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EXECUTIVE SUMMARY  

The application of Artificial Intelligence (AI) 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 performance of a leading deep learning modelðLong Short-

Term Memory (LSTM)ðfor rainfallïrunoff modeling, comparing it with the U.S. Army Corps of 

Engineers' (USACE) process-based Hydrologic Engineering Centerôs Hydrologic Modeling System 

(HEC-HMS) model. Conducted in Californiaôs Russian River watershed, the study developed and tested 

five model configurations: HEC-HMS, standalone LSTM, physics-informed LSTM (PILSTM), multi-

timescale LSTM (MTS-LSTM), and physics-informed multi-timescale LSTM (MTS-PILSTM), using the 

open-source NeuralHydrology library recently updated by Google Research. 

LSTM-based models, particularly physics-informed versions, consistently outperform HEC-HMS across 

most locations and time scales. The MTS-LSTM achieved comparable accuracy while significantly 

improving computational efficiency. Findings also indicate that LSTM models can implicitly represent 

reservoir operations when observed outflows are included as inputs. HEC-HMS consistently performs 

better at the daily scale than at the hourly scale across all watersheds, whereas LSTM models often achieve 

better performance 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 MTS-LSTM 

framework, including the integration of additional hydrologic features such as soil type, vegetation cover, 

slope, elevation, and reservoir operations across varied climatic conditions. This work points toward 

promising opportunities for combining data-driven and physics-based approaches to produce more 

accurate, robust, and interpretable predictions. The research was funded by USACE-HEC and 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 where Mediterranean 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 process-based (PB) and/or statistical models. PB models simulate 

watershed processes and conserve mass and energy, while statistical models learn relationships from 

observed data. Most operational tools are PB, but machine learning (ML) modelsðparticularly Long 

Short-Term Memory (LSTM) networksðhave recently shown strong performance in rainfall-runoff 

modeling (e.g. Kratzert et al., 2018; Kratzert et al., 2019; Lees et al., 2021). Unlike earlier ML methods, 

such as RFs, 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 long-term dependencies and system dynamics, making them 

better suited for the complex and nonlinear nature of rainfall-runoff processes (Hochreiter & 

Schmidhuber, 1997). However, similarly to other ML-based approaches, LSTM models face challenges 

in data-scarce regions, under climate non-stationarity, 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, such 

as post-processing with physics-informed LSTM (PILSTM) models (Adera et al., 2024; Frame et al., 

2021, Nearing et al., 2020; Konapala et al., 2020). One way of 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 Engineersô Hydrologic Engineering Center (HEC) leads hydrologic software 

development through tools like HEC-HMS, HEC-ResSim, HEC-RAS, and HEC-RTS (Real Time 

Simulation). HEC-HMS is the core tool for simulating watershed hydrology, including precipitation-

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

Meanwhile, open-source ML libraries such as Keras, PyTorch, TensorFlow, and more domain-specific 

tools like NeuralHydrology and HydroDL are making ML more accessible. NeuralHydrology offers deep 

learning models tailored for hydrologic modeling. 

In collaboration with UC Berkeley, USACE-HEC recently evaluated ML-based streamflow prediction 

upstream of Success Dam in California. The study showed that the PILSTM model outperformed both 

standalone LSTM and HEC-HMS, especially when tested on extreme years (Fleming et al., 2024). The 



Hydrologic Modeling using HEC-HMS and Deep Learning Models in Russian River Watershed  

 

 

 

  

2 

 
 

watershed studied was relatively simpleðunmanaged, snow-dominated, and well-observedðwhich 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 example, In 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 sub-daily (e.g., hourly) predictions during flood events, require 

more advanced and efficient models. Hourly models are computationally intensive, motivating 

development of scalable ML solutions. 

This study advances HECôs ML efforts by applying the NeuralHydrology LSTM framework to 

Californiaôs managed Russian River basin. The objectives were to: 

¶ Integrate HEC-HMS data and watershed features into NeuralHydrology models and compare 

with HEC-HMS at daily and hourly scales. 

¶ Develop a multi-timescale LSTM (MTS-LSTM) model for unified daily/hourly prediction. 

¶ 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 HEC-HMS. We compared five modelsðHEC-HMS, LSTM, 

MTS-LSTM, and their physics-informed versions (PILSTM, MTS-PILSTM)ðacross 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 management: unmanaged areas showed stronger daily 

predictions, while managed locations saw superior hourly predictions due to reservoir-driven flow 

patterns. The highest performance (NSE > 0.9) was at the most managed, downstream site using MTS-

PILSTM at hourly resolution. 

All models showed reduced accuracy during the dry season (June ï September), 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 (USACE-HEC) in software testing, validation, and updates. 

The HEC teamôs deep familiarity with the watershedôs hydrologic behaviorðcombined with a wealth of 

past studies and model resultsðprovides a robust foundation for benchmarking data-driven and deep 

learning-based 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 USACE-operated Lake Mendocino and Lake Sonoma, which manage flood 

control, water supply, and emergency storage. The systemôs complexity is further increased by additional 

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 (Figure 2-1). 

The watershed experiences a Mediterranean climate characterized by wet winters and dry summers. 

Annual precipitation averages 46.4 inches, with significant orographic influenceðranging from 32 inches 

in the lowlands to 78 inches in the upper Mendocino Coast Mountains. 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. These high-intensity 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 risks are associated 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., CEIWR-HEC, 2018). 
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Figure 2-1. (a) Map of the Russian River Watershed, including the Potter Valley Project. The top-right 

inset shows the watershedôs regional location, while the left portion provides additional hydrological 

context and delineates surrounding counties (Source: CEIWR-HEC, 2018), (b) Detailed map of the 

Russian River Watershed and its sub-basins used in the HEC-HMS model. Sub-basin names are labeled 

in red font. Although the watershed contains two reservoirs and multiple stream gages, only four gages 

marked with red circles and a plus signðare used in this study. 

