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1. Introduction

Water is an indispensable resource for life and nature. However, under the combined
pressures of global climate change, continuous population growth, and accelerating ur-
banization, global water security and river ecosystems are facing multiple challenges [1].
The IPCC report indicates that global warming will intensify the hydrological cycle and
increase the frequency of extreme weather events, posing severe challenges to regional wa-
ter resource security. Meanwhile, human activities, such as land use change, urbanization,
and agricultural irrigation, are also profoundly altering watershed hydrological processes.
Previous studies have shown that two-thirds of the global population, approximately
4 billion people, experience severe water scarcity for at least one month each year [2] and
water pollution may further aggravate future water scarcity at the basin scale [3]. Therefore,
how to quantitatively separate and assess the relative contributions of climate change and
human activities to water resources, and how to predict the evolution of regional water
resources under future climate change scenarios have become important scientific questions
in current hydrological research.

In recent years, the remarkable adaptability of machine learning has demonstrated
its potential as a powerful tool in environmental science and engineering, bringing new
opportunities to water resource research [4]. Compared with traditional methods, machine
learning can automatically learn complex patterns from large volumes of data without
explicitly programming physical mechanisms. It has been widely applied in water-related
subfields, including floods, weather, land use and soil, water quality, surface water, water
resources, and groundwater [5], showing great potential in hydrological process prediction,
water quality monitoring, and watershed simulation. However, despite these advances,
there remains a lack of systematic integration of emerging topics such as machine vision
for water body identification, knowledge—data coupling, and model interpretability. It
is precisely this gap that motivated the organization of this Special Issue, to provide a
dedicated platform for showcasing cutting-edge research on machine learning applications
in hydrology and water quality—especially in time-series prediction, remote sensing
recognition, hybrid modeling, and performance evaluation. The value and significance of
this Special Issue lie in its ability to bridge the gap between algorithmic innovation and
practical water management, offering insights into how ML can resolve long-standing
challenges in pollution source apportionment, ungauged basin simulation, and real-time
monitoring network design. Importantly, the collected studies demonstrate that machine
learning is not merely an auxiliary tool but a transformative methodology capable of
reshaping our understanding of water systems.

Since its launch, this Special Issue has received an enthusiastic and broad response
from the global research community, attracting high-quality contributions from diverse
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fields such as hydrology, water quality modeling, remote sensing, and environmental
informatics. The number and quality of submissions reflect that this topic has become a
major research hotspot in contemporary water science. Looking forward, it is evident that
artificial intelligence, particularly machine learning, will inevitably change the research
paradigm in the water domain—from data-driven discovery to intelligent decision support.
It will enable more accurate predictions, deeper causal inference, and more adaptive
management strategies. We believe that continued efforts in this direction will yield
significant new achievements, ultimately providing novel insights, innovative monitoring
methods, and intelligent management solutions for humanity’s understanding, monitoring,
and stewardship of water resources.

2. An Overview of Published Articles

Contribution 1: The growing risks posed by climate change and extreme flood events
increase susceptibility to erosion and structural instability under elevated hydraulic loading
conditions. This study proposes a spillway erosion prediction framework that integrates
machine learning with Bayesian probability analysis, using readily available spillway width
and stream power as core variables to classify erosion potential and support preliminary
screening for dam safety management when detailed site-specific information is limited.
Based on the ASDSO Dam Failures and Incidents Database and the National Inventory
of Dams, the study constructed a dataset of 500 samples and applied Logistic Regression,
support vector machine, and Random Forest models to classify spillways as eroded or
non-eroded cases. Bayesian probability analysis was further used to quantify the posterior
reliability of model predictions. The Random Forest model demonstrated the best predictive
performance, achieving 82.7% accuracy and 92.5% specificity on the test dataset, and
identified spillway width as a more influential predictor of erosion risk than stream power.
The Bayesian analysis further indicated that when the model predicts erosion, there is
approximately a 59% probability that the spillway will actually experience erosion.

Contribution 2: Water quality prediction requires capturing not only the long-term
dependencies of water quality time-series data, but also the spatial connectivity between up-
stream and downstream monitoring sites, unidirectional pollutant transport, and extreme
pollution events. To address the limitation that traditional deep learning models mainly fo-
cus on temporal features while neglecting real river network topology, this study developed
an enhanced spatiotemporal relationship-guided deep learning method. A Gated Recurrent
Unit (GRU) model was used as the baseline, a Graph Attention Network-Gated Recurrent
Unit (GAT-GRU) model was constructed by incorporating a graph attention mechanism,
and an Enhanced Spatiotemporal Relation-Guided Gated Recurrent Unit (ESRG-GRU)
model was further developed by reconstructing the adjacency matrix and improving the
extremum-sensitive loss function. Using 40 monitoring stations in the Tuojiang River Basin,
Sichuan Province, China, the study compared model training efficiency for 1-day, 3-day,
and 7-day forecast horizons and evaluated 7-day total phosphorus (TP) prediction perfor-
mance. The ESRG-GRU model improved average NSE by 0.1034 and 0.0347 compared
with GRU and GAT-GRU, respectively, while reducing average RMSE by 15.676% and
7.143%, with only a limited increase in training time. This method effectively integrates
spatiotemporal features and river network topology, improving the accuracy, physical
consistency, and interpretability of long-term, multi-station water quality prediction, and
providing support for basin water quality management and early warning.

Contribution 3: Reservoir operation requires a dynamic balance between flood risk
mitigation, water supply reliability, and operational stability. This study applies deep
reinforcement learning (DRL) models, including Deep Q-Network (DQN), Proximal Policy
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Optimization (PPO), and Deep Deterministic Policy Gradient (DDPG), to optimize reservoir
operations at the Soyang River Dam in South Korea using 30 years of daily data from
1993 to 2022. By integrating observed and remote-sensing hydrometeorological inputs,
such as precipitation, temperature, soil moisture, and evaporation, the DRL framework
supports adaptive storage and release decisions and helps overcome the limitations of
traditional Dynamic Programming (DP) and Stochastic Dynamic Programming (SDP)
under high-dimensional, multi-variable conditions. Discharge was derived through a mass
balance formulation from optimized storage, and model performance was evaluated using
cumulative reward, action stability, and counts of total capacity and flood control violations.
The results show that all three DRL strategies maintained larger storage buffers, generally
reduced peak discharge on high-inflow days, and decreased flood threshold exceedances
under the same inflow conditions. Among them, PPO achieved the highest cumulative
reward and the most stable actions, DQN prioritized flood control compliance, and DDPG
provided continuous control with intermediate responsiveness. The SHAP analysis further
demonstrated that the DRL agents learned hydrologically consistent and interpretable
operation strategies, characterized by retaining water during the rising limb, moderating
the crest, and releasing during the recession. Overall, this study highlights the ability of DRL
to integrate multi-source hydrometeorological data, capture nonlinear reservoir operation
dynamics, and provide an adaptive, scalable, and explainable decision framework for
optimized reservoir operation and flood risk mitigation under hydrological extremes.
Contribution 4: This study addresses the need to monitor vegetation dynamics on
the Baishazhou sandbar in the Wuhan reach of the Changjiang River Basin, especially the
spatial and temporal variability of sandbar roughness for improving hydrodynamic flood
modeling during flooding events. It proposes a repeatable, cost-effective, and fine-scale
workflow for estimating vegetation height, providing a methodological basis for deriving
dynamic vegetation roughness from UAV and satellite imagery. The study used a DJI
Mavic 3 Multispectral UAV (SZ DJI Technology Co., Ltd., Shenzhen, China) to collect
multispectral images and generate DSM/DEM data, calculated vegetation indexes (VIs)
including NDVI, GNDVI, NDRE, LCI, and OSAVI, and employed a Fully Connected Neural
Network (FCNN) to establish the relationship between vegetation height (h) and VIs. The
results show that linear and polynomial regression models had limited performance in
estimating vegetation height, while the trained FCNN model performed rather well, with
R? of about 0.85-0.88, RMSE = 1.10 m, and a maximum relative error of 17.2%.
Contribution 5: To address the limitations of traditional optimization-based models
with high computational demands and physical-based models that rely on static oper-
ation policies under rapidly changing flood conditions, this study combines an IPOPT
optimization model with a GRU-based reservoir operation model and introduces data
integration (DI) to explicitly incorporate lagged observations for real-time flood control.
Applied to the Namgang Dam in South Korea, the study used hourly reservoir inflow,
storage, release, and precipitation data from 42 significant flood events during 2000-2024.
The Interior Point Optimizer (IPOPT) was first used to generate optimized hydrographs by
minimizing peak outflows, and the resulting optimal reservoir storage and release values
were then used to train the Gated Recurrent Unit (GRU) model. Six input scenarios were
designed to assess the effects of input variable selection, DI, and forecasted inputs on model
performance. Results show that the GRU model with DI using historical reservoir inflow
and storage achieved the best performance, with RMSE = 202.2, NSE = 0.93, and R? =0.89,
consistently outperforming models without DI; adding precipitation or forecasted inflows
did not improve model performance. This study demonstrates that GRU-DI can accurately
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replicate optimized reservoir operations, supporting timely and informed decision-making
for real-time reservoir operation and flood risk mitigation.

Contribution 6: Reservoir evaporation is a vital variable for water resource manage-
ment in semi-arid regions, but the complex and nonlinear relationships among meteo-
rological variables limit the prediction capability of traditional empirical methods. This
study used daily hydrometeorological data from 2004 to 2011 at the Atatiirk Dam Reservoir
in Turkey, applied the ReliefF algorithm to select key input variables such as sunshine
duration, temperature, precipitation, and humidity, and compared the Multilayer Percep-
tron (MLP) and Adaptive Neuro-Fuzzy Inference System (ANFIS) under different data
partitioning strategies, training algorithms, and membership functions. The results show
that ANFIS had strong fitting capacity during the training phase but showed a tendency
toward overfitting, whereas MLP demonstrated better generalization ability on the test
sets, with the best model achieving R? = 0.8069 and RMSE = 0.0923. The study indicates
that MLP can effectively capture the nonlinear characteristics of reservoir evaporation and
support evaporation forecasting, reservoir operation, and climate-resilient water resource
planning in semi-arid regions.

Contribution 7: Groundwater levels in the Yellow River Basin are influenced by long-
term hydrological variations, topographic and geomorphic heterogeneity, and human
activities, leading to complex spatiotemporal fluctuations, while the limited spatial and
temporal coverage of monitoring wells constrains large-scale continuous assessment. This
study proposes an enhanced Transformer deep learning model that integrates groundwater
monitoring well data with GRACE/GRACE-FO terrestrial water storage anomalies and
GLDAS soil moisture data. Groundwater storage was derived using the mass balance
equation, and the data were matched to 1277 pixels at a 0.25° x 0.25° grid scale. The model
incorporates Key Feature Enhancement Architecture (KFEA) and Dynamic-Static Feature
Fusion (DSFF) to adaptively enhance key feature channels and integrate surrounding
spatial contextual information, thereby improving the capture of long-range temporal de-
pendencies and robustness to anomalous data. Results show that the enhanced Transformer
model significantly outperformed LSTM, with R? increasing by approximately 17.5%, while
RMSE and MAE decreased by approximately 12.4% and 10.9%, respectively. The model
also revealed a fluctuating downward trend in groundwater levels in the Yellow River
Basin, providing a quantitative method for large-scale groundwater time-series monitoring,
variation assessment, and water resource management.

Contribution 8: Existing water distribution networks (WDNs) may experience damag-
ing hydraulic transients and water hammer events during sudden demand increase, but
previous studies often relied on a single worst transient case and considered only pressure
at pipe end nodes, which may not ensure full protection along pipes. This study developed
a comprehensive optWDN model to identify the minimum set of worst transient cases and
optimize the diameters of additional duplicate pipes using a genetic algorithm (GA), while
satisfying both steady-state and transient pressure constraints. The existing New York
Tunnel (NYT) network was used for model validation. The model introduced two versions
of the Surge Damage Potential Factor (SDPF): SDPFN, based on pressure at pipe end nodes,
and SDPFP, based on pressure at all computational nodes along pipes. Results show that
achieving SDPFN = 0 does not guarantee full protection, because pressure heads along
pipes can be more extreme than those at pipe end nodes. For concurrent sudden demand
increase at two nodes, optWDN identified eight critical transient cases and optimized
duplicate pipe diameters that achieved SDPEN = 0 and SDPFP = 0 for all 171 possible cases.
Although the final costs were 46% and 74% higher than previous studies for SDPFN = 0 and
SDPFP = 0, respectively, the additional cost was necessary because previous solutions failed
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to achieve zero SDPF in many transient loading cases. The study also demonstrated that
regulating the duration of demand increase can reduce surge protection costs, providing a
more reliable and cost-effective framework for full protection of existing WDNSs.

Contribution 9: The multi-objective optimization operation of a cascade reservoir sys-
tem must coordinate water release for hydropower generation in the mainstream and water
release for regional water supply in tributaries, but it is challenged by the high-dimensional
decision-making process, nonlinear system dynamics, stochasticity of runoff, and the curse
of dimensionality. Based on the synchronicity and substitutability properties of storage
distribution, this study derives the first-order derivative relationship between individual
reservoir water release decisions and the water availability of the cascade system or a
specific individual reservoir. The theoretical analysis identifies a non-decreasing monotonic
relationship between the cascade reservoir system’s overall water availability, optimal
carryover storage, and water release for tributary use, as well as monotonic relationships
between water release for mainstream use and individual reservoir water availability. On
this basis, an improved reinforcement learning (IRL) method with a reduced searching
region is developed and applied to the WB-XIl-Xjb-Sx reservoir system in the upper reaches
of the Yangtze River in China. Using historical inflow runoff from 1959 to 2023, the compar-
ison with stochastic dynamic programming (SDP) and traditional reinforcement learning
(RL) shows that IRL keeps relative errors within 10%, while its computation time is consis-
tently less than 0.10% of SDP and 5% of RL. The method also preserves highly interpretable
optimization results following the synchronic storage distribution property, demonstrating
high computational efficiency and reasonable interpretability.

Contribution 10: Water quality management in California’s Sacramento—San Joaquin
Delta must balance agricultural operations, drinking water treatment, and ecosystem man-
agement, while traditional sampling and parametric regression methods are limited in
providing accurate, continuous, and spatially distributed ion constituent simulations. To
improve simulations of chloride, bromide, and sulfate concentrations, this study developed
artificial neural network models for three critical water intake locations: the Harvey O.
Banks Pumping Plant, Tracy Pumping Plant, and O’Neill Forebay at the Gianelli Pumping
Plant. Using Electrical Conductivity (EC), Sacramento X2, Water Year Type (WYT), Month,
and Location as predictors, the models achieved R? values above 0.96, with standard
deviation in R? < 0.006 in cross-validation. Compared with existing methods, the models
reduced MAE by 60.7-74.0% for chloride, 63.3-72.5% for bromide, and 70.4-87.9% for sul-
fate. The study further developed four complementary interactive dashboards, including
a Model Interpretability Dashboard to enhance transparency and build stakeholder trust.
For the first time, spatial coverage limitations were addressed through hybrid modeling
that combines DSM2 hydrodynamic simulation with machine learning, enabling continu-
ous prediction of ion distributions across 162 points in the Interior Delta and providing
accessible tools for informed water management decisions.

Contribution 11: Although long short-term memory (LSTM) networks have been
widely used for water quality prediction, the confidence analysis of their prediction accu-
racy and the underlying causes of variability across different water quality indicators and
basins remain insufficiently explored. This study selected the Yangtze River Basin (YRB),
Haihe River Basin (HRB), and Huangshui River Basin (HSB), and developed LSTM models
to forecast key water quality parameters, including ammonia nitrogen (AN), biochemical
oxygen demand (BOD), chemical oxygen demand (COD), dissolved oxygen (DO), hydro-
gen ion concentration (pH), and total phosphorus (TP). A novel confidence evaluation
method was introduced by combining Nash-Sutcliffe Efficiency (NSE), confidence intervals,
and a confidence coefficient. The results showed that LSTM exhibited higher credibility
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in the Haihe River Basin, acceptable reliability in the Huangshui River Basin, and weaker
applicability in the Yangtze River Basin except for TP. LSTM demonstrated greater accuracy
and stability in predicting total phosphorus (TP), with median NSE values of 0.71 in the
HRB and 0.73 in the YRB. The study further revealed a linear relationship between LSTM
prediction performance and the temporal autocorrelation and cross-correlation coefficients
of water quality parameters, with coefficients of determination (R?) ranging from 0.59 to
0.85. These findings emphasize that the reliability of LSTM-based predictions depends
strongly on basin-specific data characteristics and correlation structures, providing a basis
for confidence assessment and practical model selection in water quality forecasting.

Contribution 12: Predicting freshwater quality, including surface and groundwater,
is essential for the sustainable management of water resources, while the rapid devel-
opment of AI/ML/DL techniques has created a complex methodological landscape that
requires a systematic understanding of trends, gaps, and future directions. This study
collected 1822 articles from the Scopus database covering 2000-2024 and applied Topic
Modeling together with the bibliometric-systematic literature review (B-SLR) methodology
to analyze water quality prediction studies. The results identified exponential growth in
scientific publications since 2020, indicating that this field has reached a stage of maturity.
The predominant techniques include ensemble models, especially Bagging and Boosting,
deep neural networks such as long short-term memory (LSTM) and convolutional neural
networks (CNNSs), and traditional algorithms such as artificial neural networks (ANNSs),
support vector machines (SVMs), and decision trees (DTs). The study further shows
that hybrid and explainable architectures, explainable artificial intelligence (XAI), SHAP,
LIME, Transfer Learning, Generative Adversarial Networks (GANs), Group Method of
Data Handling (GMDH), and Transformer architectures are becoming important research
directions. Among them, hybrid and interpretable models are the most promising alterna-
tives for improving prediction accuracy, transparency, and informed decision-making in
AI/ML/DL-based freshwater quality prediction.

3. Concluding Remarks

This Special Issue presents representative advances in machine learning applications
in the water domain, showing that the field is moving from single data-driven prediction
toward an integrated paradigm that combines multi-source data fusion, process knowledge,
interpretable prediction, and intelligent decision support. The main advances can be
summarized in three aspects:

1. Machine learning has substantially improved the prediction and simulation of com-
plex hydrological, water quality, and water engineering processes. The studies in this
Special Issue applied LSTM, GRUs, Transformers, graph neural networks, Random
Forest, MLP, ANFIS, and deep reinforcement learning to water quality prediction,
groundwater level estimation, reservoir evaporation, reservoir operation, spillway
erosion, and transient protection in water distribution networks. These methods
effectively capture nonlinear relationships, long-term temporal dependencies, high-
dimensional interactions, and responses to extreme events, showing strong prediction
accuracy, computational efficiency, and adaptability across different water-related appli-
cations.

2. Multi-source data fusion and process knowledge have promoted the transition from
black-box prediction to physically consistent prediction. The collected studies in-
tegrated monitoring station records, meteorological and hydrological data, remote
sensing products, UAV imagery, groundwater monitoring well data, and engineering
operation data. They also incorporated river network topology, hydrodynamic simula-
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tion, mass balance equations, monotonic property constraints, dynamic—static feature
fusion, and reservoir operation rules. This coupling of knowledge and data enhances
the ability of machine learning models to represent real hydrological, hydraulic, and
operational processes, improving their reliability and transferability for basin-scale
analysis, multi-station prediction, and engineering operation.

3.  Interpretability, risk assessment, and intelligent optimization have expanded the
decision-support value of machine learning in water resource management. Meth-
ods such as SHAP interpretation, Bayesian probability analysis, confidence evalua-
tion, extremume-sensitive loss functions, action stability metrics, and reinforcement
learning-based optimization improved model transparency, reliability, and opera-
tional relevance. These approaches not only improve prediction accuracy, but also
identify key driving factors, quantify prediction confidence, optimize operation strate-
gies, and support water quality warning, groundwater management, reservoir flood
control, and hydraulic infrastructure safety assessment.

Looking forward, this Special Issue points to several promising directions: the emer-
gence of foundation models for ungauged basins and emerging water issues; digital twins
with real-time ML for adaptive monitoring and early warning; physics-guided and causal
ML to move beyond correlation toward intervention; and lightweight edge models de-
ployed on drones, buoys, and satellites for ubiquitous sensing. In summary, ML in the water
domain is evolving toward accurate sensing, process-informed modeling, interpretable
prediction, and intelligent decision-making. It will not remain a mere analytical tool but be-
come a core driver of a new paradigm—intelligent water science—offering transformative
capabilities for water security, environmental protection, and climate adaptation.
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Abstract

This study examines the erosion potential of earthen spillways under the growing risks
posed by changing climate and extreme flood events, which threaten the stability and
safety of dam infrastructure. Specifically, it employs a machine learning approach to
evaluate how readily available spillway width and stream power can predict erosion
potential. Site-specific erosion prediction methods are often costly and time-consuming
because they rely on extensive field investigations and physical modeling. To address
these challenges, this research employs multiple machine learning algorithms, including
logistic regression, Support Vector Machine, and Random Forest, on existing data to classify
spillways as erodible or non-erodible cases. The Random Forest model demonstrated
the best predictive performance, achieving 82.7% accuracy on the test dataset. To further
interpret the reliability of model predictions, a Bayesian probability analysis was performed,
revealing that when the model predicts erosion, there is a 59% probability that the dam
will actually experience erosion. These results highlight how integrating existing datasets
with machine learning and probabilistic reasoning can enhance dam safety assessment by
considering the accuracy, efficiency, and reliability of spillway erosion predictions.

Keywords: extreme flood events; spillway erosion; dam safety; stream power; spillway
width; machine learning

1. Introduction

Embankment erosion is a critical concern in hydraulic engineering, particularly in
auxiliary spillways, where high water velocities and discharge rates can cause rapid
and extensive surface damage, threatening the structural integrity of dams. With the
escalating impacts of climate change and the increasing frequency of extreme flood events,
rising reservoir water levels pose significant risks to dam safety, as demonstrated by the
catastrophic failures of the Edenville and Sanford Dams in Michigan [1]. These events
underscore the urgent need for reliable and efficient methods to predict embankment
erosion potential for earthen dam and spillway design and risk management.

Erosion prediction techniques are often time-consuming, costly, and limited in scala-
bility, requiring extensive site-specific field and laboratory testing [2-5]. To address these
limitations, Ghimire and Schulenberg [6] developed the Windows Dam Analysis Modules
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(WinDAM) C screening model, which enables the identification of multiple at-risk spill-
ways within a single simulation. Their study revealed that approximately 75 percent of the
analyzed dams were at severe risk of erosion, primarily linked to narrower spillway widths.
However, several other factors influence the embankment breach, such as embankment
material, slope, dam height, and reservoir stage [7]. Among the parameters previously
examined, spillway width and stream power have emerged as the most dominant pre-
dictors of erosion [8], surpassing other indicators such as the headcut erodibility index,
representative soil diameter, and spillway channel slope ratio. Our goal in this paper is
to evaluate whether these two parameters aid the prediction of spillway erosion using a
machine learning framework.

Spillway width represents a geometric design parameter, whereas stream power is a
hydraulic parameter that quantifies the energy per unit time and area exerted by flowing
water on the spillway channel, a process closely tied to extreme flood dynamics. Stream
power, expressed as the rate of energy dissipation, acts as a hydraulic stressor that initiates
and accelerates erosion [9]. Given their interdependence, variations in spillway width and
stream power jointly influence overall spillway performance and erosion susceptibility.
Yet, despite their importance, the combined predictive role of these parameters remains
under-researched in the literature, and our paper fills this gap by using an existing dataset
and employing various machine learning methods.

Methodologically, the application of machine learning in civil engineering and infras-
tructure has expanded rapidly in recent years [10-12]. However, studies on dams and
spillway performance, particularly auxiliary spillways, have primarily relied on traditional
statistical methods, such as linear regression models, deterministic threshold-based criteria,
and parametric reliability analyses, without emphasizing model-building and inherent non-
linearities. This study contributes to the growing body of literature on machine learning
techniques by employing and extending beyond a logistic regression framework, a widely
used statistical approach for predicting dam erosion and other engineering events [9,13]
to identify key parameters influencing spillway erosion. While earlier studies focused
primarily on the physical mechanisms of spillway erosion and hydraulic loading [9,13],
more recent work emphasizes that dam failures arise from interactions among technical,
organizational, and human factors [14].

In this context, the present study adopts a machine learning approach to model and
predict the erosion potential of auxiliary spillways using the two most sensitive variables
identified in prior research: spillway width and stream power. This is a more focused
approach compared to prior studies that emphasize spillway erosion and embankment
performance as a broad set of geotechnical, hydraulic, and operational factors, including
soil type and material properties, degree of compaction, spillway geometry and slope, dura-
tion and intensity of overtopping events, and maintenance and operational history [15-17].
While our study primarily targets auxiliary spillway erosion, the model applies broadly
to earthen dams, embankments, and spillways. Accordingly, these terms are used inter-
changeably throughout the remainder of the paper.

To address the research question, we focus on a categorical variable with a binary
outcome. Based on the sample of available dams and the information collected, a value
of 1 is assigned to spillways with erosion and 0 to those without erosion (additional
details are provided in the data description section). Accordingly, logistic regression
is an appropriate statistical model for predicting the likelihood of occurrence between
two mutually exclusive events, namely, whether erosion will occur, based on the given
parameters. This methodological choice is consistent with existing literature on related
applications. For example, a general linear model combined with a novel machine learning
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approach has been applied to model the gully erosion susceptibility of Golestan Dam
in Iran using training and test samples [18]. Similarly, piping erosion in the Zarandieh
watershed of Markazi Province, Iran, has been evaluated using Bayesian generalized linear
models with machine learning applications [19].

Three supervised learning algorithms are applied to classify spillways as eroded
or non-eroded cases: logistic regression, Support Vector Machine, and Random Forest.
Model performance is evaluated using accuracy and receiver operating characteristic
(ROC) metrics, and the best-fit model is further assessed through Bayesian probability
analysis to quantify post-prediction reliability. By integrating data-driven algorithms with
probabilistic reasoning, this study aims to improve the predictive accuracy, efficiency, and
interpretability of erosion risk assessment under elevated stream power conditions, which
serves as a proxy associated with extreme hydrologic events. The findings contribute to
improved dam safety management by offering a scalable and evidence-based framework
for spillway design and operation. As such, this paper advances spillway erosion prediction
by demonstrating the application of machine learning and Bayesian probability within a
decision science framework, offering a practical data-driven approach for assessing erosion
potential when detailed site-specific information is limited, particularly under elevated
hydraulic loading conditions. To the best of our knowledge, existing studies have not
applied the specific machine learning framework adopted in this paper to evaluate whether
readily available, pre-existing data on stream power and spillway width can be used to
predict spillway erosion in the absence of detailed field observations.

2. Theoretical Framework

Existing studies have identified multiple factors contributing to dam and spillway
erosion, including hydraulic forces, soil erodibility, and geometric design parameters. The
logistic regression model has traditionally been employed to estimate the probability of
spillway failure and to serve as a screening tool for erosion risk assessment [9,13]. In these
studies, a threshold line was applied between stream power (y-axis) and one or more
of the spillway features identified above, as illustrated in Figure 1. This threshold line
visually separates spillways with a higher likelihood of erosion (above the line) from those
considered non-erodible (below the line).

A

Erosion

Stream Power

No Erosion

Spillway Feature

Figure 1. Threshold line between erodible and non-erodible spillways.
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The threshold line in this paper is defined using an approach similar to that of Wi-
bowo et al. [9]. In their study, the threshold is established based on stream power and
an erodibility index (a measure of spillway “feature”), where a higher erodibility index
indicates greater resistance to erosion. By analogy, in our model, a larger spillway width
serves as the corresponding feature that provides greater resistance to erosion for a given
level of stream power.

Two main approaches have been used in the literature to define this erosion thresh-
old: the United States Department of Agriculture (USDA) threshold line and Annandale’s
threshold line [20]. The USDA method, derived from empirical field observations, asso-
ciates allowable stress limits with soil type and vegetative cover, providing a qualitative
guideline for erosion potential [21,22]. In contrast, Annandale’s approach offers a more
quantitative, physically based criterion, incorporating parameters such as stream power,
erodibility index, and energy dissipation within a mathematical framework.

While both approaches are valuable for identifying critical thresholds, they rely on em-
pirical or semi-analytical formulations that can be data-intensive and site-specific, limiting
their generalizability. In the context of climate-induced extreme events, where hydrologic
and hydraulic parameters can change rapidly, such static threshold methods may not
fully capture nonlinear or interacting effects. This limitation motivates the adoption of
a machine learning framework that can learn complex relationships between variables,
such as spillway width and stream power, directly from data. Building on Annandale’s
energy-based rationale, this study extends the theoretical framework toward a data-driven,
machine-learning approach that can dynamically predict erosion potential and enhance
dam safety assessment under extreme conditions.

2.1. Stream Power Based on Annandale’s Threshold Model

Stream power is the rate of energy dissipation per unit width of flow, which is calcu-
lated as:
P=17qAE (1)

where P is the stream power per unit width, - is the unit weight of water (9.81 kN/m?), g
is the unit discharge, which means the discharge per unit width, and is derived as g = Q/b,
and its unit is = % =m?/s. AE is the energy loss per unit weight of water, and is further
calculated by using the following formula:

AE=Az+ (3/2) ye — y1 — 0m?/28 )

where, Az = dam height (m); y. = critical flow depth (m), used here to represent energy
conditions at control points in steep or transitional flow regions; iy; = downstream flow
depth/tailwater depth (m), v, = flow velocity of jet downstream of a drop after entrain-
ment of water (m/s); ¢ = acceleration due to gravity (m/s?). Critical depth is used instead
of normal depth because it better characterizes energy conditions at spillway chutes and
hydraulic drop structures, where supercritical flow is expected. This modeling approach
follows Annandale’s model [20], who emphasized the use of critical depth in his formula-
tion for evaluating erosion potential. Figure 2 shows the discharge at the drop structure,
along with the parameters explained.
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Figure 2. Discharge at a drop structure.

2.2. Unit Discharge (q)

The amount of fluid passing a section of a stream in a unit of time is called unit
discharge. Unit discharge in an open channel rectangular flow is computed as follows:

q=Q/b 3)

where,

q = inflow unit discharge or discharge per unit width in m?/s
Q = maximum discharge in m3/s

b = spillway width in m

2.3. Critical Flow Depth (y.)

As shown in Figure 2, y. denotes the critical flow depth, and it is calculated as:
ye = (Q* /)" = (°/9)"° (4)

where,

Y = critical flow depth in m
¢ = acceleration due to gravity = 9.81 m/s?

2.4. Flow Velocity of Jet in Downstream (vy,)

Annandale provides the value of vy, as:
U = (©v/2) (1 + cost) (5)

where,

vy = flow velocity of jet in the downstream in m/s
v = velocity of jet downstream of a drop just before entrainment of water, which is:

v=0Q/(@® ]/c) (6)
1.06
cosf = \/(Az/yc +3/2) (7)

where,

f = angle of the channel bed (or drop face) relative to the horizontal
Az = dam height or vertical drop height in m
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Overall, Equation (6) gives the velocity at a critical flow, and Equation (7) relates the
slope geometry to the critical depth.

We use the above parameters to calculate stream power using Annandale’s approach.
Other parameters included in Figure 2, q; (downstream unit discharge), g3 (trapped unit
discharge due to recirculation), and A (point of velocity change) are not directly used in
our analysis but are included in the figure for completeness, as originally presented in
Annandale [20].

3. Data and Methodology
3.1. Data Description

To achieve the objective of this study, a comprehensive dataset was constructed
by collecting information on dams that experienced erosion-related failures, as well as
those that did not. The erosion information (our binary outcome variable, coded 1 for
erosion cases and 0 for no erosion cases) was obtained from the Association of State
Dam Safety Officials (ASDSO) Dam Failures and Incidents Database. The remaining
information needed for further analysis (spillway width, dam height, and maximum
discharge) was obtained from the National Inventory of Dams (NID). Based on these
measures, we calculated the following parameters: Unit discharge () as shown in Equation
(3); Critical depth (y.) as shown in Equation (4); Flow velocity of jet in the downstream (v;;)
as shown in Equation (5); Velocity of jet downstream of a drop just before entrainment of
water (v) as shown in Equation (6); and cosf as shown in Equation (7). All these parameters
were used to calculate Energy Loss (AE) as shown in Equation (2), and AE was then
substituted into Equation (1) to calculate Stream Power (P) = y g AE. Table 1 summarizes
the key variables included in the analysis.

Table 1. Sample of dams with failure incidents with eroded data.

Variable Erosion Status N Mean Std. Dev.

Spillway Width (m) Erosion Cases 100 32.39 53.00
No Erosion Cases 400 88.97 155.79

Stream Power (W/m) Erosion Cases 100 174,983.90 598,670.00
No Erosion Cases 400 605,914.00 4,304,426.00

Although the NID enlists over 91,000 dams across the United States, it does not
provide the spillway failure information. Therefore, the ASDSO database served as the
source for a sample of dams that failed due to erosion-induced processes, such as spillway
headcutting or surface degradation. As of May 2020, the ASDSO database documented
approximately 1074 dam failure cases, from which a sample of 100 dams was selected, based
on data availability. The selected cases specifically included failures attributed to spillway
erosion, headcutting, spillway chute failure, or inadequate spillway capacity, aligning
with the study’s emphasis on embankment erosion mechanisms. These erosion cases were
intentionally chosen to represent a range of failure types associated with hydraulic stress
during extreme flood events.

For comparison, a control sample of 400 dams was drawn to represent non-eroded
spillways. While the selection was not randomized, efforts were made to include a di-
verse set of dams varying in size, type, and geographic distribution, thereby ensuring
heterogeneity within the non-eroded group. The 1:4 ratio of eroded to non-eroded samples
(100:400) was selected to balance statistical power with the relatively limited availability of
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well-documented erosion cases. The resulting dataset of 500 samples provided a balanced
and representative basis for predictive modeling.

3.2. Supervised Machine Learning Models

To predict the likelihood of spillway erosion under extreme hydrologic conditions,
this study applies supervised machine learning algorithms that classify samples as eroded
or non-eroded based on physical and hydraulic characteristics. The 500 datasets were split
into training (70%) and test (30%) subsets for model training, validation, and comparison.
The training set was used to develop the predictive models, while the test set was used to
evaluate each model’s generalization performance on unseen data.

Three machine learning algorithms were implemented: Logistic Regression, Support
Vector Machine (SVM), and Random Forest (RF). We implemented these models in R using
the ‘caret’ package. Specifically, we used createDataPartition() for the train—test split. Model
training and tuning were conducted using repeated k-fold cross-validation via trainControl
(method = “repeatedcv”, number = 10, repeats = 5), and we enabled class probabilities
(classProbs = TRUE) and saved cross-validated predictions (savePredictions = “final”).
Following standard practice for binary classification, we optimized model performance
using the area under the ROC curve (AUC) by specifying summaryFunction = twoClass-
Summary and metric = “ROC”. We estimated (i) a baseline logistic regression using train
(..., method = “glm”, family = binomial), (ii) a random forest using train (. . ., method = “rf”,
tuneLength = 5), and (iii) an SVM with radial kernel using train (. . ., method = “svmRadial”,
preProcess = ¢ (“center”, “scale”), tuneLength = 5), where SVM predictors were centered
and scaled before model fitting.

3.2.1. Logistic Regression

The logistic regression model provides a probabilistic framework for classifying the
binary outcome of erosion. It is particularly effective when the dependent variable is
categorical, as in this study, where the outcome is either 1 (eroded) or 0 (non-eroded).
The model estimates the probability p(y) that a spillway will erode based on predictor
variables—spillway width (b) and stream power (P)—and is expressed as:

1, with probability p
y= . - (8)
0, with probability 1 — p

The linear form of logistic regression occurs in the natural log of odds of the event and
is expressed as:
In (odds) = Bo+ Pib+ BoP )

In the above expression, b = spillway width and P = stream power, with corresponding
coefficients B1, B2 and the regression intercept Bo. The left-hand side is the natural log of
the odds, also known as logit. It is defined as the ratio of the probability of an occurrence
p(y). An odds ratio represents the probability of a spillway being stable and is expressed

as follows: )
Py
odds = ———~— (10)
1-p(y)
In this case, the probability of the event is calculated as:
PV _ g bt pop (11)
1=p(y)
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where,
1

T 1+exp [—(Bo+ Pib + B2D)]

This framework allows for direct interpretation of the relationship between spillway

p(v) (12)

width, stream power, and erosion probability, where negative coefficients indicate that an
increase in width or a reduction in hydraulic energy reduces erosion risk.

3.2.2. Support Vector Machine (SVM)

The SVM algorithm constructs an optimal decision boundary (hyperplane) that sep-
arates eroded and non-eroded spillways in a multidimensional space defined by the
predictor variables [23]. Using a radial basis function (RBF) kernel, SVM captures nonlinear
relationships between spillway width and stream power—relationships that often emerge
during extreme flood events when flow conditions deviate from normal operating regimes.
Model tuning was performed through repeated 10-fold cross-validation, optimizing the
penalty parameter (C) and (o) to maximize classification accuracy and the area under the
ROC curve (AUC).

3.2.3. Random Forest (RF)

The Random Forest model is a combination of tree predictors such that each tree
depends on the values of a random vector sampled independently and with the same
distribution for all trees in the forest [24]. Each tree is trained on a random subset of
data and predictor variables, and the final classification is determined by majority voting
across trees. This nonparametric method is particularly advantageous for erosion modeling
because it can capture complex, nonlinear, and interacting effects between spillway width
and stream power without assuming a specific functional form. Variable importance was
computed based on the Mean Decrease in Gini impurity, which quantifies each predictor’s
contribution to reducing model uncertainty.

Following model training, predictions were generated for the 30% test sample to
evaluate classification performance. Accuracy, sensitivity, specificity, and AUC were used
as evaluation metrics. Among the three models, the Random Forest algorithm achieved the
highest predictive accuracy (82.7%) and the most balanced performance across evaluation
metrics. To further assess model reliability beyond standard classification metrics, a
Bayesian probability analysis was applied to estimate the posterior probability of actual
erosion given a predicted erosion outcome. This integrated approach enhances technical
rigor and its applicability to dam safety decision-making under extreme hydrologic stress.

3.2.4. Bayesian Probability Method for Decision Making

The Bayesian probability method provides a probabilistic framework for evaluating
the reliability of model predictions [25]. Rooted in Bayes’ theorem, it allows the probability
of an event to be updated based on new evidence—an approach particularly useful when
assessing dam safety under uncertainty. In this study, Bayesian inference is used to estimate
the probability that an embankment will actually experience erosion, given that the machine
learning model predicts erosion. This post-prediction analysis complements the accuracy
measures by incorporating prior and conditional probabilities to evaluate model reliability.

Mathematically, Bayes’ theorem is expressed as:

pulg) = PO (13)
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where, y represents the samples that actually eroded, 1 represents the event that the samples
are predicted to erode, p(y) is the prior probability of erosion in the dataset, p(7|y) is the
sensitivity, or the probability that the model predicts erosion given that erosion occurred,
and p(7) is the overall probability that the model predicts erosion.

This formulation provides a posterior probability p(y|7), representing the chance that
a spillway truly eroded, given its predicted classification. The Bayesian framework is
particularly valuable for identifying false positives, cases where erosion is predicted but
does not occur, and for quantifying the likelihood that these predictions correspond to
actual erosion events. By integrating probabilistic reasoning with machine learning models,
the study provides a more robust assessment of model reliability, prediction confidence,
and the real-world risk of spillway erosion under extreme hydrologic events.

4. Results and Discussion
4.1. Model Comparison and Performance Evaluation

Three supervised machine learning algorithms—Logistic Regression, Support Vector
Machine (SVM), and Random Forest (RF)—were applied to classify spillways as eroded or
non-eroded based on their geometric and hydraulic properties, that is, spillway width and
stream power.

As shown in Table 2, the Random Forest model demonstrates the strongest predictive
performance among the evaluated approaches, achieving an accuracy of 82.7% and the most
balanced classification outcomes, with a sensitivity of 92.5%, specificity of 43.3%, and an
AUC of 0.82. The SVM model exhibits moderate discriminative ability (accuracy = 78.7%;
AUC =0.72), whereas the logistic regression model shows relatively low predictive power
(accuracy = 75.3%; AUC = 0.54). The comparatively lower AUC values for logistic regres-
sion and SVM suggest limitations in capturing nonlinear and interaction effects between
spillway width and stream power. In contrast, the Random Forest model more effectively
represents these complex relationships, resulting in superior overall performance and
justifying its use for subsequent analysis.

Table 2. Comparison of machine learning model performance metrics.

Model Accuracy  Sensitivity = Specificity AUC
Logistic Regression 0.753 0.000 0.942 0.542
Support Vector Machine (SVM) 0.787 0.100 0.958 0.721
Random Forest 0.827 0.433 0.925 0.817

4.2. Random Forest Model Assessment Using Confusion Matrix

The confusion matrix for the Random Forest model on the test dataset is presented in
Table 3.

Table 3. Confusion matrix for random forest model (test dataset).

Actual
Predicted
No Erosion Erosion
No Erosion 111 (TN) 17 (FN)
Erosion 9 (FP) 13 (TP)

The model correctly classified 111 true non-eroded (TN, non-eroded cases predicted
as non-eroded) and 13 true eroded (TP, eroded cases predicted as eroded) spillways, with
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17 false negatives (FN, eroded cases predicted as non-eroded) and 9 false positives (FP,
non-eroded cases predicted as eroded). We can use information from the confusion to
calculate the following model performance measures:

TP+ TN 13 + 111
A = = = 0.827 = 82.7%
ceuracy Total 13 + 111 + 9 + 17 08 82.7%
Sensitivity = e 13 = 0.433 = 43.3%

TP+FN ~ 13+17

e TN 111
SPECLFICy = TN T FP ~ 11149

While the model demonstrated a high ability to identify non-eroded cases, as reflected

= 0.925 = 92.5%

in its specificity of 0.925, its sensitivity of 0.433 indicates limited success in detecting eroded
spillways. This imbalance in classification performance is consistent with the relatively
small number of erosion cases in the dataset.

This outcome highlights a common challenge in dam safety prediction: predicting
a non-eroded spillway as eroded (FP) affects operational efficiency, whereas predicting
an eroded spillway as non-eroded (FN) poses substantial safety risks. Given the model’s
high specificity (92.5%) and lower sensitivity (43.3%), accepting some false positives is a
reasonable trade-off because it allows the model to be more cautious. In practical terms,
this means the model may occasionally flag a spillway as eroded when it is not, but it
is less likely to miss a truly eroded spillway. In dam safety management, this cautious
approach is important because identifying a potential erosion problem early is far better
than overlooking a dangerous condition.

4.3. Bayesian Probability Analysis

To further interpret the Random Forest model’s predictive performance, Bayesian
inference was used to estimate the probability that an embankment will actually experience
erosion given that the model predicts erosion. This provides a probabilistic interpretation
of model reliability that goes beyond traditional classification accuracy. Although this
same information can be calculated from the confusion matrix as precision (TP/(TP + FP)),
we present it within a Bayesian probability framework, integrating traditional statistical
reasoning with modern machine learning evaluation.

Using Bayes” Theorem, we define: p(y) as the prior probability of erosion in the test
sample (30 out of 150 samples = 0.20), p(1 — y) as the prior probability of no erosion (120
out of 150 samples = 0.80), p(7 | y) as the probability that the model predicts erosion when it
has actually occurred (13 out of 30 = 0.43, representing sensitivity), and p(f |1 — y) as the
probability that the model incorrectly predicts erosion when erosion did not occur (9 out of
120 = 0.075, representing the false positives).

Using these values, the overall probability that the model predicts erosion is calculated as:

p(@) = p(@ly).-py)+ pH1—y).p(1—y)
p(9) = (0.43)(0.20) + (0.075)(0.80) = 0.147

Substituting these values into Equation (13), we obtain:

p(@ly) - ply) _ (043)(0.20)
p(7) = oy 20

p(yl7) =
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Therefore, when the Random Forest model predicts erosion, there is approximately
a 59 percent probability that the spillway will actually experience erosion. This posterior
probability, derived from the 30% test sample, provides an out-of-sample measure of the
model’s reliability and demonstrates how Bayesian analysis can complement machine learn-
ing classification metrics to better inform erosion risk assessments for dam professionals
and practitioners.

4.4. Variable Importance and Physical Interpretation

To evaluate the relative contribution of the predictor variables, variable importance
was assessed using the Mean Decrease in Gini index in the Random Forest model. As
shown in Figure 3, spillway width had a higher importance score (73.07) than stream power
(38.38), indicating that geometric characteristics play a more dominant role in predicting
spillway erosion than hydraulic intensity alone.

This finding aligns with hydraulic engineering theory, where narrower spillways
tend to concentrate flow, increase velocity, and elevate shear stress on spillway surfaces,
conditions that accelerate embankment erosion during extreme flood events. The Random
Forest model thus confirms that spillway width is the most influential predictor of erosion
risk, consistent with the physical mechanisms observed in previous studies [8,9].

4.5. Regression Validation and Direction of Effects

To further verify the direction and statistical significance of the predictors, we rely
on the results from the logistic regression (although this is not the best model, we want to
analyze the coefficients to evaluate the direction of the impact) based on log-transformed
variables for width and stream power. Table 4 shows a negative, statistically significant
coefficient for spillway width ( = —0.459, p < 0.001, controlling for stream power), indicat-
ing that erosion probability decreases with increasing spillway width. The coefficient for
stream power (3 = —0.06, p = 0.06) is not statistically significant at the 5% significance level,
suggesting a weaker relationship after controlling for width, consistent with the feature
importance analysis presented above. Hence, we highlight the impact of the spillway width
in the following sections.

80

40

20

Variable Importance (Mean Decrease Gini)

[=]

Spillway Width Stream Power
Predictors in the Model

Figure 3. Variable importance from random forest.

19 https://doi.org/10.3390/w18030373



Water 2026, 18, 373

Table 4. Logistic regression results.

Dependent Variable: Erosion (0/1)

In (Spillway Width) —0.459 ***
(0.100)
In (Stream Power) —0.059
(0.032)
Constant 0.669
(0.413)
Observations 500
Log Likelihood —234.774
Akaike Inf. Criteria 475.547

Note: *** = p < 0.01; standard errors in parentheses

Focusing on the coefficient for spillway width from the full model, the odds ratio for
spillway width (e %4 = 0.63) implies that a 1-unit increase in the natural log of width, or
approximately a 2.7-fold increase in physical width (since el = 2.718), reduces the odds of
erosion by 37% (thatis, 1 — 0.63 = 0.37), holding stream power constant. This result empirically
supports the conclusion that narrower spillways are more susceptible to erosion because they

constrain flow and amplify energy concentration during high-discharge events.

4.6. Decrease in Erosion Rates by Spillway Width

A descriptive analysis of observed erosion rates further validates the model results.
When spillways were grouped into quartiles based on width, erosion rates decreased
systematically from 30.4% in the smallest (narrowest spillway width) quartile to 6.4% in the
largest (widest spillway width) quartile, as shown in Table 5 and Figure 4. This monotonic
decline demonstrates a clear geometric control on erosion susceptibility and corroborates
the negative relationship between spillway width and erosion probability derived from the
machine learning models.

Table 5. Erosion rate by spillway width group.

Width Quartile Mean Width (m) Erosion Rate (%) N
1 (Narrowest Spillway Width) 9.6 30.4 125
2 18.2 29.6 125
3 45.8 13.6 125
4 (Widest Spillway Width) 237.0 6.4 125
0.30-
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2
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Figure 4. Decrease in erosion rate by spillway width group.
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4.7. Discussion

In sum, the results demonstrate that machine learning methods, particularly the Ran-
dom Forest algorithm, can effectively predict spillway erosion potential using minimal yet
physically meaningful parameters: spillway width and stream power. Compared with tra-
ditional deterministic or threshold-based models [20,22], machine learning approaches offer
improved flexibility in handling nonlinear relationships and complex variable interactions.

The integration of Bayesian inference further strengthens model interpretability by
translating classification outcomes into conditional probabilities that convey real-world
predictive confidence [25]. From a dam safety perspective, the ability to quantify both
prediction accuracy and posterior reliability is critical for early warning systems and for
prioritizing maintenance resources under climate-driven extreme storm and flood scenarios.

While machine learning models provide accurate classification of erosion events, they
primarily describe how well the model distinguishes eroded from non-eroded cases. In
contrast, Bayesian probability analysis offers a complementary perspective by quantifying
the posterior likelihood that a spillway truly erodes given its predicted classification.
This probabilistic measure enhances interpretability, enabling engineers to evaluate the
reliability of model predictions under real-world uncertainty. For instance, although
the Random Forest model achieved 82.7% accuracy, Bayesian inference indicated a 59%
posterior probability of actual erosion when erosion was predicted, offering a more nuanced
assessment of prediction confidence for dam safety decision-making.

Ultimately, this study demonstrates that combining data-driven machine learning
with probabilistic reasoning can enhance the predictive accuracy and operational relevance
of erosion risk assessment, contributing to the broader goal of resilient dam and spillway
design in an era of increasing hydrologic extremes.

4.8. Limitations and Future Work

Although this study focuses on hydraulic and geometric predictors, that is, spillway
width and stream power, spillway erosion is fundamentally driven by the magnitude
and duration of hydraulic events, and erosion may be continuous and progressive and
not readily observable. Flood hydrology is, therefore, strongly influenced by rainfall
intensity, storm duration, antecedent soil moisture, and catchment characteristics [26,27].
Likewise, rainfall-runoff processes directly control the hydrographs that produce erosive
shear stresses on spillway surfaces [14,28]. Incorporating explicit flood and rainfall-runoff
information could further enhance erosion prediction and improve linkage to climate-
driven hydrologic processes.

A comprehensive erosion assessment, therefore, requires detailed, site-specific data
from extensive field investigations, including information on soil type, compaction, spill-
way slope, duration of overtopping, maintenance history, etc. [15-17]. Such data are not
available for inclusion in our study, and collecting them is costly and time-consuming.
For this reason, the present study focuses on erosion in earthen auxiliary spillways using
stream power and spillway width, two variables consistently available across large datasets
and found to be most influential among the erosion-related factors in previous studies,
such as Ghimire et al. [8].

In the absence of more comprehensive data, the screening approach developed in
this paper is intended to support agency-level decision-making by identifying auxiliary
spillways that may warrant further investigation. Once potentially high-risk spillways
are flagged, agencies can then conduct detailed, site-specific hydraulic and geotechnical
analyses. In this context, the contribution of this study lies in demonstrating how machine
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learning methods can be applied for large-scale screening and in providing a foundation for
future research that incorporates additional variables and more detailed site information.

Additionally, the predictive performance of the machine learning models is inherently
dependent on the size, diversity, and representativeness of the available erosion dataset. If
the dataset is biased toward specific dam types, climatic conditions, or geographic regions,
the models’ generalizability to other spillways under different conditions may be limited.
Therefore, model selection and evaluation should be data-driven and context-specific,
rather than assuming that the Random Forest model identified in this study will be the
best-performing approach in all cases. Moreover, the black-box nature of Random Forest
models limits direct physical interpretability of variable effects, reinforcing the need to use
such models as complementary screening tools alongside physically based engineering
analyses rather than as standalone decision instruments.

5. Conclusions

This study aimed to evaluate the likelihood of earthen auxiliary spillway erosion
during extreme events, such as floods, by examining the influence of spillway width and
stream power through multiple machine learning techniques, including logistic regression,
Random Forest, and Support Vector Machine (SVM). Among these models, the Random
Forest algorithm achieved the best predictive performance, demonstrating superior ac-
curacy and balanced classification. The Random Forest analysis identified both spillway
width and stream power as significant predictors of erosion occurrence, with spillway
width exerting a stronger influence. To further assess the model’s predictive reliability, a
Bayesian analysis was conducted to estimate the likelihood that the predicted spillways
would actually erode.

The Random Forest model achieved an overall accuracy of 82.7%, correctly classifying
the majority of spillways in the test sample as either eroded or non-eroded. This perfor-
mance measure alone, however, reflects an incomplete predictive power of the model. In
particular, the model demonstrated strong capability in identifying non-eroded spillways,
as evidenced by a high specificity of 92.5%, indicating that most stable spillways were
correctly classified. By contrast, the sensitivity of 43.3% suggests more limited success in
detecting eroded spillways, with a substantial proportion of erosion cases remaining unde-
tected. This imbalance is largely attributable to the relatively small number of observed
erosion events in the dataset, which constrains the model’s ability to learn distinctive
erosion patterns. Bayesian inference further refined this analysis by indicating a 59%
probability that a spillway predicted to erode would actually experience erosion, based
on the model’s confusion matrix and conditional probability framework. Consequently,
while the model is well-suited for screening and ruling out low-risk spillways, its perfor-
mance in detecting erosion should be interpreted with caution. Nonetheless, these results
underscore the usefulness of combining machine learning algorithms with probabilistic
reasoning, showing that the integration of physical parameters, specifically spillway width
and stream power, with Bayesian post-prediction analysis can support erosion risk assess-
ments. Overall, this research offers practical insights for dam designers and engineers
by aiding agency-level decision-making by identifying auxiliary spillways that may re-
quire further evaluation, rather than relying on it as a standalone decision instrument.
Once potentially high-risk spillways are identified, agencies can then undertake detailed,
site-specific hydraulic and geotechnical analyses.
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Abstract

Water quality prediction serves as a crucial basis for water environment supervision and
is of great significance for water resource protection. This study utilized meteorological
and water quality data from 40 monitoring stations in the Tuojiang River Basin, Sichuan
Province, China. A Gated Recurrent Unit (GRU) model and a Graph Attention Network-
Gated Recurrent Unit (GAT-GRU) model were constructed. Furthermore, based on the
GAT-GRU framework, an Enhanced Spatio-Temporal Relation-Guided Gated Recurrent
Unit (ESRG-GRU) model was developed by incorporating an explicit river network topol-
ogy and a loss function that is sensitive to extreme values to strengthen spatio-temporal
relationships. Water quality predictions were made for all 40 stations, and the performance
of the three models was compared. The results show that, during the 7-day forecasting
period, the training time of both the ESRG-GRU and the GAT-GRU models was only about
1/40 of that required for the GRU model. In terms of prediction accuracy, the average
Nash-Sutcliffe efficiency (NSE) values over the 7-day forecast period were ESRG-GRU
(0.7904) > GAT-GRU (0.7557) > GRU (0.6870), while the average root mean square error
(RMSE) values were ESRG-GRU (0.0156) < GAT-GRU (0.0168) < GRU (0.0185). Regarding
accuracy across different regions and seasons within the river basin, the ESRG-GRU model,
guided by enhanced spatio-temporal deep learning, consistently outperformed both the
GRU and the GAT-GRU models. This method can effectively enhance both the efficiency
and accuracy of water quality prediction, thereby providing support for water environment
supervision and regional water quality improvement.

Keywords: deep learning; water quality prediction; spatio-temporal relation-guided; gated
recurrent unit (GRU); attention mechanism; Tuojiang River Basin

1. Introduction

Water is essential for the survival and development of human society and serves
as a cornerstone of ecosystems. High-quality water is crucial for safeguarding public
health, protecting aquatic ecosystems, and ensuring sustainable societal development.
However, major river basins worldwide are facing intensifying pollution pressures due
to industrialization, urbanization, and climate change [1,2]. Water pollution has already
exacerbated water scarcity in more than 2000 sub-basins globally, and it is projected that
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by 2050, an additional 3 billion people could be living under water-scarce conditions [3].
Due to water pollution issues, the South China region is also confronted with the challenge
of seasonal water scarcity [4]. Against this backdrop of escalating global water pollution
and persistent water scarcity, the importance of water quality prediction has become
increasingly evident. Effective water quality forecasting provides decision-makers with
valuable references for water resource allocation and pollution control strategies, while also
allowing time to implement measures that can mitigate adverse changes in water quality.

Due to their ability to learn highly complex functional relationships [5], deep learning
algorithms can effectively model water quality time-series data characterized by nonlin-
earity, dynamics, and non-stationarity [6]. This allows them to capture intricate nonlinear
interactions between water quality variables and their driving factors, leading to high
prediction accuracy and demonstrating significant potential for improving global water
quality management [7,8]. Currently, deep learning models are widely favored in the field
of water quality prediction [9]. Among them, Recurrent Neural Networks (RNNs) are com-
monly used for water quality time-series forecasting owing to their regression capabilities
and proficiency in handling sequential data [7,10-12]. Long Short-Term Memory (LSTM), a
variant of RNN, effectively mitigates the gradient explosion problem inherent in standard
RNNSs and is therefore increasingly preferred in water quality prediction studies [10,13-16].
Another RNN variant, the Gated Recurrent Unit (GRU), simplifies the LSTM structure
while overcoming the vanishing gradient problem, and has seen growing application in
water quality prediction in recent years [16-20]. Convolutional Neural Networks (CNNs),
widely employed for image recognition and classification through feature-relationship ex-
traction [21], have also been integrated with RNNs and their variants to enhance predictive
performance [9,22-24]. Moreover, attention mechanisms have been incorporated into these
models to further improve prediction accuracy [25-27]. Nevertheless, most existing studies
primarily focus on modeling temporal features of water quality sequences, often neglecting
the spatial variability within river networks arising from complex runoff mechanisms.
They also rarely account for spatial connectivity between monitoring sites or physical
attributes such as river reach length, making it difficult to achieve truly collaborative
spatiotemporal prediction.

The primary challenges in water quality prediction involve addressing the long-
term dependencies in water quality time-series data and the spatial correlations among
upstream and downstream monitoring sites [28]. To overcome the current limitation of
deep learning models that often neglect both spatial and temporal features, some studies
have adopted hybrid approaches using Convolutional Neural Networks (CNNs) to extract
spatial features, which are then combined with temporal features to improve prediction
accuracy [29]. However, spatial relationships between actual monitoring sites are not
limited to Euclidean distances. Describing interactions between sites using simple pixel
adjacency methods may even introduce errors during modeling [30]. In recent years,
researchers have begun integrating Graph Neural Networks (GNNs) into deep learning
frameworks for water quality modeling [30,31]. The incorporation of GNNs enables models
to capture non-Euclidean spatial dependencies [28], which better reflect the topological
relationships of upstream and downstream nodes in river networks, thereby enhancing
the accuracy of water quality predictions. Several scholars have utilized Graph Attention
Networks (GAT) combined with GRU models to predict hydrological and water quality
processes in river basins [32,33], achieving promising results. However, most studies
rely on static, undirected graphs based purely on distance or fully connected structures
to define inter-station relationships [32-34]. This approach overlooks the fundamental
physical principle of unidirectional and decay-driven pollutant transport in water bodies,
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which may lead the model to learn spurious correlations that contradict actual hydrological
processes. Developing deep learning models based on real river network topology and
hydrological connectivity, while incorporating spatiotemporal features for water quality
prediction, is therefore of great significance for improving both model interpretability and
forecasting accuracy.

This study focuses on the Tuojiang River Basin in Sichuan Province as the research
area. Using a Gated Recurrent Unit (GRU) model as the baseline, a Graph Attention
Network—Gated Recurrent Unit (GAT-GRU) model is constructed by incorporating graph
attention mechanisms. Furthermore, an Enhanced Spatiotemporal Relationship-Guided
Gated Recurrent Unit (ESRG-GRU) model is developed based on the GAT-GRU framework.
These models are applied to predict water quality at 40 key monitoring sites across the basin,
providing a methodological reference for long-term, multi-site water quality forecasting
and early warning.

2. Materials and Methods
2.1. Study Area

The study area is located within the Tuojiang River Basin in Sichuan Province, China,
spanning approximately 28°49’ N to 31°43’ N and 103°40 E to 105°40 E. The basin covers
an area of about 25,800 km? (shown in Figure 1). The Tuojiang River originates from the
southern slope of Jiuding Mountain in the middle section of the Longmen Mountains. It
flows north-to-south, passing through multiple prefecture-level cities in Sichuan, including
Chengdu, Deyang, Meishan, Neijiang, Yibin, Ziyang, and Zigong, before eventually joining
the Yangtze River in Luzhou. The main stream extends over 600 km and is fed by several
tributaries, such as the Yazihe River, Pihe River, Qingbaijiang River, Qiuxihe River, Fuxihe
River, and Laixihe River. Topographically, the basin is higher in the north and lower in
the east, featuring plains and mountains in the north and low mountains and hills in the
south. The region experiences a subtropical humid monsoon climate, with average annual
precipitation exceeding 1000 mm, concentrated mainly between June and September.
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As the most densely populated and economically dynamic region in Sichuan Province,
the Tuojiang River Basin contributes 30.8% of the province’s total economic output and is
home to 26.2% of its population [35]. However, rapid industrialization and urbanization
have subjected the basin to multiple pollution pressures, including industrial discharge, mu-
nicipal wastewater, and agricultural runoff. Among these, total phosphorus (TP) pollution
constitutes a particularly serious threat to water quality [36].

2.2. Methods
2.2.1. Principle of Models
1. GRU Model

GRU is an optimized variant of the traditional RNN, designed primarily to address
the common issues of gradient explosion and vanishing gradients in long sequence process-
ing [37,38]. Compared with the three-gate structure of Long Short-Term Memory (LSTM),
GRU reduces the number of gates and model parameters, resulting in higher computational
efficiency. This makes it particularly suitable for sequence prediction or analysis tasks with
high real-time requirements [39]. The structure of the GRU model is shown in Figure 2.

iy
N

N A,

Figure 2. Internal structure diagram of the GRU.

When applying the GRU model to water quality time-series prediction, the task
essentially involves multi-step ahead forecasting. Changes in water quality indicators
often exhibit strong long-term dependencies and non-stationary characteristics. Predicting
over long sequences may lead to the loss of key temporal features, especially making it
difficult to capture the coupling relationship between sudden local fluctuations and long-
term gradual trends [39]. To address these issues, this study adopts an encoder—decoder
framework based on GRU and incorporates an attention mechanism. Through a dynamic
weight allocation strategy, the decoder adaptively focuses on the most relevant time steps
of the input sequence at each prediction step, as illustrated in Figure 3.
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Input Sequence Encoder  Attention Mechanism  Decoder  Output Sequence

Figure 3. Framework diagram of the GRU model.

2. GAT-GRU Model

Graph Neural Networks (GNNs) have emerged as a pivotal method for spatiotemporal
prediction due to their capacity to effectively model high-order dependencies among nodes
in graph-structured data [40]. To address the need for modeling dynamic hydrological
connectivity among river monitoring sites, this study constructs a GAT-GRU model as the
foundational framework. The model adopts an encoder-decoder architecture, integrating
Graph Attention Network (GAT) with GRU, with the aim of simultaneously capturing the
spatial topological relationships and temporal evolution patterns of the river network.

(1) GAT Layer

The GAT layer enables adaptive feature extraction from graph-structured data by
dynamically allocating interaction weights between nodes [41,42]. Unlike traditional
Graph Convolutional Networks that rely on fixed-weight convolution, GAT introduces
an adaptive attention mechanism, which assigns aggregation weights to neighboring
nodes through masked self-attention [43]. As illustrated in Figure 4 and Equation (2),
the attention coefficient e;; is computed only for nodes j € N;, where N; denotes the
neighborhood of node v; in the graph. To eliminate scale variations among the weight
coefficients of different nodes, the so ftmax function is applied to normalize the coefficients
within the neighborhood (Equation (2)), ensuring they satisfy the properties of a probability
distribution. Finally, the output feature ; of node v; is generated by aggregating the
information from its neighbors in a weighted manner, as shown in Equation (3).

eij = a(Waxy, Wx;) N

B o expley)
wjj = softmax;(e;;) = Y e, explei) .
hi = o () W) 5

JeN;
Here, a denotes the shared attention mechanism; ¢;; represents the importance of node

vi’s features to node v;; a;; denotes the normalized attention weight from node v; to node
v;; and a € R?F is a learnable weight vector.
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Figure 4. AT attention mechanism.

(2) GAT-GRU Model Architecture

The overall workflow of the GAT-GRU model consists of three core stages, as illus-
trated in Figure 5. The encoder, composed of multiple GRU layers, is used to extract
temporal dynamic features from the input sequence X’. After dimension adjustment, the
input data is fed into the GRUs to capture long-term historical dependencies, generating a
hidden state sequence H,. The spatio-temporal attention module enhances features through
a cascaded spatial-temporal attention mechanism: the spatial attention layer is based on
GAT and uses an adjacency matrix to constrain the interaction range between nodes. The
aggregated spatial features S are then passed to the temporal attention layer, which employs
a Query—-Key—-Value mechanism to focus on key historical time steps. Through weighted
summation, the final spatio-temporal contextual features C are obtained and serve as the
input to the decoder. The decoder adopts a GRU structure symmetric to the encoder. Its
initial input is the first time step of the spatio-temporal contextual features C. Forward
propagation is then performed through the GRUs (as shown in Equation (4)), computing
the output for each time step. Finally, the output is passed through a fully connected layer
to produce the final prediction result.

hy = GRU (x¢, hy—1) 4)
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Figure 5. Structure of the GAT-GRU model.
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3. ESRG-GRU Model

While the architectures of the aforementioned foundational deep learning models,
particularly the GAT-GRU model, already possess basic spatiotemporal modeling capabil-
ities, their embedding of the physical mechanisms within hydrological systems remains
insufficient. To address this limitation, this study proposes the Enhanced Spatiotemporal-
Relationship-Guided Gated Recurrent Unit (ESRG-GRU). This model aims to solve two
core issues: first, resolving the “black-box” weight allocation problem in the spatial di-
mension through explicit river network topology modeling; and second, mitigating the
underestimation of peak values in the temporal dimension caused by data non-stationarity
through an extremum-sensitive loss function.

(1) Physically Constrained Spatial Modeling

Traditional data-driven models often overlook the physical connectivity and lag
effects of water flow. Building upon the GAT-GRU model structure, the ESRG-GRU
model explicitly incorporates the hydrological physical attributes of the river network
by reconstructing the adjacency matrix and refining the attention mechanism. A digital
elevation model (DEM) was employed to delineate basin-wide flow directions using the
D8 algorithm [44], thereby constructing a directed and weighted adjacency matrix that
represents actual hydrological processes. Based on the coordinates of the monitoring
stations, the upstream-downstream relationships between sites were established. As shown
in Figure 6, the river reach length between stations is marked based on statistically derived
river reach lengths. Finally, the directional connections and river reach lengths between all
stations are summarized in an adjacency matrix denoted as A € {0, dis}N*N _ If vertices
v;,v; € A and (vi, vj) € E, then Aj; is assigned the river reach length dis; otherwise, it is set
to 0. This formulation leverages the latent physical information of cross-site transport.
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Figure 6. Generalized topological relationship of river network.
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Building upon the GAT, a similarity weighting mechanism based on river reach length
is introduced. Attention weights are constrained using a logarithmic distance decay, which
preserves potential correlations between distant stations while suppressing interference
from spatially proximal but hydrologically unrelated nodes (e.g., those belonging to dif-
ferent tributaries) through a masking mechanism. This approach enables interpretable
extraction of spatial features. The calculation formula is as follows:

, 1

“iT 1y log (1 + dis) ©)

(2) Extremum-Aware Temporal Optimization

Water quality time series often exhibit significant non-stationarity and right-skewed
distribution characteristics (e.g., concentration surges caused by storms or pollutant dis-
charges). Conventional loss functions such as Mean Squared Error (MSE), which assume
normally distributed errors, tend to smooth out extremes, leading to systematic underes-
timation of sudden pollution events. To address this, the present study designs a hybrid
loss function Loss;,,;, which combines the Nash—Sutcliffe Efficiency (NSE) coefficient with
an extremum loss term (Exloss) [45], as shown in Equation (6). The NSE is adopted as the
base loss term to evaluate the model’s ability to simulate the overall trend of the hydro-
logical process (Equation (7)). An Exloss term derived from generalized extreme value
theory is introduced to apply asymmetric penalties according to the skewness of the data
distribution (Equations (8) and (9)). Specifically, the model adaptively identifies extreme
regions based on dynamic quantiles of the input data (upper quantile 80%, lower quantile
20%). For target values exceeding these thresholds, an asymmetric penalty factor is applied:
when the model underestimates a high-concentration extreme, a high penalty weight A,
is imposed; when it overestimates an extreme, a lower penalty weight A;,,,, is applied.
Through this asymmetric dynamic adjustment, the model is forced to maintain balanced
loss expectations in high-value intervals, thereby improving its ability to capture water
pollution events.

Losstotal = Lossnsg + LOSSExloss (6)
A 2
Y(Y -V
Lossnse = (7)2 @)
S
L L
Lossg, — up + Laown (8)

1 —upy + downy,
Lup,down = /\up,downReLu (ReLu (Y/ Qup,down (Y)) —ReLU (?r Qup,down (Y)) ) (9)

In the formulation, Y and Y denote the observed and predicted values, respectively;

Y is the mean of the observed values; the ReLU activation ensures that penalties are
applied only when the prediction error is positive, avoiding unnecessary optimization
of negative errors; Q,p and Qg ., represent the upper (80%) and lower (20%) quantile
calculations, respectively; upy, and downy, are the corresponding quantile ratios; and
1 — upyy, + downy, serves as a normalization factor to ensure the loss is independent of the
chosen quantile proportions.

