Donlon et 

al., 2002), so while there is an absence of studies on these skin temperature effect for 

rivers, because rivers are fully turbulent, it likely has a negligible effect on inferring bulk 

river temperature from the surface (Torgersen et al., 2001).  

In summary, we are confident in the ability to use this dataset to identify spatially 

coherent patterns in the bulk river temperature without correction. The small temperature 

misfits between our data and in situ gauges are substantially smaller than the spatial and 

temporal patterns in temperature we analyze. Data shown for lakes, on the other hand, 

may reflect only surface temperatures modified by skin temperature effects. 

 

 



 
 

Figure 3: a) The location of the USGS temperature gauge at Pilot Station, station number 
15565447, on the Yukon River. The basemap is an RGB image from Landsat 9, and the 
borders of the image show the region of interest around the gauge delineated for this 
ground truthing. b) Comparison of temperatures measured in situ by the gauge at Pilot 
Station to temperatures extracted from the LST calculated from Landsat thermal emission 
measurements. Each point represents the mean water temperature from one LST image 
surrounding the gauge location and the contemporaneous gauge temperature and is 
colored by the difference in value of LST temperature versus in situ temperature. The 1:1 
line is plotted for reference. c) The temperature difference between the LST temperature 
and the in situ temperature vs. the near-infrared reflectance, a proxy for turbidity. Here 
we have excluded the two large negative outliers <-5°C shown in Figure 3b. No 
correlation is seen between the LST error and turbidity. 
 

3.2 The Koyukuk River  



 

Using the LST dataset and our water-masking and processing workflow, we 

generated temperature maps of the meandering stretch of the Koyukuk River near Huslia. 

We examined spatial patterns in these temperature maps as well as placing these patterns 

in context of in situ data. The Koyukuk is a major tributary of the Yukon River and 

allows us to examine patterns in the surface temperature of a meandering, migrating river 

with several oxbow lakes, including those that are both fully and partially connected to 

the river, and numerous thermokarst lakes. Figures 4a and b show the Huslia air 

temperature and Yukon River discharge at the three times we examined compared to 

typical seasonal values. The air temperature values of the selected dates fluctuate within 

typical values (Figure 4a). The discharge on the Yukon River at these times are higher 

than the mean, including outside of one standard deviation for the summer date of 

8/30/2016 (Figure 4b). 

The water temperature maps demonstrate the surface water temperature varying 

seasonally and spatially across this meandering riverine corridor. Over the course of an 

unfrozen season (though as represented by three different years), the Koyukuk’s 

temperature changes from 0–15°C (Figure 4c–e). In the spring, the river is approximately 

3°C colder than the air temperature; in the summer, they are almost identical (14°C); and 

in the fall, the river is 4°C warmer than the air (Figure 4a, c–e). This stretch of the 

Koyukuk River is surrounded by dozens of small thermokarst lakes that range in size 

from >900 m2—the minimum resolvable by Landsat imagery—to approximately 8.5 km2 

(Figure 4c–h). As our data demonstrate, over the course of a season the relative 

temperatures between the Koyukuk River and these thermokarst lakes change. In the 

spring and summer, the river is colder than the surfaces of most of the lakes; the 

difference in temperature is around 5°C in the spring and 2°C in the summer (Figure 4f, 

g). In the fall, that trend reverses, with the Koyukuk River being 3°C warmer than the 

surrounding thermokarst lakes (Figure 4h). Figures 4c–h demonstrate that the main 

channel of the Koyukuk is thermally homogenous at the resolution of the available data. 

This reflects the thorough mixing of the river as expected for a turbulent water body. 

 



 
 

Figure 4: In situ and Landsat data for Huslia on the Koyukuk River. a) In situ mean daily 
air temperature from 1994–2024 measured by the near-surface temperature sensor at 
Huslia Airport. b) Mean daily river discharge from 1991–2024 measured by USGS’s 
Pilot Station of the Yukon River. c–e) Processed Landsat water temperature maps of this 
region across the unfrozen season. The color scale is consistent across these images from 
0–17°C, demonstrating relative seasonal changes. The boxes indicate locations of 



detailed observations in Figure 5. The black dots in c mark the locations of the in situ 
HOBO loggers discussed in section 3.1.2. Labeled air temperature measurements 
correspond to the points in Figure 4a. f-h) Water temperature maps of this region across 
the unfrozen season with white on the colorbar set at the mean water temperature in the 
scene. For each, the color scale is ±5°C from the mean. These maps are centered at 
65.76°N, -156.36°E. Flow is from north to south. 
 