2.2 Data Compilation  

The HEC-HMS and LSTM models were trained and tested using subbasin-averaged hourly and daily time 

series input data spanning 15 water years (October 1994 to September 2009). The data was divided into a 

calibration period (water years 1995 to 2005) and a testing period (water years 2006 to 2009). 

Additionally, a subset of the HEC-HMS calibration period (water years 2003 to 2005) was designated as 

the validation period for calibration of the LSTM-based models. 
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Meteorological and flow data were sourced from an existing HEC-HMS model of the Russian River 

watershed, developed for a 2018 flood risk study (CEIWR-HEC, 2018, Chapter 5), with only minor 

modifications, such as developing observed flow data for the Warms Springs 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 CEIWR-HEC, 2018, 

Chapter 5). 

Snowmelt was excluded from this analysis, as precipitation in the Russian River watershed predominantly 

falls as rain (CEIWR-HEC, 2018). Watershed delineation in HEC-HMS was performed using the USGS 

National Elevation Dataset (USGS, 2013). Land use data (USGS, 2005) and SSURGO soil data (USDA, 

2015) were used to compute spatially averaged basin parameters. 

2.2.1 Meteorological data  

Subbasin-averaged daily and hourly precipitation time series were developed by spatially averaging 

precipitation grids within HEC-HMS. These grids were generated using observed hourly precipitation 

data from 28 National Climatic Data Center (NCDC) rain gages distributed throughout the basin (Figure 

2-1). Gage-based precipitation was spatially distributed according to the normalized pattern derived from 

the 30-year annual average Parameter-elevation Regressions on Independent Slopes Model (PRISM) 

precipitation grids (OSU, 2012). For several individual storm events, the precipitation grids were further 

adjusted to match observed daily precipitation totals at gage locations before computing the subbasin-

averaged time series (CEIWR-HEC, 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 the basinð

Ukiah Municipal Airport (KUKI) and Sonoma County Airport (KSTS) (Figure 2-1). These data were used 

to generate subbasin-averaged evapotranspiration (ET) time series using the Penman-Monteith method 

implemented in HEC-HMS. 
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Figure 2-2. PRISM grid with Russian River Basin rain gages and hydrometeorology stations. 

2.2.2  Flow data 

As previously mentioned, observed daily flows at three USGS gaging stations were incorporated as 

boundary conditions for the HEC-HMS model and as predictor variables for the machine learning 

models: 

¶ Potter Valley diverted flow ï Potter Valley PH Intake Gage (USGS 11471000) 

¶ Lake Mendocino / Coyote Dam outflow ï Ukiah Gage (USGS 11461000) 

¶ Lake Sonoma / Warm Springs Dam outflow ï 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 1-1 b), including three USGS gages and the inflow to Lake Sonoma / Warm Springs 

Dam: 

¶ East Fork Russian River near Calpella (USGS 11461500) 

¶ Russian River near Hopland (USGS 11462500) 

¶ Russian River near Guerneville (USGS 11467000) 

¶ 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 time series were computed from hourly data using 

HEC-DSS (Data Storage System) software. 

Periods with missing observed flow data (Table 2-1) were excluded from the calculation of calibration 

and testing metrics. 

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

 

 

2.3 Software and tools  

Only freely available, open-source 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 in Table 2-2.  

Water Year Calpella Gage Hopland Gage Guerneville Gage 

2006 0% 16% 0% 

2007 44% 0% 0% 

2008 23% 0% 1% 

2009 61% 59% 59% 
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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 Open-Source, packaged by Anaconda Inc. 

Python 3.11.7 Open-Source, 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 Table 2-3 and 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 addition to NSE and PBIAS, these include R2, 

Modified KGE and RMSE, as detailed in the HEC-HMS Technical Reference Manual (HEC 2024).  

Table 2-3. Performance metrics used in this study. 

Error 

metric type 

Error metric  Description Range Ideal 

value 

Source 

Statistical 

metrics 

based on 

daily/hourly 

flows 

Nash-Sutcliffe 

efficiency 

(NSE) for all 

flows 

Describes overall error 

in flows 

-Ð to 1 1 Nash & Sutcliffe, 1970 

PBIAS Describes the average 

tendency of the 

simulated values to be 

larger or smaller than 

observed ones 

-Ð to Ð 0 Yapo et al., 1996 
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Kling-Gupta 

efficiency 

(KGE) 

Describes overall error 

in flows.  Error metric 

made up of variability, 

bias, and correlation 

terms. 

-Ð to 1 1 Gupta et al., 2009 

alpha-NSE Describes flow 

variability. Ratio 

between the standard 

deviation of the 

simulated and observed 

flows. 

0 to Ð 1 

beta-NSE Describes the bias in 

flows. Difference 

between the mean of the 

simulated and observed 

flows, divided by the 

standard deviation 

ïÐ to Ð 0 

beta-KGE Describes the bias in 

daily flows.  Ratio of the 

mean of the simulated 

and observed flows. 

0 to Ð 1 

correlation 

coefficient 

(Pearson r) 

Pearson correlation 

coefficient.  Provides a 

sense of the timing of 

flow. 

-1 to 1 1 

MSE Mean squared error: 

averaged squared 

difference between 

simulated and observed 

values  

0 to Ð 0 James & Stein, 1961 
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RMSE 
Root mean squared 

error: square root of 

MSE 

0 to Ð 0 Hodson, 2022 

Flow 

duration 

curve (FDC) 

bias 

FDC low flow 

bias (FLV) 

Describes long-term 

sustainability of flow 

controlled by interaction 

of baseflow and riparian 

ET.  Low flows are 

defined by flow 

exceedance probabilities 

greater than 30% to 

account for many days 

with zero flow.  

-Ð to Ð 0 Searcy, 1959;      Yilmaz 

et al., 2008 

FDC mid-

segment slope 

bias (FMS) 

Describes flashiness and 

vertical redistribution of 

water: steep slope shows 

small soil capacity and 

higher overland flow.  

The midsegment of the 

flow duration curve is 

defined by flow 

exceedance probabilities 

between 20% and 70%. 