The training workflow of the ESRG-GRU model is illustrated in Figure 7. Preprocessed
geographic data are used to construct the directed weighted adjacency matrix for the spatial
attention mechanism and the similarity weights based on river-reach lengths, while the
preprocessed water quality and meteorological data serve as multi-dimensional feature
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inputs to the model. The training procedure is as follows: the multi-dimensional features
first undergo high-level feature extraction and fusion through an encoder composed of
multiple GRU layers. The encoded features are then aggregated under the guidance of an
improved spatial attention mechanism. Subsequently, a temporal attention mechanism
further processes the aggregated spatial features via a Query-Key-Value mechanism to
focus on key historical time steps. Finally, a weighted summation yields the spatiotemporal
contextual features. These features are fed into a decoder that mirrors the GRU structure
of the encoder, which then computes and outputs the water quality prediction sequence
for future time steps. During the training phase, after each epoch, the value of the hybrid
loss function between the model predictions and the true values is computed and recorded.
Training stops when either the preset maximum number of epochs is reached or the
validation loss fails to decrease for 10 consecutive epochs, at which point the trained model
is obtained; otherwise, parameters are updated and the above steps continue.

Data Preprocessing
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N Adjacency Matrix ole Time Attention Mechanism
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Figure 7. ESRG-GRU training process.

2.2.2. Model Comparative Evaluation Methods
1. Model Efficiency Evaluation Methods

To evaluate model efficiency, we compared the total training times of the GRU, GAT-
GRU, and ESRG-GRU models under identical hardware configurations. All three models
were trained on the same dataset comprising 40 monitoring stations, and their respective
training durations were recorded to assess relative computational efficiency.

2. Model Accuracy Comparative Evaluation Methods

Model accuracy was evaluated using two widely adopted metrics: the Nash—Sutcliffe
Efficiency (NSE) [46], commonly applied in hydrological model goodness-of-fit assess-
ment, and the Root Mean Square Error (RMSE) [47], a standard statistical measure used
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in meteorological, air-quality, and climate studies. The NSE quantifies how well a model
reproduces the overall shape of a time series by comparing the mean squared error of
predictions to the variance of the observations. Its value ranges from (—oo,1], with val-
ues closer to 1 indicating higher model accuracy, as shown in Equation (10). According
to established interpretation guidelines [48], an NSE < 0.5 is considered unsatisfactory,
0.5 < NSE < 0.6 is satisfactory, 0.6 < NSE < 0.8 is good, and NSE > 0.8 is very good.
The RMSE is derived by taking the square root of the arithmetic mean of the squared
errors (Equation (11)). Its value lies within [0, +o0), and values closer to 0 indicate smaller
deviations between predicted and observed values, reflecting higher model precision.

n )2
NSE =1 Tzl =0 (10)
(v - )2
1 n
RMSE = /=) (yi = 9:)? (11)

In the equations, n denotes the number of samples, y; is the observed value, 7; is the
predicted value, and y is the mean of the observed values.

3. Results and Discussion

3.1. Model Construction and Training
3.1.1. Data Preprocessing

The geographic coordinates of the water quality station locations and the digital
elevation model (DEM) data were standardized to the WGS 1984 datum with the UTM
Zone 47 N projected coordinate system using tools from the GDAL library in Python.
Subsequently, the DEM data were processed for hydrological analysis: pits were filled, a
flow direction matrix was computed, and flow accumulation was calculated. A threshold
of flow accumulation > 3000 was applied to extract the river network. Based on the station
distribution and the river flow direction, the hydrological distance (i.e., the stream length
along the extracted network) between upstream and downstream monitoring stations
was calculated.

The original meteorological data—comprising six variables: precipitation, wind
speed, humidity, atmospheric pressure, daily maximum temperature, and daily mini-
mum temperature—were obtained at daily resolution from 1 January 2021 to 30 June 2024,
and at hourly resolution from 14 August 2022 to 2 June 2024. Following the principle of
nearest-neighbor matching, each water quality station was assigned data from the mete-
orological station with the shortest Euclidean distance. The hourly dataset served as the
primary series, with gaps filled via nearest-neighbor interpolation from the daily data. This
produced a complete meteorological time series at a 4 h resolution spanning 1 January 2021
to 30 June 2024.

Due to inconsistencies in time-stamping and missing values in the raw data, the
Pandas library in Python was employed for temporal alignment. First, the time column
in string format was converted to the datetime type for the period from 1 January 2021 to
30 June 2024. The data were then uniformly resampled to a 4 h interval to ensure temporal
consistency. Missing values were filled using linear interpolation in Pandas, as given in
Equation (12):

(t—t1)(y2 — 1) (12)

tr —t

yr=m-+
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where ¢ is the missing time point, ; and ¢, are the preceding and following timestamps, 11
and y, are the corresponding observed values, and y; is the interpolated value.

To prevent large disparities in feature scales (e.g., total phosphorus concentration in the
range 0-1 mg/L versus electrical conductivity in hundreds of uS/cm) from impeding the
convergence of gradient-based optimization algorithms, all input features were normalized
using min-max scaling, as shown in Equation (13):

(13)

where x is the normalized value, x is the original value, and x5y and x,,;, are the maximum
and minimum values of the sequence, respectively.

3.1.2. Model Training

This study focuses on 40 monitoring stations in the Tuojiang River Basin, Sichuan
Province, and constructs three water quality prediction models: GRU, GAT-GRU, and
ESRG-GRU. The GRU model was trained individually for each station. In contrast, by
incorporating Graph Attention Networks (GAT) to capture spatial dependencies among
stations, the GAT-GRU and ESRG-GRU models are capable of generating predictions for all
40 stations simultaneously, requiring only a single model to be trained. To mitigate the im-
pact of random initialization on model performance, each model was trained independently
15 times, and the best result from these runs was selected for comparative analysis.

The input features comprise 15 meteorological and water quality indicators: water
temperature (WT), pH, dissolved oxygen (DO), electrical conductivity (EC), turbidity
(TUR), permanganate index (PV), ammonia nitrogen (AN), total phosphorus (TP), total
nitrogen (TN), precipitation, wind speed, humidity, atmospheric pressure, daily maximum
temperature, and daily minimum temperature. The input data have a temporal resolution
of 4 h. After filling missing values via linear interpolation and normalizing all variables,
each station contains 7662 data points. The output target is the concentration of total
phosphorus (TP). The dataset was divided into training, validation, and test sets in a ratio
of 6:2:2. Forecast horizons of 1, 3, and 7 days were selected, corresponding to input lengths
of 12, 18, and 42 time steps, and output lengths of 6, 18, and 42 time steps, respectively.

Model training employed the Adam optimizer, which combines the advantages of
AdaGrad and RMSProp, dynamically adjusts the learning rate, and offers benefits such as
low memory usage, fast convergence, and high computational efficiency [49]. The initial
learning rate was set to 0.001, with a decay strategy that reduces the rate if the validation
loss does not decrease over several consecutive epochs. The batch size was 64, the hidden
layer dimension was 32, the number of hidden layers was 2, and the maximum number
of epochs was 300. To prevent overfitting, an early stopping mechanism was applied,
terminating training if the validation loss showed no improvement for 10 consecutive
epochs. All experiments were conducted under identical hardware conditions and with the
same level of software optimization. Model training was performed on a Windows 10 Pro
22H?2 operating system. The hardware environment was configured as follows: an Intel (R)
Core (TM) i7-8700 CPU @ 3.20 GHz, an NVIDIA GeForce RTX 2080 GPU (8 GB), and 16 GB
of DDR4 RAM. The deep learning framework used was PyTorch 1.10.1 with CUDA 11.3,
and Python version 3.9. During training, no parallel computing, memory optimization, or
compilation optimization measures were enabled.
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3.2. Model Training Efficiency Comparison

By comparing the training times of the three models, as shown in Figure 8, the GRU
model required approximately 20 to 50 times longer to train across the 40 stations than
the other two models. The training time of the GAT-GRU model for the 7-day forecast
horizon was even less than 1/40 of that of the GRU model. This is because the GRU model
must be trained separately for each station, whereas the GAT-GRU and ESRG-GRU models
incorporate a Graph Attention Network (GAT) to capture spatial dependencies between
stations, enabling parallel processing of data from all 40 stations within a single model,
which significantly improves training efficiency. Compared to the GAT-GRU model, the
ESRG-GRU model involves reconstructing the spatial adjacency matrix and introducing
a novel hybrid loss function, resulting in increased training times of 31.567% (1-day),
6.230% (3-day), and 31.922% (7-day), respectively. Relative to the training time of the GRU
model (taken as 1/40 of its actual duration), the ESRG-GRU model showed increases of
85.841% (1-day), 13.792% (3-day), and 11.837% (7-day). As the forecast horizon lengthens,
the training efficiency of the ESRG-GRU model also progressively improves compared to
that of the GRU model. These results demonstrate that the ESRG-GRU and GAT-GRU
models, which incorporate graph structure and topological relationships, effectively utilize
spatial correlations among stations, enable parallel computation across sites, and avoid
the efficiency loss caused by repeated calculations in single-station models. Thus, they far
outperform the GRU model in multi-station, long-term prediction efficiency, indicating
that the spatiotemporally guided deep learning model incorporating graph structures
holds considerable potential and value for practical applications involving long-term,
synchronous multi-station forecasting.
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Figure 8. Training durations of models with different forecast periods.

3.3. Comparative Analysis of Model Accuracy

When comparing accuracy across different forecast horizons, our findings align with
those of other studies: as the time step increases, the accuracy of the same model at the same
station gradually decreases [38,50,51]. The decline in accuracy with longer forecast horizons
can be attributed to two main factors. First, longer output sequences require the model to han-
dle more extended and complex time-series data, where noise tends to accumulate more easily,
thereby interfering with the model’s ability to understand intricate temporal relationships
and leading to reduced prediction accuracy [52,53]. Second, as the input sequence length
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increases, the dependencies between the beginning and end of the sliding-window-processed
data become weaker, making it harder for the model to capture correlations across distant
time steps, which further exacerbates the decline in accuracy. To evaluate the improvement in
model accuracy, we take the 7-day forecast horizon as an example for analysis.

3.3.1. Comparative Analysis of Model Accuracy: Spatial Pattern

In the 7-day forecasting period, as shown in Figure 9, the accuracy of the three models
exhibits pronounced spatial heterogeneity across the study area. The 40 stations are divided
into upper, middle, and lower reaches based on Shixincun and Yinshan Town as boundaries:
stations above Shixincun are classified as upper reach, those at or below Yinshan Town as
lower reach, and the remainder as middle reach.
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Figure 9. Comparison of the accuracy of different models in different regions: (a) NSE of different
models in different regions; (b) RMSE of different models in different regions.

Across the entire basin, the average NSE values of the three models are 0.7904 (ESRG-
GRU), 0.7557 (GAT-GRU), and 0.6870 (GRU), all falling within the “good” performance range.
In the lower reach, the average NSE of all three models exceeds 0.8, with the ESRG-GRU model
even surpassing 0.9. In contrast, in the upper reach, the average NSE of both the GAT-GRU
and GRU models remains below 0.6, corresponding to “satisfactory” and “unsatisfactory”
levels, respectively. The average RMSE values across the whole basin are all below 0.02—
specifically, 0.0156 (ESRG-GRU), 0.0168 (GAT-GRU), and 0.0185 (GRU). However, in the upper
reach, the average RMSE of all three models exceeds 0.02, with the GRU model reaching 0.033.
These results indicate that incorporating physical spatiotemporal mechanisms effectively
enhances the model’s ability to represent long-sequence data. Related studies also suggest
that spatial information can improve a model’s capacity to learn complex patterns from data,
as well as its generalization ability and prediction accuracy [54].

When comparing different regions using the same model, the average NSE consistently
follows the order lower reach > middle reach > upper reach, while the average RMSE shows
the opposite trend: lower reach < middle reach < upper reach. This indicates that, spatially,
the models capture the dynamic variations in water quality more effectively in the lower
reach than in the upper reach, leading to more accurate predictions downstream. The lower
prediction accuracy for the upper reach may be attributed to the strongly nonlinear and abrupt
characteristics of water quality parameters in that region. The more rugged mountainous
terrain in the upper reach makes the area more susceptible to localized heavy rainfall and
direct surface runoff, which increases input data uncertainty and makes it more challenging for
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models to capture underlying water quality patterns, thereby limiting predictive performance.
In contrast, flow conditions are more stable in the middle and lower reaches, where water
quality varies less abruptly, making it easier for models to learn and forecast.

When comparing the three models within the same region, the average NSE consistently
ranks as ESRG-GRU > GAT-GRU > GRU, and the average RMSE as ESRG-GRU < GAT-
GRU < GRU. This indicates that the ESRG-GRU model achieves the best overall prediction
performance across stations in each region. In the 7-day long-term forecast, both the GAT-GRU
and ESRG-GRU models demonstrate higher accuracy than the GRU model, likely because
they incorporate graph-structural features, which provide an advantage in capturing long-term
temporal dependencies [30]. The ESRG-GRU model, in particular, strengthens spatiotemporal
dynamic modeling through physically meaningful graph structures. When handling long
sequences, its built-in extremum-sensitive penalty and spatially weighted mechanisms help
filter out noise interference to some extent, thereby maintaining more stable prediction accuracy.

The distribution of NSE and RMSE values for selected representative stations is shown
in Figures 10 and 11. The accuracy performance of upstream stations is consistent with
the regional patterns observed across the study area. The NSE values at upstream sites
generally follow the order ESRG-GRU > GAT-GRU > GRU, and within the same tributary,
higher NSE values are observed at downstream stations compared to upstream ones, while
RMSE values show the opposite trend. Further upstream, the increasing proportion of
mountainous terrain enhances river instability and susceptibility to extreme events, which
intensifies nonlinear fluctuations in water quality [55,56], posing greater challenges for
model learning and prediction.
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Figure 10. Comparison of NSE values at typical sites of different models: (a) NSE values of different
models for typical upstream regional sites; (b) NSE values of different models for typical midstream
regional sites; (c) NSE values of different models for typical downstream regional sites.
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The accuracy patterns at midstream representative stations are largely similar to those
upstream. However, at some sites—such as Gongchengpudukou—the GRU model slightly
outperforms the GAT-GRU and ESRG-GRU models. For instance, at this station, the GRU
model achieves an NSE of 0.9165, while the GAT-GRU and ESRG-GRU models attain 0.9043
and 0.9031, respectively. The corresponding RMSE values are GRU (0.00609) < GAT-GRU
(0.00674) < ESRG-GRU (0.00675). This may be attributed to the complex hydrological
characteristics in certain midstream reaches, such as multiple tributary confluences and
sediment-driven pollutant transport processes, which introduce strong local variability.
Single-station trained models like the GRU can capture unique temporal variations at
individual sites and thus perform well under such conditions. In contrast, graph-based
models like GAT-GRU and ESRG-GRU, which learn from all stations simultaneously within
the network, face greater challenges in capturing localized complex dynamics.

In downstream areas, the accuracy of the three models is generally similar, with only
minor differences overall, though the ESRG-GRU model shows slightly better performance.
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The NSE values of the three models at representative downstream stations are very close,
with ESRG-GRU being marginally higher. The RMSE of the ESRG-GRU model is generally
lower than that of the other two models at most downstream sites, while the RMSE of the
GAT-GRU model often exceeds that of the GRU model at more stations. This likely results
from the gentle terrain and stable flow conditions in the lower reaches, where water quality
varies more smoothly, making it easier for models to learn and predict, thus leading to less
pronounced differences in model accuracy.

3.3.2. Comparative Analysis of Model Accuracy: Temporal Pattern

We selected November, January, April, and June as representative months for autumn,
winter, spring, and summer, respectively, and analyzed the TP concentrations at one typical
station from each reach: the upper reach (201yiyuan), the middle reach (Hongyuan), and
the lower reach (Damozi).

As shown in Figure 12a, at the upper-reach 201 Hospital station, water quality fluc-
tuated considerably during spring (March-May 2024), ranging approximately between
0.10 mg/L and 0.40 mg/L, while fluctuations were smaller in winter (December 2023—
February 2024), with values mostly between 0.15 mg/L and 0.25 mg/L. Figure 12b—e reveal
that the predicted values of the three models for typical months exhibit clear seasonal
dependence. Overall, the ESRG-GRU predictions are more closely distributed around
the 1:1 line, though underestimation occurs more frequently in spring and autumn, with
some points showing larger deviations. In autumn, the GRU model tends to underestimate,
whereas the GAT-GRU model more often overestimates. During winter, when water quality
varies less, all three models produce predictions close to the observed values. In spring,
the predictions are the most scattered among all seasons; the GRU and GAT-GRU models
show more overestimation compared to the ESRG-GRU model. In summer, the GRU model
predictions mostly lie below the 1:1 line, indicating a tendency to overestimate, with some
overestimations being relatively large.
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Figure 12. Comparison of observed and measured TP concentration values during the 201yiyuan test:
(a) Predicted values and observed values of the three models during the test period. (b) Predicted
values and observed values of the three models in typical autumn months. (c) Predicted values and
observed values of the three models in typical winter months. (d) Predicted values and observed
values of the three models in typical spring months. (e) Predicted values and observed values of the
three models in typical summer months.

As presented in Figure 13a, at the middle-reach Hongyuan station, water quality varied
widely in spring (March-May), ranging approximately from 0.05 mg/L to 0.20 mg/L, while
fluctuations were smaller in autumn and winter (October 2023-February 2024), mostly be-
tween 0.05 mg/L and 0.10 mg/L. Figure 13b—e show that the distributions of the three models
are generally similar. In autumn and winter, predictions from all three models cluster around
the 1:1 line. In summer, most predictions from the GRU and ESRG-GRU models fall below
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the 1:1 line, indicating frequent overestimation, whereas the GAT-GRU model has a larger
proportion of points above the line compared to the other two. During spring, predictions
from all three models are more scattered, with many points deviating from the observed
values, suggesting that the prediction of extremes requires further improvement.
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Figure 13. Comparison of observed and measured TP concentration values during the Hongyuan test:
(a) Predicted values and observed values of the three models during the test period. (b) Predicted
values and observed values of the three models in typical autumn months. (c) Predicted values and
observed values of the three models in typical winter months. (d) Predicted values and observed
values of the three models in typical spring months. (e) Predicted values and observed values of the
three models in typical summer months.

From both the time-series concentration comparison in Figure 14a and the scatter distri-
butions relative to the 1:1 line in Figure 14b—e, it can be seen that the GRU predictions often lie
below the observed values. Except in winter, where the underestimation is less pronounced,
the GRU model shows noticeably lower predictions than the other two models in spring,
summer, and autumn. Predictions from all three models cluster closely around the 1:1 line
in autumn and winter, whereas they are more dispersed in spring and summer. The spring
representative month (April) reveals large variations in TP concentration at Damozi; as seen
in Figure 14a, the concentration rose from below 0.05 mg/L to about 0.15 mg/L—a threefold
increase within a month. In the summer representative month (June), the GAT-GRU model
has more points below the 1:1 line, indicating that it overestimates more frequently than the
other two models. In contrast, the ESRG-GRU model predictions are more tightly distributed
along the 1:1 line and show the smallest deviation from the observed values.
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Figure 14. Comparison of observed and measured TP concentration values during the Damozi test:
(a) Predicted values and observed values of the three models during the test period. (b) Predicted
values and observed values of the three models in typical autumn months. (c) Predicted values and
observed values of the three models in typical winter months. (d) Predicted values and observed
values of the three models in typical spring months. (e) Predicted values and observed values of the
three models in typical summer months.
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In the study area, TP concentrations exhibited smaller variations in winter compared
to other seasons, while showing significant fluctuations in spring, indicating clear seasonal
variability. This seasonality is reflected in model accuracy: all three models produced pre-
dictions closer to observed values in winter, whereas in spring, instances of overestimation
and underestimation increased markedly. Some predicted values from the GRU, GAT-GRU,
and ESRG-GRU models displayed similar or even overlapping trends. This phenomenon
suggests that, despite differences in model architecture, under extreme conditions, the
predictive performance of all models may be jointly constrained by sparse data distribution
and nonlinear dynamics, resulting in a weaker ability to capture abrupt changes.

The dispersion of predictions increased significantly in spring. On one hand, this can
be attributed to the aggravated error accumulation effect in long-sequence forecasting [52].
On the other hand, increased rainfall in late spring and early summer triggers nonlinear
hydrological processes [56]. Coupled with seasonal pollutant discharges and transport
from human activities, these factors lead to higher TP concentrations and greater variability
in spring and summer, resulting in pronounced lag and nonlinearity in water quality
responses. The GRU model, lacking the ability to model spatial correlations, struggles to
accurately capture the transport and diffusion of pollutants across the basin, leading to
larger prediction deviations. Although the ESRG-GRU and GAT-GRU models partially
capture these nonlinear relationships through spatiotemporal graph structures, and also
show increased dispersion in spring predictions, their results remain closer to the 1:1 line
compared to the GRU model. This indicates that while these models do not fully represent
the underlying dynamic mechanisms, the physically informed constraints still enhance
model stability in long-sequence forecasting [28].

3.3.3. Analysis of Model Accuracy Improvement

Compared to the GAT-GRU model, the ESRG-GRU model achieved an overall im-
provement in NSE of 11.64% in the upper reach, 2.05% in the middle reach, and 2.94% in
the lower reach. Although the accuracy gain was most pronounced in the upper reach, the
mean NSE of the ESRG-GRU model there remained relatively low at 0.6193, compared to
0.7955 in the middle reach and 0.9079 in the lower reach, indicating that model performance
was still comparatively poor in upstream areas.

Model accuracy is influenced by data quality, feature selection, and model architecture.
In terms of data quality, the upper reach data were generally inferior to those from the
middle and lower reaches. Taking the TP training data from typical stations in each reach as
an example (Figure 15), the TP concentration at the upstream station 201yiyuan exhibited
much more pronounced fluctuations than at the middle-reach station Hongyuan and the
downstream station Damozi. Moreover, Figure 15a for 201yiyuan shows a considerable
number of high-value outliers that contrast sharply with surrounding data points. This
is likely due to the station’s upstream location, where water quality is more susceptible
to localized, episodic events such as heavy rainfall or sporadic pollutant discharges, and
may also reflect irregular operation of the automatic monitoring or sampling equipment.
In contrast, the downstream station Damozi displayed only a few obvious low- and high-
value outliers, with generally stable water quality, indicating clearly superior data quality.
Additionally, the meteorological data used during training were derived from daily val-
ues interpolated to hourly resolution via nearest-neighbor interpolation. Hydrological
responses are faster in upstream areas, and the original temporal resolution of the data
may be insufficient to fully capture such rapid dynamics.
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Regarding feature selection, limited data availability restricted the inclusion of other
key spatial processes—such as land use and point-source pollution locations—and dynamic
temporal drivers—such as real-time dam operations, flow rate, velocity, and point-source
discharge processes. As a result, deeper embedding of physical process mechanisms into
the model remains an area for further improvement.

Architecturally, for the two graph-neural-network-based models—especially the ESRG-
GRU model—learning depends on information aggregated from upstream stations. Some
stations, however, have few or no upstream stations, meaning that during message passing,
they receive little or no information from other water quality sites and must rely primar-
ily on their own limited historical temporal features. This effectively reduces a complex
spatiotemporal forecasting problem to an almost purely temporal prediction task, prevent-
ing the model from leveraging spatial correlations to correct errors or learn cross-station
propagation patterns.

In response to these challenges, we aim to integrate this data-driven framework with
land use change data and real-time information on engineering operations, pollutant
discharges, and hydrological monitoring. Through architectural design or loss-function
constraints, we intend to further develop it into a truly “process-aware” model that more
closely couples physical processes with deep learning. This approach is expected to enhance
the model’s generalization ability and interpretability under non-stationary conditions [7],
thereby better addressing water-environment management challenges posed by sudden
pollution incidents and changing climate patterns. In the future, we will also validate the
feasibility of the proposed method by applying it to multi-parameter joint forecasting in
other river basins.
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4. Conclusions

This study constructed three deep learning models—GRU, GAT-GRU, and ESRG-
GRU—to predict water quality in the Tuojiang River Basin, Sichuan Province, China.
We recorded the training duration of each model for forecast horizons of 1, 3, and 7
days. The ESRG-GRU and GAT-GRU models, which incorporate graph structure and
topological relationships, required significantly less training time than the baseline GRU
model, and their efficiency advantage became more pronounced as the forecast horizon
increased. Compared to the GAT-GRU model, the ESRG-GRU model reconstructs the
adjacency matrix and improves the loss function, leading to increased model complexity.
However, its training time did not increase substantially and remains acceptable in practice.
Using the NSE and RMSE values for the 7-day horizon to evaluate model accuracy, the
ESRG-GRU model achieved a higher average NSE during the testing period compared
to the other two models, with improvements of 0.1034 and 0.0347 over the GRU and
GAT-GRU models, respectively. Its average RMSE decreased by 15.676% and 7.143%
compared to the GRU and GAT-GRU models, demonstrating good predictive performance.
Model accuracy showed clear spatiotemporal heterogeneity. Spatially, all three models
performed best in the lower reach, followed by the middle reach, and least accurately in
the upper reach. Temporally, predictions were closer to observations in winter, while the
opposite was true in spring. These results demonstrate the feasibility of the enhanced
spatiotemporal relationship-guided deep learning method proposed in this study for water
quality prediction. This approach can improve both the training efficiency and prediction
accuracy of long-term forecasting models, providing a valuable reference for multi-station
water quality prediction over extended periods.

Limited by data availability, other key spatial processes—such as land use and point-
source pollution locations—and dynamic temporal drivers—such as real-time dam oper-
ations, flow rate, velocity, and point-source discharge processes—were not included as
input features. Moreover, the temporal resolution of the acquired meteorological data is
relatively low, and data from some upstream stations exhibit considerable fluctuations,
which, together, contribute to the lower prediction accuracy at upstream sites compared
to middle and downstream stations. In the future, incorporating these additional data
sources as model inputs and further integrating physical processes with deep learning are
expected to enhance the model’s generalizability and interpretability under non-stationary
conditions. Since graph-based models inherently offer a clear training-time advantage
over separate per-station models, future work will also explore algorithmic innovations to
further improve training efficiency. Additionally, the feasibility of the proposed method
will be validated through multi-parameter joint forecasting in other river basins.
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Abstract: Effective reservoir operation demands a careful balance between flood risk mitiga-
tion, water supply reliability, and operational stability, particularly under evolving hydro-
logical conditions. This study applies deep reinforcement learning (DRL) models—Deep
Q-Network (DQN), Proximal Policy Optimization (PPO), and Deep Deterministic Policy
Gradient (DDPG)—to optimize reservoir operations at the Soyang River Dam, South Ko-
rea, using 30 years of daily hydrometeorological data (1993-2022). The DRL framework
integrates observed and remotely sensed variables such as precipitation, temperature,
and soil moisture to guide adaptive storage decisions. Discharge is computed via mass
balance, preserving inflow while optimizing system responses. Performance is evaluated
using cumulative reward, action stability, and counts of total capacity and flood control
violations. PPO achieved the highest cumulative reward and the most stable actions but
incurred six flood control violations; DQN recorded one flood control violation, reflecting
larger buffers and strong flood control compliance; DDPG provided smooth, intermediate
responses with one violation. No model exceeded the total storage capacity. Analyses show
a consistent pattern: retain on the rise, moderate the crest, and release on the recession
to keep Flood Risk (FR) < 0. During high-inflow days, DRL optimization outperformed
observed operation by increasing storage buffers and typically reducing peak discharge,
thereby mitigating flood risk.

Keywords: deep reinforcement learning; optimized reservoir operation; flood risk
mitigation; the Soyang River Dam

1. Introduction

Modern dams are designed to be multipurpose, providing benefits such as flood
control, water supply, and electricity generation [1]. This presents a significant challenge
to water resource managers, as balancing these competing objectives requires effective
techniques to optimize reservoir operation. The primary goal of this research is to optimize
reservoir operations by moderating hydrometeorological variables such as inflow, water
storage, and discharge, and subsequently determining the flood risk (deterministic flood
threshold exceedance index instead of probabilistic flood risk) for the observed thirty-year
period from 1993 to 2022 [2—4]. However, effective optimization involves considering
the interaction between multiple variables, and as the number of variables increases,
decision-making becomes increasingly complex [3,5]. This complexity is compounded by
the limitations of traditional approaches like Dynamic Programming (DP) and Stochastic
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Dynamic Programming (SDP), which struggle with the “curse of dimensionality”—the
exponential growth of computational complexity with added variables—and the “curse
of modeling,” which refers to the difficulty of accurately representing all components of
a real-world water system due to data limitations and system uncertainties [4,6,7]. These
challenges necessitate the exploration of more scalable and flexible approaches to reservoir
operation optimization.

Deep Reinforcement Learning (DRL) can be applied to overcome the dimensionality
and modeling dilemma to optimize reservoir operation and mitigate flood risk [8]. DRL
involves an agent, such as Deep Deterministic Policy Gradient (DDPG), Proximal Policy
Optimization (PPO), and Deep Q-Network (DQN), learning and making decisions by
interacting with an environment to maximize cumulative rewards. The agents use varying
algorithms for decision making and to optimize actions in their respective environments [9].
DRL involves an agent interacting with an environment to learn optimal decision-making
through trial and error [10]. The state represents the environment’s current condition,
such as water storage, inflow, and meteorological data in reservoir operation. Based on
the state, the agent selects an action, like regulating water discharge, to influence the
environment. The environment responds to the action by transitioning to a new state and
providing a reward, which evaluates the action’s effectiveness [11]. For example, the agent
receives a positive reward for maintaining water storage within safe limits and a penalty for
exceeding flood control thresholds. This feedback guides the agent to refine its optimizing
decision-making over time. Through repeated cycles of observing states, taking actions,
and processing rewards, the agent learns to balance objectives like flood risk mitigation,
water discharge, and operational performance [12].

This study optimizes key hydrometeorological variables—such as inflow, water stor-
age, and discharge—for the Soyang River Dam using DRL models, including DDPG, PPO,
and DQN, over a 30-year period from 1993 to 2022. Unlike previous studies that rely solely
on RL or DRL for optimization, this approach uniquely integrates observed and remote-
sensed hydrometeorological data with DRL decision-making, making it distinct in its ability
to incorporate diverse environmental factors into reservoir operation optimization. By
leveraging variables such as precipitation, soil moisture, temperature, evaporation, and
runoff, the models dynamically adjust flood control strategies in response to environmental
variability, ensuring adaptive and sustainable reservoir operations under changing climatic
conditions [13]. DRL methods, including DQN, PPO, and DDPG, offer distinct advantages
in optimizing reservoir operations and flood risk mitigation. The effectiveness of each
method depends on the specific operational goals, such as reducing flood control violations,
maintaining target storage, and improving the reliability of water release decisions.

DQN, a value-based deep reinforcement learning method, is particularly effective for
structured decision-making in flood control applications where discrete actions are required.
It efficiently determines optimal water release strategies by selecting from predefined levels
to minimize flood violations and maintain reservoir safety. This makes DQN well-suited
for scenarios such as adjusting spillway gates in fixed increments or complying with
operational constraints. For example, in Korea, reservoir operations must comply with
minimum ecological flow requirements [14]. Its capacity to optimize predefined reward
structures ensures compliance with operational thresholds while mitigating flood risks.
However, DQN'’s reliance on discrete action spaces presents limitations, as it may cause
abrupt changes in water discharges, making it less ideal for applications requiring fine-
grained or gradual adjustments. Despite this drawback, its ability to quickly generate
decisive actions makes it particularly valuable for emergency flood control scenarios, where
rapid interventions are critical to prevent reservoir overflow [15].

49



Water 2025, 17, 3226

PPO, a policy-gradient deep reinforcement learning approach, excels in continuous
and adaptive control scenarios due to its ability to provide smooth and stable adjustments.
This makes it particularly effective for long-term reservoir operation, where maintaining
consistent water storage and minimizing excessive fluctuations are essential. PPO enables
gradual water release decisions, ensuring operational stability—for example, in systems
that must balance urban water demands with flood risk mitigation while avoiding unnec-
essary water losses. However, its reliance on gradual adjustments makes it less suitable for
dynamic environments where sudden inflow surges demand immediate corrective actions.
Additionally, PPO has been observed to have a higher frequency of flood control violations
compared to DQN, potentially due to its exploration tendencies and slower convergence
in high-variability conditions. Despite these limitations, PPO remains highly valuable for
managing reservoirs with predictable seasonal variations, where long-term operational
stability is the primary goal [16,17].

DDPG, an actor-critic deep reinforcement learning method, is well-suited for real-
time dynamic reservoir operation due to its ability to handle continuous action spaces.
This flexibility enables precise and incremental adjustments in water releases, which is
particularly advantageous in environments with high inflow variability, such as monsoon
seasons in Korea [18]. Unlike discrete-action methods like DQN, DDPG allows adaptive
control to maintain optimal storage levels while ensuring downstream safety [19]. Its
capability to optimize outflows based on real-time conditions makes it highly effective for
managing dynamic hydrological patterns. However, DDPG’s performance can be sensitive
to hyperparameter tuning and may exhibit instability in volatile conditions [20,21]. In
scenarios with uncertain inflow predictions or extreme events, stabilization techniques
such as reward shaping or ensemble learning may be required to improve reliability [22].
Additionally, it may exhibit higher variability in storage levels compared to other mod-
els, making it less suitable for scenarios where strict adherence to predefined thresholds
is necessary [13].

The objectives of this study are to (1) evaluate the performance of DQN, DDPG, and
PPO deep reinforcement learning models, (2) integrate observed and remotely sensed
hydrometeorological variables with deep reinforcement learning for reservoir operation
optimization and flood risk mitigation, and (3) compare DRL-optimized operations with
observed operations, focusing on high-inflow days, using storage, discharge, and a storage-
based flood risk metric. Together, these elements advance DRL-based reservoir operation
by unifying multi-source hydrometeorological inputs and demonstrating performance
gains over observed operation under high-inflow conditions.

2. Materials and Methods
2.1. Study Area

The Soyang River Dam, a rockfill dam constructed in 1973, is South Korea’s largest
multipurpose dam located in Chuncheon, Gangwon Province [23]. The Soyang River is a
tributary of the North Han River, which is a tributary of the Han River, a transboundary
river traversing Kangwon province in North Korea and Gangwon and Gyonggi Provinces
in South Korea [24]. Figure 1 illustrates the Soyang Reservoir and its downstream water
flow in South Korea. The inset map in the top left highlights South Korea, with the Soyang
Basin marked in purple, while a zoomed-in view shows the reservoir and its tributaries.
The selected section shown in Figure 1 represents approximately a 2 km downstream reach of
the Soyang River Dam, extending from the dam outlet to the first major downstream infras-
tructure. Hydrologically, the Soyang River Dam is located on the Soyang River, approximately
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110 km upstream of the confluence of the North Han River and the mainstream Han River,
corresponding to coordinates 37°56'43"” N, 127°48'49" E [25].

Soyang 5= N
. s% 3eservoi[> A
R : §
% |
e 7
e
" 0 95 190

380
< wm—wmm—— Kilometers

Legend
©  Outlet

Soyang Basin

South Korea

Figure 1. Location and overview of the Soyang Reservoir (37°56'43" N, 127°48/49" E) and its basin,
South Korea.

The main section of the figure focuses on the Soyang Reservoir, with the dam and
spillway located at its lower end, where water is regulated before being released. The
outflow is shown moving downstream, accompanied by satellite imagery that high-
lights surrounding infrastructure. The legend clarifies key elements, including the outlet,
Soyang Basin, and South Korea, while the scale bar at the bottom indicates a distance of
0 to 2 km. The figure effectively represents the reservoir’s geographic location, water flow,
and downstream impact.

The inset map shows the Soyang River Basin, while the lower panel highlights the
dam, spillway, and downstream channel. Scale bars are provided for both the inset and
detailed maps. The base map imagery is derived from Sentinel-2 (Copernicus Open Access
Hub, 2022), overlaid with hydrographic boundaries and reservoir outlines from WAMIS
and Han River Flood Control Office (HRFCO) datasets.

The Soyang River Dam catchment, located in the upper Han River basin in northeast-
ern South Korea, covers an area of approximately 2703 km?. The basin is characterized
by steep mountainous terrain, with elevations ranging from EI. 200 to 1200 m, leading to
rapid runoff generation during monsoon events. Land cover is dominated by forested areas
(~85%), with limited agricultural and urban zones concentrated along valley plains. The
basin’s mean annual precipitation exceeds 1400 mm, of which nearly 70% occurs between
June and September, reflecting strong seasonal hydrological variability. Major tributaries
feeding the reservoir include the Naerincheon and Inbukcheon Rivers. This physiographic
and climatic setting places the Soyang River Dam within a steep, fast-responding hydro-
logical environment where flood attenuation depends critically on short-reach operational
control of the downstream 2 km section [26,27]. This underscores the importance of adap-
tive reservoir operation for flood mitigation and water supply reliability [28].
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2.2. Data Used

The Water Resources Management Information System (WAMIS) of Korea provides
comprehensive data on dams, reservoirs, and related infrastructure. The dam characteristics
include details such as the dam name, type, and length. Reservoir characteristics include
flood-related data, such as the design flood water level at El. 198 m, the normal high-water
level at El. 193.5 m, and the restricted water level at El. 190.3 m. The reservoir’s normal
high-water level capacity is 2543.80 million m3, the flood control capacity is 770 million m?,
and the total storage capacity is 2900 million m3. Spillway characteristics include the spillway
elevation at El. 185.5 m, the design flood volume of the spillway at 10,500 million m3, and
the design discharge of the spillway at 5500 m?/s. Additionally, data on water supply
includes the total annual planned water supply of 1213 million m?; 1200 million m? for
domestic use, and 13 million m? for irrigation. Daily data from 1993 to 2022 were also
obtained. The dataset includes low water level, water storage, retention rate, inflow, total
discharge, power generation discharge, discharge to the spillway, other discharge amounts,
water supply, observed dam basin average rainfall, annual water supply plans for domestic
use, and irrigation, respectively. Data on the location of the Soyang River Dam relative
to other dams on the Han River system were obtained from the Han River Flood Control
Office (HRFCO).

The remote-sensing data comprised various parameters derived from multiple
sources (Table 1). These include the daily reservoir surface area change, calculated from
satellite imagery.

Table 1. Remote-sensing data products used in the study.

Spatiotemporal

Product Variables k Reference
Resolution
CHIRPS . o o . P
IMERG-Final version “06” Rainfall 0.05° x 0.05° (daily) Arregocés et al. [29]
Landsat, 4,5,7,8,9 Bands (B2, B3, B4, B5, B6, B7) 0.0003° x 0.0003° (daily) Egorov et al. [30], Chen et al. [31]
1 o 5 McNally et al. [32],
MERRA-2 Humidity 0.5° x 0.5° (hourly) Jung et al. [33]
GLDAS-2.0,2.1 Soil moisture 0.25° x 0.25° (daily) Qietal. [34]
. Temperature, Evaporation, o 0 (1 i
ERA5-Land Solar radiation, Wind speed 0.1° x 0.1° (daily) Gomis-Cebolla et al. [35]
SRTM digital elevation data v4 DEM 0.0008° x 0.0008° Dong et al. [36]
USDA system Soil texture 0.002° x 0.002° (yearly) Corral-Pazos-de-Provens et al. [37]
MCD12Q1 V6.1 product Land cover 0.004° x 0.004° (yearly) Chirachawala et al. 2020 [38]

The table shows Landsat satellites (4, 5, 7, 8, and 9), spanning from 1982 to October 2021.
ERA5 provides temperature and evaporation data from 1950 to the present, while
MERRA-2 supplies humidity measurements starting from 1980. Additional variables
include adjusted Curve Number (CN) runoff, soil moisture computed using GLDAS ver-
sions 2.0 and 2.1, covering data from 1948 to the present, solar radiation, and wind speed.

The analysis period spans 1993-2022, corresponding to the full availability of ob-
served hydrological data from WAMIS and HRFCO. Remote-sensing datasets were incor-
porated according to their respective temporal coverages: CHIRPS rainfall (1981-present),
MERRA-2 humidity (1980-present), GLDAS soil moisture (1948-present), and ERA5-Land
variables including temperature and evaporation (1950—present). Landsat-derived surface
area estimates were used where available (1984-2021), but were not essential for daily
model inputs. Because all remote-sensing datasets provided continuous daily coverage
across the 1993-2022 window, no temporal gaps affected model training. Occasional miss-
ing daily values were filled using linear interpolation, and all variables were normalized
using a StandardScaler before training.
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To ensure consistency across datasets of differing spatial and temporal resolutions, all
variables were preprocessed to a common daily time step and spatially harmonized with
the Soyang Reservoir watershed boundary. The preprocessing was performed primarily
in Google Earth Engine (GEE) to maintain uniform spatial referencing. Hydrometeoro-
logical variables from ERA5-Land (hourly, 0.1°), GLDAS (3-hourly, 0.25°), CHIRPS (daily,
0.05°), and MERRA-2 (hourly, 0.5°) were first aggregated to daily means or totals and then
resampled to a 0.05° grid using bilinear interpolation. All datasets were clipped to the
catchment boundary to ensure spatial comparability. Landsat-derived surface-area data,
available at 16-day intervals from Landsat 4-9, were processed through cloud masking and
spectral water-index (MNDWI and NDBI) classification, then used for periodic validation
rather than daily model input. Occasional missing daily values were filled using linear
interpolation between adjacent days within the same dataset. In summary, all datasets
were temporally aggregated to daily means or totals, spatially regridded to a uniform
0.05° grid using bilinear interpolation, clipped to the Soyang watershed boundary, and lin-
early interpolated in time to fill occasional missing values, thereby ensuring synchronized
and spatially consistent daily inputs across all data sources. The harmonized daily series
were exported as CSV files and merged in Python version 3.13.5 for modeling. All variables
were normalized using a StandardScaler prior to model training to ensure consistent fea-
ture magnitudes. This procedure yielded a temporally continuous and spatially consistent
dataset covering 1993-2022, integrating both observed and remote-sensing variables for
reinforcement-learning-based reservoir operation.

Unlike supervised learning models that require explicit data splits, deep reinforcement
learning agents learn through sequential interaction with the environment. Accordingly, the
DRL agents (DDPG, PPO, and DQN) were trained using the complete 1993-2022 sequence
to preserve temporal continuity and capture the full hydrologic variability of the reservoir
system. Each agent interacted with the environment through daily state-action-reward
transitions, allowing it to learn operational strategies that balance flood mitigation and
storage regulation across diverse inflow conditions [39,40].

The analysis period (1993-2022) was selected based on the full temporal availability
and consistency of both observed and remote-sensing datasets, and additionally, extending
to 2022 allows the use of more recent data. While climatological assessments often adopt
the 19912020 reference period, several input datasets (e.g., WAMIS/HRFCO hydrological
records, Landsat-derived surface area, and GLDAS soil moisture) begin in 1993. Using
this 30-year window ensured continuous, gap-free coverage across all data sources, which
is essential for reinforcement-learning-based modeling. As such, extending the period
backward to 1991 would not have improved representativeness but would have introduced
inconsistencies among the datasets.

Figure 2 illustrates the observed variations in water storage within the Soyang
Reservoir over the period from 1993 to 2022, highlighting key operational zones and
capacity levels.

The purple line represents the reservoir’s actual water storage, showing clear fluctu-
ations influenced by seasonal inflows and outflows. These variations likely correspond
to monsoon seasons and dry periods, reflecting the reservoir’s role in both water supply
management and flood control [41]. The red dashed line marks the reservoir’s total storage
capacity, i.e., the maximum volume it can hold. Below this, the flood control capacity zone
(orange shaded region) is reserved for mitigating flood risks during heavy inflows. Keeping
storage within this zone is crucial for preventing overflow and ensuring downstream safety
during extreme weather events. The blue-shaded region with dotted patterns represents
the annual water supply plan zone, ensuring sufficient water allocation for planned usage
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throughout the year. Within this, the light blue dotted section highlights the planned
supply of domestic water, covering essential residential and municipal demands. At the
bottom, the gray shaded region represents inactive and dead storage (917 million m?),
which is generally unusable due to operational constraints. The blue line marks the active
storage boundary, separating usable and inactive storage. Additionally, the green dashed
line indicates the normal high-water level capacity, serving as a benchmark for stable
reservoir operations.
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2500777
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1000 1

Water Storage (million m3)
w
o
o

Inactive and Dead Storage

0

1992 1996 2000 2004 2008 2012 2016 2020 2024
Year
—— Water Storage (million m?) [ Planned Supply of Water for Living Zone (1200 million m3)
---- Total Storage Capacity (2900 million m?) Inactive and Dead Storage (917 million m?)
Flood Control Capacity Zone (770 million m3) —— Active Storage Boundary
Annual Water Supply Plan Zone (1213 million m®) ~ --- Normal High-Water Level Capacity (2543.8 million m3)

Figure 2. Water storage and operational capacity of the Soyang Reservoir.

Overall, this reservoir operation strategy balances flood control, water supply, and
operational stability. Keeping storage between the flood control and domestic water supply
zones is key to ensuring water availability while mitigating flood risks.

Figure 3 illustrates the observed fluctuations in reservoir water levels from 1993 to 2022,
highlighting key operational thresholds for effective water management.

200

Water Level (El. m)

150 " T . " T T r r
1992 1996 2000 2004 2008 2012 2016 2020 2024
Year
—— Water Level (m) Flood Limit Water Level (190.3m)
-=-- Planned Flood Level (198m) --- Spillway Elevation (185.5m)

--- Constant Water Level (193.5m)

Figure 3. Water level fluctuations and operational thresholds for the Soyang Reservoir.

The blue line represents the reservoir’s water level over time, showing variations with
peaks and troughs likely influenced by rainfall patterns and water usage demands [42].
The red dashed line at El. 198 m marks the design flood level, indicating the maximum
safe water level to prevent flooding. Below this is the orange dashed line at El. 190.3 m,
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representing the flood-season restricted water level, which is the maximum reservoir water
level permitted during the designated flood season to secure flood control capacity. The
purple dashed line at El. 185.5 m denotes the spillway elevation, where excess water begins
to discharge to maintain safe levels. Additionally, the green dashed line at El. 193.5 m
marks the normal high-water level, often used as a reference point for stable reservoir
operations [43]. Maintaining water levels between the spillway elevation and the design
flood level is essential for balancing flood prevention and water supply regulation, ensuring
both safety and operational stability.

2.3. Methodology

The methodology in this study, as shown in Figure 4, integrates observed data and
remote-sensing data to develop and evaluate optimized operations for the Soyang Reservoir.

Data
Preparation
Ground Data Remote Sensing Data
(1993-2022) (1993-2022)
Low water level, Water storage, Retention, Inflow, @y e "
B A : pute Daily Compute adjusted
Total Discharge, Power generation, Spillway R it A h
discharge, Other discharge, Water Supply, csenvolginealChangy |curve numb il e

Observed dam basin rainfall, Rainfall, humidity, soil
moisture, temperature,
evaporation, solar radiation,

wind speed
Visualization
[Inflow |
Deep Reinforcement
Iéeaming (gRL) Reservoir | Optimized water storage |
peration Optimization
l | Optimized discharge via mass balance |
Evaluation
geep Q-Netw.m:ks. (DQ].\” P Cumulative Reward Flood risk
eep Deter Policy G o prs ood ris
Action Stability
(IDIDIRE) Total Capacity Violations
Proximal Policy Oftlmlzahon (PPO) Flood Control Violations | Hydrographs |
Reservoir State Agent- g 5
B |, Select Action Apply Action .
:E?::Z?\'tngs::li ons)] ?Alz‘l; 3&2&? o (Discharge Decision) (Update Reservoir) NGy IR
Network)
Compute Reward
(Based on storage and
flood risk)
Agent- Replay Buffer
F:ct) /Critic) (store and retrieve experience)
ctor/Critic)
Update Model
(DQN/DDPG) Update Model (PPO)
(Refine Decision Process) (Refine Decision Process)

Figure 4. Methodology workflow for the Soyang Reservoir operation with DRL agents.

Data are prepared and utilized to train DRL models to optimize daily operations for
the Soyang Reservoir. The DRL methods employed include DQN, PPO, and DDPG. These
models simulate the decision-making processes of virtual dam operators, determining
actions such as optimizing discharge to mitigate flood risk and maintain operational safety.
The DRL approaches are evaluated to identify the most effective method for managing
reservoir operations based on hydrological and meteorological data over the years.
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The reinforcement learning process for reservoir operation optimization, as shown
in Figure 4, begins with the reservoir state, which represents the current hydrological
conditions, including water storage, inflow, and meteorological factors. The agent, which
could be an Actor-Critic model (PPO, DDPG) or a Q-Network (DQN), receives this state
information and determines an optimal discharge decision. In DQN, the agent selects an
action from a predefined discrete set of discharge levels, while in PPO and DDPG, the
agent predicts a continuous discharge value. This action is then applied to update the
reservoir state, ensuring that total discharge does not exceed inflow constraints. After
the action is executed, the new reservoir state is observed, reflecting the updated storage
and discharge levels. A reward is then computed based on predefined criteria, typically
penalizing excessive storage that surpasses the flood control threshold, reinforcing actions
that maintain operational stability. For DON and DDPG, past experiences are stored in
a replay buffer, which helps improve decision-making by reducing correlations between
consecutive steps. PPO does not use a replay buffer and learns only from newly collected
trajectories (state — action — reward — next-state sequences). For DQN and DDPG,
experiences from the replay buffer are sampled to update the model; for PPO, updates are
computed from newly collected trajectories, thereby refining the agent’s ability to regulate
discharge more effectively. This iterative process continues, allowing the agent to optimize
water release while balancing flood risk mitigation, water storage, and operational stability
based on observed reservoir conditions [44].

To simulate discharge behavior under storage optimization, a mass balance-based
estimation framework was employed. Inflow was preserved from observed records to
maintain the original hydrological forcing conditions, while reservoir storage was dy-
namically adjusted by each DRL model to minimize flood risk and improve operational
stability. Discharge was not explicitly predicted by the models. Instead, it was derived as a
consequence of inflow and the model-optimized changes in storage using the continuity
equation, which conserves mass across the reservoir system. This relationship is governed
by the mass balance principle [45]:

Qt) = I(t) - T 1)

where I(t) is inflow at time ¢ preserved from observed records, S(t) is optimized water
storage at time ¢, and Q(t) is estimated discharge at time ¢, which is the variable of interest.
Since the available data is daily, this equation is discretized as follows:

Q) = 1(n - SO=3=D @

where At is the time step (86,400 s for daily resolution). This formulation enables dy-
namic discharge computation that accurately reflects storage fluctuations resulting from
DRL-optimized decisions for flood control.

To evaluate the effectiveness of reservoir operation strategies in mitigating flood risk,
a quantitative analysis of flood control violations was conducted. These violations occur
when the reservoir storage exceeds the upper operational threshold designated for flood
control purposes. The upper limit is defined as the difference between the total storage
capacity and the allocated flood control capacity of the reservoir. Let Smax be the total
storage capacity (2900 million m?), and Sgeoq (770 million m3) the designated flood control
capacity. The critical flood threshold Siyesholq is the difference (2130 million m?) between
Smax and Sgq , Which is the maximum allowable storage before flood control measures
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are triggered. Flood risk, FR(t), is then quantified at each time step using the following
normalized expression [4]:
FR(t) _ S(t) — Sthreshold @)
Sflood
A flood control violation occurs when FR(t) > 0, i.e., when the current storage exceeds
the flood-safe limit (Table 2).

Table 2. Interpretation of flood risk values.

Flood Risk Value Meaning
<0 Storage is below flood threshold — No flood risk
=0 Storage is exactly at the threshold — Flood-safe limit reached
O<value<1 Storage is within flood control zone — Potential flood risk
>1 Storage exceeds total flood buffer — High flood risk (overflow)

The number of violations is obtained by counting all such occurrences over the sim-
ulation period. This methodology was applied to both the observed storage data and
simulated reservoir storage trajectories generated under different deep reinforcement learn-
ing (DRL) strategies—namely DDPG, PPO, and DQN. To further contextualize the method,
the dates on which DRL-related violations occurred are marked on flood risk time series
plots. This approach supports the visual and quantitative assessment of DRL optimization
effectiveness in reducing flood control breaches relative to observed operation [46].

Benchmarking against observed operation was conducted by comparing each DRL
agent to the observed operation across the full 1993-2022 record using whole-period
evaluation metrics—cumulative reward, action stability, and counts of capacity and flood
control violations—and on the same extreme inflow (high-inflow) days using storage,
discharge, and a storage-based flood risk metric. “Improvement” is defined as fewer
violations, larger negative FR (greater buffer), and lower peak discharge under identical
inflow forcing.

In this study, we do not assess flood risk in the probabilistic sense, which typically
incorporates hazard, exposure, and vulnerability. Instead, a deterministic flood thresh-
old exceedance index derived from reservoir storage levels is applied [3,47]. It is tech-
nically a flood threshold exceedance index; however, we adopt the term “flood risk”
within the context of this modeling framework to emphasize its operational relevance to
reservoir management.

2.3.1. Deep Reinforcement Learning Models

This study focuses on optimizing reservoir operations by adjusting critical hydrologi-
cal variables such as water storage, inflow, and discharge using DRL methods—DQN, PPO,
and DDPG. The DRL framework uses detailed information about the reservoir system and
its operations to develop strategies for effective water management.

These three algorithms were selected to represent the principal design dimensions
relevant for reservoir operation: discrete versus continuous control and value-based versus
actor—critic learning. Specifically, DON captures stepwise, rule-based reservoir decisions
through discrete control, DDPG enables fine-grained continuous adjustments suitable
for smooth discharge modulation, and PPO emphasizes stability and robustness under
dynamic hydrological variability. Together, these models provide complementary per-
spectives for testing DRL-driven reservoir operation strategies. Detailed model-specific
architectures and operational behaviors are described below, followed by a comparative
summary at the end of this section.
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In the context of reservoir operation optimization for flood control, the cumulative
reward is used to evaluate how effectively the system manages water inflow, storage,
and discharge while minimizing flood risk and maintaining desirable reservoir levels.
The reward at each time step t, denoted as R(f), is determined by penalizing two key
conditions: (1) storage levels that exceed the flood-safe threshold and (2) deviations from a
target storage level. The reward function is defined as follows:

R() =1 5 (Pr(t) + Pa(1)) @

in which P¢(t) and P;(t) are the flood penalty and deviation penalty, respectively. This
function yields a maximum reward of 1 when the storage is at the target level and within
flood-safe limits. Any flood risk or deviation from the target reduces the reward accordingly.
The flood penalty quantifies the extent to which water storage exceeds the flood-safe
threshold and is calculated by using the following equation:

max(0, S(t) — Sthreshold)
Sﬂood

Pf(t) = ®)
This penalty becomes positive only when S(t) exceeds the threshold, indicating

a potential flood situation. The deviation penalty measures how far the current stor-

age deviates from the operational target level Starget , and is computed by using the

following equation:

|S(t) - Starget|

Smax

Py(t) = (6)

where Starget represents the desired storage level, such as normal high-water level capacity
(2543.8 million m®). This component penalizes both over- and under-storage relative to
the target, even when there is no flood risk. The overall performance is assessed via the
cumulative reward Y.]_; R(t) over the simulation horizon T, as defined in Equation (4).

The overall performance is assessed through the cumulative reward, which aggregates
the rewards across the entire simulation period of T time steps. A higher cumulative reward
indicates more effective operation, where the reservoir remains within flood-safe limits and
close to the target storage range. This evaluation framework guides the optimization of
inflow regulation and discharge decisions over time to support effective flood control.

The Deep Q-Network (DQN) approach optimizes reservoir operations by dynamically
adjusting discharge based on hydrometeorological conditions and reservoir status. Using
observed data from 1993 to 2022—including inflow, water storage, total discharge, rainfall,
and soil moisture—the model simulates behavior to mitigate flood risk and enhance
operational stability. The Q-network consists of an input layer and two hidden layers with
400 and 300 neurons (ReLU activation), followed by an output layer that predicts Q-values
corresponding to a discrete set of three possible discharge decisions: 0% (retaining all
inflow), 50% (moderate release), and 100% (full release) of inflow. At each timestep, the
model selects the action with the highest predicted Q-value. Reservoir storage is updated
using a water balance equation:

S() = S(t 1) + (1 - a(£)1(1) At %

where a(t) is the action at time t that denotes the agent’s normalized control signal bounded
within [0, 1], which scales admissible operating commands (e.g., turbine/gate settings or
spillway releases) according to physical and operational constraints. In DQN, a(t) takes one
of three discrete levels {0,0.5,1} (retaining, moderate, full), whereas in DDPG and PPO, it
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varies continuously within [0, 1], enabling smoother, fine-grained adjustments. Qualitatively,
a(t) = 0 corresponds to a conservative posture (minimal release) and a(t) = 1 to an assertive
posture (greater release/faster drawdown), with intermediate values yielding gradual
changes. Formally, a(t) = 7t(s¢), where 7 is the learned control strategy and s; comprises
inflow, storage, precipitation, and other hydrometeorological states [48,49]. For illustration
only, an action may be mapped to a commanded discharge, a(t) Qmax , with Qmax the feasi-
ble discharge capacity (accounting for turbine/spillway limits); in practice, this mapping
is implemented via operational rules (level-dependent piecewise mappings, unit limits,
environmental-flow minima) [50-53]. The temporal variability of a(t) is evaluated later via
the action-stability metric o, (Equation (9)). Discharge at each step is estimated using the
following equation:

Q(f) = max (0, min (I(t) — S(t)ASt(tl),Qmax)> 8)

where Qmax = 5750 m®/s (5500 m?/s through spillway and 250 m?/s through turbines)
is the maximum allowable discharge. To improve stability, both the simulated inflow and
storage time series are smoothed using a cyclic filter that reduces short-term fluctuations
while preserving long-term trends [45,54]. This DQN-based optimization framework dy-
namically adjusts to changing inflow patterns, reduces the likelihood of storage exceeding
the flood control threshold, and supports sustained, stable operation of the reservoir system
under varying hydrological conditions.

While Equations (7) and (8) describe the general storage—discharge framework, it is
important to note that the nature of the action a(t) differs across the DRL methods. For
DQN, a(t) is discrete, representing distinct release decisions. However, in DDPG and
PPO, a(t) takes continuous values, enabling smoother, fine-grained control of reservoir
releases. This continuous formulation allows the models to output any value between
0 and 1, corresponding to a proportional adjustment of discharge relative to the maximum
allowable capacity. Thus, while Equations (7) and (8) remain applicable across all models,
the granularity of a(t) differs (discrete in DQN; continuous in DDPG/PPO), making DDPG
and PPO better suited for continuous, real-time reservoir regulation.

The Deep Deterministic Policy Gradient (DDPG) method optimizes reservoir opera-
tions by producing continuous discharge values, allowing for smoother and more adaptive
water releases than the discrete-level approach used in DQN. This reduces abrupt varia-
tions in outflow, which can be critical for downstream flood control and ecological stability.
DDPG incorporates two neural networks: the Actor Network, which receives the current
reservoir state—including storage, inflow, precipitation, soil moisture, and other hydrom-
eteorological factors—and generates a normalized continuous discharge decision. This
output is scaled by the maximum allowable discharge capacity to ensure operational feasi-
bility. The Critic Network evaluates the effectiveness of each state-action pair, enabling the
Actor to refine its decisions over time. Storage is updated through a mass balance equation
that accounts for inflow and the chosen discharge rate, while the actual discharge is de-
rived by constraining the resulting flow within physically acceptable limits. The reward
function used during training penalizes storage that exceeds the flood control threshold
and deviations from the target storage level, thereby guiding the model toward flood-safe
and balanced reservoir operations. To enhance training stability, DDPG applies experience
replay and soft target network updates. These techniques prevent overfitting to recent
conditions and help maintain convergence. Applied to the 1993-2022 observed dataset,
the model effectively maintained storage within operational bounds and ensured effective
flood mitigation through continuous and controlled reservoir adjustments.
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The Proximal Policy Optimization (PPO) approach enhances reservoir operation by
learning optimal discharge behavior through a reward-guided framework. Like DDPG,
PPO operates in a continuous action space, allowing the model to issue smooth and adap-
tive discharge decisions in response to varying hydrological states. However, PPO differs in
its optimization strategy—rather than applying direct gradient updates, it constrains action
updates within a clipped range. This prevents drastic shifts in discharge and promotes
stable learning across episodes. The model architecture adopts an Actor-Critic structure,
where the Actor Network processes the reservoir’s hydrometeorological state—including
storage, inflow, rainfall, and soil moisture—and outputs a normalized continuous dis-
charge rate. This value is scaled by the maximum discharge capacity to ensure operational
realism. Simultaneously, the Critic Network evaluates the quality of the selected action by
estimating its expected return, enabling iterative refinement of the discharge strategy. As
in the DQN and DDPG approaches, PPO uses a reward function that penalizes excessive
storage above the flood-safe threshold and deviations from the target storage level. This
ensures that the model learns to balance flood risk mitigation with stable reservoir storage.
When applied to 1993-2022 observed data, PPO effectively maintained controlled discharge
adjustments, offering smooth transitions and improved resilience under dynamic inflow
conditions. Its structured optimization process makes it particularly suitable for real-time
applications where discharge changes must be both effective and reliable.

DQN, DDPG, and PPO were selected to represent the principal DRL design choices
that matter for reservoir operation: (i) action space (discrete vs. continuous), (ii) learn-
ing paradigm (value-based vs. actor—critic), and (iii) update stability under a nonlin-
ear reward with hard safety constraints. DQN (value-based; discrete actions) reflects
stepwise operational practice (banded gate/turbine settings) and yields interpretable,
rule-like releases. DDPG (deterministic actor—critic; continuous actions) supports fine-
grained adjustments needed for smooth hydrograph shaping and buffer management.
PPO (stochastic actor—critic with clipped updates) provides robust convergence and con-
trolled exploration, desirable under non-stationary hydrometeorology. Together, the trio
benchmarks operational performance and stability across discrete/continuous and op-
eration strategy/value paradigms under identical constraints, rather than emphasizing
computational efficiency [13,40,55].

2.3.2. Action Stability Metric

This section details the action stability metric used to assess the robustness and
implementability of DRL-optimized reservoir operations. The metric captures the temporal
consistency of the agents” operational decisions, reflecting how smooth or volatile gate
operations are over time—an essential consideration for real-world dam management
where frequent, abrupt changes are undesirable [56].

As defined in Section 2.3.1, the agent outputs a normalized action a(t) € [0, 1] (discrete
for DQN; continuous for DDPG/PPO); here we focus on its temporal variability. We
quantify variability across the simulation horizon using the action stability metric that is
the standard deviation of the actions:

1 T

Y (a(t) —a)? ©)

where 7 is the mean action over all T time steps, and o, is the action stability [57].
Physically, 0, captures how much the operational signal (i.e., gate movement or
discharge command) fluctuates around its mean value. A small ¢; implies that the reservoir
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control strategy changes smoothly and predictably from day to day, while a large o,
indicates frequent, abrupt shifts in control intensity.

In practical terms, such abrupt operational changes are undesirable and often unsafe
at the Soyang River Dam, since gates and turbines cannot be adjusted instantaneously.
Sudden release variations can induce rapid downstream stage fluctuations, increase flood
risk, and promote channel erosion, while the reservoir’s large storage volume inherently
limits instantaneous changes [58]. Accordingly, a DRL agent with low action variability
reflects a stable, realistic control strategy that makes gradual, predictable adjustments to
releases and storage. By contrast, high variability implies oscillations between aggressive
releases and rapid retention that may appear effective in simulation but are physically
infeasible and operationally unsafe [28].

Unlike threshold-based performance metrics that indicate whether flood-safe limits were
exceeded, the action stability metric evaluates how those operations were executed—whether
they were implemented in a smooth, physically consistent manner. By emphasizing stability,
this study prioritizes strategies that are both effective for flood risk mitigation and consistent
with real-world operational constraints and safety protocols.

3. Results

3.1. Performance Evaluations

Performance Evaluation of DQN, PPO, and DDPG Deep Reinforcement Learning Models
Table 3 presents a comparative evaluation of the deep reinforcement learning

models—DDPG, PPO, and DQN—across four key metrics used to assess the effective-

ness of reservoir operation strategies focused on optimizing reservoir operation for

flood control.

Table 3. Deep reinforcement learning model evaluation metrics.

Metric PPO DQON DDPG
Cumulative Reward 8691 8679 8235
Action Stability 0.0059 0.1737 0.0792
Total Capacity Violations 0 0 0
Flood Control Violations 6 1 1

PPO achieved the highest cumulative reward, suggesting that it was the most effective
at maintaining storage near the operational target while avoiding flood conditions. DQN
followed closely, while DDPG scored the lowest. This indicates that all models were capable
of learning effective reservoir operation strategies, as reflected by their high cumulative
rewards and relatively low violation counts. Despite differences in stability, each agent
successfully optimized reservoir operations within the reward structure by balancing
storage near the operational target while mitigating flood risks. PPO displayed the lowest
variability in its actions, with an action stability of 0.0059, indicating that it was the most
stable, with only minimal fluctuations in its decision-making process. DDPG maintained
relatively stable outputs with a variance of 0.0792, while DQN was the most variable
at 0.1737. This elevated variance indicates that DQN’s operating strategy was more variable
and thus more reactive, possibly due to its discrete decision-making structure [59]. While
variability can be beneficial in highly dynamic systems, it can also lead to operational
unpredictability if not well-regulated [60].

All models effectively avoided exceeding the total storage capacity, resulting in zero
total capacity violations. This demonstrates that the DRL strategies inherently learned to
operate within strict safety boundaries, a critical requirement for operations. However,
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when it comes to flood control violations, measured as the number of times the reservoir
storage exceeded the flood control threshold, the results varied more noticeably. Both
DDPG and DQN limited violations to just one occurrence, while PPO had six violations.
This suggests that although PPO earned the highest cumulative reward, it occasionally
allowed storage to encroach into the flood control buffer zone, possibly in pursuit of
minimizing deviation from the target level.

DRL models showed strong overall performance but with clear trade-offs: PPO deliv-
ered the smoothest control and highest reward; DQN prioritized flood control compliance;
DDPG offered continuous control with intermediate variability. Choosing among them
depends on the operational priority—use PPO when stability and target tracking are
paramount, DQN when minimizing flood control exceedances is the primary constraint,
and DDPG when you want a balanced, continuous controller. Taken together, the results
support a flexible operating stance that preserves flood-safe buffer capacity rather than
strictly chasing the target level under variable inflows.

In addition to the reinforcement learning metrics summarized in Table 3, the models
were further evaluated using standard hydrological performance indices to quantify the
accuracy of DRL-based discharges against the observed operation (Table 6). These included
RMSE, MAE, NSE, and KGE, together with 95% bootstrap confidence intervals and pairwise
Wilcoxon signed-rank tests to assess statistical significance. All three DRL agents achieved
NSE > 0.64 and KGE > 0.55, indicating strong agreement with observed discharge patterns,
with DDPG performing marginally better than PPO and DQN. These results confirm that
the DRL-optimized operations not only maintained physical and operational consistency but
also delivered statistically validated improvements in discharge representation and flood risk
moderation.

To evaluate the influence of the reward formulation on agent behavior, the rel-
ative weights of the flood-penalty and deviation-penalty terms were varied between
(0.7-0.3), (0.5-0.5), and (0.3-0.7) while keeping all other model settings constant. The
results (Table 4) show that cumulative rewards increase systematically with higher flood-
penalty weighting, indicating that the agents adapt toward more conservative operations
when flood mitigation is emphasized. Across all weighting schemes, the performance rank-
ing remained consistent—PPO achieved the highest cumulative reward (9597 — 7784)
and most stable actions (¢ ~ 0.041), followed by DQN and DDPG. Flood control vio-
lations (< 6) and total-capacity violations (none) remained nearly unchanged across all
settings, demonstrating that the learned operating strategies are robust to moderate changes
in the reward composition. This consistency confirms that the adopted equal weighting
(0.5-0.5) provides a balanced and interpretable trade-off between flood risk reduction and
operational stability without biasing model performance toward either objective.

Table 4. Reward weight sensitivity analysis.

. -~ . Cumulative . .1 Flood Capacit

Model Flood_Weight  Deviation_Weight Reward Action Stability (Std) Violations Vioﬁl tior}lls
DDPG 0.7 0.3 9323 0.073 2 0
PPO 0.7 0.3 9597 0.041 6 0
DQN 0.7 0.3 9591 0.167 0 0
DDPG 0.5 0.5 8234 0.073 2 0
PPO 0.5 0.5 8691 0.041 6 0
DQN 0.5 0.5 8680 0.167 0 0
DDPG 0.3 0.7 7145 0.073 2 0
PPO 0.3 0.7 7784 0.041 6 0
DQN 0.3 0.7 7769 0.167 0 0
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Inflow (m?3/s)

This sensitivity analysis confirms that the performance ranking of the DRL agents
remains stable under varying reward weight ratios (0.7-0.3, 0.5-0.5, 0.3-0.7), demon-
strating that the learned operation strategies are robust to moderate changes in the
reward composition.

3.2. Deep Reinforcement Learning Model Results

In this section, we first present a consolidated high-inflow-day summary (Table 5) for
four dates corresponding to the highest daily inflows, and then examine time-series patterns
for inflow (Figure 5), storage (Figure 6), discharge (Figure 7), and flood risk (Figure 8).

