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Abstract: Runoff fluctuations under the influence of climate change and human activities present a significant 13 
challenge and valuable application in constructing high-accuracy runoff prediction models. This study aims to 14 
address this challenge by taking the Wanzhou station in the Three Gorges Reservoir area as a case study to 15 
optimize various prediction models. The study first selects artificial neural network (ANN) and support vector 16 
machine (SVM) as the base models. Then, it evaluates and selects from three time-series decomposition 17 
methods: Time-Varying Filter-based Empirical Mode Decomposition (TVF-EMD), Complete Ensemble Empirical 18 
Mode Decomposition with Adaptive Noise (CEEMDAN), and Variational Mode Decomposition (VMD). 19 
Subsequently, these decomposition methods are coupled with optimization algorithms, including Whale 20 
Optimization Algorithm (WOA), Grasshopper Optimization Algorithm (GOA), and Sparrow Search Algorithm 21 
(SSA), to construct various hybrid prediction models. The results indicate that: (1) Among the single prediction 22 
models, the Long Short-Term Memory (LSTM) model outperforms the Backpropagation Neural Network (BP) 23 
and SVM in terms of prediction accuracy; (2) The hybrid models show superior accuracy compared to the 24 
individual models, with the VMD-LSTM model outperforming the CEEMDAN-LSTM and TVF-EMD-LSTM models; 25 
(3) Among the coupled machine learning prediction models, the VMD-SSA-LSTM model achieves the highest 26 
accuracy. Employing a "decomposition-reconstruction" strategy combined with robust optimization algorithms 27 
enhances the performance of machine learning prediction models, thereby significantly improving the runoff 28 
prediction capabilities in watershed hydrological models. 29 

 30 
Keywords: Runoff Prediction; Three Gorges Reservoir Area; Variational Mode Decomposition; Sparrow Search 31 
Algorithm; Machine Learning 32 
 33 

Introduction 34 

Runoff prediction is crucial in flood control, drought resistance, water resource development, and watershed 35 
management, contributing significantly to economic benefits and serving a wide array of applications. In recent 36 
years, the combined effects of global climate change and intense human activities have led to frequent extreme 37 
weather events and significant alterations in underlying surface geomorphology1. These changes exacerbate the 38 
nonlinearity and non-stationarity of watershed runoff sequences, presenting new challenges for accurate runoff 39 
forecasting2. The current focus of research in improving runoff prediction accuracy lies in optimizing predictive 40 
models and integrating multiple methodologies to enhance model performance, addressing issues such as 41 
insufficient prediction precision for practical needs and lack of model stability3. 42 

Runoff prediction models primarily fall into two categories: process-driven models based on physical 43 
hydrological frameworks, and data-driven models primarily utilizing machine learning4. Physical hydrological 44 
models require comprehensive calibration data and a certain level of expertise and experience. While they can 45 
achieve high-precision short-term runoff predictions in small watersheds, their generalizability for medium to 46 
long-term forecasts is limited due to the incomplete understanding of the underlying physical mechanisms of 47 
hydrological processes5. In contrast, machine learning models are adept at handling highly nonlinear and 48 
non-stationary time series, making them widely used in runoff prediction, with popular models including 49 
Artificial Neural Networks (ANN)6, Support Vector Machines (SVM)7, and Adaptive Neuro-Fuzzy Inference 50 
Systems (ANFIS)8. 51 

As leading machine learning models, ANN and SVM exhibit robust learning capabilities and are extensively 52 
applied in the field of runoff prediction, capable of addressing complex problems9. However, their performance is 53 
significantly influenced by model parameters. Given that runoff processes inherently exhibit trends, periodicity, 54 
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and high non-stationarity, these models may struggle to fully capture all characteristics of hydrological processes. 55 
Therefore, analyzing the temporal scale features of runoff and optimizing the models are essential for enhancing 56 
prediction accuracy10. Previous researchers have primarily improved hydrological forecasting accuracy through 57 
two approaches: (1) Data preprocessing methods decompose highly non-stationary runoff sequences into a series 58 
of relatively stable subsequences, simplifying the modeling process for each subsequence; (2) Integrating robust 59 
intelligent optimization algorithms to determine the optimal parameter combinations, thus enhancing the 60 
performance and predictive capacity of hydrological models11. 61 

