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Abstract: Runoff fluctuations under the influence of climate change and human activities present a significant
challenge and valuable application in constructing high-accuracy runoff prediction models. This study aims to
address this challenge by taking the Wanzhou station in the Three Gorges Reservoir area as a case study to
optimize various prediction models. The study first selects artificial neural network (ANN) and support vector
machine (SVM) as the base models. Then, it evaluates and selects from three time-series decomposition
methods: Time-Varying Filter-based Empirical Mode Decomposition (TVF-EMD), Complete Ensemble Empirical
Mode Decomposition with Adaptive Noise (CEEMDAN), and Variational Mode Decomposition (VMD).
Subsequently, these decomposition methods are coupled with optimization algorithms, including Whale
Optimization Algorithm (WOA), Grasshopper Optimization Algorithm (GOA), and Sparrow Search Algorithm
(SSA), to construct various hybrid prediction models. The results indicate that: (1) Among the single prediction
models, the Long Short-Term Memory (LSTM) model outperforms the Backpropagation Neural Network (BP)
and SVM in terms of prediction accuracy; (2) The hybrid models show superior accuracy compared to the
individual models, with the VMD-LSTM model outperforming the CEEMDAN-LSTM and TVF-EMD-LSTM models;
(3) Among the coupled machine learning prediction models, the VMD-SSA-LSTM model achieves the highest
accuracy. Employing a "decomposition-reconstruction" strategy combined with robust optimization algorithms
enhances the performance of machine learning prediction models, thereby significantly improving the runoff
prediction capabilities in watershed hydrological models.

Keywords: Runoff Prediction; Three Gorges Reservoir Area; Variational Mode Decomposition; Sparrow Search
Algorithm; Machine Learning

Introduction

Runoff prediction is crucial in flood control, drought resistance, water resource development, and watershed
management, contributing significantly to economic benefits and serving a wide array of applications. In recent
years, the combined effects of global climate change and intense human activities have led to frequent extreme
weather events and significant alterations in underlying surface geomorphology'. These changes exacerbate the
nonlinearity and non-stationarity of watershed runoff sequences, presenting new challenges for accurate runoff
forecasting®. The current focus of research in improving runoff prediction accuracy lies in optimizing predictive
models and integrating multiple methodologies to enhance model performance, addressing issues such as
insufficient prediction precision for practical needs and lack of model stability?.

Runoff prediction models primarily fall into two categories: process-driven models based on physical
hydrological frameworks, and data-driven models primarily utilizing machine learning®. Physical hydrological
models require comprehensive calibration data and a certain level of expertise and experience. While they can
achieve high-precision short-term runoff predictions in small watersheds, their generalizability for medium to
long-term forecasts is limited due to the incomplete understanding of the underlying physical mechanisms of
hydrological processes’. In contrast, machine learning models are adept at handling highly nonlinear and
non-stationary time series, making them widely used in runoff prediction, with popular models including
Artificial Neural Networks (ANN)®, Support Vector Machines (SVM)’, and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS)3.

As leading machine learning models, ANN and SVM exhibit robust learning capabilities and are extensively
applied in the field of runoff prediction, capable of addressing complex problems®. However, their performance is
significantly influenced by model parameters. Given that runoff processes inherently exhibit trends, periodicity,
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and high non-stationarity, these models may struggle to fully capture all characteristics of hydrological processes.
Therefore, analyzing the temporal scale features of runoff and optimizing the models are essential for enhancing
prediction accuracy'?. Previous researchers have primarily improved hydrological forecasting accuracy through
two approaches: (1) Data preprocessing methods decompose highly non-stationary runoff sequences into a series
of relatively stable subsequences, simplifying the modeling process for each subsequence; (2) Integrating robust
intelligent optimization algorithms to determine the optimal parameter combinations, thus enhancing the
performance and predictive capacity of hydrological models''.