Table 5. High-inflow-day summary for highlighted dates: storage, discharge, and flood risk (FR).
Positive FR indicates threshold exceedance.

Date Metric Actual DDPG PPO DON
1995-08-25 Storage (million m?) 2602 2066 2152 1784
Discharge (m3/s) 2226 1139 1022 1069
FR (-) 0.429 —0.187 0.000 —0.353
1999-08-01 Storage (million m?) 1504 1065 1154 977
Discharge (m3/s) 51 142 23 0
FR (-) —0.743 —1.167 —1.037 —1.234
1999-08-02 Storage (million m?) 1893 1365 1410 1170
Discharge (m3/s) 169 139 79 0
FR (-) —0.397 —0.882 —0.795 —1.022
2006-07-15 Storage (million m?) 1786 1167 1378 1138
Discharge (m3/s) 233 0 128 0
FR (-) —0.536 —1.092 —0.895 —1.129
4000 1
3000
2000 1
1000 1
0 - . -
1992 1996 2000 2004 2008 2012 2016 2020 2024
Date

Daily inflow (observed)
- High-inflow days

Figure 5. Actual inflow at the Soyang Reservoir.
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Figure 6. Comparison of reservoir storage under actual and DRL-controlled operations (1993-2022).
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Figure 7. Reservoir discharge estimated from inflow and optimized storage using DRL models.
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Figure 8. Actual and DRL-based flood risks at the Soyang Reservoir (1993-2022).

Table 5 reports the exact storage, discharge, and flood risk (FR) values for the four
benchmark dates (1995-08-25; 1999-08-01; 1999-08-02; 2006-07-15). For storage, all DRL
strategies remained below the observed operation on every date, with a consistent ordering
among the DRL models—DQN lowest, DDPG intermediate, and PPO highest. For dis-
charge, DRL releases were generally below observed, with one exception: on 1999-08-01, the
DDPG release exceeded the actual. This is consistent with anticipatory drawdown to create
buffer capacity ahead of the following day’s larger inflow (1999-08-02): DDPG lowered
storage and deepened the safety buffer (more negative FR) across the two-day window
while keeping its peak risk in check. The per-date minima were as follows: PPO lowest on
1995-08-25; DQN lowest on 1999-08-01 and 1999-08-02; and a tie between DDPG and DQN
on 2006-07-15. For flood risk, all DRL strategies reduced risk relative to the actual oper-
ations on every benchmark date—eliminating the exceedance when they occurred—and
typically followed the ordering DQN (most negative FR), then DDPG, then PPO (closest to
the threshold), reflecting the progressively smaller—but still larger than observed—safety
buffers maintained under DRL operation. These quantitative comparisons anchor the
time-series patterns discussed in Figures 5-8.

3.2.1. Inflow over Time for the Soyang Reservoir

Figure 5 illustrates the inflow to the Soyang Reservoir from 1993 to 2022, showing
the temporal variability over three decades with alternating periods of frequent high in-
flows and prolonged low flows, reflecting fluctuations in inflow magnitude. The x-axis
spans the full study period, while the y-axis represents reservoir inflows, ranging from
near-zero baseflows to extreme (high-inflow) peaks exceeding 4000 m3/s. Several extreme
inflow occurrences are evident in the daily record, including 25 August 1995 (4029 m?/s),
1 August 1999 (4230 m3/s), 2 August 1999 (4665 m?/s), and 15 July 2006 (4208 m3/s).
These four dates serve as the benchmark high-inflow days used throughout the study
and are marked in Figure 5 with vertical dotted lines. Note that the high-inflow markers
for 1999-08-01 and 1999-08-02 are adjacent and visually overlap in Figure 5. These occur-
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rences coincide with the summer monsoon season and typhoon seasons in Korea, when
concentrated rainfall over the upper Han River basin generates rapid increases in runoff
into the reservoir [27]. The sharp flood peaks highlighted in Figure 5 represent the most
significant inflow extremes of the study period and reflect the strong interannual variability
of monsoon and typhoon-driven hydrology at the Soyang River Dam, emphasizing the
importance of effective reservoir regulation during such periods.

3.2.2. Water Storage over Time Based on DDPG, PPO, and DQN

Figure 6 shows reservoir storage at the Soyang Reservoir from 1993 to 2022 for the
observed operation (dark gray) and the three DRL strategies (DDPG, PPO, DON). All
series exhibit a drawdown-refill pattern. The DRL trajectories generally track the timing
of these fluctuations while maintaining lower storage than the observed operation during
high-storage periods, implying enhanced flood-safety margins. PPO (red) appears visually
distinct and slightly higher than the other DRL curves, whereas DDPG and DON largely
overlap through most of the record, making their differences less perceptible in the figure.
Given the tight flood control constraints and a daily target-tracking objective, the range of
feasible adjustments is narrow; during high-storage or high-inflow periods, releases can also
be capped by operating limits (e.g., the flood control threshold or maximum release) [8,28].
In this regime, DQN'’s discrete choices closely match DDPG’s continuous adjustments,
yielding nearly indistinguishable storage trajectories [41]. Quantitatively, however, Table 5
confirms the typical ordering of DQN < DDPG < PPO in storage magnitude.

3.2.3. Water Discharge over Time Based on DDPG, PPO, and DQN

Figure 7 presents discharge at the Soyang Reservoir (1993-2022) in four stacked
panels—(a) Actual, (b) DDPG, (c) PPO, and (d) DQN—sharing a common y-axis for
comparison without overlap. DDPG follows the timing of the Actual series but with lower
spike heights, indicating attenuation relative to observed operation. At the full-record
scale, PPO and DQN are visually hard to distinguish; both show smaller, sparse spikes and
therefore appear smoother, with less day-to-day variability than DDPG.

Smoothness means a small change in state leads to small changes in recommended
action, for example, if storage nudges up a bit, the optimal release also changes a bit—not
abruptly—hence, at this level, discrete DQN steps will produce similar results to a continuous
PPO strategy [61].

All panels mark the four benchmark high-inflow days with vertical dotted lines. At
those dates, the Actual panel shows higher discharge than the DRL panels. Because storage
and discharge are coupled by mass balance, the lower storage maintained by the DRL
strategies near high-storage periods (Figure 6) appears here as smaller, less abrupt releases
relative to the actual observed discharge. Based on a quantitative, emergent trend inferred
from Table 4, the general discharge ordering across the four high-inflow events is DQN
(lowest) < PPO (moderate) < DDPG (highest). This suggests that DQN tended to hold
releases longer, PPO maintained intermediate and smoother adjustments, and DDPG
responded more actively during high-inflow periods.

While Figure 7 provides a qualitative comparison of discharge dynamics among the DRL
agents and the observed operation, a quantitative validation was performed to statistically
verify these performance patterns. Using standard hydrological evaluation metrics—Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), Nash—Sutcliffe Efficiency (NSE), and
Kling-Gupta Efficiency (KGE)—each DRL-generated discharge series was compared against
the observed discharge time series [62]. Bootstrap resampling (95% confidence intervals) and
Wilcoxon signed-rank tests were applied to assess statistical significance [63,64].
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The results, summarized in Table 6, show that all DRL models achieved strong agree-
ment with observed discharge. DDPG exhibited the lowest RMSE and MAE, followed
by DON and PPO. NSE values above 0.64 and KGE values around 0.57 confirm that all
models reproduced the dominant discharge variability with good efficiency. The narrow
confidence intervals (+9-10 m3/s for RMSE) and extremely low p-values (< 10719 from
the Wilcoxon tests indicate statistically significant yet small differences among the agents.
Overall, DDPG achieved the highest hydrological fidelity, DON showed moderate accuracy
with discrete adaptations, and PPO favored smoother but slightly less exact trajectories.

Table 6. Quantitative performance metrics for simulated discharge (Observed vs. DRL) with
95% confidence intervals.

RMSE RMSE 95% CI MAE MAE 95% CI NSE 95% CI

KGE 95% CI

Model (m3/s) (Low-High) (m3/s) (Low-High) NSE (Low-High) KGE (Low-High)

DDPG 49.36 40.55-59.27 19.09 18.27-19.96 0.67 0.54-0.74 0.60 0.56-0.63
PPO 51.08 41.83-61.07 19.71 18.89-20.61 0.65 0.52-0.72 0.56 0.51-0.59
DOQN 50.11 40.71-60.35 19.51 18.68-20.42 0.66 0.53-0.73 0.57 0.52-0.61

The Wilcoxon signed-rank test compares the absolute errors of two models over iden-
tical time steps to determine whether their replication accuracies differ significantly [64,65].
This distinction is important because Table 3 evaluates optimization behavior (reward,
stability, and constraint compliance), whereas Table 6 assesses how closely each model’s
simulated discharge reproduces observed hydrological dynamics. Pairwise Wilcoxon
comparisons were conducted among the three DRL models. The resulting p-values were
9.83 x 10719 for PPO compared with DDPG, 2.76 x 10~ for PPO compared with DQN,
and 2.07 x 10719 for DDPG compared with DQN. These extremely small probabilities
confirm that the differences in absolute errors between model pairs are statistically sig-
nificant, indicating that each model demonstrates a distinct level of replication accuracy.
Nevertheless, because the confidence intervals and performance metrics differ only slightly,
these differences are statistically strong but practically modest, showing that all agents
perform well, with DDPG maintaining a consistently lower error [66].

Quantitatively, compared to the observed operation, the DRL-based strategies reduced
mean flood control violations by over 80% and improved discharge replication accuracy
with RMSE reductions of approximately 2—4% and MAE reductions near 3%. DDPG
achieved the best overall accuracy (RMSE ~ 49 m?/s; NSE = 0.67) followed closely by DQN
(RMSE =~ 50 m?/s; NSE = 0.66) and PPO (RMSE =~ 51 m?/s; NSE = 0.65). These improve-
ments confirm that the DRL-controlled operations not only maintained safety constraints but
also achieved measurable hydrological fidelity relative to observed operation.

3.2.4. Flood Risk Based on DDPG, PPO, and DQN

Figure 8 presents flood risk at the Soyang Reservoir from 1993 to 2008 for the observed
operation (black) and the three DRL strategies (PPO—red, DDPG—blue, DQN—green),
with a horizontal dashed line indicating the flood threshold (FR = 0). Although the figure
view is limited to 2008 for visual clarity, the underlying values and trends remain identical
to the full-record analysis (1993-2022).

Visually, PPO most closely follows the actual series, with peaks and troughs aligning in
time yet generally lying just below the black curve. DDPG and DQN remain consistently lower
(more negative FR), signifying greater safety margins and stronger damping of flood risk.
From 1993 to 2008, DDPG and DQN behave similarly, and most of the time, both sit below the
Actual curve, indicating lower flood risk. The closeness between DDPG and DQN suggests
that for highly constrained reservoirs like Soyang, both discrete and continuous control
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Flow Rate (m?3/s)

Flow Rate (m?3/s)

Reservoir Storage (million m3)

formulations can yield nearly equivalent operational strategies. In practice, this indicates that
the decision landscape is smooth enough that even discrete decision structures (DQN) can
capture the same risk-mitigating patterns as their continuous counterparts (DDPG) [41,62].

The four vertical dotted lines mark the benchmark high-inflow days. Around these
markers, the Actual series displays sharper crests or brief exceedances of the flood threshold,
whereas all DRL-based curves remain lower, reinforcing the impression of moderated peaks
and preserved buffer capacity under DRL operation.

Taken together, Figure 8 demonstrates that all DRL strategies effectively reduce flood
risk amplitude while maintaining the natural drawdown-refill rhythm of the reservoir.
PPO continues to track the observed operation most closely but with slightly improved
safety; DDPG and DQN sustain lower flood risk levels overall, confirming their stronger
conservative behavior. For exact FR values at the highlighted dates, refer to Table 5.

4. Discussion

Figure 9 zooms in on 2006-07-15 at the Soyang Reservoir to show, in one place, how
inflow translated into releases and storage under optimized DRL operating strategies. A
vertical dotted line marks this reference date and is repeated across panels for alignment.
In Panel (a), the blue inflow curve captures the sharp rise and recession typical of mid-July
storms in the Gangwon highlands [67].

The discharge series reveals distinct operating behaviors. The actual operation (black)
maintains modest releases through the rising limb and then increases during the recession.
All three DRL agents suppress the discharge peaks more strongly: PPO (green) holds releases
comparatively low before the crest and raises them only after the peak has passed; DDPG (red)
permits a short pulse near the crest but otherwise stays below the observed discharge line; and
DQN (orange) is most conservative pre-peak, increasing only modestly on the falling limb.

(a) Model Discharge Comparison (zoomed around 2006-07-15)
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= Inflow

= Discharge (PPO)

1 Water Stored (PPO)
Water Released (PPO)
Flood Peak Attenuation

2500

2000

1500

1000 1

v
S
o

1800

1600

1400 1

1200 1

1000

2006-07-05 2006-07-09 2006-07-13 2006-07-17

Date

2006-07-21 2006-07-25

Figure 9. DRL-driven reservoir operations: inflow—discharge-storage dynamics and flood-peak attenuation.
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Panel (b) decomposes PPO into inflow, discharge, and their difference, clarifying
the routing mechanism. During the rising limb, when inflow exceeds discharge, the
purple “Water Stored (PPO)” area dominates, indicating deliberate retention that absorbs
the flood wave and lowers the immediate downstream load. After the crest, the red
“Water Released (PPO)” area expands as discharge overtakes inflow, returning the
reservoir toward its operating band (target range) on the recession rather than at the
peak. By shifting release to the recession—when river levels are falling and channel
conveyance is higher (greater capacity to pass flow without spilling out)—the operating
strategy attenuates the flood peak and avoids creating a secondary peak. This panel
illustrates how PPO moderates discharge by retaining inflow during the flood rise
(storage increase) and releasing it gradually during the recession, maintaining a buffer
against extreme conditions. The stored-then-released sequence explains why the flood
risk metric remained at or below the threshold on this date (Figure 8) and why it was
lower under DRL than under the actual operation.

Panel (c) shows the daily storage trajectory over the analysis window, with a vertical
marker indicating the reference date for alignment with panels (a) and (b). Storage
rises sharply through and just after the inflow crest, reaches its maximum about 4-5
days later on the recession limb when inflow and discharge meet, and then declines
gradually as discharge overtakes inflow. The crest remains well below total capacity,
and the drawdown is paced rather than abrupt—evidence of controlled recovery after
attenuation. This evolution is consistent with the single-day storage values reported
in Table 5 and indicated in Figure 6, where PPO’s storage on 2006-07-15 was lower
than the observed value, reflecting an operating strategy that maintains buffer volume
prior to extreme inflow. The inclusion of total reservoir storage gives additional context
for understanding how system volume evolves over time and supports evaluation of
operational trade-offs.

Taken together, Figure 9 illustrates a coherent hydrologic sequence at the Soyang
Reservoir. The DRL operating strategies attenuate the flood peak by retaining water
through the rising limb (Panel (b)), limit discharge relative to the inflow crest (Panel (a)),
and then release gradually on the recession while keeping storage below capacity and
recovering smoothly afterward (Panel (c)). PPO achieves a balance between flood-peak
attenuation and controlled recovery, DQN shows the most conservative behavior with
the lowest releases, and DDPG responds more actively near the peak—patterns that
are consistent with the operational tendencies summarized in Figures 5-8, where DRL
models maintained lower flood risk than the observed operation.

The DRL models were trained and evaluated using daily resolution data, as most
observed and remote-sensing variables (e.g., precipitation, soil moisture, temperature,
evaporation, and humidity) are available only at this temporal scale. This choice aligns
with the study’s focus on strategic, long-term reservoir operation optimization rather
than minute-scale real-time control. While sub-daily operation is essential for short-term
emergency management, the large storage volume and long routing lag of the Soyang
Reservoir Dam mean that day-to-day inflow and storage variations primarily govern
operational dynamics. Hence, the daily time step remains appropriate for learning the
underlying state—action relationships that influence flood risk mitigation at the basin
scale. Nonetheless, future extensions could integrate a nested sub-daily routing or inflow-
forecasting module to enable hybrid (daily-to-hourly) control once higher-frequency
hydrometeorological data become available [13,41].
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In practice, real-time flood operations at large multipurpose dams are conducted at
hourly or sub-hourly intervals, especially during emergency events. The daily framework
adopted here therefore represents strategic-scale optimization rather than real-time control.
This temporal simplification means that while the DRL-based strategies effectively capture
day-to-day hydrologic responses and storage-release trade-offs, their generalizability to
operational dispatch decisions at finer time scales remains limited. Future work could extend
this framework to nested sub-daily models once high-frequency inflow and gate-operation
data become available.

To interpret the internal behavior of the reinforcement learning models, a SHAP
(SHapley Additive exPlanations) analysis was conducted to quantify how each input
variable contributed to the models” operational decisions [68,69]. The bar plots (Panels
(a), (c), and (e)) show the mean absolute SHAP values, ranking variables by their overall
importance across all decisions, while the beeswarm plots (Panels (b), (d), and (f)) show
how feature values (red for high, blue for low) drive the model outputs positively or
negatively, illustrating both magnitude and direction of influence. A higher mean SHAP
value implies greater overall influence on the model’s output (i.e., the learned reservoir
release or storage action). In the beeswarm plots, positive SHAP values imply that the
feature/variable increases the model’s output (pushes the decision toward more release)
while negative values imply a decrease in the output (pushes the decision towards more
retention), and zero implies that the model decision is unaffected by the feature. For
example, in Figure 10e, water storage is the fourth most important variable. In the
corresponding panel (f), the color of each dot represents the actual (standardized) water
storage value at that time step (red = high, blue = low), and each dot itself corresponds
to one daily observation—reflecting the reservoir’s storage state on that day rather than
the date itself. Most high water storage values (red points) tend to align with positive
SHAP values, indicating that when the reservoir holds a large volume of water, the PPO
agent generally increases discharge. However, some overlap around zero suggests that
this relationship depends on concurrent hydrological conditions.

For the DDPG model (Panels (a)-(b)), the most influential variables were soil mois-
ture, humidity, evaporation, and water storage, indicating that DDPG’s discharge behav-
ior is strongly governed by hydrological and surface-atmospheric states. The beeswarm
plot shows that high soil moisture values (red points) mostly produce negative SHAP
values, implying that the agent tends to reduce discharge when the basin is already
saturated—Ilikely reflecting a cautious strategy to conserve flood storage until inflows in-
crease. In contrast, low soil moisture conditions (blue points) yield near-zero or slightly
positive SHAP values, suggesting minimal or slightly increased releases during dry
states. Similar interactions are observed for humidity and evaporation, confirming
that DDPG captures physically realistic trade-offs between basin wetness, storage, and
release behavior.

For the PPO model (Panels (c)-(d)), the most influential features included soil
moisture, retention rate, total discharge, and power generation discharge, suggesting a
stronger integration of hydrological and operational signals. High soil moisture values
correspond to positive SHAP impacts, indicating that under wet conditions, the agent
tends to increase discharge. High retention rate values are near zero or slightly negative,
reflecting conservative release adjustments when storage is being maintained. In contrast,
high power generation discharge shows predominantly negative SHAP contributions,
suggesting compensatory behavior—when substantial flow has already been released
for power generation, the agent reduces additional discharge actions.
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Finally, the DON model (Panels (e)—(f)) exhibited dominant contributions from tem-
perature, power generation discharge, soil moisture, and water storage. The beeswarm
plot shows that high temperature corresponds to positive SHAP values, implying that
discharge increases under warmer conditions—consistent with seasonal drawdown or pre-
emptive flood control. High power generation discharge values tend to produce negative
SHAP impacts, indicating compensatory reductions in total discharge when turbines are
already active. High soil moisture is associated with negative SHAP values and a mix near
zero, suggesting restrained releases under saturated conditions with allowance for some
releases, whereas high water storage yields positive SHAP effects, reflecting increased
release pressure when the reservoir is fuller.

Overall, the SHAP analysis across all three models demonstrates that deep reinforce-
ment learning agents autonomously learned hydrologically consistent and interpretable
operation strategies. DDPG exhibited strong environmental-state awareness, PPO balanced
hydrological and operational drivers, and DQN responded primarily to direct climatic cues.
Collectively, these findings confirm that deep reinforcement learning can produce adap-
tive and explainable control behaviors grounded in physically meaningful relationships
between environmental conditions and reservoir operation.

To further clarify the role of these multi-source variables, the SHAP analysis showed
that variables such as soil moisture, humidity, and evaporation—though not direct flood
indicators—substantially influenced discharge decisions. Their inclusion enhanced the
agents’ ability to anticipate flood risk buildup through better representation of basin
wetness and atmospheric demand. Preliminary comparisons using only ground-based
variables yielded slightly higher RMSE and lower cumulative rewards, confirming that
multi-source inputs improved model stability and hydrological realism.

The DRL-based operating strategies (DQN, DDPG, PPO) developed in this study
utilized a diverse set of hydrometeorological variables—including precipitation, soil mois-
ture, and temperature—to guide reservoir operation decisions. Although these vari-
ables were not explicitly visualized, they served as essential inputs, enabling dynamic
responses to changing hydrological conditions and informing both flood risk estimation
and discharge optimization. A key contribution of this work lies in the integration of
observed data, remote-sensing products, and DRL-driven decision-making into a unified
framework, allowing the operating strategies to make context-aware releases and stor-
age adjustments and manage storage adaptively. Unlike many existing studies—such as
Phankamolsil et al. [13], who applied DDPG without explicit flood risk metrics;
Castro-Freibott et al. [70], who used PPO but without integrating remote-sensing inputs;
and Castelletti et al. [71], who applied Q-learning without examining adaptive capacity at
daily resolution—this study leverages multi-source datasets and explicitly incorporates
flood risk trade-offs. Thus, this study advances previous DRL applications by demonstrat-
ing flood-peak attenuation at daily resolution with paced recession releases and maintained
storage buffers, delivering a resilient and operationally robust approach to optimized
reservoir operation under hydrological extremes.
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Figure 10. SHAP-based variable importance and feature effects on model predictions for the DDPG,

PPO, and DQN models.
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5. Conclusions

This study demonstrated that deep reinforcement learning (DRL) can be used to
optimize operation at the Soyang Reservoir by coordinating inflow, storage, and discharge
to moderate flood-related risk over a 30-year daily record (1993-2022). Relative to observed
operation, the DRL strategies delivered safer performance—larger storage buffers, typically
lower peak discharges on high-inflow days, and low violation counts—under the same
hydrologic conditions. Based on the flood risk (FR) metric, DRL-driven operation strategies
generally flatten peak discharges, keep storage closer to the flood-safe bound (FR =~ 0),
increase the safety buffer (more negative FR) on high-inflow days, and maintain fewer
threshold exceedances relative to observed operation at daily resolution—both on the
highlighted dates and across the 1993-2022 record. Rather than predicting discharge
directly, discharge was derived via a mass-balance formulation from optimized storage
while preserving observed inflows, ensuring physically consistent releases under the
original hydrologic forcing.

Over the full 1993-2022 period, all three agents—DQN, PPO, and DDPG—Ilearned
physically plausible, safety-aware behavior. PPO achieved the highest cumulative reward
and the most stable actions. DQN ranked second on reward and prioritized flood control
compliance, maintaining the largest buffers with conservative releases on the rising limb
(pre-inflow-peak). DDPG provided continuous control with intermediate responsiveness,
occasionally allowing a short near-crest pulse. These roles align with the time-series
patterns at the highlighted events: DQN tends to maintain the largest buffers, PPO produces
smoother, mid-level releases, and DDPG is more active near peaks.

Analyses anchored to the largest inflows—25 Aug 1995, 1-2 Aug 1999, and
15 Jul 2006—show that DRL-optimized operation reduced storage relative to observed
operation during the peak, moderated releases on the rising limb, and shifted releases to
the recession. In combination, these behaviors kept the flood risk at or below the threshold
(FR < 0) for the DRL runs while preserving buffer capacity. The dominant operational pat-
tern was clear: retain during the rising limb, then release during the recession—timing that
leverages higher channel conveyance and lower downstream risk. For PPO in particular,
the inflow-release decomposition makes the mechanism explicit: water stored dominates
pre-crest, followed by water released on the recession, avoiding secondary peaks while
maintaining buffer.

A central contribution is that the DRL operation strategies were informed by a rich
set of observed and remote-sensing hydrometeorological inputs, enabling context-aware
decisions that link inflow, storage, and discharge. Compared with traditional optimization
methods such as DP/SDP, which are hampered by the curse of dimensionality and rigid
system representations, the DRL framework here scales to high-dimensional inputs and
captures nonlinear interactions without hand-crafted rule sets—moving beyond static
rules and limited-variable models. The deterministic storage-based exceedance index
provided an operationally relevant measure that translated daily hydrologic variability
into actionable reservoir operation.

Several limitations bound interpretation: the “flood risk” metric is deterministic and
storage-based (not a full probabilistic risk); discharge was derived by continuity (not a
hydraulic routing model); analyses were daily and single reservoir. The DRL approaches
tested here show that operationally meaningful attenuation at the Soyang reservoir can
be achieved by shaping the timing and size of releases relative to the inflow hydrograph
through explicit optimization of an objective function that penalizes flood-threshold ex-
ceedance and deviation from the target storage while respecting physical/operational
constraints. Future research should explore hybrid DRL-supervised learning frameworks
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and assess the robustness of DRL-based reservoir operations under projected climate
change scenarios, and explore coupling with hydrodynamic and inundation models to
further enhance adaptability and long-term reliability.
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Abstract: Vegetation colonizing fluvial sandbars provides many noteworthy functions in
river and floodplain systems, but it also influences hydrodynamic processes, mainly during
flooding events. Numerical modelling is generally used to evaluate the impact of floods,
but its reliability is very much connected with the accuracy of the bed and bank roughness,
which is eventually altered by the presence of vegetation and its height. However, for
the sake of simplicity, most models tend to ignore how the sandbar roughness varies
over space and time, as a function of the local vegetation dynamics (spatial distribution
and height). To determine the long-term dynamic vegetation condition using remote
sensing multispectral indexes, this study leverages a deep-learning method to establish a
relationship between vegetation height (%), a critical parameter for vegetation roughness
estimation, and vegetation indexes (VIs) collected by an uncrewed aerial vehicle (UAV). A
field campaign was performed in October 2024 covering the Baishazhou sandbar, located
along a straight section of the Wuhan reach of the Changjiang River Basin, China. The
results show that the R?> and RMSE between the real and predicted vegetation height by the
trained Fully Connected Neural Network (FCNN) are 0.85, 1.10 m, and the relative error
reaches a maximum of 17.2%, meaning that the trained FCNN model performs rather well.
Despite being tested on a single case study, the workflow presented here demonstrates the
opportunity to use UAVs for depicting vegetation characteristics such as height over large
areas, eventually using them to inform numerical models that consider sandbar roughness.

Keywords: Baishazhou; Fully Connected Neural Network; sandbars; UAV; vegetation
height; vegetation index

1. Introduction

Sandbars are key geomorphic features in fluvial systems, crucial for bedload trans-
port and sediment storage [1,2]. Formed by hydrodynamic-sedimentary interactions, they
evolve dynamically with flow and sediment changes [3]. Sandbar morphology and vegeta-
tion cover serve as vital indicators of riverine dynamics and channel morphology [4-6],
revealing spatiotemporal feedbacks between primary and secondary channels and adjacent
floodplains. Highly vegetated sandbars can function similarly to riverbanks during low
flow [7]. The establishment of vegetation increases surface roughness and flow resistance,
which reduces floodplain conveyance capacity and elevates local water levels, thereby
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increasing flood risk [8]. Vegetation conditions such as height, density, and species com-
position further govern these hydrodynamic and sediment transport processes during
floods [9]. The vegetation-induced increased resistance can distort the stage-discharge
relationship, leading to higher water levels and greater flooding hazard, particularly in
conveyance-sensitive, low-gradient systems [10].

In hydrodynamic models, a fundamental tool for flood prediction, risk assess-
ment, and water resource management, surface roughness is critical to obtain accurate
simulations [11,12]. However, roughness of fluvial surfaces (e.g., riverbeds, banks) is not
static [12], but dynamically responds to vegetation changes. Indeed, extreme floods can
rapidly alter vegetation structure and distribution [13], causing significant shifts in hydraulic
characteristics and compromising predictions of water levels and inundation extents.

Predictive models that incorporate temporally variable vegetation characteristics are
vital for accurately estimating changes in flow resistance over time [14]. To support such
modelling efforts, robust and continuous monitoring of vegetation dynamics is indispens-
able. This includes tracking changes in vegetation height, density, spatial coverage, and
species composition across different temporal scales, from seasonal growth cycles to rapid
post-flood recovery periods. Accurate spatial and temporal data on vegetation are critical
not only for capturing the interactions between flow, morphology, and ecology (i.e., hydro-
morpho-biodynamic processes), but also for informing adaptive management strategies
aimed at flood mitigation, habitat enhancement, and sustainable river management [15].

Previous studies have investigated the relationship between roughness and riparian
vegetation via experimental methods [16-19]. All those studies concluded that vegetation
characteristics significantly influence the flow structure by means of changes in roughness.
Traditional field measurements of vegetation using handheld instruments [20] are increas-
ingly supplemented by remote sensing, which offers superior spatial coverage, resolution,
and efficiency [21]. Consequently, remote sensing is often preferred for characterizing
vegetation before roughness calculations in practical applications. Multispectral Vegetation
Indices (VIs), particularly the widely used Normalized Difference Vegetation Index (NDVI),
have been established to monitor vegetation dynamics [22-24], differentiate vegetated
areas [25], and quantify biomass [26]. Recent studies pointed out that its variant, the Green
Normalized Difference Vegetation Index (GNDVI), is more effective for assessing health in
dense canopies [27].

Given easier access, as well as advantages such as cost- and time-effectiveness, Vls
calculated from satellite images to estimate vegetation parameters are more widely used
to derive potential relationships between VIs and vegetation parameters such as vegeta-
tion height or density [28,29]. Additionally, with the advantage of having higher spatial
resolution when compared with satellite images, multispectral uncrewed aerial vehicles
(UAVs) have been used to obtain vegetation conditions recently [30], especially in the
estimation of vegetation height [22,31,32]. Although previous studies successfully applied
drones to monitor the vegetation height, most of them focused on a single plant species,
while research on regions with various plants is limited. At the same time, UAVs can not
only measure the vegetation height and density directly but also capture multispectral
images for calculating VIs. The combination of UAVs and satellite images makes vegetation
monitoring on long-time scales much easier to achieve. Specifically, after understanding
how vegetation parameters can be explained by VIs determined from UAV collections,
long-term vegetation parameters can be estimated from VIs derived from satellite images.

However, establishing relationships between VIs and vegetation parameters remains
challenging, especially in the case of vegetation height, which is an important parameter for
estimating vegetation roughness [21,33]. Fortunately, deep-learning (DL) models, with their
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elevated performance and ability to handle complex input-output relationships, might help
address this limitation thanks to their higher prediction accuracy compared to traditional
fitting methods [34]. The main applications of DL in remote sensing include image-based
object detection and multimodal data fusion [35]. While classical machine learning (ML)
methods like Random Forest have shown effectiveness in vegetation identification and
height estimation [36-38], their supervised learning nature demands substantial manual
annotation. To address this limitation, researchers have started exploring self-supervised
and semi-supervised learning approaches [39—41]. For example, Du et al. [42] utilized a
CNN Transformer hybrid model called NeCT Net to extract spatial features and employed
a semi-supervised teacher-student framework to automatically generate pseudo labels for
expanding training data. This method effectively reduces dependence on manual anno-
tation while improving the accuracy of large-scale building height estimation. Although
supervised learning approaches have demonstrated significant success in vegetation height
estimation, their applications have predominantly focused on forest canopies or single crop
types, with limited exploration in multi-class study areas comprising complex vegetation
communities. Concurrently, while advanced DL architectures such as CNN-Transformer
hybrids have achieved breakthroughs in building height estimation by integrating semi-
supervised strategies, these models often entail complex structures and high computational
costs. In response, this study adopts a streamlined FCNN as its core architecture to sub-
stantially simplify the training process and computational requirements while maintaining
high accuracy.

Aiming to establish a relationship between vegetation height (k) and VIs (NDVI,
GNDVI, Normalized Difference Red Edge Index (NDRE), Leaf Chlorophyll Index (LCI),
and Optimized Soil Adjusted Vegetation Index (OSAVI), to lay the foundation for the
calculation of vegetation roughness, this research analysed vegetation conditions and
multispectral images of the Baishazhou middle sandbar, in the middle reaches of the
Yangtze River (China), using a UAV (DJI Mavic 3 Multispectral) and employed the FCNN
model for analysis. Using a reduced number of data points, the h-VIs relationship was
established, eventually allowing us to extract it over time to monitor long-term variations
in vegetation conditions from satellite images, therefore reducing the need for prolonged
and cumbersome UAV field campaigns. By means of a specific case study, the current
work proposes a workflow to determine the relationship between vegetation indexes and
vegetation height, which can be applied to both UAV and satellite imagery, eventually
assisting in extracting dynamic roughness to be used as a reliable input for hydrodynamic
flood modelling.

2. Materials and Methods
2.1. Study Area

Located in the straight section of the Wuhan reach of the Changjiang River Basin
(Figure 1), the Baishazhou (BSZ) sandbar is oriented in a northeast-southwest direction.
The left branch of the sandbar serves as the main channel, and the right branch is the
tributary. Formed by the sediment carried by the river water, the BSZ sandbar takes the
shape of a bamboo leaf, which is typical of those whose upstream and downstream ends
are pointed, while the middle section is wider, with a measured length of 2.2 km and a
maximum width of 0.3 km during the dry season.

The BSZ sandbar is located in a region characterized by a subtropical monsoon cli-
mate, with average yearly temperature and precipitation around 17.7 °C and 1204.50 mm,
respectively [43]. The annual average runoff and sediment from 1990 to 2020 recorded by
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the Hankou Hydrological station, which is 20 km downstream of the BSZ sandbar, are
7012.73 x 10® m® and 1.94 x 10® t, respectively [44].

y (@®
~ 2D model

]
114.24° E

3 The boundary of Baishazhou Sandbar
— Changjiang River
1 Changjiang River Watershed

Figure 1. Location of the study area, (A,B) are the locations of the BSZ sandbar at the Changjiang
River Basin and Wuhan city, respectively, (C) is the part of the river channel where the BSZ sandbar
is located, (D) is the boundary of the BSZ sandbar and the Digital Surface Model (DSM) of the two
mapped areas, (E) is the 2D model of the sampling areas.

Since the Baishazhou Bridge spans the middle of the sandbar (Figure 1B), the area
above the middle part of the sandbar is designated as a no-fly zone. Therefore, for this
research, two small areas on either side of the bridge were selected as study areas to obtain
the images (Figure 1A).

2.2. UAV Data Collecting and Processing
2.2.1. UAV Information and Data Collection

A DJI Mavic 3 Multispectral (M3M) (SZ DJI Technology Co., Ltd., Shenzhen, China)
equipped with a natural colour camera and a four-band multispectral sensor (Figure 2C,D)
was used to obtain spectral information of the sandbar (green band: 560 nm; red band:
650 nm; red edge: 730 nm; near-infrared: 860 nm) [45]. The flight path (Figure 2A,B)
was pre-programmed using the DJI Pilot software v10.00.06.02 with a flying height of
approx. 60 m. The drone flight took place during the Autumn season, on 12 October 2024,
a sunny day.
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G (B)

Figure 2. (A,B) are the flying paths of the left (A1) and right (A2) study areas, respectively. (C,D) are
the aerial vehicle and the controller, respectively. Notably, the arrows in (A,B) indicate flight direction.

2.2.2. Calculation of Vegetation Indexes (VIs) and Estimation of Vegetation Height

VIs calculated by differences between several spectral bands are designed to highlight
vegetation properties (such as canopy biomass, absorbed radiation, and chlorophyll content)
and vegetation’s vigour [46]. Five VIs (NDVI, GNDVI, NDRE, LCI, and OSAVI), derived
using the reflectance of vegetation in the visible, red edge, and near-infrared bands, are
selected under consideration of the spectral bands available in multispectral UAV and
Sentinel-2 imagery.

Among all the VIs, NDVI is the most commonly used index for quantitatively mea-
suring vegetation conditions [47,48]. As shown in Equation (1), NDVI is calculated as the
ratio of the difference and the sum of reflectance values in the near-infrared (NIR) and red
bands (R). Therefore, NDVI values vary between —1 and 1, with higher values for more
densely vegetated and healthy areas.

NIR — R
NDVI:7N1R+R 1)

Compared with NDVI, which reflects vegetation health through the levels of chloro-
phyll detected in the leaves, the green normalized difference vegetation index (GNDVI),
introduced by Gitelson et al. [49] and defined in Equation (2), is more suitable for monitor-
ing crop yield in the late growing season because the green band (G) can cover a broader
range of chlorophyll than the red band adopted in NDVI [50,51].

NIR -G
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NDRE, defined as Equation (3), is similar to NDVI but is more sensitive to chlorophyll
content in denser vegetation [52]. It calculates based on reflectance in the near-infrared (NIR)
and red edge (RE) bands. When the NDVI is no longer sufficiently sensitive to changes in
the plant biomass in the later stages of plant growth, NDRE plays an important role.

NIR — RE
NDRE= IR+ RE )

The LCI, which uses the near-infrared (NIR), red edge (RE), and green (G) bands
(Equation (4)), provides more accurate chlorophyll content information than the NDRE
index [53].

LCI = ———— )

OSAVI considers the substrate type during vegetation condition analysis, reducing
the influence of bare soil and enabling image correction where soil is visible between
vegetation [54]. The OSAVI is defined following Equation (5), where C is a calibration
constant that minimizes the influence of soil and takes the value of 0.16 [55].

NIR — R
OSAVI = NIRLREC ®)

The NDVI, GNDVI, LCI, NDRE, and OSAVI layers are overlapped in QGIS 3.40.11.
The value of each grid is treated as a group of data for training the FCNN model, with a
total of 78,520,680 data points.

The Digital Surface Model (DSM) and the Digital Elevation Model (DEM) are con-
structed by means of the DJI Terra software, and their difference is used to estimate
vegetation heights. The DSM contains the height information of all objects on the Earth’s
surface, while the DEM represents the elevation of the bare ground surface. The difference
between the two eliminates the influence of the underlying ground elevation, retaining
only the height characteristics of surface objects such as vegetation [56]. Therefore, the
vegetation height is estimated by the difference between the plant surface (DSM) and the
terrain (DEM). Both DSM and DEM are processed based on the drone imagery by the
DJI Terra software, and the DEM is also pre-processed to filter out all the vegetation [57],
ensuring an accurate estimation of the vegetation height.

To ensure the measurement accuracy of the DJI M3M (SZ DJI Technology Co., Ltd.,
Shenzhen, China) with real-time kinematic (RTK) equipment, it has been verified prior to
the drone’s release. The results show that the output images can meet the requirements
of 1:500 large-scale mapping accuracy, and the absolute/relative positioning error did
not surpass 0.05 m/0.15 m in the horizontal and vertical directions, respectively [58].
Previous studies also found that the errors of DEM and DSM created from the imagery
collected by DJI M3M are very low, generally around 1.5 cm [59-61]. The DEM and DSM
collected from the drone imagery are, therefore, considered reliable for the scope of the
current investigation.

2.3. Model Architecture of FCNN

The flowchart for data processing and constructing the FCNN model is shown in
Figure 3, and comprises five main parts, described below in detail.
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Figure 3. Flow chart of the data processing, lately used to feed the FCNN model. Notably, solid blue
arrows are used to connect the major steps in the framework, whereas hollow arrows are used to link
the sub-steps within each major step.

Step 1

The first step is organizing the original data. The 1, NDVI, and GNDVI values of every
pixel are listed in three columns in Excel as the original dataset.

Step 2

Secondly, the dataset is split into two subsets: 70% of the data is used for training the
model, and the rest (30%) is for validation, to ensure that the evaluation of the model’s
performance on unseen data is reliable. This splitting was selected based on literature
evidence that investigated the predictive capability of machine learning models, proving
that the 70/30 one presented the best performance among all tested models [62].

The training set is randomly selected from the original data, while the rest of the data
is used to validate the model, and thereafter is defined as the test set. It is worth reminding
here that the present application focused on developing a workflow, so no independent
datasets were used for testing.

Step 3

Structuring and training the FCNN model is the third step.

The structure of the model layers is as follows:

1. Input data layer. The input layers include a dataset consisting of vegetation height
values, NDVI values, and GNDVI. The h, NDVI, and GNDVI of each grid are regarded as a
group of data. The dataset is composed of data groups from each grid.

2. Hidden layers. The hidden layers are able to capture the underlying features and
patterns in the data and learn hidden variables to enhance prediction capabilities [63]. Two
fully connected layers (with every layer having 10 neurons) expand the feature space and
enable the network to learn complex representations. Aiming to introduce non-linearity
and allow the network to learn non-linear patterns efficiently [64], the rectified linear unit
has been introduced.
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In this study, ReLU (Equation (6)), one of the most widely used activation functions [65,66],
serves as the activation function for each fully connected layer.

ReLU(x) = max(0, x) (6)

where x indicates the input to the neuron [67].

3. Output layers. A single neuron is used to output a continuous value. The activation
function of the output layer is a linear function, allowing the output to be directly mapped
from the learned features.

Step 4
Fourthly, the test set is imposed as the input for the trained model.
Step 5

Finally, the performance of the estimations is evaluated by calculating the coefficient
of determination (R?) [68] and root mean squared error (RMSE) [36] between the calculated
and the measured data. As a significant index for evaluating the model’s performance, R?
is able to quantify the model’s ability to explain the variance in the data [68], with a higher
R? indicating better model performance.

3. Results
3.1. Monitoring of Vegetation Height

The distribution of the vegetation height of the two study areas estimated by DSM
minus the vegetation-filtered DEM is illustrated in Figure 4. It can be noticed that the
vegetation height of both A1 and A2 ranges from 0 to 10 m, with an average height of
0.81 m in Al and 3.38 m in A2. The average vegetation height of the two areas is 2.10 m.

High plants in Al are mainly isolated points without any obvious distribution pat-
tern, while those in A2 are patchily distributed throughout the region, showing no clear
distribution pattern. Vegetation along the boundary of Al is generally characterized by
low values. Regarding the boundary of A2, the condition is quite different, as there is a
large area of high vegetation along the left boundary of A2 and lower vegetation along the
right boundary.

Table 1 reports the statistics of the monitored vegetation height. As visible, most of the
plants are smaller than 2 m, covering around 95.35%, 81.98%, and 85.36% of areas Al, A2,
and the whole area, respectively. For A1, height is inversely proportional to quantity, that
is, the higher the plants are, the lower the proportion of vegetation. In area A2, vegetation
heights greater than 8 m rank second in frequency with a value of 8.02%, and there is a
decreasing trend in vegetation height within the 2-8 m range. For the whole area, the trend
is similar to that of A2, since A2 is bigger than Al: 85.36% of vegetation is less than 2 m,
while 6.08% of vegetation is bigger than 8 m.

Table 1. Vegetation coverage of the two study areas.

Height (m) Coverage Area 1 (%) Coverage Area 2 (%) Whole Area A1 + A2 (%)
<2 95.35 81.98 85.36
2-4 2.13 4.44 3.86
4-6 1.12 3.11 2.61
6-8 1.03 2.45 2.09
>8 0.37 8.02 6.08
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Figure 4. Distribution of the estimated vegetation height. (A) is the vegetation height of A2 and (B) is
the vegetation height of Al.

3.2. Spatial Distribution of NDVIand GNDVI

The distributions of the NDVI and GNDVI estimated by the aerial images from the
UAV are illustrated in Figure 5. It is found that the GNDVI value is slightly lower overall
with respect to NDVI. The average NDVI and GNDVI of A1 are 0.62 and 0.59, respectively,
and those of A2 are 0.71 and 0.64, respectively, meaning that the vegetation of A2 seems
healthier than that of Al.

Moreover, the variability in the spatial distribution of NDVI values for Al is greater
than that of its GNDVI. The NDVI in A1 has a trend, with higher values at the border
and lower in the middle, while the trend of GNDVT is not obvious. When it comes to the
variability in the spatial distribution of NDVI and GNDVI values for area A2, they are
more similar.

3.3. Linear and Polynomial Regression Based Vegetation Height Prediction

The vegetation height estimated by the linear regression model is shown in Figure 6A,
the results revealed a weak relationship between the predictor variables (NDVI, GNDVI,
LCI, NDRE, and OSAVI) and vegetation height, with a training R? of 0.03, root mean
square error (RMSE) of 169.77 m, and a mean absolute error (MAE) of 16.92 m. The linear
regression equation derived in the present case study is & = 3.9879 + (—25.2569 x NDVI) +
(—22.5722 x GNDVI) + (200.4915 x LCI) + (—155.0283 x NDRE) + (—1.1886 x OSAVI). It is
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possible to note that the large coefficient values suggest potential overfitting and numerical
instability. In summary, the linear regression model demonstrated limited performance in
estimating vegetation height from multispectral indices.

(A) NDVI

N

(B) GNDVI

NDVI&GNDVI
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—-0.5

0 0.05 0.1 0.15km
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Figure 5. Distribution of (A) NDVI and (B) GNDVI in the flying areas.
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Figure 6. Comparison of linear and polynomial (degree = 2) regression models for vegetation height

estimation. (A) Linear regression results and (B) polynomial regression training results. Notably, the
red dashed line is the y = x line.

The polynomial regression model showed modest improvement over linear re-
gression but still exhibited inadequate performance (Figure 6B), with training results
displaying an R? of 0.07, RMSE of 284.48 m, and MAE of 18.01 m. Although the poly-
nomial model incorporated interaction terms and quadratic features, expanding the
feature space from 5 to 20 dimensions, the minimal improvement in R? and the increase
in MAE suggest that increasing model complexity alone cannot adequately address the
underlying estimation challenges.
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3.4. Deep Learning-Based Vegetation Height Prediction

The above reported limitations in using linear and polynomial regression models ask
for more complex approaches, such as the use of deep learning.

70% of the vegetation height i, NDVI, and GNDVI values estimated from the UAV
images are used to train the FCNN model, where / is the dependent variable and NDVI
and GNDVI are the independent variables. The other 30% of the NDVI and GNDVI values
are imported into the trained model to predict i. The predictions are then compared to the
original vegetation height to verify the performance of the trained model.

The calibration results (Figure 7) demonstrate exceptionally strong model performance,
with a coefficient of determination (R?) of 0.88, indicating that the model explains 88% of
the variance in vegetation height. This represents a remarkable improvement over previous
modeling attempts and confirms the effectiveness of the current approach. The model’s
error metrics, with an RMSE of 1.10 m and a MAE of 0.58 m, fall within an acceptable range
for vegetation height estimation applications. The fact that MAE is substantially lower than
RMSE suggests a generally well-behaved error distribution without excessive outliers.
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Figure 7. Comparison of the vegetation height predicted by the trained FCNN model (y-axis) and
real vegetation height (x-axis). Notably, the red dashed line is the y = x line.

4. Discussion

In recent years, the frequency and intensity of flood events have increased signifi-
cantly, largely driven by the ongoing impacts of climate change [69]. These heightened
flood hazards are causing considerable disruptions to both human settlements and natural
ecosystems, necessitating urgent and innovative approaches to flood management [70]. The
growing unpredictability and severity of extreme weather events, such as intense rainfall
and prolonged storms, underscore the importance of developing not only more effective
flood mitigation strategies but also robust resilience frameworks capable of adapting to
future climate scenarios. This includes integrating dynamic environmental variables, such
as the behaviour of aquatic and riparian vegetation, which have been shown to exert a
profound influence on hydrodynamic processes during flood events. In fact, the role of
vegetation in shaping the flow dynamics of rivers and floodplains is becoming increas-
ingly recognised as a critical factor in flood risk assessments [71]. Research on dynamic
vegetation during high-flow conditions is gaining particular attention in the academic
and practical realms of hydrology and geomorphology. As vegetation can grow and

88



Water 2025, 17, 3160

change rapidly in response to seasonal variations, extreme weather events, and restoration
efforts, its influence on flood dynamics is not static, but rather highly variable and context-
dependent. Vegetation can serve as a natural barrier to floodwaters, slowing their advance
and reducing the overall volume of water that may inundate surrounding areas. However,
this same vegetation can also impede drainage and exacerbate localised flooding if it is
too dense or improperly distributed. Therefore, understanding how vegetation interacts
with both the riverine environment and the flow dynamics during different flood stages is
crucial to accurately modelling flood events and their impacts [72], as well as to develop
sustainable flood management practices that are resilient to the growing challenges posed
by climate change [73].

Past investigations have shown that accurately describing the involved processes and
quantifying the influence of in-channel and riparian vegetation on bed roughness is very
challenging. Generally, the vegetation roughness is calculated by formulas such as the
Baptist approach, based on a Chézy formulation [74], and the Jadrveld approach, which
expands the previous method by accounting for submerged or emergent, flexible, and
woody vegetation [75]. Moving from these approaches, Box et al. [76] proposed additional
formulas accounting for the presence of leaves in both submerged and emergent conditions,
showing how they can be implemented in numerical modelling. However, for all existing
methods, how to estimate each vegetation parameter in real conditions is still a challenge,
in particular in estimating the effective vegetation height influencing the flow field in rivers
and streams, as well as their dynamics over time and space.

An answer to this knowledge gap could come from the combination of UAV imagery,
orbital remote sensing, vegetation indices, and ML techniques [77]. To establish the rela-
tionship between vegetation height and VIs, this study conducted field measurements at
the BSZ sandbar, a middle sandbar in the Middle Changjiang River, by using a UAV. Given
the limited effectiveness of the initially tried linear and quadratic regression models, which
yielded R? values around 0.3, a basic deep learning model, namely the FCNN model, was
subsequently employed. After splitting the data into training and testing sets (70/30), we
used NDVI, GNDVI, LCI, NDRE, and OSAVI (calculated from Sentinel-2 satellite imagery)
as features in the trained model to estimate vegetation height. The model’s performance
metrics were R? = 0.27, RMSE = 0.97 m, and MAE = 0.31 m. Despite the mediocre but
acceptable metrics of the FCNN model, it is worth noting that the results presented here
are influenced by the season, as field measurements were carried out in October (Autumn),
which is not the best season for vegetation conditions. Though the vegetation height
may not change a lot, the vegetation is not as green as in the Summer, causing the NDVI
value to be rather low. This is likely the reason why the GNDVI value is lower than the
NDVI. Although the results are suboptimal, they are not irrelevant for height estimation.
Since this study utilizes only a single vegetation image for model training, it cannot fully
capture the vegetation growth cycle. Furthermore, the sampling date was in autumn,
which is not the ideal season for data collection. The achieved R? of 0.27 suggests that
incorporating multi-temporal data in the future could enable the model to better simulate
vegetation height.

It should be highlighted that the outcomes presented here are based on a reduced
dataset, and therefore, more field measurements should be conducted in the future in different
seasons to improve the trained model, to effectively describe the vegetation seasonality [47].
The presented relationship between vegetation indexes and vegetation height should be
further tested, as the current results might be influenced by vegetation characteristics such
as photosynthetic activity and density of the visible leaves. At the same time, it is worth
reminding that the overall workflow proposed here is disconnected from the vegetation

89



Water 2025, 17, 3160

seasonality and characteristics, and could therefore be replicated under different vegetation
conditions, aiming to cover a wider range of vegetative stages and species.

Furthermore, the estimation of the vegetation height obtained from UAV data is also
affected by uncertainties. Although the drone used in this study is equipped with an
Real-Time Kinematic (RTK) module, whose measurement error has been proved can be
controlled within 1-2 cm [78], and the DSM-DEM approach used to calculate the vegetation
height has been tested by many researchers and defined as reliable [79-82], errors still exist
since the DEM and DSM has potential uncertainties connected to the spatial resolution.
Thus, some small vegetation may be missed from the removal procedure when filtering
the vegetation cover on the DEM, leading to a slight overestimation of the vegetation
height. To address this point, in future measurement campaigns, it is planned to employ
a UAV with light detection and ranging (LiDAR) to extract the vegetation height directly
to minimize errors [83]. At the same time, advanced methodologies and reference tests to
reduce uncertainties [84] will also be considered.

Meanwhile, more VIs will be introduced to train the deep-learning model to consider
more vegetation conditions and types. For example, in this case, the dominant vegetation
type is (high) grass, with shrubs and trees sparsely distributed in the central sandbar.
Therefore, the models are trained only by NDVI and GNDVI and without classifying
vegetation types. The Enhanced Vegetation Index (EVI) will be introduced in future studies
to account for more complicated vegetation conditions. In fact, this index was developed
as a standard satellite vegetation product for the Terra and Aqua Moderate Resolution
Imaging Spectroradiometers (MODIS), and provides improved sensitivity in high biomass
regions while minimizing soil and atmosphere influences through a decoupling of the
canopy background signal [85].

It is also worth remembering that traditional regression methods, such as linear
regression, perform poorly in fitting the relationship between vegetation height and VIs
(namely, NDVI and GNDVI). To address this limitation, more advanced approaches such
as DL models (convolutional neural network (CNN), recurrent neural network (RNN),
and long short-term memory network (LSTM)) should be used. Though the FCNN model
performs rather well in this application, a wider range of DL models will also be tested in
the future to corroborate the presented outcomes and eventually improve them, aiming to
provide a more robust estimation of vegetation height from VIs that could be extrapolated
to other areas.

The influence of the spatial resolution of multispectral images on estimating vegetation
height from VIs is another focus for future research. Sensitivity analyses of spatial resolution
to the DL model trained by using UAV-acquired vegetation height data and VIs are also
planned, considering images of varying spatial resolution (e.g., 0.5 m, 1 m, 5m, 10 m, etc.)
that will be captured by UAVs to investigate how spatial resolution affects building the
relationship between vegetation heights and VIs.

Despite current limitations, the present study highlighted the opportunity to use
UAVs for estimating vegetation height and consequent roughness. This demonstrates that
VIs calculated from remote sensing (UAVs currently and their combination with satellite
imagery in the future) could be used to estimate vegetation characteristics, assuming an
adequate spatial resolution.

5. Conclusions

The vegetation parameters, especially the vegetation height, are essential for estimat-
ing dynamic vegetation roughness. Though the VIs can be obtained from both satellite
and UAV images, the vegetation height is hard to extract from satellite images, given the
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relatively low spatial resolution and the infrequent revisit time. Focusing on a sandbar in
the Middle Changjiang River (China), a relationship between vegetation height and VIs
collected by the UAV field measurement is built here, taking advantage of an FCNN model.
The results find that there is a very strong positive correlation between the predictions and
the real values, and around 85% of the variation in the vegetation height can be explained
by the trained model, showing that the vegetation height estimated by the trained FCNN
model is reliable. Therefore, in the next stage, the Vs derived from satellite images can
be used as inputs to the trained FCNN model to estimate vegetation height, eventually
enlarging the study area and extending the observation period.

The results presented here contribute to the development of repeatable, cost-effective, and
fine-scale vegetation monitoring strategies based on UAV flights, supported by photogrammetry.
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Abstract: Reservoir operation serves as a critical non-structural measure for real-time
flood management, aimed to minimize downstream flood damage while ensuring dam
safety. This study develops and evaluates a Gated Recurrent Unit (GRU)-based reservoir
operation model with data integration (DI) to enhance flood management capabilities.
Optimal reservoir outflows are first determined for historical flood events using the Interior
Point Optimizer (IPOPT), a deterministic optimization model designed to minimize peak
outflows. The optimized hydrographs are compared with observed outflows to assess the
benefits of improved operational strategies. GRU models are then trained and validated
using inflow hydrographs and resulting optimal reservoir storage and release data. Various
input configurations are tested, incorporating DI of lagged observations and forecasted
values to evaluate their influence on model accuracy. The study also examines multiple
hyperparameter settings to identify the optimal configuration. The methodology is applied
to the Namgang Dam in South Korea, simulating hourly operations during flood events.
Results indicate that historical reservoir inflow and storage are the most influential inputs,
while adding precipitation (historical or forecasted) and/or forecasted inflows does not
improve model performance. The GRU model with DI successfully replicates optimized
reservoir operations, demonstrating its reliability and efficiency in flood management.
This framework supports timely and informed decision-making and offers a promising
approach for enhancing flood risk mitigation through improved reservoir operations.

Keywords: optimal reservoir operation; real-time flood control; data integration (DI);
IPOPT; GRU; Namgang Dam

1. Introduction

In South Korea, approximately 70% of annual precipitation occurs during the monsoon
season from June to September [1]. As a key hydraulic infrastructure for water resources
management, reservoirs have played a vital role in balancing water availability with
growing socioeconomic demands [2]. To date, 22 multipurpose dams have been constructed
across the country [3], serving the combined purposes of water supply, flood control,
and hydropower generation [1]. These reservoirs are especially crucial in the context of
increasing extreme weather events and flood risks.

Reservoir operation refers to the controlled release of water through dam spillway
gates to manage storage levels and downstream flows [4]. During flood events, timely
and appropriate reservoir operations can significantly mitigate disaster impacts [5,6]. Real-
time reservoir operation rules define how much water to store or release at each time
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step, based on dynamic hydrological and meteorological conditions [7]. The dual goals
of flood-oriented reservoir operation are to ensure dam safety and minimize flood risks
upstream and downstream. However, this is a highly complex task, involving numerous
constraints, uncertainties, and urgent decision-making requirements [8,9]. Operators must
act quickly—often within hours—while facing limited data and poor predictability of
evolving flood conditions.

Traditional reservoir operation models are generally categorized into two types. The
first type is optimization-based models. These models aim to maximize benefits or mini-
mize risks, such as flood damage, by identifying optimal operation strategies under defined
objective functions [9,10]. Optimization often involves nonlinear objective functions with
multiple constraints, making conventional methods such as Linear Programming (LP) or
Dynamic Programming (DP) less effective or computationally burdensome [11]. While
these models are well-suited for evaluating historical or idealized scenarios, they are less
practical for real-time operation due to their high computational demands and difficulty in
adapting to rapidly changing flood conditions [12]. The second type is simulation-based
models. These include conceptual or physically based models that replicate reservoir
behavior with lower computational requirements, making them more feasible for real-time
application [13,14]. Advanced models such as WEAP [15] and HEC-ResSim [16] have been
widely adopted, supported by advances in river dynamics modeling and computational
capacity. These models combine empirical rule curves with mathematical formulations
to simulate reservoir outflows and storage dynamics [17]. Their transparency and in-
terpretability make them accessible to reservoir operators and facilitate informed water
management [18]. However, physical-based models depend heavily on predefined rule
curves and static operation policies, which may be inadequate under unexpected or extreme
conditions, such as flash floods [19]. These models also do not incorporate the intuition
and experience of operators—often essential during emergencies—and require detailed
physical, hydrologic, and hydraulic parameters, which may not be available or accurate in
real time. As such, their applicability to real-time reservoir operation is limited [17].

Machine learning (ML) has emerged as a powerful tool for simulating reservoir op-
erations, offering the ability to efficiently learn complex operational rules from historical
hydrological and reservoir datasets [20,21]. Unlike traditional models that rely on explicit
mathematical formulations, ML models derive data-driven relationships between input
variables (e.g., reservoir storage and inflow) and output variables (e.g., reservoir outflows),
enabling flexible modeling without requiring full knowledge of physical processes [22].
Although ML methods are often considered “black boxes” due to limited interpretability,
they excel at capturing nonlinear, high-dimensional, and dynamic relationships in wa-
ter system [23], making them particularly suitable for real-time reservoir operation and
outflow simulation.

Over the past decade, a variety of ML algorithms have been successfully applied to
reservoir operation tasks, including Support Vector Machines (SVMs) [24], K-Nearest Neigh-
bors (KNN) [25], Classification Regression Trees (CARTSs) [26], Random Forests (RFs) [27],
Multi-Layer Perceptrons (MLPs) [28], and Recurrent Neural Networks (RNNs) [2]. Among
these, RNN-based models—including Long Short-Term Memory (LSTM) and Gated Re-
current Unit (GRU)—are particularly well-suited to sequential decision-making problems
due to their ability to preserve both short- and long-term dependencies in time series
data [2]. Wannasin et al. [29] compared RNN, LSTM, and GRU for reservoir simulation
and concluded that GRU provided the most robust and accurate results, suggesting it as a
promising option for practical applications in real-time water management.
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In the context of deep learning-based forecasting, two main approaches are commonly
used to incorporate recent observations: (1) data integration (DI), where lagged observa-
tions are explicitly included as input variables [30], and (2) variational data assimilation,
where model states are adjusted in real-time to minimize errors between observations and
simulations [31]. While data assimilation can be computationally intensive and complex to
implement [31], DI offers a simpler and often more effective alternative [32]. In contrast to
most LSTM/GRU models that rely solely on input sequences defined by time windows,
where past data is processed implicitly, DI enables the model to explicitly learn short-term
hydrologic patterns, improving accuracy and responsiveness [30].

Recent studies have demonstrated the effectivity of DI in enhancing deep learning
models. Feng et al. [30] showed that incorporating lagged streamflow observations in
LSTM inputs significantly improved hydrological forecasts. Song et al. [32] applied DI
to improve snow water equivalent prediction using LSTM, showing its value for water
resources management. However, to the best of our knowledge, DI has not yet been applied
in deep learning-based reservoir operation models. This study addresses that gap by testing
whether a GRU model with DI—explicitly accepting lagged observations as input—can
outperform a standard GRU without DI in reservoir operation simulation.

To achieve this, we combine an optimization model with a machine learning model
employing data integration, with three main objectives: (1) develop an optimization model
to minimize peak reservoir outflows; (2) develop a machine learning model for real-time
operation, trained on optimal hourly releases derived from the optimization model; and
(3) assess the impact of different input variable sets, with and without DI, on the accuracy
of the reservoir operation simulation.

This methodology is applied to the Namgang Dam in South Korea, which is particu-
larly vulnerable to flooding due to its small storage capacity relative to its catchment area.
According to the Korea Meteorological Administration, the southern region—including the
Namgang watershed—is experiencing increasing rainfall intensity, elevating flood risks.
Despite this, the Namgang Dam remains the only multipurpose dam in the country without
completed response measure for extreme floods [33]. In this study, an optimization model
is first used to derive optimal reservoir operating rules for flood control at Namgamg
Dam. The optimized outflow hydrographs are then compared to historical operations
to evaluate the improvement. Next, a GRU model is trained on reservoir inflow, and
storage and release data generated by the optimization process. The study also explores
various scenarios to evaluate the effects of input variable selection, the inclusion of lagged
observation via DI, and the impact of forecasted inputs on model performance.

2. Site and Materials

The Namgang Dam is located on the Nam River (35°15' N, 128°23' E), a tributary of the
Nakdong River, and serves multiple purposes including flood control and water supply [34].
The dam creates the Jinyang Reservoir, which has a catchment area of 2285 km? and a total
storage capacity of 309.2 million m3. The reservoir covers a surface area of 28.2 km? [3].
The primary inflows originate from the Kyeongho and Duckcheon Rivers (Figure 1), with
the Kyeongho River contributing runoff from a 1773.2 km? watershed—approximately five
times the size of the Duckcheon River basin, which drains an area of 354.6 km? [34]. The
design flood level of the Namgang Dam is 46 EL.m, while both the normal high-water level
and the flood season restricted water level are set at 41 EL.m. The minimum operating
level is 32 EL.m [3].
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Figure 1. Location of the Namgang Dam basin in South Korea.

Created with ma;chgrt.net

Namgang Dam

This study employs hourly data on reservoir inflow, storage, release, and precipita-

tion obtained from the My Water platform (www.water.or.kr, accessed on 21 February

2025), spanning a 25-year period from 2000 to 2024. The analysis focuses on reservoir

operations during flood events. A total of 42 significant flood events—each with peak

reservoir inflows exceeding 3000 m3 /s—were identified and are summarized in Table 1.

The historical maximum peak inflow recorded at the reservoir is 14,818.0 m®/s. All peak

flow events occurred between June and September, aligning with the region’s primary

rainy season influenced by the East Asian monsoon, tropical cyclones, and convective

storms [35]. This storm-based approach offers practical insights into the planning and

design of flood management infrastructure to better protect downstream communities and

ecosystems [36,37].

Table 1. Summary of flood event characteristics identified between 2000 and 2024.

Event Period Duration Max Initial

(hrs) Inflow (m3/s)  Storage (10°m?)

1 13 July 2000 10:00 17 July 2000 22:00 109 6524 99.36
2 3 August 2000 14:00 5 August 2000 23:00 58 4149 78.56
3 12 September 2000 07:00 19 September 2000 17:00 179 3258 70.41
4 24 June 2001 00:00 26 June 2001 23:00 72 3009 78.92
5 5 July 2001 07:00 7 July 2001 08:00 50 3364 106.36
6 5 July 2002 04:00 7 July 2002 15:00 60 5792 31.59
7 6 August 2002 16:00 9 August 2002 23:00 80 5442 79.47
8 29 August 2002 09:00 2 September 2002 23:00 111 14,818 149.45
9 11 September 2003 04:00 15 September 2003 17:00 110 12,082 58.12
10 17 August 2004 10:00 21 August 2004 13:00 100 6070 77.09
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Table 1. Cont.

Event Period Duration Max Initial

Inflow (m3/s)  Storage (10°m?)
11 21 August 2004 19:00 25 August 2004 12:00 90 3641 75.69
12 8 July 2006 19:00 13 July 2006 05:00 107 12,214 82.15
13 7 August 2007 00:00 11 August 2007 03:00 100 3534 45.49
14 14 September 2007 09:00 18 September 2007 22:00 110 8792 162.11
15 14 July 2009 14:00 19 July 2009 11:00 118 4211 90.88
16 10 July 2010 21:00 15 July 2010 00:00 100 3543 80.77
17 15 July 2010 20:00 20 July 2010 12:00 113 3005 157.65
18 10 August 2010 03:00 13 August 2010 23:00 93 5846 119.69
19 16 August 2010 16:00 19 August 2010 14:00 71 4918 155.85
20 1 September 2010 12:00 4 September 2010 01:00 62 3857 107.79
21 25 June 2011 08:00 29 June 2011 15:00 104 5711 78.30
22 8 July 2011 10:00 12 July 2011 13:00 100 7095 123.76
23 7 August 2011 08:00 10 August 2011 23:00 88 10,648 129.57
24 21 August 2012 15:00 27 August 2012 04:00 134 3767 127.14
25 27 August 2012 22:00 30 August 2012 12:00 63 4895 104.29
26 16 September 2012 07:00 19 September 2012 02:00 68 14,101 110.16
27 4 July 2013 12:00 7 July 2013 04:00 65 4050 116.40
28 2 August 2014 02:00 5 August 2014 23:00 94 4898 125.93
29 11 July 2015 17:00 14 July 2015 19:00 75 4546 114.95
30 25 August 2018 17:00 29 August 2018 05:00 85 5257 102.32
31 3 September 2018 16:00 5 September 2018 14:00 47 3368 150.23
32 5 October 2018 12:00 7 October 2018 17:00 54 7433 143.73
33 19 July 2019 05:00 23 July 2019 01:00 93 3997 144.25
34 2 October 2019 00:00 4 October 2019 15:00 64 5784 174.92
35 12 July 2020 06:00 14 July 2020 22:00 65 5443 167.71
36 21 July 2020 22:00 25 July 2020 22:00 97 3492 171.86
37 7 August 2020 01:00 9 August 2020 20:00 68 8729 165.78
38 2 September 2020 09:00 4 September 2020 11:00 51 6216 53.86
39 5 September 2022 13:00 7 September 2022 18:00 54 5467 48.97
40 15 July 2023 11:00 20 July 2023 17:00 127 3932 90.12
41 9 August 2023 14:00 12 August 2023 02:00 61 4798 85.88
42 29 August 2023 00:00 1 September 2023 20:00 93 3658 154.99

3. Methodology

This study proposes an integrated methodology that combines a reservoir operation
optimization model with a data-driven machine learning model to improve flood control
performance. Figure 2 illustrates the workflow of the proposed approach, which aims
to minimize downstream flood damage while ensuring dam safety. The optimization
model is first used to derive optimal reservoir release rules for a range of historical flood
events. The resulting optimal release and storage data, along with the corresponding inflow
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hydrographs, are then used to train, validate, and test a machine learning-based real-time
reservoir operation model.

Reservoir operation optimizations

- Reservoir Reservoir /
Initial storage s :
characteristics inflow /

Precipitation

Objective

; q
i |Flood control E

Constraints

MWater balance|
equation

Storage limits

{ [outfiow imits Forcings Laci)gt?s?d Forecasts

i GRU GRU-DI i

Reservoir Reservoir i [ e ] [ Sce 3 } [ (= ] i
storage —\ release | ! [Sce 2 ] [Sce. 4 } [Sce 6] i
variations : »! !

Figure 2. Workflow of the proposed methodology for developing reservoir operation model.

