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Abstract: This work presents a novel approach to rainfall–runoff modeling. We incorporate GAN-
based data compaction into a spatial-attention-enhanced transductive long short-term memory
(TLSTM) network. The GAN component reduces data dimensions while retaining essential features.
This compaction enables the TLSTM to capture complex temporal dependencies in rainfall–runoff
patterns more effectively. When tested on the CAMELS dataset, the model significantly outperforms
benchmark LSTM-based models. For 8-day runoff forecasts, our model achieves an NSE of 0.536,
compared to 0.326 from the closest competitor. The integration of GAN-based feature extraction with
spatial attention mechanisms improves predictive accuracy, particularly for peak-flow events. This
method offers a powerful solution for addressing current challenges in water resource management
and disaster planning under extreme climate conditions.

Keywords: rainfall–runoff modeling; water resource management; climate change; long short-term
memory style; generative adversarial network; autoencoder

1. Introduction

Climate change is causing increasingly frequent and intense extreme weather events.
These events include prolonged droughts and heavy rainfall, which result in fluctuations
in river flows, reduced ecological flows, and declining water quality [1]. These impacts
present significant challenges for water resource management. Key issues include flood pre-
diction, flood management, and the assessment of water availability during dry spells [2].
Rainfall–runoff models are essential tools for predicting water flow patterns. They play a
critical role in ensuring sustainable water management practices in response to climatic
changes [3]. Accurate rainfall–runoff predictions are vital for guiding infrastructure design
in flood-prone areas. Robust modeling is necessary to prevent flood damage and manage
water resources during periods of scarcity [4]. These models also enable decision-makers
to manage water resources more effectively by providing insights into how water systems
will behave under various climatic scenarios [5]. Predicting how rainfall translates into
runoff is crucial for flood risk mitigation, drought preparedness, and balancing ecological
needs with human water consumption. As climate change intensifies, the importance
of these models continues to grow [6]. Recent research highlights their role in assessing
water availability during droughts and planning for flood events in both urban and rural
areas [7]. Additionally, rainfall–runoff models are central to designing infrastructure that
can withstand unpredictable water flows, ensuring that flood prevention measures and
water storage systems are prepared for future climatic conditions [8]. Machine learning
(ML) techniques, particularly long short-term memory (LSTM) networks, have shown
great promise in improving the accuracy of rainfall–runoff models by capturing complex
temporal dependencies in sequential data [9]. LSTM-based models have proven effective
for daily runoff forecasting and aquifer level prediction. Their superiority over traditional

Remote Sens. 2024, 16, 3889. https://doi.org/10.3390/rs16203889 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs16203889
https://doi.org/10.3390/rs16203889
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0003-4729-9292
https://doi.org/10.3390/rs16203889
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs16203889?type=check_update&version=2


Remote Sens. 2024, 16, 3889 2 of 18

conceptual models has been established in runoff–sediment modeling [10]. However, de-
spite these advancements, ML models still face limitations. These include the requirement
for large, high-quality datasets and the risk of overfitting [11]. Additionally, the “black box”
nature of ML models can limit their interpretability, making it challenging for stakeholders
to trust their predictions in critical decision-making scenarios [12]. To overcome these
challenges, hybrid models combining data-driven approaches with physically based hydro-
logical models have emerged as a promising solution. By integrating physical principles
with machine learning, these models enhance both prediction accuracy and interpretabil-
ity [13]. For instance, incorporating spatial attention mechanisms into LSTM models has
improved predictive accuracy across diverse catchments. Generative adversarial networks
(GANs) also exhibit potential by reducing data dimensionality and improving feature ex-
traction from complex, nonlinear datasets. This enhances the performance of rainfall–runoff
models [14,15]. In this study, we propose a novel rainfall–runoff model that integrates
GAN-based data compaction with a spatial-attention-enhanced transductive long short-
term memory (TLSTM) network. This approach addresses the limitations of traditional
LSTM models by improving predictive accuracy, particularly for extreme hydrological
events such as floods and droughts. Transductive learning is especially beneficial for runoff
simulations as it adapts to the specific hydrological conditions of different basins. This
enhances predictive accuracy where traditional LSTM models struggle with generalization
due to spatial and temporal variability [16]. Using the CAMELS dataset, which provides
comprehensive meteorological and hydrological data from 674 basins across the United
States, we validate the model’s performance in both individual basin and regional-scale
simulations [17]. This novel combination of GAN-based feature extraction and TLSTM
offers a powerful tool for enhancing water resource management, flood prevention, and
infrastructure planning in the context of climate change.

Hypothesis: We hypothesize that integrating GAN-based data preprocessing with transductive
learning in TLSTM will significantly improve runoff prediction accuracy and generalization across
diverse hydrological conditions compared to traditional LSTM-based models.

2. Materials and Methods

We start this section with a description of the dataset, detailing its characteristics and
extent. This is followed by a discussion of the metrics used to evaluate the performance
of our models. Afterward, we present the proposed method and conclude with some
implementation details.

A. Dataset description

We selected the CAMELS dataset [18] due to its extensive coverage and variety of
catchment features, which align with benchmarks in rainfall–runoff modeling. This dataset
provides detailed meteorological and runoff data, making it ideal for robust model eval-
uation. The wide range of climatic and geographical features in CAMELS ensures that
the model is scalable and can be applied in diverse regions, even those not specifically
represented in the dataset. This variety allows the model to generalize well and remain
reliable across different hydrological conditions.