While these methods aim to improve prediction accuracy, the precision obtained by coupling different
methods with different machine learning models varies. Therefore, for specific meteorological data and historical
runoff data of the study area, selecting high-accuracy, multi-method coupled machine learning models is
beneficial for making more scientific analyses, assessments, and decisions regarding future runoff predictions in
the research basin'?2. For example, Zhang et al.'’> developed a VMD-SSA-BiLSTM model by integrating
Variational Mode Decomposition (VMD) for signal decomposition and preprocessing with the Sparrow Search
Algorithm (SSA) for parameter optimization of the Bidirectional Long Short-Term Memory Neural Network
(BiLSTM) model, which enhanced the smoothness of monthly runoff sequences and improved point prediction
accuracy. WEN et al.'* used VMD as a data preprocessing technique and coupled it with the emerging Sine
Cosine Algorithm (SCA) and Extreme Learning Machine (ELM), demonstrating superior performance compared
to single prediction models. Guo et al.'"> compared a single Least Squares Support Vector Machine (LSSVM)
model, a CEEMDAN-LSSVM model, and a combined CEEMDAN-SVM-GM(1,1) model, finding that the
combination model CEEMDAN-SVM-GM(1,1) exhibited higher accuracy.

In summary, this study aims to combine different preprocessing methods and optimization algorithms with
machine learning models, compare their prediction results, and select a reliable, efficient, and practical
multi-method hybrid machine learning model for predicting highly irregular, complex nonlinear, and multi-scale
variable monthly runoff sequences. This approach offers a new perspective for improving runoff prediction
accuracy under changing environmental conditions. The study will use the monthly runoff forecast at the
Wanzhou hydrological station, a key control section in the heart of the Three Gorges Reservoir area, as a case
study to validate the effectiveness and feasibility of the selected model.

Research Methodology

Machine Learning Models

With the advent of the big data era, machine learning has become increasingly effective in processing a
nd transforming information from large datasets, learning from experience to make inferences and decisi
ons. In this study, we utilize three machine learning models for monthly runoff prediction in the waters
hed: BP, LSTM, and SVM.

BP Neural Network (Backpropagation Neural Network): The primary characteristics of the BP neural
network involve forward propagation of signals and backward propagation of errors. It adjusts the weights and
thresholds of the entire network through backpropagation to minimize the sum of squared errors'®. Previous
applications in hydrological forecasting research have demonstrated that a BP neural network with a single
hidden layer can meet the accuracy requirements for predictions. Therefore, a three-layer BP neural network
model, comprising an input layer, a hidden layer, and an output layer, is sufficient to predict changes in
hydrological elements accurately. In this study, we construct a three-layer BP neural network model for runoff
prediction.

LSTM Neural Network (Long Short-Term Memory Network): The LSTM neural network is an improved
model of the Recurrent Neural Network (RNN). It addresses the issues of gradient vanishing and gradient
explosion that can occur in simple RNNs by incorporating specially designed memory cells capable of selective
memory. These memory cells can choose to retain important information!’. The LSTM network introduces three
unique gates: the input gate, the forget gate, and the output gate, allowing the model to selectively protect and
forget information, thus efficiently capturing dependencies in time series data.

SVM (Support Vector Machine): The SVM model introduces kernel functions to map non-linearly separable
data in the original low-dimensional space into a higher-dimensional feature space where it becomes linearly
separable. SVM seeks to minimize overall risk by finding an optimal trade-off between "structural risk" and
"empirical risk" using a penalty factor!®. To avoid the risk of "overfitting," SVM employs slack variables to
create a "soft margin." This approach effectively addresses practical issues such as the curse of dimensionality
and small sample sizes that are common in traditional machine learning. Consequently, SVM is widely used in
the field of hydrological forecasting.

When using the above machine learning models for runoff prediction, it is crucial to ensure that the models
converge and accurately capture the characteristics of the data. This is achieved by normalizing and
denormalizing the input and output factors before training the models. The normalization process is carried out
using the following formula:

% = _ Tt Timin (1)

Ximax — Ximin

Where Xjpax and Xjn, are the maximum and minimum values in the iii-th input dataset, respectively, X;
is the normalized value for the iii-th input data point.

For denormalization, the formula used is:

y, = 2L Ymin_ 6998 4 0.001 )
Yimax — Yimin

Where Yinax and Yimin are the maximum and minimum values in the iii-th output dataset, y; is the
normalized value for the iii-th output data point, y; is the denormalized value for the iii-th output data point after
the denormalization process.
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Decomposition Techniques

The complexity of the original sequence affects the capability of machine learning. The simpler the sequence, the
easier it is to model using machine learning. The "decomposition-reconstruction" prediction model established
based on preprocessing methods breaks down complex runoff sequences into simpler parts, resulting in better
data fitting capabilities and relatively more accurate predictions'?.

