
Study areaswere selectedbasedon their representationof diverse hydrological flow regimes. To

supportthe developmentof a generalizedand transferableriver dischargeestimationmodel, onearea

was chosen from each of three different basins: Memphis along the Mississippi River (USA),

Pontelagoscuroalong the Po River (Italy), and the Sogutluhanalong Kizilirmak River (Türkiye)

(Figure 1).

This sectionpresentspreliminary resultsof the time-awareLSTM modelappliedacrossall regions(Figure 6) using two distinct input configurations(Dataset1: satellite-

baseddatawith Sentinel-1, altimetrywaterlevel, auxilarydatawith ground-truth measurement; Dataset2: satellite-baseddatawith Sentinel-2, altimetrywaterlevel, auxilary

datawith groundmeasurement). Additionally, scatterplots alongfull time-seriesof final results(Fold 5) illustratethe agreementbetweenobservedandpredicteddischarge

valuesfor bothdatasetswith metricscoreevaluationin Figure 7 with thepreliminarymetricresults.
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ÅAttentionlayersimproveinterpretabilityby identifying thetemporalrelevanceof input

variablesacrossfolds.

ÅThe fold-wise transferlearningapproachenhancestemporalgeneralizationandhelps

stabilizepredictionsacrossunseensequences.

ÅDueto LSTMôslookbackstructureandsatellitedatafrequencylimitations, integration

with hydrologicmodelsis essentialfor achievingdaily andstabledischargeestimates.

ÅExpandthemethodologyto basinswith diverseclimateandtopography.

ÅCombineLSTM with othermachinelearningor physically-basedmodelsto improve

generalizability,especiallyin mountainousor morphologicallydynamicareas.

Å Integratehydrologicmodelingcomponentsto enabledaily dischargeestimation.

ÅOperationalizethe approachfor automated,large-scaleapplication in ungaugedor

data-scarcebasins.

Initial Approach:

Å GoogleEarth Engine (GEE): A powerfulcloud-basedspatialanalysisplatformprovidingpublicly

availablesatellitedatain JavascriptandPythonlanguage, withoutdownloadingimages.

Å Remotely-Sensed(RS) Data Sources:

- Sentinel-1 SyntheticApartureRadar(SAR): Waterindicesandbackscatterbandsextractedvia GEE

- Sentinel-2 MultispectralImages(Level-1C): Waterindicesandreflectancebandsextractedvia GEE

Å Ground Truth DischargeMeasurements:

- The US Geological Survey (USGS, 2024)- Mississippi River

- TheRegional Agency for Environmental Protection - Po River

- State Hydraulic Works of Türkiye(DSĶ - Devlet Su Ķĸleri, 2024) - Kizilirmak River

OngoingWork :

Å Altimetry Data: Sentinel-3 andSentinel-6 from Hydroweb-nextplatform.

- GLO-30DEM: Elevation& Slopefeaturesextractedvia GEE

- SeasonalityIndicators: sine/costransformations(day-of-year) & monthlycycle

V Climatechangeïincreasefrequency& severityof droughts& floods - necessitatesinnovative&

reliabletechniquesfor continuousmonitoringof dischargeto effectivelymanagerisk.

V Objective: Developa data-driven river dischargeestimationalgorithmthat generalizeswell across

diversebasinswith varyinghydroclimaticconditions.

V We utilized remotely-sensedwaterarea,waterindices,bandvaluesfrom optical,SAR,andaltimetry

satellites, in-situ dischargeobservationscollected during field campaigns,and both machine

learning(e.g., RandomForestRegression(RFR) (Breiman, 2001)) anddeeplearningmethod(e.g.,

Long-Short Term Memory (LSTM) (Hochreiter,S., & Schmidhuber,J., 1997) to estimateriver

discharge.

