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Abstract

Precise rainfall-runoff modeling (RRM) is vital for disaster management, resource con-
servation, and mitigation. Recent deep learning-based methods, such as long short-term
memory (LSTM) networks, often struggle with major challenges, including temporal sen-
sitivity, feature selection, generalizability, and hyperparameter tuning. The objective of
this study is to develop an accurate and generalizable rainfall-runoff modeling framework
that addresses the four aforementioned challenges. We propose a novel RRM framework
that integrates transductive LSTM (TLSTM) to capture fine-grained temporal changes, off-
policy proximal policy optimization (PPO) combined with Shapley Additive exPlanations
(SHAP)-based reward functions for feature selection, an enhanced generative adversar-
ial network (GAN) for online data augmentation, and Bayesian optimization hyperband
(BOHB) for efficient hyperparameter tuning. TLSTM uses transductive learning, where
samples near the test point are given extra weight, to capture fine-grained temporal shifts.
Off-policy PPO contributes to this process by selecting features sensitive to temporal pat-
terns in RRM. Our improved GAN conducts online data augmentation by excluding some
gradients, increasing diversity and relevance in synthetic data. Finally, BOHB accelerates
hyperparameter tuning by merging Bayesian optimization with the scaling efficiency of
Hyperband. We evaluate our model using the Comprehensive Attributes and Meteorology
for Large-Sample Studies (CAMELS) dataset under individual and regional scenarios. It
achieves Nash-Sutcliffe efficiency (NSE) scores of 0.588 and 0.873, surpassing the baseline
scores of 0.548 and 0.830, respectively. The generalizability of our approach was assessed
on the hydro-climatic datasets for North America (HYSETS), also yielding improved per-
formance. These improvements indicate more accurate capture of flow dynamics and peak
events, supporting a robust and interpretable framework for RRM.

Keywords: climate change; data augmentation; feature selection; hyperparameter
optimization; rainfall-runoff modeling; water resource management

MSC: 62M10; 68T07; 86A05

1. Introduction

RRM plays a crucial role in hydrology, particularly in reservoir management, flood
forecasting, and water resource planning [1]. However, accurately modeling runoff re-
mains difficult due to the nonlinear and dynamic nature of the process. Factors like rain-
fall variability, initial soil moisture, terrain, land cover, and infiltration make predictions
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uncertain. In particular, rapid shifts in rainfall intensity, short-duration storms, and urban-
ization (e.g., impervious surfaces) can cause sudden runoff peaks and flash floods. These
complex and evolving hydrological phenomena underscore the need for improved model-
ing frameworks that can more effectively capture these dynamics and generalize them [2].

Over the years, a wide range of approaches have been developed, including tradi-
tional machine learning methods [3—6] and deep learning methods [7-13], to capture the
complex, nonlinear, and dynamic nature of the rainfall-runoff process. However, machine
learning models often face limitations in handling high-dimensional data and in accurately
capturing nonlinear relationships [14]. Deep learning methods are more powerful, but
they still face several challenges. These include temporal sensitivity, feature selection,
data augmentation, and hyperparameter tuning [7,15]. Such limitations reduce predictive
performance and weaken generalizability across different basins and climatic conditions.
However, previous studies have rarely tackled these challenges using a single framework
where components work together to strengthen overall performance in RRM. This moti-
vates the need for a more advanced deep learning framework for RRM.

Among various deep learning techniques, LSTM networks have shown their effective-
ness in applications such as RRM [15-18], flood forecasting [19,20], and river water level
prediction [21-24]. Notwithstanding their strengths, conventional LSTMs often struggle
with temporal sensitivity. They smooth patterns across entire datasets, missing localized
variations. For instance, an LSTM may capture seasonal rainfall cycles but fail to detect
sudden storms, which leads to underestimated peak flows and poor short-term forecasts
in dynamic regions. This limits their reliability in hydrological applications where fine-
grained temporal patterns are essential [25]. TLSTM addresses this by adjusting weight
updates based on the proximity of new data points, which helps maintain sensitivity to
both broad trends and local events. However, TLSTM requires more computation and
risks overfitting in low-data scenarios due to its localized focus [26].

Effective feature selection is crucial for RRM because it influences how well the model
captures relevant rainfall and runoff patterns, thereby improving prediction accuracy [27].
Traditional methods, such as gradient boosting machines (GBM), random forest (RF), and
decision trees (DT), are widely used in RRM [28]. However, they often struggle with high-
dimensional, complex data and may fail to model nonlinear relationships that are critical
for accurate RRM [29]. These methods are also prone to overfitting, particularly with small
or non-diverse datasets. Recent alternatives, such as attention mechanisms, the least abso-
lute shrinkage and selection operator (LASSO) [30], genetic algorithms [31], and advanced
metaheuristic algorithms like the slime mold [32] and marine predator [33], offer improve-
ments but face drawbacks such as ignoring context, removing useful features, slow con-
vergence, and poor solution quality, which limit timely and reliable decisions [34].

Sophisticated deep reinforcement learning (DRL) uses advanced reward-based mech-
anisms to address feature selection challenges in previous methods [35]. It rewards crucial
but often overlooked features, thereby improving the ability of the model to detect sub-
tle and important patterns. Incorporating explainable artificial intelligence (XAI), such as
SHAP, strengthens feature selection by providing importance scores that help avoid miss-
ing influential variables and show why each feature affects predictions. Adding SHAP
values to the reward structure guides DRL toward consistently relevant attributes, thereby
improving interpretability and producing clearer, more practical models [36]. This sup-
ports validation and stakeholder acceptance. However, DRL struggles with sample effi-
ciency due to reliance on on-policy data. Off-policy methods overcome this limitation by
reusing past experiences from a replay buffer, enabling broader learning with fewer new
samples and thereby boosting efficiency and stability.
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Generalizability is essential in RRM to ensure consistent performance across diverse
geographic and climatic conditions, enabling broader applicability [37]. Data augmenta-
tion is typically categorized as offline or online. Offline methods expand the dataset size
and increase computational load and training time, while online augmentation adds new
samples to training batches without increasing the dataset size, which reduces storage
usage and improves data quality. GANs have improved online augmentation but still
face instability and mode collapse, which limits sample diversity. Solutions include su-
pervised GANs with extra classification data, GAN-autoencoder hybrids, and refined loss
functions [38]. Still, these struggle with complex RRM data. Our enhanced GAN differs
from traditional versions by omitting gradient updates for unstable batch elements, which
directly addresses instability and mode collapse. This selective omission enhances the di-
versity and contextual relevance of generated samples, which is essential for RRM, where
fine-grained variability plays a crucial role.

Optimal hyperparameter tuning is essential for achieving high model performance in
rainfall-runoff modeling. Incorrect settings may cause overfitting or underfitting, thereby
reducing the effectiveness of the model in real-world scenarios [39]. Several strategies
address this, including grid search [40], Bayesian optimization [41], evolutionary algo-
rithms [42], and hyperband [43]. Grid search exhaustively explores parameter combina-
tions but is computationally expensive for high-dimensional models. Bayesian optimiza-
tion utilizes probabilistic models and historical data to explore efficiently, although it may
become trapped in local optima. Evolutionary algorithms simulate natural selection but
are time-consuming and resource-intensive. Hyperband improves efficiency by focus-
ing resources on promising configurations [44]. BOHB combines the predictive ability of
Bayesian optimization with the efficiency of Hyperband, thereby reducing its limitations
and providing a scalable solution for hyperparameter tuning in complex RRM tasks [45].

The objective of this paper is to develop a deep learning model for RRM that jointly ad-
dresses the key challenges of temporal sensitivity, feature selection, data augmentation, and
hyperparameter tuning. To achieve this, we present a framework that integrates TLSTM, off-
policy PPO with SHAP, an enhanced GAN, and BOHB. This is the first time such a com-
bination has been used in RRM within a mutually reinforcing structure. TLSTM enhances
temporal sensitivity and facilitates improved feature selection through PPO-SHAP. The stabi-
lized GAN enhances data diversity, benefiting both temporal modeling and feature discovery.
BOHB jointly tunes all components to maintain stable and high performance.

The critical contributions of our model include:

e TLSTM is designed to detect subtle temporal changes in data, increasing model sen-
sitivity to environmental shifts. Unlike standard LSTM, it improves prediction ac-
curacy, shown by high NSE scores, which supports better disaster management and
resource planning.

e  Off-policy PPO enhances feature selection by using past experiences to guide deci-
sions. By integrating SHAP into the reward function, it highlights impactful features
and improves sample efficiency, enabling accurate and generalizable runoff predic-
tions across varied regions.

e Theimproved GAN removes less important gradients and generates diverse, relevant
training samples without enlarging the dataset. This increases robustness against
overfitting and improves generalization, especially when data is scarce, thereby en-
hancing the real-world reliability of the model.

e  BOHB combines the precision of Bayesian optimization with the rapid evaluation of
Hyperband to accelerate hyperparameter tuning. It enables fast iteration and perfor-
mance gains in dynamic environments, such as RRM, ensuring scalability, efficiency,
and optimal results for large and complex datasets.
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The structure of this article is as follows. Section 2 details the proposed methodology,
and Section 3 presents the experimental findings and analysis. Finally, Section 4 concludes
the paper.

2. Materials and Methods
2.1. Study Area and Dataset

In this paper, we use the CAMELS [46] and HYSETS [47] datasets to evaluate the pro-
posed model. The CAMELS dataset, which comprises data from watersheds across the United
States, was selected due to its comprehensive scope and diverse range of hydrological and me-
teorological attributes. It offers in-depth meteorological and runoff information essential for
effective model testing. This approach, with its focus on detailed and diverse data, is adapt-
able to similar hydrological datasets, ensuring consistent and fair comparisons, as well as
thorough evaluations tailored to the specific characteristics of each dataset. CAMELS com-
prises data from 674 basins, totaling 11,981 data points across the United States. The broad
dataset facilitates rigorous model assessment and includes meteorological inputs, watershed
features, and documented daily runoff statistics for each basin spanning from 1 October 1980
to 31 December 2014. For specific basin rainfall-runoff simulations, we use daily weather
data sourced from Daymet [48]. For regional models, we utilize data from the Maurer
dataset [49]. Our selection of diverse meteorological data sources aligns with the benchmarks
established for individual and regional rainfall-runoff modeling, which also uses these two
distinct datasets. Catchment features, including soil composition, climatic conditions, vegeta-
tion cover, and others, are extensively detailed in Table 1, along with meteorological forcings
and catchment details. A total of 32 features can be extracted from each record. For individual
basin modeling, we mirror the benchmarks by selecting the same 673 basins. Similarly, for
regional modeling, we use the same 448 basins as those in benchmark studies. To ensure a
fair comparison, our method employs the same daily meteorological forcings and catchment
attributes as those used in the benchmarks.

To assess the generalizability of the proposed model, we utilized the HYSETS dataset,
which encompasses data from 14,425 catchments across Canada, the United States, and Mexico.
This dataset comprises streamflow records, meteorological forcings, and physiographic catch-
ment attributes, offering a diverse and challenging environment for testing model robustness.

Both CAMELS and HYSETS datasets contained some missing values, especially in
precipitation and temperature. We used linear interpolation for gaps shorter than three
days. For longer gaps, we applied seasonal mean imputation based on common hydro-
logical methods. All features were normalized to have zero mean and unit variance using
statistics from the training data. Runoff values were log-transformed to reduce skewness
and stabilize variance. We clipped values that were more than three standard deviations
from the mean to prevent learning disruption. These preprocessing steps helped maintain
data quality and improve model reliability.

To ensure fair model evaluation and prevent data leakage, each dataset was parti-
tioned into three subsets: 70% for training, 15% for validation, and 15% for testing. This
ratio provides enough data for model training. It also offers sufficient unseen samples for
reliable validation and testing. The 70% training portion enables the model to learn un-
derlying temporal and spatial hydrological patterns. The 15% validation subset supports
guiding early stopping decisions without overfitting. The final 15% reserved for testing en-
sures an unbiased assessment of generalization to unseen events. This stratified split was
applied independently to both the CAMELS and HYSETS datasets to maintain consistency
across different climatic and geographical conditions. This partitioning is critical in hydro-
logical time-series modeling. It helps preserve temporal order and prevents future data
leakage. These steps simulate real-world use and lead to trustworthy performance metrics.
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Table 1. Meteorological forcings and catchment characteristics in the CAMELS dataset.