CEEMDAN (Complete Ensemble Empirical Mode Decomposition with Adaptive Noise) is a novel signal
decomposition algorithm. This method resolves the modal mixing problem in Empirical Mode Decomposition
(EEMD) by adding a finite number of adaptive Gaussian white noise steps during each decomposition stage,
thereby enhancing the accuracy and stability of the decomposition?.

TVF-EMD (Time-Varying Filter-based Empirical Mode Decomposition) improves traditional EMD by
introducing time-varying filters. This method effectively addresses the issues of incomplete or excessive
decomposition that may occur in conventional methods. The core of this approach lies in using time-varying
filtering techniques to complete the sifting process, adaptively designing local cutoff frequencies by fully
leveraging instantaneous amplitude and frequency information?!. In summary, TVF-EMD is a fully adaptive
signal decomposition method that enhances frequency separation performance and maintains stability at low
sampling rates. It also exhibits robustness against noise interference, making it suitable for analyzing both linear
and non-stationary signals.

VMD (Variational Mode Decomposition) is a new adaptive decomposition method based on Wiener filtering
and Hilbert transform. Essentially, it applies the classic Wiener filter to multiple adaptive segment waves of the
signal. By selecting modes and their central frequencies, VMD decomposes a complex signal into several mode
components while maintaining each component as monotonic as possible, making the decomposed signal easier
to interpret and analyze®>. Moreover, VMD has strong anti-interference capabilities, effectively overcoming the
influence of high-frequency noise and balancing the errors between time-domain signals and their corresponding
frequency-domain signals.

Swarm Intelligence Algorithms

Given the high complexity and nonlinearity of runoff prediction problems, swarm intelligence algorithms
are widely used due to their global optimization capabilities, strong adaptability, robustness, and high in
terpretability?’. By integrating robust optimization algorithms, we can better determine the optimal param
eter combinations and enhance the predictive performance of hydrological models. This study employs th
ree swarm intelligence algorithms to couple with machine learning models and selects the combination
model with the highest prediction accuracy.

Whale Optimization Algorithm (WOA) is a meta-heuristic optimization algorithm inspired by the hunting
behavior of humpback whales. The main mechanism includes encircling prey, bubble-net feeding, and searching
for prey. In WOA, each whale's position represents a potential solution. By continuously updating the positions of
whales in the solution space, the algorithm ultimately finds the global optimal solution?*. The position update
mechanism is calculated by creating a spiral equation to compute the distance between the individual and the best
position, using the formula:

X(t+1) =x'(t) + e’ x cos(2ml) x D; 3)
D; = |x'(¢) —x(0)| (€))

Where x'(t) is the current best foraging position, b is a constant used to adjust the shape of the spiral, [
is a random number in the range [-1, 1], D; is the distance between the current individual and the best foraging
position, x(t) is the current position of the individual.

Grasshopper Optimization Algorithm (GOA) was proposed by Shahrzad Saremi et al. in 2017%. It is a
swarm intelligence optimization algorithm inspired by the foraging behavior of grasshopper swarms. GOA is
known for its fast convergence speed and high search efficiency. The algorithm divides the search space into
repulsive, comfortable, and attractive zones based on the repulsive and attractive forces among grasshoppers. It
adjusts the effect of these forces according to the distance between grasshoppers and uses an abstraction function
to find the optimal solution. The implementation steps of GOA are as follows:

Step 1 : Initialize the population size, population positions, maximum number of iterations, and control
parameters.

Step 2 : Calculate the fitness value of each grasshopper and rank them in ascending order.

Step 3 : Update the control parameters.

Step 4 : Update the positions of the grasshoppers and calculate their fitness values.

Step 5 : Check if the termination condition is met. If yes, output the results; otherwise, repeat steps 2-4.