-Ð to Ð 0 

FDC high 

flow bias 

(FHV) 

Describes flashiness and 

vertical redistribution of 

water.  High flows are 

defined by flow 

exceedance probabilities 

less than 2%. 

-Ð to Ð 0 

Flow peaks Peak-MAPE Describes the mean 

absolute percent error 

for peaks 

-Ð to Ð 0 Astatkie, 2006 
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2.5 HEC-HMS Model Development 

We adopted the continuous HEC-HMS model of the Russian River watershed originally built for the 2018 

Flood Risk Study (CEIWR-HEC, 2018, Chapter 5). Watershed delineation was based on the USGS 

National Elevation Dataset (USGS, 2013). Calibration locations are provided in Figure 2-1b. 

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 development, and calibration can be found in the CEIWR-HEC 

2018 study.  

Table 2-4 summarizes the hydrologic methods selected to represent each process within the HEC-HMS 

model. Selected methods were applied across all subbasins, unless noted otherwise in Table 2-4.  
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Table 2-4. HEC-HMS model methods selections. 

Hydrologic Process Method 

Subbasin Processes: 

Canopy Simple Canopy Method 

Surface Simple Surface Method 

Loss Soil Moisture Accounting for the subbasin upstream of Lake Mendocino/Coyote 

Valley Dam 

Deficit and Constant for all remaining subbasins 

Transform Clark Unit Hydrograph 

Baseflow Linear Reservoir 

Reach processes: 

Routing Modified Puls with storage-discharge relationship developed in HEC-RAS model 

(most reaches) 

Muskingum-Cunge for reaches that are not in the HEC-RAS model 

Initial subbasin-averaged 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 ñgoodò or "very good" range for the two-performance metrics (NSE and PBIAS) at 

each of the four locations for the calibration period. The acceptable performance ranges for this study are 

shown in Table 2-5.  

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

Performance Rating NSE PBIAS 

Very Good 0.75<ὔὛὉÒ1.00 ὖὄὍὃὛ< ±15 

Good 0.55<ὔὛὉÒ0.75 Ñ15ÒὖὄὍὃὛ<±20 

Satisfactory 0.40<ὔὛὉÒ0.55 Ñ20ÒὖὄὍὃὛ<±30 

Unsatisfactory ὔὛὉÒ0.40 ὖὄὍὃὛÓÑ30 
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In addition to NSE and PBIAS, the HEC-HMS model calibration also considered the other performance 

metrics calculated by HEC-HMS, as well as the modelôs ability to accurately simulate average monthly 

runoff volumes, reproduce the annual maximum flow-frequency curve, and maintain consistency at 

downstream calibration points, as summarized in Chapter 5 of CEIWR-HEC, 2018. 

Most of the final model parameters were preserved from the adopted HEC-HMS model. 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 is different from the 60 years used for calibrating the 

original model. While there are ways to further improve HEC-HMS 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 MTS-LSTM modelsðoriginally developed and made publicly available by 

NeuralHydrology (Kratzert et al., 2022)ðto 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 routines tailored to the Russian River dataset. Additionally, we provide a utility library to 

support data preprocessing and visualization. 

2.6.1 LSTM model 

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 to ñrememberò important information for long periods 

while also ñforgettingò whatôs no longer useful. They do this using a special internal system of gates: one 

gate decides what new information to take in, another decides what to forget, and a third controls what 

information to pass along (Figure SI-1). This structure enables the model to learn from long-term trends 

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

in large datasets (Hochreiter and Schmidhuber, 1997). Section SI-1 presents a LSTM network and 

governing equations. Detailed descriptions about each of the gates, related equations and their application 

in water resource management and hydrologic modeling are available in the literature. (Hochreiter and 

Schmidhuber, 1997; Kratzert et al., 2018). 
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2.6.2 Multi-Time-Scale LSTM (MTS-LSTM) model  

This study also evaluated the LSTM model performance across both daily and hourly time scales using a 

unified approach called the Multi-Time-Scale LSTM (MTS-LSTM), developed by Gauch et al. (2021) 

(see Fig. SI-2).  

The central idea behind the MTS-LSTM 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 has already learned at the daily scale, it can make accurate 

hourly predictions more efficiently. This approach enables us to reap the benefits of high-resolution 

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 averaging hourly variables to generate their daily counterparts. 

In our case, since the same set of variables was used at both time scales, we maintained a consistent 

workflow by simply averaging the hourly variables to obtain their daily equivalents within a single data 

structure. 

To support both single-scale 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 and 

scale, producing results at both hourly and daily time steps (separately for single-scale and simultaneously 

for multi-scale). We updated the code to handle single-scale and multi-scale models separately, and to 

properly organize and save the results. For multi-scale predictions, which are returned in a more complex 

format, we simplified them and saved separate files for daily and hourly results. This also applies when 

combining results from an ensemble of model runs: 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 built-in tools for preprocessing data, model training, validation, and 

performance evaluation. Two variations were developed for both NeuralHydrologyôs ñcudalstmò 

architecture, a general LSTM model optimized for GPU acceleration, and the ñMTS-LSTMò architecture, 

its multi-timescale extension. These models were applied to improve streamflow predictions at four 

locations within the Russian River watershed. 

The first model, referred to simply as ñLSTM,ò uses meteorological and environmental inputs relevant to 

the Russian River watershed, including precipitation, potential evapotranspiration, humidity, solar 

radiation, temperature, and wind speed. The second model, known as the ñPhysics-Informed LSTMò 

(PILSTM), builds on the same inputs but also incorporates additional hydrologic variables generated by 

the HEC-HMS model. These include predicted inflows, predicted sub-basin outflows, evapotranspiration, 
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baseflow, infiltration, soil saturation, and percolation (Table 2-6). By incorporating physics-based model 

outputs as additional input features to the LSTM family of machine learning models, we developed a 

hybrid approachðPILSTMðdesigned to enhance predictive accuracy by integrating process-based 

hydrologic understanding into the data-driven LSTM framework (Figure 2-3). 

