Science Time Series:

Deep Learning in Hydrology

Junyang He LSTM Model

Prof. Geoffrey Fox = Special type of RNN network commonly used in Time Series Analysis.
= Model [Fig. 5] consists of a Dense encoder layer, two LSTM layers, and a Dense

Background decoder layer, all with layer size of 320.
Al for Science = MSE loss function, evaluated with Normalized Nash Sutcliffe Efficiency (NNSE).
= Traditional science is driven by theories and differential equations. Predictions
are made based on these established formulas. (B.W.InProp) LI
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Fig. 1 Theory driven vs. data-driven science. .« .
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= |[nput: time series targets (excluding streamflow) + static features.
= Prediction: time series targets (including streamflow).
= Encodings: linear spatial temporal encodings + annual Fourier temporal

Science Time Series (Spatial Bag)

« Science Time Series consist of time dependent data collected at different
geographic locations along with static features of those locations.

_ _ _ _ _ encodings.
 The Spatial Bag [Fig. 2] describes the structure of Science Time Series data. N - - -
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Rainfall-Runoff Modeling

* Model the relationship between oF oF
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precipitation and streamflow at T - Das _ . o
various catchments [Fig. 3. waorsneg i P— Fig. 7 Caravan combined train / validation fit.

* Perform global-scale modeling with AT : . di .
Deep Learning and big data. Static Encoding Experiment

. Catchment - a place where water W asaa® e = Tested the impact of input static features and encodings on model training.
aggregates (Eg. lakes, rivers). S = Observed that spatial-temporal encodings play a larger role on Science Time
« Streamflow - displacement of oment Series training accuracy than input static features.
water in and out of a catchment. | = Found that model trained with input static features obtained from Principal
Component Analysis, a common dimensionality reduction technique,
performs just as well as model trained from raw static features.
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e Dataset 1: CAMELS (1858 catchments, 3 nations). Future Work
* Dataset 2: Caravan (6830 catchments, 4 continents) [Fig. 4]. = Examine new time series large foundation models and test model fit on
20 years of daily time series data (Eg. precipitation, temperature, streamflow). CAMELS / Caravan Hydrology data.
* Static features for each catchment (Eg. coordinates, soil texture, vegetation). = Compare foundation model approach to traditional LSTM approach.
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