Sparrow Search Algorithm (SSA) was developed by Xue et al. in 2020%, inspired by the foraging and
anti-predation behaviors of sparrows. In SSA, the sparrow population is divided into three roles: discoverers,
joiners, and scouts. Discoverers and joiners dynamically switch roles where discoverers provide the direction and
area for foraging, and joiners follow the signals from the discoverers to forage. Scouts use anti-predation
strategies to provide warnings, helping the population avoid local optima. The interaction among these roles
facilitates the optimization search. The mathematical model of SSA is as follows:

Assuming the number of sparrows in the population is \( n\), the population is represented as:

X11 t X14d
Xn1 " Xnd

Where G represents the entire population, and d denotes the dimensionality of the sparrow population.
The fitness value of a sparrow is given by:
f[x1,1x1,2 ---xl,d]
Fy = : (6)
f[xn,lxn,z ---xn,d]
Where Fy represents the fitness values of all sparrows, and f denotes the fitness value of an individual
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sparrow.
The position changes for the three different roles of sparrows are determined as follows, with the position
change for discoverers given by:
e Xt xexp (—
ij - max

x4+ QXLR =8
Where Xf;l and Xit' ; are the positions of the i-th sparrow in the j-th dimension in the t+ 1 and ¢t

)< i o

iterations, @ is a random number in the range (0,1), t;nqy is the maximum number of iterations, R’ is the
warning threshold, Q is a random number following a normal distribution, L is a 1 X d matrix with all
elements equal to 1.
The position change for joiners is given by:
Xy — XE;
( Q x exp(%),i >n/2
X = i ®)
’ n
X5+ |XE = X5 X AT X L,i < >
Where ijfl is the best position for the discoverer in the t + 1 iteration, X,, is the current worst global
position, AT = AT(AAT)™, A isa 1 X d matrix with all elements being 1 or -1.
The position change for scouts is given by:
X5+ B x|XE = XEL fi > fo

|xti — X8|
>'fi :fb

L
(ﬁ - fw) +e&

Where X} is the global best position after the t-th iteration, § is the step size control parameter, K is a
random number in the range [-1,1], f; is the current fitness value of the scout, f, and f,, are the current best
and worst fitness values, € is a constant ensuring the denominator is not zero.

Evaluation Metrics

To comprehensively evaluate the prediction performance of the nine models, the following metrics are selected:
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Nash-Sutcliffe Efficiency (NSE), Mean
Absolute Percentage Error (MAPE), and Correlation Coefficient (R). These metrics quantify the effectiveness of
the models' predictions. The technical workflow is illustrated in Figure 1. The evaluation criteria are calculated
using the following formulas:

9

t+1 _
Xi,j = Xf
i KX

n
MAE == >~y (10)
i=1
1 n
RMSE = |- (¥ = y,)? (11)
i=1
n 2
NSE = 1 — 2iea(Yi =y (12)

— 2
S, - )

n
100% <> |Y; — v
MAPE = °Z |‘—y‘ (13)
n v,
i
=1 [V = YD) (i — ¥ (14)

R —
(B0 - R0 - 3%
Where Y; is the i-th observed true sample, y; is the i-th predicted test value, ¥; is the mean of all
observed values, y; is the mean of all predicted values.

Case Study Analysis

Overview of the Study Area

The study area is the Three Gorges Reservoir region, with the Wanzhou Hydrological Station located at the
“heart” of this area selected as the research site. The Wanzhou Hydrological Station, situated in Wanzhou District,
Chongqing, is a central reporting station for flood information. It covers a catchment area of approximately
970,000 km? and serves as a first-class hydrological station for monitoring the lower reaches of the main stream
in the upper Yangtze River. It is a key national hydrological station and collects essential data for the
construction, operation, and regulation of the Three Gorges Dam project. The research data include historical
observations from the Wanzhou Hydrological Station (monthly runoff data from January 1960 to December
2019) and meteorological data from four weather stations, including the Wanzhou Meteorological Station. The
Three Gorges Reservoir region and station information are shown in Figure 2.

Trend and Periodicity Analysis of Runoff Series
The Mann-Kendall trend test?’and wavelet analysis?®were employed to analyze the trend and periodicity of the
runoff series at the research station, as illustrated in Figures 3 and 4.

From the Mann-Kendall trend test results of the monthly runoff series shown in Figure 3, it can be observed
that there is a decreasing trend in the monthly runoff series over the past 60 years. The Z-value obtained from the
Mann-Kendall trend test is 0.5009 (Z < 1.28), indicating that the monthly runoff series at the research station
does not pass the significance test. Generally, due to the dual influences of human activities and climate change,
river runoff series over extended periods tend to exhibit certain changes. Based on the runoff characteristics and
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simulation requirements, data are divided into training and testing sets according to the 75% and 25% split
principle. Thus, the monthly runoff data for the first 45 years (1960-2004) are used as the training set, and the
data for the last 15 years (2005-2019) are used as the testing set.