 

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: 

¶ Standalone and Physics-Informed Daily Models 

¶ Standalone and Physics-Informed Hourly Models 

¶ Standalone and Physics-Informed Multi-Timescale Models 

Model training, hyperparameter tuning, and evaluation 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 adjusting HEC-HMS data timestamps - converting rows 

with 24:00:00 to the following dayôs 00:00:00ðto align with NeuralHydrologyôs formatting. The 

remaining preprocessing tasks, including dataset splitting, cleaning, resampling, and feature scaling, are 

managed within the NeuralHydrology pipeline. The data was then normalized in NeuralHydrology by 

subtracting the mean and dividing by the standard deviation. 

Model alignmentðensuring the correct pairing of dataset, resolution (daily versus hourly), MTS 

configuration, and ensemble optionsðis 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 through individual Jupyter Notebooks, which loop through a user-

defined grid of hyperparameters. These can include hidden layer size, batch size, number of epochs, and 

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 selected for final 

testing. 

The workflow for the physics-informed models mirrors that of the standalone models, differing only in 

the additional physics-based predictor variables. Both are trained using the same hyperparameter space, 

and the configuration with the best validation performance 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 complexity, a preliminary 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 gains, the 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 hyperparameters and the values of those 

selected for each model run are listed in Tables SI1-1 and SI1-2. 
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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 the MTS-LSTM model, this loss 

was augmented with a regularization term penalizing the mean squared difference between daily 

predictions and day-averaged hourly outputs. 

Finally, our plotting utilities generate time series comparisons, performance metrics, and visualizations 

that evaluate and compare the performance of HEC-HMS, LSTM, and PILSTM models across the four 

basins, for user-defined time periods. 

2.8 LSTM Input  Variables 

Predictor variables include meteorological forcings, boundary flows, and outputs from the HEC-HMS 

model. Table 2-6 lists the full set of predictor variables used for both the LSTM and PILSTM models at 

the Calpella Gage location. This site drains a single subbasin, EF RUSSIAN 20 (see Figure 1-1b). The 

same types of meteorological and HEC-HMS predictor variables were used at the other locations, applied 

to their respective upstream subbasins. Table SI3-1 details the sub-basins 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:         

NR CALPELLA FLOW COE CPL Cfs cfs 

Predict

and 

Predictan

d 

Meteorological variables:         

EF RUSSIAN 20 ET-POTENTIAL inch/day inch/hr Ṋ Ṋ 

EF RUSSIAN 20 PRECIP-INC 

SCREENED inch/day inch/hr Ṋ Ṋ 

UKIAH CA HUMIDITY USAF -NOAA % % Ṋ Ṋ 

UKIAH CA SOLAR RADIATION USAF-

NOAA Watt/m2 Watt/m2 Ṋ Ṋ 

UKIAH CA TEMPERATURE USAF-

NOAA Deg F Deg F Ṋ Ṋ 

UKIAH CA WINDSPEED USAF-NOAA MPH MPH Ṋ Ṋ 

Boundary conditions (inflows):         

POTTER VALLEY CA FLOW 

USGS_ADJUSTED CFS CFS Ṋ Ṋ 

HEC-HMS Outputs:         

Capella Gage FLOW CFS CFS  Ṋ 

EF Russian 20 ET-POTENTIAL inch/day inch/hr  Ṋ 

EF Russian 20 FLOW CFS CFS  Ṋ 

EF Russian 20 FLOW-BASE CFS CFS  Ṋ 

EF Russian 20 INFILTRATION inch/day inch/hr  Ṋ 

EF Russian 20 PERC-SOIL inch/day inch/hr  Ṋ 

EF Russian 20 SATURATION FRACTION inch/inch inch/inch  Ṋ 
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3. RESULTS AND DISCUSSION 

This section presents the results of streamflow prediction evaluations using both the LSTM-based 

NeuralHydrology models and the HEC-HMS model. Model performance is assessed at four locations 

within the Russian River watershedðGuerneville, Hopland, Calpella, and Warm Springsðacross two-

time scales (daily and hourly) and five model types: HEC-HMS, LSTM, PILSTM, MTS-LSTM, and 

MTS-PILSTM. Performance is evaluated using a suite of hydrologic metrics and is further supported by 

graphical comparisons. The subsequent sections detail the model results and assess their performance 

based on standard evaluation metrics. 

In addition, subsets of the simulated flow time series generated for the testing period were used to calculate 

NSE for the following hydrologically relevant subperiods: 

ǒ Wet season: October - May 

ǒ Dry season: June - October 

ǒ Four individual water years in the test period: WY 2006 - 2009 

ǒ ñWettestò water year: the year with the maximum streamflow peak 

ǒ ñDriestò water year: the year with the minimum streamflow peak 

3.1 HEC-HMS Calibration and Testing  

The HEC-HMS model was calibrated using hourly data for the water years 1994ï2005 and tested for the 

period 2005ï2009 at four locations within the Russian River watershed. Figure 3-1 presents time series 

and scatter plots of the observed streamflow, along with the model results for each location for the 

calibration period. Overall, the HEC-HMS 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 of over- and 

underestimation at specific sites, most notably at Calpella and Guerneville. These errors may be linked to 

the poor estimation of boundary conditions, and the 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 the HEC-HMS model 

packages for the test period are summarized in Tables 3-1 and SI4-1. The model maintained good to very 

good performance during the test period, although HEC-HMS model performance deteriorated slightly 
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during the test period compared to the calibration period, possibly due to missing observed flow data for 

some of the better-performing wet months (e.g., March - June 2009). The calibrated and tested HEC-HMS 

model serves as a benchmark for assessing the performance of the LSTM-based models.  