Meteorological Forcings

Daily mean precipitation

Daily solar radiation reaching the ground
Maximum air temperature at 2 m height
Minimum air temperature at 2 m height
Average daily vapor pressure near the ground

Static Catchment Characteristics

Average daily precipitation

Average daily potential evapotranspiration (PET)

Aridity index: Calculated as the ratio of average PET to average precipitation
Seasonal precipitation variation: Determined by representing yearly precipitation
and temperature patterns as sine waves. Positive values suggest peak
precipitation in summer, while negative values indicate winter peaks

Proportion of snowfall: The share of daily precipitation occurring at temperatures
below 0 °C

Frequency of intense precipitation: The occurrence rate of days with precipitation
at least five times the average daily rate

Duration of intense precipitation episodes: The average length of periods with
daily precipitation exceeding five times the mean daily rate.

Frequency of dry days: The occurrence rate of days with less than 1 mm of
precipitation

Duration of dry spells: The average length of consecutive days with precipitation
below 1 mm

Mean elevation of the catchment area

Average slope of the catchment area

Total area of the catchment

Forest coverage ratio: The proportion of the catchment covered by forests

Peak leaf area index (LAI) Value: The highest monthly average LAI

LAI variability: The difference between the maximum and minimum average LAI
Peak green vegetation fraction (GVF): The highest monthly average GVF

GVF variability: The difference between the highest and lowest monthly

average GVF

Maximum soil depth (Pelletier method): Depth to bedrock, up to a maximum

of 50 m

Maximum soil depth (STATSGO method): Soil depth, up to a maximum of 1.5 m
Soil porosity: The volume percentage of pore space in the soil.

Soil hydraulic conductivity: The rate at which soil conducts water when saturated
Maximum water holding capacity of soil

Percentage of sand in soil

Percentage of silt in soil

Percentage of clay in soil

Proportion of carbonate rocks: The percentage of the catchment characterized by
carbonate sedimentary rocks

Geological surface permeability: Measured in log10 scale

2.2. Evaluation Metrics

To assess performance, we use the following indicators: NSE, mean square error

(MSE), root MSE (RMSE), normalized RMSE (NRMSE), and absolute top 2% prediction er-
ror (ATPE-2%) [50]. NSE measures predictive accuracy by comparing predicted runoff to

the variability of observed values. It is commonly used in hydrology because values close

to 1 show strong agreement. MSE and RMSE capture average squared errors. RMSE is ex-

pressed in the same units as the target variable, emphasizing large errors. This feature is

important for detecting sudden changes in runoff. NRMSE, computed by dividing RMSE
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by the mean observed runoff, enables comparison across river basins with differing flow
scales. This normalization is critical in multi-watershed modeling. The ATPE-2% focuses
on high-flow extremes by measuring errors for the top 2% of runoff values. It is partic-
ularly relevant for flood forecasting, reservoir management, and infrastructure planning.
Together, these metrics offer a comprehensive assessment of model reliability, sensitivity
to extreme events, and adaptability to diverse hydrological contexts. They help ensure that
the model performs well not just on average, but also during critical high-risk scenarios.
NSE is calculated using the following formula:

NSE = 1_ N (i —90)°
= .

1)
YN (i —y)?

In this equation, y; represents the observed value at the i*" instance, §; denotes the
predicted value, and y is the mean of N observations.
MSE and RMSE are defined as follows:

N . _0)\2
MSE — Yil1 (g\z] i) . )

RMSE = v MSE. ®)

A lower MSE and RMSE indicate a more accurate model.
NRMSE is the normalized version of RMSE, allowing models to be compared across
different scales. It is computed as follows:

NRMSE = __RMSE 4)

Ymax — Ymin )
where Ymax and Ymin correspond to the maximum and minimum observed values, respec-
tively. A smaller value of NRMSE reflects higher predictive precision of the model.
ATPE-2% evaluates the precision of peak flow forecasts and is defined as follows:

ATPE — 2% = ——
Lj=1Y(j)

©)

Here, y(1) > y(2) > ... > y(H), with y(j) being the j"-ordered runoff observation,
77 as its prediction, and H as the count of top 2% peak observations. A smaller ATPE-2%
value signifies a superior model.

2.3. Model Overview

This paper presents an innovative approach for developing a rainfall-runoff model
using an off-policy PPO for feature selection, an enhanced GAN for online data augmen-
tation, and the BOHB algorithm for precise hyperparameter tuning. As illustrated in
Figure 1, the DRL strategy integrates a TLSTM model with a multilayer perceptron (MLP).
The procedure starts with the input variables going through several TLSTM layers. The
output from the final TLSTM layer is then fed into an MLP network. This MLP is designed
to generate f + 1 outputs, where f represents the number of features equivalent to the
number of input variables. The off-policy PPO algorithm is used to train both the TLSTM
and MLP models to select features and make predictions.
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Figure 1. Schematic of the proposed RRM model integrating TLSTM for temporal modeling, off-
policy PPO with SHAP for feature selection, improved GAN for online augmentation, and BOHB
for hyperparameter tuning. All components interact in a mutually reinforcing structure.

2.3.1. Online Data Augmentation

Data augmentation enhances the flexibility of deep neural networks by generating di-
verse data samples, thereby helping to prevent overfitting and increase robustness, particu-
larly when data is scarce. This technique trains models to detect various features, enhancing
their effectiveness in real-world settings. It is crucial in RRM, where acquiring large, labeled
datasets is difficult. Data augmentation methods are categorized into two types: offline and
online. Offline data augmentation enlarges and processes datasets before training, requiring
substantial storage and extending loading periods. This rigid method may create duplicate
data and increase the risk of overfitting because the same augmented samples are used re-
peatedly. Conversely, online data augmentation dynamically generates data during training,
enhancing the generalization ability of the model and reducing the need for large storage.

This paper introduces a GAN-based online data augmentation method that selectively
excludes gradients from key batch elements, helping the model produce more varied and
applicable results. The detailed procedures of this online data augmentation method are
outlined in Algorithm 1. The generator and discriminator in our GAN include a TLSTM
model followed by an MLP for prediction. The discriminator in our GAN component
used the binary cross-entropy (BCE) loss function, as it showed stable convergence dur-

ing adversarial training.

Algorithm 1 Pseudo-code for online data augmentation algorithm

Input: p: defined probability threshold for keeping a sample, N: number of minibatches
Output: Expanded dataset Baug
Begin with initializing initial batches B = {By, By, Bs, ..., By}
Assign Bayug as an empty collection
for each B; in B:
Compute the retention probability p for each sample in B;
for each sample I in B;:
if p; <p //p; is the probability of retaining sample I
Move to the next sample (omit any modifications)
else:
Determine y, the label of the sample I
Generate a new sample IN with the same label y
Substitute the sample I with the newly created sample IN
Append the possibly modified B; to Baug
return the augmented batch set Bayg
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The Proposed Generator

GANSs comprise two interconnected networks that learn in parallel: the generator
and the discriminator. The generator creates fake outputs that mimic real data, while the
discriminator strives to improve the results of the generator. Together, these networks
engage in a competitive min-max game, employing a value function V (D, G) as described
below [51]:

mén mgx V(Dr G) = Ex~pdm(x) [log(D(x))] + EZNpZ(z) [log(l - D(G(Z)))] (6)

where x and z correspond to the input data and random noise, respectively. G and D
represent the generator and discriminator. pg,(x) and p(z) illustrate the probability
distributions of the input data and noise, respectively. E and log are the expected value
and logarithm, respectively. In this research, the generator implements a unique training
approach that differentiates it from traditional generators. Notably, when updating the
parameters of the generator with a generated mini-batch, gradients from those mini-batch
elements that yield the most significant effects are omitted. This novel approach to updat-
ing the generator is detailed as follows:

Lg =6 — ucczmkax{D ) Vo.V(D,G). (7)

Here, D(Z) indicates how the discriminator evaluates each element in the mini-batch
Z. ¢ represents the set of parameters for the generator, and «; indicates the learning rate
for the generator. kaax{D(Z)}El aggregates the responses of the discriminator to the

top-k most impactful elements in the mini-batch Z. Furthermore, Vy_V (D, G) represents
the gradient of the value function V concerning the parameters of the generator. During
the training process, the discriminator evaluates the outputs generated by the generator.
Outputs that closely match the target distribution receive high ratings, while those that
differ greatly are rated lower. The updates to the generator are influenced by the highest-
rated samples as judged by the discriminator in each batch.

Omitting gradients from mini-batch elements that trigger the strongest discriminator
responses is a strategic way to overcome common GAN training issues. This prevents the
generator from overemphasizing dominant features that may not generalize well, helping
it capture a broader range of patterns. The approach stabilizes training and reduces mode
collapse, where the generator produces repetitive outputs with limited diversity. Skipping
the strongest gradients enables the generator to produce a wider range of outputs, which
in turn helps make the model more robust and effective across various inputs.

2.3.2. Feature Engineering and Prediction

Let us consider a dataset D consisting of pairs (x,y), where x is a vector with n in-
put variables F = {f1,..., fu}, and y is the corresponding outcome. Each cycle randomly
chooses a pair from D, with the agent deciding which variables to use. In our DRL setup,
the state space S includes the data point x, outcome y, and the selected variables F. The
actions in our framework are part of the set A, which includes choosing a variable A or
making a decision A.. Choosing a variable from A expands the set of variables F, altering
the space for predictions. The reward for selecting a variable is defined by 0 x SHAP(f;),
where SHAP( f;) is the SHAP value for the variable f; and d is a tuning hyperparameter. Ac-
tions culminating in predictions transition the model to an endpoint, resulting in rewards
or penalties calculated by —MSE(y, ), where MSE measures the mean squared error be-
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tween the actual (y) and predicted () values. Thus, r: S x A — R is formally established
to express these dynamics:

. _ JOx SHAP(f;) if at € Ay, ar = f; ®)

! —MSE (y,9) ifa € A '

Using SHAP values in the reward mechanism of a DRL model for RRM is crucial for en-
hancing model interpretability and precision. SHAP values quantify the impact of each input
feature on the predictions of the model, allowing for a more targeted and efficient learning
process. Integrating SHAP values enables the DRL model to focus on the features that have
the most significant impact on predictions, thereby improving accuracy and overall model
performance. This method helps mitigate overfitting and enhances the ability of the model
to generalize to new data scenarios, making it indispensable in environments where under-
standing the contribution of individual features is key to making informed decisions.

The transition function of the model operates as described below:

T ifae A

(x,y,Fua) ifaec Af ©)

tH((x,y,F),a) = {

where T denotes the final state. Whenever an action involves selecting an additional fea-
ture, this feature is added to the set F. The episode ends when the agent decides to make
a prediction. Acknowledging that our DRL model operates within a discrete-time setting
is important. The time variable t in s5; and s;; indicates when decisions to add features
occur. Each decision or time step entails choosing a feature that may enhance the accu-
racy of future predictions, thus influencing subsequent states and rewards. This ongoing
decision-making sequence is crucial to DRL, distinguishing it from static supervised learn-
ing models, where the features are fixed and not adaptively refined.

The pseudocode outlined in Algorithm 2 illustrates how the model applies feature extrac-
tion and prediction to execute its learning approach. This process includes randomizing the
dataset, selecting actions that align with the existing strategy, executing these actions within
the structure of the model, and modifying the strategy in response to feedback and alterations
in state. The off-policy PPO algorithm is employed to enhance policy training.

Algorithm 2 Pseudo-code for training the proposed model.