Using the nearly 60-year runoff series in the Three Gorges Reservoir area, the annual runoff wavelet
coefficient contour map and wavelet variance diagram are produced after wavelet transformation, as shown in
Figure 4. The annual runoff in the Three Gorges Reservoir area exhibits multi-scale time-frequency variation
characteristics and multiple primary periodic changes, indicating a pattern of alternating wet and dry periods. The
wavelet variance of the annual runoff series reveals two significant peaks, corresponding to primary periods of
approximately 5 and 19 years. The first (largest) peak occurs on a 19-year time scale, indicating the strongest
periodic oscillation around this interval. The main periods for monthly runoff are 9 months and 18 months, with
the maximum wavelet variance occurring at 18 months. Considering the lag effects of climate factors on the
runoff at the research station and the periodicity of monthly runoff, the study includes lags of 1 to 20 months as
different delay periods for model input selection. Suitable lag periods are determined through lag testing.

Selection of Single Machine Learning Models for Runoff Prediction

Using monthly runoff series data from the Wanzhou Hydrological Station spanning 720 months from 1960 to
2019, and meteorological data from four weather stations, including the Wanzhou Meteorological Station, runoff
is selected as the prediction target. Rainfall, temperature, and preceding runoff are used as input features for the
machine learning models. Considering the monthly runoff cycle analysis from the previous sections, lag periods
of 1 to 20 months are tested using RMSE as the reference target, as shown in Figure 5. The results indicate that a
15-month lag period is optimal. Consequently, all subsequent model inputs use a 15-month lag.

Three prediction models—BP, LSTM, and SVM—are established and compared for optimization. The
results are summarized in Table 1. Table 1 uses five evaluation metrics to assess the three models. The prediction
accuracies of the BP, LSTM, and SVM models are relatively similar. The Nash-Sutcliffe Efficiency (NSE) for the
LSTM and SVM models on the test set are 0.72513 and 0.7585, respectively, both greater than 0.7, achieving a
B-grade runoff prediction level (NSE in the range [0.7, 0.9] indicates B-grade prediction accuracy). The BP
model has an NSE of 0.67733, indicating a C-grade runoff prediction level (NSE in the range [0.5, 0.7] indicates
C-grade prediction accuracy). Overall, the prediction accuracies of the LSTM and SVM models at the research
site are higher than those of the BP model. Considering the LSTM model's sensitivity to time, better memory
capabilities, and unique gating mechanism, it is more suitable for handling runoff prediction problems with
strong time-lag, nonlinearity, and long time series?®. Therefore, the LSTM model is selected for coupling with
different methods for runoff prediction.

Runoff Prediction Optimization with "Decomposition Techniques" Coupled

Machine Learning Models

Hybrid prediction models are established by coupling different decomposition methods with the LSTM model.
The process involves decomposing the runoff series into multiple sub-series using different decomposition
methods, modeling each sub-series individually, and then summing the predicted values of all sub-series to obtain
the final predicted runoff series.

Given the better prediction results of the LSTM model, further hybrid models CEEMDAN-LSTM,
TVF-EMD-LSTM, and VMD-LSTM are established and compared for optimization. The prediction results are
shown in Figure 6. As seen in Figure 6, the LSTM models coupled with the three decomposition techniques
outperform the standalone LSTM model in both training and test sets. The NSE for the VMD-LSTM model is
0.93676 (training set) and 0.84016 (test set), higher than those of the CEEMDAN-LSTM and TVF-EMD-LSTM
models, representing improvements of 11.4% and 15.86%, respectively, compared to the standalone LSTM
model.

To enable the LSTM model to better recognize runoff patterns and reduce prediction difficulty,
decomposition techniques are used to decompose the runoff data for the study area. Figure 7 shows the
time-domain decomposition diagram of the runoff series based on VMD. During the VMD decomposition
process, the selection of the number of modes k and the penalty factor a significantly affects the decomposition
results. A small k may lead to modal overlap and insufficient decomposition precision, failing to reduce the
complexity of the original series effectively. A large k may result in some modes having the same decomposition
frequency, causing over-decomposition. The selection of k is determined by observing the central frequency;
when the central frequency selected at k; is very close to those at k;.; and k;,,, it indicates possible
frequency mixing, suggesting k; as the optimal number of decomposition modes®. Based on this theory, k=6 is
chosen. Additionally, through trial and error, the penalty factor « is set to 50. The time-domain decomposition
diagram of the runoff series based on VMD is shown in Figure 7.

