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Purpose of Study 

• Water temperature influences many biological, chemical, ecological 
processes of aquatic systems

• There are challenges with monitoring water temperature in-situ

• Remote sensing allows for long-term, spatially distributed datasets and 
has been shown to be highly accurate for large, open waterbodies1

• Adjacency effects limit the accuracy of remote sensing water temperature 
in small waterbodies

• We aim to quantify and model these errors

1 Barsi et al., 2010; Cook et al., 2014; Duan et al., 2021; Hook et al., 2004; Padula et al., 2010; Schott et al., 2012

 

 



Project Objectives
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Evaluate
Evaluate bias correction approaches for 
Landsat Surface Temperature for water 

Develop
Develop uncertainty model for 

products

Apply
Apply calibrated regression and 
uncertainty models to Landsat 

tiles
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Study Area
• Three Geographic Regions 

1) Delaware River Basin (DRB)

2) Illinois River Basin (IRB)

3) Upper Colorado River Basin (UCRB)

• Diverse geographies with range of 
elevation, precipitation, and land 
cover
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Terminology
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Landsat Surface Temperature; LST 

In-situ Temperature 

LST Bias 

LST Bias  prediction

Water Surface Temperature; WST 

WST Bias 
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Uncertainty

Sources LST Bias 
• Skin temperatures 
• Varying depths 
• Uncertainties in-situ sensors 
• Atmospheric corrections
• 100 meter Thermal Infrared 

Sensor resolution- 
Downsampling to 30 meters 

 

 

  

 



Evaluation of LST Bias 
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Modeling

•Regression of LST bias 

• 7 algorithms considered 

• Predictor variable selection 

• 80/20 training/testing split

• Cross validation

Linear Non-Linear Tree Ensemble
Multivariate Linear Neural network Random forest

Generalized Additive Model Support Vector Machine Stochastic Gradient Boosted

K-Nearest Neighbors

• Median water temperature
• Percent water pixels
• Standard deviation of water pixels 

• Median land temperature
• Standard deviation of land pixels 
• Percent land pixels

• Median potential water temperature

• Latitude of observation

• Cloud Distance
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Model Performance
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MAE: 5.3 deg C MAE: 1.3 deg C. 



Uncertainty
• Responses from 5th and 95th  quantile 

of random forest
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Potential Applications 

• Extract time-series for given locations

• Quantify trends (Ding and Elmore, 2015)

• Calibrate hydrologic and process guided 
water temperature models (Zink et al., 2018)

• Estimate groundwater/surface water 
exchange processes (Lalot et al., 2014)

• Generate spatially distributed maps of water 
temperature

• Identify locations of potential thermal 
refugia (Torgerson et al., 1999)

• Map extent of thermal plumes/mixing 
zones (Cardenas et al., 2011)

• Determine extent of thermal 
variability (Mejia et al., 2020
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Conclusions
• Adjacency effects are large for 

narrow inland waters at warm 
temperatures and produce 
significant bias

• Machine learning models can 
approximate this bias 

• Prediction uncertainty can be 
derived from these same 
models

• Models were applied to ARD 
products to produce spatially 
distributed results

• Wide range of potential 
applications 
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Supplemental Slides
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Bias Correction Model Comparison

17



Random Forest: Goodness of Fit
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Seasonality
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Summary of Bias Reduction (con’t)
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