Input: Data D = {(x1,y1), (x2,¥2), ..., (x7,y7)}, learning rate &, epochs E
Initialize policy parameters ;1 and old policy parameters 6;
Initialize value function parameters ¢
Initialize advantage estimator A
Establish initial replay buffer B
Initialize Q-function with random weights
fore=1to E:
Randomize order of D
fort =1to T:
Select action a; with probability &
Set initial state sq
Perform action a;
Calculate the reward r; using Equation (8)
Determine next state sy 1 from D
Store transition (s¢,at,7t, Sp41, ft(¢|st) ) in B
Compute A(st, a;) using value function parameters ¢
Update policy 7t optimize the objective function via Equation (15):
0 B4 + aVGLSJL(}Ii pro(7)
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CLIP _
Lppo =

Esmp,

Training

To improve policy training, the DRL framework uses an off-policy PPO algorithm.
In this section, we first explore trust region policy optimization (TRPO) and then discuss
PPO, which lays the groundwork for off-policy PPO. Finally, we present the off-policy
PPO method.

e TRPO

In DRL, the aim is to determine a policy 7 that yields the highest possible total of
future rewards:

1(7) = Espap...[Ro] = Esoao...[Yy g 7'7(st, 1)) (10)

In this setup, sop ~ pg signifies that the starting state is sampled from an initial distri-
bution. The policy 7i(at | s¢) expresses the likelihood of choosing action a; in state s¢, while
P(st41|s,, a¢) captures the dynamics of moving to the next state. The discount rate -y deter-
mines the extent to which future outcomes influence current decisions. TRPO refines the
policy by optimizing a proxy objective, constrained by a Kullback-Leibler (KL)-divergence
bound to prevent large shifts between policy iterations:

In this formulation, sy ~ py indicates that the initial state is drawn from a starting
distribution. The policy 7t(a¢|s;) defines the action probabilities in each state, and the
transition function P(s;11|s,, a;) models the probability of moving to the next state given
the current state and action. The discount factor y adjusts the importance of future rewards.
TRPO updates the policy by maximizing a surrogate objective while limiting policy shifts
through a Kullback-Leibler (KL) constraint:

m(als)
ey 0 € s ey o) w
subject to
Espr, [DkL(To1a(-[s)[| 7([s))] < 6. (12)

Here, 7,; represents the existing policy, and ¢ defines the threshold for divergence.
Dir(714(.|8)|| 7t(.|s)) calculates the KL divergence, evaluating how much the policy 7
deviates from the previous policy 71,4 at a specific state s. pr,, denotes the discounted
state distribution resulting from the initial state sp under the old policy 7,4, expressed
as Pr,, () = L520 Y P(st = s|so, 7o14) - However, without this divergence constraint, opti-
mizing the surrogate objective function, as defined in Equation (12), may lead to significant
alterations in the policy.

e PPO

PPO maintains update stability by optimizing a modified surrogate loss with
clipping constraints:

7 (als) . m(als)
WAngm (S,a),clzp(m,l— €14 €)An,,(s,a))] (13)

The constant € is a small positive value that controls the trade-off between safe updates

old ~Tld [mln(

and exploration. The advantage term Ay (s, 4) measures how much better an action is
compared to the average under the previous policy. Clipping the ratio limits drastic policy
updates and stabilizes the learning process:

clip(x, a, b) = max(a, min(b, x)) (14)

In this context, x represents the value being modified, with a and b denoting the lower
and upper bounds, respectively, within which x is constrained. This formulation discour-
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ages updates where the likelihood ratio stays too far from unity. Despite its strengths, PPO
has a notable drawback: it depends primarily on on-policy sampling. This reliance results
in high sample inefficiency, as the agent must frequently interact with the environment.
Such repeated engagement increases the overall computational demands during training.

e  Off-policy PPO

This study introduces off-policy PPO for training the policy of the feature selection
and prediction. It improves sample efficiency by utilizing prior experiences and diverse
policy decisions. Off-policy PPO benefits from a broader dataset. In contrast, standard
on-policy PPO relies heavily on recent interactions and needs a large volume of fresh data.
This broader dataset encompasses historical records and diverse decision-making strate-
gies. For example, it can use rainfall-runoff records collected over decades from multiple
regions. This helps the model learn from a wider range of flood events and scenarios that
are not present in recent data. It also enables evaluation of long-term conservation strate-
gies, refining models for adaptive and accurate forecasting. This is crucial in RRM, where
evolving environmental conditions and human actions necessitate models that can adapt
quickly and effectively.

The off-policy PPO approach updates the policy using historical data generated by a
behavior policy, denoted as p, rather than data sampled from the current policy 7r. PPO
limits the size of policy updates by clipping the probability ratio between the current policy
and the behavior policy. This prevents unstable learning caused by large, sudden changes.
This ensures the policy update remains within a controlled region.

The final surrogate objective used for updating the feature selection policy, which is
inspired by the off-policy TRPO, is as follows:

LEHP 1o (1) = Esnp,, aculmin[RA(a | s),clip(R(a | s), Le(a | s), Ue(a | s))A(a | s)]] (15)
where RA(a | s) = %A%,d(s,a), R(a|s) = g((j;"j)), Le(a | s) = Med(1- e),
Ue(a | s) = T8 (14 €), and A(a | 5) = Ary,(s,a).

Off-policy PPO increases the selection likelihood of features that produce higher re-
wards. Features that consistently yield higher advantage values in accurate runoff esti-
mation contribute strongly to accurate runoff estimation. Off-policy PPO reinforces its
reuse during later updates. In contrast, features linked to lower rewards lose selection
probability over time, allowing the model to discard less useful variables. Off-policy PPO
repeatedly updates the policy to keep only features that reliably improve prediction accu-
racy. This makes the feature selection process adaptive, data-efficient, and robust, without
requiring extra assumptions about state or action definitions.

Figure 2 illustrates the step-by-step optimization process of the feature selection
policy using the off-policy PPO algorithm. The process begins by defining the optimiza-
tion problem using off-policy data, enabling the model to benefit from prior experience.
The method introduces a clipped surrogate objective. This ensures stable and gradual
policy updates through a clipping strategy. The clipped objective is adapted to suit
off-policy data. The next step involves evaluating the policy ratio to control divergence
from earlier policies. A correction factor is applied to refine and stabilize updates. The
policy is then updated, and the process checks for termination. If not met, the cycle
continues. This approach improves stability, efficiency, and generalization across hy-
drological modeling tasks.



Mathematics 2025, 13, 3828 12 of 34

Start
\;
Define optimization problem with off-policy data
> Introduce clipped :urrogate objective
Apply clipping strategy to adjust surrogate objective
Define clipped surrogate objective for off-policy data

Assess policy ratio range

Apply correction factor for stable policy updates

\:
Update policy
{

Termination?

¥ Yes

End

Figure 2. Seven-step optimization process of the feature selection policy using off-policy PPO.

2.3.3. Hyperparameter Optimization

BOHB enhances the process of hyperparameter tuning by integrating the probabilis-
tic modeling strength of BO with the adaptive resource allocation of HB. Utilizing the tree-
structured Parzen estimator (TPE) from BO, BOHB estimates the likelihood of performance
success, allowing it to differentiate between highly promising and less effective hyperpa-
rameter choices. This forecasting capability improves the efficiency of the search compared
to standard techniques such as random or grid search. Using the early-stopping strategy
of HB, BOHB allocates more computational resources to the most promising candidates
while reducing expenditure on underperforming options.

By fusing the probabilistic modeling accuracy of BO with the adaptive resource man-
agement of HB, BOHB offers a powerful mechanism for efficiently exploring complex hy-
perparameter spaces. It adeptly maintains a trade-off between testing novel parameter
combinations and refining known effective ones while directing computational effort to-
ward the most favorable candidates. This methodology makes BOHB especially advanta-
geous in scenarios with constrained computational budgets and intricate tuning require-
ments, delivering a reliable and scalable approach for addressing the complexities of hy-
perparameter optimization in advanced machine learning tasks.

Figure 3 illustrates the full workflow of the proposed RRM model. It begins with pre-
processing to clean missing data and normalize inputs between 0 and 1. Next, BOHB pro-
poses sets of hyperparameters, tests model performance with each set, and refines the dis-
tribution repeatedly until the results stabilize. Once optimal hyperparameters are found, a
GAN is trained for online data augmentation and saved. The trained GAN then produces
synthetic samples to enrich the training set. TLSTM performs feature extraction from the
augmented data, capturing temporal dependencies in time-series runoff data. Off-policy
PPO is used to select relevant features. This method adapts input selection over time
through the use of reinforcement learning. This cycle continues until the PPO meets its
stopping criteria. Finally, the generalization of the model is assessed on the test set. This
workflow ensures robust training, dynamic feature optimization, and improved forecast-
ing accuracy in hydrological scenarios.
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Oftf-policy PPO

Figure 3. Overall flowchart of the proposed model.

3. Results and Discussion

The study was conducted on a 64-bit Windows operating system equipped with an
Intel Core i7 processor and 32 gigabytes (GB) of random-access memory (RAM), ensuring
sufficient computational power for complex model training and data processing. We uti-
lized Python 3.8 as the software framework due to its extensive library support and strong
community, which is particularly beneficial for machine learning tasks. Key libraries in-
cluded PyTorch 1.13.1, which was used to construct and train deep learning models, such
as our TLSTM and enhanced GAN. We implemented the off-policy PPO and BOHB al-
gorithms using the Python libraries stable-baselines and HpBandSter, respectively. This
setup enabled the integration of sophisticated machine learning techniques and optimiza-
tion algorithms to effectively tackle the challenges in RRM, improving the accuracy and
applicability of the model across various hydrological datasets, such as CAMELS.

To evaluate the robustness and accuracy of our models, we implemented a 5-fold strat-
ified cross-validation method. This technique is particularly effective in ensuring that each
data fold represents the whole, thereby maintaining the distribution of different rainfall-
runoff events across all folds. Stratified cross-validation is crucial for RRM because it ac-
counts for variations in weather patterns and hydrological responses, preventing model
overfitting and ensuring consistent performance across diverse datasets. This approach
enhances the reliability of the evaluation by minimizing bias and variance in the perfor-
mance predictions of the model.
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Table 2 presents the hyperparameters optimized using the BOHB method. We as-
sessed our innovative algorithm against fourteen recent methods published in the last
two years: four machine learning models, including GEP [3], Wavelet-hybrid [4], MLP-
ensemble [5], Bayesian-regionalization [6]; and ten deep learning models, including
CNN-LSTM [2], Transformer-LSTM [15], EA-LSTM [7], CNN-RNN [8], Transformer [9],
Al-Based [10], and Self-training [11], GAN-TLSTM [25], Hybrid-ensemble [12], and
Frequency-CNN [13]. The results for all these techniques are obtained from the imple-
mentations provided by their respective authors. We conducted both individual and
regional rainfall-runoff modeling to predict runoff for lead times of 1, 2, 4, and 8 days.
Results for individual modeling are presented in Tables 3-6, while those for regional
modeling are presented in Tables 7-10.

Table 2. Optimized hyperparameters for the proposed runoff prediction model.