Optimization of Hybrid Machine Learning Models for Runoff Prediction

Beyond data preprocessing strategies, integrating robust optimization algorithms can also enhance the prediction
accuracy of standalone models. To validate the effectiveness of different optimization algorithms coupled with
machine learning models, three monthly runoff prediction models—VMD-WOA-LSTM, VMD-GOA-LSTM,
and VMD-SSA-LSTM—are established and compared for optimization.

Table 2 presents the runoff prediction results for the training and test sets of four models: VMD-LSTM,
VMD-WOA-LSTM, VMD-GOA-LSTM, and VMD-SSA-LSTM. Using five evaluation metrics to assess these
models, the accuracy of VMD-WOA-LSTM, VMD-GOA-LSTM, and VMD-SSA-LSTM in both training and test
sets is higher than that of VMD-LSTM, indicating that integrating different swarm intelligence optimization
algorithms can improve model prediction accuracy. Additionally, the NSE for VMD-SSA-LSTM and
VMD-WOA-LSTM models on the test set are 0.9488 and 0.92823, respectively, both greater than 0.9, achieving
an A-grade prediction level (NSE = 0.9 indicates A-grade prediction accuracy)®!. Overall, the statistical
indicators of VMD-SSA-LSTM in both training and test sets outperform those of VMD-WOA-LSTM and
VMD-GOA-LSTM, suggesting that the integrated SSA algorithm has higher convergence accuracy and
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robustness compared to WOA and GOA. Moreover, VMD-SSA-LSTM shows better adaptability in runoff
prediction at the Wanzhou station in the Three Gorges Reservoir area, thus delivering the best overall forecasting
performance.

Figure 8 compares the predicted and observed runoff data for the training and test sets of the three hybrid
models—VMD-WOA-LSTM, VMD-GOA-LSTM, and VMD-SSA-LSTM. The fitting curves and correlation
coefficient R between the observed and simulated values indicate that all three models achieve good predictive
performance, with VMD-SSA-LSTM slightly outperforming VMD-WOA-LSTM and VMD-GOA-LSTM. This
demonstrates that the decomposition-reconstruction strategy and integration of robust swarm intelligence
optimization algorithms effectively capture the nonlinear relationships in the original monthly runoff data and
determine the optimal parameter combinations, thereby improving the predictive accuracy of single machine
learning models and achieving superior runoff forecasting results.

Discussion

This study focuses on the Wanzhou station, located at the "heart" of the Three Gorges Reservoir area. Over the
past 60 years, the monthly runoff series at this station has shown no significant increasing or decreasing trends, as
confirmed by the Mann-Kendall trend test, indicating relative stability. Given the challenges posed by runoff
prediction with strong time-lag effects, nonlinearity, and long time series, the LSTM model demonstrated
superior prediction accuracy at this research site. This success can be attributed to the LSTM model's sensitivity
to temporal data, enhanced memory capabilities, and unique gating mechanisms.

Furthermore, the application of a "decomposition-reconstruction" strategy combined with robust
optimization algorithms in machine learning models has significantly improved the prediction accuracy for the
runoff at the research site. As shown in Table 3, the VMD-SSA-LSTM model outperforms both the VMD-LSTM
and standalone LSTM models across all five evaluation metrics. The VMD-SSA-LSTM model shows substantial
improvements over the LSTM model, with the Nash-Sutcliffe Efficiency (NSE) increasing from 0.72513 to
0.984, upgrading the prediction accuracy level from B-grade to A-grade®2.

Additionally, the "decomposition-reconstruction" strategy proves advantageous for enhancing the accuracy
of individual prediction models. However, this method often encounters boundary effects, which can negatively
impact the quality of time-series modeling and overall predictive performance. Future research should focus on
improving extension algorithms to reduce the boundary effect in decomposition preprocessing techniques.

Regarding the integration of robust swarm intelligence optimization algorithms, while these methods have
rapidly developed robust theoretical frameworks and are widely applied across various fields due to their
robustness, self-organization, and flexibility, they still suffer from slow convergence speeds and a tendency to get
trapped in local optima. Thus, further research and discussion are required on how to enhance these algorithms to
achieve more reasonable and efficient practical modeling®*.