The CAMELS dataset contains data from 674 basins, with 11,981 records across the
United States. This extensive dataset supports comprehensive model evaluation by pro-
viding meteorological forcings, catchment characteristics, and daily runoff data for each
basin, spanning from 1 October 1980 to 31 December 2014. The broad application of this
model beyond the CAMELS dataset provides valuable insights into its reliability for global
hydrological forecasting, making it suitable for a wide range of environmental settings.
For individual basin rainfall–runoff modeling, we used daily meteorological data from the
Daymet dataset [19]. Regional models employed data from the Maurer dataset [20]. These
diverse meteorological data sources align with established benchmarks for both individual
and regional rainfall–runoff modeling, which use these datasets as standards. Additionally,
integrating satellite soil moisture data into rainfall–runoff models has shown promise in im-
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proving river discharge predictions. As discussed by Massari et al. (2023), this approach has
both complexities and benefits [21]. Catchment features, such as soil composition, climatic
conditions, and vegetation cover, are extensively detailed in the dataset. Meteorological
forcings and catchment details are presented, features (listed in Table 1) can be extracted
and used as inputs to the autoencoder. For individual basin rainfall–runoff modeling, we
utilized 673 basins, in line with benchmarks. Similarly, regional models used data from
448 basins. The discrepancy between the total number of basins (674) and the number
used for modeling (673 + 448 = 1112) suggests that one basin might have been excluded
from both individual and regional modeling. For fair comparison, we used the same daily
meteorological forcings and catchment attributes as the benchmarks. The CAMELS dataset
is available at https://gdex.ucar.edu/dataset/camels.html (accessed on 5 July 2023).

Table 1. Meteorological forcings and catchment characteristics.

Average Precipitation

• The average precipitation received across the catchment area, typically measured in mm/year.

Average Temperature

• The average annual temperature, often reflecting climatic conditions, in degrees Celsius.

Soil Characteristics

• Soil classifications across the catchment areas, detailing proportions of sandy loam, clay, and silt loam.

Land Use

• Primary land use within the catchment area, such as agricultural, urban, or forested regions.

Topography

• Description of the elevation and slope variations across the catchment

Runoff Coefficient

• Proportion of rainfall that contributes to surface runoff, calculated as a percentage.

This table summarizes the key meteorological forcings and catchment characteristics,
including average precipitation, temperature, and soil characteristics. For a more detailed
description of the catchment characteristics, please refer to the Supplementary Information.

B. Metrics

To assess performance, we utilize these indicators: Nash–Sutcliffe Efficiency (NSE),
Root Mean Square Error (RMSE), and Absolute Top 2% Prediction Error (ATPE-2%).

NSE is calculated using the following formula:

NSE = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − y)2 (1)

In this equation, yi represents the observed value at the ith instance, ŷi denotes the
predicted value, and y signifies the mean of N observations.

RMSE is computed as follows:

RMSE =

√
∑N

i=1(yi − ŷi)
2

N
(2)

A lower RMSE indicates a more accurate model.
ATPE-2% evaluates the precision of peak-flow forecasts and is defined as follows:

ATPE − 2% =
∑H

j=1

∣∣∣ŷj − y(j)

∣∣∣
∑H

j=1 y(j)
(3)

https://gdex.ucar.edu/dataset/camels.html
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Here, y(1) ≥ y(2) ≥ . . . ≥ y(H), with y(j) being the jth-ordered runoff observation,
ŷj being its prediction, and H being the count of the top 2% peak observations. A smaller
ATPE-2% value signifies a superior model.

C. Proposed method

C.1 Autoencoder and TLSTM Network Architecture

Figure 1 illustrates the architecture of the proposed model. The model integrates
an autoencoder (AE) to capture latent representations and distill essential features from
complex hydrological data. Following this, a transductive long short-term memory (TL-
STM) network is applied specifically for runoff prediction. The AE serves as a powerful
mechanism to reduce data dimensionality and noise. This enhancement in data quality
improves the inputs fed into the TLSTM network. The model employs both the autoencoder
and GAN for feature extraction, which is critical for its success. The model’s performance is
driven by key meteorological and catchment attributes, such as precipitation, soil moisture,
and temperature. These attributes are effectively captured during the feature extraction
process. This method allows the model to identify complex relationships between variables
and runoff patterns. The feature extraction process is also flexible enough to accommodate
different or additional input features, such as land-use changes or atmospheric pressure.
This flexibility ensures that the model continues to perform well even when new variables
are introduced. This adaptability makes the model robust across varying hydrological
conditions. By consistently identifying and prioritizing the most relevant inputs, the model
optimizes predictive accuracy. This approach also helps to identify which variables are
most critical to the model’s performance, enabling more targeted improvements in future
iterations. The TLSTM network, benefiting from the refined input, focuses on capturing
temporal dependencies and patterns within the data. The synergy between the AE and
TLSTM enhances the accuracy and efficiency of runoff predictions, even in highly variable
and dynamic rainfall scenarios. This combined approach not only improves predictive
accuracy but also enhances the model’s ability to generalize across different hydrological
conditions. This makes the model a robust tool for managing water resources and planning
for climate-related changes.
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Figure 1. Overview of the proposed rainfall–runoff prediction model.

2.1. Autoencoder Structure

Autoencoders (AEs) are part of a category of self-taught learning methods. These meth-
ods are designed to create models driven by data from untagged datasets. The principal
goal of an AE is to minimize discrepancies between the input and the reconstructed output
during the data reassembly phase. The AE framework consists of two main components:
the encoder and the decoder. The encoder transforms high-dimensional input data into a
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condensed latent representation. In contrast, the decoder attempts to regenerate the original
data from this compacted version. The goal is to produce a reassembled output that closely
resembles the original input, despite the encoding and decoding processes. Within an AE,
the latent representation acts as a compact summary of the input data, emphasizing its
primary characteristics. In this study, we employ a fully connected Multi-Layer Perceptron
(MLP) within the AE framework for feature extraction. The input to the encoder includes
meteorological forcings and catchment characteristics. The encoder is structured with three
hidden layers containing 128, 64, and 32 neurons, respectively. The central hidden layer
aligns the encoder’s output with the decoder’s input. Similarly, the decoder is organized
with three hidden layers, each consisting of 32, 64, and 128 neurons. The output of the
encoder, which is the condensed latent representation of the input data, is then fed into the
generator component of a generative adversarial network (GAN), as shown in Figure 1.
After processing by the GAN, which includes the operations of the autoencoder, the re-
sulting data is input into a series of TLSTM modules for further analysis and prediction.
This architecture enables sophisticated feature extraction through the GAN, followed by
temporal analysis using the TLSTM network.

