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EXECUTIVE SUMMARY

The application of Artificial Intelligence (Al) in the water sector has expanded rapidly, with growing
evidence of its potential in streamflow prediction, reservoir operations, water quality forecasting, and
decision support. This study evaluates the perémce of a leading deep learning mé@debng Short

Term Memory (LSTM® for rainfalli runoff modeling, comparing it with the U.S. Army Corps of
Engineers' (USACE) processased Hydr ol ogic Engineering Cent e
(HEC-HMS) model. Conduced i n Cal i forniads Russian River w
five model configurations: HEEIMS, standalone LSTM, physiisformed LSTM (PILSTM), mult
timescale LSTM (MTS.STM), and physicgnformed multitimescale LSTM (MTSPILSTM), usingthe
opensource NeuralHydrology library recently updated by Google Research.

LSTM-based models, particularly physicgormed versions, consistently outperform HBMS across

most locations and time scales. The MOISTM achieved comparable accuracy while significantly
improving computational efficiency. Findings also indicate ttf8fM models can implicitly represent
reservoir operations when observed outflows are included as inputsHNECconsistently performs

better at the daily scale than at the hourly scale across all watersheds, whereas LSTM models often achiev
better perfomance at the hourly scale, demonstrating their greater adaptability to finer temporal
resolutions. However, all models showed reduced performance during the dry season, consistent with
challenges noted in the literature for dry, arid, or flashy basins.

These results underscore the potential of deep learning to enhance hydrologic modeling, especially when
combined with physical insights. The study recommends further development of the S3TN6
framework, including the integration of additional hydroldgiatures such as soil type, vegetation cover,
slope, elevation, and reservoir operations across varied climatic conditions. This work points toward
promising opportunities for combining dedaven and physiecbased approaches to produce more
accurate, robst, and interpretable predictions. The research was funded by UBECEand conducted

in collaboration with the University of California, Berkeley.
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1. INTRODUCTION

Accurate streamflow modeling is essential for effective water resources management, especially in regions
like Northern California wherdlediterranean climates bring strong seasonal contrasts and increasing
variability due to droughts and shifting precipitation patterns (Diffenbaugh et al., 2015; Swain et al., 2016).

Hydrologic modeling typically relies on procelsased (PB) and/or statistical models. PB models simulate
watershed processes and conserve mass and energy, while statistical models learn relationships fron
observed data. Most operational tools are PB, bathime learning (ML) modedsparticularly Long
ShortTerm Memory (LSTM) networlé& have recently shown strong performance in rainfatioff
modeling (e.g. Kratzert et al., 2018; Kratzert et al., 2019; Lees et al., 2021). Unlike earlier ML methods,
such as R§, SVMs, ANNs, and RNNs (e.g. Pham et al., 2020; Yu et al., 2006; Besaw et al., 2010; Nagesh
Kumar et al., 2004), LSTMs can capture leéegn dependencies and system dynamics, making them
better suited for the complex and nonlinear nature of rainfabff processes (Hochreiter &
Schmidhuber, 1997). However, similarly to other #dased approaches, LSTM models face challenges

in datascarce regions, under climate psationarity, and in interpretability (Fleming et al., 2021,
Sungmin et al., 2020).

To address interpretability issues, hybrid approaches that combine PB and ML models have emerged, suct
as postprocessing with physiesformed LSTM (PILSTM) models (Adera et al., 2024; Frame et al.,
2021, Nearing et al., 2020; Konapala et al., 2020). seof building a hybrid model is by integrating

PB model outputs and forcing variables as inputs to ML models, enhancing interpretability and robustness.

The U. S. Army Corps of Engineersd Hydrologic E
development through tools like HEHAMS, HEGResSim, HEERAS, and HEGRTS (Real Time
Simulation). HEGHMS is the core tool for simulating watershed hydrologgjuding precipitation

runoff processes, evapotranspiration, snowmelt, soil moisture, and streamflow routing.

Meanwhile, opersource ML libraries such as Keras, PyTorch, TensorFlow, and more depeific
tools like NeuralHydrology and HydroDL are making ML more accessible. NeuralHydrology offers deep
learning models tailored for hydrologic modeling.

In collaboration with UC Berkeley, USAGHEC recently evaluated Mbased streamflow prediction
upstream of Success Dam in California. The study showed that the PILSTM model outperformed both
standalone LSTM and HEBMS, especially when tested on extremargéFleming et al., 2024)The
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watershed studied was relatively sintplenmanaged, snogdominated, and welbbserved which may
limit the generalizability of the findings.

In most cases, watersheds are complex systems characterized by multiple reservoirs with intricate
operational rules, numerous inflows and outflows due to diversions, and various sources of supply and
demand. For exampll the U.S. alone, over 90,000 reservoirs and diversions alter timing and magnitude
of flows, making accurate streamflow prediction significantly more challenging (Gutenson et al., 2020).
These dynamics, along with the need for-daby (e.g., hourly) predictions during flood events, regui
more advanced and efficient models. Hourly models are computationally intensive, motivating
development of scalable ML solutions.
This study advances HECO6s ML efforts by applyin
Californiads managed Russian River basin. The o
1 Integrate HEGHMS data and watershed features into NeuralHydrology models and compare

with HEC-HMS at daily and hourly scales.

1 Develop a multtimescale LSTM (MTSLSTM) model for unified daily/hourly prediction.
1 Assess computational performance and suggest future research directions.

While detailed reservoir operations and flow diversions were not explicitly simulated, their influence was
captured implicitly by including reservoir outflow and flow diversion time series as additional predictors
for LSTM models or direct inflows for HEEIMS. We compared five modélsHEC-HMS, LSTM,
MTS-LSTM, and their physiectnformed versions (PILSTM, MT®ILSTM)d across four locations with
varying management levels.

This study showed that the hybrid models consistently outperformed standalone PB and ML models.
MTS-LSTM provided results at both daily and hourly time scales, with faster runtime and often better
hourly accuracy. Performance varied by watershed managameminaged areas showed stronger daily
predictions, while managed locations saw superior hourly predictions due to redemair flow
patterns. The highest performance (NSE > 0.9) was at the most managed, downstream site using MTS
PILSTM at hourly reslition.

All models showed reduced accuracy during the dry season {J8aptembért highlighting ongoing
challenges and the need for further improvements.
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2. METHODS

2.1 Watershed Description

The Russian River watershed, located north of San Francisco in California, is a managed and extensively
studied basin selected for this investigation. It serves as a key test case for the U.S. Army Corps of
Engineers Hydrologic Engineering Center (USABEC) in software testing, validation, and updates.
The HEC teambs deep familiar ity combibed withhwealthaft e r s
past studies and model resdltprovides a robust foundation for benchmarking dkitaen and deep
learningbased modeling approaches.

Originating near Redwood and Potter Valleys, the Russian River flows southward to the Pacific Ocean at
Jenner, draining most of Sonoma County and parts of southern Mendocino County. Flow regulation is
primarily governed by USACperated Lake Mendocino aridhke Sonoma, which manage flood
control, water supply, and e mer g einceegsedsyadditiona e. T
infrastructure, including diversion structures and an inflatable dam used for groundwater recharge. In the
lower basin hydrologic and hydraulic dynamics are further complicated by rapid urbanization, numerous
bridges, and competing demands from agriculture, municipalities, and environmental flow requirements
for threatened fish species (Figix4).

The watershed experiences a Mediterranean climate characterized by wet winters and dry summers.
Annual precipitation averages 46.4 inches, with significant orographic inflderacgying from 32 inches

in the lowlands to 78 inches in the upper Mendocino Celsintains. Approximately 93% of rainfall

occurs between October and May, frequently delivered by three to four Atmospheric River events that can
account for up to 50% of the annual total within just a few days. Thesentegisity storms drive sharp

winter peaks in flow, while summer and fall flows depend largely on regulated reservoir releases. As a
result, mainstem flows are typically higher than natural levels during dry months and lower during wet
months, except during major storm events. Flood as&sassociated with orographic lift, frontal systems,

and occluded fronts. Additional details on reservoir operations, guiding curves, and diversion
infrastructure are available in related project documentation (e.g., CHR®R 2018).
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Figure 2-1. (a) Map of the Russian River Watershed, including the Potter Valley Project. Fhighbp

i nset shows the watershedbs regional l ocati on,
context and delineates surrounding counties (Source: CENE® 2018), (b) Detailed map of the
Russian River Watershed and its $igsins used in the HEBMS model. Sukbasin names are labeled

in red font. Although the watershed contains two reservoirs and multiple stream gages, only four gages
marked with red circkeand a plus signare used in this study.