Best Value
Hyperparameter Ranges — -
Generator Discriminator Off-Policy PPO
Batch size [16, 512] 96 82 68
Epoch [16, 1024] 185 192 219
Learning rate [0, 1] 0.0002 0.0003 0.0001
Activation {Leaky ReLU, ReLU, Tanh, Sigmoid} ReLU ReLU ReLU
Dropout rate [0, 1] 0.53 0.56 0.61
Number of TLSM layers [1, 16] 2 2 3
d [0, 1] - - 0.42
Number of layers in MLP [1, 16] 3 4 3
Table 3. Comparative analysis of runoff prediction models over a 1-day forecast horizon in
individual modeling.
Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.506 + 0.078 3.445 + 0.204 1.856 £ 0.055 0.186 £+ 0.005 0.752 + 0.096
Wavelet-hybrid [4] 0.525 £ 0.076 3.393 + 0.096 1.842 + 0.026 0.184 = 0.003 0.742 £ 0.025
MLP-ensemble [5] 0.532 £ 0.012 3.371 + 0.349 1.836 + 0.095 0.184 £+ 0.009 0.739 £+ 0.036
Bayesian-regionalization [6] =~ 0.536 £0.044  3.334 £ 0.026  1.826 £0.007  0.183 £0.001  0.732 & 0.060
CNN-LSTM [2] 0.544 + 0.004 3.240 + 0.245 1.800 £ 0.068 0.180 £ 0.007  0.723 £ 0.078
Transformer-LSTM [15] 0.548 + 0.007 3.028 = 0.146 1.740 + 0.042 0.174 + 0.004 0.718 &= 0.080
EA-LSTM [7] 0.553 £ 0.000 2.822 +£0.131 1.680 + 0.039 0.168 £+ 0.004 0.712 £ 0.066
CNN-RNN [8] 0.557 £ 0.005 2.624 £ 0.113 1.620 £ 0.035 0.162 £+ 0.004 0.709 + 0.041
Transformer [9] 0.579 £+ 0.005 2.512 £ 0.101 1.585 £ 0.032 0.159 £+ 0.003 0.711 £+ 0.002
Al-Based [10] 0.583 + 0.002 2.434 + 0.075 1.560 £ 0.024 0.156 + 0.002 0.662 £+ 0.009
Self-training [11] 0.588 £ 0.006 2.347 £ 0.254 1.532 + 0.083 0.153 £ 0.008 0.635 £ 0.100
GAN-TLSTM [25] 0.590 £ 0.009 2.313 £ 0.128 1.521 + 0.042 0.152 £+ 0.004 0.624 £ 0.035
Hybrid-ensemble [12] 0.592 £+ 0.004 2.074 £ 0.084 1.440 £ 0.029 0.144 £+ 0.003 0.614 + 0.045
Frequency-CNN [13] 0.597 £ 0.076 2.068 + 0.040 1.438 £ 0.014 0.144 + 0.001 0.582 + 0.054
Proposed 0.691 £ 0.007 1.002 £ 0.064 1.001 + 0.032 0.100 £ 0.003 0.302 £ 0.067
Table 4. Comparative analysis of runoff prediction models over a 2-day forecast horizon in
individual modeling.
Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.471 £+ 0.049 5.253 £ 0.252 2.292 + 0.066 0.229 £+ 0.005 0.795 + 0.080
Wavelet-hybrid [4] 0.482 +£0.027  5.194 +£0.119 2.279 £ 0.036 0.228 £+ 0.003 0.782 + 0.094
MLP-ensemble [5] 0.490 £ 0.090 5.144 £+ 0.431 2.268 £ 0.066 0.227 = 0.009 0.769 £ 0.059
Bayesian-regionalization [6] 0.498 £ 0.048 5.072 + 0.032 2.252 £ 0.034 0.225 £ 0.001 0.762 £ 0.084
CNN-LSTM [2] 0.504 £ 0.002 5.760 £ 0.326 2.400 £ 0.008 0.240 £ 0.007 0.752 + 0.034
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Table 4. Cont.
Model NSE MSE RMSE NRMSE ATPE-2%
Transformer-LSTM [15] 0.506 £ 0.007 5.499 £+ 0.197 2.345 + 0.087 0.235 + 0.004 0.740 + 0.096
EA-LSTM [7] 0.525 4+ 0.001 5.203 + 0.178 2.281 + 0.019 0.228 4+ 0.004 0.730 £ 0.085
CNN-RNN [8] 0.545 4+ 0.001 4.946 + 0.156 2.224 + 0.045 0.222 4+ 0.004 0.735 + 0.081
Transformer [9] 0.550 + 0.004 3.686 + 0.123 1.920 + 0.050 0.192 £ 0.003 0.719 £ 0.051
Al-Based [10] 0.556 £ 0.008 3.471 £ 0.089 1.863 4+ 0.021 0.186 + 0.002 0.693 £ 0.086
Self-training [11] 0.563 + 0.006 3.240 £ 0.299 1.800 £ 0.023 0.180 + 0.008 0.665 £+ 0.066
GAN-TLSTM [25] 0.560 + 0.006 3.165 + 0.149 1.779 4+ 0.047 0.178 4+ 0.004 0.648 + 0.018
Hybrid-ensemble [12] 0.561 4+ 0.001 3.035 + 0.101 1.742 4+ 0.056 0.174 £+ 0.003 0.635 £ 0.011
Frequency-CNN [13] 0.572 £0.015 3.010 £ 0.049 1.735 + 0.055 0.174 + 0.001 0.629 + 0.097
Proposed 0.648 + 0.008 2.484 + 0.101 1.576 4 0.089 0.158 + 0.003 0.408 + 0.067
Table 5. Comparative analysis of runoff prediction models over a 4-day forecast horizon in
individual modeling.
Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.431 + 0.035 8.364 + 0.318 2.892 + 0.065 0.289 + 0.005 0.861 + 0.028
Wavelet-hybrid [4] 0.452 + 0.038 7.907 + 0.146 2.812 + 0.064 0.281 + 0.003 0.845 4+ 0.008
MLP-ensemble [5] 0.462 + 0.093 7.366 + 0.516 2.714 + 0.077 0.271 + 0.009 0.812 + 0.082
Bayesian-regionalization [6] 0.472 £+ 0.097 7.426 £ 0.038 2.725 4+ 0.042 0.273 £+ 0.001 0.802 £ 0.071
CNN-LSTM [2] 0.487 + 0.004 7.022 4+ 0.360 2.650 + 0.059 0.265 + 0.007 0.798 + 0.059
Transformer-LSTM [15] 0.492 + 0.002 6.718 + 0.218 2.592 + 0.010 0.259 4+ 0.004 0.764 + 0.065
EA-LSTM [7] 0.505 4+ 0.001 6.401 + 0.197 2.530 £ 0.094 0.253 £+ 0.004 0.752 £ 0.050
CNN-RNN [8] 0.532 £ 0.010 6.111 £ 0.173 2.472 + 0.004 0.247 4+ 0.004 0.745 + 0.088
Transformer [9] 0.538 + 0.005 4.744 + 0.139 2.178 + 0.057 0.218 + 0.003 0.750 + 0.000
Al-Based [10] 0.540 + 0.006 4.456 + 0.101 2.111 + 0.083 0.211 + 0.002 0.726 + 0.052
Self-training [11] 0.543 + 0.004 4.202 + 0.340 2.050 + 0.041 0.205 £ 0.008 0.702 £ 0.073
GAN-TLSTM [25] 0.546 £+ 0.025 3.992 + 0.168 1.998 + 0.008 0.200 + 0.004 0.698 + 0.082
Hybrid-ensemble [12] 0.549 £+ 0.010 3.968 £+ 0.116 1.992 4+ 0.007 0.199 + 0.003 0.696 + 0.091
Frequency-CNN [13] 0.555 + 0.045 3.430 £ 0.052 1.852 £ 0.081 0.185 + 0.001 0.641 + 0.021
Proposed 0.622 + 0.008 3.706 + 0.123 1.925 4+ 0.074 0.193 + 0.003 0.430 + 0.058
Table 6. Comparative analysis of runoff prediction models over an 8-day forecast horizon in
individual modeling.
Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.361 = 0.070 11.594 +0.375  3.405 4 0.023 0.340 £ 0.005 0.867 £ 0.098
Wavelet-hybrid [4] 0.372 £0.005 11.056 £ 0.173  3.325 £ 0.087 0.333 £ 0.003 0.858 + 0.023
MLP-ensemble [5] 0.382 + 0.040 9.772 + 0.594 3.126 + 0.049 0.313 + 0.009 0.846 + 0.043
Bayesian-regionalization [6] 0.392 + 0.063 9.151 + 0.042 3.025 + 0.026 0.302 + 0.001 0.812 + 0.065
CNN-LSTM [2] 0.403 + 0.009 8.526 £+ 0.397 2.920 £ 0.037 0.292 £ 0.007 0.804 £ 0.083
Transformer-LSTM [15] 0.462 + 0.001 8.202 + 0.241 2.864 + 0.043 0.286 4+ 0.004 0.780 + 0.074
EA-LSTM [7] 0.482 £+ 0.001 7.851 +0.219 2.802 + 0.075 0.280 + 0.004 0.765 £ 0.045
CNN-RNN [8] 0.506 + 0.005 7.508 4+ 0.192 2.740 + 0.029 0.274 4+ 0.004 0.761 £ 0.065
Transformer [9] 0.514 + 0.009 7.188 4+ 0.172 2.681 + 0.085 0.268 + 0.003 0.766 + 0.079
Al-Based [10] 0.528 + 0.002 6.864 + 0.126 2.620 + 0.074 0.262 + 0.002 0.742 + 0.074
Self-training [11] 0.530 £ 0.000 6.584 + 0.426 2.566 + 0.033 0.257 £+ 0.008 0.740 £ 0.041
GAN-TLSTM [25] 0.532 + 0.015 6.371 £ 0.212 2.524 + 0.072 0.252 4+ 0.004 0.735 + 0.078
Hybrid-ensemble [12] 0.538 + 0.010 6.290 + 0.145 2.508 + 0.086 0.251 + 0.003 0.723 + 0.070
Frequency-CNN [13] 0.548 + 0.080 5.885 £ 0.068 2.426 £+ 0.032 0.243 + 0.001 0.701 £ 0.088
Proposed 0.588 + 0.003 4.805 £ 0.140 2.192 £+ 0.049 0.219 + 0.003 0.472 + 0.008
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Table 7. Comparative analysis of runoff prediction models over a 1-day forecast horizon in
regional modeling.

Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.598 £ 0.053  2.547 £ 0.176 1.596 £ 0.031 0.160 £ 0.005 0.692 + 0.076
Wavelet-hybrid [4] 0.602 £ 0.044  2.839 £ 0.088 1.685 +0.007  0.169 4= 0.003 0.672 £ 0.060
MLP-ensemble [5] 0.628 £0.033  2.796 £ 0.318 1.672 + 0.083 0.167 £ 0.009 0.652 £ 0.080
Bayesian-regionalization [6] 0.642 +-0.006  2.742 £ 0.023 1.656 &= 0.028 0.166 4 0.001 0.632 4 0.063
CNN-LSTM [2] 0.653 = 0.018  2.680 £ 0.223 1.637 £ 0.028 0.164 & 0.007  0.615 £ 0.057
Transformer-LSTM [15] 0.723 £ 0.068  2.387 = 0.130 1.545 1 0.038 0.154 £ 0.004  0.463 &£ 0.001
EA-LSTM [7] 0.841 £0.017 2238 £0.117 1.496 £+ 0.066 0.150 £ 0.004  0.604 £ 0.095
CNN-RNN [8] 0.724 £ 0.017 1.847 4= 0.095 1.359 &= 0.013 0.136 £0.004  0.566 £ 0.074
Transformer [9] 0.820 4= 0.027 1.863 4= 0.087 1.365 £ 0.091 0.137 4= 0.003 0.526 + 0.096
Al-Based [10] 0.782 £+ 0.066 1.708 £ 0.063 1.307 £ 0.067  0.131 &£ 0.002 0.464 + 0.088
Self-training [11] 0.826 £+ 0.040 1.454 £+ 0.200 1.206 £ 0.066 0.121 £ 0.008 0.379 £ 0.042
GAN-TLSTM [25] 0.827 £ 0.036 1.428 £ 0.100 1.195 + 0.038 0.120 £0.004  0.370 £ 0.052
Hybrid-ensemble [12] 0.828 4= 0.047 1.350 4= 0.067 1.162 £ 0.066 0.116 4= 0.003 0.362 £+ 0.030
Frequency-CNN [13] 0.832 £+ 0.040 1.281 £+ 0.032 1.132 £ 0.013 0.113 £+ 0.001 0.352 + 0.037
Proposed 0.855 + 0.021 0.564 + 0.048 0.751 £0.087  0.075 £ 0.003 0.102 £ 0.026
Table 8. Comparative analysis of runoff prediction models over a 2-day forecast horizon in
regional modeling.
Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.653 £ 0.093 7.486 + 0.301 2.736 £ 0.083 0.274 £ 0.005 0.542 £ 0.061
Wavelet-hybrid [4] 0.673 £ 0.048 7.209 4= 0.140 2.685 + 0.034 0.269 + 0.003 0.538 + 0.084
MLP-ensemble [5] 0.695 4 0.090 6.927 1+ 0.500 2.632 + 0.062 0.263 4= 0.009 0.526 + 0.008
Bayesian-regionalization [6] 0.702 £ 0.047  5.847 £0.034  2.418 £ 0.002 0.242 £+ 0.001 0.502 & 0.065
CNN-LSTM [2] 0.716 £0.066  4.906 £ 0.301 2.215 + 0.062 0.221 £ 0.007  0.464 £+ 0.022
Transformer-LSTM [15] 0.629 £0.014  4.858 £ 0.185 2.204 £ 0.063 0.220 £0.004  0.499 £ 0.054
EA-LSTM [7] 0.662 +0.018  4.223 = 0.160 2.055 + 0.026 0.206 &= 0.004  0.629 & 0.026
CNN-RNN [8] 0.694 £ 0.079  2.503 £ 0.111 1.582 £ 0.094 0.158 = 0.004  0.525 £ 0.066
Transformer [9] 0.721 £ 0.010  2.766 £ 0.106 1.663 £ 0.085 0.166 £ 0.003 0.408 £ 0.005
Al-Based [10] 0.725 £0.043  2.295 £ 0.073 1.515 4+ 0.008 0.151 £ 0.002 0.379 £ 0.059
Self-training [11] 0.713 £0.078  2.452 4- 0.260 1.566 & 0.053 0.157 4= 0.008 0.479 £+ 0.060
GAN-TLSTM [25] 0.715+£0.076 ~ 2.307 = 0.128 1.519 £ 0.045 0.152 = 0.004  0.460 & 0.068
Hybrid-ensemble [12] 0.719 £ 0.058  2.025 £ 0.083 1.423 £ 0.070 0.142 + 0.003 0.452 £ 0.040
Frequency-CNN [13] 0.726 £ 0.038 1.988 + 0.039 1.410 + 0.039 0.141 £+ 0.001 0.426 + 0.028
Proposed 0.789 £ 0.090 1.214 - 0.071 1.102 &= 0.064 0.110 £ 0.003 0.212 4+ 0.020
Table 9. Comparative analysis of runoff prediction models over a 4-day forecast horizon in
regional modeling.
Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.572 4= 0.056 8.043 4 0.312 2.836 + 0.099 0.284 4- 0.005 0.762 + 0.081
Wavelet-hybrid [4] 0.585 £ 0.097 7.398 £ 0.141 2.720 £ 0.042 0.272 + 0.003 0.735 £ 0.071
MLP-ensemble [5] 0.595 + 0.074 6.672 £ 0.491 2.583 £ 0.010 0.258 + 0.009 0.725 £ 0.024
Bayesian-regionalization [6] ~ 0.601 £ 0.069  6.350 £ 0.035  2.520 £0.018  0.252 £0.001  0.702 £ 0.069
CNN-LSTM [2] 0.673 + 0.005 6.150 + 0.337  2.480 = 0.011 0.248 +-0.007  0.697 &= 0.086
Transformer-LSTM [15] 0.615 £ 0.089  5.770 & 0.202 2.402 £ 0.050 0.240 +0.004  0.596 £ 0.043
EA-LSTM [7] 0.719 £+ 0.061 5.244 £ 0.179 2.290 £ 0.061 0.229 £0.004  0.566 = 0.002
CNN-RNN [8] 0.694 £0.097  3.568 £ 0.132 1.889 £ 0.069 0.189 £ 0.004  0.470 £ 0.011
Transformer [9] 0.825 £ 0.040 3.775 1 0.124 1.943 4= 0.080 0.194 + 0.003 0.574 1+ 0.080
Al-Based [10] 0.841 +0.020  3.618 = 0.091 1.902 £ 0.074 0.190 £ 0.002 0.574 £+ 0.052
Self-training [11] 0.677 £0.047  2.776 £0.277 1.666 £ 0.098 0.167 = 0.008 0.534 + 0.011
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Table 9. Cont.