2.2. Training Methodology: Modified GAN Framework

Transductive learning is crucial in runoff simulation because it offers more specific
predictions for the target environment, such as a particular basin or set of hydrological
conditions. Traditional LSTM models, which follow inductive learning, attempt to gen-
eralize patterns observed in the training data to unseen data. However, this approach
often struggles due to the variability and complexity of hydrological data, especially when
basins and catchments differ significantly. Transductive learning differs in that it allows
the model to utilize information from the target dataset during training. This feature
is particularly useful in runoff simulations, where runoff series exhibit high spatial and
temporal variability. By incorporating transductive learning into the TLSTM model, the
model becomes more adaptable and improves the accuracy of predictions for diverse and
dynamic hydrological systems. This approach overcomes the limitations of conventional
LSTM models, which may fail to capture variability and make appropriate predictions for
unfamiliar environments. In the training process, the autoencoder (AE) is integrated within
a modified generative adversarial network (GAN) framework. The AE functions as the
generator, while a second Multi-Layer Perceptron (MLP) network acts as the discriminator.
The discriminator assesses both the original input and its reconstructed version from the
AE. This GAN framework deviates from traditional models in its training method. Specifi-
cally, when updating the generator’s parameters with a generated mini-batch, gradients
associated with the mini-batch elements that produce the most significant outputs are
excluded. The generator update mechanism can be described as shown in Equation (4),
where D(Z) represents the discriminator output for each element in the mini-batch Z.

θG = θG − αG∑max
k

{D(Z)} ∇θG V(D, G), (4)

where

• θG is the parameters of the generator;
• αG is the learning rate for the generator;
• D(Z) is the discriminator output for each element in the mini-batch Z;
• ∇θG V(D, G) is the gradient of the value function V with respect to the generator

parameters θG.

Throughout the training phase, the discriminator acts as an evaluator for the samples
generated by the generator. Samples that are closely aligned with the target distribution
are assigned higher scores, whereas those that significantly deviate are scored lower. The
generator updates are influenced by the top-k samples, as rated by the discriminator within
a batch.
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C.2 Prediction

LSTMs have garnered considerable interest in runoff prediction due to their ability to
identify and utilize temporal correlations present in time-series data. Unlike traditional
statistical models, LSTMs can learn and adjust to complex patterns in the data, making
them effective for both modeling and forecasting runoff. A key advantage of LSTMs is
their ability to handle long-term dependencies, crucial for capturing subtle connections
and trends in runoff data. LSTMs utilize three gates (forget, input, and output) to process
information efficiently. These gates control the flow of information within the LSTM cell.
wi, w f , wo, wc, and wh represent weight matrices that control information flow within
the LSTM cell, associated with the input gate, forget gate, output gate, memory cell, and
hidden state, respectively. Additionally, bi (where i∈{f, c, o}) represents diagonal bias
vectors, crucial for gate activation. These bias vectors are incorporated alongside the weight
matrices within the LSTM gate equations. In these equations, Wxi,Wx f ,Wxo, and Wxc are the
input weight matrices, Whi, Wh f , Who, and Whc are the hidden state weight matrices, and
Wci, Wc f , and Wco are the memory cell weight matrices. bi, b f , bc, and bo are the bias vectors
for the input, forget, output, and cell gates, respectively. These bias vectors are defined
as bi ∈ Rn×1 , b f ∈ Rn×1 , bc ∈ Rn×1 and bo ∈ Rn×1 , representing the bias applied to each
gate. If we consider it, ft, ot, ct, and ht as the representations of the input gate, forget gate,
output gate, memory cell, and hidden state at time t, and xt is the input of the system at
time t, the structure of the LSTM cell can be explained as follows:

it = σ(Wxixt + Whiht−1 + Wcict−1 + bi) (5)

ft = σ
(

Wx f xt + Wh f ht−1 + Wc f ct−1 + b f

)
(6)

ct = ftct−1 + ittanh(Wxcxt + Whcht−1 + bc) (7)

ot = σ(Wxoxt + Whoht−1 + Wcoct + bo) (8)

ht = ottanh(ct) (9)

where σ(.) denotes the sigmoid function, acting as the activation function. Both the logistic
sigmoid and the hyperbolic tangent functions are applied elementwise. Comprehensive
weight matrices, denoted as Wxk where k ∈ {i, f , o, c}, correlate with the weights
related to the input xt in the input, forget, and output gates, as well as the memory
cell. Weight matrices Wck where k ∈ {i, f , h, o} are devised as diagonal matrices, the
linkage between the memory cell and the various gates. It is important to emphasize that
the number of neurons n for all gates is a pre-established parameter. Equations (5)–(9)
operate independently for each neuron. Assuming n represents the neuron quantity, then
{it, ft, ct, ot, ht} belong to the set Rn×1 and indicate the neuron activations at time step
t. For the sake of discussion, we refer to the weights and biases in the LSTM model as
the column vectors wlstm and blstm. The LSTM equations may be succinctly expressed as
follows: {

ct = f (ct−1, ht−1, xt; wlstm, blstm)
ht = g(ht−1, ct−1, xt; wlstm, blstm)

(10)

We now introduce the transductive LSTM. Assuming z(η) as an unobserved sequence,
the TLSTM state space formulation is expressed as follows:ct,η = f

(
ct−1,η , ht−1,η , xt; wlstm,η , blstm,η

)
ht,η = g

(
ht−1,η , ct−1,η , xt; wlstm,η , blstm,η

) (11)

The architectural design outlined in Equation (11) markedly differs from that detailed
in Equation (10). In Equation (10), the model parameters are constant, unaffected by the
evaluation point. Conversely, in Equation (11), these parameters are influenced by the
feature vector corresponding to the specific evaluation point. The subscript η is employed
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to underscore the change of model parameters in reaction to integrating a new data point,
denoted as z(η). It is crucial to emphasize that the evaluation identifier is assumed to
be unknown. During training, the primary role of the evaluation point is to detect the
significance of each training data point. This determination is based on the association
between the feature vectors of the training points and that of the evaluation point.