2.2 Data Compilation

The HEGHMS and LSTM models were trained and tested using subbasiiaged hourly and daily time

series input data spanning 15 water years (October 1994 to September 2009). The data was divided into «
calibration period (water years 1995 to 2005) and a testing period (water years 2006 to 2009).
Additionally, a subset of the HEBMS calibration periodwater years 2003 to 2005) was designated as

the validation period for calibration of the LSTé&sed models.
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Meteorological and flow data were sourced from an existing HEAS model of the Russian River
watershed, developed for a 2018 flood risk study (CEIMEC, 2018, Chapter 5), with only minor
modifications, such as developing observed flow data for the Wapmisgs Dam Inflow. In addition to
meteorological forcings, the study incorporated observed flows from multiple USGS stream gages, as well
as estimated inflows to and outflows from the two main reservoirs (see more in GHBRUR2018,
Chapter 5).

Snowmelt was excluded from this analysis, as precipitation in the Russian River watershed predominantly
falls as rain (CEIWRHEC, 2018). Watershed delineation in HEMS was performed using the USGS
National Elevation Dataset (USGS, 2013). Land use da&&&) 2005) and SSURGO soil data (USDA,
2015) were used to compute spatially averaged basin parameters.

221 Met eorol ogical dat a

Subbasiraveraged daily and hourly precipitation time series were developed by spatially averaging
precipitation grids within HEGHMS. These grids were generated using observed hourly precipitation
data from 28 National Climatic Data Center (NCDC) magedistributed throughout the basin (Figure
2-1). Gagebased precipitation was spatially distributed according to the normalized pattern derived from
the 30year annual average Parametfgvation Regressions on Independent Slopes Model (PRISM)
precipitaton grids (OSU, 2012). For several individual storm events, the precipitation grids were further
adjusted to match observed daily precipitation totalgagelocations before computing the subbasin
averaged time series (CEIWMREC, 2018).

The 2018 study also compiled hydrometeorological time series for solar radiation, maximum and
minimum air temperature, wind speed, and relative humidity from two weather stations within te basin
Ukiah Municipal Airport (KUKI) and Sonoma County Airport (KS) (Figure 21). These data were used

to generate subbasaveraged evapotranspiration (ET) time series using the Pelimateith method
implemented in HEEHMS.




Hydrologic Modeling using HEEHMS and Deep Learning Modéls Russian River Watershed

® WiLLITSINE |
A

WHOWARDFORESTRS
POTTER VALLEY POWERHOUSE

‘POTTERVALLEYSNNW
POTTERVALLEYPOWERHOUSE | { 5.1

2 .POTTFR VALLEY 3 SF
@ NAVARROINW, RFD\WOODVAI LEY

. A
UKIAH MASONITE
UKIAH MUNI{CA (KUKI) ‘UKU://
it

< HOPLANDSNE

@ UAKEPORT(SOI'CONSERVATION SERVICE @ FINLEY
YORKVILLE [ @FNEYSSW

@ KELSEYVILLE 4 SW. ;
® CLEARUAKESSE

CLOVERDALE11W,

CLOVERDALE \ATUIE

® HEGEYSERS

f
N - o
A / GUERNEVILLE CHARLES M SCHULZ SONOMA CO, CA (KSTS)
ANGWINPACUNIONCOL
\ L] Sz
@ Daily Rain Gages @ sanT HELENA 6 NE

@ Hourly Rain Gauges
W Hydrometeorology Stations
PRISM Grid (inches) Q_ssaAsrowoL

1 77.4683
o He
AV N

R Low: 17.7041

0255 10 15 20 PLIALUMA’1N"
e — — \Miles

Scale: 1:600,000 -

SANTAROSA
/

j; @ OAKVILLE4SWNO2

Figure 2-2. PRISM grid with Russian River Basin rain gages and hydrometeorology stations
2. 2.2 FI ow dat a

As previously mentioned, observed daily flows at three USGS gaging stations were incorporated as
boundary conditions for the HEBMS model and as predictor variables for the machine learning
models:

1 Potter Valley diverted flow 1 Potter Valley PH Intake Gage (USGS 11471000)
1 Lake Mendocino / Coyote Dam outflowi Ukiah Gage (USGS 11461000)
1 Lake Sonoma/Warm Springs Dam outflowi Geyserville Gage (USGS 11465000)

Hourly boundary condition flows were estimated by uniformly distributing the observed daily flows
over 24 hours.
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Model performance during calibration and testing was evaluated using observed hourly flows at four
locations (Figure 4L b), including three USGS gages and the inflow to Lake Sonoma / Warm Springs
Dam:

1 East Fork Russian River near CalpelldfUSGS 11461500)

1 Russian River near Hopland(USGS 11462500)

1 Russian River near Guerneville(USGS 11467000)

1 Lake Sonoma / Warm Springs Dam inflow
Hourly inflow to Lake Sonoma / Warm Springs Dam was estimated from observed water levels at the
dam and provided by reservoir managers at the USACE Sacramento District. This time series was pre

processed to smooth out noise before use. Daily flow timesseere computed from hourly data using
HEC-DSS (Data Storage System) software.

Periods with missing observed flow data (Table) 2vere excluded from the calculation of calibration
and testing metrics.

Table 2-1. Percent missing observed flow data for the testing period

Water Year Calpella Gage Hopland Gage Guerneville Gage
2006 0% 16% 0%
2007 44% 0% 0%
2008 23% 0% 1%
2009 61% 59% 59%

2.3 Software and tools

Only freely available, opesource software packages were used in this study. The use of Anaconda
Navigator ensures seamless code execution across Mac, Windows, and Linux operating systems. A
complete list of packages and their versions is provided ire T2l
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Table 2-2. Computer Software and Tools

Software/tool Version Reference

HEC-HMS 4.12 HEC

HEC-DSSVue 3.3 HEC

Neural Hydrology 1.12.0 https://neuralhydrology.github.io/

Jupyter Notebook 6.5.7 OpenSource, packaged by Anaconda Inc.
Python 3.11.7 OpenSource, packaged by Anaconda Inc.
Anaconda Navigator | 2.6.0 Anaconda Inc.

2.4 Performance Metrics

The performance metrics considered in this study are summarized in Talde®include the metrics
calculated by NeuralHydrology and PBIAS. The code was modified to also calculate PBIAS for this study.
HEC-HMS calculates five performance metrics. In iidd to NSE and PBIAS, these includée,R
Modified KGE and RMSE, as detailed in the HE®S Technical Reference Manual (HEC 2024).

Table 2-3. Performance metrics used in this study

Error Error metric Description Range Ideal Source

metric type value

Statistical NashSutcliffe | Describes overallerror |-B t o 1 Nash & Sutcliffe, 1970
metrics efficiency in flows

based on (NSE) for all
daily/hourly | flows
flows

PBIAS Describesthe average |- t o {0 Yapo et al., 1996
tendency of the
simulated values to be
larger or smaller than
observed ones
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Kling-Gupta
efficiency
(KGE)

Describes overall error
in flows. Error metric
made up of variability,
bias, and correlation
terms.

alphaNSE

Describes flow
variability. Ratio
between the standard
deviation of the
simulated and observec
flows.

betaNSE

Describes the bias in
flows. Difference
between the mean of th
simulated and observec
flows, divided by the
standard deviation

i to

betaKGE

Describes the bias in
daily flows. Ratio of the
mean of the simulated
and observed flows.

correlation
coefficient
(Pearsonr)

Pearson correlation
coefficient. Provides a
sense of the timing of
flow.

-l1tol

Gupta et al., 2009

MSE

Mean squared error:
averaged squared
difference between
simulated and observec
values

James & Stein, 1961
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RMSE

Root mean squared
error: square root of
MSE

Hodson, 2022

Flow
duration
curve (FDC)
bias

FDC low flow
bias (FLV)

Describes londgerm
sustainability of flow
controlled by interaction
of baseflow and ripariar
ET. Low flows are
defined by flow
exceedance probabilitie
greater than 30% to
account for many days
with zero flow.

FDC mid
segment slope
bias (FMS)

Describes flashiness an
vertical redistribution of
water: steep slope shov
small soil capacity and
higher overland flow.
The midsegment of the
flow duration curve is
defined by flow
exceedancprobabilities
between 20% and 70%.

-b

t o

FDC high
flow bias
(FHV)

Describes flashiness an
vertical redistribution of
water. High flows are
defined by flow
exceedance probabilitie
less than 2%.