Figure 1: The geographic

locationsof studyareas
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Figure 3: The resultsof the RFR modelacrossall regions; (a.1) MemphisK-

Fold CV, (a.2) Memphis Time-split, (b.1) PontelagoscuroK-Fold CV, (b.2)

PontelagoscuroTime-split, (c.1) SogutluhanK-Fold CV, (c.2) Sogutluhan

Time-split
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Figure 4: SHAP featureimportanceevaluationfor both modelsacrossall

areas; (a)Memphis,(b) Pontelagoscuro, and(c) Sogutluhan
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DATASETS & PLATFORM

SITE SELECTION

Additionally, these

regions are characterized

by substantial alluvial

sedimentdeposits,which

allow for lateral water

movementin responseto

dischargesurges,making

them ideal for studying

surface water dynamics

and river expansion

behavior.

Model Development: TheRFRmodelwasinitially trainedandvalidatedusing5-fold cross-validation.

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

overall workflow is illustratedin Figure 2, while the performanceresultsandvisualizedresultsacross

all studyregionsarepresentedin Table 1 andFigure 3, respectively.

In Table 1, RMSE and logRMSE are complementary: RMSE emphasizesflood dynamics,logRMSE

captureslow-flow reliability. R² presentstheoverallmodelfit .
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Figure 2: TheRFRworkflowfor river dischargeestimationwith two differentmodels

ADVANCED APPROACH: LSTM MODELING

Model Development: The LSTM model was trained and validated using 5-fold cross-validation TimeSeriesSplitto evaluate

temporalgeneralizability. The overall workflow is illustratedin Figure 5. The LSTM model, integratedwith a transferlearning

mechanism,providesthefinal evaluationon theentiresequentialtimeseriesin Fold 5.

ADVANCED APPROACH: PRELIMINARY RESULTS

Figure 6: LSTM modelresultsacrossall regions; (A.1) MemphisDataset1, (A.2) MemphisDataset2, (B.1) Pontelagoscuro

Dataset1, (B.2) PontelagoscuroDataset2, and(C.1) SogutluhanDataset1, (C.2) SogutluhanDataset2. Time-seriespredictions

acrossFold2 to Fold5 areshownin thetoppanels.

Fold 1 servesas the initial training phase.

Therefore, its primary purpose is not to

deliver high predictive performance,but

rather to allow the model to learn the

underlying temporal patterns. For this

reason,Fold 1 resultsarenotvisualized.

In contrast, Fold 5 representsthe final

evaluationstage. Thanksto the cumulative

learningtransferredfrom previousfolds, the

testaccuracyin Fold 5 mayevenexceedthe

training accuracy,highlighting cumulative

knowledgetransferlearning,not overfitting

similar to Pontelagoscuroregion Dataset2

and Sogutluhanregion Dataset1evaluation

in Figure 6.

Figure 7: The LSTM final resultsof all study sites, including the agrements

betweenobservedandestimateddichargefor eachproposedarea; (a) Memphis,

(b) Pontelagoscuro, and(c) Sogutluhan.
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TAKEAWAYS & OUTLOOK

Figure 5: Theworkflow of step-wisefold transferfor time-awareLSTM model

While the RF model performed

well underK-Fold CV validation

with high R², low RMSE during

peak flows, and consistent

logRMSE during low-flow

periods,its performancedeclined

whenusinga time-basedsplit, as

illustrated in Figure 3 and

supported by the metrics

presentedin 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 variability .

Therefore, we transitionedto a

time-aware LSTM framework,

capable of learning temporal

dependenciesand maintaining

performance across folds and

hydrological conditions (e.g.,

dry, wet, transitionperiods).

Featureselectionfor bothmodels

wasguidedby SHAP analysisto

enhance interpretability, which

identifies the most influential

features contributing to model

training (Lundberg& Lee, 2017)

(Figure 4).

Table 1: The performance

metrics of K-Fold CV and

Time-split models across all

proposedareas

Full-sequenceriver dischargeestimation(Fold5) indicatedthatbothdatasetscapturedischaredynamicmoreeffectivelythanthe

RF Time-split model (Figure 6). Dataset2 slightly outperformedDataset1 in mostmetrics, particularlyfor peakflows, indicated

by preliminaryperformanceresults(Figure 7). 
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