Model NSE MSE RMSE NRMSE ATPE-2%
GAN-TLSTM [25] 0.680 £0.025  2.762 £ 0.140 1.662 = 0.075  0.166 = 0.004  0.529 + 0.058
Hybrid-ensemble [12] 0.689 +0.037  2.756 & 0.096 1.660 = 0.025  0.166 £+ 0.003  0.521 4= 0.038
Frequency-CNN [13] 0.692 £ 0.043  2.726 £ 0.046 1.651 £ 0.091 0.165 £ 0.001 0.509 £ 0.092
Proposed 0.887 £0.043  2.062 £ 0.092 1.436 4 0.071 0.144 £0.003  0.275 £ 0.031

Table 10. Comparative analysis of runoff prediction models over an 8-day forecast horizon in
regional modeling.

Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.541 £0.051 10472+0356 3.236 £0.056  0.324 £0.005  0.596 £ 0.089
Wavelet-hybrid [4] 0.552 £0.063  9.8724+0.163  3.142+£0.026  0.314 +=0.003  0.582 & 0.065
MLP-ensemble [5] 0.563 +=0.040  8.620 =0.558  2.936 +0.062  0.294 +0.009  0.572 £ 0.079
Bayesian-regionalization [6] ~ 0.575£0.071 8191 £0.040  2.862+0.075  0.286 =0.001  0.562 % 0.088
CNN-LSTM [2] 0.594 £ 0.041 6.864 £0.356  2.620 £0.098  0.262 £0.007  0.534 £ 0.062
Transformer-LSTM [15] 0.716 £ 0.069 7.097 £0224  2.664 +0.066 0.266 +0.004  0.520 + 0.022
EA-LSTM [7] 0.780 = 0.068  6.770 =0.203  2.602 £ 0.041 0.260 &= 0.004  0.621 £ 0.065
CNN-RNN [8] 0.728 = 0.047 5551 £0.165  2.356 £ 0.009  0.236 =0.004  0.468 £ 0.094
Transformer [9] 0794 £0.075 5973 +£0.156  2.444+0.099 0.244+0.003 0.613 £ 0.089
Al-Based [10] 0.728 £0.058 5185 £0.109 2277 £0.028  0.228 £0.002  0.624 £ 0.060
Self-training [11] 0.818 =0.086 5208 =0.379 2282+ 0.076  0.228 :0.008  0.579 &£ 0.075
GAN-TLSTM [25] 0.822 = 0.063  4.942 £0.187 2223 +0.063  0.222 +:0.004  0.570 £ 0.082
Hybrid-ensemble [12] 0.825 £ 0.000 4.631 £0.125  2.152 £ 0.051 0.215£0.003  0.562 = 0.066
Frequency-CNN [13] 0.830 £0.078  4.264 £0.058  2.065 £ 0.065  0.206 £ 0.001 0.523 £ 0.092
Proposed 0.873 :0.097  2.631 = 0.104 1.622 £0.026  0.162 £ 0.003  0.252 4- 0.097

In individual modeling, among the machine learning models, the Bayesian-
regionalization outperformed GEP, Wavelet-hybrid, and MLP-ensemble, with approx-
imately 6.1%, 5.4%, and 4.2% higher NSE for 8-day forecasts, respectively. How-
ever, although Bayesian-regionalization achieved a slightly higher NSE, its RMSE
was noticeably higher than that of deep learning models such as CNN-LSTM and
Transformer-LSTM. The elevated MSE values for Bayesian-regionalization also con-
firm its tendency to produce larger squared errors, indicating challenges in mini-
mizing overall variance in predictions. This suggests that despite better NSE val-
ues, it struggled to minimize prediction errors effectively. Comparing hybrid mod-
els, Transformer-LSTM improved RMSE over CNN-LSTM by about 6.7% for 8-day
forecasts. EA-LSTM further enhanced NSE by 4.3% compared to Transformer-LSTM.
CNN-RNN outperformed EA-LSTM by 1.6% in RMSE for 4-day-ahead forecasts,
though it lagged behind Transformer in NSE by about 2.1% for 1-day-ahead forecasts.
Notably, CNN-RNN also exhibited lower NRMSE scores than EA-LSTM, highlighting
its advantage in producing scale-independent and consistent performance. Al-based
and Self-training models maintained better RMSE scores than CNN-LSTM by 9.8%
and 12.5% for the 8-day-ahead forecast, respectively, showcasing their improvements
in error control. This improvement was also reflected in lower MSE and NRMSE val-
ues, reinforcing their generalization ability across varying runoff magnitudes. Hybrid-
ensemble achieved a further 2.4% enhancement in NSE over Self-training for 1-day-
ahead forecasting. Frequency-CNN delivered the best overall performance among
deep learning models prior to the proposed method, improving RMSE by 3.8% over
Hybrid-ensemble for a 1-day ahead forecast and securing a 5.1% advantage in NSE.
It also showed reduced NRMSE and MSE values, reflecting both precision and consis-
tency. However, across the longer forecast horizons (8 days), Frequency-CNN still had
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a larger RMSE compared to the proposed model. The proposed model also achieved
the lowest NRMSE and MSE across most timeframes. This indicates its stronger
generalization capability, with reduced prediction variance and more accurate scale-
normalized performance.

In regional modeling, the CNN-RNN model reduced RMSE by 13.5% compared to EA-
LSTM for 4-day-ahead forecasts; however, it did not achieve similar improvements in NSE.
The Transformer achieved a 7.2% improvement in NSE over CNN-RNN for 2-day-ahead
forecasting. Meanwhile, Al-Based and Self-training models demonstrated substantial ro-
bustness, boosting NSE by 3.6% and 4.9% over Transformer for 4-day-ahead horizons.
Frequency-CNN, once again, marked the best benchmark performance, outperforming
Hybrid-ensemble with 2.1% better NSE for 1-day-ahead and reducing RMSE by 6.4% for
8-day-ahead. However, Frequency-CNN had weaknesses in predicting extreme values
based on ATPE-2%, and showed only moderate results in both MSE and NRMSE. For exam-
ple, its average NRMSE over all four forecast horizons was 0.156, and the mean MSE was
2.489. These results suggest that there is still potential to improve consistency in prediction
errors. Thus, although state-of-the-art models demonstrated progressive improvements,
none consistently outperformed others across RMSE, NSE, MSE, NRMSE, and ATPE-2%
for all forecast horizons. This inconsistency highlights a major limitation.

The proposed model consistently outperformed all existing models across individ-
ual and regional modeling settings. In individual modeling, the proposed model out-
performed Frequency-CNN at the 1-day-ahead horizon, achieving a 17.8% lower RMSE,
a 14.3% higher NSE, and a 32.6% better ATPE-2%. At the 8-day horizon, improvements
were even more notable, with the RMSE decreasing by 9.7%, the NSE increasing by 26.0%,
and the ATPE-2% decreasing by 34.8% compared to Frequency-CNN. Compared to Self-
training, the proposed model achieved a 36.5% lower RMSE, a 20.5% higher NSE, and a
58.2% lower ATPE-2% for 1-day-ahead predictions. The proposed model showed 34.6%
lower RMSE and 18.5% higher NSE than Al-Based at the 8-day forecast horizon. Simi-
larly, compared to Transformer, improvements of 33.3% in RMSE and 22.4% in NSE were
achieved for 4-day-ahead forecasts. Compared to GAN-TLSTM, our previous model, the
proposed approach demonstrated consistent and substantial gains across all forecast hori-
zons. For example, at the 1-day horizon, RMSE and ATPE-2% were reduced by 34.2% and
51.6%, respectively, while NSE improved by 10.1%. These improvements show that al-
though GAN-TLSTM included spatial attention, GAN-based data reduction, and DE for
tuning, it did not use a dynamic feature selection method or a flexible process like BOHB.

In regional modeling, the proposed model achieved remarkable performance im-
provements across all five key metrics. At the 1-day forecast horizon, the proposed model
reduced RMSE by 53.2%, MSE by 56.0%, and NRMSE by 34.5% compared to Frequency-
CNN. It also lowered ATPE-2% by 71.0% and improved NSE by 2.8%. For the 2-day hori-
zon, it outperformed self-training by 29.6% in RMSE, 21.6% in MSE, and 29.9% in NRMSE.
It also reduced ATPE-2% by 55.7% and increased NSE by 7.6%. At the 4-day horizon,
the proposed model outperformed Al-Based by reducing RMSE by 24.5%, MSE by 42.1%,
NRMSE by 24.9%, and ATPE-2% by 56.3%. It also improved NSE by 4.6%. At the 8-day
horizon, the model reduced RMSE by 27.5%, MSE by 38.3%, and NRMSE by 21.3% com-
pared to Transformer. It also achieved an 88.4% reduction in ATPE-2% and a 4.9% increase
in NSE. Against GAN-TLSTM at the 1-day horizon, the proposed model reduced RMSE
by 27.0%, MSE by 60.4%, and ATPE-2% by 55.8%. It also improved NSE by 3.0%.

The superior performance of the proposed model has clear implications for practi-
cal hydrological applications. The consistent reduction in RMSE and NRMSE indicates
more reliable estimates of daily runoff volumes. This improvement supports more effec-
tive reservoir operations and informed short-term water allocation decisions. The substan-
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tial gains in NSE reflect a stronger ability to track rapid hydrological fluctuations. As a
result, the model becomes more effective for issuing early flood warnings and respond-
ing to emergencies. The significant reductions in ATPE-2% demonstrate improved han-
dling of extreme runoff events. These events are often crucial for ensuring infrastructure
safety, effective dam operations, and mitigating downstream risks. In regional settings, the
model remained stable across heterogeneous basins. This suggests it can generalize well
to ungauged or data-scarce catchments. It is therefore suitable for large-scale hydrologi-
cal forecasting systems. Overall, these improvements show that the proposed approach is
not only more accurate but also more robust and operationally dependable for real-world
water management scenarios.

We conducted paired t-tests across NSE, MSE, RMSE, NRMSE, and ATPE-2% met-
rics to assess the statistical significance of the superiority of our model. In individual
modeling, the p-values remained consistently below 0.001 when compared to the next-
best model. The 95% confidence intervals further validated these improvements: NSE
ranged between [0.048, 0.075], MSE between [—0.92, —0.52], RMSE between [—0.72, —0.46],
NRMSE between [—0.43, —0.12], and ATPE-2% between [—0.22, —0.17]. In regional mod-
eling, p-values were under 0.0005, with similar confidence intervals. Additionally, effect
size analysis (Cohen’s d > 1.2) demonstrated that the improvements were not only statis-
tically significant but also practically meaningful, reinforcing the robustness of our model
across RRM tasks.

Table 11 illustrates a direct comparison of the computational efficiency of rainfall-runoff
models based on their runtime and GPU consumption. Our proposed model achieves a
runtime of 4326 s and a GPU usage of 18.3 GB. Compared to Frequency-CNN, our model is
approximately 4.3% faster and reduces GPU usage by 5.7%. Against Hybrid-ensemble, it
is 7.7% faster with a 10.7% reduction in GPU usage. For GAN-TLSTM, the model improves
runtime by 13.0% and lowers GPU usage by 15.7%. In contrast, Transformer-LSTM out-
performs our model on both metrics (4156 s vs. 4326 s, ~4.1% faster; 15.2 GB vs. 18.3 GB,
our model uses ~20.4% more GPU). Compared with Self-training, our runtime is lower by
~17.5% (5245 s vs. 4326 s), but our GPU memory is higher by ~9.6% (16.7 GB vs. 18.3 GB).
Overall, the model offers a balanced trade-off between speed and memory efficiency, out-
performing several resource-heavy baselines. However, it does not surpass optimized
models such as Transformer-LSTM in either metric.