While these methods aim to improve prediction accuracy, the precision obtained by coupling different 62 
methods with different machine learning models varies. Therefore, for specific meteorological data and historical 63 
runoff data of the study area, selecting high-accuracy, multi-method coupled machine learning models is 64 
beneficial for making more scientific analyses, assessments, and decisions regarding future runoff predictions in 65 
the research basin12. For example, Zhang et al.13 developed a VMD-SSA-BiLSTM model by integrating 66 
Variational Mode Decomposition (VMD) for signal decomposition and preprocessing with the Sparrow Search 67 
Algorithm (SSA) for parameter optimization of the Bidirectional Long Short-Term Memory Neural Network 68 
(BiLSTM) model, which enhanced the smoothness of monthly runoff sequences and improved point prediction 69 
accuracy. WEN et al.14 used VMD as a data preprocessing technique and coupled it with the emerging Sine 70 
Cosine Algorithm (SCA) and Extreme Learning Machine (ELM), demonstrating superior performance compared 71 
to single prediction models. Guo et al.15 compared a single Least Squares Support Vector Machine (LSSVM) 72 
model, a CEEMDAN-LSSVM model, and a combined CEEMDAN-SVM–GM(1,1) model, finding that the 73 
combination model CEEMDAN-SVM–GM(1,1) exhibited higher accuracy. 74 

In summary, this study aims to combine different preprocessing methods and optimization algorithms with 75 
machine learning models, compare their prediction results, and select a reliable, efficient, and practical 76 
multi-method hybrid machine learning model for predicting highly irregular, complex nonlinear, and multi-scale 77 
variable monthly runoff sequences. This approach offers a new perspective for improving runoff prediction 78 
accuracy under changing environmental conditions. The study will use the monthly runoff forecast at the 79 
Wanzhou hydrological station, a key control section in the heart of the Three Gorges Reservoir area, as a case 80 
study to validate the effectiveness and feasibility of the selected model. 81 

Research Methodology 82 

Machine Learning Models  83 

With the advent of the big data era, machine learning has become increasingly effective in processing a84 
nd transforming information from large datasets, learning from experience to make inferences and decisi85 
ons. In this study, we utilize three machine learning models for monthly runoff prediction in the waters86 
hed: BP, LSTM, and SVM. 87 

BP Neural Network (Backpropagation Neural Network): The primary characteristics of the BP neural 88 
network involve forward propagation of signals and backward propagation of errors. It adjusts the weights and 89 
thresholds of the entire network through backpropagation to minimize the sum of squared errors16. Previous 90 
applications in hydrological forecasting research have demonstrated that a BP neural network with a single 91 
hidden layer can meet the accuracy requirements for predictions. Therefore, a three-layer BP neural network 92 
model, comprising an input layer, a hidden layer, and an output layer, is sufficient to predict changes in 93 
hydrological elements accurately. In this study, we construct a three-layer BP neural network model for runoff 94 
prediction. 95 

LSTM Neural Network (Long Short-Term Memory Network): The LSTM neural network is an improved 96 
model of the Recurrent Neural Network (RNN). It addresses the issues of gradient vanishing and gradient 97 
explosion that can occur in simple RNNs by incorporating specially designed memory cells capable of selective 98 
memory. These memory cells can choose to retain important information17. The LSTM network introduces three 99 
unique gates: the input gate, the forget gate, and the output gate, allowing the model to selectively protect and 100 
forget information, thus efficiently capturing dependencies in time series data. 101 

SVM (Support Vector Machine): The SVM model introduces kernel functions to map non-linearly separable 102 
data in the original low-dimensional space into a higher-dimensional feature space where it becomes linearly 103 
separable. SVM seeks to minimize overall risk by finding an optimal trade-off between "structural risk" and 104 
"empirical risk" using a penalty factor18. To avoid the risk of "overfitting," SVM employs slack variables to 105 
create a "soft margin." This approach effectively addresses practical issues such as the curse of dimensionality 106 
and small sample sizes that are common in traditional machine learning. Consequently, SVM is widely used in 107 
the field of hydrological forecasting. 108 

When using the above machine learning models for runoff prediction, it is crucial to ensure that the models 109 
converge and accurately capture the characteristics of the data. This is achieved by normalizing and 110 
denormalizing the input and output factors before training the models. The normalization process is carried out 111 
using the following formula: 112 𝑥̅𝑖 = 𝑥𝑖 − 𝑥𝑖𝑚𝑖𝑛𝑥𝑖𝑚𝑎𝑥 − 𝑥𝑖𝑚𝑖𝑛 (1) 113 

Where 𝑥𝑖𝑚𝑎𝑥 and 𝑥𝑖𝑚𝑖𝑛 are the maximum and minimum values in the iii-th input dataset, respectively, 𝑥̅𝑖  114 
is the normalized value for the iii-th input data point. 115 

For denormalization, the formula used is: 116 𝑦𝑖 = 𝑦̅𝑖 − 𝑦𝑖𝑚𝑖𝑛𝑦𝑖𝑚𝑎𝑥 − 𝑦𝑖𝑚𝑖𝑛 ∗ 0.998 + 0.001 (2) 117 

Where 𝑦𝑖𝑚𝑎𝑥 and 𝑦𝑖𝑚𝑖𝑛 are the maximum and minimum values in the iii-th output dataset, 𝑦̅𝑖 is the 118 
normalized value for the iii-th output data point, 𝑦𝑖 is the denormalized value for the iii-th output data point after 119 
the denormalization process. 120 