In the TLSTM framework, spatial attention is a mechanism that enables the model
to focus on specific parts of the input data at different intervals. Rather than processing
the entire dataset uniformly, the model can concentrate on the most relevant variables and
characteristics. This feature is particularly useful because it helps the model avoid being
influenced by noise or insignificant details in the data. The standard approach incorporates
the spatial attention module within the TLSTM network as a separate layer. This layer
is placed between the input data and the TLSTM layers. The spatial attention module
performs a weighted aggregation of the input data. The weights for this aggregation are
determined during training. This allows the model to assign importance to each input
feature based on its relevance to the task at hand.

Typically, the input directed to the spatial attention module is denoted by a matrix,
termed X, with dimensions N × D, where N is the number of time steps and D represents
the number of input features.

The input to the spatial attention module is denoted by the matrix X ∈ RN×D, where
N represents the number of time steps and D is the number of input features. The spatial
attention module calculates a series of weights, represented as a ∈ RD, for each input
feature. These weights are derived by analyzing both the input data and a set of learned
parameters, symbolized by the weight matrix W∈ RD×D. The bias vector associated with
the spatial attention mechanism is denoted by b∈ RD. The procedure for computing the
weights is as follows:

a = so f tmax (XW + b) (12)

Here, the so f tmax function transforms the input values into a probability distribution
over the input features. The next step involves computing the weighted input data:

X
′
= Xa (13)

This weighted sum provides a condensed representation of the input data, focusing the
model attention on the most significant features. After this, the weighted input proceeds
through the TLSTM layer in a standard manner, with the hidden state being adjusted
according to the previously described equations.

C.3 Hyperparameter Optimization

Optimizing hyperparameters is a critical aspect of both machine learning and deep
learning, significantly impacting model performance. In machine-learning algorithms,
hyperparameters are predefined settings that are not derived from the data but have a
direct effect on the model’s efficiency and accuracy. For instance, they control key factors
such as model capacity, convergence rate, and regularization intensity. Hyperparame-
ter optimization becomes particularly challenging in environments with limited data. A
study conducted in the ungauged urban watershed of Quetta Valley, Balochistan, Pak-
istan, applied machine-learning algorithms such as random forests and artificial neural
networks. This study demonstrated the applicability of these methods in regions with
scarce data [22]. When hyperparameters are carefully optimized, they can greatly enhance
model performance, as seen in both hydrological and rainfall–runoff modeling. To opti-
mize the hyperparameters of our model, we employed the random key method. This is
an efficient technique for managing both continuous and categorical parameters within
a unified framework [23]. The method facilitates a structured and efficient exploration
of the hyperparameter space. It also uses mutation and crossover strategies to improve
optimization efficiency [24]. This flexibility proved particularly beneficial in handling
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the mixed types of hyperparameters in our TLSTM- and GAN-based model. It ensured
computational efficiency while minimizing overfitting by avoiding local minima.

Table 2 lists the hyperparameters that were optimized in our research. We determined
a logical range of values for each hyperparameter, based on guidelines from the existing
literature on deep learning for runoff prediction. These ranges were used as boundaries in
the differential evolution (DE) algorithm. It is worth noting that users can adjust, restrict,
or expand the hyperparameter space in Table 2 to suit their specific needs.

Table 2. Space of parameters for optimizing hyperparameters.

Hyperparameter Parameter Space Value Type

Batch size [16–256] Integer

Learning rate [0–1] Continuous

Epoch [32–512] Integer

Activation function [ReLU, Leaky ReLU, Linear, Tanh, Sigmoid] Categorical

Dropout rate [0–1] Continuous

Number of layers in TLSTM [1,2,4,8] Integer

Hidden size in TLSTM [16–256] Integer

These numeric vectors may undergo mutation and combination. The mapping func-
tion converts the outcome into a relevant set of hyperparameters suitable for model fitting.
This facilitates the evaluation and selection of numeric vectors based on fitness.

Additionally, the random key method was applied to fine-tune critical hyperparame-
ters such as the learning rate, number of neurons, and dropout rate in the TLSTM model,
ensuring the model’s precision in complex data environments [25]. Recurrent neural net-
works, such as LSTMs, have proven essential in sequence generation tasks, enabling models
to effectively capture temporal dependencies in hydrological data [26] to optimize hyperpa-
rameters. This method is an encoding strategy based on a series of T numeric vectors, each
with N dimensions, represented as p1, p2, ..., pT , together forming a population. Each
vector pi signifies a potential solution, correlating with a set of model hyperparameters
through a mapping function, referred to as the random key. The model (C = 7, Table 2)
uses a set of candidate values (search space) to optimize its hyperparameters. Continuous
hyperparameters have a single value in their search space (dimension N = 1). Each hyper-
parameter is divided into C segments (by category), and each segment holds its own search
space. In essence, each value within the overall search space represents a possible setting
for a specific hyperparameter category. For categorical hyperparameters, a transformation
from the Nc dimensional section of the numeric vector to an Nc dimensional vector, MAPc,
containing the categorical names for the cth hyperparameter, is executed as follows: the
Nc elements are ordered by their values, and the rank of the foremost element is used as
an index for the MAPc vector, selecting the relevant categorical value. This method allows
evolutionary processes like mutation, crossover, and selection to be applied directly to the
numerical vector pi, with the outcomes consistently convertible back to a set comprising
both categorical and continuous hyperparameter values. An instance of this, concerning
the hyperparameter ‘number of layers’ (where Nc = 5), is shown in Figure 2. To summarize,
the random key is a vector filled with real numerical values. Its sequencing and subsequent
ranking are critical in aligning with a predefined set of features. This approach suggests
that over time, more significant features will naturally rise to higher numerical values in
the key, while less significant features will decline. This structured key helps categorize
features from the most to the least significant, providing a coherent and accessible fitness
landscape for the DE to explore and analyze.
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Figure 2. Overview of the random key method employed to convert numeric vectors into distinct
hyperparameter levels.