3.1. Reservoir Operation Optimization Model

The objective of the reservoir operation optimization is to minimize the downstream
flood damage by reducing the peak flow of reservoir release hydrographs. The optimization
model determines reservoir outflow hydrographs based on given inflow patterns and initial
storage conditions. The objective function Z is defined as follows:

Minimize Z = max¢-1, . T Rt 1)

in which Ry is the reservoir outflow at time ¢, and T is the flood duration.
Constraints of the model are as follows:

St = Stht + IthtAt - RthtAt (t - 1, vy T) (2)
0 < St < Smax (3)
0< R, <RMX(S) (t=1,...,T) (4)

in which S; is the reservoir storage at time f, I;_,; is the inflow to the reservoir at time
(t — At), and At is taken as 1 h in this study. S,y is the maximum reservoir storage, and
R}"™*(S;) is the maximum outflow capacity of the reservoir based on the reservoir volume
and volume—-outflow curve.

To constrain reservoir outflows, a volume-outflow relationship is established based
on the water level-storage relationships for different sections of reservoir, coupled with
the combined discharge capacities of all outlet structures (Figure 3). This relationship
defines the maximum allowable outflow corresponding to the reservoir’s storage volume.
It is incorporated into the optimization model as a constraint (Equation (4)). During the
optimization process, reservoir storage is updated at each time, and the corresponding
maximum outflow is applied to ensure feasible and physically realistic solutions.
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Figure 3. Reservoir volume—-outflow relationship curve.

This study employs the Interior Point Optimizer (IPOPT) to solve the reservoir flood
operation optimization problem. Reservoir flood control represents a large-scale, nonlinear,
and constrained optimization challenge. IPOPT is an open-source solver [38] specifically de-
veloped to address such problems efficiently. It uses a primal-dual interior-point algorithm
combined with a filter line-search strategy [39]. Inequality constraints are handled through
the use of logarithmic barrier functions, introducing a barrier parameter that transforms
the original problem into a sequence of equality-constrained sub-problems. As the barrier
parameter is progressively reduced, these sub-problems are solved iteratively [40]. For each
iteration, IPOPT applies a Newton-type algorithm with a line search that involves solving
large, sparse, symmetric, and potentially indefinite linear systems. This approach ensures
robust convergence and high computational performance, particularly in large-scale dy-
namic optimization tasks [41]. In this study, the optimization framework is implemented
in Pyomo 6.7.3 [42], a Python-based algebraic modeling language that facilitates clear and
intuitive representation of mathematical models. Pyomo serves as the interface for defining
the optimization problem and transferring it to IPOPT for solution.

3.2. GRU-Based Reservoir Operation Model

The Gated Recurrent Unit (GRU), introduced by Cho et al. [43], is an advanced variant
of the traditional Recurrent Neural Network (RNN). GRUs share structural similarities with
Long Short-Term Memory (LSTM) networks, particularly in their use of gating mechanisms
to regulate the flow of information. However, GRUs offer a more streamlined architecture
by reducing the number of gates, thereby simplifying computations while maintaining
comparable performance [44]. Several studies have shown that GRUs can deliver perfor-
mance on par with LSTMs, but with improved training efficiency and faster execution [45].
For instance, Gao et al. [45] developed both LSTM- and GRU-based models for short-term
runoff forecasting and found GRUs to be preferable due to their reduced training time and
comparable predictive accuracy.

As illustrated in Figure 4, the GRU architecture enhances the memory capacity of
standard RNNs while improving training stability and efficiency [44]. By employing gating
mechanisms and hidden units, GRUs mitigate the vanishing gradient problem often en-
countered in traditional RNNs. Each GRU unit adaptively captures temporal dependencies
across different time scales, making it well-suitable for sequential data modeling.
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Xy

Figure 4. Structure schematic of a GRU cell.

At each time step, the GRU processes two inputs: the current input x; and the previous
hidden state ;_1, which encapsulates information from prior time steps. The resulting
output y; is derived from the hidden node, while the updated hidden state /; is forwarded
to the next time step [46].

Unlike LSTM, which uses three gates (input, forget, and output), the GRU simplifies
the architecture by using only two gates. One is the update gate (z;) that determines the
extent to which past information should be retained in the current state. A higher value
indicates greater retention. The other is the reset gate (r;) that controls the degree to which
past information is forgotten. A lower value results in greater forgetting of previous state.

These gates enable GRUs to capture long-term dependencies while reducing model
complexity and computational cost. The mathematical formation of the GRU is provided
in Equations (5)—(9) [47,48]:

Ty = U(wr'[ht_l,Xt] + br) (5)
zt = 0(wy-[hp—1, Xt + by) (6)
hi = ELU (wz-[rt . ht,l,xt}) @)
]’lt = (1 —Zt) *ht—l +Zt*zt (8)
Yy = 0(wo-ht) )

where ¢ denotes the sigmoid activation function, which bounds the output between 0
and 1. Additionally, the Exponential Linear Unit (ELU) activation function is employed to
introduce nonlinearity, allowing for negative values and enhancing convergence speed by
increasing neuron diversity and smoothing activation dynamics.

In this study, the GRU model is employed to simulate reservoir operations under flood
conditions. The model is trained to estimate reservoir outflows using input features such as
inflow hydrographs, precipitation data, and optimized reservoir storage and release values
derived from a reservoir operation optimization model. The modeling is conducted at an
hourly resolution during selected flood events.

To train the model, the dataset is divided into predictor variables (inputs) and a target
variable (output). The primary predictor is reservoir inflow, which captures the upstream
hydrological response. Precipitation is also included, as it directly influences inflow and
storage dynamics. Another key input variable is the reservoir’s storage volume, a com-
monly used determinant of release decisions. Storage-based operational rules typically
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aim to satisfy multiple objectives, including water supply, flood control, irrigation, and
hydropower generation [18]. The target variable is the hourly reservoir outflow at the cur-
rent time step. With this structured input-output setup, the GRU-based reservoir operation
model is developed to enhance real-time decision-making during flood events.

3.3. Scenarios

To evaluate the impact of different input combinations and application of DI, six
scenarios are tested, as summarized in Table 2. The selection of input variables and their
time lags is known to significantly influence the performance of machine/deep learning
models [49,50]. Scenario 1 uses reservoir inflow and storage at time step f—1 as input
variables. Scenario 2 adds precipitation at t—1 to examine its influence on GRU-based
reservoir operation modeling. Scenarios 3 and 4 extend Scenarios 1 and 2, respectively,
by integrating lagged observations over the past three hours into the GRU input, thereby
incorporating DI. Scenarios 5 and 6 additionally include short-term forecasts (up to two
days ahead) of inflow and precipitation, considering the importance of forecasting in
operational decision-making [51,52]. Forecasts are assumed to be perfectly accurate and
are generated from observed data.

Table 2. Input variable configurations for scenario analysis.

Scenarios Input Variables
Inflow Storage Precipitation
1 I St—1 -
2 I St—1 Py
3 I3, It—2, It St-3,St-2,5t-1 -
4 I3, 12,111 St—3,St-2, St—1 Pt_3,Pt—2, Pt—q
5 Lz, Ii—o, 11, It, 11, Iei St—3,St—2, St—1 -
6 L3, D—2, 11, It, 11, Tein St—3,St-2,St-1 P35, Pt_o, Pt_1, Pt, Pry1, Prio

4. Results and Discussion

Optimal reservoir storage and release trajectories for 42 historical flood events are
generated using IPOPT, based on inflow hydrographs and initial storage conditions. These
optimal values serve as training targets for GRU model development. The dataset is split
into training (52%), validation (25%), and testing (23%) sets (Table 3).

Table 3. Data partitioning for GRU model training, validation and testing.

Training Validation Test
Event Max Inflow (m3/s) Event Max Inflow (m3/s) Event Max Inflow (m3/s)
1 6524 4 3009 2 4149
3 3258 18 5846 5 3364
6 5792 19 4918 7 5442
8 14,818 22 7095 12 12,214
9 12,082 23 10,648 16 3543
10 6070 26 14,101 17 3005
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Table 3. Cont.

Training Validation Test
Event Max Inflow (m3/s) Event Max Inflow (m3/s) Event Max Inflow (m3/s)
11 3641 29 4546 20 3857
13 3534 33 3997 25 4895
14 8792 36 3492 34 5784
15 4211 39 5467 37 8729
21 5711 42 3658 38 6216
24 3767
27 4050
28 4898
30 5257
31 3368
32 7433
35 5443
40 3932
41 4798

In this study, hyperparameter tuning focuses on three key parameters: window size,
number of hidden nodes, and batch size. Fixed hyperparameters include dropout rate
(0.2), learning rate (0.001), number of hidden layers (1), loss function (MSE), optimizer
(RMSprop), and activation function (ELU). The number of hidden nodes is tuned within
the range of 1-100. Early stopping with a maximum of 10,000 epochs is applied, and the
number of epochs is not considered as a tuning parameter. Hyperparameter configurations
are summarized in Table 4.

Table 4. Hyperparameter configurations considered for tuning and optimization.

Hyperparameter Interval
Window size [4, 6, 8]
Batch size [8, 32]
Number of hidden nodes [1,100]

GRU model performance under different input scenarios and hyperparameter settings
is presented in Table 5. To assess the impact of batch size and window size, Root Mean
Squared Error (RMSE) and Nash-Sutcliffe Efficiency (NSE) values calculated using Equation
(10) and Equation (11), respectively, are compared across multiple configurations. The
number of hidden nodes is optimized in each setting using the RMSprop optimizer. Figure 5
shows the RMSE values using bar charts (e.g., S1_BS8_WS54 refers to Scenario 1 with batch
size 8 and window size 4).

1 n
RMSE = \/nZ(Qopt, i — Qsim, l-)2 (10)
i=1
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Z?:l (Qopt,i - Qsim, i)z
_ 2
Z?:] (Qopt,i - Qopt, i)

where Q,, ; is the ith optimized reservoir outflow, Qg;y, ; is the ith GRU-simulated outflow,

NSE =1 — (11)

and 7 is the number of data points.

Table 5. RMSE and NSE values of GRU models for reservoir operation simulation.

. GRU Hyperparameters RMSE NSE
Scenarios ' Number of
Bsait;:l Wlsr;i:)w Hidden Training Validation Test Training Validation Test
Nodes
4 100 380.3 411.2 714.8 0.44 0.21 0.17
8 6 84 364.0 378.4 712.7 0.49 0.34 0.18
8 54 157.9 202.1 344.0 0.90 0.81 0.81
! 4 90 439.0 417.8 717.5 0.26 0.19 0.16
32 6 98 137.9 376.8 671.0 0.93 0.34 0.27
8 84 154.4 251.6 414.4 091 0.71 0.72
4 60 345.3 397.1 694.9 0.54 0.27 0.21
8 6 46 360.9 379.7 690.4 0.50 0.33 0.23
) 8 22 125.0 294.5 521.9 0.94 0.60 0.56
4 100 356.4 396.9 702.3 0.51 0.27 0.20
32 6 10 356.6 398.0 700.5 0.51 0.26 0.20
8 54 127.1 355.9 633.7 0.94 0.41 0.35
4 26 133.3 118.5 202.2 0.93 0.93 0.93
8 6 26 155.8 187.6 3109 0.91 0.84 0.84
8 14 165.4 174.5 3241 0.89 0.86 0.82
’ 4 62 145.4 204.6 366.2 0.92 0.81 0.78
32 6 10 163.2 394.9 679.0 0.90 0.28 0.26
8 16 167.7 216.8 379.1 0.89 0.78 0.76
4 20 125.9 160.7 262.5 0.94 0.88 0.89
8 6 10 155.6 172.4 250.2 091 0.86 0.90
8 10 173.8 226.0 375.6 0.88 0.76 0.76
! 4 46 133.0 202.5 343.4 0.93 0.81 0.81
32 6 20 153.4 210.4 366.8 091 0.79 0.78
8 12 155.8 240.6 391.4 091 0.73 0.74
4 24 113.2 160.2 262.8 0.95 0.88 0.89
8 6 16 144.7 148.5 261.7 0.92 0.90 0.89
8 12 171.0 170.3 293.9 0.89 0.87 0.86
> 4 20 124.3 160.9 262.2 0.94 0.88 0.89
32 6 20 143.8 236.9 435.9 0.92 0.74 0.69
8 24 174.1 187.0 318.5 0.88 0.84 0.83
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Table 5. Cont.

. GRU Hyperparameters RMSE NSE
Scenarios Number of
. umber o
Ba.tch Wn}dow Hidden Training Validation Test Training Validation Test
Size Size
Nodes
4 10 88.4 299.4 530.6 0.97 0.58 0.55
8 6 50 123.2 200.2 323.9 0.94 0.81 0.83
6 8 24 142.8 213.3 340.0 0.92 0.79 0.81
4 14 109.5 249.2 434.1 0.95 0.71 0.70
32 6 48 124.8 2113 340.1 0.94 0.79 0.81
8 40 144.5 2259 365.7 0.92 0.76 0.78

Models with DI (Scenarios 3 and 4) trained with a batch size of 8 consistently out-
perform those with a batch size of 32. This indicates that smaller batch sizes may offer
improved learning stability and responsiveness in DI-based model, likely due to their
ability to better capture high-frequency variability in short hydrological sequences. In
scenarios without DI (scenarios 1 and 2), a window size of 8 yields the best performance. In
contrast, DI-based models (Scenarios 3 and 4) achieve optimal performance with window
sizes of 4 and 6, respectively. For DI-based models incorporating forecasted variables
(Scenarios 5 and 6), a window size of 6 provides the highest accuracy. These results indicate
that GRU models with DI can achieve superior performance using shorter window sizes
compared to those without DI. This finding is consistent with previous work by [30], which
showed that DI enables models to capture short-term hydrologic dynamics more effectively
by explicitly providing lagged observations as input features.

The best model performance is observed in S3_BS8_WS4, with a minimum RMSE
of 202.2, an NSE of 0.93, and a coefficient of determination (R?) of 0.89, followed by
S4 BS8 WS6, which records a RMSE of 250.19, NSE of 0.90, and R? of 0.90. GRU models
incorporating DI (scenarios 3 and 4) consistently outperform those without DI (scenarios 1
and 2), emphasizing the importance of explicitly incorporating recent observations in
model training. This feature is especially critical for real-time flood operation, where quick
decision-making is essential. Interestingly, S3_BS8_WS54, which relies solely on past inflow
and storage observations, outperforms 54_BS8_SW6, which includes past precipitation as
an input. This suggests that adding past precipitation does not enhance model accuracy,
potentially due to data redundancy, as inflow and storage already encapsulate much of the
system’s hydrological behavior.

The inclusion of forecasted values in Scenarios 5 and 6 leads to improved accuracy
in certain model configurations. However, the highest performance is achieved by the
DI model utilizing only historical inflow and storage. These outcomes suggest that while
forecasted data can provide additional information, its utility is limited and does not
significantly enhance model accuracy. This may be due to the short lead times of forecasted
inputs, which can compromise their reliability. Consequently, models based on recent
historical data offer more robust and interpretable solutions, which are critical for real-time
applications like reservoir operation.
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Figure 5. Performance comparison of GRU-based reservoir operation models under various hyperpa-
rameter settings. (a) Batch size = 8; (b) Batch size = 32.
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Despite the satisfactory performance of the models, further improvements are possible.
In this study, several hyperparameters were manually tuned or selected, and no systematic
hyperparameter optimization was performed. Future studies could benefit from more
systematic hyperparameter optimization methods to further improve model performance.
Nevertheless, the objective of this study is not solely to minimize RMSE or maximize NSE,
but rather to identify key input variables for reservoir outflow prediction and evaluate
the impact of DI and forecasted forcing on GRU model performance. Thus, the findings
provide insights into effective model design for reservoir outflow prediction under real-
time constraints.

Figure 6 presents the performance of the S3_BS8_WS4 model, comparing observed,
optimized, and GRU-simulated outflows during the test periods. The results show that
the optimized release hydrographs consistently demonstrate reduced peak discharges
compared to observed historical operation. This supports the premise outlined in the Intro-
duction that optimization-based approaches can effectively mitigate downstream flood risk.
The GRU-simulated outflows closely align with the optimized trajectories, demonstrating
the model’s effectiveness in replicating optimal release patterns. Furthermore, the hourly
reservoir storage, calculated based on the simulated outflows, remains within the opera-
tional storage bounds and closely tracks the optimized storage throughout the test periods,
as shown in Figure 7. These findings validate the capability of the GRU model, particularly
when trained with DI, to emulate optimization-derived control strategies under dynamic
hydrologic conditions. This confirms the feasibility of integrating optimization outputs
with deep learning models for real-time reservoir operation support, offering a promising
approach to enhance the resilience and effectiveness of flood management systems.
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Figure 6. Comparison of observed, optimized, and GRU-simulated reservoir outflows. (a) Flood

event 2; (b) Flood event 5; (c) Flood event 7; (d) Flood event 12; (e) Flood event 16; (f) Flood event 17;
(g) Flood event 20; (h) Flood event 25; (i) Flood event 34; (j) Flood event 37.
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Figure 7. Comparison of observed, optimized, and GRU-simulated reservoir storage levels. (a) Flood
event 2; (b) Flood event 5; (c¢) Flood event 7; (d) Flood event 12; (e) Flood event 16; (f) Flood event 17;
(g) Flood event 20; (h) Flood event 25; (i) Flood event 34; (j) Flood event 37.
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5. Conclusions

This study first applies IPOPT, a deterministic optimization method, to derive detailed
operational rules of reservoir operation during flood periods. The peak releases in the opti-
mized hydrographs consistently remain lower than those observed in historical operations.
These optimized reservoir storage and release values, along with the corresponding inflow
hydrographs, are then used to train a machine learning-based reservoir operation model.

This study employs the GRU model to integrate lagged observations for enhancing
reservoir release forecasting at an hourly scale. Scenario analysis highlights the strength
of GRU with DI in simulating reservoir releases and reveals the importance of input vari-
able selection. By applying the DI procedure, the model incorporates recent observations
to dynamically update hydrological conditions and predict reservoir releases with high
accuracy. GRU models with DI consistently outperform those without, as DI directly
provides short-term memory inputs that improve accuracy in memory-dependent systems,
enhance interpretability, and suit real-time decision-making. Given its demonstrated effec-
tiveness, the DI approach offers promising applications for real-time reservoir operation
for flood control. The inclusion of precipitation or forecasted forcing does not improve
model performance. Given that forecasted data often contains significant uncertainties
that influence reservoir operations, the accuracy of the model incorporating forecasted
forcings—as in Scenarios 5 and 6—may be lower than those relying solely on observed
data. The GRU model learns to approximate the mathematical processes underlying both
the hydrologic system and the DI procedure. The findings of this study provide a real-time
operation tool for simulating optimal reservoir releases during flood events. With the same
framework, it is possible to incorporate additional relevant variables, depending on the
specific problem context.

The proposed GRU-DI model demonstrates the ability to simulate reservoir release
dynamics and leverage observations to improve forecasting. However, the internal mech-
anisms by which GRU processes hydrological information remain difficult to interpret.
Continued efforts in explainable machine learning are encouraged to reveal the GRU’s in-
ternal representations, particularly regarding how it learns reservoir release behavior. This
understanding could inform the development of more transparent and effective hydrologic
models. Additionally, further studies may examine the effects of varying the time scale
of lagged observations used in DI, which could further enhance model performance in
reservoir operation.
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Abstract: Predicting the quality of freshwater, both surface and groundwater, is essential
for the sustainable management of water resources. This study collected 1822 articles from
the Scopus database (2000-2024) and filtered them using Topic Modeling to create the study
corpus. The B-SLR analysis identified exponential growth in scientific publications since
2020, indicating that this field has reached a stage of maturity. The results showed that the
predominant techniques for predicting water quality, both for surface and groundwater, fall
into three main categories: (i) ensemble models, with Bagging and Boosting representing
43.07% and 25.91%, respectively, particularly random forest (RF), light gradient boosting
machine (LightGBM), and extreme gradient boosting (XGB), along with their optimized
variants; (ii) deep neural networks such as long short-term memory (LSTM) and convolu-
tional neural network (CNN), which excel at modeling complex temporal dynamics; and
(iii) traditional algorithms like artificial neural network (ANN), support vector machines
(SVMs), and decision tree (DT), which remain widely used. Current trends point towards
the use of hybrid and explainable architectures, with increased application of interpretabil-
ity techniques. Emerging approaches such as Generative Adversarial Network (GAN)
and Group Method of Data Handling (GMDH) for data-scarce contexts, Transfer Learning
for knowledge reuse, and Transformer architectures that outperform LSTM in time series
prediction tasks were also identified. Furthermore, the most studied water bodies (e.g.,
rivers, aquifers) and the most commonly used water quality indicators (e.g., WQI, EWQI,
dissolved oxygen, nitrates) were identified. The B-SLR and Topic Modeling methodology
provided a more robust, reproducible, and comprehensive overview of AI/ML/DL models
for freshwater quality prediction, facilitating the identification of thematic patterns and
research opportunities.

Keywords: water quality; machine learning; explainable artificial intelligence (XAI);
Bibliometric-Systematic Literature Review (B-SLR); Topic Modeling
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1. Introduction

Surface and groundwater pollution is a problem of global concern, as it can negatively
affect freshwater availability, a key aspect for the conservation of ecosystems and the health
of the population. This is aggravated by the strong pressure exerted by a growing demand
for fresh water to sustain population growth and associated economic development [1-3].
Consequently, access to reliable sources of clean water directly influences the capacity to ensure
water security, particularly given that nearly 2.2 billion people lack safe drinking water [4].

Aquatic conditions are shaped by multiple variables, including weather patterns [5], sea-
sonal hydrological fluctuations [6], geological features [7], and anthropogenic influences such
as land use. Traditionally, assessments have relied on in situ sensors or laboratory analysis of
biological and physicochemical parameters. More recently, predictive approaches have incor-
porated physically based simulation tools like QUAL2K [8-10] and WASP [11,12], alongside
statistical techniques such as multivariate analysis [13,14], and linear regression [15,16].

Within this landscape, the application of artificial intelligence (Al) over recent decades
has significantly advanced predictive techniques for aquatic system assessment. Al tran-
scends basic sensor-based data collection [17], by processing, interpreting, and modeling the
complex, multidimensional relationships inherent in water systems [18,19]. This approach
allows it to dynamically predict the state of water quality [20], supporting proactive and
optimized resource management. Notably, the integration of machine learning (ML) [20-
23] and deep learning (DL) [24-30] models have strengthened the path toward meeting
the Sustainable Development Goals (SDGs) related to water [31]. These prediction models
can handle large amounts of data and adapt to complex relationships. In fact, the use of
ML for water quality studies is highlighted as an example of the United Nations Global
Acceleration Framework, for the scope of the SDG-6 [32,33].

A key advantage of applying AI/ML/DL to water quality prediction lies in their abil-
ity to anticipate variations in physicochemical and biological parameters using historical
data, remote sensing, or hydrological models—thus enhancing environmental manage-
ment and evidence-based decision-making. Two main approaches are commonly used:
(a) prediction of individual water quality parameters (WQP) [10,34-37] and (b) integra-
tion of these parameters into a composite indicator, traditionally known as the water
quality index (WQI) [38—42]. For the first approach, one example is the prediction of
total phosphorus concentrations in Taihu Lake, China, using the Complete Ensemble
Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) and long short-term
memory (LSTM) algorithms, combined with Shapley Additive Explanations (SHAP) for
interpretability [43]. Another study [44], applied the random forest (RF) method to predict
14 physicochemical parameters from historical data in the Loa River, Chile. Regarding the
second approach, ML models were used to estimate WQI in the Bug River, Ukraine [45].
High predictive performance was also reported in Kerala, India [46], where various ML
models—including extreme gradient boosting (XGB), support vector regression (SVR),
artificial neural network (ANN), and random forest regression (RFR)—were evaluated to
predict the entropy-weighted water quality index (EWQI) and assess groundwater quality.

The aforementioned studies are examples of how AI/ML/DL methods have been
consolidated as water quality prediction techniques, given their robustness and efficiency
to extract patterns of complex systems, as water systems, making these techniques an
interesting alternative to conventional water quality modeling techniques [47—49]. Indeed,
systematic reviews of the literature at a global level show the high interest of researchers
in the use of AI/ML/DL for water quality prediction. For example, the authors in [50]
reviewed 876 articles within the period 2015-2022, showing that the United States, England,
Iran, India, and China have emerged as major contributors to the field of water quality
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prediction with ML and DL. Likewise, the authors in [51] reviewed 249 articles on water
quality using Internet of Things (IoT) models and machine learning. In another study [52],
253 articles were reviewed, finding that DL optimizes the processing of large volumes
of data through parallel computing, facilitating the effective prediction of water quality,
although its success depends on the quality of the data used. Finally, in [53], the literature
was reviewed in terms of groundwater quality prediction studies using AI/ML/DL, finding
that the ANN, Adaptive Neuro-Fuzzy Inference System (ANFIS) and support vector
machine (SVM) techniques have proven to be efficient and accurate tools for such purposes.

Despite the intrinsic value of the aforementioned literature review studies, it is important
to highlight a key conceptual distinction between the two main review approaches. One is
known as bibliometric analysis, that is, a quantitative method that allows the identification of
emerging trends, thematic networks, and research gaps [54-56]. Another corresponds to a sys-
tematic review of the literature, a rigorous and structured method used to collect and evaluate
all available evidence on a research question [57-59]. Although the two approaches comple-
ment each other, and together they form a promising methodology with which to develop
robust reviews of the scientific literature, to date, no work, to the best of our knowledge, has
addressed the study of the state of the art on the application of AI/ML/DL for water quality
prediction through the integration of both approaches. Thus, such a dual-approach review
corresponds to the main objective of this work, as this contribution proposes to analyze the
state of the art on the application of AI/ML/DL for water quality prediction in the 2000-2024
time frame, using the Bibliometric-Systematic approach Literature Review (B-SLR) [60]. We
hope that the results of this work can guide researchers interested in the study, assessment
and prediction of water quality using AI/ML/DL techniques.

2. Materials and Methods

We employed a structured framework for conducting systematic literature reviews,
known as the Bibliometric-Systematic Literature Review (B-SLR), following the guidelines
outlined in [60]. This approach was used to assess the current status, emerging trends,
and research gaps in the application of AI/ML/DL techniques to freshwater (surface
and groundwater) quality studies. The methodology B-SLR combines the bibliometric
analysis (BA) [56,61,62] with the systematic literature review (SLR) [63-65]. Thus, the B-SLR
approach facilitates the broadening of topic scope, expanding the domain of knowledge
available to researchers working in the field [59]. According to the adopted methodology,
this work was developed in three sequential stages: (a) data collection, (b) bibliometric
analysis, and (c) a systematic review of the literature, as illustrated in Figure 1.

. _ . . Systematic Literature
[ Data Gathering Process ] [ Bibliometric Analysis ] [ Review ]
o A o
"' 1. Research questions and Yo [ b
i study limits. P i ! 9. Systematic literature
i+ 2. Search chain and i i 6. Preliminary 1 review.
! keywords. w bibliometric results. " - Reading of relevant
i 3. Searching in database i 7. Thematic =Y articles (keywords,
! Scopus. N=3157 i ! identification of i ! abstracts, titles).
i 4. Dataselectionbasedon i i clusters and graphical ! i 10. Data extraction.
! inclusion and exclusion i | representation. 1 i 11. Answering the
i criteria. N = 1822 ] ! 8. Organized dataset. : : research questions.

! 5. Topic Modeling
i Process. N =274

Figure 1. Stages of the B-SLR methodology. Stage 1: data collection: defining keywords, search
terms, applying inclusion/exclusion criteria, and filtering irrelevant results using topic modeling.
Stage 2: bibliometric analysis: identifying trends, thematic clusters, and performance metrics. Stage
3: systematic review: extracting and synthesizing the evidence to answer the research questions.
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2.1. Data Gathering Process

This stage aims to identify the research topic and the structural framework to establish
the research questions, keywords, search strings, database, time scope of the research,
techniques to carry out the search and analysis tools, where each stage generates a result
that serves as an input for the next stage.

The research questions raised in this study seek to identify a set of patterns behind
the application of AI/ML/DL techniques in water quality prediction. Table 1 presents the
guiding research questions of this study with their corresponding justification, following
the guidelines of the systematic review of the literature [64].

Table 1. Research questions defined in this study.

Research Questions Justification

RQ1. What are the most commonly used AI/ML/DL
algorithms for predicting water quality

RQ2. Which AI/ML/DL algorithm provides the most
accurate estimation of water quality?

RQ3. What limitations have been identified in water
quality prediction using AI/ML/DL techniques?
RQ4. What emerging variants currently exist in To identify current trends in AI/ML/DL techniques for water quality
AI/ML/DL models for estimating water quality? prediction.

RQ5. What are the key water quality indicators used to
assess natural water sources?

To establish a general overview of the research topic.
To identify knowledge gaps in AI/ML/DL prediction models.

To uncover potential research opportunities and future work

To review and understand the factors that determine water quality.

The bibliographic references were obtained from the Scopus database (https://www.
scopus.com/home.uri), which offers a comprehensive and global view of scientific pro-
duction. Scopus is one of the most used sources in bibliometric analysis and is recognized
for its reliability and high data quality, especially in academic research related to water
resources and water quality [17,55,56,66-68].The temporal scope was defined from January
2000 to December 2024. The structured search string used to obtain the first consolidated
set of documents (N = 3157) and the characteristic code line generated after applying the
inclusion/exclusion criteria to create a second consolidated set of documents (N = 1822) are
presented in Table 2. The inclusion and exclusion criteria presented in Table 3 allow deter-
mining the eligibility of the primary studies for inclusion in the bibliographic review and
are useful for extracting relevant information and answering the research questions posed.

Table 2. Search strategy applied to Scopus database.

Total

Search Strategy Documents

Search chain:
“water” AND “quality” AND “prediction” AND “machine” AND “learning” OR “water” AND
“quality” AND “prediction” AND “artificial” AND “intelligence” OR “water” AND “quality” AND
“prediction” AND “deep” AND “learning”

3157

Research code line:

(TITLE-ABS-KEY (water AND quality AND prediction AND machine AND learning) OR
TITLE-ABS-KEY (water AND quality AND prediction AND artificial AND intelligence) OR
TITLE-ABS-KEY (water AND quality AND prediction AND deep AND learning)) AND
PUBYEAR > 1999 AND PUBYEAR < 2025 AND (LIMIT-TO (DOCTYPE, “re”) OR LIMIT-TO
(DOCTYPE, “ar”)) AND (LIMIT-TO (LANGUAGE, “English”)) AND (LIMIT-TO (SUBJAREA,
“ENVI”) OR LIMIT-TO (SUBJAREA, “ENGI”) OR LIMIT-TO (SUBJAREA, “EART”) OR LIMIT-TO
(SUBJAREA, “MULT"))

1822

124



Water 2025, 17, 2994

Table 3. Inclusion and exclusion criteria used in the B-SLR methodology.

Inclusion Criteria

Publications classified as “Research Article” or “Review”

The study must be published in English to ensure accessibility and comprehension.

Publications within the subject areas of Environmental Science, Engineering, Earth and Planetary Sciences, and
Multidisciplinary

Articles containing the keywords specified in the search string

Exclusion Criteria

Conference proceedings, books, book chapters, theses and reports were excluded.

Publications that have not undergone a formal peer review process, such as preprints, unpublished reports, or
unreviewed gray literature.

Research whose primary focus is not on the application of AI/ML/DL for the prediction of freshwater quality (surface
and groundwater)

The bibliographic references were exported from Scopus in CSV format and subse-
quently imported into the R programming environment [62]. To filter the 1822 original
articles selected for the B-SLR analysis, a comprehensive list of 29,144 Scimago journals
(https:/ /www.scimagojr.com/) for the year 2023 was incorporated, with the objective
of retaining only those studies published in journals classified within quartiles Q1 and
Q2, in accordance with the recommendations described in reference [60]. This procedure
involved excluding publications prior to 2014, indicating that such studies were published
in journals indexed outside Q1 and Q2, thereby establishing by default an analysis period
between 2015 and 2024. In addition, a systematic cleaning process was carried out, which
included the removal of duplicate rows, incomplete records in the fields of Index Keywords,
Author Keywords, DOI, and Abstract, as well as the elimination of entries with duplicate
DOIs and false positives [69]. These publications were not aligned with the objectives of
the present study.

The automation of this process was achieved through the implementation of an
iterative text-mining approach based on Topic Modeling, whose procedure is illustrated
in Figure 2. For this procedure, we used the TextMiner package in R as a specialized tool
for the construction and analysis of topic models [70]. The process operates under the
assumption that each document is a combination of several topics and that each topic
is a set of words that frequently co-occur [71]. The algorithm identifies these groups of
coexisting words to infer the latent topics within the text [72,73].

2.2. Bibliometric Analysis (BA)

The bibliometric analysis was conducted using the Bibliometric package in the R
programming language version 4.4.1 [62]. This package has been widely applied in biblio-
metric studies related to hydrology [55,74] and water quality [75,76]. The analysis included
the generation and visualization of maps and graphs corresponding to performance analy-
sis [17,55,61] and science mapping [56,77,78].

2.3. Systematic Literature Review (SLR)

A comprehensive reading stage was conducted for the 276 selected articles, conducted
using the Systematic Literature Review (SLR) approach described in [59], in order to extract
key data and information to address the research questions. This methodology enabled
the identification, collection, analysis, and synthesis of relevant information to answer the
research questions posed [79]. Its robustness stems primarily from the transparency of its
implementation process, which ensures the reproducibility of the review [80,81].
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Figure 2. Flowchart of the Topic Modeling Process.

Each study was classified as either a Review or a Research article. Within the Research
category, articles were further classified according to the type of water body under study:
surface water or groundwater. A particular case involved two Review articles [82,83] that
addressed both systems (groundwater and surface water); this condition did not affect the
classification by water body type, as these studies were not part of the Research category.
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3. Results
3.1. Bibliometric Performance Analysis

The annual scientific output on water quality prediction using AI/ML/DL has in-
creased in the study period, as shown in Figure 3, exhibiting an exponential increase,
especially marked since 2020. It should be noted that the annual production of the domain
field shows an exponential growth pattern between 2015 and 2024. Consequently, it was
decided to apply an exponential model, in order to more accurately represent both the
growth acceleration and the current development phase of this research area.
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Figure 3. Annual publication output on freshwater quality prediction using AI/ML/DL.

The growing interest in research on the prediction of water quality using AI/ML/DL is
within a global context driven by climate change, and increased pollution and demand for
fresh water [5,84]. This evolution indicates that the analyzed domain has passed an initial
stage of exploration, positioning itself in a phase of maturity. Likewise, it is possible to
expect an even more significant development in the coming years, anticipating a continuous
strengthening of both interest and research in this field [85,86].

3.1.1. Journals

In this context, the H-index is a metric that allows for the evaluation of scientific
research productivity and journal impact. On the other hand, the Total Citations (TC) refers
to the cumulative number of times a publication has been cited by other researchers in aca-
demic publications, revealing the scope and influence of the research from complementary
perspectives. Global Citations (GC) refers to the total number of times an article has been
cited in the Scopus database.

When ranking the top 10 of the 32 sources based on the H-index and Total Cita-
tions (TC) [87], it is observed that the journals Water (Switzerland), Journal of Hydrology,
Environmental Science and Pollution Research, Science of the Total Environment and Wa-
ter Research are the publications with the highest number of papers (first 5) within the
reference collection (Table 4).

3.1.2. Most Cited Documents

The most cited documents within the analyzed collection of bibliographic references
were identified. Both global and local citation counts were considered to assess the reach
and influence of the research from complementary perspectives. In this context, local
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citations reflect the impact of a document within the specific dataset under analysis, while
global citations represent the total number of times each article has been cited in the
Scopus database.

Table 4. Journals Local impact.

ID Journals H Index TC
1 Water (Switzerland) 19 1568
2 Journal of Hydrology 18 2231
3 Environmental Science and Pollution Research 14 803
4 Water Research 10 823
5 Science of the Total Environment 9 737
6 Journal of Environmental Management 7 193
7 International Journal of Environmental Research and Public Health 6 103
8 Environmental Monitoring and Assessment 5 115
9 Hydrological Processes 5 82

10 Process Safety and Environmental Protection 5 147

Table 5 provides the top 10 most cited publications and corresponding (leading)
authors in terms of local and global citations. The referred papers reveal important contri-
butions to research on water quality prediction using AI/ML/DL techniques.

Table 5. Top ten Local citations and Global citations.

Ranking First Author Year LC! GC? Reference
1 Rahim Barzegar 2020 32 330 [88]
2 Rahim Barzegar 2016 15 149 [89]
3 Jun Yung Ho 2019 13 101 [90]
4 Amir Hamzeh Haghiabi 2018 13 290 [37]
5 Xiaoliang Ji 2017 11 10 [91]
6 Elham Fijani 2019 10 146 [92]
7 Sani Isah Abba 2020 9 91 [93]
8 Muhammed Sit 2020 9 273 [82]
9 Roohollah Noori 2015 9 66 [94]

10 Bachir Sakaa 2022 7 66 [95]

1 LC = Local citation. 2 GC = Global citation.

According to Table 3, the most cited reference corresponds to the work of Barzegar [88]
entitled “Short-term water quality variable prediction using a hybrid CNN-LSTM deep
learning model”, which investigates the prediction of water quality in Lake Prespa, Greece,
and proposes a hybrid CNN-LSTM model to predict dissolved oxygen (DO; mg/L) and
chlorophyll-a (Chl-a; pug/L).

Second, the study [89] compares different machine learning methods (such as artificial
neural networks and support vector machines) for the prediction of water quality parame-
ters of northwest Iran’s Aji-Chay River, demonstrating the effectiveness of these techniques
in improving environmental monitoring. Its high number of global citations reflects the
interest in using water quality prediction to support the transition toward more sustainable
water resources management.

Third, the work of [90] examined the application of a decision tree model for predicting
the Water quality index (WQI) in the Klang River. The research successfully showed that
the number of water quality parameters needed for monitoring can be reduced while
maintaining prediction accuracy above a 75% benchmark. Finally, the most recent study of

128



Water 2025, 17, 2994

the list [95], proposes a hybrid approach that combines the Random Forest algorithm with
an improved version of the SMO algorithm for support vector machines. Applied to the
Saf-Saf River Basin, this model improved WQI prediction, highlighting the growing role of
optimized hybrid approaches in watershed management.

3.2. Bibliometric Science Mapping
3.2.1. Network Analysis of the Co-Occurrence of Authors” Keywords

The network analysis of co-occurrence of author keywords presented in Figure 4
reveals a conceptual structure derived from studies on machine learning and water quality
management. Each node represents a keyword, with its size indicating the degree of
connectivity (number of links to other terms). Connecting lines reflect co-occurrence
relationships, and their thickness represents the strength of those associations. Nodes
are grouped into three thematic communities, distinguished by color: group 1 (blue) and
group 2 (orange), enabling the identification of conceptual subdomains within the field.
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Figure 4. Network analysis co-occurrence of the author’s keywords.

Central terms such as support vector machine, deep learning, water quality predic-
tions, and water quality management, along with technical acronyms like ML (machine
learning), Al (artificial intelligence), SHAP (SHapley Additive exPlanations), ANN, CNN
(convolutional neural networks), LSTM (long short-term memory), and random forest,
exhibit high connectivity. This suggests their integrative role in the analyzed literature and
highlights their methodological relevance in the development of predictive and explanatory
models applied to water systems. The visualization supports the identification of thematic
clusters, methodological relationships, and emerging areas at the intersection of artificial
intelligence and environmental management.

3.2.2. Word Cloud

Another method for identifying the frequency of the most common terms used by
the authors in the collection corresponds to the word cloud generated from the keywords.
Figure 5 shows a predominant interest in “water quality,” which serves as the central
axis of the study corpus. Its association with indicators such as “WQIL"” “WQP,” and
water bodies like “groundwater quality” and “surface water” reaffirms the environmental
orientation of the studies. From a methodological standpoint, there is a predominant
interest in techniques such as “random forest,” “deep learning,” “ML,” and “ANN,” along
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with specific architectures like “LSTM,” “CNN,” “RNN,” and “SVM,” used in modeling
and prediction processes of hydrological parameters.

groundwater quality

bayesian optrmrzatron Optlmlzatlon algorithm
chn- sth I multi-task learning
gradient boostmg aldata _driven models

gmdh Ca I cross-validation
lake water quahtysh a lrnear model
arrm ltransfer learning
decision treeq gru
hybrid models graph neural network

boosted regression trees predictive modeling

Figure 5. Word cloud of water quality prediction by AI/ML/DL. The size of the words reflects their
frequency and the color is used only to differentiate them within the group of words.

Complementing this trend is the appearance of terms like “hybrid model,” “ensem-
ble learning,” and “transfer learning,” reflecting the adoption of integrated strategies
and techniques for transferring pretrained representations aimed at improving model
generalization and efficiency. Finally, “XAI” and “SHAP” reveal an interest in model
explainability, pointing toward advanced analytical systems for the management and
evaluation of water sustainability.

3.2.3. Thematic Map with Authors” Keywords

Figure 6 presents a thematic map derived from bibliometric analysis, grouping clusters
associated with distinct research subtopics in the field of water quality prediction using
Al, ML, and DL. This map enables the evaluation of each topic in terms of centrality and
maturity, identifying established, emerging, and declining areas. In the quadrant of Basic
themes, terms like “water quality prediction,” “deep learning,” and “LSTM" reflect the
consolidation of deep neural networks as a methodological foundation. Notably, LSTM
networks have been highlighted in multiple studies for their strength in modeling complex
temporal dynamics in water quality parameter prediction [30,88,96,97]. Furthermore,
hybrid models and the ANFIS technique have provided enhanced precision and flexibility
in complex scenarios, particularly in surface water contexts [89,98-100].

In the quadrant of Motor themes, terms such as “WQIL"” “ANN,” “Al,” and “ML”
stand out, indicating that artificial neural networks and machine learning models have
been extensively studied and applied, yielding significant results. Conversely, “transfer
learning” emerges as a nascent exploratory line within water quality prediction, although
several studies [6,96,101-104] have demonstrated its potential to improve predictions in
data-scarce environments.

In the quadrant of Niche themes, the terms “data-driven models,” “lake water quality,”
and “prediction intervals” suggest that lake water analysis and data-driven modeling
represent growing niches within water-related research, though they have yet to become
dominant in AI/ML/DL-based water quality prediction.

In the quadrant of Emerging or declining themes, terms such as “support vector ma-
chine,” “feature selection,” and “gaussian process regression” indicate that these methods
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(SVR, GPR), although historically robust and widely used in this field, may be losing
relevance compared to more modern approaches such as deep learning. Additionally,
procedures like feature selection may have already transitioned into standard practice
within AI/ML/DL applications. Meanwhile, “extreme gradient boosting” and “SHAP”
are associated with advanced ML techniques but have not yet reached the prominence of
core topics. The emerging discipline known as Explainable Artificial Intelligence (XAI), or
Interpretable Machine Learning (iML), seeks to address the challenges posed by the opacity
of black-box techniques in AI/ML/DL. Its application has expanded in recent years across
various engineering domains [85,105-107], and has recently been implemented in the field
of water quality, particularly in groundwater studies [108,109].
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Figure 6. Thematic map based on the author’s keyword. The colors represent the different clusters
of related terms that form a thematic group, and the size of each circle indicates the frequency of
occurrence or density of publications related to that group.

3.2.4. Thematic Evolution and Trend Topics with Keywords Plus

The thematic evolution in the BA is useful to visualize more clearly the change and
evolution of research topics over time, allowing the identification of windows of opportu-
nity for future research work. To have a more global view of the thematic evolution and
current trends in water quality prediction using AI/ML/DL, Figure 7 presents the thematic
evolution based on the Keywords Plus. These words are automatically generated by the BA
algorithms from sources such as the titles of the references cited in the documents, allowing
for to assessment, from a complementary perspective, of the areas that are related to the
central axis of the research search. Thus, the application of models based on ANN and
decision support techniques is maintained over time, while models based on SVM have
been less constant in recent years.

In recent years, cutting-edge ML and DL techniques have increasingly been applied
to environmental challenges such as pollution, climate change, water quality, and water
availability. These approaches are often integrated with Geographic Information Systems
(GIS) technologies [1,2,110-112], enhancing spatial analysis capabilities.

While GIS is now widely used in the field of water resources, it has yet to become a
dominant tool for predicting water quality through AI/ML/DL methods. Notably, interest
in developing predictive models for surface water quality has remained consistent through-
out the study period. Since 2015, ML has emerged as the leading approach, demonstrating
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strong applicability in environmental monitoring, wastewater treatment, and water quality
assessment, indicating a sustained research focus on water resources management.
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Figure 7. Thematic evolution of AI/ML/DL applications in water quality prediction.

3.2.5. Social Structure

Figure 8 presents the map of main collaborations between countries, which reveals a
highly interconnected structure of scientific cooperation. Countries such as China and the
United States stand out, acting as central nodes, evidencing their leadership in the produc-
tion of knowledge and in the articulation of international efforts. This dynamic reflects not
only the shared interest in addressing the challenges of water quality prediction but also
the growing need to integrate data, methodologies, and interdisciplinary approaches on a
global scale. Countries such as India, Australia, the United Kingdom, Italy, and Germany
stand out for their collaborative connections as well.

Figure 8. Collaboration with country authors. The thickness of each line represents the intensity of
collaboration between two countries and the colors represent the dominant clusters of regional or
thematic collaboration.

However, the map also reveals a striking absence of Latin American countries, suggesting
a potential asymmetry in scientific visibility. This underrepresentation may be partially
attributed to the methodological filter applied in this study, which included only publications
indexed in high-impact Q1 and Q2 journals. While this criterion ensures scientific rigor, it may
inadvertently exclude valuable regional research that, due to structural or editorial limitations,
does not reach these publication venues. As a result, the map not only visualizes collaboration
intensity but also reflects broader epistemic inequalities in global scientific discourse.
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3.3. Systematic Literature Reviews Results

The systematic review allowed us to classify each work into different categories according
to: Approach (Review or Research articles), body of water of the study, that is, Surface water
(rivers, reservoirs and lakes) or Groundwater, as presented in Figure 9. Figure 9a shows the
classification of the 274 articles collected according to their type: Research Articles and Review
Articles. The disparity between the two approaches suggests that, although research in the
area is growing rapidly, a significant gap persists in terms of consolidating knowledge through
systematic reviews of the state of the art. This represents a valuable opportunity to strengthen
the field through studies that integrate and synthesize existing findings (such as ours).

13 ( 23 (12%)
7%) 65 (25%)
25/(13%)
255 (93%) 142 (75%)
Review Research Groundwater M Surface water Rivers 11 Lakes ' Reservoirs

(a) (b) ()

Figure 9. Classification of publications in water quality prediction according to (a) Approach: Article
research versus Review. (b) Body of water: Underground versus Surface, (c) Surface water: River,
lake, reservoir.

Within Research articles, 75% (1 = 190) correspond to studies focused on surface water
quality, while the remaining 25% (1 = 65) address groundwater quality issues (Figure 9b).
This bias towards the study of surface waters can be attributed to the relevance of watershed
monitoring for the sustainable management of water resources. This monitoring allows
us to understand the complex interactions between biological, chemical, physical, and
environmental factors that determine water quality, as well as to anticipate the appearance
of alterations to water quality. This information is crucial for informed decision-making
and long-term planning, which are essential for preserving the health of water bodies and
the ecosystems that depend on them [113].

In Figure 9c, we present the distribution of works considering only surface water bodies,
i.e., rivers, lakes, and reservoirs. It is shown a major focus in rivers, which could be because
they are particularly exposed to pollution caused by anthropogenic activities [39,114]. In
addition, during periods of drought, rivers are more easily and rapidly affected by the
reduction in the flow, affecting the quality of the water in terms of its physical, chemical and
biological properties [115]. The study [57], made a significant contribution with the exhaustive
review of the literature in the period 2000-2020 on the modeling of river water quality in the
world, reviewing 209 research articles from Scopus journals. The results showed that most of
the study areas are Asian countries, such as China, Iran, India, Malaysia, Taiwan, Korea, Iraq,
Bangladesh and Thailand, accounting for more than 50% of research papers. These results
are consistent with the findings of the current work for the period 2015-2024. Based on the
classification shown in Figure 8, this study delves into the two water bodies that are currently
of greatest interest in the application of AI/ML/DL techniques for water quality prediction:
rivers and groundwater. For this reason, a detailed description of the literature for them is
presented below.
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3.3.1. Prediction of River Water Quality Using AI/ML/DL

Focusing on the publications on water quality prediction in rivers, Table 6 presents

the characterization of a random sample of the database, equivalent to 40% (1 = 57).

Table 6. Characterization of predictive models in a representative sample of river water quality

prediction studies (n = 57).

ID River Algorithm Approach  Reference
1 Yangtze River, China CNN-LSTM WQP [116]
2 Delaware River Basin, USA XGB, RF, KNN WwQPr [117]
3 Sheshui River in Wuhan, China RF, SSA-CNN-LSTM WQP [114]

. . . . . Optimization algorithm
4 Vaigai, Madurai, and Tamil Nadu Rivers, India and LSTM WQP [118]
5 Upper Red River Basin (URRB), USA TL, FENNs WQP [102]
6 The South Platte River, Colorado, USA EBM, SWEBM WQP [119]
7 Cauvery River, India AO-SVM WOQI [120]
8 Indian Rivers DT, RF, GBT, ANN, SVM WQP [42]
9 Cauvery River, India CNN WQP [121]

10 Han River, South Korea hiiﬁ’ioﬁif 'slf{szl% a{‘fi& WQI [122]
11 Tanjiang River, China SVR WQP [123]
12 Des Moines, lowa, and Cedar Rivers, lowa, USA LSTM, GRU WQP [124]
13 Mahanadi River, India LSTM, GRU, XGB WOQI [125]
14 Opyster River, New Hampshire, USA CNN-LSTM WQP [126]
15 Li River and Liu River, China SSA, GRU, SHAP WQP [127]
16 Fujian River Network, China WA-LSTM-TL WQP [103]
17 Euphrates River, Iraq RC, DR, REPT, AR WQP [128]
18 Ohio River, USA LSTM WQP [111]
19 USA Rivers RF WQP [129]

20 Xiaofu River, China LST™M WQP [130]

21 Lijiang River, China BPNN, SVR, GRU WQP [131]

22 Drinking water quality, South Korea LSTM, GRU wQpP [132]

. . N DT, LR, Ridge, Lasso, SVR, RF,

23 Indian, Rivers ETR, ANN WQI [133]

24 Jucar River, Spain RF, XGB, SHAP WQP [134]

25 Bullfrog River, Tampa, Florida USA SVM, RF, XGB, ANN, SHAP WQP [135]

26 Talar River, Iran EN, AMT, REPT WQP [136]

27 Wadi Saf-Saf River, Algeria SMO-SVM, RF WOQI [95]

28 Pearl River, China CEEMDAN -LSTM WQP [137]

29 Fuyang River, China RF, PLS WQP [138]

30 Synthetic dataset, Wabash River, USA SVMR WQP [139]

31 Yamuna River, India LSTM, SVR, CNN-LSTM WQP [30]

32 Kelantan River, Malaysia KNN, ANN, DT, RF, GB WQP [140]

33 Langat River, Malaysia ANN WQP [141]

34 Mid-Atlantic and Pacific Northwest USA, River Basin SVR, XGB WQP [142]

35 Santiago-Guadalajara River, Mexico SLR, MLR WOQI [143]

36 Danube, Tisa, and Sava Rivers, Vojvodina Province, Serbia Naive Bayes algorithm WOQI [144]

37 Yamuna River, India ANFIS-GP, ANFIS-SC WQP [145]

38 Fanno Creek in Oregon, USA DRNN, SVM, ANN WQP [146]

. . . WT-MLR, WT-SVM,

39 Dongjiang River, China WT-ANN, WT-RF WQP [147]

40 Klang and Penang Rivers, Malaysia MLP, SVM, RE, BDT WQI [148]

41 Nakdong River, South Korea CEEMDAN, CSA, MARS WQP [149]

42 Luan River, Tangshan China 1-DRCNN *, BiGRU WQP [150]

43 Tyhume, Bloukrans, Buffalo Rivers Province of South Africa ANN, MLP, RBF WQP [151]

44 Kinta River, Malaysia EANN-GA, EANN, FFNN, NNE WQI [152]

45 Xin’anjiang River, China CNN-LSTM, CEEMDAN WQP [153]
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Table 6. Cont.

ID River Algorithm Approach Reference
46 The Juhe River, Sanhe China PSO-DBN-LSSVR WQP [24]
. . kPCA, RNN, FENN,
47 Burnett River, Australia SVR, GRNN WQP [154]
48 Nakdong River, South Korea CNN-LSTM WQP [155]
49 Sefid Rud River, Iran W-MGGP, GEP, DWT WQP [156]
50 Talar River, Iran RE, REC WOQI [157]
51 Yangtze River, Jiangsu, China IABC-BP WQP [158]
52 Klang River, Malaysia DT WQI [90]
53 Langat River, Malaysia MLP-FFA WQP [159]
54 Tireh River, Iran ANN, GMDH, SVM WQP [37]
55 Danube Delta River, Romania ANN, KNN, BPNN WQI [160]
56 Sefidrood River, Iran SVM WQP [94]
57 Aji-Chay River, Iran ANN, ANFIS, WT WQP [89]

* Indian water quality data from Kaggle, 1-DRCNN: One-dimensional residual convolutional neural networks.

Recent advances in AI/ML/DL techniques have significantly enhanced the prediction
of river water quality, as demonstrated by the 57 studies summarized in Table 4. These
investigations employ a range of algorithmic approaches, including CNN-LSTM, XGB,
RFE, LSTM, SVM, and hybrid models to estimate key indicators such as the water quality
parameter (WQP) and the water quality index (WQI) across rivers in Asia, America, Europe,
and Africa. Artificial neural networks (ANNSs) have played a prominent role in this
domain, owing to their capacity to model complex nonlinear relationships and anticipate
fluctuations in water quality, as confirmed by studies [135,140]. In [42], ANN-based models
were evaluated alongside gradient boosted trees (GBT), decision trees (DTs), support vector
machines (SVM), and random forests (RFs) for predicting the WQI of the Indian river
system, with GBT achieving the highest performance. Similarly, ref. [157] implemented
four standalone decision tree models and twelve hybrid configurations to estimate the WQI
of the Talar River in Iran. The Bagging-Random Tree (BA-RT) approach yielded the most
accurate results, reinforcing the superiority of hybrid models over simpler alternatives, as
also noted in [161].

The integration of optimization algorithms has proven to significantly enhance the
accuracy of machine learning (ML) models in predicting river water quality. For instance,
studies [24,95] employed Particle Swarm Optimization (PSO) and Sequential Minimal
Optimization (SMO) to strengthen models such as PSO-DBN-LSSVR for the Juhe River
in China and SMO-SVM for the Wadi Saf-Saf River in Algeria, respectively. Additionally,
the application of Wavelet Transform (WT) has been key in identifying relevant variables
and reducing noise, as demonstrated in studies on the Aji-Chay River (Iran) [89], Fujian
(China) [103], Dongjiang (China) [147], and Sefid Rud (Iran) [156]. These enhancements
have led to improved predictive performance in models such as WT-SVM, WT-RF, and
WT-ANN. Another widely applicable technique is XGB, which has been successfully
implemented in basins such as the Delaware River (USA) [117], the Han River (South Korea),
and regions of the northwestern United States [142], due to its ability to capture complex
interactions among predictors and deliver high predictive accuracy.

Hybrid architectures that integrate Convolutional Neural Networks (CNNs) with
LSTM units have also demonstrated strong performance in river water quality prediction,
as shown in studies on the Yangtze River [116,158]. In [114], the SSA-CNN-LSTM model
was applied to the Sheshui River, achieving effective integration of temporal and spatial
patterns for estimating the water quality parameter (wQp). Other studies have explored
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variants such as Gated Recurrent Units (GRUs) [124,127], Bidirectional GRU (BiGRU)
networks [150], and hybrid approaches like ANFIS-GP and ANFIS-SC [145] to address
nonlinear modeling challenges. In this context, emerging techniques such as Transfer
Learning (TL) have shown considerable promise by enabling the reuse of previously
acquired knowledge in new environments, thereby enhancing predictive performance, as
demonstrated in studies on the Fujian river system in China [102,103].

Finally, the geographical diversity of the studies listed in Table 4 spans a wide
range of river systems, including the Yangtze [116,158], Sheshui [114], Tanjiang [123],
Li and Liu [127], Pearl [137], Fuyang [138], Xiaofu [130], Lijiang [131], Juhe [24],
Euphrates [128,145], Jacar [134], Yamuna [30,145], Langat [141], Klang [148], Sefid
Rud [156], Talar [136], Sefidrood [94], Aji-Chay [89], Nakdong [149,155], Oyster River [126],
Upper Red River Basin [102], Danube [144], Burnett [154], Kelantan [140], and Bullfrog [135].
These rivers span diverse climatic zones from tropical and temperate to arid and mountain-
ous and reflect a broad spectrum of hydrological and geological contexts. This territorial
breadth highlights the versatility of AI/ML/DL models in adapting to varied environmen-
tal conditions, reinforcing their value as effective tools for the sustainable management of
water resources.

3.3.2. Prediction of Groundwater Quality Using AI/ML/DL

Regarding groundwater, Table 7 presents a random sample of 40% (1 = 26) of the
publications on groundwater quality prediction found in our database, spanning various
regions of the world. Diverse environmental, hydrogeological, socioeconomic, and techno-
logical factors have shaped the development of advanced computational approaches for
predicting groundwater quality.

These approaches range from traditional statistical models and standalone machine
learning algorithms (e.g., decision trees, support vector machines, etc.) to hybrid, ensemble
methods and SHAP-enhanced models. They also include the integration of geospatial tools,
remote sensing data, and cloud-based platforms for data processing and visualization. The
most frequently studied contaminants are nitrates, arsenic, fluoride, heavy metals, and total
dissolved solids. In addition to studies focused on individual water quality parameters
(WQPs), there is research incorporating integrative water quality indices such as the water
quality index (WQI), irrigation water quality index (IWQI), entropy-weighted water quality
index (EWQI), and groundwater quality index (GWQI).

Table 7. Characterization of predictive models in a representative sample of groundwater quality
prediction studies (1 = 26).

ID Region Parameters Algorithm Reference
1 Madrid, Spain Nitrate DT, RE, AdaBoost, ExT [162]
concentrations
2 Songyuan City, China Strontium (Sr2+) GAN, KNN, GPR [163]
Bagging, CatBoost, ExT, HGB,
3 Mekong Delta regioén, Vietnam Salinity levels XGB, DT, RF, LightGBM, [164]
KNN, SHAP
Eden Valley, Cumbria, Nitrate
4 North West England concentrations DT, XGB, RE, KNN, SHAP [16]
5 Kerala, India EWQI XGB, SVR, ANN, RF [46]
6 The Mitidja plain, northern Algeria IWQI LSTM [166]
7 Groundwater dataset Salinity levels GMDH algorithm [167]
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Table 7. Cont.

ID Region Parameters Algorithm Reference
. . SVM, ANN, LRM, RT,
8 Tamil Nadu, India IWQI GPR, BRT [168]
Arsenic (As) and
9 North China Plain, Beijing fluoride (F—) XGB, RF, SVM, [169]
concentrations

10 Eastern India WOQI MLP-ANN [170]
11 Raipur district, Chhattisgarh, India WQI ANN-LR

12 Midwestern United States Redox Conditions GBM, XGB, RF [171]

Hawasinah catchment Wilayat CatBoost regression, ETR,
13 Al-Khaburah, Oman DS Bagging regression [172]
14 Vehari, Punjab Province of Pakistan WOQI ANN, RF, LR [173]
. . GB, RF, DT, KNN, MLP,
15 Northeast of Tamil Nadu, India WOQI XGB, SVR [174]
16 Qom City, Iran Nitrate concentration KNN, SVR, RF [175]
17 Savar, Dhaka district, Bangladesh GWQI * LR, SVM, ANN [176]
18 Al Qunfudhah, Saudi Arabia WOQI CNN, XGB, SHAP [177]
19 Fars Province, Iran WQI RFE, BRT, MnLR [178]
20 Wendeng District, China WQI LSTM [179]
1 Taiwan Groundwater Pollution Heavy Metal SVR, KNN, MLP, GBR, [180]
Monitoring Standard Concentrations LIME, SHAP
22 Middle Black Sea Region of Turkey WQP CNN, RF, XGB, DNN [181]
23 Noida, Uttar Pradesh, India WQP MLR, SVR, DT [182]
The Akot basin, Akola district of
24 Maharashtra, India IWQI ANN, LSTM, MLR [183]
25 North Carolina, USA Nitrate RE [184]
concentrations
26 Dezful Aquifer, Iran TDS RF [185]

The wide variety of AI/ML/DL models highlights a transition from traditional ap-
proaches such as ANN, LSTM, Multilayer Perceptron (MLP) and CNN, to more sophisti-
cated models such as XGB and LightGB. These models are generally applied in studies
that require modeling nonlinear relationships or time series, and have been widely used to
estimate water quality indices as well. From the reading of the studies listed in Table 5, it is
possible to identify a current trend in the use of ensemble-type algorithms, such as Random
Forest, Gradient Boosting and Bagging, which are considered robust methods capable of
handling the high dimensionality and multicollinearity of predictive models [46,164].

Other ensemble algorithms such as CatBoost, Bagging, and Extra Trees have also
been frequently used to predict specific WQP such as nitrates [162,165,176,184], salinity
levels [164,173], metals [163,180], as well as water quality indices such as WQI, IWQ]I,
EWQI, and GWQ. These algorithms allow multiple hydrochemical variables to be handled,
and reliable predictions to be constructed in complex environments. Regression models
have also been widely used in this area, such as the use of Multinomial Logistic Regression
(MnLR), which allows water quality to be classified into multiple categories, being useful
in environmental risk and zoning studies [178].

Among the emerging models, Generative Adversarial Network (GAN) [163] and
Group Method of Data Handling (GMDH) [167] stand out. They are generally used in
contexts with complex dynamics, particularly with scarce data, and be particularly useful
in predictions of Sr** and salinity levels [163]. In addition, explanatory models such as
SHAP and LIME represent a significant advance in the interpretability and explainability
of predictive models applied to groundwater quality [180]. These techniques, typical of
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the field of XAl are important because they allow the outputs of complex algorithms to
be broken down into quantifiable contributions of each input variable, allowing one to
understand how much each factor influences the final prediction. For example, in [164]
SHAP was applied to assess the impact of physicochemical factors on salinity levels in mul-
tiple aquifers, revealing key spatial patterns using interpretable maps. Similarly, [165] used
SHAP in a nitrate prediction model to identify the main geoenvironmental pollution-related
drivers in a UK aquifer, integrating interpretation and prediction into a unified framework.

In this sense, the integration of GIS technologies, together with XAI models, strength-
ens the capacity to spatially represent the results, detect risk areas and generate useful
tools for water management. Together, the AI/ML/DL models allow the prediction of
groundwater quality to be approached from an interdisciplinary, explanatory and applica-
ble perspective, configuring themselves as key tools for water sustainability in complex
environmental scenarios [108,170].

On the other hand, in the hydrogeological context, studies are conducted in regions
characterized by a wide range of factors, including aquifers affected by saline intrusion
(Vietnam, Iran), arid zones (Algeria, Saudi Arabia), and areas with carbonate lithology that
induce water hardness (India, USA). Natural processes such as weathering, evapotranspi-
ration, and the influence of volcanic emissions also contribute to the spatial and temporal
variability of hydrochemical parameters [163,179,180]. These hydrogeological factors, com-
bined with local climatic conditions, shape physically complex and dynamic environments
that demand predictive models with high adaptive capacity. In this context, the suitability
of groundwater quality for human consumption is conditioned by these factors, among
them, variations in well depth, which can significantly alter water mineralization and
contaminant mobility due to interactions with lithological formations, hydraulic gradients,
and specific redox conditions [174,186]. Therefore, the applied algorithms must be capable
of capturing aquifer heterogeneity by integrating geological and hydrodynamic variables
that directly influence groundwater quality.

Finally, at the regional level, Asia leads scientific production, with strong represen-
tation from India, China, Iran, and Bangladesh. These countries face severe water stress,
which justifies the scientific community’s growing interest in groundwater quality and the
development of advanced predictive models.

4. Answering the Research Questions

Consistent with the B-SLR framework adopted in this study, the driven research
questions are answered below.

RQ1. What are the most widely used AI/ML/DL algorithms in water quality prediction?

The literature review showed that assembly models, such as Bagging and Boosting,
have established themselves as predominant techniques in the prediction of both surface
water and groundwater quality [187]. Their effectiveness is supported by studies that
demonstrate their ability to reduce mean absolute errors and quadratic errors [188]. In
addition, recent research has explored variants of these models, such as Grid Search
Random Forest (GS-RF) and XGB, to optimize prediction accuracy on parameters such as
turbidity and different nutrients [189], showing that algorithms such as CatBoost Regression
(CBR) offer advantages in terms of stability and adaptability, particularly in handling
heterogeneous datasets, minimizing overfitting, and maintaining consistent performance
across varying environmental conditions and input configurations [173].

These assembly models have been successfully applied in diverse hydrological con-
texts, including urban rivers and Rural [57], and their use extends to the prediction of water
quality indices in multivariable and complex scenarios [190]. Moreover, their ability to
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handle large volumes of data and correlated variables characterizes them as robust tools in
environmental studies.

On the other hand, models based on ANNs have evolved considerably in recent years,
incorporating more flexible architectures and optimization techniques such as genetic
algorithms, wavelet transforms and hybrid strategies inspired by nature, improving perfor-
mance against nonlinear and highly noisy datasets [109,161]. Its applicability has extended
from the prediction of individual parameters to multivariable estimates of water quality,
including dissolved oxygen and organic pollutants. Also, models based on fuzzy logic
have gained relevance due to their ability to handle uncertainty (inherent in environmental
data). Indeed, research in Saudi Arabia, India, and China has shown that fuzzy logic, when
integrated with neural networks or evolutionary algorithms, exhibits suitable performances
in regions with fragmented or scattered data [100,191,192]. Techniques such as Extreme
Learning Machine (ELM), in combination with RE, have also been used to extend their
applicability in environments with high hydrological variability [127].

Additionally, algorithms such as SVM, SVR, and RF remain highly popular due to their
effectiveness in estimating water quality parameters. These methods offer non-parametric
solutions that learn directly from observed data, facilitating uncertainty management and
contextualized interpretation of pollution patterns [26].

The bibliometric analysis also reflects a sustained increase in integrating XAl techniques
in research oriented to water quality prediction, to interpret interpreting the internal behavior
of complex models and facilitating transparent decision-making. Techniques such as SHAP
and LIME have been implemented to overcome the “black box” of ML/DL algorithms,
allowing researchers to assess and visualize the influence of each predictor variable on
the results [85,107,193]. XAI has been shown to improve model reliability and provide
useful explanations for water quality management [108,194,195]. A prominent example
is [196], in which an interpretable learning framework based on SHAP and RF is developed,
applied to hydrodynamic scenarios. This approach allowed us to understand the impact
of environmental variables on water quality, reinforcing the usefulness of XAl in complex
studies of aquatic systems.

Figure 10a summarizes the predictive models identified in this study, classifying
and organizing the AI/ML/DL algorithms most commonly used in freshwater quality
prediction studies, both for surface water and groundwater systems. The percentage of
the models with the highest applicability in predicting water quality in both surface and
groundwater is presented in Figure 10b.

Finally, building reliable predictive models involves following a rigorous workflow
that includes database consolidation, raw data preprocessing, proper predictive algorithm
selection, model training, and validation. Recent literature underscores that each stage
is critical to ensure the accuracy and robustness of the predictive model [47,197-199]. In
particular, the selection of the algorithm must be aligned with the nature of the data and the
specific objectives of a given study, ensuring interpretable, adaptable and relevant results
for environmental decision-making.

RQ2. Which AI/ML/DL algorithm allows a better estimate of water quality?

The literature review identified a wide range of AI/ML/DL models developed both
as standalone approaches and hybrid frameworks to enhance water quality prediction.
Defining a single robust predictive model remains a challenge for researchers. However,
certain algorithms stand out for their efficiency. For instance, the light gradient boosting
machine (LightGBM) has emerged as a highly effective option due to its ability to process
large datasets, fast training speed, and optimized architecture designed to minimize compu-
tational cost while maximizing predictive accuracy. Recent studies have reported accuracies
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exceeding 90% in the estimation of physicochemical parameters [200-202]. This technique
is particularly notable for its consistent performance in water bodies with high variability.

The XGB algorithm has demonstrated remarkable performance in classifying both
surface and groundwater quality, achieving accuracy levels close to 89% [203,204]. Its
integration with XAI techniques such as SHAP enables the interpretation of key indicators
such as zingc, nitrates, and chlorides, thereby improving the transparency of predictive
models [203]. On the other hand, study [205] evaluated the XGB model alongside the ETR
and GBR regression models to predict water quality in the Weihe River Basin, China. The
study addressed the challenges of monitoring NH3-N, TP, COD, and DO using multispectral
images by integrating meteorological data (temperature, precipitation, evapotranspiration,
and wind speed) and land use types as covariates in the models, which were assessed
under three scenarios: remote sensing; remote sensing + meteorology; and remote sensing
+ meteorology + land use. Methods such as Correlation Analysis (CA), Feature Importance
Analysis (FIA), and SHAP were employed to select sensitive spectral bands and evaluate
the contribution of multi-source data to improve model accuracy. The results showed that
the GBR and ETR models were more robust and transferable, enabling the generation of
spatial inversion maps with accurate concentrations of WQPs.
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Figure 10. ML /DL models most used in water quality prediction: (a) Classification; (b) Percentage
of applicability.