-b

Searcy, 1959;
et al., 2008

Yilma

Flow peaks

PeakMAPE

Describes thenean
absolute percent error
for peaks

-b

Astatkie, 2006




m Innovation Fund Project, USACE-HEC

2.5 HEC-HMS Model Development

We adopted the continuous HEOIMS model of the Russian River watershed originally built for the 2018
Flood Risk Study (CEIWRHEC, 2018, Chapter 5). Watershed delineation was based on the USGS
National Elevation Dataset (USGS, 2013). Calibration locations are provided in BEigjare

The model was run at an hourly time step, with hourly inputs and outputs subsequently aggregated to
compute daily averages. An overview of modeling choices and calibration procedures is provided below;
full details on process selection, parameter developraad calibration can be found in the CEMIEC

2018 study.

Table 24 summarizes the hydrologic methods selected to represent each process within4HHMSEC
model. Selected methods were applied across all subbasins, unless noted otherwise id.Table 2
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Table 2-4. HEC-HMS model methods selectians
Hydrologic Process Method

Subbasin Processes:

Canopy Simple Canopy Method

Surface Simple Surface Method

Loss Soil Moisture Accounting for the subbasin upstream of Lake Mendocino/Coy¢
Valley Dam

Deficit and Constant for all remaining subbasins

Transform Clark Unit Hydrograph

Baseflow Linear Reservoir

Reach processes:

Routing Modified Puls with storageischarge relationship developed in HRBS model
(most reaches)

MuskingumCungefor reaches that are not in the HIRAS model

Initial subbasiraveraged parameters were estimated using land use and soil data. Final parameter values
were refined through a manual calibration process. Model parameters were adjusted until the model
performed within the ntheveogpaformancerietics (NSE apndRBIAS) atr a n g
each of the four locations for the calibration period. The acceptable performance ranges for this study are
shown in Table 5.

Table 2-5. HEC-HMS Performance Ratings for NSE and PBIAS

Performance Rating NSE PBIAS
Very Good 0.75<0 "YO1. 00 0 6 "O9£Y5
Good 0.55<0 "YOO0 . 75 N1BH6 0420
Satisfactory 0.40<0 "YOO . 55 N2 § 6 0430
Unsatisfactory 0 YOO . 40 0 6 00 Rv3 0
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In addition to NSE and PBIAS, the HEEMS model calibration also considered the other performance
metrics calculated by HEEMS, as well as the model 6s ability
runoff volumes, reproduce th@nnual maximum flowrequency curve, and maintain consistency at
downstream calibration points, as summarized in Chapter 5 of CHB®R 2018.

Most of the final model parameters were preserved from the adoptedHNEOnodel. Some parameters

were modified to be more consistent between the multiple subbasins and to improve model performance
for the calibration period used in this study, which féedent from the 60 years used for calibrating the
original model. While there are ways to further improve HE@S model calibration, such as using
seasonally variable parameters and automatic optimization options, they were not pursued in this work.

2.6 Machine Learning Model Development

We adapted the LSTM and MTISSTM model$® originally developed and magmiblicly available by
NeuralHydrology (Kratzert et al., 2022}o evaluate their performance and adaptability for our specific
use case. This was accomplished by developing a custom library that adds two key functionalities: training
and evaluation routindailored to the Russian River dataset. Additionally, we provide a utility library to
support data preprocessing and visualization.

261 L STdWd en

The LSTM model is a specialized type of Recurrent Neural Network (RNN) designed to learn and retain
long-term temporal dependencies. It is especially useful for working with long sequences of time series
data, such as daily weather or streamflow records.

What makes LSTM models unique is their ability
while also fiforgettingo whatds no | onger useful
gate decides what new information to take imgthar decides what to forget, and a third controls what
information to pass along (Figure-8). This structure enables the model to learn from-teng trends

and circumvents common problems that other models encounter, such as losing track of isigoatiant

in large datasets (Hochreiter and Schmidhuber, 1997). Sectiénp&sents a LSTM network and
governing equations. Detailed descriptions about each of the gates, related equations and their applicatior
in water resource management and hydrologidefing are available in the literature. (Hochreiter and
Schmidhuber, 1997; Kratzert et al., 2018).
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26. PMul-Tiinkecal e LSITMT(MYT Snodel

This study also evaluated the LSTM model performance across both daily and hourly time scales using a
unified approach called the Mulfime-Scale LSTM (MTSLSTM), developed by Gauch et al. (2021)
(see Fig. SR).

The central idea behind the MALSTM is to first train the model using daily data, which is faster and
less computationally demanding. Then, that knowledge is used as a starting point to train the model on
hourly data. By building on what the model hagatly learned at the daily scale, it can make accurate
hourly predictions more efficiently. This approach enables us to reap the benefits -oédalyhion
hydrological modeling without the heavy computational cost typically associated with it.

NeuralHydrology implements knowledge transfer in the MTS architecture by creating a single data
structure that includes all input variables at both daily and hourly scales. This is achieved by repeating
daily variables across hourly time steps and avegdgnurly variables to generate their daily counterparts.

In our case, since the same set of variables was used at both time scales, we maintained a consister
workflow by simply averaging the hourly variables to obtain their daily equivalents withinla sisig
structure.

To support both singlecale and MTS modeling, we added a simple on/off switch (a Boolean flag) to our
training setup. Depending on this flag, the system prepares the data and selects the appropriate model an
scale, producing results at both hourly anitiydame steps (separately for singgeale and simultaneously

for multi-scale). We updated the code to handle sisgéde and mulscale models separately, and to
properly organize and save the results. For rsghile predictions, which are returnecimore complex

format, we simplified them and saved separate files for daily and hourly results. This also applies when
combining results from an ensemble of madels: we first organize them by time, then average across
timesteps to produce the final outputs.

2.7 Implementation of LSTM Models

To implement and leverage multiple LSTM models efficiently, the NeuralHydrology framework was
employed due to its applicability to hydrological modeling tasks. The library provides multiple flexible
LSTM architectures, as well as buitlt tools for preproessing data, model training, validation, and
performance evaluation. Two variations were d
architecture, a gener al LSTM model-L8pPMo mazehi f ®
its multi-timescaleextension. These models were applied to improve streamflow predictions at four
locations within the Russian Rivesatershed.

The first model, referred to simply as ALSTM, 0o
the Russian River watershed, including precipitation, potential evapotranspiration, humidity, solar
radiation, temperature, and wind speed. The secamdira | , known -lasf drhme di PIh§ T

(PILSTM), builds on the same inputs but also incorporates additional hydrologic variables generated by
the HEGHMS model. These include predicted inflows, predictedtsagin outflows, evapotranspiration,
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baseflow, infiltration, soil saturation, and percolation (Tab®.2By incorporating physiebased model
outputs as additional input features to the LSTM family of machine learning models, we developed a
hybrid approacé PILSTMd designed to enhance prediet accuracy by integrating procesased
hydrologic understanding into the dataven LSTM framework (Figure-3).

é[l state /

(n-1)
Input Gate
Working Working
Memory Memory
(n-1) Output (n)
——- ! Gate ——.

/

Hydrological ¥
Variables

{tPrecipEt::tion, ""3:;:::‘ Output
emperature, \
SE \ (n) LST™

HMS States (Soil

Saturation, Sail
Storage, ET Potential, PILSTM
Predictions)

Figure 2-3. Schematic of the LSTM and PILSTM architectures (From Fleming et al., 2024)
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To support seamless integration with the NeuralHydrology framework, we developed a custom dataset
class, RussianRiver, designed to handle three different types of model configurations:

1 Standalone and Physitsformed Daily Models
{1 Standalone and Physitsformed Hourly Models
1 Standalone and Physitsformed Multi Timescale Models

Model training, hyperparameter tuning, agehluation are managed through a structured system that
includes our custom wrapper (UCB_train.py), the RussianRiver dataset class, utility and plotting
functions, and the NeuralHydrology core library.

Some preprocessing is handled externally, such as adjustingHVEdata timestampsonverting rows

with 24:00:00 to thetodolallowinngwidaday oNse uld @d:l HY:do ®
remaining preprocessing tasks, including dataset splitting, cleaning, resampling, and feature scaling, are
managed within the NeuralHydrology pipe. The data was then normalizedNeuralHydrologyby
subtracting the mean and dividing by the standard deviation.

Model alignmend ensuring the correct pairing of dataset, resolution (dadysus hourly), MTS
configuration, and ensemble optiéns handled by the custom wrapper and dataset class. The UCB _train
wrapper also serves as the interface for invoking key NeuralHydrology training and evaluation functions.

