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ADVANCED APPROACH: PRELIMINARY RESULTS

Climatechangel increasdrequency& severityof droughts& floods - necessitatemnovative&

reliabletechniquedor continuougmonitoringof dischargeo effectivelymanageisk.

Objective Developa datadriven river dischargeestimationalgorithmthat generalizesvell across

diversebasinswith varying hydroclimaticconditions

We utilized remotelysensedvaterarea waterindices,bandvaluesfrom optical, SAR, andaltimetry
satellites, in-situ discharge observationscollected during field campaigns,and both machine
learning(e.g., RandomForestRegressiof{RFR) (Breiman 2001)) anddeeplearningmethod(e.g.,
Long-Short Term Memory (LSTM) (Hochreiter,S., & SchmidhuberJd., 1997 to estimateriver

discharge

DATASETS & PLATFORM

Initial Approach:

A GoogleEarth Engine (GEE): A powerful cloud-basedspatialanalysisplatform providing publicly

availablesatellitedatain JavascripandPythonlanguagewithout downloadingmages

Ongoing Work :

A Remotely-SensedRS) Data Sources
- Sentinell SyntheticApartureRadar(SAR). Waterindicesandbackscattebandsextractedvia GEE

A Ground Truth DischargeMeasurements
- The US Geological Survey (USGS, 2024MississippiRiver
- TheRegional Agency for Environmental ProtectioRo River
- State Hydraulic Works ofurkiye ( D SBevlet SuK K | 2029 i Kizilirmak River

A Altimetry Data: Sentinel3 andSentinel6 from Hydrowebnextplatform
- GLO-30DEM: Elevation& Slopefeaturesxtractedvia GEE

- Seasonalitylndicators: sine/codransformationgday-of-yeal & monthlycycle

- Sentinel2 Multispectrallmages(Level 1C): Waterindicesandreflectancédandsextractedvia GEE

.

SITE SELECTION

J

Study areaswere selectedbasedon their representatiorof diverse hydrological flow regimes To

supportthe developmenbdf a generalizecand transferableiver dischargeestimationmode| one area

was chosenfrom each of three different basins Memphis along the Mississippi River (USA),
Pontelagoscuralong the Po River (Italy), and the Sogutluhanalong Kizilirmak River (Turkiye)

(Figure 1).
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INITIAL APPROACH: RF MODELING

J

Model Development The RFR modelwasinitially trainedandvalidatedusing5-fold crossvalidation

To evaluatetemporalgeneralizability,the samemodel was later trained using a time-basedsplit. The

overall workflow is illustratedin Figure 2, while the performanceaesultsandvisualizedresultsacross
all studyregionsarepresentean Table 1 andFigure 3, respectively

In Table 1, RMSE andlogRMSE are complementaryRMSE emphasize$lood dynamics,logRMSE
capturegow-flow reliability. RZ presentshe overallmodelfit.
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Figure 2: The RFRworkflowfor river dischargeestimationwith two differentmodels
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peak flows,
logRMSE

supported by the metrics
presentedn Table 1.

This revealed limited
generalizability to unseen

temporalpatterns Sinceour goal
IS to develop a robust and
transferablealgorithm applicable
across diverse hydroclimatic
regimes,we required a model
that can adapt to sequential
dynamics and data variabllity .
Therefore, we transitionedto a
time-aware LSTM framework,
learning temporal
dependenciesand maintaining
performance across folds and
conditions (eg.,

capable of

hydrological

during

dry, wet, transitionperiods)

Featureselectionfor both models
was guidedby SHAP analysisto
enhance interpretability, which
Identifies the most influential
features contributing to model
training (Lundberg& Lee, 2017)

(Figure 4).

