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Watershed Characterization and Streamflow Estimation
Using Remote Sensing and Machine Learning
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Various remote sensing data were collected and tested which could be related
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equation, it can be estimated by the other water-budget variables. Many
studies have done to estimate streamflow using conventional approaches such
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Normalized Difference Vegetation Index (NDVI) were used as predictor variables
and gauged streamflow data were used as predictand (target) in training dataset.
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A Boosted Regression Tree (BRT) method is used in this study (below).
watershed scale due to the spatial resolution of RS data such as GRACE. If

Process-based modeling vs. MLM , , ,
better spatial resolution can be used, the better result is expected.
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