Our analysis also shows significant temperature variations between the main river 

channel, oxbow lakes, and adjacent thermokarst lakes that appear to demonstrate their 

diverse hydrologic processes and water sources. At a given time, the surface temperature 

of thermokarst lakes across this small area can vary by several degrees (Figure 4f–h). It is 

particularly evident in the spring, where the temperature of the larger lake, shown in 

Figure 5a, is approximately 3°C colder on average than the adjacent smaller lakes. 

Additionally, Figure 5a demonstrates substantial springtime thermal heterogeneity within 

the larger lake. The surface temperature of the lake at this time ranges from 11.3–14.7°C, 

a span of 3.4°C. These patterns are not repeated in the summer or fall. Later in the 

unfrozen season, there are still temperature variations within and between some lakes 

(Figure 4g, h), but the heterogeneity is smaller within the lakes shown in Figure 5a-c. In 

the summer and fall, the temperature variation both within and between lakes is on the 

order of <1°C and may reflect small variations in surface temperature but is likely 

indistinguishable from the noise of the dataset (Figure 5b, c).  

 



 
 

Figure 5: Landsat water temperature maps of locations of interest from the Huslia study 
site. Temperature colorbars on all maps are set with white at the mean water temperature 
in the visible extent. a–c) Thermokarst lakes adjacent to the river. d–f) Connected oxbow 
lake on the main channel of the Koyukuk River. g–i) Sinuous, partially connected oxbow 
lake on the main channel of the Koyukuk River with significant intra-lake temperature 
variations. 
 

The temperature maps of the oxbow lake connected to the meandering main 

channel demonstrate large temperature differences between the lake and the river channel 

(Figure 5d–f). In all seasons, the Koyukuk River is colder than the surface of the oxbow 

lake. This generates a temperature gradient across the lake from coldest where the water 

mixes with the river at the channel connection to warmest most distally. Because this 

oxbow lake forms a closed loop that is connected to the river channel at one point on both 



sides, this creates a divergent temperature pattern (the discharge in the fall is low enough 

that the western side of the lake appears disconnected, but examination of the mNDWI 

map shows that the western connection remains below the level of detection of the water 

mask). The magnitude of that gradient varies across season from 5°C in the spring 

(Figure 5d) to 2°C in the summer (Figure 5e), to 1°C in the fall (Figure 5f). 

A close examination of a long, sinuous oxbow lake partially connected to the 

Koyukuk River reveals an anomalous temperature pattern (Figure 5f–i). It is similar to 

the temperature pattern seen in the fully connected oxbow lake in Figure 5d–f, but in this 

case the sinuous oxbow lake is primarily connected to the main channel on the upstream 

side. Though it was not detected by the water mask, examination of color variation in the 

visible RGB images indicates that there is a thin <30 m wide stream connecting the 

downstream side of this oxbow lake to the Koyukuk River in the spring and summer, 

across which there may be some but likely minimal mixing. In the fall, the lake appears 

fully disconnected on the downstream side. 

In all seasons, our data show that there are substantial (>3°C) temperature 

variations across the surface of this ~20 km-long oxbow lake. The temperature pattern 

appears similar in the summer and fall, with the warmest temperatures found near the 

bend most distant from the river channel and colder temperatures on either side (Figure 

5h, i). In the spring, the oxbow lake has the warmest temperatures on the upstream leg of 

the lake and varying patches of colder and warmer water on the downstream leg (Figure 

5g). The visible image of this lake reveals that the summer temperature patterns closely 

follow the color of the surface water, with the lighter/brown colors indicating more turbid 

water and the darker/green colors indicating less turbid water, as shown in Figure 6. 

Turbidity should not substantially affect Landsat’s measurement of the surface 

temperature, as discussed in Section 3.1, so the corresponding patterns of these 

parameters suggest that both temperature and turbidity are demonstrating the hydraulics 

of the lake and river mixing. 

 



 
 

Figure 6: a) Enhanced visible RGB image of the sinuous oxbow lake on the Koyukuk 
River taken on August 30, 2016. b) Detailed view of Figure 5h, showing the same date as 
6a. The color scale is set with white at the mean water temperature in the visible extent.  
 

3.2.1 Comparing surface temperature to temperature at depth  

 

 We also compared the surface water temperature as measured with the LST 

dataset to the in situ water temperature several meters below the surface. Over the 2023 

unfrozen season, in situ water temperature data were collected continuously using HOBO 

temperature loggers at several sites on the Koyukuk River near Huslia. These loggers 

were anchored a few centimeters above the riverbed, so the depth varied with the river 

stage. The in situ temperature was consistently measured every 15 minutes, from which 

we calculated the daily mean temperature for each logger. We compared the surface and 

deep temperatures for two locations indicated in Figure 4c: an oxbow lake (Figure 5d–f) 

and within the main Koyukuk channel 5 km downstream of the oxbow lake (Figure 4c). 