 

Figure 3-1. HEC-HMS calibration results for water years 1994ï2005 at four locations within the 

Russian River watershed. 
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3.2 LSTM-based Validation and Testing 

We developed four variants of LSTM-based models: a standalone LSTM, a physics-informed LSTM, a 

multi-timescale LSTM, and a physics-informed multi-timescale LSTM. All models were trained using 

data from water years 1995ï2002, validated over 2003ï2005, and tested on the period 2006ï2009, with 

experiments conducted at both daily and hourly temporal resolutions. The hyperparameter selection (see 

section 2.11) was performed by training the models on the 1995-2002 period, then validating on the 2003-

2005 period. After completing the hyperparameter selection, the models were re-trained for the entire 

training period, spanning 1995 to 2005. These trained models were then applied to the 2006-2009 testing 

period, which is used to evaluate model performance. Figure 3-2 presents the model performance across 

the combined training and validation periods for all LSTM variants at the hourly time scale. Similarly, 

Figure 3-3 shows the corresponding results for the MTS-LSTM model. Detailed results of the LSTM and 

MTS-LSTM models at the hourly and daily time scale are presented in section SI-5.  

As shown in Figure 3-3, the LSTM-based model results capture most of the high and low flow values 

when compared to observations, and the performance statistics are notably better than the HEC-HMS 

model.  

All validated LSTM-based models were tested over water years 2006ï2009 to enable comparison among 

the LSTM variants and with the HEC-HMS model during the same period. Figure 3-4 presents the test 

results for the standalone LSTM and PI-LSTM models at the hourly time scale, while Figure 3-5 shows 

the results for the MTS-LSTM-based models. Corresponding results for the daily time scale are provided 

in Figures SI6-3 and SI6-4. A detailed comparison of model performance at both hourly and daily time 

scales is presented in Table SI4-1, Overall, all LSTM-based models outperformed the HEC-HMS model. 

Further discussion of these results is provided in the following Model Comparison section. 

 



Hydrologic Modeling using HEC-HMS and Deep Learning Models in Russian River Watershed  

 

 

 

  

22 

 
 

 

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 HEC-HMS model) at an hourly time scale 
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Figure 3-3. Performance of HMS, the MTS-LSTM, and the MTS-PILSTM models over the training and 

validation period (analogous to the calibration period in the HEC-HMS 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. Performance of HMS, the MTS-LSTM, and MTS-PILSTM, 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 (Figures 3-2 and 3-3 vs. 3-

4 and 3-5, and associated metrics) reveals some signs of overfitting. While this is less evident from the 

time series alone, the consistently higher NSE scores 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, cross-validation, early stopping, increased training 

data diversity, and more careful tuning of model parameters such as the dropout rate (Srivastava et al., 

2014; Ying, 2019). Cross-validation is particularly important when the most recent years of the training 

dataset are not representative of the full training period. It is also especially useful when working with 

non-stationary data, as it helps ensure that the model generalizes well across varying conditions and 

temporal shifts. 

3.3 Model Performances Comparison 

Several model performance metrics, including the NashïSutcliffe Efficiency, KlingïGupta Efficiency, 

and Percent Bias, were used to comprehensively evaluate the performance of the HEC-HMS and various 

LSTM-based models. These metrics assess different aspects of model accuracy, bias, and variability. 

Table 3-1 presents the NSE and PBIAS results of these statistical evaluations for the hourly simulations 

across all tested models.  

Table 3-1. Standalone LSTM, PILSTM, MTS-LSTM, and MTS-PILSTM test period summary metrics 

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 Tables 3-1 and SI4-1), an empirical cumulative 

distribution of NSE values for all models is presented in Figure 3-6 (only positive NSE values shown). 

The NSE values include both daily and hourly time series data across all locations and sub-periods (Table 

SI4-2) As shown, most LSTM-based models outperform the HEC-HMS. Among the LSTM models, the 

PILSTM and MTS-LSTM demonstrated better performance than the standalone LSTM models. 
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Similarly, Figure 3-7 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 LSTM-based models is generally lower compared to HEC-HMS, and 

the NSE metric appears less sensitive across all models when compared to KGE. Since KGE accounts for 

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 variabilityðparticularly the influence of flashier peak flows and variable base flows across 

many of the study basins.  

 

Figure 3-6. Empirical CDF of all models computed across all locations and time scales. Only NSE 

values greater than zero are shown on the X- axis, though they were included in the CDF calculation. 
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As shown in Tables 3-1, SI4-2 and Figures 3-4 and 3-5, both the MTS-PILSTM and MTS-LSTM models 

outperform HEC-HMS and the other LSTM variants. This improved performance can be attributed to the 

incorporation of physics-based features in PILSTM and the added benefit of daily-trained information, 

which enhances hourly predictions in the MTS-LSTM framework. However, the KGE values (Figure 3-

7, Table SI4-1 and SI4-2) indicate that while incorporating physics-based information generally improves 

performance, it can sometimes introduce misleading signalsðcases where HEC-HMS performs poorly 

often align with lower performance in the PILSTM as well. 

 

Figure 3-7. NSE and KGE variations for the five examined LSTM model simulation results 

In complex basins like Guerneville, results were more mixed: HEC-HMS better captured peak flows, 

while standalone LSTM occasionally outperformed the physics-informed variant. With two exceptions, 

the PILSTM model consistently outperforms both the standalone LSTM and HEC-HMS models in terms 

of NSE across most locations and time scales, as shown in Table 3-1. In the two cases where this trend 

did not hold (Hopland and Guerneville hourly), the standalone LSTM performs slightly better. When 

considering the full suite 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 LSTM-based models consistently outperform the HEC-HMS model. One 
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exception was Guernevilleðthe most complex basinðwhere 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 high-flow volumes (FHV), HEC-HMS outperformed the LSTM models in 

Guerneville, while the PILSTM model led in Calpella and Warm Springs. Overall, HEC-HMS tended to 

overestimate high flows, whereas LSTM models generally underestimated them. For low-flow volumes 

(FLV), the LSTM models more reliably captured streamflow patterns than HEC-HMS, although both 

showed mixed patterns of under- and overestimation (Table S4-1). 