The modeling workflow is executed througtdividual Jupyter Notebooks, which loop through a user
defined grid of hyperparameters. These can include hidden layer size, batch size, number of epochs, anc
adaptive learning rate schedules. For each combination, a fresh UCB_train instance is initialized with the
appropriate configuration. NeuralHydrology is then used to train the model, validate its performance, and
log relevant metrics. The hyperparameter set with the highest validation accuracy is selentedl for
testing.

The workflow for the physiecegnformed models mirrors that of the standalone models, differing only in
the additional physiebased predictor variables. Both are trained using the same hyperparameter space,
and the configuration with the best validationfpenance is selected. Final metrics are then evaluated on
the test period.

The selection of LSTM parameters and hyperparameters was initially guided by values reported in the
literature, particularly those related to NeuralHydrology applications (e.g., Kratzert et al.2019; Gauch et
al., 2021). To reduce computational complexaypreliminary sensitivity analysis was conducted to
eliminate less influential hyperparameter types, based on targeted adjustments to selected
hyperparameters, such as dropout rate and learning rate. As these modifications yielded minimal
performance gainghe corresponding parameters were fixed. We then performed a full grid search across
the remaining combinations. The set of hyperparameters that yielded the best performance on the
validation period was adopted for each model. The ranges of hyperpasaamadethe values of those
selected for each model run are listed in TableslSihd S112.
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LSTM weights and biases were optimized using the ADAM optimizer (Kingma and Ba, 2014) with a
loss function designed to minimize the NSE (Kratzert et al., 2019). For theU8TBl model, this loss
was augmented with a regularization term penalizing the sepzared difference between daily
predictions and dagveraged hourly outputs.

Finally, our plotting utilities generate time series comparisons, performance metrics, and visualizations
that evaluate and compare the performance of HBEAS, LSTM, and PILSTM models across the four
basins, for usedefined time periods.

28 LSTM Input Variables

Predictor variables include meteorological forcings, boundary flows, and outputs from thelA&C
model. Table b lists the full set of predictor variables used for both the LSTM and PILSTM models at
the Calpella Gage location. This site drains a singbbasin, EF RUSSIAN 20 (see Figurdll). The
same types of meteorological and HBMS predictor variables were used at the other locations, applied
to their respective upstream subbasins. TablelSi8tails the subasins contributing to each gage and
the meteorological stations used.
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Table 2-6. Predictor variables for Calpella Gage

Variable | Daily Units | Hourly Units | LSTM | PILSTM
Observed flow:

Predict | Predictan

NR CALPELLA FLOW COE CPL Cfs cfs and d
Meteorological variables:

EF RUSSIAN 20 ETPOTENTIAL inch/day inch/hr \ \
EF RUSSIAN 20 PRECHNC

SCREENED inch/day inch/hr N N
UKIAH CA HUMIDITY USAF -NOAA % % N N
UKIAH CA SOLAR RADIATION USAF-

NOAA Watt/m2 Watt/m2 N N
UKIAH CA TEMPERATURE USAF

NOAA Deg F Deg F N N
UKIAH CA WINDSPEED USAFNOAA MPH MPH N N

Boundary conditions (inflows):
POTTER VALLEY CA FLOW

USGS ADJUSTED CES CES N N
HEC-HMS Outputs:

Capella Gage FLOW CFS CFS N
EF Russian 20 EPOTENTIAL inch/day inch/hr N
EF Russian 20 FLOW CFES CFES N
EF Russian 20 FLOVBASE CFS CFS N
EF Russian 2INFILTRATION inch/day inch/hr N
EF Russian 20 PERSOIL inch/day inch/hr N
EF Russian 20 SATURATION FRACTION inch/inch inch/inch N
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3. RESULTS AND DISCUSSION

This section presents the results of streamflow prediction evaluations using both thebbS&dM
NeuralHydrology models and the HEIMS model. Model performance is assessed at four locations
within the Russian River watersk@&duerneville, Hopland, Calpelland Warm Springs acrosstwo-

time scales (daily and hourly) and five model types: HEKAS, LSTM, PILSTM, MTSLSTM, and
MTS-PILSTM. Performance is evaluated using a suite of hydrologic metrics and is further supported by
graphical comparisons. The subsetugections detail the model results and assess their performance
based on standard evaluation metrics.

In addition, subsets of the simulated flow tisegies generated for the testing period were used to calculate
NSE for the following hydrologically relevant subperiods:

O«

Wet season: OctobeMay

O«

Dry season: JuneOctober
Four individual water years in the test period: WY 20@609

O«

O«

A Wett est 0thayaat vatihthe maximunm streamflow peak
ADri est 0 thewareiththgmamiemumstreamflow peak

(@]

3. HEE&HMSCal i br atTesnhi agd

The HEGHMS model was calibrated using hourly data for the water yeard 2008 and tested for the
period 20052009 at four locations within the Russian River watershed. Figdrergsents time series

and scatter plots of the observed streamflow, aloily the model results for each location for the
calibration period. Overall, the HEBMS model demonstrates good to very good performance, with NSE
values ranging from 0.71 to 0.90 and PBIAS values between 0.71% and 4.19% in the calibration period.
Despite the strong overall performance, some discrepancies are evident in the form -ofawder
underestimation at specific sifesost notably at Calpella and Guerneville. These errors may be linked to
the poor estimation of boundary conditions, d@hd influence of upstream reservoirs and multiple
diversion points that affect flow regulation. The daily performance statistics were derived by aggregating
the hourly results.

Several key performance statistics calculated using both the NeuralHydrology and tiréMEE@0del
packages for the test period are summarized in Taklesn8l SI41. The model maintained good to very
good performance during the test period, although HHS model performance deteriorated slightly

19
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during the test period compared to the calibration period, possibly due to missing observed flow data for
some of the bettgrerforming wet months (e.g., Marelune 2009). The calibrated and tested HEZS
model serves as a benchmark for assessing tf@mpance of the LSTMased models.
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Figure 3-1. HEC-HMS calibration results for water years 1992805 at four locations within the
Russian River watershed.
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3.RSTMased Validation and Testing

We developed four variants of LSFivhsed models: standalone LSTM, a physiisformed LSTM, a
multi-timescale LSTM, and a physiasformed multitimescale LSTM. All models were trained using
data from water years 1905002, validated over 2003005, and tested on the period 202809, with
experiments cattucted at both daily and hourly temporal resolutions. The hyperparameter selection (see
section 2.11) was performed by training the models on the-2093 periodthen validating on the 2003
2005 period. After completing the hyperparameter selectionmthaels were rérained for the entire
training period, spanning 1995 to 2005. These trained models were then applied to tB8@DE&Gting
period, which is used to evaluate model performance. Figdrprdsents the model performance across
the combinedraining and validation periods for all LSTM variamtsthe hourly time scal&imilarly,
Figure 33 shows the corresponding results for the MISS'M model. Detailed results of the LSTM and
MTS-LSTM models at the hourly and daily time scale are presemtsettion Si5.

As shown in Figure -3, the LSTMbased model results capture most of the high and low flow values
when compared to observations, and the performance statistics are notably better than-HdSHEC
model.

All validated LSTMbased models were tested over water yearsiZ00® to enable comparison among
the LSTM variants and with the HEEMS model during the same period. Figurd Presents the test
results for the standalone LSTM andIF8TM models at the haly time scale, while Figure-8 shows

the results for the MT-ESTM-based models. Corresponding results for the daily time scale are provided
in Figures SI&3 and SI&4. A detailed comparison of model performance at both hourly and daily time
scales is msented in Table Si3, Overall, all LSTMbased models outperformed the HB®IS model.
Further discussion of these results is provided in the following Model Comparison section.
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Figure 3-2. Performance of HMS, the standalone LSTM, and the PILSTM models over the training and
validation period (analogous to the calibration period in the HHBS model) at an hourly time scale
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Figure 3-3. Performance of HMS, the MFESTM, and the MTSPILSTM models over the training and
validation period (analogous to the calibration period in the HHBLS model) at an hourly time scale
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Figure 3-4. Performance of HMS, the standalone LSTM, and PILSTM models over the testing period
at the hourly time scale
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Figure 3-5. Performancef HMS, the MTSLSTM, and MTSPILSTM, models over the testing period
at the hourly time scale
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A comparison of model performance between the training and testing periods (Figuaes 33 vs. 3

4 and 35, and associated metrics) reveals some signs of overfitting. While this is less evident from the
time series alone, the consistently higher N$Bres during training suggest the models may not
generalize as well to unseen data. Several strategies could help mitigate this issue and improve overall
model robustness, including regularization techniques, -sagtation, early stopping, increasedriag

data diversity, and more careful tuning of model parameters such as the dropout rate (Srivastava et al.,
2014; Ying, 2019). Crosgalidation is particularly important when the most recent years of the training
dataset are not representative of thetfaining period. It is also especially useful when working with
nonstationary data, as it helps ensure that the model generalizes well across varying conditions and
temporal shifts.