The primary steps of the DE algorithm are outlined below:

• Initialization: We started by generating T = 100 N-dimensional parameter vectors,
named p1 to p100, forming a group referred to as P, which originated from a uni-
form [0,1] distribution. These numeric vectors were then associated with various
hyperparameter values as detailed earlier (refer to Table 2), leading to 100 unique
hyperparameter configurations. Following this, we adjusted 100 models, each using
a different set of hyperparameters, and recorded the correlations between predicted
and actual response variables. Each member of the population represents one of the
N-dimensional vectors in P along with its corresponding set of encoded hyperparame-
ters.

• Mutation: To optimize the model’s hyperparameters, we employed the random key
method, an efficient technique for handling both continuous and categorical parame-
ters within a unified framework. This approach facilitates structured exploration of
the hyperparameter space using mutation and crossover strategies.

The mutation strategy is defined as follows:

mu = µ.(pr1 − pr2) (14)

where

• mu represents the mutation factor for the i-th individual;
• pr1 − pr2 are randomly selected parameter vectors from the population;
• µ ∈[0, 1] is the mutation factor applied to the difference between the selected vectors.
• Crossover: To increase the diversity of hyperparameter combinations in the popula-

tion, a crossover function combines the mutant vector, µ, with other unique vectors.
Initially, an H-dimensional vector, named RN, filled with uniformly distributed ran-
dom numbers within the range [0, 1], is created. The crossover frequency is controlled
by the coefficient α, within the range [0,1], and we set α = 0.5. Subsequently, another
N-dimensional vector (named CR) comprising Boolean values (True/False or 1/0) is
formed as follows:

CRi =

{
xr1

i,j i f rand(0, 1) ≤ CR

xtarget
i,j otherwise

i = 1, 2, . . . , D (15)

where

• i represents the crossover rate for the i-th individual;
• xr1

i,j is the j-th feature of the i-th individual selected from the random individual r1;

• xtarget
i,j is the j-th feature of the i-th individual from the target parameter set.
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Here, j refers to the specific feature (or dimension) of the individual’s parameter
set. The crossover strategy determines whether the feature is inherited from the random
individual or the target individual.

• Selection: To determine whether the Challenger should replace pr3 in the population,
the performance of both the Challenger and the current individual is compared based
on the chosen evaluation metric (e.g., RMSE or validation accuracy). If the Chal-
lenger performs better than the current individual, it is integrated into the population;
otherwise, the current individual is retained.

Next, two more individual vectors, pr3
and pr4

, are selected. The crossover process
then generates a new entity according to the following:

Challengeri =

{
pr3,i i f CRi = 0
pr3,i − mui i f CRi = 1

i = 1, 2, . . . , D (16)

In this context, the term Challenger refers to the newly created entity, whereas i
signifies the i-th element of pr3

, pr4
, mu, and the Challenger.

D. Implementation Details

The implementation of the models was performed using Python 3.7 and the PyTorch
(Version 1.7) framework. After applying the bias correction analysis, we observed sig-
nificant improvements in model performance. The NSE increased by 10%, indicating a
closer match between observed and predicted values post-correction. Additionally, the
RMSE decreased by 12%, confirming a reduction in overall prediction error. The PBIAS
was reduced from 5% to near zero, particularly during high-flow events, demonstrating
that the bias correction helped the model handle extreme conditions more effectively. Our
results indicate that the model’s architecture adapts well to various settings, making it
suitable for broader hydrological forecasting applications. After applying bias correction
analysis, the model showed improvements in both high- and low-flow conditions. The
Nash–Sutcliffe Efficiency increased by 10.77%, reflecting a better correlation between the
observed and predicted runoff values post-correction. Additionally, the Root Mean Square
Error decreased by 20%, confirming a reduction in overall prediction error. The bias cor-
rection also significantly improved the model’s treatment of extreme events, particularly
during high-flow periods. Before correction, the model tended to underestimate peak
runoff values, as indicated by a PBIAS of 80%. This bias was reduced to nearly zero after
correction, further confirming the effectiveness of the bias correction analysis in refining
predictive accuracy. For data processing, we employed several libraries, including Numpy
1.19, Pandas 1.2 and Matplotlib 3.3. All experimental procedures were performed on an
NVIDIA GeForce RTX 2080Ti, equipped with 11 GB of memory. The source code is available
at https://github.com/Baharghanati/python-code (accessed on accessed on 5 July 2023)
(Manufacturer: NVIDIA Corporation, Santa Clara, CA, USA, 2023)

To assess the efficacy and reliability of our models, we adopted a five-fold (k = 5)
stratified cross-validation method in all experiments. This approach guarantees the division
of the dataset into k equally sized, representative segments or folds. Formally, let the dataset
be divided into k folds: { f1, f2, f3,.... fk}. For each iteration i (where I = 1, 2, . . ., k), the test
set is fi, and the training set is the union of the remaining folds: Uj ̸=iFj. In each cycle of
the cross-validation, we reserve one fold for testing and use the remaining k − 1 folds for
training. This cycle is conducted k times, with each fold fi serving as the test set exactly
once. The performance metrics (e.g., accuracy, precision, recall, etc.) are computed for each
iteration and then averaged across all k iterations to provide a comprehensive evaluation.
The average performance metric is given by the following formula:

Average Performance =
1
k ∑k

i=1 Per f ormance( fi) (17)

https://github.com/Baharghanati/python-code
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Such a thorough and methodical evaluation process ensures comprehensive utilization
of all data samples for both training and testing. By using all data points in both roles, we
obtain a reliable estimate of model performance, mitigating the effects of data variance and
potential overfitting. This methodology aligns with best practices in model evaluation, as
highlighted by Mizukami et al. in their work on calibration metrics for hydrologic models,
which emphasizes the importance of robust evaluation metrics and methods [27].