Seasonal analysis revealed that all models struggled during the dry season (JuneïSeptember), with 

performance frequently dropping to negative NSE values (Table SI4-2), highlighting persistent challenges 

in modeling low flows. These findings reinforce the need for hybrid, context-aware modeling approaches 

that consider basin complexity and temporal variability. 

3.4 Performance Across Hourly and Daily Time Scale 

Recognizing the operational need for hourly streamflow forecasts, this study investigated two approaches 

for hourly prediction: a standalone hourly LSTM model and the hybrid multi-timescale LSTM combining 

daily and hourly time steps. All models performed well at 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 counterparts (Table SI 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 smaller drainage 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 the LSTM-based model at 

downstream locations. Similar patterns were observed for KGE, while no consistent trends emerged for 

percent bias (PBIAS). 

3.5 Performance of the Multi-Timescale LSTM Models 

As reported earlier (Table 3-1) and shown in Figures 3-4, and 3-5, the MTS-LSTM model outperformed 

not only the HEC-HMS model but also the standalone LSTM models at the hourly time scale, with similar 

performance for LSTM at the daily time scale and PILSTM.  In addition, the MTS-LSTM approachðby 

integrating daily and hourly predictions within a unified frameworkðreduced 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 MTS-LSTM architecture. Although MTS architectures are less 

mature and less frequently applied in hydrology, our successful implementation here shows promise for 

broader use. 

3.6 Benefits of Incorporating Physics-Based Model Outputs 

As reported in most of the performance tables and figures, the physics-informed LSTM modelsð

enhanced by incorporating additional hydrologic features from the HEC-HMS modelðconsistently 

outperformed both the standalone LSTM models and the HEC-HMS model. Building on previous 

literature, we confirmed that integrating outputs from physics-based models like HEC-HMS improves 

LSTM predictive performance. Adding HEC-HMS outputs to the physics-informed LSTM enhanced NSE 

in most configurations, except for the MTS model at the hourly scale, where improvements were 

negligible (Figures 3-4 and 3-5). 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. 

3.7 Peak and Low Flow Performance 

Peak flow prediction remains a challenge across all LSTM-based models. Observational comparisons 

suggest that HEC-HMS at times captures peak high flows more accurately than LSTM models, which 

tend to underestimate these events, while HEC-HMS often overestimates them (Figures 3-4 and 3-5). 

However, the Flow Duration Curve high-volume metric (FHV), the bias calculated on the top 2% of flows, 

indicates that LSTM models generally outperform HEC-HMS in representing high flows more broadly. 

Similarly, the low-flow volume metric (FLV), the bias based on the bottom 30% of flows, shows that 

LSTM-based models more reliably capture low flows than HEC-HMS, though both approaches display 

consistent patterns of under- and overestimation (Figures 3-4 and 3-5; see also Figures SI5-1 and SI5-3). 

It should be noted that the calibration process for both LSTM-based models and the HEC-HMS model in 

this study did not focus on capturing low flow volumes. When focusing specifically on the wettest and 

driest years 5 and 6 of the testing period, the PILSTM and MTS-PILSTM outperforms HEC-HMS, with 

the latter often overestimating peak flows (Figures SI7-1 through SI7-4). 

Additionally, we observed that at times LSTM-based models plateau when predicting extreme flow 

events, as illustrated in Figure 3-8a. Beyond the clear pattern of overprediction by HEC-HMS and 

underprediction by the LSTM-based models, the figure suggests an asymptotic limit in the LSTM modelsô 

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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Figure 3-8. Scatter plot of hourly predictions at locations from top to bottom: (a) Calpella (b) Hopland (c) Warm 

Springs and (d) Guerneville. 
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4. CONCLUSIONS AND RECOMMENDATIONS  

This study developed and evaluated five model configurations for streamflow prediction at four locations 

within Californiaôs Russian River watershed: (1) HEC-HMS, (2) standalone LSTM, (3) physics-informed 

LSTM (PILSTM), (4) multi-timescale LSTM (MTS-LSTM), and (5) physics-informed multi-timescale 

LSTM (MTS-PILSTM). The primary objective was to assess the performance of the Long Short-Term 

Memory (LSTM)-based deep learning model for rainfallïrunoff modeling, comparing it with the U.S. 

Army Corps of Engineersô process-based HEC-HMS model. All LSTM-based models were implemented 

using the open-source NeuralHydrology library, recently updated and released by the Google Research 

team. 

Across a range of performance metrics, including NashïSutcliffe Efficiency, KlingïGupta Efficiency, and 

flow duration curve indicators, LSTM-based models generally outperformed the process-based HEC-

HMS model, though results varied by location, season, and flow regime. The physics-informed 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 cases. While HEC-HMS 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 mixed 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 basinsðwhere managed reservoir releases played a larger role and 

precipitation uncertainty was lowerðhourly predictions were comparable to or even outperformed daily 

ones. Although we did not perform comprehensive benchmarking of computational run times, training 

and tuning models at the hourly scale imposed significant computational costsðup to 30 to 70 times 

greater than daily-scale modelingðhighlighting the practical benefits of the multi-timescale LSTM 

(MTS-LSTM) approach. This is consistent with Gauch et al. (2021), which found a speedup of 40 times 

when training the MTS-LSTM on a CONUS-wide dataset. By combining daily and hourly inputs, MTS-

LSTM achieved comparable accuracy with dramatically reduced training time. Incorporating physics-

based model outputs, such as those from HEC-HMS, further enhanced LSTM model performance in most 

configurations. 

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

ǒ Operational Forecasting: The MTS-LSTM model offers a promising path forward for hourly 

forecasting needs in operational settings due to its computational efficiency and dual time-step 

output. Future work should explore its application with forecasted meteorological inputs. 

ǒ Scalability: Expanding the MTS-LSTM framework to additional basins will enable generalization 

and support broader deployment. Including more hydrologic featuresðsuch as soil type, vegetation, 

slope, elevation, and climate variablesðcan further improve model robustness. 
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ǒ Hybrid Approaches: Results affirm the utility of integrating process-based model outputs into deep 

learning models. Future work should assess the robustness of these hybrid configurations under out-

of-range conditions, including climate extremes. 