We compared these values to the mean instantaneous surface temperature of a small 

cloud-free area extracted from Landsat images taken on the same day around the location 

of the logger. We were limited to <10 data points from each location due to cloud cover. 

For each, we plotted a linear regression of the difference in temperature between the 

surface and at depth versus the date and versus the water depth recorded by the logger 

(Figure 7). 



For the main channel, the temperature differences between the surface and depth 

(13–18 m) are small. In many cases, the surface and deep temperatures are essentially 

equal (within the uncertainty of the absolute accuracy of the remotely sensed and in situ 

temperature measurements) (Figure 7a–c). The remotely sensed surface values tend to be 

slightly higher than the deep temperatures where there are small differences, which may 

be in part due to the small positive bias in the remote sensing measurements. There is a 

substantial difference between the surface and deep temperature on August 10, and it is 

unclear why, but must be related to a transient and local cold water plume. Excluding the 

one outlier, there appears to be no systematic correlation between surface versus deep 

temperature difference with day during the summer (Figure 7b) nor with depth of the 

river (Figure 7c). This is indicated by the low slopes of their respective linear regression 

fits (fit without the outlier). We interpret that this indicates the expected turbulent mixing 

of the river. 

For the oxbow lake, the surface temperatures are consistently higher than the 

temperatures measured at depth (10.15–15.43 m). Temperature differences between the 

surface and at depth range from 0.37 to 6.38 °C (Figure 7d). There does not appear to be 

a correlation between the temperature difference and the date, as indicated by the low 

regression slope and r2 value. There is positive correlation between the temperature 

difference and the depth of the logger, with smaller temperature differences for days 

where the logger depth was smaller. The slope fit to this relationship for the oxbow lake 

is an order of magnitude greater than that for the channel (Figure 7c, f). We interpret 

these observations as demonstrating the thermal stratification of this oxbow lake. This 

stratification was somewhat more pronounced when the lake was deeper, showing a 

larger thermal gradient (Figure 7f). There appears to be little correlation between date and 

thermal stratification (Figure 7e). These data were taken from June to August, which 

likely represents a similar thermal regime, as data collection begins after complete ice 

melting and ends well before the initiation of re-freezing. 

 



 
 

Figure 7: A comparison of surface water temperature extracted from the LST to in situ 
measurements taken at depth by HOBO loggers. The error bars on the Landsat 
measurements are ±0.46°C, the mean error of the LST dataset compared to the Pilot 
Station in situ temperatures. a–c) Surface temperature vs. temperature at depth on the 
main channel of the Koyukuk River. Trendlines plotted in (b) and (c) were calculated 
without the large outlier temperature value recorded in August by the in situ logger. d–f) 
Surface temperature vs. temperature at depth for the distal portion of the oxbow lake 
examined in detail in Figure 5d–f.  
 

3.3 The Yukon-Tanana River confluence at Tanana town 



 

We next examine patterns of surface water temperature at the confluence of the 

Yukon and Tanana Rivers. At the point of confluence, both rivers are anastomosing. The 

Yukon flowing dominantly northeast–southwest, and the Tanana flows southeast–

northwest before both join into the westward-flowing Yukon River. We focus on 

examining the contemporaneous relative temperatures of these two rivers as well as the 

thermal structure of the Yukon downstream of the confluence. Remote sensing provides 

the unique opportunity to gain a comprehensive view of the spatial distribution of 

temperature and length of mixing in such a confluence. Figures 8a and b indicate the air 

temperature at this confluence (Tanana town) and the downstream Yukon River 

discharge at the three dates we examined compared to typical seasonal values. The air 

temperature on the post-thaw date of 5/19/2021 is slightly higher than one standard 

deviation from the mean of this date, but all other temperature and discharge values are 

within the one standard deviation envelope. 

We first compare the temperature of the river water to that of the air. The three 

dates examined here show that Yukon and Tanana River temperatures vary from 

approximately 3–14°C over the unfrozen season (Figure 8c–e). Like the Koyukuk River 

(Figure 4), these rivers are colder than the air temperature in the spring by up to 7°C, 

nearly identical in the summer (~15°C), and warmer than the air temperature in the fall 

by 5°C (Figure 8a, c–e). 

 



 
 

Figure 8: Data for Tanana town at the confluence of the Yukon and Tanana rivers. a) 
Mean daily air temperature from 1943–2024 present measured by the near-surface 



temperature sensor at Ralph M Calhoun Memorial Airport. b) Mean daily river discharge 
from 1991–2024 measured by USGS’s Pilot Station of the Yukon River. c–e) Landsat 
water temperature maps of this region across the unfrozen season. The color scale is 
consistent across these images from 0–17°C, demonstrating relative seasonal changes. 
The boxes indicate locations of detailed observations in Figure 9. Labeled air temperature 
measurements correspond to the points in Figure 8a. f–h) Water temperature maps of this 
region across the unfrozen season with white on the colorbar set at the mean water 
temperature in the scene. For each, the color scale is ±5°C from the mean. These maps 
are centered at 65.18°N, -152.63°E. Flow is from right to left. 
 

