Multilayer perceptron model for
predicting conservative solute
transport in r1vers and Streams

Lina Rodriguez, Trilce Estrada, Alexandre Tartakovsky, Kenneth C.
Carroll, Timothy Ginn, Ricardo/Gonzalez-Pinzon



How do rivers and streams work?
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Tracer Injection Experiments
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Why is this important?
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Challenges
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TAKEAWAY: We spend lots of time and money in the field to calibrate models, but
the parameters we get only work for that specific site and flow conditions, making
this approach not viable for forecasting tasks.




Can machine learning generalize the solute transport

problem?
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TIERRAS: Tracer Injection Experiments in Rivers and Streams
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TIERRAS: Tracer Injection Experiments in Rivers and Streams

* +400 Break Through Curves (BTC)
e +50 rivers

 Discharge ranges from 0.31 to 6824 m?/s
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TIERRAS: Tracer Injection Experiments in Rivers and Streams

* Distance ranges from 35 to 294500 m
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* Velocity ranges from 0.04 to 1.6 m/s
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Multilayer Perceptron: How Does It Work?
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Multilayer Perceptron: How Do We Apply It?
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Transfer Learning: How Does It Work?
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Transfer Learning: How Do We Apply It?
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Conclusions

The proposed MLP approach can learn and predict the solute
transport behavior across a wide range of hydrologic conditions

Transfer Learning has been shown to be a highly reliable
alternative when data is limited

More experiments are needed to improve performance
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