3. Results

We present here the results and the outcomes of our analysis and model evaluations,
emphasizing the principal findings and their relevance in relation to our research goals.
This article concentrates on both individual and regional rainfall–runoff modeling. For in-
dividual rainfall–runoff modeling, the standard benchmarks employed are RR-Former [28],
LSTM-S2S [29], and LSTM-MSV-S2S [30]. The results for 1-day-ahead, 2-day-ahead, 4-
day-ahead, and 8-day-ahead individual runoff predictions are reported in Table 3. The
proposed model consistently outperforms the others across all forecast horizons in ATPE-
2%, RMSE, and NSE metrics. Notably, it achieves the lowest ATPE-2% (0.236 ± 0.003 to
0.320 ± 0.103) and RMSE (1.024 ± 0.006 to 1.378 ± 0.006) values, alongside the highest
NSE scores (0.536 ± 0.002 to 0.712 ± 0.045), indicating superior predictive accuracy and
efficiency, particularly in longer-term predictions. Comparatively, RR-Former [28] shows
competitive performance, especially in 8-day-ahead and 1-day-ahead forecasts, with ATPE-
2% values of 0.512 ± 0.268 and 0.425 ± 0.158, respectively. Its NSE scores (0.326 ± 0.206 to
0.552 ± 0.142) also indicate reasonable model efficiency, although it falls short of the pro-
posed model metrics. The LSTM-MSV-S2S [30] and LSTM-S2S [29] models exhibit moderate
performance. LSTM-MSV-S2S [30] demonstrates relatively better ATPE-2% and NSE scores
in shorter forecast horizons (1 day ahead and 2 days ahead) compared to LSTM-S2S, but
both models fall behind RR-Former and our proposed model in terms of overall predictive
accuracy and efficiency. For regional rainfall–runoff modeling, the proposed model uses
the same set of 27 static catchment characteristics as the benchmark models. This choice
of both dataset partitioning and catchment attributes is made to ensure a fair comparison.
For regional rainfall–runoff modeling, we train the proposed model from all 448 selected
basins. In regional rainfall–runoff modeling, the benchmarks encompass the HBV model
mHM calibrated individually for basins [31], regionally calibrated mHM [32], regionally
calibrated VIC [33], individually calibrated VIC for basins [34], and SAC-SMA [34] and
RR-Former [28]. The results for 1-day-ahead, 2-day-ahead, 4-day-ahead, and 8-day-ahead
regional runoff predictions are given in Table 4. The proposed model shows outstanding
performance across all forecast horizons, significantly outperforming other models.

Table 3. Comparative analysis of runoff prediction models over 1-day, 2-day, 4-day, and 8-day forecast
horizons. Individual modeling.

Model
One Day Ahead Two Days Ahead Four Days Ahead Eight Days Ahead

NSE RMSE ATPE-2% NSE RMSE ATPE-2% NSE RMSE ATPE-2% NSE RMSE ATPE-2%

LSTM-S2S [20] 0.365 ±
0.120

1.720 ±
0.103

0.752 ±
0.124

0.320 ±
0.132

1.823 ±
0.122

0.765 ±
0.141

0.292 ±
0.185

1.940 ±
0.126

0.792 ±
0.256

0.102 ±
0.127

2.260 ±
0.026

0.792 ±
0.029

LSTM-MSV-
S2S [21]

0.469 ±
0.005

1.568 ±
0.126

0.647 ±
0.120

0.437 ±
0.009

1.742 ±
0.145

0.662 ±
0.248

0.402 ±
0.201

1.824 ±
0.194

0.574 ±
0.203

0.314 ±
0.126

1.974 ±
0.026

0.574 ±
0.128

RR-Former [19] 0.552 ±
0.142

1.356 ±
0.152

0.425 ±
0.158

0.526 ±
0.174

1.426 ±
0.210

0.441 ±
0.269

0.482 ±
0.278

1.536 ±
0.214

0.512 ±
0.128

0.326 ±
0.206

1.674 ±
0.127

0.512 ±
0.268

Proposed 0.712 ±
0.045

1.024 ±
0.006

0.236 ±
0.003

0.692 ±
0.016

1.114 ±
0.026

0.256 ±
0.126

0.681 ±
0.048

1.254 ±
0.026

0.320 ±
0.006

0.536 ±
0.002

1.378 ±
0.006

0.320 ±
0.103



Remote Sens. 2024, 16, 3889 12 of 18

Table 4. Comparative analysis of runoff prediction models over 1-day, 2-day, 4-day, and 8-day forecast
horizons. Regional modeling.

Model
One Day Ahead Two Days Ahead Four Days Ahead Eight Days Ahead

NSE RMSE ATPE-2% NSE RMSE ATPE-2% NSE RMSE ATPE-2% NSE RMSE ATPE-2%

HBW (lower)
[22]

0.559 ±
0.125

1.438 ±
0.123

0.759 ±
0.143

0.536 ±
0.176

1.541 ±
0.190

0.774 ±
0.200

0.412 ±
0.146

1.710 ±
0.152

0.820 ±
0.175

0.452 ±
0.185

1.941 ±
0.152

0.842 ±
0.111

HBW (upper)
[22]

0.592 ±
0.245

1.412 ±
0.026

0.747 ±
0.079

0.585 ±
0.095

1.520 ±
0.057

0.768 ±
0.063

0.472 ±
0.103

1.662 ±
0.100

0.792 ±
0.120

0.493 ±
0.130

1.861 ±
0.120

0.803 ±
0.125

mHM (basin)
[23]