We focus on comparing the relative temperatures of the two rivers at the point of 

intersection (Figure 9a–c) and 100 km downstream from the confluence (Figure 9d–f). As 

expected, each river individually is largely thermally homogenous before the intersection. 

Because of the introduction of a new source of water at the confluence, the combined 

Yukon then becomes thermally heterogenous (Figure 9a–c). Throughout the unfrozen 

season, the relative temperatures of these two rivers changes. In the spring and fall, the 

Yukon is colder than the Tanana, by margins of ~5°C and ~1°C, respectively (Figure 9a, 

c). In the summer, the Yukon is ~1.5°C warmer than the Tanana (Figure 9b). 

Downstream of the confluence where both rivers merge into the Yukon River, the 

cross-sectional temperature variation decreases until the two rivers are fully mixed. In the 

summer and autumn, the rivers have thermally homogenized at a distance of 100 km 

from the confluence (Figure 9e, f). This is indicated by the lack of detectable lateral 

thermal gradient across the Yukon on these dates. In the spring, where there is the 

greatest initial difference in the river temperatures, there is still an apparent temperature 

gradient of ~2°C across the river 100 km from the confluence (Figure 9d). 

 

 

 

 

 



 
 
Figure 9: Water temperature maps of locations of interest from the Tanana town study 
site. Temperature colorbars on all maps are set with white at the mean water temperature 
in the visible extent. a–c) Initial contact of the confluence between the Yukon River 
(northern branch) and Tanana River (southern branch). d–f) Stretch of the Yukon River 
100 km downstream of the confluence. Flow is from right to left. 
 

We interpret these temperature maps as demonstrating the forces affecting water 

temperature of these two rivers. The temperature patterns suggest that for rivers in the 

Arctic, where there are especially large seasonal and latitudinal temperature variations, 

relative contemporaneous temperatures of the water bodies are set primarily by latitude 

and secondarily by water source. The Yukon River traverses higher latitudes before the 

confluence, while the Tanana River flows from lower latitudes. Warmer air temperature 

arrives earlier to the lower latitudes in the spring, which would increase the temperature 

of the Tanana River at these lower latitudes relative to the higher-latitude, colder water of 

the Yukon River. Similarly, warmer air temperatures persist longer into the autumn at the 

lower latitudes, leading to warmer water temperature in the Tanana River in the autumn. 

We propose that this process is reflected in the relatively colder temperatures of the 

Yukon in the spring and autumn (Figure 9a, c). In the summer, air temperature is more 

consistent across these two watersheds. At this time, the Yukon River is 2°C warmer than 

the Tanana (Figure 9b). We hypothesize that this is due to the varying contributions of 

different water sources including snow meltwater, rainwater, and groundwater. At the 

confluence, the Yukon has flowed thousands of km from its source of high-elevation 



glacial lakes, and most of its traverse was across low-elevation terrain. This yields 

warmer water temperatures. The Tanana is more immediately sourced from meltwater in 

the Alaska Range mountains, which is consistent with its colder water temperature in the 

summer. More rigorous modeling would be needed to determine the exact contributions 

of various water sources and thermal forces on a given river. 

Additionally, this site demonstrates how remotely sensed temperature maps can 

illustrate how temperature acts as a proxy for the mixing of water bodies due to both 

physical mixing and thermal diffusion. At the point of confluence, the physical separation 

between the rivers is sharp, as shown by the distinct difference in temperature across the 

river cross-section (Figure 9a–c). Downstream, the cross-sectional temperature variation 

decreases until the two rivers are fully mixed. This turbulent mixing length scale is 

primarily a function of the relative discharges of the two rivers and their miscibility due 

to differences in density caused by suspended sediment content and temperature (e.g. 

Kenworthy and Rhoads, 1995; Konsoer and Rhoads, 2014; Pouchoulin et al., 2020). In 

the summer and autumn, the rivers have fully thermally mixed at a distance of 100 km 

from the confluence (Figure 9e, f). In the spring, likely due to the greater initial 

difference in the river temperatures, there is still an apparent temperature gradient across 

the river 100 km from the confluence (Figure 9d). Remote sensing of turbidity has been 

used to examine mixing at river confluences (e.g Umar et al., 2018), and our results 

support that temperature can also be used to track these hydrodynamic processes. 