3. Blodel Performances Compari son

Several model performance metriceluding the NashSutcliffe Efficiency, Kling Gupta Efficiency,

and Percent Biasvere used to comprehensively evaluate the performance of theHMSCand various
LSTM-based models. These metrics assess different aspects of model accuracy, bias, and variability.
Table 31 presents thBISE and PBIASesults of these statistical evaluations for the hourly simulations
across all tested models.

Table 3-1. Standalone LSTM, PILSTMMTS-LSTM, andMTS-PILSTM testperiod summarymetrics
at an hourly time scale

Metric Calpella Guerneville Hopland Warm Springs

NSE [ PBIAS [ NSE |PBIAS |NSE |PBIAS NSE | PBIAS

HMS 0.678|-6.04% | 0.840 |-13.47%| 0.752| -18.56% | 0.614 | -3.82%
LSTM 0.648| 11.42%| 0.820 |-2.05% [ 0.761|-12.50% | 0.711 | 0.45%
PILSTM 0.728(-0.45% [ 0.913 | -11.09%] 0.840| -16.61% | 0.784 | -4.28%

MTS-LSTM 0.726] 10.98% | 0.894 |-9.46% | 0.811|-17.62% | 0.796 | 6.05%

MTS-PILSTM [ 0.748|-1.91% | 0.860 | -13.88%] 0.826 | -11.07% | 0.804 | 2.24%

In addition to the comparative tabulated results (see Tablesr8l $4-1), an empirical cumulative
distribution of NSEvalues for all models is presented in Figuré @®nly positive NSE values shown).
The NSE values include both daily and hourly time series data across all locations-padasi( Table
SlI4-2) As shown, most LSThased models outperform the HEBAS. Among the LSTM models, the
PILSTM and MTSLSTM demonstrated better performance than the standalone LSTM models.
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Similarly, Figure 37 illustrates the variation in NSE and KGE performance across the five models,
including only the positive values calculated for both hourly and daily time series data. As shown,
performance variability among the LSThhsed models is gerally lower compared to HEBMS, and

the NSE metric appears less sensitive across all models when compared to KGE. Since KGE accounts fol
correlation, bias, and variability, it is considered a more balanced metric for evaluating overall model
behavior. The greater variability observed in KGE values across all models may reflect underlying
hydrologic variabilityy particularly the influence of flashier peak flows and variable base flows across
many of the study basins.

1.0 4 —— HMS . noA
-#- LSTM A'
0.0 ~A- PILSTM o's

—&-- MTS-LSTM

0.l ~* MTS-PILSTM

CDF

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Figure 3-6. Empirical CDF of all models computed across all locations and time scales. Only NSE
values greater than zero are shown on thaxxs, though they were included in the CDF calculation.
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As shown in Tables-3, SI42 and Figures-3 and 35, both the MTSPILSTM and MTSLSTM models
outperform HEGHMS and the other LSTM variants. This improved performance can be attributed to the
incorporation of physiecbased features in PILSTM and the adidenefit of dailytrained information,
which enhances hourly predictions in the MISTM framework. However, the KGE values (Figure 3

7, Table Sl41 and Sl142) indicate that while incorporating physibased information generally improves
performance, itan sometimes introduce misleading sigdatases where HEEIMS performs poorly

often align with lower performance in the PILSTM as well.

Comparison of NSE and KGE (Filtered for Positive Scores)
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Figure 3-7. NSE and KGE variations for the five examined LSTM model simulation results

In complex basins like Guerneville, results were more mixed: HBAS better captured peak flows,
while standalone LSTM occasionally outperformed the phyisicemed variant. With two exceptions,

the PILSTM model consistently outperforms both the stanédl@TM and HEEGHMS models in terms

of NSE across most locations and time scales, as shown in Fable 3he two cases where this trend

did not hold (Hopland and Guerneville hourly), the standalone LSTM performs slightly better. When
considering the fulbuite of performance metrics, the results are more nuanced, but PILSTM generally
maintains the strongest overall performance, followed by the LSTM.

Similar trends are observed when using the KGE, which better captures correlation, bias, and variability.
Across most locations, the LSFhhsed models consistently outperform the HBE@S model. One
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exception was Guernevibethe most complex basinwhere standalone LSTM slightly outperformed
PILSTM, though the cause of this difference remains unclear.

In contrast to other performance metrics, the flow duration curve metric revealed distinctly different
performance patterns. For hiffow volumes (FHV), HEGHMS outperformed the LSTM models in
Guerneville, while the PILSTM model led in Calpella and Wappnrsgs. Overall, HEEHMS tended to
overestimate high flows, whereas LSTM models generally underestimated them. Flawowwlumes
(FLV), the LSTM models more reliably captured streamflow patterns than-H¥S, although both
showed mixed patterns of undand overestimation (Tab®4-1).

Seasonal analysis revealed that all models struggled during the dry seasdéisdptaraber), with
performance frequently dropping to negative NSE values (Tabl@)Sihghlighting persistent challenges
in modeling low flows. These findings reinforce the need for hybrid, ceaigate modeling approaches
that consider basin complexity and temporal variability.

3.BRerformance Across Hourly and Daily Ti

Recognizing the operational need for hourly streamflow forecasts, this study investigated two approaches
for hourly prediction: a standalone hourly LSTM model and the hybrid +tinnéscale LSTM combining

daily and hourly time steps. All models performedlivat the hourly scale, though NSE scores were
generally higher for daily predictions. The main exceptions were the hourly models at Guerneville and the
standalone hourly model at Hopland, which outperformed their daily countéifeite 3 4-1). Notably,

hourly NSE performance was better at downstream locations (Guerneville and Hopland) compared to the
headwater sites (Calpella and Warm Springs), with the performance gap between hourly and daily scales
narrowing downstream. This likely reflects the devadirainage areas, effects of the imported water from
outside the basin boundary, and greater precipitation uncertainty upstream, as well as the stronger
influence of managed reservoir releases that have been accounted into thebasfidMmodel at
downsteam locations. Similar patterns were observed for KGE, while no consistent trends emerged for
percent bias (PBIAS).

3. Berformance-Tofmetsica |l MulLtSITM Model s

As reported earlier (Table B) and shown in Figures4 and 35, the MTSLSTM model outperformed

not only the HEEHMS model but also the standalone LSTM models at the hourly time scale, with similar
performance for LSTM at the daily time scale and PILSTIM addition, the MTS.STM approach by
integrating daily and hourly predictions within a unified frameworkduced computational demands by
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approximately a factor of 35 compared to the standalone hourly LSTM, while maintaining or even
improving predictive accuracy. This substantial efficiency gain, combined with strong performance,
highlights the practical advantages of the MISTM architectue. Although MTS architectures are less
mature and less frequently applied in hydrology, our successful implementation here shows promise for
broader use.

3.Benefits of | ncBoarspeod aMoi dnegl PGQiuytspi uctss

As reported in most of the performance tables and figures, the pinyfeiored LSTM modeld
enhanced by incorporating additional hydrologic features from the-HES moded consistently
outperformed both the standalone LSTM models and the-HES model. Buding on previous
literature, we confirmed that integrating outputs from phybased models like HEEIMS improves

LSTM predictive performance. Adding HEE@MS outputs to the physigaformed LSTM enhanced NSE

in most configurations, except for the MTS mebdct the hourly scale, where improvements were
negligible (Figures 3l and 35). Our prior work in the Tule River basin (Fleming et al., 2024) indicated

this approach is especially effective when extreme wet and dry years are excluded from calibration,
boosting model robustness beyond calibration conditions. Testing similar strategies at this site could be a
valuable direction for future research.

3.Peak and Low Fl ow Perfor mance

Peak flow prediction remains a challenge across all L&&8ed models. Observational comparisons
suggest that HEEIMS at times captures peak high flows more accurately than LSTM models, which
tend to underestimate these events, while HHEMS often overesmates them (Figures-8 and 35).
However, the Flow Duration Curve higlolume metric (FHV), the bias calculated on the top 2% of flows,
indicates that LSTM models generally outperform HERS in representing high flows more broadly.
Similarly, the lowflow volume metric (FLV), the bias based on the bottom 30% of flows, shows that
LSTM-based models more reliably capture low flows than HES, though both approaches display
consistent patterns of undend overestimation (Figures43and 35; see also Figes SI51 and SI53).