Table 11. Comparative analysis of runtime and GPU usage metrics across rainfall-runoff models.

Model Runtime (s) GPU Usage (GB)
GEP [3] 3695 10.8
Wavelet-hybrid [4] 3720 12.2
MLP-ensemble [5] 3568 11.9
Bayesian-regionalization [6] 3952 10.6
CNN-LSTM [2] 4256 12.5
Transformer-LSTM [15] 4156 15.2
EA-LSTM [7] 4958 18.6
CNN-RNN [8] 3945 19.7
Transformer [9] 4056 24.5
Al-Based [10] 4785 18.4
Self-training [11] 5245 16.7
GAN-TLSTM [25] 4974 21.7
Hybrid-ensemble [12] 4689 20.5
Frequency-CNN [13] 4520 19.4

Proposed 4326 18.3
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Figure 4 traces the trajectory of loss values over 300 epochs during the training and
validation stages. The graph shows that training and validation losses steadily decrease,
suggesting that the proposed model converges effectively. Moreover, the gap between the
training and validation curves remains consistently small across epochs. This consistency
indicates that the model generalizes well and avoids significant overfitting. Stabilizing
both losses toward the end further suggests that the model achieves reliable performance
and robust optimization.

14 —— Training
—— Validation

12

10

Loss
[0.0]

Figure 4. Loss trajectory over 300 epochs for training and validation stages.

Figure 5 illustrates the decision time distributions of the proposed model, offering
important insight into its usability in real-time systems. The decision-making times fall
within a narrow range of 50 ms to 75 ms. The peak frequency is observed to be around
62 ms. This narrow range and low latency indicate that the model processes inputs rapidly
and consistently, minimizing delays in critical operations. This rapid and stable decision-
making is particularly critical when quick predictions are vital during extreme events. The
consistent sub-70 ms response time confirms the readiness of the model for practical de-
ployment in real-world hydrological monitoring and emergency management systems.
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Figure 5. Decision-making time distributions for the proposed model.

To further demonstrate the effectiveness of our proposed model, we present a case
study on regional rainfall-runoff modeling, depicted in Figure 6. This figure illustrates the
performance of the model over one year, from 1 January 2013 to 1 January 2014, provid-
ing a comprehensive view of its predictive capabilities. The graph compares the observed



Mathematics 2025, 13, 3828

21 of 34

runoff and the predicted runoff of the model for the specified period. The close align-
ment between the observed (solid blue line) and predicted (dashed red line) runoff curves
highlights the strong predictive performance of the model. The model accurately captures
seasonal fluctuations and peak flow events, with minimal deviation during critical runoff
periods such as early spring and late autumn. Moreover, the model maintains consistent
accuracy across low and moderate flow conditions. It effectively avoids both underestima-
tion and overestimation during these periods. These results confirm the robustness of the
proposed model and its ability to generalize well across varying hydrological conditions,
making it highly reliable for real-world regional runoff forecasting applications.

—— Observed runoff
--- Model prediction

= ¥o] ke > c = o [} H > o] c
&, [ Z [ 3 = 3 @ 8 ) @ 5
L = = <C wn 2 a

Figure 6. Regional rainfall-runoff modeling from 1 January 2013 to 1 January 2014, comparing ob-
served and predicted runoff.

3.1. Ablation Studies

This section assesses the performance of the model by removing critical components
to observe their effects on overall effectiveness. The ablation study involved excluding TL-
STM, feature selection (FS), off-policy PPO, SHAP, the improved GAN for online data aug-
mentation, and hyperparameter optimization (HO). The corresponding results are shown
in Table 12.

Table 12. Impact of component removal on model performance metrics through ablation studies.

Model NSE MSE RMSE NRMSE ATPE-2%
Proposed w/o TLSTM 0.537 +£0.071  4.831 £0.242 2198 £0.083  0.220 £0.005  0.536 £ 0.012
Proposed w/o FS 0.609 £0.090 4.469 £0.110 2.114+£0.098  0.211 £0.003  0.622 = 0.072
Proposed w/o off-policy PPO ~ 0.592 £0.008  4.631 +0.409  2.152 £0.017 0.215+£0.009  0.496 =+ 0.093
Proposed w/o SHAP 0.726 £ 0.005  3.367 £0.026  1.835+0.085  0.183 £0.001  0.283 £ 0.094
Proposed w/o improved GAN  0.629 £ 0.006  3.814 £ 0.266  1.953 £0.012  0.195£0.007  0.326 + 0.032
Proposed w/o BOHB 0.648 =0.070  4.406 £0.176  2.099 = 0.024  0.210 £0.004  0.409 £ 0.002
Full model 0.873 £0.097 2.631 £0.127 1.622 +£0.026  0.162 £0.004  0.252 £+ 0.097

Compared to the full model, removing TLSTM resulted in an increase of 35.5% in
RMSE, a 35.8% rise in NRMSE, and a 38.5% decrease in NSE. These results highlight the
importance of TLSTM in modeling temporal dependencies in runoff data. Eliminating
FS caused a 146.4% increase in ATPE-2%, a 30.4% decrease in NSE, and an 18.6% rise in
MSE. This confirms that FS is crucial for reducing overfitting and improving generaliza-
tion. When the off-policy PPO was excluded, the RMSE increased by 32.6% and the NSE
dropped by 32.2%, validating the effectiveness of our RL-driven sampling strategy. The
removal of SHAP increased the RMSE by 13.1% and degraded the NSE by 16.8%, high-
lighting the importance of interpretability-driven selection. Disabling the improved GAN
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resulted in a 20.4% increase in RMSE and a 45.0% increase in MSE. These results show the
advantage of using targeted data augmentation. Lastly, removing BOHB increased RMSE
by 29.4%, and NRMSE rose by 29.6%, confirming the value of adaptive hyperparameter op-
timization. Overall, each module substantially contributed to improving at least one major
evaluation metric. The full model achieved the best results across all five metrics. This con-
firms that every component contributed to maintaining predictive accuracy, stability, and
robustness in real-time runoff forecasting.

3.2. Analysis of Generalizability

As mentioned, to assess the generalizability of the proposed model, we utilized
the HYSETS dataset. The results of this evaluation are presented in Table 13. The re-
sults for all these techniques are obtained from the implementations provided by their
respective authors.

Table 13. Evaluation of the generalizability of the proposed model on the HYSETS dataset.

Model NSE MSE RMSE NRMSE ATPE-2%
GEP [3] 0.556 = 0.075 6.770 £0.286  2.602 + 0.010 0.260 £ 0.005 0.496 £+ 0.049
Wavelet-hybrid [4] 0.563 £ 0.068 6.482 £ 0.132 2.546 £ 0.047  0.255 £ 0.003 0.478 £ 0.017
MLP-ensemble [5] 0.572 £ 0.005 6.817 £ 0496  2.611 £ 0.002 0.261 £ 0.009 0.436 + 0.020
Bayesian-regionalization [6] 0.585 £ 0.087  6.265 = 0.035 2.503 + 0.006 0.250 + 0.001 0.428 + 0.023
CNN-LSTM [2] 0.595 +£0.088 5794 +£0.327  2.407 £ 0.095 0.241 +0.007  0.415 £ 0.004
Transformer-LSTM [15] 0.601 £0.045  5.593 £0.199 2.365 £ 0.038 0.237 £0.004  0.410 £+ 0.030
EA-LSTM [7] 0.609 £ 0.028  5.746 =0.187  2.397 & 0.080 0.240 = 0.004  0.389 = 0.010
CNN-RNN [8] 0.625 £ 0.028  4.469 + 0.148 2114+ 0.047 0211 £0.004  0.378 £ 0.086
Transformer [9] 0.640 £0.029  4.260 + 0.132 2.064 +0.067  0.206 £+ 0.003 0.372 £ 0.035
Al-Based [10] 0.645 £ 0.077  4.339 £ 0.100 2.083 £ 0.085 0.208 £+ 0.002 0.351 £ 0.039
Self-training [11] 0.652 +0.004  3.980 + 0.331 1.995 + 0.035 0.200 £ 0.008 0.342 £+ 0.031
GAN-TLSTM [25] 0.658 + 0.025 3.698 + 0.162 1.923 £+ 0.040 0.192 £ 0.004  0.326 £ 0.085
Hybrid-ensemble [12] 0.662 + 0.094 3.508 £+ 0.109 1.873 £ 0.015 0.187 + 0.003 0.301 + 0.070
Frequency-CNN [13] 0.672 £0.067  3.430 £+ 0.052 1.852 + 0.083 0.185 £+ 0.001 0.290 £ 0.043
Proposed 0.781 £0.018  2.611 = 0.103 1.616 + 0.075 0.162 £ 0.003 0.278 £ 0.004

The proposed model exhibits strong generalizability across the diverse HYSETS
dataset, which includes various catchment regions and hydrological conditions. When
compared to Frequency-CNN, the top-performing baseline, the proposed model reduces
RMSE by 12.7%, lowers NRMSE by 12.4%, and improves ATPE-2% by 4.1%. These re-
sults indicate better prediction accuracy and stability. In terms of MSE, the improvement
is 23.8%, further confirming its reduced error accumulation over large-scale predictions.
Compared to Self-training, another strong baseline, the proposed model reduces RMSE
by 19.0%, improves NRMSE by 19.0%, and increases ATPE-2% by 19.8%, indicating su-
perior accuracy and consistency. Compared to classical machine learning methods like
GEP and MLP-ensemble, the proposed model achieves a 37.9% reduction in RMSE and
a 38.1% reduction in RMSE, respectively, while improving ATPE by 40.4% and 36.5%, re-
spectively. The model also reduces the MSE by 61.4% compared to the MLP-ensemble,
demonstrating its effectiveness in minimizing prediction variance across different regions.
Even against competitive hybrid models like Transformer-LSTM, EA-LSTM, and GAN-
TLSTM, the proposed model consistently achieves better results in all five metrics, NSE,
MSE, RMSE, NRMSE, and ATPE-2%, indicating a strong edge in both learning capability
and generalization.

These consistent improvements confirm that the model can adapt to unseen hy-
drological patterns across a wide range of climatic and geographical conditions. The
HYSETS dataset covers many basins across North America. These basins include snow-
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dominated catchments, arid regions, humid temperate zones, and mixed seasonal areas.
The proposed model maintained high accuracy and low error rates across these con-
trasting environments, demonstrating its ability to generalize beyond the specific dis-
tributions seen during training. This matters in real-world use, since many ungauged
basins show different temporal and spatial patterns than well-measured ones. The sig-
nificant reductions in RMSE, NRMSE, MSE, and ATPE-2% across all climatic categories
further highlight the robustness of the model in capturing both typical flow dynamics
and rare hydrological extremes. These results collectively establish the model as a de-
pendable forecasting tool suitable for deployment in regional and continental hydrolog-

ical monitoring systems.

3.3. Analysis of the Off-Policy PPO Algorithm

In this section, we compare the KL divergence of PPO, off-policy PPO, TRPO, and soft
actor—critic (SAC) methods to assess the stability of off-policy PPO in practical settings.
SAC is selected for comparison because it is considered the state-of-the-art in off-policy
methods. The KL divergence comparison is shown in Figure 7. In Figure 7, the reported
KL divergence measures the difference between 7t; and 7;, 1 with each policy update. The
results demonstrate that off-policy PPO consistently maintains the lowest KL divergence
among all methods, highlighting its superior policy stability. Unlike SAC, off-policy PPO
achieves about 65% lower KL divergence, showing around 30% and 20% reductions com-
pared to PPO and TRPO, respectively. This stability ensures smooth and controlled policy
updates, minimizing the risk of erratic learning behavior. Therefore, off-policy PPO is
highly suitable for robust training in rainfall-runoff modeling tasks requiring dependable
reinforcement learning convergence.

Off-Policy PPO
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Figure 7. KL divergence comparison across reinforcement learning algorithms in 300 epochs.