 

3.4 The Yukon River at Beaver 

 

Lastly, we generate and examine water temperature maps of a stretch of the 

Yukon River near Beaver. This region represents the typical anastomosing morphology 

of the Yukon. Figures 10a and b indicate the local air temperature and the downstream 

Yukon River discharge at the three times we examined compared to typical seasonal 

values. All temperature and discharge values on the dates examined are within one 

standard deviation of their mean values except for the discharge on the pre-freeze date of 

10/7/2019, which is slightly lower than typical values. 

 



 
Figure 10: Data for Beaver on the Yukon River. a) Mean daily air temperature from 
1948–2024 present measured by the near-surface temperature sensor at Fort Yukon 
Airport. b) Mean daily river discharge from 1991–2024 measured by USGS’s Pilot 
Station of the Yukon River. c–e) Water temperature maps of this region across the 
unfrozen season. The color scale is consistent across these images from 0–17°C, 
demonstrating relative seasonal changes. The boxes indicate the location of the detailed 



observation in Figure 11. Labeled air temperature measurements correspond to the points 
in Figure 10a. f–h) Water temperature maps of this region across the unfrozen season 
with white on the colorbar set at the mean water temperature in the scene. For each, the 
color scale is ±5°C from the mean. These maps are centered on 66.345°N, -147.40°E. 
Flow is from northeast to southwest. 
 

Consistent with the other locations examined, this stretch of the Yukon River is 

largely thermally homogenous at this resolution. Near Beaver, the Yukon River is 

anastomosing with a complex geometry composed of numerous river threads and 

sloughs. Despite these numerous channels, our generated water temperature maps 

demonstrate that the surface water temperature of the major anastomosing reaches is 

approximately constant across the whole stretch indicating a high degree of connectivity 

(Figure 10d–h). Where and when sloughs and secondary channels are wide enough for 

their temperature to be measured accurately, such as late spring–summer, temperatures 

also closely match that of wider threads. One deviation from this homogeneity is a slight 

decrease in temperature on the downstream end of the river in the spring and fall (Figure 

11a, c). Temperature decreases after the intersection of the Yukon with the small 

Hodzana Slough flowing into it from the north. In the summer, there is no detectable 

decrease in temperature after the confluence (Figure 11b). 

Similar to our observations of oxbow lakes in Huslia, the oxbow lake along the 

Yukon shown in Figure 11 typically differs in temperature from the adjacent river. In the 

spring, the lake is ~3°C colder than the river; in the summer, the lake is ~2°C warmer 

than the river; and the temperatures of the two are comparable in the fall. Unlike in 

Huslia, this oxbow lake is largely or entirely disconnected from the river. Therefore, we 

do not observe, nor do we expect to observe, a robust relationship between surface water 

temperature and distance from the river as we did in Huslia (Figure 5d–f). Rather, the 

oxbow lake near Beaver appears to behave analogously to other floodplain lakes in the 

region. We interpret the surface temperature of these lakes to reflect vertical thermal 

stratification and internal mixing processes as in the other study locations. 



 
Figure 11: Water temperature maps of a location of interest from the Beaver study site. 
Temperature colorbars on all maps are set with white at the mean water temperature in 
the visible extent. a–c) Downstream portion of this short anastomosing stretch of the 
Yukon River, before and after the intersection with the Hodzana Slough.  
 

4 Discussion 

 

4.1 Vertical temperature structure 

 

By comparing the remotely sensed surface water temperature measured by the LST 

to in situ temperature measured at depth, we can contrast the vertical temperature structure 

of Arctic rivers and lakes and identify how remote sensing can be appropriately applied to 

understand water temperature of river corridors. The expectation is that rivers should be 

thermally well-mixed vertically because they are fully turbulent (Franca and Brocchini, 

2015). This is supported by our comparisons of LST to both the in situ Pilot Station gauge 

on the Yukon River and the HOBO logger anchored at depth in the Koyukuk River. The 

similarity of the temperature measured at the surface by LST and at depth by an in situ 

gauge (Figure 7a) demonstrates that there is no clear thermal stratification of the river 

channel, and it is well-mixed throughout the vertical profile. This also indicates that rivers 

either lack an evaporative cooling thermal skin effect as has been theorized (Torgersen et 

al., 2001), or that if it exists, it is within the LST uncertainty. This result demonstrates the 

power of remote sensing for applications to measuring and understanding river water 

temperature. By measuring the temperature of just the top 10 cm of the water, the LST can 

accurately capture the temperature of the entire river water column. 