It should be noted that the calibration process for both L®&btd models and the HEOMS model in

this study did not focus on capturing low flow volumé#hen focusing specifically on the wettest and
driest years 5 and 6 of the test period, the PILSTM and MTFBILSTM outperforms HEEHMS, with

the latter often overestimating peak flows (Figures Stiirough S174).

Additionally, we observed that at times LSTbased models plateau when predicting extreme flow
events, as illustrated in Figure8a. Beyond the clear pattern of overprediction by HEIS and
underprediction by the LSTNdased models, the figure suggestaay mpt ot i ¢ | i mi t i n
ability to capture the highest flows. This limitation is likely due to the scarcity of extreme events in the
training data, which reflects their natural rarity compared to more moderate flow conditions.
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4. CONCLUSIONS AND RECOMMENDATIONS

This study developed and evaluated five model configurations for streamflow prediction at four locations
within Californiads Ru-BMS (@)rstanddloned 85TMW3) physicgohmed! @ (1
LSTM (PILSTM), (4) multitimescale LSTM (MTS.STM), and (5) physicsnformed multitimescale

LSTM (MTS-PILSTM). The primary objective was to assess the performance of the LongT8hort
Memory (LSTM)based deep learning model for rairifalinoff modeling, comparing it with the U.S.

Army Corps of Engineets p r -based BEEXHMS model. All LSTMbased models were implemented

using the opersource NeuralHydrology library, recently updated and released by the Google Research
team.

Across a range of performance metrics, including N&skcliffe Efficiency, Kling Gupta Efficiency, and

flow duration curve indicators, LSTMased models generally outperformed the prebassed HEE

HMS model, though results varied by location, season flamdregime. The physiesiformed LSTM
(PLSTM) consistently demonstrated the strongest overall performance, followed closely by the standalone
LSTM. Exceptions to this trend were limited, with the standalone LSTM slightly outperforming PILSTM

in a few cass. While HEGHMS occasionally captured peak flows more accurately, it typically
overestimated them, whereas LSTM models tended to underestimate these extremes. In contrast, LSTM
models more reliably represented low flows, though both model types exhibited patterns of over

and underestimation depending on the site and season.

The performance of all models declined during the dry season, reflecting persistent challenges in low
flow prediction. Hourly predictions were generally less accurate than daily predictions in the less managed
basins; however, in more regulated badimghere managed reservoir releases played a larger role and
precipitation uncertainty was lowd@thourly predictions were comparable to or even outperformed daily
ones. Although we did not perform comprehensive benchmarking of computational run times, training
andtuning models at the hourly scale imposed significant computationabcogtso 30 to 70 times
greater than daikgcale modeling highlighting the practical benefits of the mtitnescale LSTM
(MTS-LSTM) approach. This is consistent with Gauch et al. {20&hich found a speedup of 40 times
when training the MT&STM on a CONUSwide dataset. By combining daily and hourly inputs, MTS
LSTM achieved comparable accuracy with dramatically reduced training time. Incorporating fphysics
based model outputs, suchthose from HEGHMS, further enhanced LSTM model performance in most
configurations.

Based on the findings of this study, we make the following recommendations:

0 Operational Forecasting The MTSLSTM model offers a promising path forward for hourly
forecasting needs in operational settings due to its computational efficiency and disiépme
output. Future work should explore its application with forecasted meteorological inputs.

O«

Scalability: Expanding the MT&.STM framework to additional basins will enable generalization
and support broader deployment. Including more hydrologic fedtumash as soil type, vegetation,
slope, elevation, and climate varialdesan further improve model robustses
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0 Hybrid Approaches: Results affirm the utility of integrating procdsssed model outputs into deep
learning models. Future work should assess the robustness of these hybrid configurations-under out
of-range conditions, including climate extremes.

0 Peak and LowFlow Representation Continued development of strategies to improve extreme
flow predictiord particularly during peak events and dry sea8oissvarranted. Adjustments to loss
functions, data augmentation, and stratified calibration may help, but were not in the scope of this
report.

0 Data Availability and Compatibilit y: Datadriven models depend heavily on the availability and
accuracy of input data; insufficient or pequality data can significantly degrade model performance
and hinder the development of reliable predictions. The HEC software suite comprises multiple
models, including HEEHMS, HEGRAS, and HEEGResSim, each with its standard input formats

and requirements. To enable meaningful performance comparisons between HEC models and ML
based models, it is recommended that HE@:hbgp a centralized, qualigontrolled database that
supports the input formats necessary for ML applications.

In summary, this study highlights the potential benefits of integrating pHyased and machine learning
approaches to improve streamflow prediction across a range of basin conditions and temporal resolutions.
The demonstrated performance of hybrid msdlglarticularly the multtimescale physiesiformed

LSTMd points to their potential for achieving both greater accuracy and computational efficiency. The
accuracy of deep learning models is highly dependent on the selection of appropriate parameters and
hyperparameters, as well as testing across multiple basins to capture hydrologic variability. In this study,
we developed separate LSTM models for each of the four locations to account-fesifec input
characteristics and evaluated them at thelsmgn scale. Most hyperparameters were selected based on
limited tuning, without comprehensive validation. Additionally, the modeling framework was simplified

by excluding static variables and omitting explicit representations of reservoir operations.
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SUPPLEMENTAL |NFORMATION

SI-1: LSTM Model Architecture

Figure Sl1-1. Graphical representation of the LSTM architecture (source: Gauch et al., 2021)

The following equations define the structure of the LSTM models:

i[t=, Wix[t]+Uih[td =0 FbT = (1)
flt=, (Wix[t]+Urh[td Z06 Fb)T = (2)
gt]= tanhWex[t] + Ugh[td = G Fbg | = (3)
o[t]=, (Wox[t] + Ush[td = 06 Fba) T =  (4)
ctj=f[tF = c[Ed = 0 f[F = g[8 (5)
hitl=otr = = ©7tf)3 X (6)

In the equations abovg,is an input sequenc&[fl], € , X[T]] with T time steps, with each elemexjt]
being a vector of model inputs for time stepThen,i[t], f[t], andO[t] are the input, forget, and output
gates, respectively. Additionallgft] is the cell inputh[t-1] andc[t-1] are the recurrent input and the cell
state from the previous time step, respectively. Algpl, andb are parameters for each gate (learned
during training), with subscripts indicating which gate they are usegd()as the sigmoid function, tanh()

is the hyberbolic tangent function asidis the elementvise multiplication. A graphical representation is
shown in Figure SL.

The MTSLSTM mirrors this architecture but uses both daily and hourly temporal scales. At a selected
timestep, the information gained by the cossale LSTM is used to initialize an additional fiseale
LSTM, which has the same architecture, but a shaoirhe step (Figure S2).




Innovation Fund Project, USACE-HEC

~H ~H aD
Y3651 ... ¥Y36524 V365

I 1 I

(et | [Fcr | [Fcp

H H H H L H H
X3631  X36324 X364,1 X364,24  X3651  X365,24

0 e ) i
LSTM i i | ]
D D D D D
X1 X362 X363 X364 - X365
BD LSTMs FC{?H} Linear output layers FCypy Linear state transfer layers
xg Daily input variables at day d x(li{,h Hourly input variables at day d, hour h
yg Daily prediction at day d j?;lnh Hourly prediction at day d, hour h

Figure SI-2. Graphical representation of the MFLSTM architecture (from Gauch et al. 2021)
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SI-2: Hyperparameter Selection

Table SI12-1. Tested HypelParameters and their ranges.

Hyperparameter Value
Hidden size 64, 128, 256
Sequence length (daily) 90, 120
Sequence length (hourly) 168, 336
Layers 1
Epochs 16, 32, 48
Batch size 64, 128, 256
Dropout probability 0.4
Learning rate schedule* 0,0.5,0.751
Learning rate* 0.01, 0.005, 0.001

Note:*these compose single parameter, resulting in the learning rate being 0.01 for the first 50% of
the sequence, 0.005 for the next 25%, and 0.001 for the last 25%
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Table SI2-2. Selected HypeParameters for each location and time scale.