Table 1. The performance \whijle the RF model performec
well underK-Fold CV validation
with high R?, low RMSE during
and consisten
low-flow
periods,its performancedeclined
whenusinga time-baseadsplit, as
llustrated in Figure 3 and
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Figure 3: Theresultsof the RFR modelacrossall regions (a.1) MemphisK-
Fold CV, (a2) Memphis Time-split, (b.1) Pontelagoscurd-Fold CV, (b.2)

Ponte|agoscuro'|'ime.sp|it, (Cl) Soguﬂuhan K-Fold CV’ (02) Soguﬂuhanl:igure 4. SHAP featureimportanceevaluationfor both modelsacrossall
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ADVANCED APPROACH: LSTM MODELING

J

Model Development The LSTM model was trained and validated using 5-fold crossvalidation TimeSeriesSplito evaluate
temporalgeneralizability The overall workflow is illustratedin Figure 5. The LSTM model, integratedwith a transferlearning
mechanismprovidesthefinal evaluationonthe entiresequentiatime seriesn Fold 5.

Fold 1 servesasthe initial training phase
Therefore, its primary purposeis not to
deliver high predictive performance, but
rather to allow the model to learn the
underlying temporal patterns For this
reasonfold 1 resultsarenotvisualized

In contrast, Fold 5 representsthe final
evaluationstage Thanksto the cumulative
learningtransferredrom previousfolds, the
testaccuracyin Fold 5 mayevenexceedhe
training accuracy, highlighting cumulative
knowledgetransferlearning,not overfitting
similar to Pontelagoscureegion Dataset2
and Sogutluhanregion Datasetlevaluation
In Figure 6.

Figure 5: Theworkflow of stepwisefold transferfor time-awareLSTM model

Full-sequenceiver dischargeestimation(Fold 5) indicatedthatbothdatasetgapturedischaredynamicmoreeffectivelythanthe

RF Timesplit model(Figure 6). Datase® slightly outperformedatasetl in mostmetrics particularlyfor peakflows, indicated

by preliminaryperformanceesults(Figure 7).

This sectionpresentgpreliminaryresultsof the time-awareLSTM modelappliedacrossall regions(Figure 6) usingtwo distinct input configurations(Dataset 1: satellite
baseddatawith Sentinell, altimetry waterlevel, auxilary datawith groundtruth measuremenDataset2: satellitebaseddatawith Sentinel2, altimetry waterlevel, auxilary
datawith groundmeasuremeint Additionally, scatterplots alongfull time-seriesof final results(Fold 5) illustrate the agreemenbetweenobservedand predicteddischarge
valuesfor bothdatasetsvith metricscoreevaluationn Figure 7 with the preliminarymetricresults
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Figure 6: LSTM modelresultsacrossall regiors; (A.1) MemphisDataset, (A.2) MemphisDatase2, (B.1) PontelagoscuroFigure 7: The LSTM final resultsof all study sites including the agrements
Dataset, (B.2) Pontelagoscur®atase?, and(C.1) SogutluharDataset, (C.2) SogutluharDatase?. Time-seriespredictions betweenobservedand estimateddichargefor eachproposedarea (a) Memphis,

acrosd-old 2 to Fold 5 areshownin thetop panels

(b) Pontelagoscur@nd(c) Sogutluhan
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TAKEAWAYS & OUTLOOK

A Attentionlayersimproveinterpretabilityby identifying thetemporalrelevanceof input A Expandthe methodologyto basinswith diverseclimateandtopography

variablesacrosdolds.

A The fold-wise transferlearningapproachenhancesemporalgeneralizatiorand helps

stabilizepredictionsacrosaunseersequences
A Dueto L S T Mdokbackstructureandsatellitedatafrequencylimitations, integration A Operationalizethe approachfor automated argescale applicationin ungaugedor

with hydrologicmodelsis essentiafor achievingdaily andstabledischargeestimates

A CombineLSTM with othermachinelearningor physicallybasedmodelsto improve
generalizabilityespeciallyin mountainousr morphologicallydynamicareas
A Integratehydrologicmodelingcomponents$o enabledaily dischargeestimation

datascarcebasins
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