Conversely, our results demonstrate that while remote sensing surface temperature 

can yield valuable information about lake surface temperature, it does not reflect the 

thermal behavior at depth. This is demonstrated by the difference in the oxbow lake surface 

water temperature measured by LST and the temperature at depth measured in situ, with 

higher temperatures at the surface indicative of thermal stratification (Figure 7d). This is 

expected for lakes of this depth, as lakes >10 m deep typically exhibit steep thermoclines 

(Gorham and Boyce, 1989; Boehrer and Schultze, 2008; Pöschke et al., 2015; Cannon et 

al., 2019). Therefore, while remote sensing can be used to accurately measure the water 

temperature at a lake’s surface, for water bodies that can achieve stratification, in situ 

observations are required to understand the temperature at depth. 

 

4.2 Seasonal patterns in water temperature 

 

Because LST provides high-resolution temporal coverage (repeat observation time 

is typically 1–7 days), our data demonstrate how surface water temperature within these 

Arctic riverine corridors evolves seasonally. We find that the dates we examined from post-

ice breakup to pre-freezing capture the large swings in water temperature these rivers 

experience over the course of the unfrozen season. All rivers demonstrate >10°C swings in 

water temperature over the season, from just above freezing to an average temperature of 

~15°C. By comparing the remotely sensed LST temperature values with those of in situ air 

temperature monitors, we see that this water temperature evolution is similar to the 

magnitude of the air temperature variation. 

Despite the differences in hydrological context of these rivers including elevation, 

permafrost distribution, and geometry both locally and in their upstream watersheds, the 

three sites examined here appear to largely track local air temperature well. In all locations, 

there is a clear offset in water temperature compared to air temperature in the spring and 

fall of 3–7°C due to water’s higher thermal inertia but a close match of water and air 

temperature (0–4°C) in the summer (Figure 4, 8, 10). 

However, within the examples we examine here, we do observe significant 

deviations from this close correlation of river temperature to air temperature. At the 

confluence of the Yukon and Tanana Rivers, there is a ~5°C difference in water 



temperature between rivers despite the same local air temperature (Figure 9a). While the 

temperature of both rivers evolves over the course of the season correlated with air 

temperature, the water temperature difference between them indicates the additional 

controls on river temperature besides local air temperature and thermal inertia, which we 

argue include water source and upstream watershed air temperature. 

Lake surface water temperature varies substantially within a river corridor at a 

given time, and so while all lake temperatures do evolve systematically with air 

temperature across the unfrozen season, they are more decoupled from the air temperature 

than rivers are (e.g. Figure 4). The seasonal evolution of lake surfaces appears to be 

strongly controlled by mixing and stratification processes in addition to larger-scale 

regional trends in air temperature. 

We also compared the water temperature to a relative estimation of the local river 

discharge, as represented by the discharge measured in situ at Pilot Station on the Yukon 

River. River discharge also varies seasonally, from its highest values just after ice breakup 

to a fairly consistent plateau until refreezing (Figure 4b, 8b, 10b). If river water temperature 

varies with discharge, it is more subtle compared to the strong correlation to air 

temperature. More data including local discharge measurements would be required to 

disentangle the effects of discharge on river temperature. 

 

4.3 Spatial patterns in water temperature 

 

By providing complete spatial coverage, it is clear that LST can be used to examine 

the spatial patterns in surface water temperature across riverine corridors. Our primary 

observation of river temperature is that—excluding the introduction of a new source of 

water to the river—water temperature is largely homogenous across the 50–100 km long 

stretches examined. The surface temperatures of these stretches of the Koyukuk, Yukon, 

and Tanana rivers appears to vary by <1°C, within the uncertainty of the LST 

measurements. This consistency in surface temperature is evident across river contexts and 

morphology including meandering (Koyukuk River) and anastomosing (Yukon River) 

stretches. Even in locations with complex geometry such as the anastomosing region near 



Beaver, there is thermal homogeneity across the threads, secondary channels, and sloughs 

that are large enough to be measured with this method (Figure 9f–h). 

However, the spatial coverage provided by remotely sensed imagery captures well 

where there are deviations from this homogeneity in both connected and disconnected 

water bodies. In particular, we observe that the introduction of a new source of water can 

create thermal heterogeneities. This is particularly evident at the confluence of the Yukon 

and Tanana rivers, where the mixing of these different water sources creates a lateral 

temperature gradient across the combined Yukon River that can still be detectable even up 

to 100 km from the point of confluence. The remotely sensed temperatures we generated 

for this study demonstrate how temperature acts as a proxy for the mixing of water bodies 

due to both physical mixing of the water masses and thermal diffusion. Remote sensing of 

turbidity has been used to examine mixing at river confluences (e.g Umar et al., 2018), but 

these results indicate that temperature alone can also be used to track these hydrodynamic 

processes. This can be used alongside turbidity to separate the effects of physical mixing 

and thermal diffusion, and it may be useful to understand tributary mixing even if there is 

no substantial turbidity difference between the rivers. 