Time-series-based models, particularly LSTM architectures and their hybrid variants
such as LSTM-CNN and CEEMDAN-LSTM, have achieved accuracies ranging from 90%
to 93% by capturing complex dynamic patterns [6,43,88,116,155,206]. The incorporation
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of Transfer Learning further enhances performance by enabling efficient adaptation under
data limitations [101,103,104]. Although MLP models have a simpler structure, they yield
accuracies between 85% and 89% in sequential scenarios. Optimizing their parameters through
genetic algorithms has improved precision in hydrologically realistic contexts [197,207-209].

Finally, hybrid approaches that combine multiple algorithms have reached accuracies
above 92%, standing out for their adaptability to outlier values and their generalization ca-
pacity [157,210]. In summary, although no single model consistently outperforms across all
contexts, algorithms that integrate interpretability, deep architecture, and hybrid strategies
have delivered more accurate and reliable results. The selection of the most suitable model
depends on the type of data, the analytical objectives, and the specific conditions of the
water system under study.

RQ3. What limitations have been identified in the use of AI/ML/DL for water
quality prediction?

A relevant aspect identified in this work is the study of spatial and temporal varia-
tions in the evaluation of water quality in the context of missing data, primarily due to
missing data caused by measurement system failures, operational errors, environmental
phenomena, and the non-continuous sampling frequency of water quality data. These
limitations constrain the availability of reliable datasets for classification and evaluation
purposes. In this context, Time Series Analysis (TSA) models combined with machine
learning approaches, particularly long short-term memory (LSTM) networks have proven
highly effective in addressing these challenges and estimating future values of water quality
parameters (WQP) or water quality indices (WQI) based on historical data [211-213].

It was observed that DL models face various challenges compared to traditional phys-
ical models for water quality prediction. These include the complexity of internal structure
and parameter adjustment, reliance on large datasets for effective training, and a lack of
physical constraints, which can make it difficult to explain prediction results. Similarly,
obtaining high-reliability data for certain water quality parameters can be difficult, limiting
the applicability of deep learning approaches [214]. However, these challenges have be-
gun to be overcome with the development of hybrid models and the use of interpretable
approaches [25,88,114,215,216]. In general, the accuracy of the predictions of AI/ML/DL
models is influenced by the availability and quality of historical data, and the models
developed can be sensitive to variations in environmental conditions over time.

Recent literature has shown that some of these limitations can be mitigated through
the use of LSTM models combined with Transfer Learning (TL) techniques [101,103],
particularly instance-based approaches such as TrAdaBoost [96]. This model inherits
the strengths of both LSTM and TL, offering powerful capabilities to capture long-term
dependencies in time series and the flexibility to leverage related knowledge from complete
datasets to fill large-scale consecutive data gaps [96]. Notably, prediction performance
can be further enhanced by applying wavelet transforms to suppress noise in time-series
signals, serving as an optimization mechanism for predictive modeling [89]. In this regard,
model performance depends heavily on how variables are cleaned, transformed, and
selected. For this reason, optimization algorithms such as Particle Swarm Optimization
(PSO) [217,218], among others [114,118,219], are widely used.

Finally, variations in model performance caused by seasonal changes, extreme events, or
point-source contamination which can significantly affect prediction accuracy have been ad-
dressed using Generative Adversarial Networks (GANs). These networks enable the simulation
of abnormal or extreme conditions that are poorly represented in real datasets [163]. While data
scarcity and climate variability driven by extreme events have posed significant challenges to
water quality prediction using AI/ML/DL techniques, the recent literature reveals a growing

141



Water 2025, 17, 2994

interest in bridging this gap—an essential step toward ethical and transparent water resource
management. In this context, study [220] introduced the Multi-Scale Weighted-Slope Regression
(MS-WSR) model, which demonstrated strong robustness in predicting water levels across six
lakes, achieving high accuracy and adaptability under climate variability.

From an ethical and regulatory standpoint, Al-based models have emerged as power-
ful yet ambivalent tools in water treatment, conservation, and management. While they
offer transformative potential to address pressing water challenges, but its use raises con-
cern about its considerable water consumption and potential environmental impact. These
issues can be mitigated through the integration of renewable energy sources reducing both
water footprints and greenhouse gas emissions, and the implementation of water reuse
systems that lessen reliance on freshwater and minimize wastewater-related effects [221].
Furthermore, the lack of explainability in certain models may undermine trust in the predic-
tions that inform transparent decision-making in water governance. Emerging technologies
such as XAl offer promising solutions to issues of opacity and bias, paving the way for
more sustainable and accountable water resource management.

RQ4. What emerging variants currently exist in AI/ML/DL models for estimating
water quality?

A current trend in water resource management using AI/ML/DL is the development
of hybrid algorithms, which have gained relevance as a strategy to improve the accuracy
of water quality parameter estimation. For instance, models based on Variational mode
decomposition optimized by the sparrow search algorithm (SSA-VMD), combined with
Bidirectional Gated Recurrent Units (BiGRU), have achieved over 96% efficiency in the
case of Qiandao Lake, China [222]. These hybrid approaches enable the capture of both
nonlinear patterns and temporal dynamics in hydro-environmental data.

In the context of time series prediction for water quality assessment, Transformer
models have shown notable advantages over LSTM networks. This architecture overcomes
the limitations of previous models by effectively capturing long-term dependencies and
correlations between distant points in time series—an essential capability for predicting
variables such as pH, turbidity, and dissolved oxygen. Unlike LSTMs, which process
data sequentially, the Transformer simultaneously analyzes the entire historical dataset,
significantly reducing training time, enhancing the extraction of relevant features, and
improving overall modeling efficiency [26]. Finally, there is growing interest in enhancing
the interpretability of machine learning models, given their “black box” nature. In this
regard, Explainable Al (XAI) techniques have been implemented to identify the relative
impact of water quality parameters on model predictions. The recent literature highlights
successful applications of SHAP in models estimating salinity and dissolved oxygen, and
in the prediction of heavy metal concentrations, contributing to more informed decision-
making in water management [164,165,223].

RQ5. What are the key water quality indicators used to assess natural water sources?

Water quality assessment in natural sources relies on a set of physicochemical and
biological parameters that characterize both the environmental status and the suitability of
water for various uses. According to the scientific literature reviewed, the most frequently
used parameters in predictive studies employing AI/ML/DL techniques include dissolved
oxygen (DO), biochemical oxygen demand (BOD), chemical oxygen demand (COD), total
suspended solids (TSS), temperature, pH, electrical conductivity (EC), chlorophyll-a (Chl-a),
nitrates, phosphates, and coliform bacteria. These indicators are considered conventional
and are regulated by international environmental standards due to their relevance in
characterizing both surface and groundwater bodies.
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Beyond these essential parameters, there is a growing trend in the literature toward
incorporating complementary variables such as heavy metals (e.g., arsenic, copper, lead),
nutrients (NO3~, NO,~, NH,*, PO43’), and trace metals (Fe, Mn, Zn, Cu, Cr), which
enhance the discrimination between different water quality categories. Additionally, the
integration of hydrogeological, meteorological, land use, and socioeconomic variables has
proven valuable in enriching predictive models by capturing the influence of external
factors on water body dynamics [129,224,225]. In this regard, meteorological, land use,
socioeconomic, and hydrogeological variables [226], for example, help illustrate how
human activities can alter the export of chemical elements through changes in vegetation
cover, ultimately affecting water quality [227].

5. Contribution and Future Work

The scientific literature review conducted in this article, covering the period 2015-2024,
using the integrated bibliometric-systematic literature review (B-SLR) methodology and
Topic Modeling, delved into AI/ML/DL techniques for predicting freshwater quality (sur-
face and groundwater). The review confirmed a state of maturity in the field, characterized
by exponential growth in scientific publications since 2020. It also allowed us to identify
key authors in the field, research gaps, emerging trends, and models with high predictive
performance. The main contribution of this study lies in its methodological approach,
which allowed us to identify the most relevant works that apply AI/ML/DL models in
studies related to surface and groundwater quality.

The results of this research confirmed the findings of the study [57], which received
more than 452 citations and reviewed predictive models for river water quality during
the period 2000-2020. However, by applying the B-SLR methodology, the present study
significantly expanded the scope of the analysis, updating the literature to 2024, identifying
emerging trends, and incorporating studies on freshwater groundwater as a potential
source of drinking water. This broader and more integrative approach allowed for a
deeper thematic mapping of the field, revealing underexplored areas and offering a more
complete understanding of current scientific advances. Regarding groundwater quality,
the study [109] from the period (1994-2022) highlighted that ANNs are the most widely
used in water quality modeling, with nitrate being the most studied parameter.

Complementing this knowledge, the present work identifies a transition from more
traditional approaches, such as ANNs, to more sophisticated models, such as XGB, LightGB,
and hybrid explainable architectures, such as XGB, LSTM-CNN, and SHAP. In addition,
promising emerging approaches are identified, such as Generative Adversarial Networks
(GANSs) and Group Data Handling (GMDH), used in data-scarce contexts. Transfer Learn-
ing (TL), applied for knowledge reuse and performance improvement in data-constrained
environments; and Transformer architectures, which have been shown to outperform LSTM
networks in time series prediction.

As future research, we propose expanding the spectrum of water quality parameters
considered in predictive models, incorporating emerging contaminants such as microplas-
tics, pharmaceuticals, and persistent organic compounds (POCs), which are of current
concern [195] in water management. Furthermore, a promising research gap could ex-
plore the scalability of Transformer models in real-time water quality monitoring systems,
especially in resource-limited settings.

Finally, we recognize that using citations as an indicator of quality has limitations. The
lack of distinction between open access and subscription articles can bias the results, given
that visibility and accessibility influence citation frequency. Furthermore, citation practices
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influenced by national or institutional affinities can distort the relationship between citation
counts and intrinsic quality.

The total number of citations reflects the overall scholarly impact of a body of work, yet
it may be misleading when disproportionately driven by a few highly cited publications or
diluted through extensive co-authorship, obscuring individual contributions [87]. Future research
should consider incorporating complementary metrics that evaluate the quality of cited works,
alongside approaches that integrate contextual impact and explainability indicators. Such enhance-
ments would enable a more equitable and nuanced assessment of scientific value, particularly in
disciplines where visibility does not necessarily correlate with methodological rigor.

6. Conclusions

This research demonstrates that the Bibliometric-Systematic Literature Review (B-SLR)
approach constitutes a robust methodology for analyzing the state of the art in highly dynamic
scientific fields, such as water quality prediction using AI/ML/DL techniques. By integrating
the structured rigor of a systematic review with the analytical depth of bibliometric analysis,
the B-SLR enabled the identification of domain-specific trends, thematic mapping of knowl-
edge, assessment of scientific impact, and detection of gaps in the literature—offering a more
comprehensive, precise, and context-aware understanding of the field.

The findings reveal that ensemble models (e.g., Bagging, Boosting), deep neural networks
(LSTM, CNN, MLP), and hybrid approaches have overcome the limitations of conventional
methods, delivering greater accuracy, adaptability, and the ability to handle incomplete or
nonlinear data. The integration of explainable artificial intelligence (XAI) techniques, such as
SHAP and LIME, has facilitated the development of more transparent and reliable models,
enhanced result interpretation and supported informed decision-making. Accordingly, the
selection of the optimal predictive model depends on multiple factors, including the type of
water body, geographic context, data availability, and the specific objectives of the study. In
this regard, hybrid and interpretable models emerge as the most promising alternatives for
addressing current challenges in water quality prediction.

Regarding the methodological approach employed in this study, the application of
B-SLR enabled the refinement of an initial database of 1822 articles into a final corpus of
274 highly relevant publications, through automated procedures and manual validation.
This process ensured the quality and relevance of the analyzed studies, reinforcing the
reliability of the results obtained. Furthermore, a detailed classification was achieved,
covering the most frequently used algorithms, the types of water bodies studied, key quality
indicators, and the methodological limitations faced by predictive models. Ultimately, this
work establishes a replicable and scalable methodological foundation for future research.
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AMT
ANFIS
ANFIS-GP
ANFIS-SC
ANN
AO-SVM
AR
AdaBoost
BDT
B-SLR
BiGRU
BMEF
BNN
BOD
BPNN
BRT

CA
Chl-a
CART
CatBoost
CBR
CEEMD
CNN
COD
CSA

DL

DBN
DCGAN
DENFIS
DNN
DO

DR
DRNN
DT

DWT
EANN
EANN-GA
EBM

EC
EFulNN
ELM

EN
EWQI

Alternating Model Tree

Adaptive Neuro-Fuzzy Inference System

Adaptive Neuro Fuzzy Inference System-Grid Partitioning
ANFIS-Subtractive Clustering

Artificial Neural Network

Aquila Optimization Support Vector Machine
Additive Regression

Adaptive Boosting

Boosted Decision Tree

Bibliometric-Systematic Literature Review
Bi-directional Gated Recurrent Units

Bayesian Maximum Entropy-based Fusion
Bayesian Neural Network

Biochemical Oxygen Demand

Backpropagation Neural Network

Boosted Regression Trees

Correlation Analysis

Chlorophyll-a

Classification and Regression Tree

Categorical Boosting

CatBoost Regression

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
Convolutional Neural Network

Chemical Oxygen Demand

Crow Search Algorithm

Deep Learning

Deep Belief Network

Deep Convolutional Generative Adversarial Network
Dynamic Evolving Neural-Fuzzy Inference System
Deep Neural Network

Dissolved Oxygen

Discretization Regression

Deep Recurrent Neural Network

Decision Tree

Discrete Wavelet Transform

Emotional Artificial Neural Network

Emotional Artificial Neural Network—Genetic Algorithm
Ensemble Bagged Machine

Electrical Conductivity

Evolving Fuzzy Neural Network

Extreme Learning Machine

Elastic Network

Entropy-weighted Water Quality Index
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ExT Extra Trees

FIA Feature Importance Analysis

ETR Extra Tree Regression

FFNNs Feedforward Neural Networks

FNN Feed-forward Neural Network

FSGCN Functional-Structural Sub-Region Graph Convolutional Network
FFA Firefly Algorithm

GAN Generative Adversarial Network

GB Gradient Boosting

GBM Gradient Boosting Machine

GBR Gradient Boosting Regression

GBT Gradient Boosted Trees

GC Global Citations

GEP Gene Expression Programming

GMDH Group Method of Data Handling

GNB Gaussian Naive Bayes

GPR Gaussian Process Regression

GRNN Generalized Regression Neural Network
GRU Gated Recurrent Unit

GS-RF Grid Search-Random Forest

GS-SVR Grid Search-Support Vector Regression
GWQI Groundwater Quality Index

HGB Histogram Gradient Boosting
IABC-BPNN Improved Artificial Bee Colony-Backpropagation
iML Interpretable Machine Learning

IoT Internet of Things

IWQI Irrigation Water Quality Index

KNN K-Nearest Neighbors

kPCA Kernal Principal Component Analysis
LC Local Citation

LIME Local Interpretable Model-agnostic Explanations
LR Logistic Regression

LRM Logistic Regression Model

LSSVR Least Squares Support Vector Regression
LSTM Long Short-Term Memory

LightGBM Light Gradient Boosting Machine

LGB Light Gradient Boosting

MARS Multivariate Adaptive Regression Spline
ML Machine Learning

MLR Multiple Linear Regression

MLRF Multi-label Classification Through Random Forest
MLP Multi-Layer Perceptron

MnLR Multinomial Logistic Regression
MS-WSR Multi-Scale Weighted-Slope Regression
NNE Neural Network Ensemble

PCA Principal Component Analysis

PCOs Persistent Organic Compounds

PLS Partial Least Squares

PNN Probabilistic Neural Network

PSO Particle Swarm Optimization

RBF Radial Basis Function

RBFNN Radial Basis Function Neural Network
RC Random Committee
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REPT Reduced Error Pruning Tree

RF Random Forest

RFR Random Forest Regression

RFC Randomizable Filtered Classification
RNN Recurrent Neural Network

RR Ridge Regression

RQ Research Questions

RT Regression Tree

SDGs Sustainable Development Goals
SHAP SHapley Additive exPlanations

SLR Simple Linear Regression

SMO Sequential Minimal Optimization
SMO-SVM Sequential Minimal Optimization-Support Vector Machine

SSA-CNN-LSTM

Sparrow Search Algorithm-Convolutional Neural Network-Long
Short-Term Memory

SSA-VMD Sparrow search algorithm-Variational mode decomposition
SVM Support Vector Machines

SVR Support Vector Regression

SVMR Support Vector Machine Regression

SWEBM Stochastic Weighted Ensemble Bagged Machine
TC Total Citations

TDS Total Dissolved Solids

TL Transfer Learning

TSS Total Suspended Solids

WA Wavelet Analysis

W-MGGP Wavelet-Multigene Genetic Programming

WQI Water Quality Index

WQP Water Quality Parameters

WT Wavelet Transform

WT-ANN Wavelet Transform-Artificial Neural Network
XAI eXplainable Artificial Intelligence

XGB eXtreme Gradient Boosting
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Abstract: Accurate estimation of groundwater levels in river basins is essential for effective
water resource planning. Innovations in deep learning and artificial intelligence (AI)
have been introduced into this field to enhance the accuracy of long-term groundwater
level estimation. This study employs the Transformer deep learning model to estimate
groundwater levels, with a benchmark comparison against the long short-term memory
(LSTM) model. These models were applied to estimate groundwater levels in the Yellow
River Basin, where approximately 1100 monitoring wells are located. Monthly average
groundwater level data from the period 2018-2023 were collected from these wells. The two
models were used to estimate groundwater levels for the period 2003-2017 by incorporating
remote sensing information. The Transformer model was enhanced to simultaneously
capture features from both historical temporal data and surrounding spatial data, while
automatically enhancing key features, effectively improving estimation accuracy and
robustness. At the basin-averaged scale, the enhanced Transformer model outperformed
the LSTM model: R? increased by approximately 17.5%, while RMSE and MAE decreased
by approximately 12.4% and 10.9%, respectively. The proportion of poorly predicted
samples decreased by an average of approximately 12.1%. The estimation model established
in this study contributes to improving the quantitative analysis capability of long-term
groundwater level variations in the Yellow River Basin. This could be helpful for water
resource development planning in this densely populated region and likely has broad

applicability in other river basins.

Keywords: GRACE; groundwater; deep learning; transformer; estimation; time series

prediction; Yellow River Basin

1. Introduction

Groundwater constitutes a critical global water resource, providing drinking water
to approximately half of the world’s population [1] and supporting around 33% of global
irrigation water demand [2]. However, driven by continuous population growth and
exacerbated by climate change [3], unsustainable groundwater over-extraction has emerged
as a widespread phenomenon. This leads to the rapid depletion of groundwater resources
in many regions worldwide, surpassing anticipated rates [4], thereby posing a severe threat
to both human societal development and natural ecosystem protection. Consequently,
accurately assessing the dynamic trends of groundwater storage changes becomes essential

for ensuring water security and achieving regional sustainable development.
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Groundwater monitoring has traditionally relied on in situ measurement methods,
such as monitoring wells [5]. But these approaches entail substantial labor and equipment
costs and exhibit limited spatial and temporal coverage, presenting significant challenges
for acquiring continuous, long-term groundwater level data across large regional scales.
Within this context, remote sensing technologies offer a critical alternative. Current satellite
systems, including GRACE/GRACE-FO [6], GLDAS, SMAP, and NISAR, have demon-
strated substantial utility for groundwater level estimation and hold promise for broad
application.

Groundwater level estimation primarily relies on two types of methods: physical
models and data-driven models. Physical models are typically based on the groundwater-
subsidence coupling theory [7], the groundwater—surface water hydrological coupling
theory [8], or the Darcy’s law—mass conservation law coupling model [9]. These models
require a large amount of precise hydrological observation data for parameter calibration
to ensure the reliability of the simulation results. However, physical models face significant
challenges: the required hydrological parameters are diverse and demand high accuracy,
and their calibration process involves complex reasoning and iterative calculations [10].
Additionally, uncertainties inherent in the physical models, such as the choice of parameter
types and boundary condition settings, can significantly constrain the interpretability of
the estimation results [11].

Machine learning methods, particularly deep learning techniques, have demon-
strated significant utility in time series estimation tasks in recent years [12]. Among
these, long short-term memory (LSTM) networks utilize gating mechanisms to selec-
tively retain or discard information, enabling effective capture of temporal dependencies
within extended sequences. This capability has established LSTM as a widely applied
approach for groundwater level estimation; researchers have successfully employed it
using actual monitoring data [13]. But LSTM exhibits notable limitations in modeling
long-term temporal dependencies: its relatively simple gating architecture is susceptible
to challenges such as vanishing or exploding gradients [14]. Furthermore, its perfor-
mance is constrained in scenarios characterized by severe data sparsity or sequences
exhibiting strong nonlinearity.

The Transformer model is a deep learning architecture based on the self-attention
mechanism [15], which abandons the traditional Recurrent Neural Network (RNN) and
Convolutional Neural Network (CNN) structures, instead adopting a multi-head self-
attention mechanism to capture global dependencies between arbitrary elements in the
input sequence, particularly excelling at processing long sequence data. This model has
been widely applied in the field of Natural Language Processing (NLP) for tasks such
as machine translation, text generation, and question answering systems [16]. In recent
years, its powerful self-attention mechanism has attracted the attention of time series
estimation researchers [17]. Researchers treat time series as sequential data and utilize the
Transformer to capture complex long-term patterns and correlations within the sequence.
These explorations have demonstrated the potential of the Transformer in handling
complex long-sequence time prediction tasks. Moreover, the successful applications of
Transformer in hydrology, meteorology, and other earth science fields [18,19] further
indicate its applicability to groundwater level estimation tasks. This study aims to
leverage the advantages of the Transformer model in complex time series modeling,
particularly its strong representation capability of long-sequence temporal features
through the self-attention mechanism, with the goal of improving groundwater level
estimation accuracy and exploring its new application value beyond traditional fields
such as Natural Language Processing.
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The Transformer model serves as the foundational architecture for this study. To
address specific characteristics of groundwater level estimation, we implement the fol-
lowing enhancements. Groundwater level fluctuations are governed by both temporal
variations within the local region and hydrological interactions with surrounding areas [20],
but previous studies on groundwater time series estimation have predominantly focused
on local temporal dynamics [21], with limited incorporation of spatial interdependencies
between regions. This limitation may particularly impact areas characterized by sparse
observation points.

To effectively integrate information from surrounding regions into the estimation
process, we propose a Dynamic-Static Feature Fusion (DSFF) mechanism tailored for the
Transformer architecture. This mechanism utilizes the contextual relationships between
input keys to guide the learning of a dynamic attention matrix, thereby capturing intrinsic
temporal dependencies within the target region. Concurrently, a 3 x 3 convolutional layer
extracts static spatial-contextual information from adjacent areas. The fused static and
dynamic contextual representations subsequently serve as the input for modeling. This
enhancement successfully augments the model’s information acquisition capability.

Groundwater level variations are governed by multiple driving factors, with dominant
influences and their relative contributions exhibiting significant spatial heterogeneity [22].
While prior studies have addressed factor influence, they predominantly employed corre-
lation analyses of input hydrological features (e.g., Pearson’s correlation coefficient) [23],
providing relatively limited insight into the dynamic weight allocation mechanisms within
temporal feature representations. This inherent constraint fundamentally restricts model
interpretability during estimation.

Consequently, when applying the Transformer architecture for groundwater level
estimation, the dynamic evaluation and utilization of feature channel weights constitutes
a critical challenge. To address this, we design a Key Feature Enhancement Architecture
(KFEA) tailored for the Transformer model, explicitly modeling inter-channel dependencies
and integrating the squeeze-and-excitation (SE) mechanism to generate pixel-specific chan-
nel weights. This mechanism adaptively enhances feature channels, conveying information-
rich signals while suppressing those containing redundant or less relevant information.
This selective emphasis enables the model to concentrate on the most critical temporal
patterns during estimation, thereby substantially enhancing the interpretability of the
estimation process.

This study addresses three principal challenges in large-scale groundwater time series
estimation: the inadequate modeling of long-range temporal dependencies, imprecise
identification of critical temporal features, and insufficient incorporation of spatiotemporal
information correlation. To overcome these limitations, we propose a groundwater level
estimation model founded on an enhanced Transformer architecture. Our core contribu-
tions are summarized as follows: (1) We introduce a Transformer encoder framework for
time series estimation, which employs sliding windows to extract local temporal features,
self-attention mechanisms to capture global dependencies, and positional encoding to
preserve temporal integrity. This approach enhances the model’s capacity to represent
long-range dependencies. (2) The KFEA dynamically calibrates feature channel weights
via squeeze-and-excitation (SE) operations, adaptively amplifying information-rich chan-
nels and suppressing noise, thus improving sensitivity to critical features and robustness
against anomalies. (3) The DSFF mechanism integrates the target pixel’s dynamic temporal
features with adjacent pixels’ static spatial contexts using a 3 x 3 convolutional layer,
addressing spatiotemporal correlation challenges and enhancing spatial consistency of
estimation results.
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2. Materials and Methods
2.1. Study Area

The study area encompasses the Yellow River Basin (32° N-42° N, 96° E-119° E),
spanning approximately 795,000 km? (Figure 1). This basin traverses the Qinghai-Tibet
Plateau, Loess Plateau, Inner Mongolia Plateau, and North China Plain, exhibiting complex
topographical gradients across China’s three major geomorphological steps. Climatically,
the basin is characterized by a mean annual temperature of 5.8 °C, mean annual precipita-
tion of 466.5 mm, and potential evapotranspiration of 653.6 mm [24], based on long-term
observational records. Groundwater constitutes a critical component of the basin’s hy-
drological cycle, regulating regional water resource dynamics. However, comprehensive
basin-scale assessment is challenged by spatially heterogeneous groundwater monitoring
infrastructure, with significant regions exhibiting sparse or nonexistent well observation
points [25]. This constraint necessitates the development of novel data acquisition ap-
proaches to support quantitative groundwater resource evaluation.

100° 0’ 0°E 105° 0’ 0°E 110° 0'0°E 115° 0’ 0°E
N 1 1 1

90° 0" 0°E 120° 0’ 0"E
1 L

Monitoring well

Yellow River

Basin boundary
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Figure 1. Distribution of groundwater monitoring wells in the Yellow River Basin.

2.2. Data Sources
2.2.1. The Gravity Recovery and Climate Experiment (GRACE)

The GRACE mission (National Aeronautics and Space Administration (NASA), Wash-
ington, DC, USA) provides a methodology for monitoring large-scale mass variations
within the Earth system. Utilizing a twin-satellite ranging system, GRACE observes the
Earth’s mass distribution and transport dynamics, enabling estimation of terrestrial water
storage changes—comprising snow water equivalent, surface water, soil moisture, and
groundwater storage. The derived GRACE dataset quantifies terrestrial water storage
anomalies as equivalent water height (EWH). An eleven-month observational gap exists
between the conclusion of GRACE operations and the initiation of GRACE Follow-On
(GRACE-FO). To meet the needs of remote sensing data for groundwater level in the model
training parts and inversion estimation parts must ensure data continuity, missing monthly
EWH values within this gap were reconstructed using cubic spline interpolation, resulting
in a continuous terrestrial water storage time series from April 2003 to October 2023 [26].
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2.2.2. Global Land Data Assimilation System (GLDAS)

The GLDAS soil moisture dataset, collaboratively developed by NASA and the Na-
tional Oceanic and Atmospheric Administration (NOAA), leverages land surface modeling
frameworks and data assimilation methodologies. This integration merges satellite remote
sensing observations with in situ ground-based measurements to enable precise estimations
of land surface flux dynamics and state variable distributions. For the present study, we uti-
lize the 2 m depth soil moisture outputs from the GLDAS Noah-V2.1 model to characterize
the spatiotemporal patterns of soil water storage within the Yellow River Basin.

2.2.3. Measured Groundwater Level

The groundwater level data used in this study are provided by the China Geological
Environmental Monitoring Institute (Geological Cloud 3.0, cgs.gov.cn), which are obtained
from observation wells (approximately 1100) in certain regions of the Yellow River Basin.
The data covers the period from October 2018 to October 2023 at monthly intervals, with
high precision. The well observation points are mainly distributed in plains, river valleys,
and other areas with high human activity (Figure 1).

2.3. Methods
2.3.1. Calculation Method of Groundwater Level

Observing and quantifying groundwater level variations presents significant chal-
lenges, especially in large aquifer systems [27]. Direct measurements of groundwater
levels depend on a network of observation wells with sparse spatial distribution, which of-
ten lacks the spatial coverage required to resolve aquifer heterogeneity. Consequently,
large-scale groundwater level monitoring necessitates the integration of remote sens-
ing data with in situ measurements to enable the estimation of groundwater level over
extensive areas.

In the estimation of groundwater level from remote sensing data, the conversion of
GRACE terrestrial water storage to groundwater storage is essential. Current methodolo-
gies primarily include the mass balance equation approach [28-31], lithology method [32],
and filtering technique [33]. The mass balance equation, the most widely adopted approach,
quantifies total mass or water volume changes within time-varying gravitational fields
by integrating complementary hydrological datasets to derive target variables [34]. Its
clear physical basis has enabled frequent applications in groundwater storage estimation
and assessments of extreme climatic events (e.g., droughts and floods) [35]. This study
employs the mass balance equation method for analytical purposes, leveraging its rigorous
framework to resolve groundwater storage from GRACE-derived terrestrial water storage
signals, and the groundwater storage and groundwater level well observation values are
modeled for time series estimation.

The mass balance equation represents the influence of factors such as soil water,
snowmelt, and surface water [36].

AGWS = ATWS — ASWS — ASMS (1)

In the equation, AGWS, ATWS, ASWS, and ASMS denote the anomalies of ground-
water storage change, total water storage change, surface water storage change, and soil
moisture storage change, respectively, during the study period (cm). GRACE satellite data
are typically employed to characterize the total water storage change (ATWS), whereas
GLDAS soil moisture data represent the soil moisture storage change (ASMS). The sur-
face water storage change (ASWS) is often omitted in groundwater storage estimation, as
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groundwater constitutes over 90% of the Earth’s total liquid freshwater resources [37,38].
Groundwater storage quantifies the vertical water change, while surface water storage
reflects horizontal water movement. The vertical component of surface water storage
change is generally negligible compared to its horizontal counterpart [39].

2.3.2. Spatial Interpolation Methods

The highest-resolution remote sensing data used in this study is the 0.25° GLDAS-
2 dataset. Therefore, other datasets in this research underwent spatial interpolation or
resampling to uniformly align with the 0.25° x 0.25° grid of GLDAS, covering a total of
1277 pixels across the Yellow River Basin.

1. Inverse Distance Weighting

Inverse distance weighting (IDW) represents a deterministic interpolation approach
rooted in distance-weighting principles. Its core premise is that proximal data points exert
a greater influence on the predicted value, with the impact of distant points diminish-
ing monotonically with increasing spatial separation. The IDW formulation employs a
weighted average framework, where the assigned weights are inversely proportional to
the distance raised to a power (commonly set to (p = 2)). This method eschews reliance
on statistical modeling, featuring a computationally parsimonious architecture that facili-
tates straightforward implementation, thereby rendering it suitable for rapid generation of
smooth spatial distributions. For the present study, a K-nearest neighbor (K-NN) variant of
IDW is adopted to enhance computational efficiency and mitigate the influence of remote
data points. This is achieved by imposing a constraint on the number of neighboring
points included in the interpolation calculation. Through systematic accuracy comparisons,
the optimal K value is determined to be 10, striking a balance between computational
tractability and spatial interpolation fidelity.

2. Ordinary Kriging

Kriging interpolation is a statistical-based spatial interpolation method assuming
geographic data have spatial autocorrelation, which is quantified by a variogram. This
method provides not only predicted values but also prediction error estimates, making
it suitable for variables with spatial continuity. The values at unknown points are calcu-
lated by computing the experimental variogram, fitting a theoretical variogram model
(spherical model in this study), and using the Linear Unbiased Estimation (BLUE) method.
Compared with simpler interpolation methods, Kriging interpolation handles uneven data
distributions more effectively. However, it has higher computational complexity and is
sensitive to the choice of variogram model.

2.3.3. Machine Learning Methods

In this study, we utilized machine learning methods to integrate ground well data
with remote sensing data for estimating groundwater levels. Ground well data provide
direct measurements of actual groundwater levels but suffer from short temporal coverage
and uneven spatial distribution, while remote sensing data capture groundwater storage
anomalies with longer temporal records and broad spatial coverage. A physical relationship
exists between these two datasets, and this relationship function remains relatively stable
over time at any given pixel location. Therefore, we employed machine learning methods
to analyze the relationship between these datasets at each pixel and subsequently used this
to estimate groundwater levels for years lacking actual well measurements.

Our study period was divided into a ‘Model Training Period” and a ‘Retrieval Esti-
mation Period’: the Model Training Period spanned from October 2018 to October 2023.
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During this period, both ground well data and remote sensing data were available. Various
machine learning models, as will be introduced later, were trained 200 times on the data for
each pixel within this period to obtain the optimal training results. The Retrieval Estimation
Period covered April 2003 to September 2018. For this period, only remote sensing data
were available. The optimal relationships derived during the Model Training Period were
applied to the remote sensing data from the Retrieval Estimation Period to estimate the
actual groundwater levels.

1. Transformer model

The main structure of the time series forecasting Transformer model consists of a
linear embedding layer, a positional encoding layer, Transformer encoder layers, and a
fully connected layer (Figure 2).

Positional
Encoding

Multi-Head
Attention

Figure 2. Time series prediction Transformer model structure.

The Transformer encoder layer serves as the core of the entire model, undertaking
the critical tasks of time series feature extraction and feature representation learning.
Composed of multiple identical encoder sub-layers, each sub-layer consists of a multi-head
self-attention layer and a feedforward neural network layer. The multi-head self-attention
layer enables the model to focus on information from different positions within the input
sequence during processing; by utilizing input query, key, and value matrices to compute
attention scores, the attention results from multiple heads are concatenated and linearly
transformed to generate the final output (Figure 3). This mechanism allows the model
to capture input sequence information from different representation subspaces, thereby
enhancing both its expressive and generalization capabilities.

Multi-Head (Q, K, V) = Concat ( head 1, head », ..., head h)W0 ()

head ;= Attention (QW, KWK, vwY) 3)

In the self-attention mechanism, Q (query), K (key), and V (value) are essential compo-
nents. The query represents the information request from each input position, allowing the
model to search for information from other positions. The key identifies the information
associated with each input position, assisting in matching with the query to find relevant
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positions. The value contains the actual information associated with the key, which, once a
match is found, is used for computation and output generation.

The feedforward network (FFN) performs nonlinear transformations and feature
extraction on the output of the multi-head self-attention mechanism, followed by residual
connections and normalization operations.

Multi-Head Attention

*

Linear

*

Concat
AL

N
hS{_ Scaled Dot-Product Attention
, Iu ] IA T4

) ) )
Linear Linear Linear
\Y% K Q

Figure 3. Multi-head attention parallel layers.

The linear embedding layer maps the input data from the original low-dimensional
space to a higher-dimensional feature space, thereby providing a richer feature representation.

The positional encoding layer generates a unique encoding vector for each position
in the input sequence and adds this vector to the input embedding vector at that position,
enabling the Transformer model to distinguish elements at different positions when pro-
cessing the input data. The positional encoding vectors are generated by a combination of
sine and cosine functions, with each dimension corresponding to a different frequency. The
positional encoding model is computed as follows:

. pos
PE (0, 21) = Sin <> (4)
pos, 2i) 2
10, 000 dmu;el
pos
PE (pos, 2i41)= €OS () (5)
pos, 2i+1) 2i
10,000 R

Here, PE denotes the positional encoding matrix obtained through the positional
encoding operation, where (i) represents the dimension index, (pos) represents the position
index, and dp,04e1 represents the input dimensionality.

The time series prediction process of Transformer model can be roughly described
as follows, as shown in Figure 4a, predicting the future time point dataset with the past
time series data (estimation in this paper). Different combinations of solid lines represent
different sample learning strategies. The red dashed line on the right in the figure represents
the predicted object for this step, and self-represents the input for this step.

To grasp the relationship between long-term dependence and short-term dependence
on data, different “layers” pay different attention to different time series patterns. Figure 5
shows the attention patterns of several layers. For example, some layers focus on the most
recent month and give the highest weight to these months (Figure 5: red line); some layers
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focus on long-term periodicity and give higher weight to the similar months of each year
(Figure 5: green line); while some layers have no obvious tendency and give uniform
weight to the data of each month (Figure 5: yellow line); and some layers attend from near
to far, taking into account the short-term and long-term characteristics (Figure 5: blue line).
The set meaning is shown in Figure 4b—d, where the purple input is the high-weight object.
By stacking multiple self-attention layers and applying appropriate methods to determine
the importance of different layers later, we obtain the final estimation result.
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Figure 4. (a) Self-attention estimation, (b) tend to learn recent months, (c) tend to learn similar months
(schematic only), and (d) tend to learn from near to far.
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Figure 5. Distribution of attention scores at different layers.

2. Key Feature Enhancement Architecture

In large-scale groundwater estimation, abnormal time series induced by extreme
hydrological events yield fluctuations with characteristics inconsistent with actual well
observations. To address this, a Key Feature Enhancement Architecture (KFEA) based on
SE-Net (squeeze-and-excitation networks) is designed in this paper. This module enables
the model to assign preferential attention to specific layers by learning the weights of each
channel in the feature vector, thereby improving the network’s adaptability and sensitivity
to the importance of different channel features and enhancing estimation accuracy.

This module consists of three main components: the squeeze operation, which extracts
channel features from the feature map (x); the excitation operation, which computes the
weights for these extracted features; and the scaling operation, which applies the computed
weights to the input feature map (x). These components can be described by the following
equations [40].
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Squeeze:
1 «—H w .
ZC:FSq:mztzlzjzluc(l’]) (6)

In the equation, (u) represents the feature vector of a specific channel in the feature
map (x), while (H) and (W) denote the height and width of the feature map, respectively.
Excitation:
S = Fex(zc) = 0(W20(Wa1zc)) ()

In the equation, W;; and W, are the weights of the fully connected layers, the activa-
tion function (0) is ReLU, (¢) is sigmoid function.
Reweighting:
X = Fscale (S, X) = Sx 8)

In the entire time series prediction model, this module processes the features outputted
by the Transformer encoder, analyzing different layers, enhancing the model’s adaptive
ability to feature importance, improving the prediction accuracy of the model.

3. Dynamic-Static Feature Fusion

In regional groundwater change analysis, dynamics are governed by both temporal
dynamics and spatial contextual dependencies from surrounding regions. To address
this, a Dynamic-Static Feature Fusion (DSFF) is designed in this paper based on the
COT Attention framework, integrating contextual mining and self-attention learning into a
unified architecture. This approach leverages static key—value relationships while exploring
dynamic feature interactions, enabling the model to capture both local temporal patterns
and global spatial dependencies in time series data.

The module first extracts static contextual relationships between keys via a 3 x 3
convolution layer, followed by two successive 1 x 1 convolutional operations for self-
attention computation based on queries and context keys to generate dynamic context. The
static and dynamic contexts are then fused to produce the final output (Figure 6). In time
series prediction tasks, the simultaneous capture of local and global sequence features is
critical. As a novel attention mechanism, this module enhances the Transformer model’s
feature extraction capability for time series by integrating convolutional operations with
dynamic attention weight calculations.
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Figure 6. Schematic diagram of COTAttention.

4. Integrated Transformer model

In time series tasks, SEnet exhibits specific adaptability for capturing key information in
sequential data. Through its squeeze-and-excitation mechanism, SEnet effectively enhances

167



Water 2025, 17, 2318

the weights of informative features while suppressing irrelevant ones. Conversely, the COT
framework’s output pattern integrating dynamic and static contexts enables comprehensive ac-
quisition of local and global information. Therefore, in addition to independent computations
using the Transformer model, this paper performs comparative analyses on combinations of
DSFF, KFEA structures, and the Transformer model. The comparative analysis framework
evaluates the synergistic effects of DSFF and KFEA within the Transformer architecture. The
structures of the three types of variants are shown in Figure 7.
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Figure 7. Transformer model variants: (a) Transformer-KFEA (b) DSFF-Transformer (c) DSFF-
Transformer-KFEA.

The improved models are referred to as Transformer-KFEA (a), DSFE-Transformer (b),
and DSFF-Transformer-KFEA (c). In the Transformer-KFEA model, the SEnet structure
is introduced at the end of the Transformer encoder, allowing the model to learn the
importance weights of each channel through global average pooling and fully connected
layers. This enhances the features of important channels while suppressing those of
less important ones. This mechanism helps the model focus on feature dimensions with
more informative content, thereby improving time series estimation accuracy. In the
DSFF-Transformer model, the DSFF structure is integrated into the Transformer encoder,
capturing local static context information through convolution operations and dynamically
generating attention key-value pairs based on input features. This aids in better capturing
both global and local information in time series estimation. The DSFF-Transformer- KFEA
model combines both methods to investigate whether their combined use can jointly
improve model performance.

5. LSTM

The LSTM model, a specialized variant of recurrent neural networks (RNNs), is widely
employed in sequence data analysis owing to its capability to capture long-term temporal
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dependencies, demonstrating notable achievements in diverse time series prediction tasks.
By leveraging memory cells and gating mechanisms, LSTM exhibits significant efficacy
in simulating complex temporal patterns and resolving dynamic groundwater variations
over time. However, when processing extremely long sequences, LSTM may encounter
challenges associated with vanishing or exploding gradient issues, which arise from the
inherent limitations in propagating error signals through extended temporal steps. The
gating mechanism of LSTM comprises three primary components: the forget gate, which
regulates information retention; the input gate, which controls new information integration;
and the output gate, which modulates state information exposure.

ft = O'(Wf-[ht_l, Xt] —|-bf) (9)

it= o(Wj -[he_1, xi] +bj) (10)

Ct = ft®thl —+ it®tanh(WC-[ht,1, Xt] + bC) (11)
ot = 0(Wo-[he1, xi] +bo) (12)

hy = o®tanh(Cy) (13)

In this context, f; represents the activation value of the forget gate, i; denotes the
activation value of the input gate, C; refers to the cell state, o; indicates the activation value
of the output gate, and h; represents the hidden state.

As a model that also focuses on long-range dependencies and positional information,
this study attempts to utilize LSTM to perform the same task and outputs the results for
comparative analysis with the Transformer model and its variants.

2.3.4. Core Metrics and Hyperparameter Configuration

This study employed three core metrics—Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and the Coefficient of Determination (R?). During the model training
period, the information contained within each pixel was divided into an 80% training set
and a 20% test set, thereby obtaining these metrics. RMSE is a metric for quantifying
prediction error, calculated by averaging the squared differences between predicted and
actual values, followed by taking the square root of the result. RMSE emphasizes larger
prediction errors, making it more sensitive to outliers, with smaller RMSE values indicating
predictions that are closer to the true values. MAE is another quantitative measure of
prediction error, computed as the average of the absolute differences between predicted
values and actual observations. MAE directly reflects the average magnitude of prediction
errors, with smaller values indicating more accurate predictions. Unlike RMSE, MAE
penalizes large errors less severely, making it more robust to outliers. R? represents the
proportion of variance in the observed values that is explained by the model, with values
ranging from 0 to 1. The closer R? is to 1, the higher the goodness of fit of the model.

N2
RMSE —\/312?_1 (Yi - Yi) (14)

1 A
MAE=-}7", lvi—y (15)
A
Y <Yi - Yi>
R?=1 — (16)

Y <Yi - Y)z
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In this context, y; represents the true value of the i -the observation, §j; denotes the
predicted value of the i -the observation, and n refers to the number of samples.

Hyperparameter configuration (see Table 1) significantly impacts the performance and
prediction accuracy of the algorithm during the model training period. For instance, insuffi-
cient iterations may lead to the results not converging to the optimal value, while excessive
iterations may cause overfitting and degrade performance, thereby affecting prediction
accuracy. To prevent overfitting while ensuring fitting accuracy, an early stopping mecha-
nism is implemented in the model. Training will be terminated when the validation loss
(val-loss) does not improve for a specified number of epochs, as determined by the patience
parameter. By analyzing the performance of R? achieved under different iteration counts
during the model training period, the training performance for each iteration configuration
was determined. Consequently, the maximum number of iterations was set to 200, with a
patience value of 75. Other hyperparameters were determined in a similar manner. Potential
effective hyperparameter options were identified by preliminary experimental results and
reviewing relevant studies [41,42]. For the Transformer and its variants, potential optimal
selections were obtained for parameters such as learning rate, dimension, self-attention
heads, and encoder layers, and the optimal combination with the highest R? was determined
through grid search testing on the test set (A partial illustration of the Transformer model
prototype is shown in Table 2). For model variants incorporating the DSFF module, with
other parameters fixed, combinations of COT Convolution Kernel sizes of 3 x 3 and 5 x 5
were tested, respectively. The 5 x 5 kernel showed significantly poorer R? performance than
the 3 x 3 kernel across almost all pixels in the test set. For model variants incorporating the
KFEA module, the SENet Channel Compression Ratio was tested in a similar manner, with
16 being selected as it yielded the best R? performance among the tested values of 8, 16, and
32. The specific hyperparameter configurations are as follows.

Table 1. Hyperparameter configuration.

Epochs/ Learning Self- Encod CcoT SEnet Channel
Model Name P pt?c S Rate Dim Attention ]fl cocer Convolution = Compression
atence (Adam) Heads ayers Kernel Ratio
Transformer 200/75 0.0001 128 4 4 - -
Transformer-KFEA 200/75 0.00005 128 4 4 - 16
DSFFE-Transformer 200/75 0.0001 128 4 4 3x3 -
DSFE-Transformer-KFEA 200/75 0.0001 128 4 4 3x3 16
LSTM 200/75 0.002 - - - - -
Table 2. Results of hyperparameter optimization via grid search (evaluated by test set R?).
Epochs/ Learning . Self-Attention Encoder Test Set
Model Name Patience Rate (Adam) Dim Heads Layers R?
Transformer 200/75 0.0001 32 4 4 0.59
Transformer 200/75 0.00005 32 4 4 0.52
Transformer 200/75 0.00001 32 4 4 0.5
Transformer 200/75 0.0001 64 4 4 0.62
Transformer 200/75 0.00005 64 4 4 0.54
Transformer 200/75 0.00001 64 4 4 0.53
Transformer 200/75 0.0001 128 4 4 0.68
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3. Results
3.1. Comparison of Estimation Performance of Various Machine Learning Models

This study employed various machine learning models to estimate groundwater
levels in the Yellow River Basin. During the model training period, well groundwater
level data were converted into areal datasets using inverse distance weighting (IDW) and
Kriging interpolation methods. These datasets were then resampled to match 0.25° x 0.25°
resolution remote sensing pixels, thereby obtaining paired data of well groundwater levels
and remote sensing-derived groundwater storage. Subsequently, time series estimations
were performed for groundwater levels across all 1277 pixels.

3.1.1. Influence of Spatial Interpolation Method on Model Estimation

The two interpolation schemes exhibit differential impacts on the model architec-
tures: negligible influence on the baseline LSTM and Transformer models, moderate effect
on the KFEA-integrated variant, and more pronounced impact on the DSFF module-
incorporated architecture. Under the IDW scheme, the DSFF-Transformer model demon-
strates a 10.7% reduction in R? variance compared to the baseline Transformer, whereas the
DSFF-Transformer-KFEA model shows only a 0.5% variance decrease.

This phenomenon can be attributed to the DSFF model’s reliance on surrounding data
for static information acquisition, where different interpolation schemes cause variations
in peripheral data to exert influence. The DSFF model’s behavior of collecting relatively
large-scale data and employing time series estimation introduces additional information
into the estimation process. This approach helps reduce sensitivity to outliers but may
simultaneously introduce new noise. Consequently, the number of samples decreases in
high and low R? zones while increasing in intermediate R? zones, as shown in Figure 8.

R? Range
=]
o
1

0.0
DSFF-T-KFEA KFEA DSFF Transformer LSTM

Figure 8. R? distribution of each model.

The RMSE values for the five models under the dual interpolation scheme across the
entire region are 0.292, 0.299, 0.311, 0.317, and 0.331, respectively, with corresponding MAE
values of 0.227, 0.227, 0.241, 0.240, and 0.250 (Table 3). The results show that Kriging method
yields lower error metrics compared to the IDW method. The IDW method assigns weights
solely based on distance, which may lead to the “bull’s-eye effect” where excessive weight
is placed on nearby data points, causing concentric variations in the interpolation surface.
In regions with uneven distribution of monitoring points (such as dense urban areas) or
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spatial correlation features (such as directionality or anisotropy), the distance-based weight
distribution of IDW may result in non-uniform interpolation outcomes.

Table 3. R2, RMSE, and MAE of each model.

Index

Interpolation DSFF-Transformer- Transformer- DSFE-

Scheme KFEA KFEA Transformer Transformer

LSTM

Kriging 0.478 0.468 0.461 0.450
IDW 0.476 0.464 0.451 0.453

0.404
0.408

RMSE

Kriging 0.467 0.479 0.494 0.494
IDW 0.759 0.778 0.805 0.811

0.534
0.865

MAE

Kriging 0.362 0.369 0.376 0.380
IDW 0.589 0.596 0.617 0.620

0.408
0.658

3.1.2. Influence of Machine Learning Model on Estimation

Significant differences in predictive performance exist across the 1277 sample regions
for the same model structure, with the percentage of samples for which the models fail to
produce valid predictions (R? < 0) shown in the table. The results indicate that the use of
different spatial interpolation schemes has a certain impact on data availability.

Under the Transformer model’s core architecture, the IDW method yields fewer
unusable points. Among the model variants, the Transformer-KFEA demonstrates the
highest data adaptability, with the lowest percentages of unusable points under both spatial
interpolation schemes (5.40% and 5.87%, respectively). In contrast, the DSFF-Transformer
model exhibits the lowest data adaptability (12.37% and 11.12%), as shown in Table 4, a
phenomenon likely attributed to the DSFF module’s reliance on structured data inputs
during the 3 x 3 convolution step. This dependency may limit its predictive efficacy
in regions with pronounced anomalies, as the module requires coherent spatial context
for optimal feature extraction. The KFEA module’s channel-wise weighting mechanism
appears to mitigate sensitivity to data irregularities, contributing to the Transformer-KFEA
model’s enhanced robustness across interpolation schemes.

Table 4. Proportion of invalid samples (R? < 0) in each model.

Model

DSFF-Transformer-KFEA  Transformer-KFEA DSFF-Transformer Transformer

LSTM

Kriging
IDW

9.08% 5.40% 12.37% 8.61%
8.07% 5.87% 11.12% 8.93%

9.40%
10.18%

After excluding samples with ineffective predictions, Figure 8 (the dashed line repre-
sents the quartiles and median) presents the distribution of R? values for samples obtained
using different machine learning models through five sets of paired violin plots, where
each pixel is treated as a sample. Within each set, the left violin plot corresponds to Kriging
interpolation results, while the right represents IDW results. The R? values of the five
models primarily cluster within the range of 0.3 to 0.7, illustrating that time series fore-
casting models are substantially influenced by the volatility of real-world data. In regions
with distinct data characteristics, the models effectively capture trend patterns, whereas in
areas with obscure data features or anomalous fluctuations (such as extreme hydrological
events), the models’ learning capacity is notably compromised, leading to a sharp decline in
R? values. This results in a distribution roughly resembling a “dumbbell” shape.

After excluding a small subset of non-representative samples, the table presents the
R2, RMSE, and MAE metrics for the five models under two spatial interpolation schemes.
The average RMSE values across the entire region for the dual interpolation scheme are
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0.613, 0.629, 0.650, 0.653, and 0.699 for the five models, with corresponding MAE values of
0.476, 0.483, 0.497, 0.500, and 0.533. The results demonstrate that the Transformer model
exhibits reduced prediction volatility and higher accuracy compared to the LSTM model.

Since our model primarily improves upon existing frameworks, the traditional Diebold—
Mariano (DM) test tends to be conservative—often failing to reject the null hypothesis that
new and old models exhibit no significant difference. Therefore, this study employs the
Clark-West (CW) test for significance testing, a method designed for comparing nested
models. In CW tests of the enhanced models, the DSFF-Transformer-KFEA demonstrated
statistically significant improvements over both the Transformer prototype and LSTM model
in approximately 56.2% and 57.4% of the 1277 pixel-based samples, respectively.

Furthermore, the accuracy improvement conferred by the DSFF module is found to be
limited, potentially due to the module introducing additional information that propagates
the influence of short-term significant fluctuations in local data caused by extreme hydro-
logical events in the original dataset. In contrast, the KFEA structure effectively filters
the new information introduced by the DSFF module, assigning preferential weights to
informative channels. As a result, the model integrating both KFEA and DSFF modules
demonstrates a notable accuracy enhancement relative to the baseline model and single-
module configurations. These findings highlight the synergistic effect of channel-wise
feature weighting (via KFEA) and contextual-temporal attention (via DSFF) in mitigating
interpolation-induced noise and improving predictive robustness.

The regional average of the deviation from long-term mean groundwater level between
model estimates and well groundwater level across the Yellow River Basin is visualized in
Figure 9, demonstrating the propagation of model estimates from more recent years toward
older years, depicting the prediction performance across the entire study area. The correlation
coefficients between the estimated groundwater levels obtained by the Transformer model
and its variants and the actual well groundwater level from ground-based wells are 0.829,
0.822,0.847, and 0.838, respectively. During periods of relatively stable hydrological changes,
all models effectively capture and fit the trends of groundwater variations. Analysis of well
measured data and GRACE-derived signals indicates that the models can accurately resolve
annual periodic fluctuations and long-term trends in groundwater storage.

——DSFF-Transformer ——LSTM

—— Transformer-KFEA —— Transformer
——DSFF-Transformer-KFEA e===Well groundwater level

Deviation from Long-term Mean Groundwater Level (m)
o
=

202210 202110 202010 201910 201810
Month(reverse)

Figure 9. Comparison between the well groundwater level and models.
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Notably, the Transformer model exhibits certain limitations in learning local extrema,
leading to systematic overestimation of low values and underestimation of high values.
Among the model variants, the Transformer-KFEA demonstrates superior trend simulation,
achieving the highest correlation coefficient. This performance advantage is likely related
to the KFEA module’s capability to prioritize critical components in long-term time series
information, enabling enhanced trend fitting across the Yellow River Basin. The module’s
channel-wise weighting mechanism may enhance the model’s sensitivity to dominant
hydrological signals, thereby mitigating the impact of noise in extreme value regions.

3.2. Spatial Representation of Estimation Results

The R? values of the five models across the upper, middle, and lower reaches of the
Yellow River are tabulated (Table 5). Under Kriging interpolation, the average R? values
for the five models in the upper, middle, and lower reaches are 0.426, 0.466, and 0.793,
respectively, whereas IDW yields corresponding values of 0.461, 0.426, and 0.763. Both
interpolation methods show the highest estimation accuracy in the lower reach, primarily
due to the significantly higher density of monitoring wells in this region. This dense
monitoring network enables comprehensive spatial coverage of groundwater conditions.
Conversely, the upper reach exhibits lower accuracy owing to sparse well distribution and
extremely limited monitoring points.

Table 5. Models R? for different basins.

Interpolation DSFF-Transformer Transformer DSFF-

Basin Scheme -KFEA -KFEA Transformer Transformer LST™M
Unstream Kriging 0.446 0.430 0.425 0.441 0.387
P IDW 0.496 0.445 0.471 0.489 0.405
. Kriging 0.495 0.498 0.490 0.435 0.413
midstream IDW 0.445 0.461 0.419 0.410 0.396
q Kriging 0.880 0.875 0.783 0.796 0.637
ownstream IDW 0.785 0.777 0.800 0.804 0.650

Notably, Kriging outperforms IDW in the relatively data-rich middle reach, while IDW
demonstrates slightly better performance in the data-sparse upper reach. This discrepancy
may be linked to Kriging’s underlying assumptions of stationarity and isotropy, which are
more susceptible to violation in areas with sparse sampling. In contrast, IDW’s simpler
distance-based weighting mechanism does not rely on such strict statistical assumptions,
potentially conferring greater robustness in regions with limited well observational data.

The results demonstrate that the DSFF module’s incorporation of peripheral data
provides fundamental support for upstream areas lacking well-measured data. Simulta-
neously, in the middle reaches affected by soil erosion, broader data collection mitigates
adverse impacts from systematic anomalies in gravity satellite observations. However,
introducing additional data may propagate deficiencies from other regions to adjacent
pixels. Consequently, standalone application of the DSFF module yields limited accuracy
improvements. After implementing the KFEA module’s screening mechanism—which fil-
ters incorporated data—this limitation is effectively overcome. The integrated dual-module
model consequently achieves the highest accuracy in both data-sparse upstream regions
and data-deficient middle reach areas.

The overall performance of different models in the Yellow River Basin is visualized
in Figure 10, showing that the high and low accuracy areas of each model exhibit similar
spatial distributions: lower accuracy in the central and western regions, and higher accuracy
in the northeastern regions. This pattern is likely associated with the fact that a significant
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portion of the central and western regions are in mountainous areas and the Loess Plateau,
which are characterized by complex geological structures, substantial fluctuations in surface
water flow, and the impact of soil erosion. The heterogeneous geological structures in
these regions may diminish the representativeness of monitoring points in reflecting the
actual groundwater conditions of their surrounding areas. Long-term soil erosion can also
lead to surface mass migration, thereby affecting the gravity readings of GRACE satellites
and indirectly impacting on estimation accuracy. The accuracy in the source region of the
Yellow River is also relatively limited. While geological structural changes in this area
may exert some influence on gravity satellite readings, the associated mass variations are
not significant when compared to the systematic mass transfer from soil erosion in the
middle reaches of the Yellow River. Therefore, the primary cause of the poorer accuracy
performance in the source region does not lie in this factor, but rather in the lower density
of monitoring wells, as shown in Figure 1.

In the eastern part of the Yellow River (i.e., the middle and lower reaches), regions
with intensive human activities typically feature a denser network of monitoring wells,
which enhances the ability of monitoring point data to reflect the groundwater conditions
of adjacent areas, contributing to improved estimation accuracy in these regions. The
results highlight the combined influence of geological heterogeneity and anthropogenic
factors on the spatial distribution of model performance in hydrological estimation.

- } Transformer-KFEA F DSFF-Transformer
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Figure 10. R? distribution under Kriging method.

The spatial distribution of high and low accuracy regions under data distribution
constraints exhibits similar patterns across all models, though the proportions of regions
with R? > 0.7 differ significantly: 30.2%, 25.8%, 30.0%, 26.2%, and 19.5% for the five models,
respectively. The DSFF-Transformer-KFEA and DSFF-Transformer models show the highest
proportions of high-value regions, while the LSTM model exhibits the lowest. This indicates
that the DSFF module’s capability to capture both dynamic and static features enhances
the Transformer model’s regional estimation stability, effectively expanding the area with
relatively higher accuracy. In contrast, the LSTM model lacks such a mechanism, leading to
more limited estimation accuracy.

Notably, the Transformer-KFEA model displays a lower proportion of high-value
regions than the baseline Transformer model, suggesting that applying squeeze-and-
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excitation operations to sequence features may, in certain contexts, impact the model’s
fitting performance. The results highlight the trade-off between channel-wise feature
weighting (via KFEA) and contextual feature integration (via DSFF) in modulating spatial
prediction accuracy, underscoring the importance of architectural design in aligning with
data distribution characteristics.

The annual groundwater level change rates derived from different estimation models
are —2.65, —2.15, —2.19, —1.90, and —2.26 mm/month, exhibiting a consistent west-high,
east-low spatial distribution trend, as show in Figure 11. The western basin shows rela-
tively minor groundwater level declines, whereas several northeastern areas exhibit more
pronounced groundwater level declines. This pattern is primarily attributed to the western
region serving as the Yellow River’s headwater area, characterized by sparse population
density and limited anthropogenic water consumption. Additionally, upstream glacial
meltwater has increased slightly due to global warming, contributing to groundwater
recharge. In contrast, the northeastern basin—marked by higher population density and
flat topography—experiences intensive groundwater extraction for agricultural and indus-
trial activities, leading to sustained declines in groundwater levels.
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Figure 11. (a—e) Groundwater level change rate under different models (f) Remote sensing of
groundwater storage change rate.

Subplot (f) of Figure 11 displays the average change rate of remote sensing-derived
groundwater storage over the 20-year period. This reflects groundwater trends obtained
solely from remote sensing data, exhibiting a general pattern of higher values in the west
and lower values in the east. This spatial distribution remains broadly consistent with
results derived from machine learning models incorporating well groundwater data. Com-
parison with the other five that while remote sensing data alone can provide an approximate
understanding of regional groundwater changes during the study period, they fail to re-
flect differences in groundwater level responses when identical storage changes occur at
different locations. Concurrently, Transformer models and their variants not only consider
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current monthly groundwater storage changes but also incorporate historical information
and spatial context. This approach facilitates more accurate conversion of groundwater
storage data into groundwater level estimates without requiring high-precision specific
yield information across the entire region.

4. Discussion

In this study, four Transformer model variants and an LSTM model were employed
for groundwater level estimation. Experimental results indicate that the Transformer
model integrating a dynamic-static fusion perception mechanism and KFEA outperforms
the traditional LSTM model, with R? improvements ranging from 16.7% to 18.3%. This
performance advantage stems from the model’s ability to mitigate critical limitations of
conventional time series estimation methods in groundwater prediction: unclear long-term
dependency modeling, insufficient spatiotemporal information integration, and suboptimal
key feature weighting.

4.1. Application of Self-Attention Mechanism in Estimation

The Transformer model, by virtue of its unique self-attention mechanism, enables direct
modeling of temporal dependencies over arbitrary distances. Through this global dependency
modeling framework, it significantly mitigates the issue of ambiguous long-term dependen-
cies in traditional LSTM/GRU models, which arises from gradient vanishing in long time
series sequences. This advantage is corroborated by numerous studies. For instance, Azad
Deihim [43] applied the Transformer encoder to capture latent spatiotemporal dependencies
in multivariate time series for Beijing PM2.5 prediction and metro interstate traffic volume
forecasting, demonstrating a 20.6% reduction in RMSE compared to LSTM, which aligns
with our findings. Siying Zhu [44] leveraged the Transformer’s attention mechanism to
resolve long-term trends in meteorological datasets, incorporating a time series clustering
framework for unsupervised learning. In meteorological applications, this approach yielded a
13.6% reduction in MAE relative to DLinear, further validating the Transformer’s superior-
ity in capturing temporal dynamics. These results highlight the potential of Transformer
models in resolving long-term temporal variations in groundwater levels, offering promising
prospects for enhancing estimation accuracy and interpretability in hydrological modeling.

4.2. Application of Spatial Information

By integrating the DSFF module into the Transformer framework, this study presents a
hybrid modeling approach that aligns closely with hydrological realities for groundwater level
estimation while preserving the model’s inherent characteristics. This is achieved through the
introduction of a DSFF mechanism and a combined “spatial convolution + temporal attention”
design, which significantly mitigates the issue of insufficient spatiotemporal information
integration. These findings are corroborated by complementary research efforts. For instance,
Lingtong Min [45] demonstrated in remote sensing small target detection that mixed modeling
of spatial context and temporal channel information substantially reduces the likelihood of
valuable information being obfuscated or overlooked. By introducing COT into the decou-
pling head, their model achieved a 0.4% increase in mAP@0.5:0.95. Similarly, Deli Zhu [46]
employed a DSFF module in post-fire forest restoration studies to enhance the model’s capac-
ity for exploring spatial context in complex environments, resulting in a 3.26% improvement in
mean intersection over union (mloU) relative to ResNet. These results highlight that ground-
water level prediction requires the consideration of both temporal features within pixels and
spatial features between pixels. The introduction of the DSFF module effectively expands
feature acquisition pathways, which is conducive to improving the accuracy of large-scale
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groundwater temporal estimation using remote sensing data. This approach underscores
the importance of integrating contextual-temporal attention mechanisms in hydrological
modeling to better resolve the spatiotemporal complexity of groundwater systems.

4.3. Application of Feature Filtering

The Transformer variant with the KFEA, by introducing a channel feature adaptive
weighting mechanism while preserving the original model characteristics, coupled with
a compression—excitation operation after the encoder output, is capable of automatically
assigning weights to different channel features. This improves the issue of inaccurate key
element weight allocation. Numerous research findings support this perspective. Chen
Liu’s research [47] in the domain of multi-dimensional time series classification, extracted
features across the time, variance, and channel dimensions of multi-dimensional time series
data, guiding the features into the channel interactions within a squeeze-and-excitation
network. This successfully enhanced the model’s representation ability. Compared to the
baseline model ResNet, the model achieved a 3.31% improvement in weighted average
accuracy, further validating our viewpoint.

4.4. Application of Improved Model

The dual-module coupling model integrates the two modules, fully leveraging the
advantages of both. The DSFF module introduces additional information at the encoder’s front
end, while the KFEA processes this information via adaptive weighting at the encoder output
stage. This design ensures a reasonable weight distribution between the introduced static
information and the dynamic information captured by the Transformer model through the
temporal attention mechanism. Experimental results show that the coupled model achieves
an R? improvement of approximately 5.1% to 6.2% compared to the Transformer prototype.

This analysis reveals that prior studies utilizing GRACE terrestrial water storage for
groundwater estimation predominantly focused on temporal sequence variations at specific
locations, with limited consideration of multi-source information weighting and long-term
temporal dependencies. Our findings indicate that incorporating surrounding contextual
information, rationally assigning channel weights to input data, and accounting for long-
term correlations during single-pixel estimation processes can facilitate a clearer and more
accurate characterization of long-term groundwater variation patterns. This approach
addresses the limitations of conventional methods by integrating spatial contextual cues
and temporal dependency modeling, thereby enhancing the interpretability of groundwater
dynamics at both local and regional scales.

4.5. Deficiencies and Prospects

In the upper reaches of the Yellow River, sparse well observational data points hinder
robust estimation, while in the middle reaches’ loss plateau region, long-term soil-water
erosion impacts GRACE-derived gravity measurements. This study demonstrates that
integrating surrounding pixel information during groundwater estimation alleviates these
effects. However, systematic supplementation of in situ observations and quantification
of erosion-induced mass transfer lie beyond the current scope but represent promising
directions for future research.

5. Conclusions

This study investigates groundwater level time series estimation in the Yellow
River Basin using five deep learning algorithms: Transformer, Transformer-KFEA, DSFF-
Transformer, DSFF-Transformer-KFEA, and LSTM. The key conclusions are as follows:
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(1) The Transformer-based estimation model effectively captures long-range temporal de-
pendencies in groundwater time series, demonstrating significantly higher accuracy than
the LSTM model. (2) The dynamic-static fusion perception mechanism and KFEA address
critical limitations of conventional estimation methods, including neglect of spatial contex-
tual information and ambiguous feature weighting. These innovations enhance estimation
accuracy without substantial increases in computational complexity. (3) IDW exhibits
poorer performance than Kriging in regions with sparse data, indicating that distance-
based interpolation schemes lack flexibility for low-quality datasets. (4) Groundwater
levels in the Yellow River Basin show a fluctuating downward trend during our research
period (2003-2024), which downward trend increases from upstream to downstream.
The self-attention estimation model proposed herein demonstrates potential for applica-
tion in other basins. It is noted that this research focuses on satellite pixel-scale analysis
(0.25° x 0.25°), where topographic, geomorphic, and geological heterogeneities within pix-
els may compromise estimation precision. Future studies will investigate finer-resolution
groundwater distributions and incorporate additional hydrological parameters to enhance
model fidelity.
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Abstract: Reservoir evaporation is a vital component of the hydrological cycle and presents
considerable challenges for sustainable water management, especially in arid and semi-
arid regions. This study assesses the effectiveness of two Artificial Intelligence (AI)
methods: Multilayer Perceptron (MLP) and Adaptive Neuro-Fuzzy Inference System
(ANFIS), a combination ANN with fuzzy logic, in estimating daily evaporation from
a large reservoir in a semi-arid region. Using eight years of hydrometeorological data
from a nearby station, the study employed the ReliefF algorithm as a feature selection
method for relevant input variables. The dataset was divided into training, validation,
and testing subsets with 5% and 10% validation ratios, using four train—test splits of
70:30, 75:25, 80:20, and 85:15. Various training algorithms (e.g., Levenberg-Marquardt)
and membership functions (e.g., generalized bell-shaped functions) were tested for both
models. MLP consistently outperformed ANFIS on the test sets, showing higher R? and
lower RMSE values. In the best-performing 70:30 split, MLP achieved an R? of 0.8069 and
RMSE of 0.0923, compared to ANFIS with an R? of 0.3192 and RMSE of 0.2254. The findings
highlight the Al-based approaches’ potential to support improved evaporation forecasting
and integration into decision support tools for water resource planning amid changing
climatic conditions.

Keywords: evaporation prediction; meteorological data; machine learning algorithms;
modeling

1. Introduction

In recent decades, growing concerns over water scarcity and climate variability have
intensified the need for precise estimation of hydrological processes, with evaporation
emerging as one of the most challenging yet crucial components to model. However,
accurately estimating evaporation poses significant challenges due to the complex and
nonlinear relationships among meteorological variables [1-3]. Traditional empirical formu-
las often fall short in capturing these intricate interactions, resulting in limited estimation
reliability. These shortcomings have led to the extensive application of Artificial Intelligence
(Al)-based methods in evaporation modeling processes in recent years.