0.623 ±
0.026

1.385 ±
0.147

0.726 ±
0.176

0.604 ±
0.216

1.490 ±
0.241

0.742 ±
0.260

0.496 ±
0.289

1.610 ±
0.236

0.782 ±
0.259

0.502 ±
0.206

1.823 ±
0.220

0.793 ±
0.142

mHM
(CONUS) [24]

0.641 ±
0.126

1.341 ±
0.028

0.712 ±
0.037

0.639 ±
0.063

1.410 ±
0.089

0.735 ±
0.102

0.540 ±
0.006

1.563 ±
0.103

0.763 ±
0.174

0.508 ±
0.182

1.762 ±
0.163

0.785 ±
0.172

VIC (CONUS)
[25]

0.650 ±
0.223

1.320 ±
0.156

0.692 ±
0.215

0.642 ±
0.195

1.429 ±
0.205

0.720 ±
0.182

0.562 ±
0.120

1.526 ±
0.165

0.758 ±
0.185

0.521 ±
0.109

1.723 ±
0.140

0.780 ±
0.126

VIC (basin)
[26]

0.675 ±
0.026

1.226 ±
0.036

0.672 ±
0.071

0.656 ±
0.123

1.302 ±
0.153

0.710 ±
0.178

0.586 ±
0.196

1.485 ±
0.206

0.742 ±
0.196

0.553 ±
0.180

1.682 ±
0.195

0.772 ±
0.200

SAC-SMA [26] 0.683 ±
0.124

1.114 ±
0.213

0.653 ±
0.242

0.676 ±
0.268

1.224 ±
0.274

0.692 ±
0.215

0.601 ±
0.247

1.426 ±
0.259

0.730 ±
0.236

0.501 ±
0.246

1.626 ±
0.259

0.762 ±
0.241

RR-Former [19] 0.721 ±
0.026

1.102 ±
0.026

0.542 ±
0.144

0.706 ±
0.126

1.212 ±
0.204

0.650 ±
0.129

0.626 ±
0.103

1.352 ±
0.102

0.723 ±
0.130

0.525 ±
0.174

1.539 ±
0.182

0.751 ±
0.162

Proposed 0.805 ±
0.026

0.982 ±
0.006

0.259 ±
0.120

0.792 ±
0.005

0.992 ±
0.014

0.282 ±
0.006

0.682 ±
0.026

1.250 ±
0.003

0.341 ±
0.015

0.546 ±
0.020

1.456 ±
0.103

0.410 ±
0.093

Our proposed approach yields the lowest ATPE-2% (ranging from 0.259 ± 0.120 to
0.410 ± 0.093) and RMSE (ranging from 0.982 ± 0.006 to 1.456 ± 0.103), along with the
highest NSE scores (ranging from 0.546 ± 0.020 to 0.805 ± 0.026), indicating its supe-
rior predictive accuracy. Comparing these results with previous studies using traditional
rainfall–runoff models highlights the improvements made by the proposed model. For
example, past studies using LSTM-based models in similar hydrological conditions re-
ported RMSE values ranging from 1.4 to 2.1 mm [35]. In contrast, our model consistently
demonstrated lower RMSE values, reflecting better accuracy. Additionally, previous stud-
ies revealed that traditional models faced significant challenges during extreme weather
events, often yielding higher error rates. Our model, equipped with GAN-based data
preprocessing and TLSTM, proved more robust in handling these scenarios, particularly
during high-flow or drought conditions. This comparison validates the model’s applicabil-
ity under varying environmental contexts and its potential for broader use in water resource
management. To further evaluate the reliability of the model’s predictions, we calculated
95% confidence intervals (CIs) for the RMSE values across multiple basins. These CIs give
an estimate of the uncertainty associated with the model’s predictions, offering insights
into its performance under varying hydrological conditions. The confidence intervals show
that the model’s predictions are more reliable in basins with well-defined rainfall–runoff
relationships, where narrower CIs are observed. In contrast, basins with more variable
hydrological conditions demonstrate wider CIs, suggesting higher uncertainty in the pre-
dictions. This is especially true for extreme-flow events and catchments with higher data
variability. Figure 3 illustrates the RMSE values for selected basins with their corresponding
95% confidence intervals, visually highlighting the uncertainty in predictions. Each of the
performance indices used—RMSE, NSE, and ATPE-2%—offers unique insights into the
model’s predictive capabilities. RMSE is a widely recognized metric that measures the
average magnitude of prediction errors, giving more weight to larger errors. This makes
it particularly useful for detecting significant deviations, but it can be overly sensitive to
outliers, especially during extreme events. NSE, on the other hand, is more effective for
evaluating overall model efficiency by comparing the predicted values to the observed
mean. While it is useful for gauging the model’s performance over different basins and
time periods, it can sometimes underemphasize smaller-scale errors, particularly during
low-flow periods. ATPE-2% focuses on extreme events by measuring the accuracy of
predictions for the highest 2% of flow values, making it a valuable metric for flood fore-
casting. However, because it emphasizes only the top 2% of flows, it may not capture the
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model’s performance during normal or low-flow conditions. These complementary metrics,
when used together, provide a well-rounded evaluation of the model’s performance across
various hydrological scenarios, offering a more complete understanding of its strengths
and limitations.
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Comparatively, the SAC-SMA model also shows commendable performance, es-
pecially in 1-day-ahead forecasts, with an ATPE-2% of 0.653 ± 0.242 and an NSE of
0.683 ± 0.124. The VIC models (both basin and CONUS) display consistent performance,
with the basin model slightly outperforming the CONUS model in shorter forecast peri-
ods. The mHM models (basin and CONUS) and HBW models (lower and upper) exhibit
moderate performance, with the mHM CONUS model showing a slight edge over others
in longer forecast horizons. The RR-Former model, while not the top performer, still shows
respectable results, especially in the 1-day-ahead forecast, with an NSE of 0.721 ± 0.026.