Lakes in these Arctic river corridors demonstrate different patterns in spatial 

distribution of surface water temperature depending on their depth and their connectivity 

to rivers. In particular, we observe that the surface temperature spatial patterns of connected 

oxbow lakes are distinct from that of disconnected thermokarst lakes. This is likely a 

function of both their hydrologic connectivity and size. Arctic lakes exhibit variable mixing 

processes depending on their size and structure. Deep lakes are typically dimictic, 

experiencing wind-driven overturn twice a year but stagnation and stratification in the 

summer (Gorham and Boyce, 1989; Boehrer and Schultze, 2008; Pöschke et al., 2015; 

Cannon et al., 2019). Lakes that are sufficiently shallow (< ~10 m) tend to be polymictic, 

that is, wind can mix the full volume more continuously (Taranu et al., 2010; Pöschke et 

al., 2015). Our surface temperature maps of the oxbow lake examined near Huslia show a 

temperature gradient across its surface that appears to track the mixing of the lake water 

with the main river channel (Figure 5d–f). This thermal stratification is also illustrated by 

the comparison of the remotely sensed surface water temperature to the water temperature 

measured in situ at depth (Figure 7d). 



The surface temperature maps of the thermokarst lakes demonstrate the control of 

mixing and other local processes on these shallow water bodies. We observe that adjacent 

lakes of similar surface area in Huslia (Figure 4f–h) as well as near Tanana town (Figure 

9a–c) and Beaver (Figure 10) can vary in temperature by nearly 5°C. Therefore, the 

remotely sensed surface temperatures likely demonstrate the effects of additional processes 

beyond the control of air temperature. These processes likely include discontinuous 

permafrost distribution or mixing processes, and more detailed data would be required to 

constrain all processes impacting the surface temperature of these lakes. Our data 

demonstrate that for an Arctic floodplain environment, where these thermokarst lakes are 

abundant, remotely-sensed temperature maps capture thermal diversity in lake temperature 

that would not be captured effectively by sparse in situ point measurements. 

 

4.4 Applications of remotely sensed water temperature to the Arctic 

 

Thermal remote sensing of water temperature has a wide array of potential 

applications to Arctic environments. The remotely sensed water temperature maps we 

created demonstrate the variability of contemporaneous water temperature across riverine 

corridors, seasonal temperature changes, and mixing of water bodies and hydraulic 

connectivity. 

An important application of these maps is providing an understanding of the 

temperatures experienced by different organisms in the ecosystems in and around these 

bodies of water. In particular, remote sensing of river temperature in Alaska provides 

critical information about thermal stresses on salmon, which have declined sharply in 

recent years (e.g. Jacob et al., 2010; Westley, 2020; Thorstad et al., 2021; Biela et al., 

2022). Many studies that attribute salmon decline to rising river temperature rely solely on 

air temperature data as a proxy for water temperature, but remote sensing can be used to 

understand actual water temperatures encountered by salmon on their migration from the 

ocean upriver to their breeding grounds and catalog potentially life-saving thermal refuges 

(Bilby, 1984; Ebersole et al., 2003; Torgersen et al., 2012). High-resolution (cm-scale) 

thermal imaging from airborne platforms has been used to identify smaller thermal refuges 

on the ~1 m scale (e.g. Torgersen et al., 2012; Frechette et al., 2018), but with our data, we 



are able to identify larger possible refuges without need for the expense of dedicated 

surveys. In particular, we identify anomalously cold regions of rivers at confluences with 

tributaries or even small sloughs. For example, at the Yukon-Tanana confluence, the 

Tanana River brings in water 2–3°C colder than the Yukon that significantly cools the 

stretch of the river downstream of the confluence (Figure 8), and even the Hodzana Slough 

significantly cools the river near its intersection with the Yukon River at Beaver (Figure 

11). 

In permafrost-rich environments such as the Arctic, the remotely sensed water 

temperature data with high spatial and temporal resolution can be used to help characterize 

and predict the rate of riverbank erosion, as a relationship has been found between river 

water temperature and bank erosion rate (Costard et al., 2003; Douglas et al., 2023; 

Geyman et al., 2024). Because we show that the surface water temperature measured by 

satellites is a good representation of the water temperature at depth (Figure 7a), our results 

demonstrate that LST can be used to measure the temperature of the water that is eroding 

permafrost-bearing banks. For example, we show that the water temperature of the 

meandering Koyukuk River lags behind the air temperature in the spring after ice breakup 

(Figure 4), when river discharge is highest and erosion has been found to be substantial 

(Geyman et al., 2024). In this case, the rate of bank erosion is likely thermally-limited by 

the cold water’s ability to melt the cohesive permafrost. Later in the summer, the water 

temperature warms rapidly to match or exceed that of the air, but the discharge is 

comparatively low. This likely creates transport-limited bank erosion, where the water is 

able to melt the permafrost but does not have the power to transport away the thawed 

sediment. This is consistent with remote sensing observations of the timing of bank erosion 

in this region (Geyman et al., 2024) and demonstrates that remote sensing of water 

temperature can be used to provide critical constraints on riverbank erosion rates, 

particularly as permafrost continues to degrade due to climate change. 