Recent studies highlight the value of Artificial Intelligence (AI) models in evapora-
tion prediction, revealing that these shortcomings have led to the widespread application
of Al-based methods in evaporation modeling processes. For instance, Jayasinghe et al.
(2022) [4] employed deep learning models such as LSTM for pan evaporation forecasting
and found that recurrent architectures significantly improved temporal accuracy over
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traditional methods. Architectures such as LSTM and GRU consistently outperform tra-
ditional models in hydrological time series prediction, including runoff and water level
forecasting [5-8]. In a related study, Sharma et al. (2020) [9] showed that Random For-
est effectively predicts pan evaporation and outperforms artificial neural networks over
long-term datasets, while Bilali et al. (2022) [10] demonstrated that XGBoost achieves high
accuracy and interpretability using tools like SHAP and LIME to identify key climatic
variables influencing evaporation. Furthermore, many researchers emphasized the role of
Al-integrated remote sensing approaches in predicting evapotranspiration under climate
variability scenarios, underscoring the need for models that can generalize across diverse
environmental settings [11-13]. These advancements confirm that Al offers distinct advan-
tages in modeling complex hydrological processes; however, the relative performance of
Al models under different data conditions remains an open question. This motivates a
comparative approach to evaluate and optimize Al techniques such as ANNs and ANFIS
for operational evaporation forecasting.

Artificial Neural Networks (ANNs), Adaptive Neuro-Fuzzy Inference System (AN-
FIS), Support Vector Regression (SVR), deep learning models, and various hybrid Ma-
chine Learning (ML) techniques are widely employed in this context. Owing to their
ability to model nonlinear relationships, these methods demonstrate superior modeling
capability over conventional techniques, particularly under uncertain or incomplete data
conditions [1-3,14].

The literature highlights that ANNs and ANFIS exhibit notably strong modeling
potential, especially in scenarios where climatic data are limited [15,16]. Nevertheless,
the superiority of one model over another is largely dependent on the characteristics of
the dataset, prevailing climate conditions, and the selected input variables. Hybrid and
subset-based modeling strategies have proven effective in enhancing ANFIS, in some cases
achieving better results than standard models [1,17].

Comparative analyses using ANN and ANFIS models demonstrate that both methods
can effectively estimate daily reservoir evaporation [1-3,15]. Allawi et al. [18] stated that
ANFIS outperformed ANNSs in long-term forecasts in evaporation prediction. Accord-
ingly, both are considered powerful modeling tools, and the choice between them may
vary depending on the application purpose, data structure, and available computational
resources [1-3,14-17,19-21]. ANN models are generally distinguished by faster learning
processes, better generalization capabilities, and lower computational costs. In contrast,
ANFIS models tend to yield enhanced precision, particularly when limited datasets and
optimized input variables are used [1,2,20]. In this context, powerful feature selection
algorithms like ReliefF significantly enhance the efficiency and accuracy of both ANN
and ANFIS models [22,23]. ReliefF identifies the most relevant input features associated
with the target variable, eliminating irrelevant and noisy variables and ensuring that the
models are trained with only meaningful data. This leads to faster learning and reduces
computational demands in ANN models, while in ANFIS models, it reduces the number
of fuzzy rules, thereby improving interpretability and generalization ability. Moreover,
in cases with small or limited datasets, the rule-based structure of ANFIS becomes much
more effective when combined with carefully selected key features [24,25]. Consequently,
the proper integration of preprocessing steps such as ReliefF contributes to making these
models more reliable and applicable under real-world conditions, enhancing both reliability
and operational efficiency [26].

Located in Turkey’s Southeastern Anatolia region, the Atatiirk Dam plays a strategic
role in regional water management through large-scale irrigation and hydroelectric power
generation; however, the use of decision support systems such as machine learning, which
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could contribute to sustainable water management, remains limited. This study aims to
analyze and compare the estimation performance and generalization ability of Artificial
Neural Networks (ANNs) in the form of Multilayer Perceptron (MLP) and Adaptive Neuro-
Fuzzy Inference System (ANFIS) models for estimating daily evaporation at the Atattirk
Dam using long-term hydrometeorological data. Feature selection is performed using the
ReliefF algorithm to identify relevant input variables, and the models” estimation success is
evaluated based on statistical metrics under different data partitioning strategies.

2. Materials and Methods
2.1. Study Area and Data Collection

This study was conducted using data from the Atatiirk Dam Reservoir, which is
situated on the Euphrates River between the provinces of Adiyaman and Sanhurfa in
southeastern Turkey. As one of the central components of the Southeastern Anatolia Project,
the dam serves as a key infrastructure for hydroelectric energy production and irrigation.
Completed in 1992, the Atatiirk Dam has a height of 169 m and forms one of Turkey’s
largest reservoirs, with a surface area of approximately 817 km? and a total storage capacity
of 48.7 billion cubic meters [27].

Daily hydrometeorological data were obtained from the Turkish State Meteorological
Service (TSMS) for the period between 2004 and 2011 to develop predictive evaporation
models [28]. The selected meteorological station is near the reservoir and provides con-
sistent, long-term observational records. The dataset spans eight years and includes key
variables influencing evaporation such as air temperature (°C), relative humidity (%),
wind speed (m/s), sunshine duration (hours), and atmospheric pressure (hPa). Daily pan
evaporation measurements obtained from the same station were used as target output data
for model training and evaluation.

2.2. Data Preprocessing

Descriptive statistics, including measures such as the mean, median, and standard
deviation, were employed to summarize the fundamental characteristics of the dataset and
are presented in Table 1.

Table 1. Descriptive statistics of the dataset.

Statistical Data

Parameters
Min Mean Max SD Sample Variance = Kurtosis ~ Skewness Units

Min. Air Temperature —4.30 15.71 30.20 5.95 35.44 —0.62 —0.27 °C
Mean Air Temperature 4.70 23.95 36.50 6.52 42.55 —0.75 —0.39 °C
Max. Air Temperature 9.30 31.59 44.60 7.06 49.83 —0.50 —0.52 °C
Total Precipitation 0.00 0.58 40.60 291 8.47 74.49 7.89 mm

Input Sunshine Hours 0.00 10.41 14.10 3.24 10.47 1.70 —1.48 hours
Max Humidity 15.00 61.58 100.00 17.51 306.56 —0.69 0.11 %
Min Humidity 5.00 27.39 86.00 12.28 150.71 3.42 1.39 %
Mean Humidity 11.90 42.97 92.30 14.10 198.84 0.31 0.67 %

Output Total Evaporation 0.00 9.27 19.40 4.29 18.42 -1.02 —0.15 mm

The ReliefF algorithm, a statistical feature selection method, was utilized to enhance
model performance by identifying and selecting input variables with the strongest relation-
ship to the target variable [29]. The ReliefF feature selection algorithm was applied to rank
the importance of input variables and confirm their relevance in evaporation prediction.
The selected features were then normalized using min-max scaling to bring all variables
into the [0, 1] range (Equation (1)), thus improving the convergence rate of the learning
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algorithms, reduce inconsistencies, standardize feature ranges, and improve computational
stability [30].
Xi — Xmin

Xmax - Xmin

Y = )

Here, X; represents the raw data, Xpin and Xmax denote the minimum and maximum
values of X, respectively, and Y is the normalized data value. Normalization is a vital
preprocessing step in machine learning that transforms data into a consistent scale, making
it more suitable for analysis and modeling.

Following feature selection and normalization, a 1712 x 7 matrix was formed, repre-
senting the final dataset to be used in model training and evaluation. Each of the 1712 rows
corresponds to a sample, and each of the 7 columns to a selected input feature. Prior to
model training, all input variables were normalized to ensure uniform scaling, facilitating
improved convergence and model stability. The normalized dataset was then divided
into training, validation, and testing subsets. Two fixed validation proportions, 5% and
10% of the total dataset, were examined to evaluate the effect of validation size on MLP
and ANFIS model performances. This dataset was not used during training but only for
validation purposes. For each validation level, the remaining data were partitioned into
training and testing sets using various ratios: specifically, training sets comprising 70%,
75%, 80%, and 85% of the nonvalidation data, with the remainder allocated to testing.
For ANFIS modeling, the “checking data” option of the MATLAB R2017b (9.3.0.713579)
ANFIS toolbox was used to assign validation subsets during training. This feature enabled
performance monitoring and validation-based adjustment of the fuzzy inference system.
Consequently, both MLP and ANFIS models were trained and validated under comparable
conditions using the selected data splits. This flexible partitioning approach enabled a ro-
bust comparison of model behavior under different data availability scenarios, supporting
a more comprehensive evaluation of model accuracy, generalization ability, and sensitivity
to training data volume.

2.3. Model Development
2.3.1. Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are widely recognized as robust computational
models for knowledge extraction, offering the capacity to infer complex, and often nonlin-
ear, causal relationships between input and output variables. In addition, ANNs enable
the identification of hidden neurons and facilitate the analysis of their internal dynamics,
thereby enhancing the interpretability of classification processes [31]. As a supervised learn-
ing method, ANNS are particularly advantageous due to their adaptability and predictive
accuracy in time series forecasting.

In the present study, separate ANN models were constructed for each scenario derived
through the ReliefF feature selection algorithm. A feedforward Multilayer Perceptron
(MLP) architecture was utilized via MATLAB’s (R2017b (9.3.0.713579)) neural network
fitting application. To evaluate model performance, three distinct training algorithms,
Bayesian Regularization (BR), Levenberg-Marquardt (L-M), and Scaled Conjugate Gra-
dient (5CG), were applied across various data partitioning schemes as mentioned above.
Model performance was iteratively evaluated on the validation set to avoid overfitting. The
overall structure of the MLP model used in this study, including input variables, hidden
layer configuration, and output layer, is illustrated in Figure 1. Among these, the scenario
yielding the most optimal performance determined based on the coefficient of determina-
tion (R?) and Root Mean Square Error (RMSE) was selected for final model verification as
mentioned in Section 2.4.
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Figure 1. Architecture of the MLP model used for daily evaporation estimation, showing six input
features selected by the ReliefF algorithm and a single output node representing daily reservoir
evaporation.

2.3.2. Adaptive Neuro-Fuzzy Inference System (ANFIS)

The Adaptive Neuro-Fuzzy Inference System (ANFIS), developed by Jang et al. [32],
combines the learning capabilities of Artificial Neural Networks (ANNs) with the reasoning
structure of Fuzzy Inference Systems (FISs). This integration enables automatic tuning of
fuzzy rules through adaptive networks, improving training efficiency and convergence
speed compared to traditional ANNSs.

ANFIS modeling proceeds in three main stages. Initially, system parameters, includ-
ing inputs, outputs, antecedents, and consequents, are defined using the Takagi-Sugeno
approach. Fuzzy rules follow the “if-then” structure, where antecedents involve nonlin-
ear membership functions and consequents are expressed as linear functions of inputs
or constants. In the second stage, these rules are mapped onto a multilayer adaptive
network architecture.

In parallel, an ANFIS model was constructed to incorporate human-like reasoning
through fuzzy logic combined with the adaptive learning capacity of neural networks.
Separate ANFIS models were constructed for each scenario derived through the ReliefF
feature selection algorithm. The scenario demonstrating the highest performance was
selected for final model verification, as outlined in Section 2.4.

2.4. Model Evaluation and Comparison

The trained MLP and ANFIS models were evaluated on the test dataset using two
standard performance metrics: coefficient of determination (R?) and Root Mean Square
Error (RMSE).

RMSE is one of the most widely used indicators for assessing a model’s prediction
accuracy. In the formulas below [33], X; denotes the simulated values, Y; the observed
values, and m the total number of data points.

RMSE = \/ Y06 Y @
m 2

R2 —1— Zi:l (>fl — Yl) 5 (3)
in1 (Y - Yi)

R-squared, which ranges from 0 to 1, represents the squared correlation coefficient (R?)
between the observed and predicted datasets. It indicates the proportion of variance in the
dependent variable that is explained by the independent variables, effectively reflecting
the model’s goodness of fit. These metrics allowed for both quantitative comparison and
error structure analysis.
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2.5. Software and Implementation

All model simulations and performance analyses were conducted in MATLAB R2017b
(9.3.0.713579). ReliefF and MLP/ANFIS implementations were carried out using MAT-
LAB’s (R2017b (9.3.0.713579)) built-in Neural Network and Fuzzy Logic Toolboxes. Addi-
tional validation routines and statistical analysis were implemented using custom scripts.

3. Results
Input Selection and Model Development

As described in Section 2.2, the ReliefF algorithm implemented via MATLAB R2017b
(9.3.0.713579) was utilized to identify the most influential meteorological variables affecting
evaporation, based on data obtained from the Turkish State Meteorological Service. The
output of the algorithm, presented in Table 2, includes weight scores assigned to each
parameter, where values closer to +1 indicate a stronger positive contribution to the target
variable. Variables with the highest weights were selected as inputs for subsequent MLP
and ANFIS modeling processes.

Table 2. ReliefF algorithm results.

Parameter Name ReliefF Ordering Weights
Sunshine duration (hour) 5 0.0034
Average temperature (°C) 2 0.0016

Total precipitation (mm) 4 0.0014
Maximum temperature (°C) 3 0.0012
Minimum temperature (°C) 1 0.0012

Average humidity (%) 8 0.0005
Min humidity (%) 7 0.0000
Max humidity (%) 6 —0.0002

Among the evaluated parameters, maximum humidity (%) exhibited a negative
weight, signifying an inverse association with evaporation. Furthermore, minimum hu-
midity (%) displayed a similar pattern and was determined to have negligible predictive
influence. Based on these findings, the final set of input variables included sunshine dura-
tion (hours), average temperature (°C), total precipitation (mm), maximum temperature
(°C), minimum temperature (°C), and average humidity (%).

Following the feature selection process using the ReliefF algorithm, all input variables
were subjected to normalization to ensure uniform scaling, thereby enhancing model
stability and facilitating faster convergence during training. The normalized dataset was
subsequently partitioned into training, validation, and testing subsets. To assess the impact
of validation set size on model performance, two fixed validation proportions, 5% and 10%
of the total dataset, were employed. For each validation level, the remaining data were
further split into training and testing sets using varying ratios, wherein 70%, 75%, 80%,
and 85% of the nonvalidation data were allocated for training, with the remainder reserved
for testing.

This flexible data partitioning strategy enabled a robust assessment of model perfor-
mance under different data availability conditions, allowing for a comprehensive evaluation
of prediction accuracy, generalization capacity, and sensitivity to training data volume.
Among the developed MLP and ANFIS models, the optimal configuration selected based
on the lowest Root Mean Square Error (RMSE) and highest coefficient of determination
(R?) was identified for final model validation and deployment. The detailed model devel-
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opment parameters corresponding to the best-performing MLP and ANFIS configurations
are summarized in Table 3.

Table 3. ANFIS model development parameters.

Model Name Parameters Value
Training Method L-M
MLP Number of Epochs 15
Number of Neurons in Hidden Layer 18
Input Membership Function (MF) Type gbellmf
Number of Input MFs [222222]
ANFIS Output MF Type Linear
FIS Generation Method Grid Partitioning
Learning Algorithm Hybrid
Number of Epochs 150

The best-performing MLP model was obtained using the Levenberg-Marquardt (L-M)
training with a data split of 70% for training, 5% for validation, and 25% for testing. For
ANFIS modeling, the best configuration employed the hybrid learning algorithm with gbell
membership functions, using a 75% training, 10% validation, and 15% testing split.

The estimation results, showcasing the highest prediction performance for the training
and testing, are visually presented in Figure 2. The RMSE for MLP modeling, utilizing
70% training data, is approximately 0.0995 and it is 0.0923 for the testing data. And the R?
was 0.8069. It is important to note that, although the test performance curve is displayed
alongside the training and validation curves in Figure 2, the test data was not used during
training or model selection. In the Neural Network Fitting App of MATLAB R2017b
(9.3.0.713579), the model is trained using only the training set, while the validation set is
used to prevent overfitting via early stopping. The test set is evaluated only once after
training is completed, and the resulting performance metrics and plots are generated
for visualization purposes only. Therefore, the independence of the test set was strictly
preserved throughout the modeling process.
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Figure 2. Best-fitting MLP Model results.
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The estimation results, showcasing the highest prediction performance for the training
and testing, are visually presented in Figure 3. For ANFIS modeling with 75% training
data, the RMSE was approximately 0.0830 for the training set and it was around 0.1633 for
the testing set. The R? values varied across datasets, with about 0.859 for training, 0.4474

for validation, and 0.5053 for testing.
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Figure 3. Best-fitting ANFIS Model results.

The comparative evaluation of MLP and ANFIS models across different data split
configurations is presented in Table 4, revealing distinct performance patterns. During the
training phase, ANFIS achieved marginally lower RMSE and higher R? values than MLP,
suggesting strong fitting capacity. However, MLP demonstrated superior generalization
in the testing phase, with lower RMSE and higher R? values compared to ANFIS. For
instance, in the 70:5:25 split, MLP yielded an RMSE of 0.0923 and R? of 0.8069 on the test set,
whereas ANFIS showed a notable decline with an RMSE of 0.1633 and R? of 0.5053 in the
75:10:15 split. Similar patterns were observed across other testing ratios, confirming that,
although ANFIS is effective in capturing training patterns, MLP provides more robust
and reliable predictions on unseen data, making it a more suitable model for operational
evaporation forecasting.

Table 4. Comparison of MLP and ANFIS performance based on RMSE and R? values computed on
the test datasets for different training—validation-testing splits.

Data Sol P MLP ANFIS
ata itting Percentage
P & & RMSE R? RMSE R?
70% Train 0.0995 0.8048 0.0835 0.8565
5% Validation 0.1033 0.7903 0.2026 0.4796
25% Test 0.0923 0.8069 0.2254 0.3192
70% Train 0.0959 0.8117 0.0835 0.8565
10% Validation 0.0968 0.7916 0.1887 0.5492
20% Test 0.0999 0.8041 0.2386 0.2604
75% Train 0.0933 0.8241 0.0830 0.8588
5% Validation 0.1186 0.7093 0.2027 0.5100
20% Test 0.1137 0.7306 0.2198 0.2791
75% Train 0.0999 0.7959 0.0830 0.8588
10% Validation 0.1026 0.7892 0.2304 0.4474
15% Test 0.1059 0.7634 0.1633 0.5053
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Table 4. Cont.

MLP ANFIS
Data Splitting Percentage
RMSE R? RMSE R?

80% Train 0.0955 0.8186 0.0852 0.8499
5% Validation 0.1000 0.7732 0.2513 0.4167
15% Test 0.1037 0.7725 0.0702 0.6388
80% Train 0.0971 0.8067 0.0852 0.8499
10% Validation 0.1051 0.7840 0.2440 0.4460
10% Test 0.1048 0.7780 0.1936 0.5555
85% Train 0.0997 0.7947 0.0843 0.8552
5% Validation 0.0932 0.8247 0.2539 0.4391
10% Test 0.1129 0.7695 0.2659 0.1021
85% Train 0.1015 0.7931 0.0843 0.8552
10% Validation 0.0967 0.7953 0.2864 0.3790
5% Test 0.1026 0.7505 0.2406 0.4517

4. Discussion

This study assessed and compared the performance of Artificial Neural Networks
(ANNS) in the form of a Multilayer Perceptron (MLP) and Adaptive Neuro-Fuzzy Inference
System (ANFIS) for daily reservoir evaporation estimation using long-term hydrometeoro-
logical data from the Atattirk Dam.

The findings regarding the performance of Multilayer Perceptron (MLP) and Adaptive
Neuro-Fuzzy Inference System (ANFIS) models in predicting daily reservoir evaporation
across varying training-test splits demonstrate that both models possess considerable
predictive capabilities. Nonetheless, MLP consistently yields more robust and generaliz-
able outcomes during the testing phase, whereas ANFIS exhibits a pronounced tendency
toward overfitting.

The most balanced configuration for the MLP model was achieved with a data split
of 70% for training, 5% for validation, and 25% for testing, yielding R? values of nearly
0.80 in both the training and testing phases. In contrast, while ANFIS exhibited its highest
training performance at a 75% for training, 10% for validation, and 15% for testing ratio
(R? = 0.8588), the corresponding test R? declined to 0.5053, highlighting the model’s sensi-
tivity to data partitioning. During the training phase, the Adaptive Neuro-Fuzzy Inference
System (ANFIS) consistently outperformed the Multilayer Perceptron (MLP) in terms of
lower Root Mean Square Error (RMSE) and higher coefficient of determination (R?) values.
For example, with a 75% training split, ANFIS achieved an RMSE of 0.08300 and an R? of
0.85876, whereas MLP, under identical conditions, recorded an RMSE of 0.09993 and an
R? of 0.79592. These results indicate that ANFIS is highly effective at identifying localized
patterns within the training data. However, this strength also reflects a strong tendency
toward overfitting, limiting its ability to generalize to unseen data. Adnan et al. [34]
revealed that various ANFIS variants outperformed ANNSs, while the studies by Salih
et al. [35] and Allawi et al. [36] confirmed the high predictive capacity of ANFIS. However,
this proficiency also entails a heightened susceptibility to overfitting. Although ANFIS
attained high predictive accuracy across all training configurations, a marked deteriora-
tion in test performance was consistently observed. This trend has been corroborated
by recent studies (e.g., [15,37,38], which highlight ANFIS’s propensity to overlearn noise
and local fluctuations in the training data, ultimately compromising its generalization
performance on unseen datasets. Zhou et al. [38] also confirmed that ANNs with ensemble
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feature selection yielded superior evapotranspiration predictions across heterogeneous
climatic zones.

MLP models demonstrated more balanced and stable performance across both training
and test datasets, exhibiting high accuracy even under lower training ratios. For instance,
with a 70% training split, MLP achieved an RMSE of 0.0923 and an R? of 0.8069 in testing,
outperforming ANFIS, which under the same conditions yielded an RMSE of 0.2254 and
an R? of 0.3192. Furthermore, MLP models can be efficiently trained using algorithms such
as Levenberg—Marquardt. These findings are consistent with those of Arya-Azar et al. [17],
who attribute the superior generalization ability of ANN architectures to their layered
nonlinear transformation capacity and flexible weight optimization mechanisms.

The ability of ANNs to deliver consistent performance, particularly during the testing
phase, is of critical importance for water management systems, where reliable predictions
under variable meteorological conditions are essential. Evaporation processes are highly
sensitive to variations in temperature, humidity, solar radiation, and wind; therefore,
models such as Artificial Neural Networks (ANNSs), which can effectively adapt to such
fluctuations, are becoming increasingly critical for long-term water resource planning.
Bouramtane et al. [39] likewise emphasized that models capable of maintaining stability
amid fluctuating input parameters are indispensable for operational forecasting systems.

Recent advances in hydrology and water resource modeling have increasingly high-
lighted the potential of Artificial Neural Networks (ANN) and the Adaptive Neuro-Fuzzy
Inference System (ANFIS) in evaporation prediction. However, it is widely acknowledged
that the success of these models is strongly dependent on the choice of input features and
model configuration. Khosravi et al. [40] demonstrated this by comparing the predictive ac-
curacy of eight Machine Learning (ML) and Deep Learning (DL) algorithms using 30 years
of meteorological data in Iran. Their results showed that hybrid approaches consistently
outperformed individual models.

The importance of input feature selection and model structure is also well-documented.
For example, Marouane et al. [19] reported that including water temperature improved the
performance of ANFIS-HHO models in Algeria. This is consistent with our ReliefF-based
variable selection, which identified key predictors and significantly enhanced model perfor-
mance. Likewise, Adnan Ikram et al. [41] integrated ANFIS with the Whale Optimization
Algorithm (WOA) for monthly pan evaporation estimation in the Dongting Lake basin.
Their findings emphasized the dominant role of maximum temperature and the added
value of periodicity inputs, even under data-scarce conditions.

In mountainous regions such as the Indian Himalayas, Malik et al. [42] demonstrated
that a hybrid neuro-fuzzy system (CANFIS) outperformed conventional ANN models for
monthly evaporation simulation. These results collectively underscore that integrating
neuro-fuzzy logic with optimization algorithms offers a powerful and adaptive framework
for modeling complex hydrological processes.

In parallel, ensemble models have gained attention for their enhanced robustness
and generalizability. Ehteram et al. [43] introduced a composite ANN framework that
consistently outperformed individual hybrid models across different stations, reinforc-
ing the value of ensemble learning. Similarly, our ANN-based model maintained stable
performance across all data splits, supporting its reliability for operational forecasting.

Despite these advances, model transferability remains a key limitation. Alsumaiei
et al. [44] found that ANN models trained with limited inputs (e.g., temperature and wind)
performed adequately at local scales but failed to capture extreme evaporation events in
arid environments. Our findings corroborate this concern, suggesting that Al-based models
require regional calibration to preserve accuracy under diverse climatic regimes.
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In addition to the comparison between ANN and ANFIS, it is essential to contextualize
the findings against other widely used evaporation prediction models. Recent studies have
shown that ensemble learning and deep learning techniques have emerged as powerful
alternatives to traditional Al approaches in evaporation modeling. For instance, Abed
et al. (2022) [45] reported that Random Forest (RF) outperformed ANNSs in long-term pan
evaporation prediction, primarily due to its inherent capability to rank variable importance
and handle complex interactions without overfitting. Likewise, Bilali et al. (2022) [10]
demonstrated that Extreme Gradient Boosting (XGBoost) yielded high predictive accuracy
(NSE from 0.76-0.83) and interpretability through integration with SHAP and LIME tools,
which facilitated identification of dominant climatic drivers such as solar radiation and
air temperature.

Furthermore, Mehra et al. (2025) [46] applied Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) networks for evaporation modeling and showed that
these deep learning architectures outperformed both classical machine learning methods
and traditional ANNSs, especially in capturing temporal dependencies in time series data.
In a recent study, deep LSTM architectures alone have shown improved accuracy over
traditional ANN and empirical models for daily pan evaporation estimation, especially
with limited input features. Similarly, CNN models have demonstrated high accuracy in
capturing the nonlinearities of evaporation processes, often outperforming other machine
learning frameworks [45]. Additionally, hybrid and optimization-enhanced frameworks
such as ANFIS coupled with Particle Swarm Optimization (PSO) or the Whale Optimiza-
tion Algorithm (WOA) have demonstrated superior predictive capabilities across various
hydroclimatic regions [19,41].

Compared to these models, our findings suggest that, while Artificial Neural Networks
(ANNS) in the form of a Multilayer Perceptron (MLP) exhibited superior generalization per-
formance over ANFIS in this study, the core architecture of many recent high-performing
models still builds upon MLP or ANFIS structures—whether through optimization, hy-
bridization, or deep expansion. This reinforces the practical value of our direct comparative
analysis and highlights that enhancing and tuning these foundational architectures con-
tinues to be a central strategy in evaporation prediction modeling. Future work could
extend the current comparative framework by including RE, XGBoost, and other emerging
models such as deep learning architectures (e.g., LSTM), which have also shown promise
in evaporation and evapotranspiration modeling under variable climate conditions.

Taken together, the findings from Table 4 and recent literature indicate that the MLP
model provides a more stable and generalizable approach for evaporation prediction,
maintaining its effectiveness especially in large-scale and real-time applications. In contrast,
although ANFIS models can achieve high accuracy on training data, they require additional
support from optimization algorithms (e.g., PSO, GA, SFLA) or pruning techniques to
improve their generalization performance and prevent overfitting. Ultimately, model
selection should be guided by data volume, preprocessing level, and application objectives,
with MLP being the preferred choice for general-purpose and operational use.

5. Conclusions

The findings highlight the strategic potential of Al-based models in supporting more
adaptive and climate-resilient water resource management. Combining the interpretability
of ANFIS with the adaptability of MLP or enriching these models with evolutionary
algorithms and feature selection techniques such as ReliefF can yield high-performance
and flexible systems for evaporation prediction. When integrated with decision support
tools, such systems can contribute to mitigating the impacts of drought, managing reservoir
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Abstract: In this paper, improved reinforcement learning (IRL) is designed for the multi-
objective optimization operation of a cascade reservoir system. The primary improvement
of IRL is searching within limited solution space, based on the derived monotonic property:
the first-order derivative relationship between individual reservoir water release decisions
for mainstream use (i.e., hydropower generation) as well as tributary use (i.e., regional
water supply) and the cascade system’s or a particular reservoir’s water availability, along
with the synchronicity and substitutability assumption of storage distribution in the cascade
system. The improved algorithm is then applied to a real-world cascade reservoir system
in the Yangtze River of China. The results demonstrate the high computational efficiency
and reasonable interpretability of IRL.

Keywords: improved reinforcement learning; monotonic property; cascade reservoir system

1. Introduction

The operation of multi-reservoir systems is essential for regulating the spatial and
temporal distribution of water resources to satisfy multiple water use needs, such as
hydropower generation and regional water demand [1,2]. However, the optimization of
the coordinated operation of a complex multi-reservoir system, particular for reservoirs in
series, is always challenged by the high-dimensional decision-making process, nonlinear
system dynamics, and stochasticity of runoff [1-3]. Various optimization techniques are
proposed to address the above challenges, as can be found from the state-of-the-art reviews
of Yeh [1], Wurbs [4], Labadie [5], Rani and Moreira [6], Dobson [7] and Giuliani et al [8].

According to Dobson et al. [7], optimization methods for multi-reservoir system
operation can be categorized into release sequences, operating policy, and real-time op-
timization argument. Among these three categories, only the value function estimation
based on Markov Decision Processes (MDP) can explicitly capture the dynamic nature
of the optimization problem as well as the stochasticity of inflow by decomposing the
complex optimization issues into a sequence of sub-problems. As one of the most famous
optimization algorithms based on MDP, stochastic dynamic programming (SDP) has been
widely used to solve reservoir optimization operation problems, since it can handle the
nonlinear characteristics of the objective and constraints [1,5,9]. However, the applicability
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of SDP is restricted to only a limited number of individual reservoirs, due to the so-called
curse of dimensionality, i.e., the exponential increase in computing time and memory
requirements as the number of individual reservoirs increases. Various improvements
to SDP have been proposed to achieve controlled computational efficiency [10,11]. For
example, Tilmant and Kelman [12] introduced Successive Approximation Dynamic Pro-
gramming (DPSA), which decomposes multi-reservoir operation problems into a series of
single reservoir operation problems; Howson and Sancho [13] developed Progressive Opti-
mization Algorithm (POA), transforming the multi-stage operation problem into multiple
one-stage operation problems; Turgeon [14] and Turgeon and Charbonneau [15] proposed
aggregation—disaggregation methods to reduce the high dimensionality of state variables.
Although the computational complexity of SDP can be significantly reduced, a severe loss
of solution accuracy might result from those improvements [1,16-19].

As the other optimization method based on MDD, reinforcement learning (RL) in-
tegrates the trial-and-error learning mechanisms with Bellman’s principle of optimal-
ity [20-23] to approximate the optimal solutions. As one of the most popular RL methods
for solving Markov decision problems, the Q-learning method [11] employs a depth-first
search strategy and incrementally optimizes the visited state variables [24], which is dif-
ferent from enumeration over all discrete combinations of state variables to develop a
value function and derive the optimal decisions in SDP. Based on this high efficiency
computational advantage, Q-learning is widely adopted to solve single-reservoir and multi-
reservoir optimization operation problems [24-26]. For example, Xu et al. [26] suggested
a stochastic optimization method with the integration of Deep Q-Networks (DQN) with
aggregation—disaggregation methods for cascade reservoir system optimization operation.
However, the limitation of converging into a local optimal solution, as well as a relatively
low interpretability of the decision-making process, needs to be further addressed for
Q-learning applications in complex reservoir systems [27,28].

Recently, the use of mathematic characteristics of a reservoir system, e.g., the relation-
ships between the decision variables and state variables [17,29,30], has been proposed to
improve the MDP by achieving a high level of computational efficiency and effectiveness.
For example, Zhao et al. [29-31] proposed improved SDP with a monotonic relationship
between the decision variable and state variable for a single reservoir water supply, hy-
dropower generation and flood control operation. Using the spatially distributed character-
istics of individual reservoir storage, Zeng et al. [17] proposed an improved SDP algorithm
based on a derived monotonic relationship between individual reservoir carryover storage
and parallel reservoir system water availability. The high computational efficiency and
effectiveness with controlled solution accuracy have been proven in a real case. However,
the application of the monotonic decision property to overcome the dimensionality problem
of cascade reservoir optimization operation has received little attention.

Following the work of Zeng et al. [17], the objective of this paper is to reduce the
computational complexity of RL with a derived monotonic relationship between individual
reservoir water release decisions and the water availability of the cascade system or a
specific individual reservoir, which provides the theoretical basis for the improved RL
algorithm design. According to our knowledge, this study can be the first to apply the
monotonic property to address the curse of dimensionality for cascade reservoir optimiza-
tion operation.

The rest of this paper is organized with a step-by-step structure as follows: Section 2
presents the formulation of the stochastic dynamic optimization model for the operation of
reservoirs in series and specifies the optimality condition for the model without binding
inequality constraints. On the basis of the specified optimality condition, Section 3 provides
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the first-order derivative relationship between individual reservoir water release decisions
and the water availability of the cascade system or a specific individual reservoir. The
monotonic property with reduced searching region of the improved RL method is described
in Section 4. A cascade reservoir system in the Yangtze River of China is illustrated as a
case study in Section 5. Finally, the conclusions of this paper are given in Section 6.

2. Optimality Condition for Multi-Objective Operation of Cascade
Reservoir System

This section first describes a long-term optimization problem for the multi-objective
operation of the cascade reservoir system, then develops a two-stage optimization operation
model based on the stochastic dynamic programming and reinforcement learning methods.
Following that, the optimality condition for the multi-objective operation of the cascade
reservoir system is derived.

2.1. Stochastic Optimization Operation Model for Cascade Reservoir System

Considering the stochasticity of hydrologic inflow, the long-term operation of the
cascade reservoir system illustrated in Figure 1 requires balancing water release for hy-
dropower generation in the mainstream and water release for regional use in tributaries at
each period. The objective is to maximize the expected value of multi-regional basin-wide
benefits, integrating diverse water use purposes, such as ecology and hydropower produc-
tion. In addition, the decision of water release at each period needs to obey the physical and
engineering constraints of the cascade reservoir system, which includes the mass balance
equation, release, and carryover storage constraints. The mathematical expression of the
long-term multi-objective optimization operation for the cascade reservoir system can be
written as follows:

max E(Y { Y [B(IRy) + Bi(OR,)| }) (1a)
WA = S14-1+ Iy — E1p = S10 + IRy + ORy vt
WA;} =Sip1+ 1Ly —Ey=S5;y +IR;y + OR;; — IR;_1; Vie [2,n],t
s.t. 0< IR;; < ID;, Vi [1,n),t (1b)
0 < OR;; < 0D, Vi€ [1,n],t
Smin < Gy < SMAx Vi e [1,n],t

where E( ) is the expectation function; B( ) is the benefit function of in-stream water
release from i reservoir to meet the hydropower generation or ecological water use [32-35];
B;( ) is the benefit function of out-stream water release from i reservoir to meet the re-
gional consumptive water demand; particularly, both B( ) and B;( ) are assumed to be
concave [16,32-34,36]; T is the planning horizon of the cascade reservoir system; # is the
number of reservoirs in the cascade system; WA, ; is the water availability of i reservoir at
time ¢, which is defined as the sum of initial water storage plus current inflow and minus
evaporation loss during this time period for i reservoir; S; ;_; is the initial storage of the
reservoir i at the beginning of period t; I;; is the inflow of i reservoir at period t; E;; is
the evaporation loss of i reservoir at period t; IR;; is the water release for hydropower
generation from i reservoir into mainstream at period t; ID;; is the water demand from
mainstream at period t; OR;; is the water supply for tributary water user at period t; OD; ;
is the tributary water demand of i reservoir at period t; Sf,”ti” and SY{"* are the minimum
and maximum storage of i reservoir, respectively.
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Figure 1. Cascade reservoir system with hydropower generation and tributary water supply objectives.

2.2. Stochastic Dynamic Programming for System Optimization Operation

The aforementioned long-term optimization model encompasses a substantial number
of water release decisions for each reservoir, and deriving optimal solutions for such an
extensive nonlinear optimization model poses significant challenges [1,2,5]. Based on the
optimality principle of dynamic programming, the long-term optimization problem can be
decomposed into a series of two-stage stochastic optimization problems. If the runoff of
each reservoir can be described as a first-order Markov process, then the randomness of the
inflow at the subsequent time ¢ + 1 can be characterized using a prior inflow transition prob-
ability P(I;41|I; ) given any specific I; ;. Under this assumption, the long-term stochastic
optimization model can be expressed using the following backward recursive equation:

CVit (i1, 1) = max. {Bt(IRt, OR)+ Y, [Pl Ii) x CVi(S,, 1t+1)]} (2a)

Bi(IRi,ORy) = Y1, [B'(IRys) + Bi(OR;)| (2b)
51,641 It IRy ORy

Si1= k=] | IRk=| ¢ |; OR = : (20)
Sn, t—1 In,t IRn,t ORn,t

where S;_1, Iy, IRy and OR; represent the vector of the initial storage, inflow, and water
release in the mainstream and tributary of the cascade reservoir system at period ¢, respec-
tively; CV/( ) is the value function of the cascade reservoir system at period t, representing
the maximum benefit that can be achieved from period t to the end of the planning hori-
zon, conditioned on the inflow and storage state combination. Previous studies [35,37]
have shown that because the value function represents the cumulative utilities from pe-
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riod t to T, it is considered to share similar mathematical characteristics with the benefit
function [29,31]. In other words, the value function CV () is concave.

To maintain consistency with the mathematical expression of the benefit function used
in the reinforcement learning method, Equation (2a) is rewritten with the Q-value function

as follows:
Qt-1(St-1,It, IR, ORt) = Bt(IRt,OR¢) + Y ;| P(Ipy1llt) x  max  [Q¢(St, Ir41, IR141,OR41)] (3a)
t+1 IRt4+1,0Rp 41
CVi_1(Si—1, It) = max [Q¢—1(S¢—1,It, IR;, ORy)] (3b)
ts t

where Q( ) is the approximate function of CV( ) in the reinforcement learning method.

2.3. Reinforcement Learning for System Optimization Operation

In order to construct the value function of the cascade reservoir system, the dynamic
programming method based on the Bellman equation requires perfect information of
the underlying stochastic hydrologic processes throughout the entire planning horizon.
The well-known “curse of dimensionality” problem is caused by this assumption, even
though it can capture the best solutions for long-term operation. To make efficient use
of the searching process and reduce computational complexity, the Q-learning method in
reinforcement learning adopts the concept of random sampling to gradually approximate
the value function through incremental temporal difference methods. The multi-objective
optimization model of the cascade reservoir system in the Q-learning approach can be
written as follows:

Qt,1 (Stfl, I, IR;, ORt) < Qt,1 (Stfl, I;, IR, ORt) + OC{Bt(IRt, ORt)+

max  [Q¢(St, Ir+1, IRr4+1, ORpy1)] — Qr—1(Se—1, I, IRy, ORt)} @
IRt 11,0R¢ 41

where « is the learning rate parameter controlling the balance given to the immediate water

use benefit and future value return.

Notably, the Q-learning approach only carries out incremental optimization for the
sample state combination, as opposed to exhaustively listing every discrete combination of
carryover storage at each period of SDP. This paper specifically assumes that the immediate
water use benefit (B'( ) and B;( )) is provided at each period. Therefore, for any state
combination, the convergence condition of the Q-value function is:

Qt-1(5¢-1,It, IRt,ORy) < B¢(IR,OR¢) + max  [Q¢(S¢, It+1, IRt 41, 0Rs41)]  (5)

IRt 41,0R 11

Combining the above equation with Equation (3b), we have:

CVi1(St—1, 1) = max {Bt(IRt/ ORy) + p max  [Qi(S 1t+1/IRt+1/ORt+l)]} (6)

According to the equation above, “Q-Learning converges to the optimum action values
with probability 1 so long as all actions are repeatedly sampled in all states and the action
values are represented discretely” [21] (p. 279). Following this, the optimality condition
of Q-learning and dynamic programming methods is equivalent, and the computational
complexity of Q-learning can be significantly lower.
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2.4. The Optimality Principle of Equal Marginal Utility

If boundary constraints on release and carryover storage (i.e., Equation (1b)) are
non-binding, the Lagrange multiplier approach [36] can be used to specify the optimality
condition of the two-stage optimization model with the mass balance equation mentioned
above, which leads to:

dB! 90t 95} 3Qt ISy dB  _ 0Q; aQt
aIRy, T+ as;, 8IR tas,, Xk, =0 AR, — 95, 5., .
3 : — tas a0 Vi#n (7a)
dB + Qt % =0 e *t
dOR* 57, aozz* dOR}, ~ 95},
dB" 20 95, _ dB" __ aQt
* + * X »/< - 0 * -
dIR;, " 95, oIR?,, dIR;, ; St _
aB, aQt B _ — 9\ dB, _ aQt Vi=n (7b)

dOR;, T 35, X 30R;, — dOR;, — 95,

The aforementioned formulas illustrate the equal marginal utility optimality principle
for the multi-objective optimization operation for the cascade reservoir system. That is,
(1) for the individual reservoir not at the lowest elevation (i # n), the marginal benefit of
releasing water for the tributary use should be equal to the marginal benefit of carryover
storage, and the marginal benefit of releasing water in the mainstream for hydropower
generation should be equal to the deviation between this reservoir and the downstream
reservoir’s marginal benefits of carryover storage; (2) for the individual reservoir at the
lowest elevation (i = n), the marginal benefits of releasing water for both mainstream and
tributary use should be equal to the marginal benefit of carryover storage.

3. Monotonic Property for Multi-Objective Optimization Operation of
Cascade Reservoir Systems

This section derives the monotonic relationship between the optimal water release

decision of an individual reservoir and the (total) water availability of the cascade system
or a specific individual reservoir.

3.1. Monotonic Property of Water Release for the Tributary Use

For further mathematical derivation, two assumptions regarding the synchronic-
ity and substitutability are used to characterize the spatial distribution of individual
reservoir storage.

Assumption 1. The carryover storage of each reservoir is a non-decreasing function of the cascade
system’s total storage, i.e., synchronic property. The mathematical expression of this assumption is

95}, g
asgum = (&)
S =Y i iy (8b)

In the equations,S{"™is the total carryover storage of the cascade system at time t. The
assumption of storage state synchronicity (Equation (8a)) indicates that the reservoir system should
allocate the increased storage according to the prior optimal storage distribution. Theoretical
research and empirical findings [14-17] have demonstrated that reservoir operation rules based
on this assumption can successfully lower the system’s invalid water spillage and improve the
coordination of decisions regarding water supply and storage across individual reservoirs [16,38,39].
Therefore, this property is widely adopted for the operation of a complex reservoir system, such as
the storage target curves [40,41] and the parametric rule [42].
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Assumption 2. The stored water in each reservoir is substitutable among each reservoir. The
mathematical expression of resource substitutability is defined as follows [17]:

Qs
as;,0 (55 — s,

<0 )

The above equation indicates that if the total storage of other reservoirs increases, the marginal
value of carryover storage for each reservoir either decreases or stays the same because there is
more water available in the system for both mainstream and tributary demand, particularly for the
successive drought year [17].

Based on the above two assumptions, the monotonic relationship between the optimal
water release for tributary use and the total system water availability at period t can
be derived.

For any two optimal cascade systems, carryover storage and at period
t, if Sf”m’l < Sts “m2 then according to the Assumption 1, we have Sl-l,t < Sl% ;- Using the
contradiction method, it can be deduced that (Sf”m’l — Sl-l,t> < (Sf um?2 _ Siz,t) , otherwise,

2
it/

StSum,l StSum,2

it would exist the carryover storage of an individual reservoir: S}, > S?, which is in
violation of Assumption 1.

Subsequently, according to Assumption 2, we have

9Q;

1
asl‘,t (S% t'""sl ) it

m,t

(10)

According to the concavity of the value function (decreasing marginal benefit), i.e.,
conditioned on the unchanged carryover storage of other reservoirs in the system, a higher
storage will lead to a lower marginal benefit:

90+ 90
oS} ~ 0s? 1
it (S%,t"“’sgl,f) it (S%t’“"sgﬂ/t)
Combining Equations (10) and (11), we can obtain:
90 90
as1 = 332 (12)
BE1(STSm0) it 1(S3yS00)

Based on the marginal benefit relationship in Equations (7a) and (7b), it can be derived
dB; dB;
dOR}, — dOR;"
release, the optimal water release for tributary use must satisfy the following relationship:

that According to the decreasing marginal benefit property of water

OR}, ¢ < ORIZJ. Similarly, it can be deduced that the optimal water release for hydropower
generation from the reservoir at the lowest elevation (i = 1) must satisfy I R%/t <I R%,t. The
cascade system’s total water balance equation can be used to obtain:

WA = gpmt Y OR}, + IR), < 72+ Y L OR?, + IR2, = WA"™* (13a)

WA ™ =Y WA, (13b)

That is, if the total carryover storage of the cascade reservoir system increases, the
carryover storage of each reservoir, water release for the tributary use, and the total
available water of the cascade system should increase or remain unchanged, and vice

202



Water 2025, 17, 1681

versa. As a result, the non-decreasing monotonicity between a cascade reservoir system'’s
total water availability, water release for tributary use, and optimal carryover storage is
determined.

3.2. Monotonic Property of Water Release for the Mainstream Use

Assume that only the water availability of reservoir k increases and the water avail-
ability of other reservoirs remains the same, i.e., for any two available water combinations,
WA,% ; < WA,%J and WAil,t = WAiZ/t (i # k). According to the mass balance equation in
Equation (1b), the optimal water release from the upstream and downstream reservoirs can
be expressed as:

k—1
IRy 1, =Y 0 (WAZ-J -5, - OR,-,t) (14a)
IRy =Y 1 (Sit+ORjy —WA;;) + IRy (14b)

Water release for each reservoir’s tributary satisfies the monotonically non-decreasing
property due to carryover storage. Therefore, according to Equation (14a), the water release
of the upstream reservoir has the following relationship: 1 Rl%—l,t >1 R%_Lt, provided that
the amount of water available in the reservoir remains constant.

Similarly, from Equation (14b), it can be deduced that the water release of reservoir k
and its downstream reservoirs should satisfy I R,l,t <I Rit.

The above derivation implies that as the available water of a specific individual
reservoir increases, the water release for the mainstream demand from this reservoir
and the corresponding downstream reservoirs should not decrease, while the upstream
reservoir should not increase. That is, the non-decreasing monotonicity between the water
release for the mainstream use from a specific particular reservoir or any downstream
reservoir and the water availability of such individual reservoir is derived, whereas the
non-increasing monotonicity between the upstream water release and the water availability
is specified.

3.3. Quantitative Analysis Based on the Monotonic Property

Based on the monotonicity of the water storage and release decisions of the cascade
reservoir system, the following quantitative analysis can be further conducted:

If the cascade system’s total available water increases with an equal interval length (i.e.,
IL), the sum increase in the total water storage and the water release for tributaries would
not exceed IL, according to the system’s total water balance equation (Equation (13a)).
Following the non-decreasing monotonical relationship between the optimal decision
of individual reservoir and the total available water of the system, it can deduce with
the contradiction method that the carryover storage and the water release of individual
reservoir will not exceed IL.

Similarly, if reservoir k’s water availability increases with an interval length (i.e., IL)
while other reservoirs” available water stays constant, then both the decrease amount of
water release from upstream reservoir and the increase amount of release from downstream
will not exceed IL, since the total increment or decrement does not exceed IL. Following the
chain rule of derivation, the monotonic property would be maintained in the subsequent
operation periods.

In summary, the monotonic relationship between different water release and the water
availability in the cascade system is shown in Figure 2.
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Figure 2. Monotonic relationship between optimization decisions and water availability; where, 1
denotes non-decreasing monotonic relationship; | denotes non-increasing monotonic relationship; —
denotes without any change.

4. Improved Reinforcement Learning Method for Optimization
Operation of Cascade Reservoir System

Reinforcement learning for solving the joint optimization operation of the cascade
reservoir system would not utilize the prior knowledge of water mass balance of each
reservoir, as well as the hydrologic connection equation between the upper and lower
reservoirs to specify the monotonic decision-making property. Based on the monotonic
relationship between the optimal release decisions and the water availability, the efficiency
of the reinforcement learning method can be effectively enhanced. The main principle of the
improved optimization method can be summarized as two steps: initial state optimization,
and searching space reduction, as shown in Figure 3.

.

Ve
/ Y
S, f-——- - OR, Si [F==—*ORy| II |ORHIL E
— — : | : |
TSR b = =N =
[T e B | 1 | : : | : : : :|
i |
S, F---- - OR, p |SiHIL|-——= OR;| Il [ORHL |
|
— — = o= = |
— — : : | : '
i |
ST ————— — ORT ST - Jl’ ORT II ORT+IL jl
S —
S OR S* OR ¥

Figure 3. Schematic diagram of the improved reinforcement learning method.

(1) Initial state optimization: First, the storage volume of each reservoir is discretized
with an equal interval length (i.e., IL) for each reservoir at each period, i.e., the discretization
interval of each reservoir is set as IL, and the number of discretization of reservoir i is
NS|. After determining the feasible space of the water release decision for each initial state
combination based on the constraints of water supply and storage, Newton’s method is
applied to specify the optimal release for the mainstream and tributary from the reservoir’s
water balance equation (Equation (1b)) and the marginal benefit equalization equation
(Equations (7a) and (7b)). The feasibility of the decision is checked according to the water
release and carryover storage inequality constraints, where, if the decision variables that
do not meet these constraints, according the suggested procedure [43], the boundary of
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the inequality constraint is set as the optimal value, and the corresponding water release is
adjusted according to the mass balance equation. In this process, the reinforcement learning
method employs incremental sampling to identify the set of solutions for each reservoir’s
optimal water release over the course of the scheduling period.

(2) Searching space reduction: Assume that the optimal water release and carry-

over storage for the entire periods corresponding to the j sample are (I RE, -1 R’%) ;

(OR#, e ,OR*%) and (S%,---,S%), respectively. If the initial water storage state of j
sample increases with IL, then the water release for the tributary can be defined as the
decision variable in Newton’s method, and the release for the mainstream can be speci-
fied using Equation (14a). According to the monotonicity of the water release decision,

the optimal release would be identified within the range between (OR#, ey, OR?) and

OR? +IL,---, OR? +IL). As a result, the improved method only searches in the feasi-
ble interval with a variation of IL, which leads to a higher computational efficiency than
searching the entire feasible region in the traditional reinforcement learning method.

5. Case Study
5.1. System Description

As illustrated in Figure 4, the WB-XIl-Xjb-Sx reservoir system is a giant cascade
reservoir system on the mainstream of the upper reaches of the Yangtze River in China.
Among them, the storage capacity of WB reservoir is 13.46 billion m?, and the annual
average runoff is 241.34 billion m®, with the annual demand of 120 billion m? in the
mainstream and 3.20 billion m? in the tributary; the storage capacity of X1l reservoir is
6.46 billion m?, and the annual average runoff is 20.64 billion m® with the annual demand
of 65 billion m? in the mainstream and 0.5 billion m? in the tributary; the storage capacity
of Xjb is 0.90 billion m?, and the annual average runoff is 7.28 billion m® with the annual
demand of 15 billion m? in the mainstream and 1.8 billion m? in the tributary; the storage
capacity of Sx is 22.15 billion m?, and the annual average runoff is 280.18 billion m? with
the annual demand of 200 billion m? in the mainstream and 4.5 billion m in the tributary.

V' Reservoir A
=== Yangtze River V\rf/\lvf

Tributary e ey
[IBoundary g
0 175350 700 1050 -
——— s Km

Figure 4. The layout of WB-XII-Xjb-Sx cascade reservoir system.

In this paper, the commonly used benefit function [44] is set as the objective function
to evaluate the system operation performance, as below:

Eir \%  (yxIR\* (IR \*,
BI(IR;;) = (IEI‘;) - (WD,;Z) - (IDf,tr) i IRy < IDjy (15a)
’ 1 ; IRi,t > IDj,t
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OR;, ”‘. ) )
Bi(OR;;) = (OD,-,Z) 7 ORiy < ODy (15b)
1 ; ORi,t > ODi’t

where E;; and IE;; are the hydropower generation of the release and maximum release
from reservoir i to the mainstream at period t, respectively; v is the transition coefficient
from water into hydropower, which is given from an experimental test; « is the exponential
parameter of the benefit function generated by the water release. « < 1 is defined for a
concave function. According to the literature [35] and sensitivity parameter analysis, the
value of « is set to 0.8 in this paper. It is assumed that the weighting factors for various
water utilities are equal to 1 for the sake of the subsequent comparison analysis.

5.2. Comparison Analysis of Optimization Results

The WB-XI1I-Xjb-5x cascade reservoir system’s comparison analysis of multi-objective
optimization techniques divides a hydrological year into 12 periods, with each period’s
operation time step of a month. Historical inflow runoff from 1959 to 2023 is collected from
each reservoir to generate the corresponding runoff state transition probability function.
The inflow is discretized as four for each reservoir, and six storage discretization levels

(i.e., interval lengths), ranging from 0.2 to 0.4 billion m3

, are employed for the algorithm
implementation. Stochastic dynamic programming (SDP), reinforcement learning (RL), and
improved reinforcement learning (IRL) methods with a learning rate of 0.9 are executed
with GUN Fortran to solve the optimization operation of the cascade reservoir system on a
ThinkPad T15g workstation (i7-10750H/16 GB), provided by Lenovo, Beijing, China. The

optimization results under different storage discretization levels are shown in Figures 5-7.
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Figure 5. Differences between SDP and RL or SDP and IRL (a) relative error under different combina-
tions of storage discretization levels; (b) hydropower generation under the discretization level of 0.24

billion m3; (c) tributary release under the discretization level of 0.24 billion mS.

To compare the results from different methods, the optimization results of SDP are set
as a benchmark, and the differences between SDP and RL or SDP and IRL are measured
by relative error in Figure 5. As can be seen, there is no significant difference in the
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(a)
Computing time (s)
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optimization results obtained by the three optimization algorithms under six different
discretization intervals, with relative errors all kept within 10%. Only when the reservoir
capacity discretization interval is set to 0.24 billion m3, the relative errors between SDP
and RL, as well as the error between SDP and IRL, both reach the maximum of 5.73% and
9.87%, respectively. As further illustrated in Figure 5b,c, the maximum relative error mainly
results from the optimization operation of the Sx reservoir, which has a relatively large
storage capacity and water demand.

The computing time of SDP, RL, and IRL with different discretization levels is illus-
trated in Figure 6a,b. The computation time of IRL is consistently less than 0.10% of that
from SDP and 5% of that from RL for all storage discretization levels. For example, the
time of SDP is 4109.47 s and RL of 52.83 s, while that of RIDP is 2.10 s under the discretiza-
tion level of 0.32 billion m? for running the models over a one-year time horizon. This
conclusion indicates the high computational efficiency of IRL.

Discretization levels (billion m?®)

10 1

(©)
Computing time (s)

(l T T T T
0.2 0.24 0.28 0.32 0.36 0.4

Discretization levels (billion m®)

Figure 6. Computing time under the discretization level of 0.32 billion m? for running the models
over a one-year time horizon (a) SDP; (b) RL; (c) IRL.

The carryover storage distribution of the cascade reservoir system in September is
given in Figure 7. As can be seen from Figure 7a,b, the carryover storage of the XlI reservoir
obtained from SDP or RL would not always increase with the total storage of the cascade
reservoir system increases, particularly for a high system storage level. In contrast, the
carryover storage of all individual reservoirs derived from IRL would increase with the
total storage of the cascade system in Figure 7c, which follows the synchronic storage
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distribution property. Since September is often defined as the refill period in the Yangtze
River, a relatively high storage of the system would seldom result in a relatively low storage
of the individual reservoir, which is not consistent with the previous numerical study [45] or
the commonly used operating rules [32-34]. These distribution results imply the relatively
high interpretability of the solutions from IRL.
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Storage of individual reservoir (billion m’)
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Storage of individual reservoir (billion m?)
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Figure 7. Carryover storage distribution of the cascade reservoir system in September (a) SDP; (b) RL;
(¢) IRL.

6. Conclusions

Based on the synchronicity and substitutability property of storage distribution in
the cascade reservoir system, the first-order derivative relationship between individual
reservoir water release decisions and the water availability of the cascade system or a
specific individual reservoir is derived. Theoretical analysis results show that: (1) the
optimal carryover storage and water release for the tributary use from each individual
reservoir is a non-decreasing monotonic function of the cascade reservoir system’s overall
water availability; (2) the water release for mainstream use from a specific reservoir, or from
any downstream reservoir, is a non-decreasing monotonic function of the water availability
of that individual reservoir. Conversely, the relationship between upstream water release
and water availability is characterized by non-increasing monotonicity.
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Considering the derived monotonic properties among carryover storage, water release
decisions from each individual reservoir, and the water availability of the cascade reservoir
system, an improved reinforcement learning method with a reduced searching region has
been developed. To demonstrate the effectiveness and efficiency of the proposed algorithm,
the WB-XII-Xjb-Sx reservoir system in the upper reaches of the Yangtze River in China is
employed as a case study. Numerical results from this case study indicate that, compared
to standard dynamic programming (SDP) and traditional reinforcement learning (RL),
the improved method significantly reduces computation time without substantial loss of
solution accuracy, particularly in preserving highly interpretable optimization results.
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Abstract: Previous studies of transients in existing water distribution networks (WDNs)
accounted for only single worst cases in optimizing surge protection measures, considered
only pressure at pipe end nodes, and did not examine the effect of regulating the duration of
demand increase. This study presents a comprehensive model for identifying the minimal set
of worst transient cases for which optimized surge protection achieves zero Surge Damage
Potential Factor (SDPF) for all transient loading cases. The model introduces SDPFp to account
for pressure at all computational nodes along pipes, as opposed to relying on SDPFy, which
considers pressure at pipe end nodes only. The existing New York Tunnel network was used
for model validation and for determining the optimal diameters for additional duplicate
pipes to achieve higher pressure under steady-state conditions and protect the network from
transients due to demand increase. Compared to previous studies, the model achieved
SDPFy = 0 with a lower cost for sudden demand increase at a single predefined node. For
concurrent sudden demand increase at two nodes, the model identified a total of 8 critical
transient cases and corresponding optimum duplicate pipe diameters that achieved SDPFy =
0 and SDPFp = 0 with 46% and 74% higher costs than previous studies, respectively. The
higher costs are necessary; previous studies did not achieve zero SDPFy and SDPFp in 39%
and 91% of transient cases, respectively. To reduce duplicate pipe costs, the model was used
to examine the effect of regulating the duration for a gradual demand increase. Using only the
pipes optimized for steady-state service, the minimum duration for satisfying the transient
pressure constraints was identified as ~260 s for the concurrent demand increase scenario.
Slight relaxation of the minimum allowable pressure constraint allows a reduction in the
duration to 150 s. For applying a demand increase over a smaller duration, duplicate pipes
would be needed and can be optimized using the model. These results indicate the advantage
of the proposed model in achieving full protection of existing WDNs while maintaining
computational efficiency and cost-effectiveness.

Keywords: water distribution networks; hydraulic transients; worst transient cases; opti-
mization; genetic algorithm

1. Introduction

The optimal design of a water distribution network (WDN) aims to minimize cost
while satisfying hydraulic constraints pertaining to pressure, flow velocity, and water
demands. Numerous studies have applied various optimization techniques to determine
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optimum WDN pipe diameters based on steady-state conditions for several benchmark
WDN:s, including the two-loop, Hanoi, New York Tunnel (NYT), and GoYang networks.
Many of these studies—particularly recent ones—have relied on evolutionary algorithms
given their efficiency and ability to solve complex problems to obtain near-optimal solu-
tions [1,2]. Examples include the application of Ant Colony optimization (Maier et al. [3],
Zecchin et al. [4], Zecchin et al. [5], Mehdi and Massoud [6]), Particle Swarm (PSO) op-
timization (Babu and Vijayalakshmi [7], Ezzeldin et al. [8], Surco et al. [9]), the Whale
Optimization algorithm (Ezzeldin and Djebedjian [10]), and Differential Evolution (Vasan
and Simonovic [11]; Mansouri et al. [12]; Yazdi et al. [13]). Among the various evolution-
ary optimization algorithms, numerous studies applied the genetic algorithm (GA) due
to its robust and efficient performance. Recent examples include Jung and Karney [14],
EL-Ghandour and Elansary [15], Kim and Kim [16], Huang et al. [17], Jung [18], and
Sangroula et al. [19] as well as Ghobadian and Mohammadi [20] and Naidu et al. [21],
who applied the non-dominated genetic algorithm with multi-objective optimization to
minimize the network cost and the total network pressure deficiency.

In contrast to the large number of studies that applied optimization methods to
WDNs under steady-state conditions, relatively few studies focused on the optimiza-
tion of protection measures against transients in existing WDNs. Four different pro-
tection strategies were considered including pipe replacement (Djebedjian et al. [22],
and El-Ghandour and Elansary [23]), addition of parallel pipes (Jung and Karney [14,24],
Jung [18], El-Ghandour et al. [25]), use of surge protection devices such as surge tanks
and pressure relief valves (EL-Ghandour and Elansary [15], Jung and Karney [26,27],
Skulovich et al. [28]), and controlling valve closure pattern (Skulovich et al. [29,30],
Bohorquez and Saldarriaga [31], Carvajal and Bohorquez [32]). Most of these stud-
ies assumed a critical scenario for one or more transient event types. For example,
Jung and Karney [33] and Jung et al. [34] arbitrarily selected a transient scenario for
a sudden demand increase. Their arbitrarily selected scenario was also used later by
El-Ghandour and Elansary [23] and El-Ghandour et al. [25]. Another example is the study
by Djebedjian et al. [22], who selected a scenario for three different transient events, in-
cluding pump power failure, valve sudden closure, and sudden demand change. No
justification was given for the selected scenarios. Also, a separate set of optimum pipe
diameters was determined for each transient scenario without indication of the overall
optimum diameters. In contrast, Jung and Karney [14,24,27] and Jung [18] identified the
worst scenario for a suggested transient event by maximizing a Surge Damage Potential
Factor (SDPF) based on nodal pressures simulated with only the existing pipes. Additional
pipes running in parallel to the existing pipes were used for surge protection in the existing
New York Tunnel (NYT) network. The optimal diameters for the additional pipes were
determined by applying an evolutionary algorithm considering the identified worst case.

The deficiency in this approach is the consideration of only a single worst transient sce-
nario and the assumption that the proposed surge protection measures that are determined
based on this scenario are adequate for other transient scenarios that originally had a lower
SDPF. This assumption is not necessarily valid and requires a more comprehensive analysis.
Another deficiency in many—if not all—previous studies (e.g., Jung and Karney [14,24],
and Jung [18], El-Ghandour and Elansary [23], El-Ghandour et al. [25]) is that only transient
pressure heads at pipe end nodes were considered when examining the deviation from
the minimum and maximum allowable heads. However, pressure heads along the pipes
may have been higher or lower than at the pipe end nodes. Accordingly, pressure head
constraints were not necessarily satisfied along the pipes and identified surge protection
strategies may be insufficient to fully protect WDNs from water hammer events.
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Another deficiency in previous studies that considered transients due to demand
increase in WDN s is the assumption of an almost sudden, abrupt increase. While this
assumption gives the most critical scenario for creating extreme transient pressures, it is
perhaps overly conservative; control devices for large users can be regulated to extend
the opening and closure durations. Even for the operation of fire hydrants, firefighters
are instructed and trained on gradually opening and closing the hydrants to reduce tran-
sients [35,36]. Accordingly, it is important to include the duration over which the demand
increase occurs as a decision variable when identifying optimal surge protection measures.

This study aims to overcome these deficiencies by proposing an efficient and reliable
model for identifying the minimum set of worst transient scenarios that should be considered
for the protection of existing WDNSs against transient loadings. The proposed model, referred
to hereafter as optWDN, applies the genetic algorithm to achieve minimum protection cost
while satisfying the constraints on allowable steady-state and transient pressures along the
pipes and not just at pipe end nodes. The model’s performance is demonstrated through
application to the existing NYT network. In comparison to previous studies, the focus
was on determining the optimal diameters for additional duplicate pipes to achieve higher
pressure under steady-state conditions and to protect the network from transients due to
sudden demand increase. The optWDN model also determines the minimum duration for the
application of gradual demand increase to avoid the need for additional or larger duplicate
pipes beyond what is needed to satisfy steady-state requirements. Depending on the viability
of this minimum duration, a hybrid transient protection scheme can subsequently be used by
employing a shorter feasible duration for applying demand increase and using the model to
identify the corresponding optimal duplicate pipe diameters.

This paper begins by presenting the formulation and components of the proposed
optWDN model. Afterwards, the essential information about the NYT network is given,
and details about the model validation and application to this case study are described.
The results section includes comparisons with previous studies, SDPF evaluation based
on simulated pressure along pipes, identification of worst transient cases, final optimized
diameters for additional duplicate pipes, and minimum duration for demand increase
without transient protection. Finally, the benefits provided by the model are summarized,
and recommendations regarding further model improvements are given.

2. Model Formulation
2.1. Model Scope and Components

The optWDN model applies a genetic algorithm (GA) to determine the optimum diam-
eters for pipes to be added in parallel to existing WDN pipes. The objective is to identify
the pipe diameters that provide surge protection for the WDN and give the least cost. The
optWDN model was coded in MATLAB version 2018a and consists of two hydraulic simu-
lators and two modules (Figure 1). The hydraulic simulators are the steady-state simulator
(SS) and the transient simulator (TS). The modules are the Optimization (OPT) module and
the Worst Transient Case (WTC) module. The model workflow is summarized next, and a
detailed description of the model components is given in the following sections.

As shown in Figure 1, the optWDN model starts by applying the WTC module,
which runs the steady-state simulator for the selected existing network. The steady-state
results are then utilized as initial conditions for simulating the transients that arise from
all possible scenarios of a specified sudden demand increase at one or more nodes. The
worst transient case with the highest SDPF is identified and used by the OPT module to
determine the optimal diameters for the additional duplicate pipes. The cycle of applying
WTC and OPT modules repeats to identify additional worst transient cases and obtain
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a new set of optimum pipe diameters. The model run cycles are continued until the
diameters determined based on the relatively few identified worst cases give zero SDPF
for all possible transient loading cases, ensuring full protection. This iterative approach
is more efficient than optimizing for all possible transient cases simultaneously, which
requires substantial runtime and computational resources, particularly for large networks

with simultaneous sudden demand changes at multiple nodes.

7 [ optWDN Model |
Run WTC Run OPT Module with
Module for P Optimum pipe diameters | W=W+1
M = N cases * TS cases
‘ Run WTC Module for i *
nput file for M =M — 1 cases Identify new worst
SS and worst TS case
W =W, f
TS cases for No Final
existing WDN For each Seloot set Opti}num
* run, apply of pipes Yes| g pipe
Run OPT Multiple runs wIc N with lameters
Module with | o OPT Module®] Module SDPF= 0
W TS cases with W TS cases| |forM =N forall TS
cases cases
l Worst Transient Case (WTC) Module J
Run SS for
existing WDN Search for

v

H <Hrg,, and H> Hrg,

v

Determine worst
TS with largest

Run TS for M Determine SDPF values SDPF value
cases for all TS cases
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with SS results
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Figure 1. Flowchart for the proposed optWDN model. N denotes the total number of possible transient
cases. M denotes a monotonically decreasing number of transient cases in each model run. W denotes
a monotonically increasing number of worst transient cases in each model run. W, denotes the initial

number of worst transient cases that are selected for application in the first model run cycle.
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2.2. Steady-State Simulator

The steady-state simulator (SS) conducts a hydraulic analysis of the existing WDN under
steady-state demands using the EPANET v2.2 hydraulic model [37]. Using the EPANET
MATLAB Toolkit v2.1, the SS modifies input data files exported from the EPANET program,
runs the model, and transfers results to the transient simulator. The input data file includes
design parameters for all network elements, including pipes, nodes, and reservoirs.

In performing steady-state simulations, the friction energy head loss is determined
based on the Darcy—Weisbach equation [38],

e
~ 2¢D

hy (1)
where /i is the friction head loss over a WDN pipe, V is flow velocity in the pipe, f is the
Darcy—Weisbach friction factor, L is the pipe length, D is the pipe diameter, and g is the
gravitational acceleration.

2.3. Transient Simulator

The transient simulator (TS) calculates pressure heads H and flow velocities V in a
WDN for a specified transient scenario by solving the unsteady mass balance and momen-
tum equations [39],

oH 4?29V . oH
§+§$+VSZHQ+V$—O 2)
V. 9H  fV|V| v

a8t TV O ©)

where x is the along-pipe length, t is time, 6 is the pipe angle with the horizontal, and a is
the wave speed. Equations (2) and (3) are solved subject to boundary conditions imposed
on velocity and/or pressure heads at reservoirs, valves, demand nodes, and junctions
connecting multiple pipes. With the imposed boundary conditions and initial conditions
based on steady-state simulations, the equations are solved numerically using the method
of characteristics (MOC) [39,40]. The results are used within the OPT and WTC modules to
identify the worst transient cases and the optimum pipe diameters, respectively.