(a) Calpella

Hyperparameter Value Value (standalone | Value (multiscale Value (multiscale
(standalone hourly) daily) hourly)
daily)

Calpella no physics

Hidden size 256 256 256 256

Sequence length 90 336 90 336

Layers 1 1 1 1

Epochs 32 48 16 16

Batch size 256 128 64 64

Dropout probability 0.4 0.4 0.4 0.4

Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1

Learning rate*

0.01, 0.005, 0.00]

0.01, 0.005, 0.001

0.01, 0.005, 0.001

0.01, 0.005, 0.001

Calpella physics

Hiddensize 256 64 64 64

Sequence length 120 168 90 168

Layers 1 1 1 1

Epochs 16 16 32 32

Batch size 64 256 64 64

Dropout probability 0.4 0.4 0.4 0.4

Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1

Learningrate*

0.01, 0.005, 0.001

0.01, 0.005, 0.001

0.01, 0.005, 0.001

0.01, 0.005, 0.001
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(b) Hopland
Hyperparameter Value Value (standalone| Value (multiscale Value
(standalone hourly) daily) (multiscale
daily) hourly)
Hopland no physics
Hidden size 256 256 256 256
Sequence length 20 336 120 336
Layers 1 1 1 1
Epochs 32 32 48 48
Batch size 64 564 32 32
Dropout probability 0.4 0.4 0.4 0.4
Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1
Learning rate* 0.01,0.005, 0.001 0.01, 0.005, 0.001 | 0.01, 0.005, 0.001 | 0.01, 0.005,
0.001
Hopland physics
Hidden size 64 128 128 128
Sequence length 90 336 120 336
Layers 1 1 1 1
Epochs 16 16 32 32
Batch size 64 128 64 64
Dropout probability 0.4 0.4 0.4 0.4
Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1
Learning rate* 0.01, 0.005, 0.001 0.01, 0.005, 0.001| 0.01, 0.005, 0.001 | 0.01, 0.005,

0.001
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Warm Springs

Hyperparameter Value Value (standalone | Value (multiscale Value
(standalone hourly) daily) (multiscale
daily) hourly)

Warm Springs no physics

Hidden size 128 256 64 64

Sequence length 120 168 120 168

Layers 1 1 1 1

Epochs 48 48 32 32

Batch size 128 256 64 64

Dropout probability 0.4 0.4 0.4 0.4

Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1

Learning rate* 0.01, 0.005, 0.001 0.01, 0.005, 0.001| 0.01, 0.005, 0.001 | 0.01, 0.005,

0.001

Warm Springs physics

Hidden size 64 64 64 64

Sequencéength 20 336 120 168

Layers 1 1 1 1

Epochs 48 32 48 48

Batch size 256 64 64 64

Dropout probability 0.4 0.4 0.4 0.4

Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1

Learning rate* 0.01, 0.005, 0.001 0.01,0.005, 0.001 | 0.01, 0.005, 0.001 | 0.01, 0.005,

0.001




(d) Guerneville
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Hyperparameter Value Value (standalone | Value (multiscale Value
(standalone hourly) daily) (multiscale
daily) hourly)

Guerneville no physics

Hidden size 256 128 256 256

Sequence length 20 336 20 168

Layers 1 1 1 1

Epochs 48 48 48 48

Batch size 64 64 64 64

Dropout probability 0.4 0.4 0.4 0.4

Learning rate schedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1

Learning rate* 0.01, 0.005, 0.003 0.01, 0.005, 0.001| 0.01, 0.005, 0.001 0.01, 0.005,

0.001

Guerneville physics

Hidden size 64 64 128 128

Sequence length 20 336 90 168

Layers 1 1 1 1

Epochs 48 16 48 48

Batch size 64 64 64 64

Dropout probability 0.4 0.4 0.4 0.4

Learning rateschedule* 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1 0,0.5,0.75,1

Learning rate* 0.01, 0.005, 0.001 0.01, 0.005, 0.001| 0.01, 0.005, 0.001 | 0.01, 0.005,

0.001
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SI-3: Predictor and Predictand Variables

Table SI3-1. Variables for Hopland, Warr8prings, and Guerneville

(a) Hopland

Locations LSTM PILSTM
Observed flow:

NR HOPLAND FLOW COE HOP Predictand | Predictand
Subbasins (Precip and ET):

RUSSIAN 60 N N
RUSSIAN 70 N N

WF RUSSIAN N N
Boundary conditions (Flow):

UKIAH CA FLOW USGSMERGED (CVD outflow) N N

Met Gages (humidity, solar radiation, temp,

windspeed):

Ukiah CA N N
HEC-HMS Subbasin Outputs

(Potential ET, flow, baseflow, infiltration, percolation, saturation fraction):
Russian 60 N
Russian 70 N

WEF Russian N
HEC-HMS computed flow:

Hopland Gage N
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(b) Warm Springs

Locations LSTM PILSTM
Observed flow:
LAKE SONOMA FLERES IN CAMAL-SHIFISMOOTH Predictand | Predictand
Subbasins (Precip and ET):

DRY CREEK 20 N N
DRYCREEK 30 N N
Met Gages (humidity, solar radiation, temp, windspeed):

Santa Rosa CA N N
Ukiah CA N N

HEGHMS Subbasin Outputs
(Potential ET, flow, baseflow, infiltration, percolation, saturation fraction):

Dry Creek 20 N
Dry Creek 30 N
HEGHMS computed flow
Warm Springs Dam Inflow N
(c) Guerneville
Locations LSTM PILSTM
Observed flow:
NR GUERNEVILLE FLOW COE GRN Predictand | Predictand
Subbasins (precipitation and potential ET):
BIG SULPHUR CR N N
DRY CREEK 10 N N
GREEN VALLEY N N
LAGUNA N N
RUSSIAN 20 N N
RUSSIAN 30 N N
RUSSIAN 40 N N
RUSSIAN 50 N N
RUSSIAN 60 N N
RUSSIAN 70 N N
SANTA ROSA CR 10 N N
SANTA ROSA CR 20 N N
WF RUSSIAN N N
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Boundary conditions (flow):

UKIAH CA FLOW USGSMERGED (CVDoutflow) N N
GEYSERVILLE CA FLOW USGSMERGED (Warm

springs dam outflow) N N
Met Gages (humidity, solar radiation, temp,

windspeed):

Ukiah CA N N
Santa Rosa CA N N

HEC-HMS Subbasin Outputs
(potential ET, flow, baseflow,infiltration, percolation, saturation
fraction):

BIG SULPHUR CR
DRY CREEK 10
GREEN VALLEY
LAGUNA

RUSSIAN 20
RUSSIAN 30
RUSSIAN 40
RUSSIAN 50
RUSSIAN 60
RUSSIAN 70

SANTA ROSA CR 10
SANTA ROSA CR 20

WEF RUSSIAN
HEC-HMS computed flow:
Guerneville Gage

Z P2 P2 P2 P2 P2 P2 P2 P2 P2 P2 P2 P2

b Z
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SI-4: Performance Metrics Results

Table SI4-1. Detailed testing period performance metrics results for all locations, models, and temporal
scales. Bold/alues represent best performing model in each combination.

Calpella
Daily Hourly
MTS-
PLST MTS- PLST PLST | MTS- MTS-
Metric HMS | LSTM M LSTM M HMS | LSTM M LSTM | PLSTM
NSE 0.70 0.80 0.84 0.71 0.84 0.68 0.65 0.73 0.73 0.75
11529| 12629

MSE 76611| 51409| 41011| 73501| 39859 3 8| 97615| 98256 90504
RMSE 277 227 203 271 200 340 355 312 313 301
KGE 0.75 0.74 0.88 0.59 0.83 0.76 0.54 0.83 0.65 0.80
Alpha-

NSE 1.22 0.78 0.93 0.61 0.85 1.20 0.58 0.91 0.70 0.85
BetaKGE 1.06 0.90 0.95 1.03 0.97 1.06 0.89 1.00 0.89 1.02
BetaNSE 0.03 -0.06 -0.03| 0.018| -0.016 0.03| -0.06| 0.002] -0.05 0.01
Pearsosr 0.90 0.90 0.92 0.89 0.92 0.88 0.85 0.85 0.87 0.86
FHV 26 -19 -2 -33 -10 23 -37 1 -26 -7
FMS 1 -22 -10 -48 -22 0.44 -36 -17 -23 -19
FLV -970| -1001 59 91 57 1.7 86 -2 -2 -3
Peak