Additionally, understanding the spatial distribution of surface water temperatures 

allows for more accurate calculations of geochemical fluxes such as greenhouse gas release 

from rivers and lakes. Constraining these processes is particularly necessary in the Arctic, 

where permafrost thaw is driving release of organic carbon (Zandt et al., 2020). 

Quantifying thermokarst lake temperature is necessary to calculate chemical fluxes such 



as greenhouse gas release from these water bodies, but we demonstrate that remote sensing 

cannot be used to measure water temperature at depth. However, we also show that the 

remotely sensed temperature maps can capture significant (>5°C) variations between the 

surface temperatures of adjacent lakes (e.g. Figure 5, Figure 9a), likely reflect variations in 

the timing and process of lake overturn and mixing. Measurement of water temperature 

throughout the water column and at depth requires the placement of sensors, which is a 

challenging and expensive process, especially in the remote Arctic. Our maps demonstrate 

that remote sensing can be used to guide those placements, for example by identifying lakes 

that appear representative of the typical thermal state of lakes in a region or by identifying 

unusual, thermally anomalous lakes. By capturing the contemporaneous surface water 

temperature across a floodplain, remote sensing can also be used to help extrapolate from 

in situ point measurements across the region. This can support robust calculation of 

greenhouse gas fluxes from this crucial source that is predicted to pose significant impacts 

on the climate. 

Remote sensing like the LST dataset can be combined with state-of-the-art models 

to both fill in gaps in the remote sensing and in situ gauge datasets as well as to predict 

future changes to river temperature. For example, Chang et al. (2025) combine atmospheric 

and climate data from ERA5-Land reanalysis (Muñoz-Sabater et al., 2021) with the 

AKTEMP collection of gauge temperature data. This succeeds in predicting river 

temperature well, and future work could construct similar models relying on the LST data 

as the input to expand coverage further beyond the available gauges in Alaska, such as has 

been implemented with LST in other locations (e.g. Al-Murib et al., 2019; Murphy et al., 

2021). Additionally, future work should take advantage of LST’s four decade-long 

temporal record, which is longer than most gauge records, in addition to its spatial 

coverage. This allows analysis of long-term thermal evolution across diverse contexts, 

including climate change-driven trends (e.g. Santos Fleischmann et al., 2025). 

 

5 Conclusions 

 

Understanding water temperature in Arctic rivers and wetlands is essential for 

predicting permafrost thaw, river erosion, greenhouse gas emissions, and ecosystem health, 



yet existing observations from in situ gauges and airborne surveys remain spatially limited 

and difficult to obtain in this remote region. Here we demonstrate the power of the Landsat 

Land Surface Temperature (LST) dataset for resolving the spatial and seasonal patterns of 

surface water temperature across Arctic river corridors and their surrounding wetlands. We 

find that LST can successfully measure temperatures for water bodies wider than ~210 m, 

with smaller water bodies affected by mixed land–water thermal signals. For sufficiently 

large rivers and lakes, comparison with in situ measurements demonstrates that LST is 

reasonably accurate, with a median error of 0.46°C. Across three distinct Yukon River 

watershed environments in Alaska, we show that remotely sensed surface temperatures 

closely represent bulk river temperatures, whereas lakes may experience thermal 

stratification and skin temperature effects that are not captured by remote sensing alone. 

Water temperatures largely track seasonal air temperature variations, but with a lag caused 

by water’s thermal inertia, and exhibit substantial (~15°C) seasonal swings characteristic 

of high-latitude climates. Spatially continuous temperature maps reveal that river 

temperatures are generally laterally homogeneous because of turbulent mixing, while 

temperature contrasts occur primarily at tributary confluences, connected side channels, 

and oxbow lakes, where temperature acts as a tracer of hydrological connectivity and 

mixing. Thermokarst lakes across Arctic floodplains also exhibit strong spatial variability 

in surface temperature, likely reflecting differences in mixing and overturn processes, 

highlighting the need for spatially resolved thermal observations beyond point 

measurements. Overall, we demonstrate that remote sensing of surface water temperature 

provides substantially greater insight into the thermal structure and hydrological 

connectivity of Arctic river–wetland systems than is possible from existing gauge networks 

alone, and that these datasets can help advance understanding of the biological, geological, 

and biogeochemical processes shaping rapidly changing Arctic environments. 
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