In recent years, global hydrological processes have exhibited significant changes due to human activities and
climate change. The nonlinearity, non-stationarity, and uncertainty of runoff sequences have become increasingly
prominent, posing greater challenges for future runoff prediction*. Therefore, the focus of the next research
phase will be on how to deeply explore the changing characteristics of runoff sequences under varying
environmental conditions, enhance the learning and generalization capabilities of prediction models, and improve
the accuracy of runoff predictions.

Conclusion

In this study, three machine learning models—BP, LSTM, and SVM—were employed to predict runoff at
the Wanzhou station, located in the "heart" of the Three Gorges Reservoir area. The results indicate that the
LSTM model provides the highest prediction accuracy, followed by SVM, with BP performing the worst. This
suggests that the LSTM model's ability to capture trends and temporal correlations in sequence data makes it
more effective for runoff prediction in regions with strong trend characteristics like the Three Gorges Reservoir
area.

Using runoff decomposition techniques enhances the representation of essential characteristics such as
periodicity and sequence properties in runoff data, which in turn improves prediction accuracy. Consequently, the
three coupled models based on the "decomposition-reconstruction" strategy outperform the standalone models in
terms of prediction accuracy. Among the coupled models, the monthly runoff prediction accuracy, from highest to
lowest, is as follows: VMD-LSTM > CEEMDAN-LSTM > TVF-EMD-LSTM.

Among the nine runoff prediction models constructed in this study, the VMD-SSA-LSTM and
VMD-GOA-LSTM models exhibit the highest prediction accuracy, with NSE values of 0.948 and 0.92823 on the
test set, respectively, both reaching A-grade prediction accuracy levels and surpassing the other models. Overall,
the VMD-SSA-LSTM model demonstrates superior adaptability and generalization performance, making it the
best overall forecasting model.

In the runoff prediction for the Wanzhou station in the Three Gorges Reservoir area, the combination of the
"decomposition-reconstruction" strategy and the integration of robust optimization algorithms successfully
enhanced the prediction accuracy of individual runoff prediction models. However, there are still some
limitations that need to be addressed in future research phases. The "decomposition-reconstruction" strategy
suffers from boundary effects, which can affect the quality of time-series modeling and limit improvements in
prediction accuracy. Further research could focus on improving extension algorithms to mitigate endpoint effects
in decomposition preprocessing techniques. Additionally, robust swarm intelligence optimization algorithms
often have slow convergence speeds and a tendency to get trapped in local optima. Improving these algorithms to
achieve more reasonable and efficient practical modeling remains a key area for future development.
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Table 1. The prediction results of a single prediction model.
BP LSTM SVM
Training period Prediction period Training period Prediction period Training period Prediction period
MAE 65.9511 70.5446 63.3973 66.3536 71.6384 69.6235
RMSE 105.0917 108.2022 101.3286 99.8668 90.3345 93.6078
NSE 0.82885 0.67733 0.84089 0.72513 0.87354 0.7585
MAPE 21.7201% 24.231% 20.3532% 22.7985% 30.5452% 27.359%
R 0.9109 0.87678 0.91701 0.88152 0.93524 0.89283
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489 Table 2. Runoff forecast results.
Models Phase MAE RMSE NSE MAPE R
Training 42.9235 63.8822 0.93676 14.7763% 0.96787
VMD-LSTM
Prediction 55.1466 76.155 0.84016 20.6369% 0.9444
Training 34.6368 48.5316 0.93629 12.6545% 0.98212
VMD-WOA-LSTM
Prediction 37.7831 51.0313 0.92823 14.7229% 0.96685
Training 42.8079 64.1212 0.93629 14.1958% 0.96857
VMD-GOA-LSTM
Prediction 43.2756 61.6045 0.8954 15.4499% 0.95541
Training 29.181 39.6666 0.97562 11.9244% 0.98801
VMD-SSA-LSTM
Prediction 32.6549 43.4356 0.948 12.9048% 0.97509
490 Table 3. The prediction results of different methods coupling model in the test set.
Models MAE RMSE NSE R MAPE
LSTM 66.3536 99.8668 0.72513 0.88125 22.7985%
VMD-LSTM 55.1466 76.155 0.84106 0.9444 20.6369%
VMD-SSA-LSTM 32.6549 43.4356 0.948 0.97509 12.9048 %
491
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