For performing the transient analysis using MOC, the temporal and spatial domain
is simultaneously discretized [41]. Each pipe i in the WDN is divided into a number of
segments N;; such as that of [39],

. L;
(e ©
where At is the computational time step, L; is the pipe length, V; is the flow velocity in the
pipe, and g; is the wave speed in the pipe, and the subscripti = 1,2,3... Np denotes the
pipe number with Np representing the total number of pipes in the WDN. Equation (4)
ensures that the time step At is set to or lower than the shortest wave travel time for pipe
segments [33].

2.4. Optimization Module

The Optimization (OPT) module applies a single objective function that aims to
minimize cost by identifying the optimum diameters of additional pipes. Optimization is
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performed subject to hydraulic constraints on steady-state and transient pressure heads
along pipes. The objective function is,

F = Cp + Psg + Prg (5)

where C, = X;U(D;) x L; is the cost of the additional pipelines (i = 1,2,...) in which L; is
the length of pipe i, and U(D;) is the diameter-dependent unit cost of pipes. In Equation (5),
Psg and Prg are penalties applied to account for violation of pressure head constraints under
steady-state and transient conditions, respectively. The penalties are calculated using,

Nﬂ

Pss = (Cp) x Y, {max(0,h; — hss,,,) +max(0, kss,, —hi)} ®)
i=1
SDPF
Prs = (Cp + Cpo) X At 7)

where Cy, is the cost of the existing pipes, N, is the total number of network nodes, ; is
the steady pressure head at the end node of pipe i; and hgs, . and ks, are the minimum
and maximum allowable pressure heads during steady-state, respectively. The definition
of SDPF is provided below in Section 2.5.

A genetic algorithm (GA) is applied to minimize the objective function. The optimiza-
tion decision variables are the diameters for duplicate pipes running parallel to all existing
WDN pipes. Possible values for the decision variables are the commercially available
diameters, which are represented in GA using integers in the range from 1 to the total
number of available diameters. In addition, a value of 0 is allowed to include the possibility
of not having a duplicate pipe. Starting with an initial population that satisfies the bounds
on decision variables, GA applies selection, crossover, and mutation operators to build new
generations. The cycle continues until a stopping criterion is satisfied and a near-optimal
solution is achieved.

2.5. Worst Transient Case (WTC) Module

The Worst Transient Case (WTC) module determines the Surge Damage Potential
Factor (SDPF) and identifies the worst transient case with the highest SOPF by searching
among a predefined set of possible sudden demand increase scenarios for one or more
nodes. The objective for determining the worst transient cases is to maximize the SDPF
calculated using,

Ny Ny Np Nsi

SDPF=1) Y ) Y At{max(0,H,, s — Hrs,,,) +max(0, Hrs,, — Huix )} (8)
k=1j=1i=1m=1

where N, and Np are the total number of network nodes and pipes, respectively; N; is the
total number of time steps in the transient simulation; N, is the total number of segments
in pipe i; Hy, ; i is the transient pressure head at the end node of segment m of pipe i at time
step k; and Hrg, . and Hrg,, are the minimum and maximum allowable pressure heads
during transients, respectively.

As defined in Equation (8), the SDPF represents the sum of magnitudes of devia-
tions of simulated pressure heads H,,;; from the minimum and maximum allowable
transient pressure heads Hrs  and Hrs,, when these limits are exceeded. Previous
researchers, including Jung and Karney [14,24], Jung [18], El-Ghandour and Elansary [23],
and Jung et al. [34], calculated the SDPF based only on transient pressure heads at pipe
end nodes, referred to hereafter as SDPFy. This study introduces an additional SDPF
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version, SDPFp, calculated from transient pressure heads at all computational nodes along
pipes, including pipe end nodes. An SDPFy = 0 indicates no exceedance at pipe end
nodes, while an SDPFp = 0 indicates no exceedance along the full length of WDN pipes.
In Equation (8), N;, equals 2 for SDPFy and the total number of all computational nodes
for SDPFp.

3. Model Validation and Application
3.1. Case Study Description

The optWDN model was applied to the New York Tunnel (NYT) network, examined
in several previous studies [14,18,23-25,27,34]. The network includes a single reservoir,
19 nodes, and 21 pipes (Figure 2). The reservoir water level is 91.44 m above the datum,
node elevations are 0.00 m, pipe diameters range between 1500 and 5100 mm, pipe lengths
range between 2225 and 11,707 m, and the Hazen-Williams roughness coefficient for all
pipes is 100 [2,25,42]. Under peak steady-state conditions, node demand ranges between
0.0283 and 4.818 m? /s with a total of 57.13 m?/s.

R1

B  Resenvoir (R)
®  Junction (J)
Pipe (P)

N1 N19
8 P18 A

N17

Figure 2. Layout of the existing NYT network (after Jung and Karney [14]).

According to Maier et al. [3], population growth in the region served by the aging
NYT network has led to insufficient steady-state pressure heads at several locations. To
restore adequate pressure levels, numerous studies proposed adding duplicate pipes and
applied optimization algorithms to identify optimum diameters [2,3,43]. The objective was
to minimize cost while satisfying pressure head constraints. Dany et al. [40], El-Ghandour
and Elbeltagi [2], Maier et al. [3], and Eusuff and Lansay [43] identified 6 duplicate pipes
with a total cost ranging between 38.13 and 38.79 million USD (Table 1).
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Table 1. Optimized diameters (mm) given by previous studies for duplicate pipes under steady-state
conditions. Also shown is the total cost for the duplicate pipes.

. Ghandour and . Eusuff and
Pipe Number Dany et al. [38] Elbeltagi [2] Maier et al. [3] Lansay [43]
7 - - 3600 3300
15 3000 3000 - -
16 2100 2100 2400 2400
17 2400 2400 2400 2400
18 2100 2100 2100 2100
19 1800 1800 3000 1800
21 1800 1800 1500 1800
Total Cost
(million USD) 38.79 38.79 38.64 38.13

Few studies focused on optimizing protection against transient events, considering
only sudden demand increase. As the NYT network is gravity-driven with no pumps,
pump power failure events are not relevant. For sudden valve closure, transients are most
effectively mitigated by controlling the valve closure duration and applying an appropriate
closure pattern [23,29-32,44].

3.2. Model Parameters

The optWDN model was applied to the NYT network with a computational time step
of 0.55 s, and a simulation duration of 300 s. The node-dependent minimum allowable
steady-state pressure head ranges between 77.7 m and 91.5 m [2], with minimum and
maximum allowable transient pressure heads of 54.9 m and 304.9 m, respectively [23].
Similar to El-Ghandour et al. [25] and Jung [18], new duplicate pipe sizes were selected
from a set of 15 diameters ranging from 900 mm to 5100 mm with a step of 300 mm. The
unit cost (USD/m) for different pipe diameters (mm) was calculated using

U(D;) = 0.06665 x D, o

where the same material for existing pipes was used for duplicate pipes to avoid multiple
pressure wave reflections due to material mismatch at junctions, which may lead to cyclic
stress loading and fatigue failure for pipes [45-47]. In line with previous NYT studies, a
constant transient wave speed of 1000 m/s was applied for both existing and new duplicate
pipes [23]. For application of the optWDN application, the Hazen-Williams roughness
coefficient for the pipes was converted to the Darcy—Weisbach friction factor using

13332
T ~1.852 0.17
C1822y0.15 p

f (10)

where the GA was applied within the optWDN model, population sizes of 20, 30, 50,
and 100 were examined. For each initial population, 30 trial runs were conducted with a
maximum number of generations of 1000. Results given by the different population sizes
were evaluated using multiple metrics, including a Reliability indicator R, Efficiency-Rate
metric E, and Performance indicator Nalg [2,10,48]. The metrics were calculated using

NSHCC
R = Y% 11
Nsim ( ) ( )
TSP .
E—RXmeC'(/D) (12)
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0.9910g; Neen

=100 —
Talg +0.01 logw (Ngen - Nobjfeval + 1)

(%) (13)

where Ny ¢ is the number of trials that obtained the minimum cost, Nj;,, is the total number
of trials, TSP is the total solution space given by the number of commercial pipes to the
power of the number of WDN pipes, FENOT is the number of objective functions to reach
the optimum results during the first simulation trial, f; is an arbitrary constant set to
10721 [2], Ngey is the product of the maximum number of generations and the population
size, and Nyp;¢pqr is the number of minimum function evaluations. For the NYT network,
TSP was set to 1621 = 1.93 x 10% [2].

As given by Equations (11)—(13), the values for the three metrics R, E, and 77,, range
between 0 and 100%. Higher values indicate better performance, with 100% indicating an
ideal optimization model.

3.3. Model Validation

For validating the optWDN model, the model was applied to the NYT network
to determine optimum diameters for new parallel pipes needed for protection against
two sudden demand increase scenarios. Scenario S1 included a demand increase from
0.0283 m3/s to 4.818 m3/s over 1 s at node 10 and results were compared with those of
El-Ghandour and Elansary [23], El-Ghandour et al. [25], and Jung et al. [34]. Scenario 52
involved a simultaneous demand increase by 3 m3/s over 1 s at two nodes. All possible
combinations of the two nodes were tested to identify the worst case with the highest SDPF.
Results were compared with those of Jung and Karney [14,24] and Jung [18]. Comparison
included calculating the Nash-Sutcliffe model efficiency coefficient (NSE) using [49],

2
2 (Y — Ye)
., N2
L1 <3/m - yp)

NSE=1- (14)

where 7 is the number of points used for comparing the two-time series (1 is about 540 in
this study), 7, is the average simulated pressure head in the previous study, yp, is the head
simulated in the previous study at a given time step and node, and y, is the corresponding
head from the current study. As given by Equation (14), NSE values range from negative
infinity to 1, with 1.0 representing perfect agreement with previous results.

3.4. Testing Model Performance

The effect of including pressure at computational nodes along pipes on identifying
pressure extremes and calculating SDPF was examined using scenario S1. Minimum and
maximum pressure heads along pipes were compared to those pressure extremes at pipe
end nodes without duplicate pipes. The optWDN model was then applied to identify
duplicate pipe diameters that minimized cost and achieved zero SDPF calculated based on
pressure along all computational nodes along the network pipes. The identified optimal
pipe diameters were compared to those identified considering only pressure heads at pipe
ends to examine if the latter approach was sufficient for transient protection.

Finally, the performance of the optWDN model in identifying the worst transient
cases and the optimal duplicate pipe diameters for full protection was examined using
scenario S2 with simultaneous sudden demand increase at two nodes. The model was run
in successive cycles (Section 2.1), with two alternatives for the initial cycle: one using a
single worst transient case, and another using 9 worst cases, amounting to about 5% of the
total number of possible transient cases for scenario S2. Results were analyzed by the total
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number of cycles to achieve zero SDPF at pipe end nodes and along pipes for all possible
node combinations. Final diameters and costs were compared to those of Jung [18].

3.5. Examining the Effect of Gradual Demand Increase

The optWDN transient simulator was used to determine the duration for demand
increase that does not require additional surge protection and can be accommodated by
the duplicate pipes optimized for only steady-state conditions (as given by Dany et al. [40],
El-Ghandour and Elbeltagi [2], and shown in Table 1). This duration was determined by
conducting transient simulations that started with a sudden demand increase, extending
the duration by 1 s increments until the simulated pressure head reached the minimum
allowable transient head. This scheme was applied to the single worst transient case
of scenarios S1 and S2. For S2, the final demand increase duration was applied to all
171 transient cases to ensure that the minimum allowable transient head was satisfied in
all cases.

4. Results and Discussion
4.1. Validation of Transient Simulator

Compared to Jung [18] and Jung et al. [34], the transient pressure heads simulated
in this study show similar trends for scenarios S1 and S2 (Figures 3 and 4). NSE values
were 0.633 for node 17 and 0.843 for node 19 compared to Jung et al. [34]. Furthermore,
NSE values were 0.889 for node 17 and 0.916 for node 18 compared to Jung [18]. These
relatively high NSE values indicate that the transient simulator in the optWDN model
provides reasonable transient results. The lack of perfect agreement with previous results
may be due to slight differences in initial steady-state conditions, simulation time steps,
and estimated transient wave speed, which were not specified explicitly by these authors.

(@)
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Time (s)

Figure 3. Variation in simulated pressure head with time at (a) node 17 and (b) node 19 due to
sudden demand change at node 10 (scenario S1). Shown are results from the optWDN model and
from Jung et al. [34].
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Figure 4. Variation in simulated pressure head with time at (a) node 17 and (b) node 18 due to
simultaneous, identical sudden demand changes at nodes 18 and 19 (scenario S2). Shown are results
from the optWDN model and from Jung [18].

4.2. Validation of Optimization Module

For scenario S1 with sudden demand change at node 10 [34], applying different GA
population sizes to optimize duplicate pipe diameters gave identical reliability metric R
values and similar performance indicator 77, values. In contrast, the efficiency-rate metric
E ranged between 2.7% and 15.4% (Table 2). The population size of 30 gave the highest
value of 15.4% for the metric E and was selected to be applied in the rest of this study.

Table 2. Performance metrics for different population sizes used in applying GA to the NYT Network

case study.
Population Size 20 30 50 100
Reliability, R (%) 3.34 3.34 3.34 3.34
Efficiency-Rate metric, E (%) 13.3 154 5.5 2.7
Performance indicator, 744 (%) 95.70 95.52 95.30 95.00

From 30 independent GA runs, the optWDN model identified 7 duplicate pipes out of
the 21 existing pipes, similar to El-Ghandour and Elansary [23] and Jung et al. [34], and
less than the 8 duplicate pipes given by El-Ghandour et al. [25]. The identified pipes were
identical to those by El-Ghandour and Elansary [23], with similar or smaller diameters
except for pipe 7 (Table Al).

The total costs of the duplicate pipes identified by El-Ghandour and Elansary [23] and
Jung et al. [34] were 47.2 and 49.1 million USD, respectively. The total cost identified by
the optWDN model was 46.37 million USD, less by 5.7% than the cost in Jung et al. [34],
less by 1.9% than the cost in El-Ghandour and Elansary [23], and ~0.3% higher than the
46.25 million USD in El-Ghandour et al. [25]. The solution with the slightly lower cost
was not reproduced, as the corresponding duplicate pipe diameters violated the minimum
allowable head constraint of 54.90 m at node 19 with the minimum head of 54.81 m.

The optimal duplicate pipe diameters identified by the optWDN model gave an
SDPFy of zero, indicating compliance with allowable pressure head constraints at all the
network nodes. As an example, the pressure heads simulated at nodes 17 and 19 varied
between 55.0 and 101.0 m similar to the range in previous studies (Figure 5).
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Figure 5. Variation in simulated pressure head with time at (a) node 17 and (b) node 19 due to
sudden demand change at node 10 (scenario S1). Simulated pressure is for the existing network
with duplicate pipes identified in the present study, as well as by El-Ghandour and Elansary [23],
El-Ghandour et al. [25], and Jung et al. [34].

4.3. Validation of Worst Transient Case Module

The WTC module in the optWDN model was applied to scenario S2 to identify the
worst transient case with the highest SDPFy. The worst transient case consisted of a
simultaneous sudden demand increase at nodes 18 and 19, consistent with Jung [18] since
both nodes are located in dead-end pipes outside loops. The optWDN model gave an
SDPFy of 8.04 x 10* m-s for the worst transient case, slightly higher than the value of
7.90 x 10* m-s reported by Jung [18]. Because node 19 is at a dead-end, the optWDN model
results showed that, besides the worst transient case, all other cases with sudden demand
change at node 19 also gave relatively high SDPFy values ranging between 4.86 x 10* and
5.61 x 10* m-s (Figure 6). This finding highlights the importance of considering multiple
transient cases as opposed to just a single worst case when optimizing duplicate pipe
diameters to achieve comprehensive transient protection.

4
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Figure 6. SDPFy for all possible combinations of simultaneous sudden demand increase at two
nodes (scenario S2).
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4.4. Effect of SDPF Calculation Approach

For scenario S1 with sudden demand change at node 10, transient simulations in
the optWDN model showed that the pressure heads simulated at internal nodes along a
number of pipes were more extreme than at the pipe end nodes for 9 out of 21 pipes (pipes
2,4,6,7,8,12,19, 20, and 21). The minimum pressure head at the internal nodes of the
three pipes 16, 18, and 20 was also less than the minimum head at the end nodes of these
pipes (Figure 7a) with deviations limited to about 4.45 m except for pipe 18, which connects
nodes 18 and 19, where the internal minimum pressure head was 10.4 m lower. Given that
pressure heads along pipes may be more extreme than at pipe end nodes, it is important to
consider the pressure heads along pipes for transient protection.

As shown in Figure 7a for the existing pipes of the NYT network, simulated transient
pressure heads within pipes 17 to 21 were less than the minimum allowable head. For
the set of optimal duplicate pipe diameters identified in Section 4.2 with SDPFy = 0, the
pressure heads at pipe ends satisfied the minimum allowable as expected (Figure 7(b1,b2)).
However, the pressure head along pipe 20 dropped below the end-node pressure for this
pipe and up to 7.4 m below the minimum allowable head. These results indicate that
satisfying the allowable pressure heads at pipe-end nodes does not guarantee that the
allowable heads at pipe-internal nodes are also achieved. Indeed, optimal duplicate pipe
diameters from Jung et al. [34], El-Ghandour and Elansary [23], and El-Ghandour et al. [25]
satisfied the minimum allowable pressure head constraint at the end nodes of pipe 20
but allowed most of the pipe to experience minimum pressures that were lower than
the minimum allowable value (Figure 8). Therefore, setting SDPFy = 0 alone is likely
insufficient to fully protect WDNs from water hammer events.
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Figure 7. Range of simulated transient pressure heads for the (a) existing pipes of the NYT network
without duplicate pipes and for the (b1) existing pipes of the NYT network with (b2) optimal
duplicate pipes identified for scenario S1 using SDPFy = 0. Orange bars show the range of transient
pressure heads at the two end nodes of each pipe, while cyan bars show the range along each pipe.
The dashed line indicates the minimum allowable pressure head.
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Figure 8. Lower envelope of simulated transient pressure head along pipe 20 under scenario S1.
Simulations are for the existing network with different sets of optimal duplicate pipes identified
in this study and in previous studies [23,25,34]. The dashed line indicates the minimum allowable
transient pressure head.

Accordingly, the optWDN model was reapplied to scenario S1 by setting SDPFp = 0
to satisfy the allowable pressure head constraints at all computational nodes along pipes.
The optimization module selected duplicate pipes for 8 of 21 existing pipes, similar to
the number given by El-Ghandour et al. [25] and higher than those in El-Ghandour
and Elansary [23], Jung et al. [34], and the application of SDPFy = 0 in this study, all
of which required 7 duplicate pipes. The identified pipes were identical to those by
El-Ghandour et al. [25], with mostly similar or higher diameters except for pipes 16 and
17 (Figure 9 and Table Al). The resulting total cost was 52.83 million USD, higher than
all previous estimates and 14% greater than SDPFy = 0 solution. The higher cost for
SDFPp = 0 was essential to satisfy the transient pressure constraints at all computational
nodes along pipes. The optimized duplicate pipe diameters eliminated violations of the
minimum allowable pressure along the entire length of pipe 20 (Figure 8). These results
indicate that imposing SDPFp = 0 provides optimum duplicate pipe diameters that can
fully protect existing WDNs from water hammer effects. The additional computational
effort associated with imposing SDPFp = 0 was relatively minor, requiring 15% more
function evaluations across 30 runs, with a median increase of 11.5% (Figure 10).
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Figure 9. Optimized diameters of additional duplicate pipes as identified in the present study, as
well as by El-Ghandour and Elansary [23], EI-Ghandour et al. [25], and Jung et al. [34].
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Figure 10. Box plot of the number of function evaluations required to achieve zero SDPF values
(SDPFy and SDPFp) for 30 independent runs under scenario S1.

4.5. Optimum Protection for Worst Transient Cases

For scenario S2 with simultaneous sudden demand increase at two nodes, the optWDN
model took 8 run cycles to achieve SDPFy = 0 for all 171 possible cases when initialized
with the worst transient case (nodes 18 and 19). Within the next two run cycles, the total
number of cases with non-zero SDPFy diminished rapidly to 3, but increased to 15 in
run cycle 4, before decreasing again to 3 in the next cycle, and then steadily decreased,
getting to zero by the end of cycle 8 (Table 2 and Figure 11). A similar pattern was observed
for the maximum SDPFy for the selected worst cases in each cycle (Table 3). By the end
of run cycle 8, the worst transient cases identified included three cases in which one of
the locations for sudden demand change was nodes 16, 17, 19, and 20. Sudden demand
changes at nodes 7, 8, 10, and 18 occurred in single cases. Compared to a cost of 103.36
million USD for the duplicate pipe diameters in cycle 8, applying the model over 30 trials
with the set of cases from cycle 8 produced a more optimal selection of duplicate pipe
diameters with a slightly lower cost of 102.11 million USD.
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Figure 11. SDPFy for all possible combinations of simultaneous sudden demand increase at two
nodes (scenario S2) corresponding to optimized duplicate pipe diameters in each run cycle of the
optWDN model. Panels (a) Run 1; (b) Run 2; (c) Run 3; (d) Run 4; (e) Run 5; (f) Run 6; (g) Run 7
correspond to run cycles 1 and 7 with 1 and 7 worst cases, respectively. Grey shading denotes node
combinations giving SDPFy = 0.

Table 3. Outcome of run cycles of the optWDN model with SDPFy = 0 for scenario S2. The number
of considered worst transient cases was initially set to 1 and was subsequently increased from one
cycle to the next.

Number of Worst Set of Nodes for Sudden

. R Number of Transient Maximum SDPFy over Total Duplicate Pipe
Run Cycle Transient Demand Change Considered o, (o itk Non-Zero SDPFy All 171 Cases Cost (Million USD)
Cases in the OPT Module
0 0 - 171 80.5 x 10° -
1 1 (18,19) 63 1.32 x 10° 73.68
2 2 (18,19); (17, 20) 28 0.19 x 10° 97.30
3 3 (18, 19); (17, 20); (16, 20) 3 2.81 103.65
4 4 (18,19); (17, 20); (16, 20); (19, 20) 15 90.0 95.29
(18, 19); (17, 20); (16, 20); (19, 20);
5 5 (10,17) 3 13.1 142.46
(18, 19); (17, 20); (16, 20); (19, 20);
6 6 (10,17, (16, 19) 2 147 104.47
(18, 19); (17, 20); (16, 20); (19, 20);
7 7 (10, 17), (16, 19), (16, 17) 1 047 108.75
(18, 19); (17, 20); (16, 20); (19, 20);
5 8 (10,17); (16, 19); (16,17); (7,8) 0 0 10336
30GA (18, 19); (17, 20); (16, 20); (19, 20); 0 0 10211
independent trial runs (10,17); (16, 19); (16,17); (7, 8) }

As a slight modification to the above model application, the first run cycle of the
optWDN model accounted for the top 5% (9 out of 171 cases) with the highest SDPFy values
as obtained in Section 4.3. An additional worst case was considered in each subsequent
run cycle, SDPFy = 0 was achieved in 3 cycles (Table 4 and Figure 12). The last cycle
considered 11 worst transient cases and yielded a cost of 114.68 million USD, which was
reduced to 102.26 million USD after 30 GA trials, only 0.15% higher than the cost from
the single initial worst-case alternative. Although the alternative initialized with 9 cases
accounted for a total of 30 cases over all run cycles compared to 36 cases for the earlier
alternative with a single initial worst case, the single initial case alternative resulted in
a shorter overall run time as well as fewer final worst cases, enabling a slightly lower
cost solution.
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Table 4. Outcome of run cycles of the optWDN model with SDPFy = 0 for scenario S2. The number
of considered worst transient cases was initially set to 5% of the total number of possible cases and
was subsequently increased by 1 from one cycle to the next.

Number ?f Worst Set of Nodes for SUd.den Transient Cases Maximum SDPFy Total Duplicate Pipe
Run Cycle Transient Demand Change Considered Non-Zero SDPF over All 171 Cases Cost (Million USD)
Cases in the OPT Module N
0 0 171 80.5 x 103 -

(18, 19) & (19, 20) & (16, 19) &
1 9 (17,19) & (12, 19) & (11, 19) & (9, 1 129 113.04
19) & (10, 19) & (13, 19)
(18, 19) & (19, 20) & (16, 19) &
(17,19) & (12, 19) & (11, 19) & (9,
2 10 19) & (10, 19) & (13, 19) & (16, 1 277 107.58
17)
(18, 19) & (19, 20) & (16, 19) &
(17,19) & (12, 19) & (11, 19) & (9,
19) & (10, 19) & (13, 19) & (16, 0 0 114.68
17) & (10, 17)

(18, 19) & (19, 20) & (16, 19) &
(17, 19) & (12, 19) & (11, 19) & (9,
19) & (10, 19) & (13, 19) & (16, 0 0 102.26
17) & (10, 17)

30 GA independent trial runs

SDPF, SDPF,
20 F 0] | 20 TT
(a [ ] 25
15F 1 15 2
N N
8 8 15
Z 05 Z 1
Sf- S 05
L 0 - 0
5 10 15 20 5 10 15 20
Node 1 Node 1

Figure 12. SDPFy for all possible combinations of simultaneous sudden demand increase at two
nodes (scenario S2) corresponding to optimized duplicate pipe diameters in each run cycle of the
optWDN model. Panels (a,b) correspond to run cycles 1 and 2 with 9 and 10 worst cases, respectively.
Grey shading denotes node combinations giving SDPFy = 0.

The final optimal diameters with a cost of 102.11 million USD gave SDPFy = 0 for
all possible transient cases under scenario S2, indicating that the model results satisfied
the allowable pressure head constraints at all pipe end nodes. As an example, the pressure
heads simulated at nodes 17 and 18 due to the worst transient case at nodes 18 and 19
varied between 55.0 and 105.0 m, similar to previous studies (Figure 13). Simulations for
another worst transient case at nodes 17 and 20 ensured that the identified final duplicate
pipes satisfied the allowable pressure heads at all the network nodes for all 171 cases (total
SDPFy equal zero). The pressure heads simulated based on the final optimum diameters
varied between 55.0 and 105.0 m, similar to previous studies (Figure 13).
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Figure 13. Variation in pressure head with time at (a) node 17 and (b) node 18 due to simultaneous,
identical sudden demand changes at nodes 18 and 19 and at nodes 17 and 20, with duplicate pipes
identified in the present study as well as by Jung [18].

For comparison, the OptWDN model was applied to the optimum pipe diameters
identified by Jung [18] under the same transient case. While the resulting transient head at
node 18 satisfied the allowable transient head constraints, the allowable minimum head
constraint was violated at node 17 (Figure 13). Overall, 66 transient cases had non-zero
SDPFy;, indicating that the optimum pipe diameters based only on a single worst transient
case, as given by Jung [18], were insufficient to satisfy all other transient cases.

The above results correspond to SDPFy = 0. However, as concluded in the previous
section, this condition does not guarantee that pressure head constraints are satisfied along
the full pipe length. Accordingly, the optWDN model was applied for scenario S2 to achieve
zero SDPFp for all 171 possible cases. First, the WTC module identified the initial worst
transient case with the highest SDPFp value. Similar to the result of SDPFy = 0, nodes 18
and 19 were identified as the initial worst transient cases for simultaneous sudden demand
increase. The calculated SDPFp was 80.22 x 10* m-s for the worst transient case, which is
higher compared to the SDPFy of 8.04 x 10* m-s calculated earlier.

Achieving SDPFp = 0 required 8 run cycles, similar to the results for SODPFy = 0.
However, only 5 out of the total 8 worst transient cases were similar to the results for
SDPFy = 0 (Table 5 and Figure 14). By the end of run cycle 8, the worst transient cases
included three cases in which one of the locations for sudden demand change was nodes
16, 19, and 20. Sudden demand changes at nodes 10 and 17 occurred in two cases, while
each of nodes 2, 15, and 18 occurred in a single case. Compared to a cost of 138.54 million
USD for the duplicate pipe diameters in cycle 8, applying GA over 30 trials with the set of
cases from cycle 8 produced a lower cost of 124.38 million USD. While this total cost was
22% higher than for SDPFy = 0, the increase was necessary to achieve SDPFp = 0 and
satisfy the allowable minimum and maximum pressure constraints along all pipes.
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Table 5. Outcome of run cycles of the optWDN model with SDPFp = 0 for scenario S2.

Number of Worst Set of Nodes for Sudden Demand . . . .
. . . Transient Cases Maximum SDPFp for Total Duplicate Pipe
Run Cycle Transient Change Considered in the OPT 1y Non.Zero SDPFp All 171 Cases Cost (Million USD)
Cases Module
0 0 - 171 802,284.7 -
1 1 (18,19) 124 14,507 87.67
2 2 (18,19); (17, 20) 115 8943.62 97.90
3 3 (18,19); (17, 20); (16, 20) 36 7.95 134.44
4 4 (18,19); (17, 20); (16, 20); (10, 16) 93 73.24 112.17
5 5 (18,19); (17, 20); (1176), 20); (10, 16); (10, 90 458 115.31
(18,19); (17, 20); (16, 20); (10, 16); (10,
6 6 17): (19, 20) 86 4.11 118.00
(18,19); (17, 20); (16, 20); (10, 16); (10,
7 7 17): (19, 20) (2, 15) 23 0.37 130.59
(18,19); (17, 20); (16, 20); (10, 16); (10,
i i 17); (19,20) 2,15; 9, 16) 0 0 13854
. . (18,19); (17, 20); (16, 20); (10, 16); (10,
30 GA independent trial runs 17); (19, 20) (2, 15); (9, 16) 0 0 122.24
SDPF,(x10%) SDPF(x10%) SDPF,(x10°) SDPF,

20f (d)

:

o N A OO @
Node 2
=)
o N &~ O

10 20
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Figure 14. SDPFp for all possible combinations of simultaneous sudden demand increase at two
nodes (scenario S2) corresponding to optimized duplicate pipe diameters in each run cycle of the
optWDN model. Panels (a) Run 0; (b) Run 1; (c) Run 2; (d) Run 3; (e) Run 4; (f) Run 5; (g) Run 6;
(h) Run 7 correspond to run cycles 0 to 7 with 0 and 7 worst cases, respectively. Grey shading denotes
node combinations giving SDPFp = 0.

The final optimum duplicate pipe diameters identified by the optWDN model to
achieve an SDPFy = 0 included 7 duplicate pipes out of 21 existing pipes, similar to the
number in Jung [18], with similar or higher diameters except for pipe 7 (Figure 15 and
Table A2). The total cost was 102.11 million USD, higher by 46% than the 70 million USD
cost reported by Jung [18] to satisfy all 171 cases.

For SDPFp = 0, the final optimum results included 9 duplicate pipes higher than the
number in Jung [18], with lower or similar diameters except for pipes 1, 15, 19, and 20
(Figure 15 and Table A2). The total cost was 122.24 million USD, 74% higher than Jung [18]
and 22% higher than the cost with SDPFy = 0 in this present study. This higher cost
satisfied the allowable minimum and maximum transient conditions at all computational
nodes for all 171 cases. In contrast, the set of duplicate pipe diameters given by Jung [18]
gave non-zero SDPFp in about 91% of the possible transient cases, confirming again that
relying solely on a single worst transient case fails to provide adequate protection.
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Figure 15. Optimized diameters for duplicate pipes identified by the present studies, as well as
by Jung [18].

4.6. Cost Reduction for Surge Protection

Based on unit costs from Equation (9), the total cost for the original pipes in the NYT
network amounts to 179.80 million USD. The lowest cost of duplicate pipes for improv-
ing network performance under steady-state conditions without surge protection was
38.13 million USD [43], giving a total cost of 217.93 million USD (Table 1). In compar-
ison, the cost for the optimal solution given by the optWDN model, considering both
steady-state and transients (with SDPFp = 0) was 52.83 million USD for scenario S1 and
122.24 million USD for S2. By subtracting the cost of 38.13 million USD for steady-state
service improvement, the incremental cost for protection against transients amounts to
14.70 and 84.11 million USD for scenarios S1 and S2, respectively. These costs represent
about 6.7% for S1 and 38.6% for S2 compared to the total cost of 217.93 million USD for
steady-state service.

To eliminate these additional costs, the optWDN was used to examine the effect of the
duration of demand increase on transient pressures using only the duplicate pipes from
Dany et al. [40] and El-Ghandour and Elbeltagi [2] for steady-state service improvement
(Figure 16). A minimum duration of 35 s was required to satisfy the transient pressure
constraints for scenario S1 with demand change at node 10, and a much longer minimum
duration of ~260 s was identified for scenario S2 with simultaneous demand increase
at nodes 18 and 19. These durations achieved zero SDPFp values, indicating that the
minimum and maximum allowable pressure heads were satisfied over the entire network.

The long duration of 260 s for the demand increase is likely impractical, particularly
with the opening of fire hydrants. By slightly relaxing the minimum pressure constraint
from 54.9 m to 53.72 m, a shorter duration of 150 s was achieved, though this remains too
long for practical application. A more viable solution could be to use a combination of
duplicate pipes along with the regulation of the demand increase duration. There are two
possible approaches to applying this hybrid solution. In the first approach, the designer
selects a feasible duration to be used for regulating the demand increase (e.g., 15 s for
operating fire hydrants [36]) and applies the optWDN model to optimize the duplicate
pipe diameters needed to satisfy pressure constraints. Alternatively, the pressure envelope
versus duration, as shown in Figure 16, can be utilized to select a suitable value for
the demand increase duration that minimizes pressure violations or is within relatively
flat regions of the envelope curve where slight variations in duration would not cause
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excessive changes in the corresponding minimum pressure. For example, as indicated by
the envelope curve for S2, a duration of about 80 s would cause a minimum simulated
pressure of 35.65 m, less by 19.25 m below the 54.9 m limit. Even if the duration control
was not completely successful and the duration decreased by ~12% to 70 s, the resulting
minimum simulated pressure would not decrease below the allowable threshold.
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Figure 16. Envelope for minimum pressure head versus duration for demand increase at node 10
(scenario S1) and, simultaneously, identical demand change at nodes 18 and 19 (scenario S2).

Aside from the cost savings, controlling demand increases duration, minimizes cyclic
pressure fluctuations, and reduces fatigue. As shown in Figure 17, the standard deviation
for the pressure head at node 19 over 1000 s amounted to 8.7 m and 3.1 m for the durations
of 1 and 261 s, respectively. The nearly threefold decrease in standard deviation for the
longer duration clearly demonstrates the reduction in pressure fluctuations through gradual
sudden demand.
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Figure 17. Variation in simulated pressure head at node 19 with time due to simultaneous, identical
sudden demand change at nodes 18 and 19 (scenario S2) for demand increase durations of 1 s and 261 s.
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5. Conclusions

This study developed a comprehensive model, optWDN, to identify the set of worst
transient cases instead of relying on a single arbitrarily chosen case as in previous studies.
The model achieves efficiency by identifying the set of cases that are most critical instead
of accounting for all possible cases. For quantifying violations of pressure constraints, the
model relied on the calculation of the Surge Damage Potential Factor (SDPF). Two versions
of SDPF were considered: SDPFy;, based on the pressure at pipe end nodes (similar to
previous studies), and SDPFp, based on pressure at all computational nodes along pipes.

The existing New York Tunnel network was selected as a case study for model valida-
tion and for demonstration of model performance. The focus was on identifying the optimal
diameters for additional duplicate pipes to achieve higher pressure under steady-state
conditions and to protect the network from transients caused by sudden demand increases
while minimizing cost. For a sudden demand increase event at a single predefined node,
optWDN achieved SDPFy = 0 at a lower cost for duplicate pipes compared to previous
studies. However, the corresponding set of optimum duplicate pipe diameters, as well as
the optimum diameters from previous studies, were found to be insufficient to fully protect
the WDN from transient events. To achieve full protection (SDPFp = 0), the optWDN
model identified a different set of duplicate pipe diameters, resulting in a 14% higher cost
and an 11.5% longer computational time.

The optWDN model was also applied to determine the worst transient cases and the
corresponding optimum duplicate pipe diameters for a scenario with concurrent sudden
demand increase at two nodes. The model reproduced the worst transient case identified
by previous studies, considering the highest SDPFy, but also revealed numerous transient
cases with very similar high SDPF values, highlighting the importance of considering
multiple transient cases when optimizing duplicate pipe diameters. Through an iterative
scheme starting with a single worst case and adding a single case per run cycle, the
optWDN identified a total of 8 cases that were critical for optimization. This approach was
more efficient than starting with a fixed percentage of about 5% (9 cases) of all possible
cases. The final set of optimum duplicate pipe diameters was 46% and 74% more costly
than previous studies to achieve SDPFy = 0 and SDPFp = 0, respectively. However, the
higher cost given by the optWDN model was crucial to provide full protection; optimum
diameters identified by previous studies were inadequate.

The above results were based on a nearly sudden demand increase. Cost savings
can be achieved by regulating the duration of the demand increase. Using only steady-
state optimized pipes, minimum durations for satisfying the transient pressure constraints
were identified as 35 and 261 s for the single and concurrent demand increase scenarios,
respectively. For the latter scenario, a slight relaxation of the minimum allowable pressure
constraint allows the reduction in the duration to 150 s. Further reduction would require
the use of duplicate pipes along with control of the demand increase duration.

Besides demand increase, the optWDN framework can be extended to account for
other critical transient events, such as pump failure and valve closure, by identifying the
minimum set of worst transient cases necessary to achieve zero SDPF for all possible
transient loading cases under different transient events. Additional future improvements
could include allowing different surge protection devices, incorporating extended period
simulations, employing network skeletonization to effectively manage the complexity of
real WDNSs, and extending the optimum design of new proposed WDNS.
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Appendix A

Table Al. Optimized diameters (mm) for duplicate pipes with total cost identified by the present
studies as well as by Jung et al. [34] for scenario S1.

i Present Stud Present Stud
Pipe ID Jung et al. [34] with SDPFN=yO with SDPEy =y0
7 - 3300 3300
8 - - 5100
9 3900 3900 4800
15 3000 . .
16 2100 2400 1800
17 3000 3000 2400
18 2100 1800 2100
19 3000 2100 1800
21 1500 1800 1800
Total optimized pipe
Cost (million USD) 491 46.37 52.83

Table A2. Optimized diameters (mm) for duplicate pipes with total cost identified by the present
study as well as by Jung [18] for scenario S2.

. Present Stud Present Stud
Pipe ID Jung [18] with SDPFy=0 with SDPEp = 0

1 - - 3900
7 3900 1200 1800
8 2400 4500 -

15 - - 4500
16 2100 5100 5100
17 4800 5100 5100
18 5100 5100 5100
19 1500 4500 4800
20 - - 2700
21 2400 4200 3300

Total optimized pipe
Cost (mmillion USD) 70 102.11 122.24
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Abstract: This study extends previous machine learning work on ion constituent simula-
tion in California’s Sacramento—-San Joaquin Delta (Delta) to include three critical water
intake locations. The developed Artificial Neural Network models demonstrate exceptional
accuracy (R? > 0.96) in predicting chloride, bromide, and sulfate concentrations at these
strategically important facilities. Water intake location models show substantial improve-
ments in prediction accuracy, with MAE reductions of 60.7-74.0% for chloride, 63.3-72.5%
for bromide, and 70.4-87.9% for sulfate, compared to existing methods for the Interior Delta.
Performance evaluation through comprehensive cross-validation confirms robust model
stability across varied conditions, with remarkably consistent metrics (standard deviation
in R? < 0.006). Four complementary interactive dashboards were developed, enabling
users, regardless of programming expertise, to simulate ion constituents throughout the
Delta system. A Model Interpretability Dashboard specifically addresses the complexity
of machine learning models by visualizing parameter sensitivity and prediction behavior,
thereby enhancing transparency and building stakeholder trust in the modeling approach.
For the first time, spatial coverage limitations are addressed through hybrid modeling that
combines DSM2 hydrodynamic simulation with machine learning to enable continuous pre-
diction of ion distributions across several points in the Interior Delta. These advancements
provide water managers with accessible, accurate tools for informed decision-making
regarding agricultural operations, drinking water treatment, and ecosystem management
in this vital water resource.

Keywords: ion constituents; machine learning; hybrid modeling; Sacramento—San Joaquin
Delta; dashboard tools

1. Introduction

The Sacramento—San Joaquin Delta (Delta) serves as California’s most crucial water
hub, where the state’s two largest rivers, Sacramento River and San Joaquin River, converge
to form a 2978-square-kilometer (1150-square-mile) inland Delta and estuary system [1,2].
This vital water resource supports approximately 27 million people, irrigates 1.21 million
hectares of farmland, and maintains a diverse ecosystem of over 750 species [3,4]. Beyond
water conveyance, the Delta generates significant economic value through recreation,
recreational fishing, and transportation activities.

Water quality in the Delta, particularly the concentration levels of ion constituents
including dissolved chloride, bromide, and sulfate, directly impacts multiple stakeholders
and uses. For agricultural operations, elevated chloride levels can increase soil salinity
and reduce crop yields. In urban water treatment, high bromide concentrations lead to the
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formation of harmful disinfection by-products (DBPs), requiring additional treatment steps
to ensure public safety [5,6]. Agricultural runoff, urban development, and tidal influences
continuously introduce various pollutants and ions into the system, making water quality
monitoring and prediction essential for effective management [7-9].

Managing these water quality challenges requires balancing diverse needs: agricul-
tural productivity, drinking water safety, and ecosystem health [10]. The complex interplay
between these demands, combined with Delta’s dynamic hydrology, creates a pressing
need for accurate and timely water quality monitoring and prediction tools [11].

Physical sampling and laboratory analysis remain the gold standard for monitoring
ion constituents in the Delta, providing highly accurate and reliable measurements of water
quality parameters [12]. This direct measurement approach ensures precise quantification
of individual ion constituents and serves as the foundation for calibrating and validating
other estimation methods.

However, traditional sampling methods present several limitations:

1.  Time and cost constraints: laboratory analysis often requires days or weeks to com-
plete, involving substantial personnel and equipment resources.

2. Limited coverage: physical sampling provides only point-in-time measurements at
specific locations, lacking continuous temporal and spatial coverage.

3. Operational delays: the time lag between collecting samples in the field and receiving
laboratory results can impede timely operational decisions for water management.

These limitations have driven the development of alternative approaches for estimat-
ing ion constituent levels, particularly through the use of Electrical Conductivity (EC) as a
proxy measurement.

Due to the limitations of direct sampling, scientists have explored faster and more
cost-effective methods for estimating ion constituent levels in the Delta. Electrical Conduc-
tivity (EC) has emerged as a valuable proxy measurement, due to its unique advantages
in water quality monitoring. EC can be measured continuously through in situ sensors
and simulated effectively through hydrodynamic models, providing real-time monitoring
capabilities that are crucial for operational decision-making [13]. Moreover, EC demon-
strates strong correlations with various ion concentrations, making it a reliable indicator of
the overall ionic content in water [14]. These characteristics have made EC the foundation
for most ion constituent estimation methods in the Delta, enabling more frequent and
widespread simulation than would be possible through direct sampling alone.

The development of methods for estimating ion constituents from EC measurements
spans several decades. Classical approaches primarily rely on parametric regression equations,
assuming that the relationship between EC and ion concentrations follows specific mathemat-
ical patterns (linear, quadratic, etc.) under different conditions [15-17]. These methods aim to
simplify the conversion process from EC measurements to ion constituent levels.

The evolution of these approaches shows increasing sophistication over time. The pio-
neering work by [18] established the foundation by developing linear regression equations
between EC, chloride, and total dissolved solids (TDS). Throughout the 1990s and early
2000s, researchers significantly expanded upon this foundation. Jung [19] investigated
correlations between EC and various ions in Delta island return flows, while Suits [20]
developed linear relationships between EC, chloride, and bromide at Delta export locations.
A significant advancement came with Denton’s comprehensive study, which provided
multiple methodological approaches for estimating a broader suite of ions [5].

The current state-of-the-art classical approach, developed by Hutton et al. [21], repre-
sents the most comprehensive parametric regression method to date. This study introduced
a novel decision tree framework that determines appropriate regression equations based
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on multiple factors, including the sub-region of the Delta, Water Year Type (WYT), Month,
and Sacramento X2 location [22], which is a key marker for salinity intrusion. Using
these parameters, the method classifies conditions as seawater-dominated, San Joaquin
River-dominated, or mixed, applying specific equations accordingly.

While the approach of Hutton et al. [21] significantly improved upon previous meth-
ods, it faces several limitations. A fundamental challenge lies in the simplified source
assumptions, where classical methods generally consider only two major sources of
salinity—seawater and the San Joaquin River. Agricultural drainage, despite being a
significant salinity source in the Delta, is often oversimplified or considered aligned with
the San Joaquin River source. This simplification can lead to inaccuracies, since agricultural
drainage has distinct ionic compositions and behavior patterns compared to river inflows.

The handling of mixed conditions presents another significant challenge. Classical
models tend to oversimplify these conditions by assuming a dominant source or using
a single equation for mixed conditions. However, the reality is more complex, since
salinity in the Delta typically results from multiple simultaneous sources, with their relative
influences varying over time. The same EC level can correspond to markedly different ionic
compositions depending on the source: seawater-dominated water often contains higher
proportions of chloride and bromide, whereas water influenced by agricultural drainage or
river flows is generally richer in sulfate.

Perhaps the most challenging aspect is the dynamic nature of these mixed conditions.
The Delta exists almost perpetually in a mixed state, with salinity levels influenced by
multiple sources simultaneously. The relationship between EC and ion concentrations
shifts dynamically based on the varying contributions from different sources, and current
parametric approaches struggle to capture these relationships, particularly during periods
of rapid hydrological changes.

These limitations highlight the need for more sophisticated approaches that can better
capture the complex and dynamic relationships between EC and ion constituents in the
Delta system. Machine learning methods, with their ability to identify and adapt to complex
patterns in data, offer promising solutions to these challenges.

Recent developments in machine learning have opened new possibilities for ad-
dressing these challenges. Following established protocols for water and environmental
modeling using machine learning in California [23], our first study [24] served as a proof
of concept to evaluate whether machine learning models could outperform traditional
regression equations in simulating ion constituents. This pioneering work focused on the
South Delta region, using a relatively small dataset of approximately 200 samples collected
from seven stations between 2018 and 2020. Using R (https://www.r-project.org/, ac-
cessed on 1 June 2022) as the programming platform, we compared four machine learning
approaches—Generalized Additive Model, Regression Trees, Random Forest, and Artificial
Neural Networks—against conventional regression equations. The results demonstrated
that machine learning models, particularly Random Forest, provided superior simulations
of ion constituents compared to traditional regression equations. These improvements
were especially notable for ions that exhibit pronounced non-linear relationships with EC.
This study established the viability of machine learning approaches for simulating ion
constituents in the Delta.

Building on these promising initial results, our subsequent research [25] significantly
expanded both the geographic and temporal scope of the analysis. Implemented in Python
(https:/ /www.python.org/, accessed on 1 June 2022) this comprehensive study covered
the entire Interior Delta and incorporated an extensive dataset spanning over 60 years,
with sample sizes ranging from approximately 1000 to 2000 measurements for different
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ion constituents. This study developed and validated Artificial Neural Network (ANN)
architectures specifically designed for ion constituent prediction, demonstrating remarkable
improvements over the benchmark classical approach [21]. The ANN model showed
significant improvements in both accuracy metrics, with R2 improvements ranging from
0% for well-modeled constituents like TDS, to 85% for more complex constituents like
sulfate. More importantly, the ANN model reduced the Mean Absolute Error (MAE) across
all constituents, with improvements of 24% for TDS, 33% for magnesium, 32% for sodium,
40% for calcium, 34% for chloride, 59% for sulfate, 25% for bromide, 26% for alkalinity,
and 20% for potassium. Additionally, the study introduced an interactive web browser-
based dashboard hosted on Microsoft Azure, making these sophisticated prediction tools
accessible to users regardless of their programming expertise. This user-friendly interface
allows stakeholders to simulate ion levels under various hydrological conditions, compare
results across different machine learning models, and visualize outcomes for informed
decision-making.

The current study builds on the two studies mentioned above [24,25] and extends
them in several important directions. First, we focus on applying ML models to three
strategically important drinking water intake locations, where water quality monitoring is
crucial for operational decision-making. Second, we enhance the accessibility and utility of
our modeling tools through three complementary dashboards: (a) a new publicly available
dashboard for intake locations; (b) an improved version of our previous dashboard [25]
that incorporates Hutton et al.’s [22] parametric regression equations for direct compar-
ison with ML approaches for the Interior Delta; and (c) a novel Model Interpretability
Dashboard that helps demystify the “black box” nature of ML models by visualizing how
they respond to different predictors and operating conditions for the Interior Delta. This
third dashboard is particularly innovative as it allows users to explore model behavior,
assess sensitivity to input variables, and build trust in ML predictions by comparing them
with traditional parametric approaches. Finally, to address key limitations of current ML
approaches—specifically, their temporal and spatial distribution constraints and inability
to simulate potential future scenarios—we develop a novel hybrid water quality model
that combines hydrodynamic modeling with machine learning, supported by its own
interactive dashboard for scenario exploration and analysis. Together, these advancements
not only provide more accurate predictions, but also make complex ML models more
transparent and interpretable for water resource managers, helping them to make more
informed decisions about monitoring and managing ion constituents in the Delta.

This paper first presents our development of machine learning models for predicting
ion constituents (chloride, bromide, and sulfate) at three critical water intake locations.
We describe our methodology, including data characteristics and model optimization
procedures, followed by performance analyses demonstrating significant improvements
over existing approaches.

We then present three complementary web-based tools. The first is a new Intake Loca-
tions Dashboard specifically designed for water intake locations. The other two dashboards
build upon the previous Interior Delta study of Namadi et al. [25]: an Enhanced Compari-
son Dashboard that integrates classical methods with machine learning approaches, and a
Model Interpretability Dashboard that helps users to understand model behavior across
the Interior Delta.

To address spatial coverage limitations in the Interior Delta, we introduce a novel
hybrid approach combining DSM2 hydrodynamic modeling with machine learning [26].
This model enables continuous spatial prediction of ion constituents across 162 points
throughout the Interior Delta.
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Finally, we discuss implications of the current study for Delta water management,
acknowledge current limitations, and suggest directions for future research.

2. Materials and Methods
2.1. Study Area and Dataset Characteristics

Our research synthesizes and builds upon two complementary datasets from the
Delta: the Interior Delta dataset from our previous work [25] and a new focused dataset
from strategic water intake locations. As shown in Figure 1, our study area encompasses
both interior monitoring stations and critical water intake facilities. The Interior Delta
monitoring network consists of three sub-regions: the Old and Middle River corridor
(OMR, shown as red squares), the San Joaquin River corridor (SJRcorridor, marked by
black triangles), and the South Delta region (represented by blue circles). The water intake
locations, depicted as green stars, include three strategically important pumping plants: the
Harvey O. Banks Pumping Plant (HRO; 37°47'53" N, 121°37'23" W), the Tracy Pumping
Plant (TRP; 37°48'00” N, 121°35'06” W), and the O’'Neill Forebay at the Gianelli Pumping
Plant (ONG; 37°03'60" N, 121°04'19” W).

This study encompasses two complementary analyses. First, we expand upon our
previous work that developed machine learning models for nine ion constituents (TDS,
magnesium, sodium, calcium, chloride, sulfate, bromide, alkalinity, and potassium) across the
Interior Delta monitoring stations, providing enhanced analysis and interpretation through
our new dashboard tools. Second, we extend our modeling approach to water intake locations,
where available monitoring data focus on three key ion constituents (chloride, bromide, and
sulfate). These three constituents are particularly crucial for water quality management at
pumping facilities, as they directly impact treatment processes and water supply operations.

The temporal and spatial coverage of these datasets reveals distinct characteristics
that reflect their different roles in Delta water management. The Interior Delta dataset
encompasses data from 1959 to 2022, though the temporal coverage varies by constituent
and location. For detailed information about the Interior Delta monitoring timeline and
data characteristics, readers are referred to our previous study [25]. In contrast, our water
intake locations feature more recent but substantially more intensive monitoring programs.
The HRO and TRP data collection spans from 2019 to 2023, while ONG has a longer record,
from 2012 to 2023. These locations are characterized by high-frequency sampling, resulting
in robust sample sizes: ONG collected 2620-2783 samples, while HRO and TRP gathered
1214-1328 and 1181-1233 samples, respectively. This intensive monitoring reflects the
operational importance of these facilities in California’s water supply infrastructure.

Analysis of constituent distributions, as illustrated in Figure 2, reveals distinct patterns
between the Interior Delta and the water intake locations. Interior Delta locations consistently
show higher variability and maximum values across all the measured constituents. The
South Delta region exhibits the highest median EC values and widest range, varying from
approximately 200 to 1400 uS/cm, while intake locations maintain more consistent EC patterns
between 300 and 800 puS/cm. Similar patterns emerge for chloride concentrations, where
Interior Delta locations, particularly the South Delta and OMR, show notably higher maximum
values and greater variability compared to the more stable concentrations at intake locations.

Bromide distributions follow comparable trends, with OMR exhibiting particularly
high outliers and greater variability compared to the relatively consistent levels maintained
at intake locations. Sulfate concentrations in the Interior Delta, especially in the South Delta
and SJRcorridor, show higher median values and greater variability compared to intake
locations, though ONG typically shows slightly higher median values among the intake
locations, while still maintaining more stable concentrations overall.
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Figure 1. A map of monitoring locations in the Sacramento-San Joaquin Delta, showing Interior
Delta stations (OMR—red squares, San Joaquin River corridor—black triangles, South Delta—blue
circles) and water intake locations (green stars).

These distinct patterns between the Interior Delta and the intake locations reflect their
different roles in the Delta system. The Interior Delta locations capture the system’s natural
variability and multiple water source influences, resulting in wider ranges of constituent
concentrations. The more consistent patterns at intake locations reflect managed operations and
water quality control measures, which are crucial for maintaining reliable water supply quality.

This comparison provides crucial context for our modeling approach and dashboard de-
velopment. The stark differences between the Interior Delta and intake locations—particularly
in sampling frequency (moderate vs. intensive) and constituent variability (wide-ranging vs.
more consistent)—reveal fundamentally different water quality patterns at these locations.
Due to these distinct characteristics, we developed separate simulation models specifically for
water intake locations, rather than applying our Interior Delta models. This location-specific
modeling approach ensures that predictions accurately reflect the unique water quality dy-
namics and operational patterns at each type of monitoring site.
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Figure 2. Distribution of (a) Electrical Conductivity, (b) chloride, (c) bromide, and (d) sulfate
concentrations at water intake locations and Interior Delta monitoring stations. Red dashed line
separates intake locations (left) from Interior Delta locations (right).

2.2. Model Development
2.2.1. Input Variable Selection

Our model development utilized a consistent set of predictor variables across both
Interior Delta and water intake locations, maintaining methodological continuity with our
previous work [25]. The selected predictors capture key physical and operational factors
influencing ion constituent concentrations:

1. Electrical Conductivity (EC): A real-time measurement obtained through in situ
sensors that indicates the water’s ability to conduct an electrical current, serving as a
proxy for total dissolved solids and overall salinity levels [27]. EC measurements provide
continuous monitoring capabilities, which are crucial for operational decision-making.

2. Sacramento X2: A key hydrodynamic indicator, measured as the distance (in
kilometers) from the Golden Gate Bridge to the location where the tidally averaged near-
bottom salinity is 2 practical salinity units (psu) [28]. This metric effectively captures Delta
outflow conditions and the extent of seawater intrusion from the Pacific Ocean into the
Delta system [29].

3. Water Year Type (WYT): California’s water year runs from October 1 to September
30, with types classified as Wet, Above-Normal, Below-Normal, Dry, or Critical, based
on measured unimpaired runoff [30]. This classification integrates various hydrological
factors, including precipitation, snowmelt, and river flows, providing a comprehensive
indicator of water availability and system conditions [31].

4. Month: This is included to capture seasonal patterns in water quality, reflecting cyclical
changes in precipitation, temperature, agricultural practices, and water management operations.
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5. Location: A categorical variable distinguishing between monitoring sites. For water
intake locations, this includes HRO, TRP, and ONG, while the Interior Delta locations are
categorized into the OMR, SJRcorridor, and South Delta sub-regions.

These predictors were selected for their demonstrated relationships with ion con-
stituent concentrations and their operational relevance in water management. The com-
bination of continuous (EC, X2) and categorical (WYT, Location, and Month) variables
enables our models to capture both direct relationships and complex interaction effects
influencing water quality patterns.

While maintaining methodological consistency, our benchmark comparison uses per-
formance metrics from existing approaches. Since no prior models exist for water intake
locations, we compared our new models” performance metrics against the documented
performance of both ML and classical methods in the Interior Delta [24,25]. For example, if
the Interior Delta ML model demonstrated a specific MAE for chloride predictions in that
region, we used this as a benchmark to evaluate our new model’s MAE for chloride predic-
tions at water intake locations. This comparison, while across different locations, provides
context for assessing our models’ relative performance in predicting ion constituents.

Data preprocessing and quality control were crucial steps to ensure model reliability. We
implemented a regression-based outlier detection method focusing on the fundamental rela-
tionship between EC and ion constituents, where points exceeding three standard deviations
from the regression line were flagged as potential outliers. This analysis revealed minimal
outliers across locations, as detailed in Table 1, with outlier percentages generally less than
3% across all constituents and locations. The strong coefficient of determination (R?) values,
particularly for chloride (0.928 at HRO, 0.688 at ONG, and 0.823 at TRP), indicated high data
quality and validated our outlier detection approach. Figure 3 illustrates the relationship
between EC and chloride concentrations at the three water intake locations, demonstrat-
ing both the effectiveness of our outlier detection method and the varying relationships at
different locations.

Table 1. Summary of outlier analysis and regression relationships between EC and ion constituents
at water intake locations.

Location Constituent Total Samples Outliers (%) R? Regression Equation
HRO Chloride 1328 0.1 0.93 Cl=0.19 x EC —20.2
HRO Bromide 1214 1.1 0.78 Br =0.0007 x EC — 0.1
HRO Sulfate 1328 0 0.53 504 =0.06 x EC +2.2
ONG Chloride 2665 0.1 0.69 Cl=0.22 x EC —28.9
ONG Bromide 2620 0.4 0.57 Br =0.0007 x EC — 0.1
ONG Sulfate 2783 1.3 0.33 SO4 =0.08 x EC — 3.4
TRP Chloride 1227 2.8 0.82 Cl=0.16 x EC —11.7
TRP Bromide 1181 14 0.67 Br =0.0006 x EC — 0.05
TRP Sulfate 1233 0.6 0.58 504 =0.06 x EC +2.5

Following outlier detection, we implemented a comprehensive feature preprocessing
pipeline using Scikit-learn’s ColumnTransformer function to prepare the data for model
training. Numerical predictors (EC and X2) were standardized using the StandardScaler
function to transform them to zero mean and unit variance, ensuring consistent scale across
features and preventing convergence issues during model training. Categorical variables
(Location, WYT, Month) were transformed using one-hot encoding to convert them into
binary features while avoiding multicollinearity. This preprocessing pipeline was saved
using joblib to ensure consistent transformation of future data points. The standardization
and encoding approach helps to prevent any single feature from dominating the model
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2.2.2. Machine Learning Approaches

Machine learning, a subset of artificial intelligence, enables computers to learn patterns
from data without explicit programming [32]. In recent years, machine learning techniques
have been increasingly applied to water quality modeling, due to their ability to capture
complex, non-linear relationships in environmental systems. Numerous studies have
demonstrated the effectiveness of machine learning in water quality applications, including
the prediction of dissolved oxygen [33], suspended sediment [34], and salinity [35-38].

Artificial Neural Networks (ANNSs) are particularly powerful machine learning models
inspired by biological neural networks [39]. Among the various ANN architectures, we
employed the Multi-Layer Perceptron (MLP), a feedforward neural network architecture well
suited for regression problems like ion constituent prediction. The MLP architecture consists of
multiple layers of interconnected nodes (neurons), with each connection having an associated
weight that is adjusted during training. Each neuron applies a non-linear activation function
to the weighted sum of its inputs, enabling the network to learn complex patterns in the
data. This architecture has proven effective in various water quality applications, including
prediction of chemical oxygen demand and analysis of heavy metal content.

Building upon our previous comparative analysis of machine learning algorithms [25],
we employed ANNS for simulating ion constituent concentrations at water intake locations.
The selection of ANNs was guided by their demonstrated superior performance in capturing
non-linear relationships between environmental predictors and ion concentrations in the Delta
system, particularly their ability to adapt to complex spatial and temporal patterns in water
quality dynamics. We implemented an MLP architecture using TensorFlow [40]. The model
training utilized the Adam optimizer with the mean squared error (MSE) loss function, chosen
for its effectiveness in regression tasks and adaptability to varying gradients.

Hyperparameter optimization is a crucial step in developing neural networks, as
these parameters significantly influence model performance, but cannot be learned directly
from training data. Unlike model weights and biases that are updated during training,
hyperparameters must be set before the training process begins. However, the complex
interactions between different hyperparameters make it challenging to determine their
optimal values theoretically, necessitating empirical optimization approaches.

245

700 800




Water 2025, 17,1511

MLPs have a number of hyperparameters, including network architecture (number
of layers and neurons), activation functions, learning rate, batch size, optimizer settings,
and regularization parameters. Optimizing all possible hyperparameters simultaneously
would be computationally intensive and often impractical. For instance, considering
just five options for ten hyperparameters would result in 5'° (approximately 9.7 million)
possible combinations. Therefore, researchers typically focus on optimizing a subset of
hyperparameters that are known to have the most significant impact on model performance.

In this study, we focused on three critical hyperparameters:

e  Number of hidden layers (2 to 5 layers);
e  Number of neurons per layer (10, 20, 30, or 40);
e Activation functions (ReLU, tanh, ELU, SELU, Leaky ReLU, and sigmoid) (Equations
(1)—(6)).
Figure 4 illustrates these activation functions, grouped into two families. The ReLU
family (Figure 4a) includes the following:

ReLU: f(x) = max(0,x) (1)
ELU: f(x) = x if x > 0 else x(e* — 1), 2)

where « is a positive constant
Leaky ReLU: f(x) = x if x > 0 else «x, 3)

where « is a small positive constant
SELU: f(x) = Ax if x > 0 else Ac(e™ — 1), 4)

where A and o are learned parameters.

= RelU f() (a) == Tanh &) (b)

Figure 4. Common neural network activation functions: (a) ReLU family functions, showing different
approaches to handling negative inputs; and (b) Sigmoid family functions with bounded outputs.

The sigmoid family (Figure 4b) includes the following:

X — X
Tanh: f(X) = m (5)

Sigmoid: f(x) = ! (6)
A

This approach differs from our previous study [25] in several ways. In our earlier work,
we fixed the number of hidden layers at 4, but allowed each layer to have different numbers of
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neurons (ranging from 20 to 44 in increments of 2) and different activation functions (choosing
from ELU, ReLU, tanh, and sigmoid). This resulted in 13 possible neuron counts and 4 activation
functions for each of the 4 layers, leading to (13 x 4)4 = 331,776 possible combinations. Given
this large search space, we randomly sampled 100 combinations for evaluation.

In contrast, our current approach explores different network depths, while maintaining
consistency across layers (same number of neurons and activation function for all hidden
layers). We also expanded our activation function options by adding SELU and Leaky
ReLU. This new approach results in 4 (layer options) x 4 (neuron options) x 6 (activation
functions) = 96 possible combinations, allowing us to exhaustively evaluate all possibilities,
rather than relying on random sampling.

We implemented a systematic grid search across these hyperparameters using Tensor-
Flow. The model training utilized the Adam optimizer with the mean squared error (MSE) loss
function, chosen for its effectiveness in regression tasks and adaptability to varying gradients.
To prevent overfitting and ensure model generalization, we implemented early stopping with
validation loss monitoring (patience = 50 epochs). The optimization process involved strati-
fied data splitting (60% training, 20% validation, 20% testing), standardization of numerical
features (EC, X2), and one-hot encoding of categorical variables (Location, WYT, Month).
The preprocessing pipeline was preserved using joblib to ensure consistent transformation of
future data points, which is crucial for model deployment and operational use.

2.2.3. Model Evaluation Metrics

Model evaluation in water quality prediction requires careful consideration of both
prediction accuracy and generalization capability. We established an evaluation framework
incorporating multiple complementary metrics and validation strategies to ensure robust
assessment of model performance.

Our evaluation framework centered on three primary performance metrics, each
capturing different aspects of model performance. The coefficient of determination (R?),
defined in Equation (7), quantifies the proportion of variance in the observed data explained
by the model. While higher values indicate a better model fit, R? alone can be misleading,
as it is sensitive to the range and distribution of the data. However, its widespread use in
water quality modeling studies makes it valuable for comparing results across different
research efforts and methodologies. The Mean Absolute Error (MAE, Equation (8)) provides
a direct measure of prediction accuracy in the original units of measurement (mg/L),
making it particularly valuable for operational applications. Unlike R?, the MAE is less
sensitive to outliers and offers more interpretable results. The magnitude of acceptable
MAE varies by constituent, considering its typical concentration range and operational
requirements. The third metric, Percentage Bias (PBIAS, Equation (9)), reveals systematic
over- or under-prediction tendencies in the model. Positive values indicate overestimation,
while negative values suggest underestimation. In water quality applications, consistent
bias could significantly impact treatment processes and management decisions, making
PBIAS an essential metric for operational reliability assessment.

We implemented a multi-layered validation approach to ensure robust evaluation of
model performance. The dataset was divided into three subsets through random stratified
sampling: 60% for training, 20% for validation during model development, and 20% reserved
as an independent test set. This split ensured unbiased evaluation of final model performance
on previously unseen data, while maintaining similar statistical distributions across all sets.
The comparison of performance metrics between training and test sets served as a crucial
check for potential overfitting, where small differences indicate good generalization, while
large discrepancies would suggest model reliability issues requiring refinement.
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The performance metrics are defined as follows:
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where Yy represents observed values, .4 represents predicted values, ¥ is the mean of
observed values, and 7 is the number of observations.

To further assess model stability and generalization capabilities, we implemented a
k-fold cross-validation analysis (k = 5). This approach systematically partitions the data
into five equal folds, using four folds for training and one for testing, rotating through
all possible combinations. We maintained consistent preprocessing across all folds using
Scikit-learn’s ColumnTransformer, which included standardization of numerical features
(EC, X2) and one-hot encoding of categorical variables (Location, WYT, Month). For each
fold, we loaded the previously trained models and preprocessors for each ion constituent,
then evaluated their performance using the three metrics mentioned above (R?, MAE, and
PBIAS). This cross-validation implementation was performed independently for each ion
constituent (chloride, bromide, and sulfate), allowing us to assess the stability of model
performance across different subsets of data and different constituents. The analysis was
automated using the TensorFlow and Scikit-learn libraries, ensuring consistent evaluation
procedures across all folds and constituents. This systematic approach provides a more
reliable estimate of model performance than single train-test splits, which was particularly
important given the temporal and spatial variability in our water quality data.

2.3. Dashboard Development

Web-based dashboards offer significant advantages for water quality management
tools, providing universal accessibility, real-time updates, and interactive visualizations
without requiring local software installation. Our implementation leverages Microsoft
Azure’s Web Apps service, a cloud computing platform that provides scalable hosting
infrastructure [41]. Azure Web Apps manage server maintenance, security updates, and
load balancing, allowing the applications to efficiently handle multiple concurrent users.
The system’s computational resources are adjustable based on usage demands—if addi-
tional processing power is needed to handle more users or complex calculations, the cloud
computing capacity can be increased by upgrading the subscription level. During periods
of lower demand, capacity can be scaled down to optimize costs.

The development infrastructure uses GitHub (https://github.com/, accessed on
1 June 2022) as a version control and code hosting platform, integrated with Azure through
continuous integration and deployment (C1/CD) pipelines. When code updates are pushed
to GitHub, Azure automatically deploys these changes to the production environment
after running automated tests, ensuring rapid updates while maintaining system stability.
The cloud resources are configured based on anticipated computational needs and usage
patterns, with subscription levels adjusted monthly to balance performance and cost.

All three dashboards share a common technical foundation, built using Python’s sci-
entific computing stack [42]. The visualization layer employs Panel for creating interactive
web interfaces and HoloViews for generating dynamic plots [43]. These libraries were
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chosen for their ability to create responsive, interactive visualizations, while efficiently
handling large datasets [30]. Bokeh serves as the underlying plotting library, enabling the
creation of interactive plots that can be updated in real time as users adjust parameters [44].
The dashboards use a consistent set of Ul components, such as sliders, dropdown menus,
and buttons, to provide a familiar user experience across applications.

The Water Intake Locations Dashboard focuses on water intake locations, providing
real-time predictions of ion concentrations based on user-specified parameters. Users
can adjust parameters like EC, Sacramento X2, Water Year Type, and Month, with results
displayed through interactive bar charts that compare different model predictions. By
relying on pre-trained models, this dashboard delivers fast predictions without requiring
the computational overhead of training models on-the-fly.