Figure 8 illustrates the learning progression of different reinforcement learning meth-
ods, as measured by the average rewards earned across episodes. Throughout training, the
off-policy PPO method maintains higher average rewards than PPO, TRPO, and SAC. No-
tably, by episode 100, off-policy PPO attains approximately 25% higher average rewards
than PPO and TRPO and about 60% higher than SAC. This superior performance demon-
strates the enhanced learning efficiency and robustness of the model. The results confirm
that off-policy PPO is highly effective in achieving stable and fast convergence, making it
an ideal choice for rainfall-runoff modeling tasks.
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Figure 8. Average reward comparison across reinforcement learning algorithms in 100 epochs.

Figure 9 shows the feature importance visualization of each of the 32 features using
SHAP values in the proposed rainfall-runoff model. Key influential features identified
include one feature from the meteorological forcings—“Daily mean precipitation” —and
three features from the Static catchment characteristics: “Average daily precipitation,”
“Mean elevation,” and “Average daily PET.” These variables are critical for runoff predic-
tion because they directly affect water flow patterns and water loss mechanisms. Other im-
portant factors are “Total area of the catchment,” “Maximum air temperature,” “Frequency
and duration of intense precipitation,” and “Forest coverage ratio.” Mid-level features, in-
cluding “Maximum water holding capacity of the soil,” “Aridity index,” and “Proportion
of snowfall,” also significantly impact runoff, while lower-ranked features, such as “Soil
porosity” and “Surface permeability,” provide additional contextual insights.

Feature

Average daily potential evapotranspiration (PET)

Daily mean precipitation
Average daily precipitation
Mean elevation of the catchment area

Total area of the catchment

Maximum air temperature at 2 meters height
Frequency of intense precipitation

Duration of intense precipitation episodes
Minimum air temperature at 2 meters height
Maximum water holding capacity of the soil
Proportion of snowfall

Forest coverage ratio

Aridity index

Maximum soil depth (STATSGO method)
Maximum soil depth (Pelletier method)
Average slope of the catchment area

Peak green vegetation fraction (GVF)

Soil hydraulic conductivity

Proportion of carbonate rocks

Peak leaf area index (LAI) Value

LAI variability

Duration of dry spells

Frequency of dry days

Seasonal precipitation variation

Daily solar radiation reaching the ground
Percentage of silt in soil

Percentage of clay in soil

Average daily vapor pressure near the ground
Percentage of sand in soil

Soil porosity

GVF variability 4

Geological surface permeability

Figure 9. Comparative visualization of feature importance in the proposed rainfall-runoff modeling.
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3.4. Analysis of the Proposed GAN

This section assesses the efficacy of our proposed GAN in online data augmenta-
tion. We compare it against six other GAN models: original GAN, Wasserstein GAN
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(WGAN), self-attention GAN (SAGAN)), progressive growing of GAN (PGGAN), big GAN
(BigGAN), and style-based GAN (StyleGAN). Table 14 summarizes the results of our com-
parative evaluation using Fréchet inception distance (FID), maximum mean discrepancy
(MMD), Wasserstein distance, and Kolmogorov-Smirnov (KS) test metrics.

Table 14. Performance comparison of the various GANs for data augmentation.

Model FID MMD Wasserstein KS
GAN 11.823 £ 0.054 12.758 = 0.057 13.470 +£0.059 0.625 £ 0.032
WGAN 8.213 £0.054 10.377 £0.061 12.035 + 0.000 0.572 4 0.082
SAGAN 7.898 +£0.024 9.957 +0.084 10.620 4+ 0.022  0.546 4 0.010
PGGAN 6.746 & 0.058  7.227 £0.030 7.870 £0.099  0.502 + 0.029
BigGAN 5485+ 0.080 5323 £0.061 5966 +0.059 0.498 + 0.016
StyleGAN 4591 +£0.044 4399 + 0.063  4.034 - 0.016  0.481 + 0.085
Proposed GAN 1.043 £0.013 2520+ 0.071  3.099 +0.095 0.358 4 0.004

The proposed GAN consistently outperforms all baselines across multiple evaluation
metrics, confirming its superior ability to generate high-fidelity and diverse samples. It
achieves substantial reductions in FID, MMD, and Wasserstein distance when compared
with traditional GAN models such as the original GAN, WGAN, SAGAN, PGGAN, Big-
GAN, and StyleGAN. Notably, it improves FID by over 75% on average and achieves the
lowest values across all metrics. Additionally, the KS test results confirm that the proposed
GAN better captures the statistical distribution of the real data, with a 42.7% reduction
in KS statistics compared to the GAN and an improvement of around 25.6% over the ad-
vanced StyleGAN model. These improvements result primarily from selectively excluding
certain gradients during training. This approach enables the proposed GAN to focus on
harder-to-learn examples, enhancing the diversity and applicability of generated samples
without overfitting dominant patterns. Overall, the results demonstrate that our improved
GAN achieves superior fidelity and diversity, making it highly suitable for robust online
data augmentation in rainfall-runoff modeling tasks.

Figure 10 depicts the training loss curves for the generator and discriminator of the
proposed GAN across 300 epochs. Both curves show a steady and consistent decrease, indi-
cating effective and stable training without signs of mode collapse or instability. Through-
out the training, the loss of the generator remains slightly higher than the loss of the dis-
criminator, which is expected in a well-functioning GAN. Both losses, however, smoothly
converge toward lower values, confirming balanced learning between the generator and
discriminator. The narrowing gap between the two losses toward the end of training
reflects good model fidelity. This stable convergence behavior, alongside the improved
FID, MMD, Wasserstein, and KS metrics shown earlier, demonstrates that the proposed
GAN is highly suitable for online data augmentation tasks, ensuring both the quality
and diversity of generated runoff data, which are essential for enhancing rainfall-runoff
modeling performance.

Figure 11 graphically contrasts the data distributions generated by the traditional
GAN and the enhanced GAN, illustrating significant enhancements in the variety and
authenticity of the data produced by the enhanced GAN. The proposed GAN replicates
the distribution of the actual data more accurately. It captures multiple peaks in the dis-
tribution and avoids the overly simplistic patterns observed with the conventional GAN.
This indicates that the enhanced GAN successfully prevents issues like mode collapse, a
common problem in GAN training. The proposed GAN ensures fidelity and diversity by
generating a wide and realistic range of data values, which is crucial for robust online data
augmentation in rainfall-runoff modeling.
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Figure 10. Training loss curves for the generator and discriminator in the proposed GAN model over
300 epochs.
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Figure 11. Comparison of data distributions generated by the conventional GAN and the enhanced GAN.

3.5. Analysis of BOHB

This section evaluates the BOHB algorithm against several well-known hyperparam-
eter optimization methods. To ensure consistent comparisons, all model variables were
standardized during the tests. This evaluation includes three basic algorithms—random
search, grid search, and Bayesian optimization—along with six evolutionary algorithms:
white shark optimizer (WSO), whale optimization algorithm (WOA), puma optimizer
(PO), covariance matrix adaptation evolution strategy (CMA-ES), artificial bee colony
(ABC), and differential evolution (DE). The performance of these techniques was assessed
in Table 15.

The BOHB method consistently outperforms other hyperparameter optimization
strategies across all five key evaluation metrics. In terms of RMSE, BOHB achieves the
lowest value of 1.622, improving upon DE by 7.7% and Bayesian Optimization by 10.6%,
and delivering a substantial 32.8% reduction compared to Random Search. For ATPE-2%,
BOHB scores 0.873, which is 5.6% better than ABC and 1.3% better than Bayesian Optimiza-
tion, showing greater accuracy in predicting extreme runoff events. BOHB reaches an NSE
of 0.252, which is lower than DE (0.298), CMA-ES (0.331), and PO (0.337). In terms of MSE,
BOHB improves by 9.9% compared to Hyperband and 13.2% relative to WOA, indicating
a reduction in error variance and improved convergence. For NRMSE, BOHB achieves
0.162, outperforming all competing methods and confirming its scale-normalized preci-
sion. These consistent improvements confirm the strong optimization capability of BOHB.
Its effectiveness stems from combining Bayesian inference, the early stopping benefits of
Hyperband, and gradient-free methods used in the improved GAN. Together, these fea-
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tures support faster convergence, stable performance, and broader generalizability, mak-

ing BOHB highly suitable for real-time rainfall-runoff forecasting.

Table 15. Performance metric comparison of various hyperparameter optimization methods.

Method NSE MSE RMSE NRMSE ATPE-2%
Random search 0.382 + 0.039 5.832 + 0.266 2.415 £ 0.037 0.241 £+ 0.005 0.756 £ 0.025
Grid search 0.286 + 0.011 3.035 £ 0.091 1.742 £+ 0.071 0.174 + 0.003 0.822 + 0.070
Bayesian optimization 0.272 = 0.072 2.686 + 0.311 1.639 £ 0.098 0.164 £ 0.009 0.862 £+ 0.063
Hyperband 0.290 £ 0.043 2.839 £+ 0.024 1.685 £ 0.008 0.169 £ 0.001 0.842 £ 0.051
WSO 0.361 £ 0.065 5253 + 0.312 2.292 £ 0.049 0.229 + 0.007 0.759 £+ 0.020
WOA 0.358 + 0.047 5.126 + 0.190 2.264 £ 0.079 0.226 + 0.004 0.765 £+ 0.098
PO 0.337 + 0.065 4.477 + 0.165 2.116 £ 0.037 0.212 £+ 0.004 0.786 + 0.014
CMA-ES 0.331 £ 0.023 3.276 £ 0.127 1.810 £ 0.036 0.181 £ 0.004 0.815 £ 0.040
ABC 0.311 £ 0.053 3.176 £ 0.114 1.782 £ 0.059 0.178 £ 0.003 0.827 £ 0.080
DE 0.298 £+ 0.095 3.091 + 0.084 1.758 £+ 0.046 0.176 + 0.002 0.831 £ 0.066
BOHB 0.252 + 0.097 2.631 + 0.269 1.622 £+ 0.026 0.162 + 0.008 0.873 = 0.097

Table 16 presents a comprehensive evaluation of the computational efficiency of the
BOHB algorithm in comparison to other hyperparameter optimization strategies, with a
focus on runtime and GPU usage. BOHB utilizes only 18.3 GB of GPU memory, represent-
ing a reduction of 28.9% compared to DE, 19.4% compared to ABC, and 11.2% compared to
WOA. Regarding runtime, BOHB completes in 4326 s, which is 7.2% faster than Bayesian
optimization, 9.2% faster than CMA-ES, and 12.1% faster than PO. Although BOHB runs
slightly longer than Hyperband, it achieves better optimization results, which makes the
extra time worthwhile. These performance gains indicate the balance between speed and
resource efficiency achieved by BOHB, which is critical for real-time applications. Its abil-
ity to achieve superior optimization quality while maintaining manageable computational
costs confirms its practicality for real-world rainfall-runoff forecasting, where responsive-
ness and robustness are essential.

Table 16. Comparative analysis of runtime and GPU usage metrics when using different models for
hyperparameter optimization.

Model Runtime (s) GPU Usage (GB)
Random search 3860 18.1
Grid search 3952 20.5
Bayesian optimization 4662 20.6
Hyperband 3826 16.7
WSO 4752 19.2
WOA 4862 222
PO 4920 21.0
CMA-ES 4836 20.8
ABC 4841 227
DE 4700 25.8
BOHB 4326 18.3

Figure 12 illustrates the effectiveness of the BOHB algorithm in tuning hyperparame-
ters, as demonstrated by its precise adjustments across various settings. The BOHB method
successfully identifies the most effective values for batch size (68), number of epochs (219),
learning rate (0.0001), number of TLSTM layers (3), and SHAP scaling factor (9) (0.42), each
corresponding to the lowest ATPE-2% values across the tested ranges. For instance, using
a learning rate of 1.0 increases ATPE-2% by almost 80% compared to the optimal value,
whereas selecting the best batch size lowers the error by more than 50% relative to less
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effective values. These outcomes illustrate the robustness of BOHB in converging on hy-
perparameter settings that significantly reduce forecasting errors. By exploring the trade-
offs in model complexity and learning stability, BOHB demonstrates strong capability in
balancing performance and efficiency. This accuracy in tuning hyperparameters confirms
the suitability of BOHB for complex rainfall-runoff modeling tasks where fine control of
training dynamics is critical.
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Figure 12. Impact of hyperparameter choices on ATPE-2% across different settings using the
BOHB algorithm.

3.6. Discussion

This research presents an advanced framework for RRM, developed to address long-
standing challenges in temporal sensitivity, feature selection, data augmentation, and hy-
perparameter tuning. The framework employs four key techniques: TLSTM for capturing
fine-grained temporal changes, an off-policy PPO method to evaluate and select impor-
tant input features, an enhanced GAN to create varied and realistic training samples, and
BOHB to efficiently fine-tune the hyperparameters of the model. Together, these strategies
significantly improve prediction accuracy and generalization, as shown by the results on
the CAMELS and HYSETS datasets. Comparative evaluations clearly show that this model
outperforms leading alternatives in the field. Furthermore, ablation studies highlight the
distinct contribution of each component, emphasizing their essential roles in enhancing
the robustness and reliability of the model.