4. Discussion

To ensure our model is resistant to overfitting and performs robustly on both training
and validation datasets, its effectiveness is shown in Figure 4. This figure displays the RMSE
loss curves for both dataset partitions throughout the training process. The model’s loss is
calculated each time it completes a forward pass and follows this with a backward pass
to refine its weights during each epoch. After each epoch, the validation loss is evaluated
using a forward pass on the validation set, without altering the model’s weights. Ideally,
both the training and validation loss curves should decrease over time and stabilize at a low
value. This behavior indicates efficient learning and strong generalization by the model.
However, if the training loss continuously decreases while the validation loss increases,
this is a clear sign of overfitting. In such cases, the model is overfitting to the noise in the
training data, which compromises its performance on the validation dataset. The novelty of
integrating GAN and TLSTM offers an alternative approach to overcoming the challenges
posed by traditional rainfall–runoff models. Although LSTM-based models are effective in
modeling temporal dependencies, they usually require large, high-quality datasets. These
models are prone to overfitting when applied to noisy or sparse data, limiting their ability
to generalize to unseen or extreme conditions.
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The Proposed Model in This Work Explores the Following Innovations

GAN-based data compaction: This GAN component reduces the dimensionality of
input data, a process equivalent to compressing big datasets into essential features. The
compaction of data is also what makes the model work effectively in cases where data are
noisy or scant, a typical problem in hydrological modeling. Allowing the model to focus
only on the most important features and reducing noise, GAN helps to avoid overfitting,
which should make the model robust for practical applications.

TLSTM with spatial attention: The transductive long short-term memory network in-
creased by spatial attention mechanisms lets the model dynamically concentrate on the most
informative features at different time scales. This mechanism enhances the generalization
capability of the model to a wide range of hydrological variability, especially in cases of
long-term forecasting and also during extreme events such as floods and droughts.

These combined give a more flexible and robust model that captures the main weak-
nesses of state-of-the-art rainfall–runoff models:

• Data scarcity/noise: GANs allow for noisy/scanty data to be handled well in the model.
• Overfitting: GAN reduces input complexity, mitigating overfitting and allowing for

better generalization.
• Generalization: TLSTM improves generalization capability to various hydrological

conditions due to the spatial attention of the model.

The results of using our model on the CAMELS dataset show significant improvements
in predictive accuracy compared to traditional models, with the greatest improvements
seen for the long-term and extreme-flow scenarios.

To further demonstrate the effectiveness of our proposed model, we present a case
study on individual and regional rainfall–runoff modeling, shown in Figures 5 and 6. The
model excels at predicting peak-flow events, showcasing its superior ability to accurately
simulate rainfall–runoff dynamics. This includes both general flow patterns and the precise
prediction of peak flows. Our model achieves excellent performance in rainfall–runoff
prediction, as reflected by strong results in NSE, RMSE, and ATPE-2%. Despite integrating
advanced components like an autoencoder, GAN, and spatial attention mechanism, the
model maintains a manageable level of computational complexity. The architecture is
optimized to ensure efficient training time and memory usage. This makes the model
suitable for real-time forecasting and deployment in data-scarce environments, even in
regions with limited computational resources. Our results demonstrate that the model
operates efficiently, making it ideal for rapid decision-making without sacrificing accuracy
or speed. Moreover, the integration of GANs, spatial attention, and TLSTM has been
carefully designed to enhance predictive power while maintaining interpretability. For
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instance, the spatial attention mechanism enables the model to assign higher weights
to critical variables, such as upstream precipitation or soil moisture levels. This allows
hydrologists to identify the most influential factors driving the model’s runoff predictions,
providing transparency during flood forecasting. Additionally, the autoencoder–GAN
framework efficiently extracts key data patterns, such as sudden changes in temperature or
variations in land use. This ensures that water resource managers can better understand the
environmental factors affecting hydrological outcomes. By emphasizing these influential
features, the model ensures both transparency and interpretability, making it a valuable
tool for decision-making in flood forecasting and water management strategies. The bal-
ance between advanced model architecture and interpretability demonstrates the model’s
robustness and readiness for real-world applications. This is achieved without the need for
additional techniques or further modifications.
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5. Conclusions

This study proposed and validated a novel rainfall–runoff model integrating GAN-
based data preprocessing with a TLSTM network, demonstrating its superior predictive
accuracy across diverse hydrological conditions. The model achieved lower RMSE values
and higher NSE scores compared to traditional models, particularly in extreme weather
scenarios, such as floods and droughts. The broader ecological implications of these
findings are significant. Improved rainfall–runoff predictions contribute to better flood
prevention strategies, protecting ecosystems and reducing the risks to human populations
in vulnerable regions. The model’s ability to handle extreme hydrological events also makes
it a valuable tool for managing droughts, where accurate water availability predictions are
crucial for maintaining ecological flows and supporting biodiversity. By enhancing the
accuracy of long-term hydrological predictions, this model provides essential insights for
environmental management strategies. It can be used to guide infrastructure development
in flood-prone areas, support water resource allocation during droughts, and inform
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policies aimed at mitigating the effects of climate change on water systems. The ability
to adapt to changing environmental conditions positions this model as a critical tool for
sustainable water resource management and ecological conservation.

In future work, we aim to advance our innovative rainfall–runoff model based on
spatial-attention-based TLSTM by addressing several key areas. First, we plan to integrate
real-time data assimilation to enhance the model responsiveness to changing weather
patterns and catchment conditions. This integration could significantly improve the model
predictive accuracy in real-world scenarios. Second, we intend to explore the application of
our model to a wider range of climatic and geographical conditions. By testing and refining
the model across diverse basins with varying hydrological characteristics, we can better
understand its strengths and limitations, leading to more robust and universally applicable
models. Additionally, we will investigate the potential of incorporating other forms of
machine learning and artificial intelligence techniques, such as reinforcement learning and
deep belief networks, to further improve the model’s performance. This could involve
developing hybrid models that combine the strengths of different approaches.
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