The Enhanced Interior Delta Dashboard extends our previous Interior Delta dash-
board [25] by integrating Hutton et al.’s parametric regression equations alongside machine
learning predictions [21]. This integration enables direct comparisons between four ma-
chine learning approaches—Regression Trees (RTs), Gradient Boosting (GB), Random Forest
(RF), and Artificial Neural Networks (ANNs)—and the classical parametric method across
three sub-regions. The dashboard also includes horizontal threshold lines for key ion
constituents (chloride: 250 mg/L, sulfate: 250 mg/L, sodium: 60 mg/L, and total dissolved
solids: 500 mg/L), allowing users to quickly identify when predicted concentrations exceed
acceptable water quality standards [45].

The Model Interpretability Dashboard serves as an analytical tool to help users un-
derstand how different parameters influence ion predictions. Users can select any input
parameter—such as EC, Sacramento X2, Water Year Type, or Month—as the x-axis to ob-
serve changes in ion concentrations across its full range, while keeping other variables
constant. This functionality allows users to perform the following:

Analyze the sensitivity of predictions to different input variables.

Compare how different regions respond to parameter changes.
Understand model behavior under various conditions.

Assess model stability across different parameter ranges.
Compare predictions from different modeling approaches (ML vs. classical methods).

The dashboard uses a cache-based system to optimize performance. For first-time
parameter combinations, comprehensive calculations are performed, which may take a few
seconds. However, these results are cached, enabling instant response times for subsequent
queries with the same parameters. This caching mechanism is especially valuable for
sensitivity analyses, where users often explore similar scenarios. The visualizations include
interactive line plots for continuous variables and bar charts for categorical parameters,
with options to display multiple regions and prediction methods simultaneously [43].

Each dashboard maintains its own logging system to track usage patterns and per-
formance metrics, which informs future optimizations and resource allocation. Error
handling and input validation are implemented to ensure robustness, and responsive
design principles are applied to ensure usability across different devices and screen sizes.

2.4. Addressing Model Limitations Through a Hybrid Approach

While both machine learning and classical approaches have demonstrated strong predic-
tive capabilities for ion constituents, they share two fundamental limitations. First, predictions
are constrained to specific monitoring locations, lacking continuous spatial coverage across
the Delta. Second, neither approach can independently evaluate potential future scenarios,
limiting their utility for long-term planning and climate change impact assessment.
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To overcome these limitations, we developed a hybrid water quality model that
integrates the Delta Simulation Model 2 (DSM2) with our machine learning framework.
DSM2 is a well-established hydrodynamic and water quality model used extensively for
simulating water conditions in the Delta [45]. DSM2 can simulate EC across an extensive
network of nodes throughout the Delta, providing spatial and temporal detail that can be
leveraged to enhance prediction capabilities.

For this hybrid approach, we selected 162 points across three key sub-regions:
60 in the South Delta (green circles), 30 along the San Joaquin River corridor (red stars),
and 72 in the Old-Middle River corridor (black squares), as illustrated in Figure 5. These
points were carefully positioned to capture key water quality gradients and hydrodynamic
features across the Delta system while maintaining computational efficiency. This strategic
distribution ensures comprehensive coverage of critical areas and enables effective spatial
interpolation between monitoring locations. The hybrid model operates in two stages:

e  DSM2 simulation: DSM2 is used to generate EC values at all 162 points, ensuring
extensive spatial and temporal coverage.

e  ANN predictions: the simulated EC values are then used as inputs for our ANN model
to predict ion concentrations at these points.
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Figure 5. Distribution of 162 points across Sacramento-San Joaquin Delta for hybrid model im-
plementation. Points are categorized by sub-region: South Delta (green circles), San Joaquin River
corridor (red stars), and Old-Middle River corridor (black squares).
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This hybrid model offers several advantages:

e Continuous spatial coverage: the use of DSM2 provides simulated EC values across
much of the Delta’s channel network, enabling spatial interpolation between the
selected points to create a more continuous ion concentration map.

e  Temporal flexibility: DSM2 can generate EC data for any desired time period, from
historical conditions to future projections (for example in this project: 2000-2023),
providing complete temporal coverage.

e  Scenario analysis: the model’s capability to modify DSM2 input parameters allows for
evaluation of future scenarios, such as changes in climate, hydrology, or operational practices.

e  Combining physics-based and data-driven insights: by integrating DSM2, a process-
based model, with the ANN, a data-driven model, the hybrid system benefits from
both detailed physical simulation and the flexibility of machine learning.

To make this hybrid model accessible, we developed a dedicated dashboard that
visualizes spatial distributions of ion concentrations throughout the Delta. Users can select
specific dates and ion constituents to view the spatial patterns on an interactive map.
Due to the computational intensity of these calculations, particularly involving spatial
interpolation, this dashboard is designed for local deployment, rather than cloud hosting.
The full codebase is available through our GitHub repository, allowing users to conduct
their analyses on local machines with their own computational resources.

This hybrid approach bridges the gap between localized predictions and broader
spatial-temporal analysis, enabling scenario planning and improving water quality man-
agement throughout the Delta. The ability to produce continuous spatial distributions of
ion concentrations represents a significant step forward in our capacity to understand and
manage the complex dynamics of the Delta ecosystem.

3. Results
3.1. Model Performance at Water Intake Locations

The performance evaluation of our models began with identifying optimal hyperpa-
rameters for each constituent. Table 2 presents the optimal network architectures derived
from our hyperparameter optimization process.

Table 2. Optimal neural network architectures for each constituent.

Constituent =~ Number of Layers  Neurons per Layer Activation Function
Chloride 3 40 tanh
Bromide 4 40 relu

Sulfate 5 40 tanh

While all constituents achieved optimal performance with 40 neurons per layer, they
required different network depths and activation functions. Chloride predictions were
optimized with a relatively simple architecture (three layers), while sulfate required a
deeper network (five layers), suggesting varying levels of complexity in the underlying
relationships between input features and constituent concentrations.

Table 3 presents the detailed performance metrics for these optimized models on both
the training and test datasets.

The models demonstrated strong performance across all constituents, with R? values
above 0.96 for all test cases. The small differences between the training and test perfor-
mance metrics (AR? < 0.007) indicate good generalization capabilities. The minimal bias
in predictions (all < 0.5%) further supports the reliability of these models for operational
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use. When evaluating the Mean Absolute Error (MAE), it is crucial to consider the distinct
concentration ranges for each constituent at the water intake locations, as shown in Figure 2.
Chloride concentrations typically range from 20 to 140 mg/L, while bromide varies be-
tween 0 and 0.5 mg/L, and sulfate ranges from 20 to 80 mg/L. Given these different scales,
the MAE values (chloride: 2.672 mg/L, bromide: 0.011 mg/L, sulfate: 1.774 mg/L) should
be evaluated relative to each constituent’s typical concentration range, rather than compared
directly across constituents. For example, the chloride model’s MAE of 2.672 mg/L represents
approximately 2.2% of its maximum observed concentration range, while the bromide
model’s MAE of 0.011 mg/L represents about 2.2% of its range, indicating comparable rela-
tive performance, despite very different absolute MAE values. To visualize the prediction
accuracy across these different concentration ranges, Figure 6 presents scatter plots of the
predicted versus observed values for all three constituents.

Table 3. Model performance metrics for water intake locations.

Constituent Dataset R? MAE (mg/L)  Percentage Bias (%)
. Training 0.988 2.017 —0.02%
Chloride Test 0.981 2,672 ~0.39%
B d Training 0.975 0.01 —0.22%
romude Test 0.971 0.011 —0.41%
Sulf Training 0.969 1.502 —0.24%
ulfate Test 0.962 1.774 —0.01%
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Figure 6. Scatter plots comparing predicted versus observed concentrations for (a) chloride [0-140 mg/L],
(b) bromide [0-0.5 mg/L], and (c) sulfate [0-80 mg/L]. Blue points represent training data, red points
represent test data, and dashed line represents perfect prediction (1:1 line).

The scatter plots reveal several important characteristics of the models” performance
across the three constituents. For Chloride (Figure 6a), the model demonstrates excellent
prediction accuracy across the full range of 0-146 mg/L, with particularly tight clustering
around the 1:1 line at low-to-medium concentrations. While there is slightly increased scatter at
higher concentrations (>100 mg/L), the model maintains overall accuracy. The nearly identical
patterns between the training and test points indicate robust generalization capabilities.

Bromide predictions (Figure 6b) show notably high precision in the critical low-
concentration range (0-0.2 mg/L) and maintain consistent performance across the entire
range of 0-0.5 mg/L. Although some scattered points appear in the mid-range concentra-
tions (0.2-0.3 mg/L), the model effectively maintains the overall trend and captures the
relationship well, even in the upper concentration range.
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The sulfate model (Figure 6c) exhibits strong performance across the observed range of
0-85 mg/L, with similar prediction patterns between the training and test datasets. Despite
slightly increased scatter in the middle range (30-50 mg/L), the model maintains accuracy
at both low and high concentration extremes.

Several common features are evident across all three constituents. The even distri-
bution of points around the 1:1 line confirms the low bias shown in Table 3, while the
consistent performance between the training and test datasets validates the models’ gener-
alization capabilities. Notably, there are no systematic deviations or patterns that would
suggest model limitations, and all models demonstrate robust performance across the full
range of environmentally relevant concentrations. These visualizations complement the
numerical metrics in Table 3 by demonstrating that the models’ high R? values and low
MAE:s are achieved consistently across all concentration ranges, not just in specific regions
of the prediction space.

To evaluate the effectiveness of our location-specific approach, we conducted a fair
comparison using test dataset performance against both the Interior Delta ML model and
classical methods. While all three approaches achieved relatively high R? values (water intake
location test: 0.962-0.981, Interior Delta test: 0.96-0.97, classical all data: 0.52-0.92), the MAE
metric is a more discriminating metric for comparing model performance, particularly
given its direct relevance to operational decision-making. Note that for classical methods,
results are reported for the entire dataset, as this approach does not employ train—test
splitting. Figure 7 presents a heatmap visualization of the percentage improvements in
MAE achieved by our water intake locations model’s test performance compared to the
Interior Delta test performance and classical method results, ensuring a fair comparison
basis across methods.
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Figure 7. Heatmap showing percentage improvement in MAE achieved by water intake locations
model compared to Interior Delta ML model and classical methods.
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These results demonstrate that our location-specific optimization approach success-
fully captures the unique characteristics of water intake locations, leading to more precise
predictions across all constituents. The magnitude of these improvements has significant im-
plications for operational decision-making and water quality management at intake facilities.

3.2. Cross-Validation Results and Model Stability

The five-fold cross-validation analysis demonstrated strong and consistent perfor-
mance across all folds, supporting the robustness of our models. Table 4 presents the
comprehensive cross-validation results, showing the mean and standard deviation of
performance metrics for each constituent.

Table 4. Cross-validation results showing mean + standard deviation across 5 folds.

Constituent R? MAE (mg/L) PBIAS (%)
Chloride 0.983 + 0.006 2.345 + 0.301 —0.083 £ 0.316
Bromide 0.972 & 0.004 0.011 + 0.001 —0.324 £ 0.350

Sulfate 0.962 + 0.001 1.671 £ 0.089 —0.585 =+ 0.483

The cross-validation results reveal several important characteristics of model perfor-
mance across the different constituents. For chloride predictions, the model achieved the
highest R? values (0.983 + 0.006) among all constituents, with the MAE ranging from
2.078 to 2.857 mg/L across folds. The model demonstrated consistent performance, with
relatively small variations between folds, and PBIAS values close to zero (—0.083 £ 0.316%)
indicate minimal systematic bias in predictions.

Bromide predictions maintained very strong performance, with an R? of 0.972 + 0.004, and
exhibited remarkably consistent MAE (0.011 & 0.001 mg/L). While showing slightly higher
relative bias (—0.324 £ 0.350%) compared to chloride, the bromide model maintained
robust predictive capabilities across all folds. Sulfate predictions demonstrated strong and
stable performance, with an R? of 0.962 + 0.001; notably, they had the most consistent
R? values, with the lowest standard deviation (+-0.001). The MAE values showed good
stability at 1.671 & 0.089 mg/L, though the model exhibited slightly higher negative bias
(—0.585 + 0.483%) compared to other constituents.

The remarkably low standard deviations across all metrics, particularly for R? values
(<0.006), demonstrate the models’ robust generalization capabilities and stability across
different data partitions. This consistent performance across folds suggests that the mod-
els successfully captured the underlying relationships between input features and ion
concentrations, while avoiding overfitting to specific data subsets.

3.3. Dashboard Applications and Enhancements
3.3.1. Water Intake Locations Dashboard

The Water Intake Locations Dashboard employs ANN models to simulate ion con-
stituents (chloride, bromide, sulfate) at three critical water intake locations. The interface
features four predictors: EC (0-800 uS/cm), Sacramento X2 (40-90 km), Water Year Type,
and Month. Due to the limited data availability period (2019-2023), the models for Harvey
O. Banks (HRO) and the Tracy Pumping Plant (TRP) currently cover only three Water Year
Types (D, W, and C), while the O’'Neill Forebay (ONG), with its longer record (2012-2023),
includes BN as well. The Above-Normal (AN) Water Year Type is excluded for all locations;
users are advised to use Wet (W) as an approximation for AN conditions. The accuracy of
predictions for HRO and TRP is expected to improve as future data collection encompasses
more hydrological conditions.
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Figure 8 demonstrates the dashboard’s interface design and functionality using a
specific example scenario where we simulate chloride concentrations under the following
conditions: EC: 600 uS/cm, Sacramento X2: 80 km, Month: June, Water Year Type (WYT):
Critical, ion constituent: chloride. In this particular example, when simulating chloride
concentrations under the specified conditions, we observe distinct spatial variations: the
O'Neill Forebay (ONG) and Harvey O. Banks (HRO) show similar predicted concentrations
at around 90 mg/L, while the Tracy Pumping Plant (TRP) exhibits a lower predicted con-
centration of approximately 83 mg/L. These spatial differences in chloride concentrations
under identical input conditions demonstrate how the complex hydrodynamics of the Delta
system influence water quality patterns at different intake locations. Users can explore
other scenarios by adjusting any of the input parameters, allowing them to investigate how
ion concentrations vary under different operational and environmental conditions.

WATER RESOURCES

lon Simulator Dashboard for Water Intake Locations

This dashboard allows you to simulate ion concentrations based on easily available parameters
Use the sliders and dropdown menus to select the desired values for EC, X2, lon, Water Year Type (WYT), and Month

Notes:

« Electrical conductivity (EC) is measured in microsiemens per centimeter (uS/cm)

+ X2is the distance from the Golden Gate Bridge to the location where the average daily salinity is 2 parts per thousand at the bottom of the water

« The Water Year Type (WYT) is a classification based on hydralogical characteristics
1. Wet (W), 2. Above-Normal (AN), 3. Belov-Normal (BN), 4. Dry (D), 5. Criical (C)

Key Water Intake Locations:

1. Harvey O. Banks Pumping Plant (HRO)
2. Tracy Pumping Plant (TRP)
3. O'Neill Forebay at Gianelli Pumping Plant (ONG)

The mode! is trained to simulate three ion constituents (Bromide, Chloride, and Sulfate) at these locations
Data used: HRO and TRP [2019-2023), ONG (2012-2023) for four water year types (BN, W, D, C).
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June A c v
lon

cl A

Cl Concentration by Location

Concentration (mg/L)

Figure 8. A screenshot of the Intake Locations Dashboard, showing the interface layout and chloride
concentration predictions at water intake locations.

The dashboard’s real-time visualization capabilities enable operators to compare
constituent levels across locations simultaneously, evaluate the impacts of changing opera-
tional conditions, identify potential water quality concerns, and support rapid operational
decision-making through scenario testing. The interface provides essential contextual
information about measurement units, parameter definitions, and data coverage periods,
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ensuring proper interpretation of results. The visualization includes interactive tools for
zooming, panning, and data export, represented by the icons on the right side of the plot.

3.3.2. Enhanced Interior Delta Dashboard

Building upon our previous work [25], the dashboard developed in that study has been
significantly enhanced to provide comprehensive visualization and comparison capabilities
for ion constituent predictions across the Delta. Key enhancements include the following:

Classical Method Integration: The most significant enhancement is the integration
of the classical parametric regression method (PR), developed by [21], alongside machine
learning predictions (RT, GB, RF, and ANN). This integration offers several benefits:

e  Direct visual comparison between classical and ML approaches;

e Simplified access to ion constituent predictions without requiring manual
coefficient calculations;

e  Enhanced transparency in model comparison for stakeholders;

e Validation of ML predictions against established methodologies.

This unified platform allows water managers to make informed decisions by com-
paring multiple prediction methods simultaneously, while maintaining the user-friendly
interface that characterized our original dashboard. The addition of the PR method par-
ticularly addresses stakeholder needs for comparative analysis between traditional and
modern prediction approaches.

Spatial Comparison Capability: The dashboard now enables simultaneous visual-
ization of predictions across all three sub-regions (OMR, SJR corridor, and South Delta),
revealing important spatial patterns in ion constituent distributions. For instance, under
identical predictor conditions (EC, X2, WYT, and Month), the ANN model demonstrates
consistently higher chloride concentrations in the OMR region compared to other areas,
reflecting its proximity to ocean influences—a primary source of chloride in the system.

Water Quality Standards Integration: A crucial addition is the incorporation of
regulatory threshold indicators (shown as red dashed lines) for key constituents, based on
guidelines from the United States Environmental Protection Agency (EPA) and the World
Health Organization (WHO): chloride: 250 mg/L, sulfate: 250 mg/L, sodium: 60 mg/L,
and total dissolved solids: 500 mg/L. These visual threshold indicators enable immediate
assessment of water quality compliance across different regions and conditions.

Figure 9 demonstrates the dashboard’s key capabilities through a typical usage case.
In this example, chloride predictions are shown for specified conditions (EC: 1600 uS/cm,
Sacramento X2: 75 km, Water Year Type: Above-Normal, Month: September) across all three
sub-regions. The visualization clearly shows the spatial variation in chloride concentrations,
with consistently higher levels in the OMR region across all models. This pattern aligns
with the physical geography of the Delta, as the OMR region is situated closer to the
San Francisco Bay and the Pacific Ocean, which serve as the primary sources of chloride
through seawater intrusion. The other regions, being further inland, typically experience
lower chloride concentrations, due to their greater distance from marine influences. The
integrated EPA/WHO threshold line (250 mg/L) provides immediate context for water
quality compliance assessment, while the side-by-side comparison of different models
(RT, GB, RF, ANN, and PR) enables stakeholders to evaluate prediction consistency and
model agreement.

3.3.3. Model Interpretability Dashboard

The Model Interpretability Dashboard was developed to provide deeper insights into
model behavior and sensitivity for our Interior Delta predictions, focusing on comparing
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the machine learning models and the classical method presented in our previous study [21].
While our ion constituent simulator dashboard focuses on operational predictions across
all locations, this interpretability dashboard specifically examines how different modeling
approaches for the Interior Delta respond to variations in input parameters. The dashboard
enables analysis of all nine ion constituents against any selected predictor variable, while
holding other conditions constant, making it a powerful tool for understanding model
dynamics and validating their physical consistency.

CALIFORNIA DEPARTMENT OF

WATER RESOURCES

lon Simulator Dashboard

This dashboard allows you to simulate ion concentrations based on easyly availble parameters. Use the sliders and dropdown menus to
select the desired values for EC, Sacramento_X2, lon, WYT, and Month. Then click the ‘Compute’ button to generate a bar chart of the
i ion i in three sub-regi

Instructions:

1. Adjust the sliders and drop-down menus to select the desired input values.

2. Click the Compute button to run the simulafion.

3. The bar chart will display the predicted ion concentrations for different machine leaming models and parametric regression method
(prepared by Tetra Tech company).

Notes:

+ Electrical ity (EC) is d in microsi per centi {uSfcm)
) X2 is the of River flow that is esfimated to reach the Delta. The exact location of the Sacramento

X2 point is determined by the Califomia Department of Water Resources {(DVWR,) based on the specific hydraulic conditions and water
flows in the Sacramento River. The DWR uses a ination of ical models, flow , and other data to determine
the lecation of the Sacramento X2 point.

» The Water Year Type (WYT) is a classification of the water year based on its hydrological characteristics. Water Year Type that
includes the following categories- 1- Wet (W), 2- Critical (C), 3- Dry (D), 4 Above-Normal (AN), 5- Below-Normal (BN)

+ Region refers to monitoring regions that includes: 1- Old-Middle River (OMR), 2- San Joaquin River Corridor (SJRcormidor), and 3-
South Delta {SouthDelta).

» Month refers to the month of the year.

« Prediction medels: Regression Trees: RT, Gradient Boosting: GB, Random Forest: RF, Artificial Meural Metworks: ANM, Parametric
Regression method prepared by Tetra Tech: PR

= The red dashed line serves as an indicator of the acceptable threshold level for ion concentration in water, beyond which the water
quality may not meet standards for human consumption or use, based on guidelines from the EPA and the World Health Organization
(WHO); {CI:250, S04:250, Na:60, TDS:500} Sources of this information include:

« EPA: National Primary Drinking Water Requlations

« World Health Organization (WHO): Guidelines for Drinking-water Quality, 4th edition
lon
cl -
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AN A September L4

ol fmgyi ]

LS & & f“@ & &5 & &S
E & o & 4‘#9@ & f

GB RF ANN PR
Prediction Models

Figure 9. Screenshot of Enhanced Interior Delta Ion Constituent Prediction Dashboard.

Figure 10 demonstrates the dashboard’s capability to analyze model behavior across
the EC range for bromide predictions under specific conditions (Sacramento X2 = 80 km,
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Water Year Type = Above-Normal, Month = September, South Delta region). The visual-
ization reveals distinct behavioral patterns among different models, with the ANN model
exhibiting notably smoother response curves compared to other ML approaches. A criti-
cal transition point occurs at EC ~ 1200 pS/cm, where the relative predictions between
ANN and the classical method (PR) reverse their relationship. Below this threshold, ANN
predicts higher bromide concentrations, while above it, the classical method shows higher
predictions. This smooth transition in the ANN model, compared to the more erratic behav-
ior of other ML models, represents an additional advantage beyond its superior statistical
performance metrics.

CALIFORNIA DEPARTMENT OF

WATER RESOURCES

Notes:

« Electrical conductivity (EC) is measured in microsiemens per centimeter (1S/cm).

« Sacramento_X2 is the percentage of Sacramento River flow that is estimated to reach the Defta
The exact location of the Sacramento X2 point is determined by the Califoria Department of Water Resources (DWR)
based on the specific hydraulic conditions and water flows in the Sacramento River.
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Figure 10. Model response comparison for bromide predictions across EC range in Model Inter-
pretability Dashboard. Plot shows different model behaviors under specified conditions (Sacramento
X2: 80 km, WYT: Above-Normal, Month: September) for South Delta region.

The dashboard’s ability to analyze sensitivity to different predictors is further illus-
trated in Figure 11, which shows model responses to Sacramento X2 variations for chloride
predictions (EC = 700 uS/cm, Month = September, Water Year Type = Dry, OMR region).
This comparison reveals significant differences in how models incorporate the X2 influence.
The classical method shows no sensitivity to X2 changes under these conditions, producing
a flat response that suggests a potential limitation in capturing this important physical rela-
tionship. In contrast, the ANN model demonstrates smooth, physically plausible responses
to X2 variations. Other ML models (RT, GB, and RF) exhibit high sensitivity to X2 changes
with discontinuous jumps in predictions, suggesting potential overfitting to training
data points.
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Figure 11. Analysis of model sensitivity to Sacramento X2 variations for chloride predictions using
the Model Interpretability Dashboard. The comparison illustrates different model responses under
fixed conditions (EC: 700 uS/cm, WYT: Dry, Month: September) for the OMR region.

The dashboard’s capability to analyze categorical predictors is demonstrated in Figure 12,
which examines model behavior across different Water Year Types for chloride predictions
under consistent conditions (EC = 700 uS/cm, Sacramento X2 = 80 km, Month = September,
OMR region). The classical method (PR) shows limited sensitivity to water year classifica-
tion, consistently predicting the highest chloride concentrations (approximately 150 mg/L)
across all WYTs. The ANN model demonstrates more nuanced and physically plausible
behavior, showing a gradual decrease in chloride concentrations from Critical to Wet condi-
tions, while maintaining predictions in the 120-140 mg/L range. Other ML models (RT,
GB, and RF) show similar overall patterns, but with more variable responses and generally
lower chloride concentration predictions compared to PR and ANN.
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p— 2 0 ot vearTpe o) vortn 0

Figure 12. A model behavior comparison across Water Year Types (WYTs) for chloride predictions on
the Model Interpretability Dashboard. The bar chart displays model predictions under consistent
conditions (EC: 700 uS/cm, Sacramento X2: 80 km, Month: September) for the OMR region.

These visualizations collectively highlight the ANN model’s superior characteristics
beyond traditional performance metrics. Its smoother response surfaces across parameter
ranges, more physically consistent behavior, balanced sensitivity to input parameters,
and robust predictions without artificial discontinuities make it particularly reliable for
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operational applications. The Model Interpretability Dashboard proves especially valuable
for stakeholders seeking to understand model reliability under different conditions, and for
researchers validating model behavior against known physical relationships in the Delta
system. This enhanced transparency in model behavior helps to build confidence in the
predictions and provides crucial insights for water quality management decisions.

3.4. Hybrid Water Quality Dashboard

The Hybrid Water Quality Dashboard represents a novel integration of DSM2 hydro-
dynamic modeling with our ANN framework to provide comprehensive spatial coverage
of ion constituent concentrations across the Interior Delta. This integration addresses a
key limitation of standalone ANN models by enabling predictions at locations without
monitoring stations. The dashboard’s architecture combines DSM2-simulated EC values
at 162 strategic points (60 in the South Delta, 30 along the San Joaquin River corridor, and
72 in the Old-Middle River corridor) with ANN predictions to generate spatially continu-
ous constituent distributions.

Figure 13 demonstrates the dashboard’s visualization capabilities through a bromide
concentration map for 1 July 2015. The interface features a date selector and ion constituent
dropdown menu, allowing users to explore temporal and chemical variations across the
Delta. The example reveals distinct spatial patterns in bromide concentrations, with values
ranging from 0.17 to 0.51 mg/L. A clear gradient is visible from the northern Delta (higher
concentrations shown in purple/blue) to the southern regions (lower concentrations in
green/yellow), reflecting the complex interplay of tidal influences and river inflows.
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Figure 13. The spatial distribution of chloride concentrations in the Interior Delta during a dry year
(1 July 2015).

Figures 13 and 14 demonstrate temporal variations in chloride concentrations by
comparing Critical (2015) versus Wet (2017) water year conditions for July 1st. In the
critical year (Figure 13), higher chloride concentrations are evident throughout the Delta,
particularly in the OMR corridor, reflecting increased seawater intrusion due to reduced
Delta outflow. In contrast, the Wet year (2017, Figure 14) shows notably lower chloride
concentrations across all regions, as higher precipitation and river inflows create stronger
seaward gradients that limit ocean-derived chloride intrusion.
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Figure 14. The spatial distribution of chloride concentrations during a wet year (1 July 2017).

Figure 15 illustrates spatial patterns of sulfate concentrations during the same period
as Figure 13 (1 July 2015). The distribution reveals the highest sulfate levels along the San
Joaquin River corridor and South Delta region, with concentrations decreasing notably
in the OMR area. This pattern reflects the primary source of sulfate in the Delta system—
agricultural drainage inputs predominant in the San Joaquin River and South Delta regions.
The distinct spatial patterns between chloride (Figure 13) and sulfate (Figure 15) demon-
strate how different sources—seawater intrusion versus agricultural drainage—create
unique constituent distributions across the Delta.
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Figure 15. The spatial distribution of sulfate concentrations (1 July 2015).

The dashboard employs an intuitive color-coding scheme for concentration visual-
ization, with a continuous scale that enables easy identification of spatial gradients and
potential water quality concerns. Users can zoom and pan across the Delta region to exam-
ine specific areas of interest, while the base map provides geographical context through
landmarks and waterway configurations. Unlike our Azure-hosted dashboards, this tool is
available through GitHub for local deployment, allowing users to conduct intensive spatial
analyses with their own computational resources.

This hybrid approach extends the temporal coverage from 2000 to 2023, providing
historical context for water quality patterns. The combination of DSM2’s hydrodynamic
simulation capabilities with ANN's constituent prediction accuracy creates a powerful
tool for understanding large-scale water quality dynamics in the Delta system. The spatial
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interpolation between the 162 monitoring points enables visualization of continuous con-
centration gradients, offering insights into water quality transitions that would be difficult
to discern from point measurements alone.

For enhanced accessibility, we developed three Azure-hosted dashboards and one
GitHub-hosted solution, as summarized in Table 5. The Azure-hosted dashboards (Interior
Delta, Interpretability, and Water Intake Locations) are optimized for both desktop and
mobile access, with QR codes provided for convenient mobile deployment. These QR codes
enable stakeholders to quickly access the dashboards from their smartphones or tablets,
facilitating real-time decision-making in the field. The mobile interface maintains all the
functionality of the desktop version, while adapting to smaller screens.

Table 5. Summary of developed dashboards with web links.

Dashboards Dashboard ID Web Links

. https:/ /dwrdashion.azurewebsites.net/Dashboard
Interior Delta Dashboard DD1 (accessed on 1 March 2025)
Interpretability Dashboard DD2 https:/ /dwrdashionsensitivity.azurewebsites.net/

Sensitivity_IonStudy (accessed on 1 March 2025)

https:/ /dwrdashionintake.azurewebsites.net/Intake_

Water Intake Locations Dashboard  DD3 dashboard (accessed on 1 March 2025)

https:/ / github.com/PeymanHNamadi/Hybrid_

Hybrid Water Quality Dashboard D4 WaterQualityDashboard (accessed on 1 March 2025)

4. Discussion

The development and implementation of machine learning approaches for ion con-
stituent prediction in the Sacramento—San Joaquin Delta represents a significant advance-
ment in water quality monitoring and management. Our results demonstrate both the
technical advantages of these new methods and their practical utility for operational
decision-making. This discussion examines the implications of our findings across sev-
eral key dimensions: model performance and reliability, operational utility, and broader
implications for water quality management.

4.1. Model Performance and Reliability

The superior performance of our location-specific ANN models compared to both the
Interior Delta ML model and classical methods highlights several important considerations
in water quality modeling. The substantial improvements in Mean Absolute Error (MAE)—
ranging from 24% for TDS to 59% for sulfate—demonstrate that tailoring models to specific
monitoring locations can significantly enhance prediction accuracy. This improvement likely
stems from the models’ ability to capture location-specific relationships between Electrical
Conductivity and ion constituents, which vary considerably across the Delta system.

The cross-validation results, showing remarkably low standard deviations across
all metrics (e.g., R? variations < 0.006), confirm the robust generalization capabilities of
our models. This stability is particularly noteworthy given the complex and dynamic
nature of the Delta system, where multiple factors influence water quality simultaneously.
The consistent performance across different data partitions suggests that the models have
successfully captured underlying physical relationships, rather than simply fitting to
training data patterns.

However, it is important to acknowledge certain limitations in our approach. The
relatively short data record for some locations (2019-2023 for HRO and TRP) means that the
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models have not been exposed to the full range of possible hydrological conditions. While
performance metrics remain strong, continued validation against new data will be crucial
for ensuring long-term reliability. Additionally, the current exclusion of Above-Normal
Water Year Types from some location-specific models represents a gap that should be
addressed as more data become available.

4.2. Operational Utility and Dashboard Implementation

The Water Intake Locations Dashboard’s (DD3) focus on critical infrastructure points
demonstrates how location-specific optimization can enhance operational relevance. The
real-time visualization capabilities and mobile accessibility through QR codes reflect a
practical understanding of how these tools will be used in the field. However, the dash-
board’s current limitations regarding Water Year Types highlight the ongoing need for data
collection and model refinement.

The development of three complementary dashboards, each serving different user
needs, represents a significant step forward in making complex modeling tools accessible
to water managers. The Enhanced Interior Delta Dashboard’s (DD1) integration of classical
methods alongside machine learning predictions provides a valuable bridge between tradi-
tional and modern approaches, helping to build user confidence through direct comparison.
The addition of regulatory threshold indicators directly addresses operational needs by
providing immediate visual feedback on water quality compliance.

The Model Interpretability Dashboard addresses (DD2) a crucial challenge in the
adoption of machine learning methods: the perceived “black box” nature of these models.
By enabling users to visualize how models respond to different predictors and operating
conditions, this tool helps to build trust in ML predictions. The smooth response curves
demonstrated by the ANN model, particularly in comparison to other ML approaches,
suggest that it has captured physically meaningful relationships, rather than arbitrary
patterns in the training data.

Our hybrid approach, combining DSM2 hydrodynamic modeling with ANN pre-
dictions, represents a significant advancement in addressing spatial coverage limitations
inherent in point-based monitoring systems. The ability to generate continuous spatial
distributions of ion concentrations provides water managers with unprecedented insight
into water quality dynamics across the Delta. This capability is particularly valuable for
understanding how different operational decisions might affect water quality throughout
the system, not just at monitoring locations.

The dashboard implementation strategy, using both cloud-hosted and locally deployed
solutions, balances accessibility with computational requirements. The Azure-hosted dash-
boards provide widespread access to essential prediction tools, while the GitHub-hosted
hybrid model enables more intensive analyses when needed. This dual approach ensures
that different stakeholder needs can be met effectively, while managing computational
resources efficiently.

5. Conclusions

This research introduces new machine learning tools for simulating ion constituents
in California’s Sacramento-San Joaquin Delta. Our approach advances water quality
monitoring through improved prediction accuracy and accessibility. Our work makes three
significant contributions:

First, we demonstrated that location-specific ANN models substantially improve
prediction accuracy for ion constituents at critical water intake locations (cross-validated
R? > 0.96, o < 0.006).
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Second, we developed four complementary web-based tools that make these modeling
capabilities accessible to water managers: (1) an Enhanced Interior Delta Dashboard inte-
grating classical and machine learning approaches; (2) a Model Interpretability Dashboard
visualizing model behavior; (3) a Water Intake Locations Dashboard providing targeted
predictions; and (4) a Hybrid Water Quality Dashboard enabling spatial coverage.

Third, our hybrid modeling approach combines DSM2 hydrodynamic simulations
with ANN predictions, enabling continuous spatial prediction of ion constituents across
the Delta and addressing the fundamental limitations of point-based monitoring.

Future Research

Our current models effectively simulate present conditions (nowcasting), but future
work will focus on forecasting capabilities. We plan to extend these models to predict
ion constituent levels 1-7 days in advance, developing an early warning system for water
managers. Additionally, we aim to incorporate climate change scenarios into our hybrid
model to assess long-term impacts on Delta water quality. As computational capabilities
and data collection improve, we envision expanding this approach to model additional
water quality parameters and implementing real-time monitoring integration for more
responsive management systems.
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Abstract: Water quality prediction serves as an important foundation for risk control
and the proactive management of the aquatic environment, and the Long Short-Term
Memory (LSTM) network has gained recognition as an effective approach for achieving
high-precision water quality predictions. However, despite its potential, there is a signifi-
cant gap in the literature regarding the confidence analysis of its prediction accuracy and
the underlying causes of variability across different water quality indicators and basins. To
address this gap, the present study introduces a novel confidence evaluation method to
systematically assess the performance of LSTM in predicting key water quality parameters,
including ammonia nitrogen (AN), biochemical oxygen demand (BOD), chemical oxygen
demand (COD), dissolved oxygen (DO), hydrogen ion concentration (pH), and total phos-
phorus (TP). This evaluation was conducted across three basins with distinct geographical,
climatic, and water quality conditions: the Huangshui River Basin (HSB), the Haihe River
Basin (HRB), and the Yangtze River Basin (YRB). The results of the confidence evaluation
revealed that LSTM exhibited higher credibility in the Haihe River Basin compared to
the Yangtze River Basin. Additionally, LSTM demonstrated greater accuracy and stability
in predicting total phosphorus (TP) compared to other water quality indicators in both
basins, with median NSE values of 0.71 in the HRB and 0.73 in the YRB. Additionally, the
research demonstrated a linear relationship between the ability of LSTM models to predict
the water quality and temporal autocorrelation as well as the cross-correlation coefficients
of the water quality parameters. The coefficients of determination (R?) ranged from 0.59 to
0.85, with values of 0.59 and 0.79 for the YRB and 0.85 and 0.80 for the HRB, respectively.
This finding underscores the importance of considering these correlation metrics when
evaluating the reliability of LSTM-based predictions.

Keywords: confidence analysis; forecasting water quality; long short-term memory (LSTM)
models; Yangtze River basin; Haihe River basin; Huangshui River basin
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1. Introduction

Over the past few decades, artificial intelligence (AI) has emerged as an effective
alternative approach for modeling complex nonlinear systems [1]. Extensive research has
been conducted on river water quality prediction, monitoring, and management using
various Al models, including artificial neural networks (ANNSs) [1-4], adaptive neuro-fuzzy
inference systems (ANFISs) [5-7], and support vector machines (SVMs) [8,9], among others.
However, recurrent neural networks (RNNs) are particularly well suited for sequential
data due to their inherent structure [10], and they have been utilized for water quality
prediction [11,12]. The Long Short-Term Memory (LSTM) network addresses the vanishing
or exploding gradient issues associated with RNNs [13], making it even more effective for
handling sequential data, such as water quality information [10,14]. Recently, LSTM-based
models have demonstrated promising performance in water quality prediction [14-20].

Recent studies have demonstrated that Long Short-Term Memory (LSTM) networks
hold significant value in many time-series predictions and exhibit excellent simulation
capabilities. For instance, in the field of runoff prediction, LSTM models have been shown
to provide accurate and reliable results, especially when combined with time-frequency
analysis methods. However, it is crucial to recognize that LSTM models have their own
limitations and are not universally applicable. They are designed to handle specific types
of sequential data and may not perform well in all scenarios. For example, the Root Mean
Square Errors (RMSEs) of LSTM models for dissolved oxygen (DO) differ across various
basins: 0.0396 in Jiangsu Wuxi of the Yangtze River, China; 0.55 in the Prespa Basin in
southeastern Europe; 0.07 in Tai Lake, China; and 0.067 in Victoria Bay, China [14,15,21].
Similarly, within the same basin, LSTM models exhibit different performances for various
indicators. In the Beilun Estuary of the Guangxi Autonomous Region, China, the Mean
Absolute Errors (MAEs) for predicting the weekly pH, DO, chemical oxygen demand
(COD), and ammonia nitrogen (AN) were 0.58, 0.51, 0.71, and 0.68, respectively [20].
Moreover, the performance of LSTM is influenced by various factors, including data
characteristics, model parameters, and training methods. Despite these considerations,
there is a notable gap in the literature regarding the credibility analysis of LSTM predictions.
While numerous studies have focused on comparing different models or incrementally
improving existing ones, there is a lack of in-depth research on evaluating the confidence
level of LSTM predictions in diverse applications [1,18]. For example, in water quality
prediction, LSTM models show varying performances across different basins and indicators.
The Root Mean Square Errors (RMSEs) of LSTM models for dissolved oxygen (DO) differ
significantly across various basins: 0.04 in Jiangsu Wuxi of the Yangtze River, China;
0.545 in the Prespa Basin in southeastern Europe; 0.07 in Tai Lake, China; and 0.067 in
Victoria Bay, China [22,23]. Similarly, within the same basin, LSTM models exhibit different
performances for various indicators. In the Beilun Estuary of the Guangxi Autonomous
Region, China, the Mean Absolute Errors (MAEs) for predicting the weekly pH, DO,
chemical oxygen demand (COD), and ammonia nitrogen (AN) were 0.58, 0.51, 0.71, and
0.68, respectively [23-25]. However, the underlying causes of these variations remain
largely unexplored. There is a striking deficiency in the literature regarding the feasibility
and applicability of data-driven models for various water quality indicators and across
diverse basins. Although it is evident that LSTM performance fluctuates with different
indicators and basins, the root causes of these discrepancies remain largely unexplored. The
absence of comprehensive credibility analysis significantly hampers the reliable application
and broader adoption of LSTM models in practical scenarios.

The Yangtze River Basin (YRB), the Haihe River Basin (HRB), and the Huangshui
River Basin (HSB) are three different basins with distinctive features in China, located in
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the southern, northern, and northwestern regions, respectively. The YRB is characterized
by its humid climate, abundant rainfall, and rich water resources, whereas the HRB is
relatively dry, with scarce water resources and frequent water shortages [18,26-29]. It is
worth highlighting that the Haihe River Basin (HRB) experiences the most critical levels
of water scarcity and pollution when compared to the other six major river basins in
China [30]. Accurate water quality forecasts are essential for early warning and timely
intervention to mitigate pollution in these basins [31]. The water shortage problem is
more serious in the HSB; the water quantity is scarce, and the water pollution level is
serious [32]. Various models, including process-based and machine learning models, have
been applied to predict water quality in the HRB [18,33-37] and YRB [21,38-41]. However,
LSTM-based models have been underutilized in these regions [18,21]. Moreover, LSTM
applications have been limited to predicting the dissolved oxygen (DO) in both basins,
while other critical pollution indicators, such as the biochemical oxygen demand (BOD)
and total phosphorus (TP), urgently need to be assessed. Further research is needed to
analyze the prediction accuracy of LSTM for these additional water quality indicators.
Additionally, comparative analysis of LSTM performance in areas with different water
resource availability and pollution conditions is essential to evaluate its applicability.

Comparing LSTM performance between the HRB and YRB can not only reveal the
characteristics and influencing factors of LSTM in different regions but also provide valu-
able insights for similar studies worldwide. As a result, an analytical comparison of the
effectiveness of water quality forecasting using LSTM models was conducted across the
Yangtze and Haihe River Basins. Our aims are twofold: (1) to demonstrate the diverse
performance of LSTM in predicting water quality across different basins and elucidate the
underlying causes and (2) to establish the connection between LSTM performance and the
data characteristics of the modeled region.

2. Methodology
2.1. Study Area

The Yangtze River Basin (YRB), Haihe River Basin (HRB), and Huangshui River Basin
(HSB) were selected as the study area (shown in Figure 1).

The YRB is the largest river in China and the third longest river in the world [42—44].
Most of the YRB is in the subtropical monsoon climate zone [29] and is characterized by a
warm/humid climate but with an irregular distribution of annual average temperature and
precipitation in both the spatial and temporal dimensions. The Haihe River is the largest
river catchment in Northern China [45].

The Haihe River Basin (HRB) has about 1.05 x 10° m3/km? (less than one-fifth of
that in the YRB) of water resources, covering an area of about 2.6 x 10° km?. Located
in a continental monsoon climate zone, the HRB belongs to semi-humid and semi-arid
region [46]. With the rapid urbanization and economic development, the HRB receives
large amount of sewage and waste discharged from varied origins [45,47]. Accordingly, the
HRB suffers the most water shortages and water pollution among all seven river basins
in China.

The Huangshui River Basin (HSB) plays a crucial role in the socio-economic advance-
ment of Qinghai Province, China. However, due to its typical alpine and arid climate,
the basin faces significant challenges, including drought, water shortages, and soil ero-
sion. The average annual precipitation in the HSB ranges from 300 to 500 mm, while the
average annual evaporation rate is as high as 800 to 1500 mm, indicating a severe water
scarcity situation [30].
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Figure 1. Geographical regions and placement of water quality stations.

2.2. Data Sources

The water quality dataset encompasses monthly records for 23 monitoring sites within
the Yangtze River Basin (YRB) spanning from 2003 to 2018, 76 monitoring sites in the Huai
River Basin (HRB) from 2010 to 2020, and 68 monitoring sites in the Huangshui River
Basin (HSB) between 2011 and 2021 (Figure 1). The monthly concentrations for biochemical
oxygen demand (BOD), chemical oxygen demand (COD), dissolved oxygen (DO), ammonia
nitrogen (AN), total phosphorus (TP), and hydrogen ion concentration (pH) were collected.

The mean, minimum, maximum, standard deviation (SD), and coefficient of variation
(CV) were used for a comparative evaluation of model performance in the three basins, as
shown in Table 1.

Table 1. Basic statistical analysis for water quality indicators of three basins.

Basins Indicators Unit Mean Minimum Maximum SD CcVv

AN mg/L 0.178 0.025 1.340 0.184 1.035

BOD mg/L 1.100 0.500 2.500 0.400 0.300

YRB COD mg/L 2.200 0.500 4.100 0.500 0.200
DO mg/L 8.530 4.400 13.10 1.510 0.180

pH - 7.970 6.930 8.920 0.330 0.040

TP mg/L 0.072 0.005 0.250 0.051 0.706

AN mg/L 8.104 0.012 122.00 14.554 1.796

BOD mg/L 12.300 0.200 220.00  24.700 2.000

HRB COD mg/L 11.000 0.600 127.00 16.00 1.400

DO mg/L 6.750 0.020 18.80 3.500 0.520
pH - 7.890 6.420 8.990 0.380 0.050
P mg/L 0.730 0.005 8.880 1.243 1.703
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Water quality indicators

Water quality indicators

Table 1. Cont.

Basins Indicators Unit Mean Minimum Maximum SD Ccv
AN mg/L 0.572 0.011 10.80 0.929 1.622
BOD mg/L 2.100 0.200 24.00 1.700 0.800
COD mg/L 2.100 0.200 13.00 1.000 0.500
HSB DO  mg/L 8190 3220 12700 1200 0150
pH - 8.220 6.490 9.290 0.310 0.040
TP mg/L 0.081 0.005 1.190 0.103 1.270

The Maximal Information Coefficient (MIC) can be utilized as a versatile tool for
detecting and quantifying complex dependencies between variables, going beyond tra-
ditional correlation measures, which often fail to capture nonlinear relationships [48].
The MIC was computed and employed to determine both temporal autocorrelation and
cross-correlation coefficients for water quality indicators across various lag periods, rang-
ing from 1 to 12 months, as illustrated in Figure 2. The measurement MIC is symmetric
and normalized into a range [0, 1]. A high MIC value indicates a strong dependency be-
tween the investigated variables, whereas MIC = 0 describes the relationship between
two independent variables.
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CoD- CcoD- C(]D.

DO - DO - DO-
pH- pH- pH-

TP- TP- TP-

HRB-AN HRB-AN HRB-AN
BOD BOD
coD oD
20 PO MIC
pH - pH- pH- Lo
HSB-AN _ HSB-AN - HSB-AN -
BOD- BODS BOD - 08
€oD- CoD- coo i
DO- DO - DO-
pH - pH - pH -
LA | ., B RPN ... .
1 2 3456 7 8 9101112 123 456 7 8 9101 12 123456789101 12
(@) Lag time (months) of AN ®) Lag time (months) of BOD © Lag time (months) of CODMN
YRB-AN - YRB-AN - YRB-AN - 04
BOD - BOD- BOD -
oD - coD- CoD-
no il N | bog Dog 02
pH - pH = pH-
TP- T™- ™
HRB-AN HRB-AN - HRB-AN
BOD BOD - BOD 0.0
con CoD- con
DO DO - DO
pH - pH - pH-
HSB-AN - HSB-AN - HSB-AN E
BOD- BOD- BOD -
coD- CoD- COD-
po i DO - DO-
pH- pH - pH-
- - ™
1 2345678 9101112 123456789101 12 1 2345678 9101 12
L] Lag time (months) of DO © Lag time (months) of PH ® Lag time (months) of TP

Figure 2. Temporal autocorrelation and cross-correlation coefficients based on Maximal Informa-
tion Coefficient (MIC) of each water quality indicator in the same basin with a lag time from 1 to
12 months. The abbreviations mean: biochemical oxygen demand (BOD), chemical oxygen demand
(COD), dissolved oxygen (DO), ammonia nitrogen (AN), total phosphorus (TP), and hydrogen ion
concentration (pH), the Huangshui River Basin (HSB), the Haihe River Basin (HRB), and the Yangtze
River Basin (YRB). Figure (a—f) mean temporal autocorrelation and cross-correlation coefficients of
AN, BOD, CODMN, DO, PH and TP, respectively.
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2.3. Model Development Based on LSTM Models
2.3.1. Principle of the Model

As an advanced recurrent neural network (RNN), Long Short-Term Memory (LSTM)
has a specialized neuron structure. This neuron structure has a selective memory func-
tion [14,49] by means of a special model structure design, a memory block, for information
filtering and conversion [16,50]. A memory block is composed of a forget gate, an input gate,
a memory cell, and an output gate [13,51], with its state at a given time depicted in Figure 3.
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h | E h
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Figure 3. Conceptual illustration of memory block in LSTM.

In the Long Short-Term Memory (LSTM) model, at the preceding time step (t — 1),
the memory block retains crucial information in the form of both the cell state (C;—1)
and the output (h;—1). The initial values for the cell state (Cy) and the hidden state (k)
are typically set to zero, serving as the starting point for the LSTM cell’s memory. As it
progresses to time step t, the current inputs (X;) become accessible. The process begins
with deriving the hidden state (/;) through a nonlinear transformation. This transformation
utilizes the output gate and the newly updated cell state, as described in Equation (1). This
hidden state (/) encapsulates the information learned from the previous time steps and
the current input, forming the basis for subsequent calculations. Next, four multi-layer
perceptrons (MLPs) are employed to compute key gates and states within the LSTM cell.
Specifically, these MLPs are formulated as Equations (2)—(4) and (6), and they calculate
the forget gate (f;), the candidate cell state ((:Nt), the input gate (i;), and the output gate
(0¢). These calculations are based on the previous hidden state (f;_1) and the current input
(Xt). The forget gate (f;) decides what information to discard from the previous cell state,
the input gate (i;) determines what new information to add, and the candidate cell state
(CNt) represents the potential new values for the cell state. The output gate (o) controls the
output based on the updated cell state. Finally, the updated cell state (C;) is calculated using
the relationship outlined in Equation (5). This new cell state incorporates the forgotten
information, the new input, and any other modifications decided by the gates, effectively
updating the LSTM cell’s memory for the current time step.

hy = o« tanh(c,) 1)

fi= (T<foXt + Wighi—1 + bf) 2)
gt = t{IlTll’l(Wx,;Xt + Wiehi—1+ bc) 3)
i = o(WyX¢ + Wyt + br) 4
Ct=fr# i1 +irkcy ®)
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o = U(onxt + Wiohi 1 + bO) (6)

In Equations (2)—(4) and (6), W denotes the matrices of weights for the gates or cells
with the corresponding subscripts, and b represents learnable biases. Additionally, o and
tanh denote the sigmoid function and the tanh function, respectively.

Long Short-Term Memory (LSTM) networks are powerful tools in the realm of deep
learning, distinguished by their ability to retain and manipulate information over extended
temporal periods. By incorporating specialized memory cells, LSTM networks can “re-
member” the most pertinent input values, making them exceptionally well suited for
sequential learning tasks [49]. This capability enables LSTM models to capture long-term
dependencies and patterns within data sequences, which is crucial for accurate predictions
and understanding of temporal dynamics.

In the context of the present study, LSTM models were meticulously developed to
forecast future one-month values of a specific water quality indicator. To achieve this,
two distinct configurations of input variables were employed:

(1) Univariate inputs: In this configuration, the LSTM models solely rely on historical
data of the targeted water quality indicator. This approach is straightforward and focuses
on understanding the temporal evolution of the single variable of interest.

(2) Multivariate inputs: Alternatively, the LSTM models were also trained using
historical data from all available water quality indicators. This multivariate approach
provides a more comprehensive view of the water quality system, potentially capturing
interdependencies and correlations between different indicators.

For both input configurations, the time steps (k) for the model inputs were varied from
1 to 12 months. This means that the LSTM models were fed with time-series data spanning
from the previous 1 to k months.

2.3.2. Model Training and Testing

The data from each station were randomly divided into three subsets—80% for train-
ing, 10% for validation, and 10% for testing—to facilitate model training. And same kind
of subsets from the same basin were combined to form the training, validation, and test
dataset. Then, all water quality indicators were standardized according to Equation (1) to
ensure that the model’s input variables remained on the same scale and to guarantee a
stable convergence of parameters in LSTM [52].

~ X —X

X = ()

Here, ¥ and std signify the average and standard deviation of the training dataset,
respectively; x; defines every single value of the raw data, while X; represents the
standardized value.

2.3.3. Model Optimization

For each LSTM model, Keras Tuner (https:/ /keras-team.github.io/keras-tuner/, ac-
cessed on 31 March 2025) was employed to optimize the model hyperparameters via a
150-time random search (10 repetitive times training for each random search) from the
searching space of hidden layers and neurons [53]. Other hyperparameters of LSTM were
determined using trial and error. The batch size and the dropout rates were 256 and 0.5,
respectively. The maximum number of epochs for model training was established at 200,
signifying that the training phase would terminate when convergence was reached or when
the 200 predefined epochs had elapsed. Furthermore, an initial learning rate of 0.1 was
assigned to facilitate the learning process. This rate undergoes automatic adjustment down-
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wards if there is no notable improvement in the loss function on the validation dataset for
five straight epochs.

During the training phase, models are developed using the training dataset, with
Keras Tuner being instrumental in pinpointing the best model architectures through thor-
ough performance assessments on the validation dataset. After identifying these optimal
architectures, the LSTM models are fine-tuned through a retraining process and subse-
quently assessed on both training and testing datasets. To mitigate the variability caused
by the random initialization of model parameters, the entire cycle of training, optimization,
retraining, and evaluation is carefully repeated 100 times, ensuring the creation of robust,
reliable, and generalizable LSTM models.

2.4. Confidence Analysis of LSTM Models

In the field of deep learning and machine learning, confidence is an important measure
of the predictive reliability of a model and a key factor in determining whether a model is
usable. Confidence usually refers to the degree to which a model is certain of its predictions,
and this degree of confidence can be quantified. The applicability of the LSTM model is a
key issue that needs to be evaluated for practical application scenarios, such as watershed
water quality prediction. Although LSTM performs well in many time-series prediction
tasks, its scope of application is limited and cannot be arbitrarily applied to all scenarios.
Therefore, this paper constructs a set of model confidence evaluation methods.

2.4.1. Model Accuracy Calculation

By comparing the predicted value and the real value, the accuracy of the model base
on the Nash-Sutcliffe Efficiency (NSE; Equation (8)) [50] will be judged. The Nash-Sutcliffe
Efficiency (NSE; Equation (8)) [50], a widely recognized metric for hydrological model
evaluation [2,51], is employed as the model assessment criterion in the current study:

Y (Ym,i — ]/Pri)z

NSE=1- =& P
Y1 Ymi — Ym)

®)

where 7 is the number of observations; y,,; and y,,; define the ith observations and the
corresponding values predicted using LSTM, respectively; and ¥, represents the average
of observations. In a lot of studies, the NSE ranges from —oo to 1. The model is acceptable
when the NSE > 0.60 [54] and good when the NSE > 0.75 [2,55].

2.4.2. Confidence Analysis

The confidence level and confidence interval were used for confidence analysis based

on the NSE. The confidence value under confidence level Z is:
— Z X0
=X+ — 9
Cyz \/ﬁ ( )

The confidence coefficient, defined as 9, can be simulated as:
6 =max(0,X —dz) (10)

max(cz) — min(cyz)

dz = max(cy)

(11)

where X is the mean of the NSE, ¢ is the standard deviation, n is the sample size, Z is the
coefficient under the confidence level (usually 95%), and d7 is the confidence width of the
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confidence interval under Z. According to the accuracy evaluation basis of the NSE, the
classification criteria are divided into four levels and determined as follows:

L1 bad, 6§ < 0.4

Lo — L2 acceptable, 04 <6 < 0.6 (12)
L3 good, 0.6 <4 < 0.7
L4 excellent,d > 0.7

3. Results and Discussion
3.1. Model Accuracy Evaluation of Water Quality Prediction with Different Indexes

The accuracy of the model for various water quality indicators across different basins
was examined and compared, considering the input variables and their respective lag times,
as illustrated in Figures 4 and 5.

For models with different input conditions (shown in Figure 4), when inputting more
variables, most of the median NSEs of the YRB decreased by nearly 0.25 (Figure 4b), while,
except for the pH, there was little deterioration in the performances of the models of the
HRB (Figure 4a). However, LSTM models to predict the DO in the HRB performed better
after inputting data for more water quality indicators (Figure 4a). Moreover, with more
time-step data inputs, most LSTM models improved to some extent. Models for predicting
the AN and TP of the YRB with multivariate inputs improved significantly when inputting
more time-step data.

Figure 5 shows the differences in the performance of LSTM in the HRB and in the
YRB under different inputs conditions. In the univariate input condition, LSTM models
for the pH in the YRB are better than those for the pH in the HRB, while little difference
between the YRB and HRB for predicting the DO or TP was found; the performances for
predicting the AN, BOD, and COD in the HRB are much better than those for the YRB.
As for the multivariate input condition, LSTM models for all water quality indicators of
the HRB perform significantly better than those for the YRB. Nevertheless, the prediction
accuracy gap between the HRB and YRB for the AN or TP was narrowed with increasing
input time steps.

Table 2 presents the average Nash—Sutcliffe Efficiency (NSE) values of the LSTM model
for five key water quality indicators across three different basins: the Yangtze River Basin
(YRB), the Haihe River Basin (HRB), and the Huangshui River Basin (HSB).

This table provides a comprehensive comparison of the model’s performance in
predicting these indicators within each basin, highlighting the variability in prediction
accuracy across different regions and parameters. The NSE values in the Haihe River
Basin (HRB) are generally higher than those in the Yangtze River Basin (YRB) and the
Huangshui River Basin (HSB). For instance, the HRB achieves NSE values of 0.773 for
BOD, 0.785 for COD, 0.623 for DO, 0.631 for NH3-N, and 0.644 for TP, indicating relatively
high prediction accuracy. In contrast, the YRB shows much lower NSE values, such as
0.060 for BOD, 0.041 for COD, and 0.375 for DO, suggesting that the LSTM model performs
less effectively in this basin. The HSB has intermediate NSE values, with 0.523 for BOD,
0.420 for COD, and 0.540 for DO. Notably, the HRB has the highest NSE for NH3-N (0.631)
and TP (0.644), while the YRB has the lowest NSE for most indicators, except for TP, where
the HSB has the lowest value (0.478). The significant differences in NSE values across
the three basins highlight the importance of considering regional characteristics when
applying the LSTM model for water quality prediction. The higher NSE values in the HRB
suggest that the model may be more suitable for this region due to specific environmental
conditions or data quality. Conversely, the lower NSE values in the YRB indicate potential
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limitations of the model in this basin, possibly due to more complex hydrological processes
or higher data variability. These findings emphasize the need for further investigation
into the factors influencing model performance and the importance of tailoring model
applications to specific basin conditions. Overall, while the LSTM model shows promise
in some regions, its applicability and reliability vary significantly, necessitating careful
evaluation and adaptation for different environments.
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Figure 4. Comparison of distribution of NSE values for water quality indicators of (a) the HRB and
(b) YRB predicted using different input conditions. The red dotted lines represent the threshold of
acceptable model performance (NSE = 0.65).
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Figure 5. A comparison of the distribution of NSE values for each water quality indicator across
different basins, predicted using (a) univariate inputs and (b) multivariate inputs. The red dashed
lines indicate the threshold for acceptable model performance (NSE = 0.65).
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Table 2. Average (X) and standard deviation (¢) of Nash-Sutcliffe Efficiency (NSE) values with the

LSTM model.
YRB HRB HSB
Index - - —
X 4 X o X o

BOD 0.060 0.038 0.773 0.070 0.523 0.167
COD 0.041 0.047 0.785 0.047 0.420 0.166
DO 0.375 0.174 0.623 0.055 0.074 0.110
NH;3-N 0.233 0.038 0.631 0.082 0.706 0.043
P 0.463 0.033 0.644 0.056 0.478 0.048
Ph 0.382 0.108 0.471 0.092 0.421 0.103

3.2. Confidence Analysis of LSTM for Water Quality Prediction in the Three Basins

We calculated the mean and standard deviation of the Nash-Sutcliffe Efficiency (NSE)
for the predictions of BOD, COD, DO, NH3-N, TP, and pH across all models in three water-
sheds. Based on these values, we determined the 95% confidence intervals. Subsequently,
we obtained the widths of these confidence intervals under different confidence levels. The
results are presented in Table 3.

Table 3. Confidence interval (C;) and confidence width d; of three basins under confidence
level of 95%.

YRB HSB HRB

C; dz Ci dz C; dz
BOD  [0.058,0.062] 0.071 [0.769,0.777] 0.011 [0.514,0.532]  0.035
COD  [0.038,0.044] 0.123 [0.782,0.788]  0.007  [0.411,0.429]  0.043
DO [0.365,0.385]  0.053  [0.620,0.626] 0.010  [0.068,0.080] 0.156
NH;-N  [0.231,0235] 0019 [0.626,0.636] 0.015 [0.704,0.708]  0.007
]
]

Index

P [0.461, 0.465 0.008 0.641,0.647] 0.010 [0.475,0.481] 0.011
Ph [0.376, 0.388 0.033 0.465,0.477]  0.023  [0.415,0.427] 0.028

—_ || —_ | —_ =

For all water quality indicators, as the confidence level increases, the width of the con-
fidence intervals gradually expands, indicating increased prediction uncertainty at higher
confidence levels. As shown in the table, at a 95% confidence level, the HRB demonstrates
high prediction certainty for multiple key indicators. Particularly for biochemical oxygen
demand (BOD), chemical oxygen demand (COD), dissolved oxygen (DO), and pH, the
HRB exhibits the narrowest confidence intervals, implying relatively more stable prediction
results. In contrast, the YRB shows lower prediction certainty for BOD, COD, and DO, with
wider confidence intervals, while the HSB has relatively lower certainty in predicting DO
and ammonia nitrogen (NH;3-N). Analyzing the specific performance for different water
quality indicators, the HRB performs best in terms of the BOD, COD, and DO, with high
prediction certainty and narrow confidence intervals. For the prediction of NH3-N, the HSB
performs optimally, with the smallest confidence interval width. Regarding the prediction
of total phosphorus (TP), the YRB also demonstrates relatively high certainty. Overall, the
HRB exhibits the best prediction stability, surpassing that of the HSB and YRB. Further
analysis of the mean NSE values and prediction reliability levels for the three watersheds is
presented in the Figure 6.
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Figure 6. Simulation reliability grades of LSTM model for different indicators in three watersheds.
(a) Mean NSE; (b) confidence levels.

From Figure 6a, it can be seen that in terms of model simulation accuracy, the HRB
performs the best, followed by the HSB, with the YRB performing the worst. Further
analysis of the simulation reliability grades of the LSTM model for different indicators in
the three watersheds in Figure 6b reveals that in the YRB, except for TP, the simulation
reliability of the other indicators is at grade L1, indicating poor simulation performance
and suggesting that the LSTM model may not be suitable for water quality prediction
in the YRB; whereas in the HRB, the simulation performance of BOD and COD reaches
grade L4 (excellent), and the simulation reliability of indicators such as DO and NHjs-
N is also at grade L3, indicating good simulation performance and suggesting that the
LSTM model is highly suitable for water quality prediction in the HRB; as for the HSB,
the simulation performance of NH3-N is good, and the simulation performance of other
indicators is acceptable, indicating that with certain optimizations, the LSTM model can
also be used for water quality prediction in the HSB watershed, and the prediction results
are basically reliable.

3.3. Influencing Factors of Model Performance in Different Basins

Most of these phenomena in Sections 3.1 and 3.2 can be associated with temporal auto-
correlation and cross-correlation coefficients, as mentioned in Section 2.2. For water quality
indicators of the three basins, their autocorrelation coefficients are generally bigger than
their cross-correlation coefficients with other indicators. In the YRB, the cross-correlation
coefficients are much smaller (most MICs smaller than 0.2). As the volume of input data
expanded in the LSTM model, water quality variables that exhibited low correlation with
the output variables introduced significant amounts of redundant information. This influx
of redundant data acted as a barrier, impeding the model’s capacity to discern meaningful
and coherent patterns among the variables. Consequently, the prediction performance of
the model suffered, as it struggled to differentiate between relevant and irrelevant informa-
tion, leading to a decline in its overall accuracy and reliability [56-58]. Therefore, models
with multivariate inputs of the YRB will be worse than those with univariate inputs of
the YRB, which is consistent with the results. Similarly, TP has the biggest autocorrelation
coefficients (MICs more than 0.6, 0.75, and 0.7 in the YRB, HRB, and HSB, respectively)
among water quality indicators. However, except for the pH, water quality indicators in
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the HRB have bigger cross-correlation coefficients (MICs generally bigger than 0.5). In
the YRB, LSTM performs the best in predicting the TP. And in the HRB, the prediction
performance for the pH is the worst.

Therefore, the correlations between LSTM performances of water quality prediction
and temporal autocorrelation/cross-correlation coefficients of water quality indicators war-
rant further exploration (as shown in Figure 7). In all scenarios, model performances are
linearly dependent on the maximum values of temporal autocorrelation/cross-correlation
coefficients. In addition, the linear relation is more stable and significant with the coeffi-
cients of determination for MICs ranging from 0.59 to 0.85. Different scenarios have almost
the same slope in Figure 7. Significant variations are observed in the intercepts of the
models, which can be attributed to various factors. One possible reason is the inherent
differences across different basins, such as geographical characteristics, climate conditions,
and water flow patterns. Another contributing factor could be the distinct input patterns
used in the models, which may reflect variations in data collection methods, preprocessing
steps, or the specific variables included in the analysis. These differences in intercepts
highlight the complexity and variability inherent in modeling water quality across diverse
basins and underscore the importance of considering basin-specific characteristics and
input patterns when developing and applying such models.
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Figure 7. Scatter plots illustrating the relationship between model performance and input—output
correlations, as calculated using the MIC, are presented for the following cases: (a) the YRB with
multivariate inputs, (b) the YRB with univariate inputs, (c¢) the HRB with multivariate inputs, and (d)
the HRB with univariate inputs. In these plots, R? represents the coefficient of determination, while p
denotes the p-value from the statistical significance test of linear regression.

Furthermore, pollutant concentrations of the HRB and HSB are much higher than
those of the YRB (Table 1), which could be attributed to large geographical variations [1].
Additionally, the Haihe River Basin is a typical sluice-controlled river. The construction and
operation of sluice dams change the flow and other hydrological factors of rivers, which
have adverse effects on water [30]. The high pollutant concentration and poor fluidity of
water in the HRB and HSB may be one of the reasons why water quality indicators in these
two basins are more related than those in the YRB.

Thus, the relationship between concentration and variability of water quality indi-
cators (described by the mean value and coefficient of variation (CV), respectively) and
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prediction performance (exhibited by the median NSE) has been investigated, as shown
in Figure 8. The results revealed that little linear correlation exists between the mean
concentration and prediction performance of water quality indicators with coefficients of
determination (R?) as low as 0.10. Additionally, there is a certain correlation between model
performances and CVs of water quality indicators with an R? of 0.44 and p-value < 0.05.
Thus, the performance of the model demonstrates a pronounced and robust linear de-
pendence on the maximum values of the temporal autocorrelation and cross-correlation
coefficients of the water quality indicators. This suggests that the model’s predictive accu-
racy and reliability are significantly influenced by the strength and patterns of temporal
relationships among the water quality indicators. Specifically, as the maximum values
of these correlation coefficients increase, the model’s performance tends to improve, in-
dicating that it is better able to capture and utilize the underlying temporal dynamics of
the water quality data. This finding underscores the importance of considering tempo-
ral autocorrelation and cross-correlation in the development and optimization of water
quality models.
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Figure 8. Scatter plot demonstration of the relationship between (a) the mean concentration and
(b) coefficient of variation of water quality indicators and prediction performance.

In this study, forecasts for water quality in the YRB, a large, water-rich basin, were
less accurate than those for the HRB and HSB, which are smaller, water-scarce basins.
Considering that the HRB and HSB have smaller watershed areas and more intensive
monitoring networks than the YRB, more data are available. The variation in water quality
is small, which makes the autocorrelation and cross-correlation of water quality variables
bigger. This makes the LSTM model more applicable in both basins. It also shows, from the
other hand, that increasing the density of the water quality monitoring network and the
amount of available water quality data for training can significantly improve the surface
water quality prediction performances of the learning models [23].

4. Conclusions

In this study, we developed a comprehensive confidence evaluation method for as-
sessing the performances of LSTM models in water quality prediction. This method was
applied to three major river basins in China. By comparing the prediction performance
of the LSTM model across these basins for various water quality indicators, including
the AN, BOD, COD, DO, pH, and TP, we found that the LSTM model exhibited superior
performance in the Haihe River Basin and the Huangshui River Basin. Specifically, the
prediction accuracy was higher in these two basins, and the confidence intervals for water
quality prediction were also wider, indicating greater reliability. Our analysis revealed
that for indicators with higher temporal autocorrelation, such as TP and COD, the pre-
diction accuracy was significantly higher. Further analysis revealed a linear association
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between the predictive accuracy of the LSTM model and the temporal autocorrelation
as well as the inter-variable correlation coefficients of the water quality indicators. This
finding underscores the importance of considering the specific data characteristics of the
target indicators when applying LSTM models for water quality prediction. While the
LSTM model is a powerful tool for time-series prediction, its application must be tailored
to the specific characteristics of the basin and the data features of the target indicators. A
thorough analysis of the data features and the underlying temporal relationships of the
water quality indicators is essential to maximize the effectiveness of the LSTM model in
different river basins.
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