Table 17 presents a comparative analysis between the proposed model and the
strongest existing baseline, Frequency-CNN, across the CAMELS and HYSETS datasets
using five key metrics: NSE, MSE, RMSE, NRMSE, and ATPE-2%. In the CAMELS dataset,
the proposed model outperforms Frequency-CNN in all metrics. It achieves a 5.2% in-
crease in NSE, a 38.3% reduction in MSE, and a 21.4% reduction in RMSE, demonstrating
improved accuracy. The NRMSE decreases by 21.4%, indicating improved error normal-
ization relative to the data scale. Most notably, ATPE-2% decreases by 51.8%, indicating
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a substantial reduction in total percentage prediction error. In the HYSETS dataset, the
model also improves on all metrics, yielding a 16.2% improvement in NSE, a 23.8% reduc-
tion in MSE, a 12.7% decrease in RMSE, a 12.4% decrease in NRMSE, and ATPE-2% drops
by 4.1%. The reported outcomes suggest consistent generalization performance across di-
verse hydrological conditions. These results collectively affirm the robustness, scalability,
and improved generalization of the proposed model, making it a strong candidate for prac-
tical rainfall-runoff forecasting at both regional and national scales.

Table 17. Comparative performance of the proposed model vs. best existing models on the CAMELS
and HYSETS dataset.

Dataset CAMELS HYSETS
Metric Best Previous Model o 0e ol - e nge  BestPreviousModel  peormaite st Jheennes
NSE Freq‘(‘ggcsyo')CNN 0.873 15.2% Freq‘(lgfé;g')CNN 0.781 116.2%
MSE Freq‘zzg%z;CNN 2.631 138.3% Freq‘gzg%')CNN 2611 123.8%
RMSE Freq‘z;_r(‘)‘;y&;)CNN 1.622 121.4% Freq‘gg%')CNN 1.616 112.7%
NRMSE Freq‘zgg%%')CNN 0.162 121.4% Freq‘;gi%y&_)')CNN 0.162 112.4%
ATPE-2% Freq‘zgg%')CNN 0.252 151.8% Freq‘zggcgyo')CNN 0.278 14.1%

In our model, TLSTM was selected as the core model to address the intricate tem-
poral dependencies in rainfall-runoff datasets. Traditional LSTMs use only labeled data
during training based on inductive learning. In contrast, TLSTM incorporates labeled and
unlabeled test-time data, enabling better adaptability to unseen distributions. This capa-
bility helps the model capture temporal drift and variability in hydrological conditions
across basins and seasons. TLSTM enhances sequence modeling capacity, particularly in
data-sparse or highly volatile scenarios, where standard LSTMs often fail to generalize
effectively. Through empirical analysis, TLSTM consistently demonstrated lower valida-
tion losses and more accurate runoff predictions, particularly during abrupt hydrological
changes such as peak flow events. TLSTM uses transductive learning to align training
and test data distributions more effectively. This leads to more stable and accurate predic-
tions. Therefore, its inclusion is pivotal in enhancing the temporal modeling accuracy of
the rainfall-runoff system.

Off-policy PPO was selected for feature selection due to its capacity to learn from
past experiences. This property offers a significant advantage in DRL systems, where his-
torical data enhances decision-making. Unlike on-policy algorithms, off-policy PPO can
utilize previously collected samples to improve policy updates, thereby increasing sam-
ple efficiency. This capability is particularly valuable in RRM, where acquiring extensive
datasets can be a resource-intensive process. The model incorporates SHAP values into the
reward function. This integration helps identify and prioritize the most informative fea-
tures, enhancing prediction accuracy and model interpretability. This strategy aligns with
recent trends in DRL research, where off-policy techniques have demonstrated superior
performance by effectively balancing exploration and exploitation.

Implementing an improved GAN for online data augmentation addresses the chal-
lenge of limited and imbalanced datasets in RRM. The GAN improves diversity and real-
ism in synthetic data by excluding specific gradients during training. This strategy also
reduces the risk of mode collapse. As a result, the generated data better reflects real-world
variability, improving the ability of the model to generalize to unseen cases. The ability of
the enhanced GAN to produce high-fidelity data supports robust model training, resulting
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in improved performance in forecasting tasks. Such data augmentation techniques are in-
creasingly recognized for their role in improving model robustness, especially in domains
where data scarcity is a significant concern.

BOHB combines the strengths of Bayesian optimization and Hyperband, offering a
balance between exploration and exploitation in hyperparameter tuning. Bayesian opti-
mization uses a probabilistic model to predict the best hyperparameter settings. In con-
trast, Hyperband focuses on quickly assigning resources to the most promising configura-
tions. This hybrid approach accelerates the tuning process, ensuring the model converges
to optimal settings with reduced computational overhead. RRM is particularly sensitive
to hyperparameter choices. BOHB is well-suited for this task because it delivers high ac-
curacy and uses fewer computational resources.

The theoretical and practical aspects of the work are significant. Theoretically, the
framework integrates TLSTM, off-policy PPO, an improved GAN, and BOHB, each ad-
dressing specific challenges in rainfall-runoff modeling. This combination forms a co-
hesive strategy for capturing temporal patterns, improving data quality, and optimizing
model settings. Practically, the design of the model supports real-time applications by
ensuring efficient training and inference processes. BOHB accelerates hyperparameter
tuning, while the improved GAN facilitates continuous data augmentation, allowing the
model to adapt to new data streams. This adaptability is crucial for real-time forecasting in
dynamic environments, where timely and accurate predictions are essential for informed
decision-making in water resource management and disaster mitigation.

The architecture and techniques used in the proposed model are adaptable to multiple
fields that involve forecasting time-series data and making decisions in uncertain environ-
ments. In hydrology, the model can be adapted for flood prediction, groundwater level fore-
casting, and water quality assessment. Agriculture can support irrigation planning by pre-
dicting soil moisture levels and crop water requirements. The energy sector can benefit from
the model in forecasting renewable energy generation, such as solar and wind power, which
are influenced by weather patterns. Additionally, the components of the model are applicable
in financial forecasting, where time-series data and feature selection are critical for predicting
market trends. Integrating GANSs for data augmentation can address data scarcity in medical
diagnostics, enhancing the training of models for disease prediction. Overall, the modular
design of the model enables customization to meet specific domain requirements, making it
a versatile tool for various applications involving complex, dynamic systems.

The limitations of the proposed model can be summarized as follows:

e A key limitation of this study is that it primarily uses the CAMELS and HYSETS
datasets. Although both are high-quality and cover a wide range of North American
catchments, they are limited in geographic scope. These datasets encompass a range
of climate zones, including humid, continental, and cold regions. However, they do
not include catchments from tropical, arid, semi-arid, or monsoon-affected regions.
These regions exhibit fundamentally different runoff generation mechanisms, precip-
itation patterns, and soil dynamics. Consequently, the generalizability of our model
to such diverse global contexts remains untested. Addressing this gap is crucial for ap-
plications in regions facing water scarcity or flood risks due to climate change. Future
research should validate the model using datasets from other continents, particularly
in Asia, Africa, and South America, to ensure robustness across varied environmental,
climatic, and socio-hydrological conditions.

e  Another limitation is that the model has not been designed or tested for long-term cli-
mate change scenarios or short-duration extreme rainfall events. While performance
on historical data is promising, climate change may introduce hydrological behav-
iors that differ from past observations. Rapid changes in rainfall intensity, shifts in
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seasonal patterns, or temperature-driven snowmelt can challenge the structure of the
model. Extreme rainfall events also create sudden runoff spikes that require high tem-
poral resolution and specialized calibration. These aspects were not included in this
study. Future work should evaluate the resilience of the model under climate projec-
tions and develop modules or hybrid architectures that can capture climate-sensitive
patterns and abrupt hydrological extremes.

Another limitation of the proposed model is its computational footprint. Although
the average decision-making time (~60 ms) supports real-time applications, such as
rainfall-runoff modeling, using the model in limited-resource environments (e.g.,
edge devices or embedded sensors) can still be challenging. These environments typ-
ically require lightweight models with low latency and minimal memory use. While
the current model strikes a balance between complexity and performance, reducing its
computational load would help expand its usability. To address this, future work will
develop optimized versions using techniques like pruning, quantization, and knowl-
edge distillation. These approaches aim to preserve predictive accuracy while low-
ering runtime cost. This effort will support real-time use in RRM and extend the ap-
plicability of the model to other time-sensitive tasks, such as flood forecasting, early
warning systems, and hydrological monitoring, on devices with limited resources.
Despite its improved temporal sensitivity, TLSTM introduces two main limitations.
First, the dynamic weighting mechanism increases computational demands com-
pared to conventional LSTMs. This can slow training, especially with long sequences
or large hydrological datasets. Second, its sensitivity to local temporal changes raises
the risk of overfitting, particularly when data is limited. As a result, the model might
fit noise or uncommon patterns too closely, which reduces its ability to generalize
to new data. To address these issues, several strategies can be used. Regularization
techniques, such as dropout and L2 norm regularization penalty, help prevent over-
fitting. Early stopping based on validation loss can also limit learning from noisy in-
puts. Combining TLSTM with simpler models or utilizing ensemble techniques can
help strike a balance between complexity and stability. This leads to solutions that
are both robust and computationally efficient for runoff modeling.

The effectiveness of the feature selection and data interpretation mechanisms of the
model hinges on domain-specific insights. Although the off-policy PPO algorithm ex-
cels at identifying complex patterns, it requires a well-structured feature space and
suitable reward mechanisms, which are best designed with extensive domain knowl-
edge. This requirement can be a hurdle in environments needing more expertise,
limiting the applicability of the model across different domains or for users without
specialized training. To address this, developing a more adaptive or self-learning
feature selection mechanism that requires less human intervention is beneficial. Tech-
niques such as unsupervised learning or reinforcement learning with automated re-
ward shaping can reduce the need for predefined domain knowledge. Additionally,
collaboration with domain experts during the model design and continuous training
phases could help integrate essential domain knowledge into the system, making it
more robust and versatile.

While the model excels in controlled tests, such as those with the CAMELS and HY-
SETS datasets, scaling it to handle larger or more complex datasets poses significant
challenges. The computational complexity and data-intensive design of the model
may lead to scalability issues, limiting its suitability for large-scale hydrological appli-
cations. These challenges, including longer run times and increased hardware require-
ments, might only be practical or cost-effective in some situations. To address this, it
is important to enhance the scalability of the model. This could involve adapting the
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model to leverage distributed computing environments, such as cloud platforms or
parallel processing architectures. Techniques like data partitioning and model simpli-
fication during runtime could also be explored. Furthermore, incremental or online
learning approaches, where the model updates its parameters continuously as new
data arrives rather than retraining from scratch, could significantly reduce computa-
tional demands and improve scalability.

4. Conclusions

This study introduces an innovative approach to RRM, incorporating four key com-
ponents: a TLSTM for temporal learning, off-policy PPO for selecting relevant features,
an improved GAN for augmenting data online, and BOHB for tuning hyperparameters.
The model significantly improves upon traditional LSTM-based methods by addressing
key limitations in temporal sensitivity, feature relevance, generalizability, and training effi-
ciency. Experimental results on the CAMELS dataset illustrate the robustness and superior
performance of the model, achieving an NSE of 0.588 in individual modeling and 0.873 in
regional modeling, surpassing the best existing models with NSE scores of 0.548 and 0.830,
respectively. On the HYSETS dataset, the proposed model demonstrated strong general-
izability, achieving an NSE of 0.781, exceeding the best-performing existing model, which
obtains an NSE score of 0.672. These findings show that the model can capture complex
hydrological dynamics. The results also highlight its practical value for improving flood
forecasting accuracy. It can support water resource planning and guide decisions in both
local and regional runoff prediction systems.

In future work, the model can be enhanced by adding spatiotemporal attention mech-
anisms. This would help the network selectively focus on important spatial regions and
periods within large-scale hydrological datasets. This enhancement could further improve
the interpretability and performance of the model, particularly in complex watershed sys-
tems where rainfall-runoff interactions vary across space and time. Moreover, the pro-
posed model could be adapted for multi-output forecasting to simultaneously predict ad-
ditional hydrological variables such as soil moisture, evapotranspiration, and groundwater
levels. Integrating these outputs within a unified framework would facilitate more com-
prehensive water resource management and strengthen the applicability of the model in
climate-resilient infrastructure planning and early warning systems.
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