MAPE 54 44 28 36 24 37 56 48 41 39
PBIAS -6 10 5 -3.1 2.7 -6 11 -0.4 11.0 -1.9
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Hopland
Daily Hourly
MTS-
PLST MTS- PLST PLST | MTS- MTS-
Metric HMS | LSTM M LSTM M HMS | LSTM M LSTM PLSTM
NSE 0.80 0.81 0.79 0.81 0.84 0.75 0.76 0.84 0.81 0.83
40494 54921| 52855| 35443| 41914
MSE 3| 382463| 412506| 382543| 312568 0 3 9 5 384009
RMSE 636 618 642 619 559 741 727 595 647 620
KGE 0.73 0.80 0.78 0.79 0.84 0.71 0.81 0.81 0.79 0.84
Alpha-
NSE 1.19 0.98 0.92 0.97 0.93 1.20 0.92 1.04 0.93 0.93
Beta
KGE 1.19 1.17 1.17 1.19 1.12 1.19 1.13 1.17 1.18 1.11
Beta
NSE 0.08 0.07 0.07 0.08 0.05 0.08| 0.051 0.07 0.07 0.045
Pearson
r 0.93 0.90 0.89 0.90 0.92 0.92 0.88 0.93 0.90 0.91
FHV 23.9 1.3 -2.9 -1.1 -2.4 23 -7 5 -4 -5
FMS 32 31 26 27 35 27 29 22 8 39
FLV 96 -1.8 -1.9 -2.1 98 96 97 -2.1 -1.8 -1.3
Peak
MAPE 36 34 28 49 35 40 27 29 29 28
PBIAS -19 -17 -17 -19 -12 -19 -13 -17 -18 -11
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Warm Springs
Daily Hourly
MTS-
PLST MTS- PLST PLST | MTS- | MTS-
Metric HMS | LSTM M LSTM M HMS | LSTM M LSTM | PLSTM
NSE 0.73 0.83 0.87 0.84 0.87 0.61 0.71 0.78 0.80 0.80
14331 25971 | 19445| 14513| 13681

MSE 3| 89196 70814| 86733 71220 5 0 0 2| 131585
RMSE 379 299 266 295 267 510 441 381 370 363
KGE 0.79 0.89 0.93 0.90 0.93 0.76 0.82 0.87 0.86 0.86
Alpha

NSE 1.18 1.06 1.02 1.04 1.01 1.18 0.91 1.07 0.94 0.91
Beta

KGE 1.04 1.04 1.02 1.05 1.01 1.04 1.00 1.04 1.06 0.98
Beta

NSE 0.02 0.02 0.006 0.02 0.005 0.01| -0.002 0.02 0.02 -0.01
Pearsorr 0.90 0.92 0.94 0.92 0.93 0.85 0.85| 0.901 0.89 0.897
FHV 24 10 6 9 5.16 25 -3 9 -1 -4.72
FMS 25 15 11 18 6.91 31 19 9 -13 9.37
FLV 79 -101| -2,240 -114 19.16 80| -2,241| -2,250 -15|  -77.42
Peak

MAPE 45 52 44 52 47 55 55 44 43 42
PBIAS -3.8 -4.3 -1.6 -4.8 -1.3 -3.8 0.4 -4.3 -6.1 2.2
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Guerneville
Daily Hourly
MTS- MTS-
PLST | MTS- | PLST PLST | MTS- | PLST
Metric HMS | LSTM M LSTM M HMS | LSTM M LSTM M

NSE 0.85 0.86 0.86 0.85 0.89 0.84 0.82 0.91 0.89 0.86

462321| 429934| 418133| 464560 347646 510084| 572927| 277834| 335834 445132
MSE 4 1 6 1 2 0 5 9 3 0
RMSE 2,150 2,073| 2,045| 2,155| 1,865| 2,259| 2,394 1.667| 1,833 2,110
KGE 0.84 0.84 0.83 0.85 0.81 0.84 0.78 0.88 0.86 0.84
Alpha
NSE 1.03 0.95 0.93 0.91 0.98 1.03 0.80 0.99 0.91 0.98
BetaKGE 1.14 1.13 1.14 1.09 1.18 1.13 1.02 1.11 1.09 1.14
BetaNSE 0.05 0.05 0.05 0.03 0.06 0.05 0.01 0.04 0.03 0.05
Pearsosr 0.93 0.93 0.93 0.92 0.94 0.92 0.91 0.96 0.95 0.93
FHV 3 -5 -3 -13 3 3 -19 0.2 -5 3
FMS -24 45 10 161 11 -25 15 16 0.8 23
FLV 98 52 43 95 37 98 -3 9 7 48
Peak
MAPE 15 30 23 32 20 26 33 18 25 26
PBIAS -14 -13 -14 -9 -18 -13 -2 -11 -9 -14




Hydrologic Modeling using HEEHMS and Deep Learning Models Russian River Watershed

Table S14-2. Seasonal and water year NSfmmary

Daily Hourly
: MTS- MTS-
Location LST | PLST | MTS- MTS-
HMS M M LSTM Pk/IST HMS | LSTM | PLSTM LSTM PIMST
WY 2006
Calpella 0.74 | 0.80 0.85 0.72 0.86 0.75 0.63 0.77 0.72 0.78
Hopland 0.90 | 0.83 0.78 0.80 0.84 0.87 0.76 0.84 0.82 0.82

Warm Springs| 0.85 | 0.91 0.93 0.91 0.93 0.79 0.81 0.88 0.86 0.89
Guerneville 0.91 | 0.89 0.87 0.86 0.91 0.90 0.84 0.95 0.89 0.90

WY 2007
Calpella -0.08 | 0.65 0.58 0.66 0.63 -0.24 0.61 0.31 0.68 0.37
Hopland -1.04 | 0.38 0.36 0.67 0.48 -1.19 0.51 0.58 0.49 0.56

Warm Springs| 0.35 | 0.72 0.77 0.78 0.69 0.03 0.40 0.61 0.58 0.61
Guerneville 0.65 | 0.78 0.84 0.76 0.77 0.60 0.67 0.83 0.85 0.75

WY 2008
Calpella 082 | 0.78 0.86 0.62 0.84 0.75 0.63 0.77 0.74 0.76
Hopland 0.71 | 0.67 0.89 0.81 0.90 0.71 0.79 0.85 0.85 0.86

Warm Springs, 0.67 | 0.87 0.91 0.85 0.91 0.40 0.69 0.61 0.74 0.66
Guerneville 0.42 | 0.65 0.69 0.74 0.70 0.47 0.66 0.59 0.87 0.52

WY 2009
Calpella -0.34 | 0.46 0.42 0.33 0.56 -0.84 0.47 -0.78 0.27 -0.07
Hopland 0.17 | 0.72 0.65 0.38 0.75 0.02 0.35 0.70 0.15 0.64

Warm Springs| -0.15 | -0.17 | 0.02 -0.11 0.04 -0.31 | -0.35 0.29 0.39 0.43
Guerneville 0.52 | 0.56 0.84 0.59 0.79 0.52 0.69 0.88 0.83 0.88

Dry Season June’i September June’i September
Calpella -0.27 | -0.15 | -0.32 -0.19 0.03 -0.27 0.00 -0.09 -0.09 0.00
Hopland 0.53 | -0.12 | -0.53 0.10 0.41 0.53 0.28 0.30 0.04 0.26

Warm Springs| -0.17 | -0.03 | -0.07 -0.01 -0.04 -0.04 | -0.01 -0.01 -0.02 -0.01
Guerneville -3.46 | -1.64 | -7.77 -1.64 -3.26 -3.31 -1.22 -0.27 -0.63 -1.89

Wet Season Octoberi May October- May
Calpella 0.70 | 0.73 0.74 0.60 0.73 0.67 0.64 0.72 0.72 0.74
Hopland 0.79 | 0.80 0.78 0.80 0.84 0.74 0.75 0.83 0.80 0.82

Warm Springs 0.72 | 0.83 0.86 0.83 0.86 0.61 0.71 0.78 0.80 0.80
Guerneville 0.84 | 0.85 0.86 0.84 0.88 0.83 0.81 0.91 0.89 0.85
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SI-5: Full Training Period Time Series
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Figure SI5-1. Standalone Hourly LSTM and PILSTM model performance over the training and validation
period (analogous to the calibration period in the HHEZS model)
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Figure S15-2. Hourly MTS-LSTM, and MTSPILSTM model performance over the training and validation
period (analogous to the calibration period in the FHBZS model)
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Figure SI5-3. Standalone Daily LSTM and PILSTM model performance over the training and validation perioc
(analogous to the calibration period in the HBMIS model)
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Figure SI5-4. Daily MTS-LSTM, and MTSPILSTM model performance over the training and validation
period (analogous to the calibration period in the HBZS model)
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SI-6: Daily Testing Time Series
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Figure SI7-1: Standalone Hourly LSTM and PILSTModel performance over the testing period (same as the
test period in the HEEIMS model)
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Figure S16-2. Hourly MTS-LSTM and MTSPILSTM model performance over the testing period (same as the
test period in the HEEIMS model)

