ǒ Peak and Low-Flow Representation: Continued development of strategies to improve extreme 

flow predictionðparticularly during peak events and dry seasonsðis warranted. Adjustments to loss 

functions, data augmentation, and stratified calibration may help, but were not in the scope of this 

report. 

ǒ Data Availability and Compatibilit y: Data-driven models depend heavily on the availability and 

accuracy of input data; insufficient or poor-quality data can significantly degrade model performance 

and hinder the development of reliable predictions. The HEC software suite comprises multiple 

models, including HEC-HMS, HEC-RAS, and HEC-ResSim, each with its standard input formats 

and requirements. To enable meaningful performance comparisons between HEC models and ML-

based models, it is recommended that HEC develop a centralized, quality-controlled database that 

supports the input formats necessary for ML applications. 

In summary, this study highlights the potential benefits of integrating physics-based and machine learning 

approaches to improve streamflow prediction across a range of basin conditions and temporal resolutions. 

The demonstrated performance of hybrid modelsðparticularly the multi-timescale physics-informed 

LSTMðpoints 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 for site-specific input 

characteristics and evaluated them at the sub-basin 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 INFORMATION  

SI-1: LSTM Model Architecture  

 

     Figure SI1-1. Graphical representation of the LSTM architecture (source: Gauch et al., 2021). 

The following equations define the structure of the LSTM models: 

i [t]= „(W i x[t] + Ui h[t ḍΞΰϝΞΪΞbi )              (1) 

f [t]= „(W f x[t] + Uf h[t ḍΞΰϝΞΪΞbf )            (2) 

g[t]= tanh(Wgx[t] + Ugh[t ḍΞΰϝΞΪΞbg)           (3) 

o[t]= „(Wox[t] + Uoh[t ḍΞΰϝΞΪΞbo)              (4) 

c[t]= f [tϝΞ Ξc[t ḍΞΰϝΪΞi[tϝΞ Ξg[t]            (5) 

h[t]= o[tϝΞ ΞϴϡϮϨΧc[t])                  (6) 

In the equations above, x is an input sequence [x[1], é, x[T]] with T time steps, with each element x[t] 

being a vector of model inputs for time step t.  Then, i[t], f[t], and o[t] are the input, forget, and output 

gates, respectively.  Additionally, g[t] is the cell input, h[t-1] and c[t-1] are the recurrent input and the cell 

state from the previous time step, respectively.  Also, W, U, and b are parameters for each gate (learned 

during training), with subscripts indicating which gate they are used for, „() is the sigmoid function, tanh() 

is the hyberbolic tangent function and ṩ is the element-wise multiplication. A graphical representation is 

shown in Figure SI-1. 

The MTS-LSTM mirrors this architecture but uses both daily and hourly temporal scales. At a selected 

timestep, the information gained by the coarse-scale LSTM is used to initialize an additional fine-scale 

LSTM, which has the same architecture, but a shorter time step (Figure SI-2). 
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Figure SI-2. Graphical representation of the MTS-LSTM architecture (from Gauch et al. 2021). 
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SI-2: Hyperparameter Selection 

Table SI2-1. Tested Hyper-Parameters 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, 0.75, 1 

Learning rate* 0.01, 0.005, 0.001 

Note: *these compose a 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 Hyper-Parameters for each location and time scale. 

(a) Calpella 

Hyperparameter Value 

(standalone 

daily) 

Value (standalone 

hourly)  

Value (multiscale 

daily) 

Value (multiscale 

hourly)  

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, 0.001 0.01, 0.005, 0.001 0.01, 0.005, 0.001 0.01, 0.005, 0.001 

Calpella physics 

Hidden size 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 

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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(b) Hopland 

Hyperparameter Value 

(standalone 

daily) 

Value (standalone 

hourly)  

Value (multiscale 

daily) 

Value 

(multiscale 

hourly)  

Hopland no physics 

Hidden size 256 256 256 256 

Sequence length 90 336 120 336 

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 

(standalone 

daily) 

Value (standalone 

hourly)  

Value (multiscale 

daily) 

Value 

(multiscale 

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 

Sequence length 90 336 120 168 

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 
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(d) Guerneville 

Hyperparameter Value 

(standalone 

daily) 

Value (standalone 

hourly)  

Value (multiscale 

daily) 

Value 

(multiscale 

hourly)  

Guerneville no physics     

Hidden size 256 128 256 256 

Sequence length 90 336 90 168 

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, 0.001 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 90 336 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 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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SI-3: Predictor and Predictand Variables 

Table SI3-1. Variables for Hopland, Warm Springs, and Guerneville. 

(a) Hopland 

Locations LSTM  PILSTM  

Observed flow:     

NR HOPLAND FLOW COE HOP Predictand Predictand 

Subbasins (Precip and ET):     

RUSSIAN 60 Ṋ Ṋ 

RUSSIAN 70 Ṋ Ṋ 

WF RUSSIAN Ṋ Ṋ 

Boundary conditions (Flow):     

UKIAH CA FLOW USGS-MERGED (CVD outflow) Ṋ Ṋ 

Met Gages (humidity, solar radiation, temp, 

windspeed):     

Ukiah CA Ṋ Ṋ 

HEC-HMS Subbasin Outputs     

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

Russian 60  Ṋ 

Russian 70  Ṋ 

WF Russian  Ṋ 

HEC-HMS computed flow:     

Hopland Gage  Ṋ 

  



Hydrologic Modeling using HEC-HMS and Deep Learning Models in Russian River Watershed  

 

 

 

  

46 

 
 

(b) Warm Springs 

Locations LSTM PILSTM 

Observed flow:     

LAKE SONOMA FLOW-RES IN CALC-VAL-SHIFT-SMOOTH Predictand Predictand 

Subbasins (Precip and ET):     

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

Santa Rosa CA Ṋ Ṋ 
Ukiah CA Ṋ Ṋ 
HEC-HMS Subbasin Outputs     

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

Dry Creek 20  Ṋ 
Dry Creek 30  Ṋ 
HEC-HMS computed flow     

Warm Springs Dam Inflow  Ṋ 

(c) Guerneville 

Locations LSTM  PILSTM  

Observed flow:     

NR GUERNEVILLE FLOW COE GRN Predictand Predictand 

Subbasins (precipitation and potential ET):     

BIG SULPHUR CR Ṋ Ṋ 

DRY CREEK 10 Ṋ Ṋ 

GREEN VALLEY Ṋ Ṋ 

LAGUNA Ṋ Ṋ 

RUSSIAN 20 Ṋ Ṋ 

RUSSIAN 30 Ṋ Ṋ 

RUSSIAN 40 Ṋ Ṋ 

RUSSIAN 50 Ṋ Ṋ 

RUSSIAN 60 Ṋ Ṋ 

RUSSIAN 70 Ṋ Ṋ 

SANTA ROSA CR 10 Ṋ Ṋ 

SANTA ROSA CR 20 Ṋ Ṋ 

WF RUSSIAN Ṋ Ṋ 
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Boundary conditions (flow):     

UKIAH CA FLOW USGS-MERGED (CVD outflow) Ṋ Ṋ 

GEYSERVILLE CA FLOW USGS-MERGED (Warm 

springs dam outflow) Ṋ Ṋ 

Met Gages (humidity, solar radiation, temp, 

windspeed):     

Ukiah CA Ṋ Ṋ 

Santa Rosa CA Ṋ Ṋ 

HEC-HMS Subbasin Outputs     

(potential ET, flow, baseflow, infiltration, percolation, saturation 

fraction):    

BIG SULPHUR CR  Ṋ 

DRY CREEK 10  Ṋ 

GREEN VALLEY  Ṋ 

LAGUNA  Ṋ 

RUSSIAN 20  Ṋ 

RUSSIAN 30  Ṋ 

RUSSIAN 40  Ṋ 

RUSSIAN 50  Ṋ 

RUSSIAN 60  Ṋ 

RUSSIAN 70  Ṋ 

SANTA ROSA CR 10  Ṋ 

SANTA ROSA CR 20  Ṋ 

WF RUSSIAN  Ṋ 

HEC-HMS computed flow:     

Guerneville Gage  Ṋ 
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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 values represent best performing model in each combination. 

Calpella 

Metric  

Daily Hourly  

HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLST

M HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLSTM 

NSE 0.70 0.80 0.84 0.71 0.84 0.68 0.65 0.73 0.73 0.75 

MSE 76611 51409 41011 73501 39859 

11529

3 

12629

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 

Beta-KGE 1.06 0.90 0.95 1.03 0.97 1.06 0.89 1.00 0.89 1.02 

Beta-NSE 0.03 -0.06 -0.03 0.018 -0.016 0.03 -0.06 0.002 -0.05 0.01 

Pearson-r 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 

 

  



 

 

  

 

 

Innovation Fund Project, USACE-HEC 

                                       

49 

Hopland 

Metric  

Daily Hourly  

HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLST

M HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLSTM 

NSE 0.80 0.81 0.79 0.81 0.84 0.75 0.76 0.84 0.81 0.83 

MSE 

40494

3 382463 412506 382543 312568 

54921

0 

52855

3 

35443

9 

41914

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 

Metric  

Daily Hourly  

HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLST

M HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLSTM 

NSE 0.73 0.83 0.87 0.84 0.87 0.61 0.71 0.78 0.80 0.80 

MSE 

14331

3 89196 70814 86733 71220 

25971

5 

19445

0 

14513

0 

13681

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 

Pearson-r 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 

Metric  

Daily Hourly  

HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLST

M HMS LSTM  

PLST

M 

MTS-

LSTM  

MTS-

PLST

M 

NSE 0.85 0.86 0.86 0.85 0.89 0.84 0.82 0.91 0.89 0.86 

MSE 

462321

4 

429934

1 

418133

6 

464560

1 

347646

2 

510084

0 

572927

5 

277834

9 

335834

3 

445132

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 

Beta-KGE 1.14 1.13 1.14 1.09 1.18 1.13 1.02 1.11 1.09 1.14 

Beta-NSE 0.05 0.05 0.05 0.03 0.06 0.05 0.01 0.04 0.03 0.05 

Pearson-r 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 1.5 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 
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Table SI4-2. Seasonal and water year NSEs summary. 

Location 

Daily Hourly  

HMS 
LST

M 

PLST

M 

MTS-

LSTM  

MTS-

PLST

M 

HMS LSTM  PLSTM 
MTS-

LSTM  

MTS-

PLST

M 

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 0.82 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 ï September   June ï 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 October ï 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 

 

Figure SI5-1. Standalone Hourly LSTM and PILSTM model performance over the training and validation 

period (analogous to the calibration period in the HEC-HMS model) 
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Figure SI5-2. Hourly MTS-LSTM, and MTS-PILSTM model performance over the training and validation 

period (analogous to the calibration period in the HEC-HMS model) 
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Figure SI5-3. Standalone Daily LSTM and PILSTM model performance over the training and validation period 

(analogous to the calibration period in the HEC-HMS model) 



Hydrologic Modeling using HEC-HMS and Deep Learning Models in Russian River Watershed  

 

 

 

  

56 

 
 

 

Figure SI5-4. Daily MTS-LSTM, and MTS-PILSTM model performance over the training and validation 

period (analogous to the calibration period in the HEC-HMS model) 
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SI-6: Daily Testing Time Series 

 

Figure SI7-1: Standalone Hourly LSTM and PILSTM model performance over the testing period (same as the 

test period in the HEC-HMS model) 
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Figure SI6-2. Hourly MTS-LSTM and MTS-PILSTM model performance over the testing period (same as the 

test period in the HEC-HMS model). 
