 121 
 122 
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Decomposition Techniques 123 

The complexity of the original sequence affects the capability of machine learning. The simpler the sequence, the 124 
easier it is to model using machine learning. The "decomposition-reconstruction" prediction model established 125 
based on preprocessing methods breaks down complex runoff sequences into simpler parts, resulting in better 126 
data fitting capabilities and relatively more accurate predictions19. 127 

CEEMDAN (Complete Ensemble Empirical Mode Decomposition with Adaptive Noise) is a novel signal 128 
decomposition algorithm. This method resolves the modal mixing problem in Empirical Mode Decomposition 129 
(EEMD) by adding a finite number of adaptive Gaussian white noise steps during each decomposition stage, 130 
thereby enhancing the accuracy and stability of the decomposition20. 131 

TVF-EMD (Time-Varying Filter-based Empirical Mode Decomposition) improves traditional EMD by 132 
introducing time-varying filters. This method effectively addresses the issues of incomplete or excessive 133 
decomposition that may occur in conventional methods. The core of this approach lies in using time-varying 134 
filtering techniques to complete the sifting process, adaptively designing local cutoff frequencies by fully 135 
leveraging instantaneous amplitude and frequency information21. In summary, TVF-EMD is a fully adaptive 136 
signal decomposition method that enhances frequency separation performance and maintains stability at low 137 
sampling rates. It also exhibits robustness against noise interference, making it suitable for analyzing both linear 138 
and non-stationary signals. 139 

VMD (Variational Mode Decomposition) is a new adaptive decomposition method based on Wiener filtering 140 
and Hilbert transform. Essentially, it applies the classic Wiener filter to multiple adaptive segment waves of the 141 
signal. By selecting modes and their central frequencies, VMD decomposes a complex signal into several mode 142 
components while maintaining each component as monotonic as possible, making the decomposed signal easier 143 
to interpret and analyze22. Moreover, VMD has strong anti-interference capabilities, effectively overcoming the 144 
influence of high-frequency noise and balancing the errors between time-domain signals and their corresponding 145 
frequency-domain signals. 146 

Swarm Intelligence Algorithms 147 

Given the high complexity and nonlinearity of runoff prediction problems, swarm intelligence algorithms148 
 are widely used due to their global optimization capabilities, strong adaptability, robustness, and high in149 
terpretability23. By integrating robust optimization algorithms, we can better determine the optimal param150 
eter combinations and enhance the predictive performance of hydrological models. This study employs th151 
ree swarm intelligence algorithms to couple with machine learning models and selects the combination 152 
model with the highest prediction accuracy. 153 

Whale Optimization Algorithm (WOA) is a meta-heuristic optimization algorithm inspired by the hunting 154 
behavior of humpback whales. The main mechanism includes encircling prey, bubble-net feeding, and searching 155 
for prey. In WOA, each whale's position represents a potential solution. By continuously updating the positions of 156 
whales in the solution space, the algorithm ultimately finds the global optimal solution24. The position update 157 
mechanism is calculated by creating a spiral equation to compute the distance between the individual and the best 158 
position, using the formula: 159 𝑋(𝑡 + 1) = 𝑥′(𝑡) + 𝑒𝑏𝑙 × cos(2𝜋𝑙) × 𝐷𝑖 (3) 160 𝐷𝑖 = |𝑥′(𝑡) − 𝑥(𝑡)| (4) 161 

Where 𝑥′(𝑡) is the current best foraging position, 𝑏 is a constant used to adjust the shape of the spiral, 𝑙 162 
is a random number in the range [-1, 1], 𝐷𝑖 is the distance between the current individual and the best foraging 163 
position, 𝑥(𝑡) is the current position of the individual. 164 

Grasshopper Optimization Algorithm (GOA) was proposed by Shahrzad Saremi et al. in 201725. It is a 165 
swarm intelligence optimization algorithm inspired by the foraging behavior of grasshopper swarms. GOA is 166 
known for its fast convergence speed and high search efficiency. The algorithm divides the search space into 167 
repulsive, comfortable, and attractive zones based on the repulsive and attractive forces among grasshoppers. It 168 
adjusts the effect of these forces according to the distance between grasshoppers and uses an abstraction function 169 
to find the optimal solution. The implementation steps of GOA are as follows: 170 

Step 1 : Initialize the population size, population positions, maximum number of iterations, and control 171 
parameters. 172 

Step 2 : Calculate the fitness value of each grasshopper and rank them in ascending order. 173 
Step 3 : Update the control parameters. 174 
Step 4 : Update the positions of the grasshoppers and calculate their fitness values. 175 
Step 5 : Check if the termination condition is met. If yes, output the results; otherwise, repeat steps 2-4. 176 
Sparrow Search Algorithm (SSA) was developed by Xue et al. in 202026, inspired by the foraging and 177 

anti-predation behaviors of sparrows. In SSA, the sparrow population is divided into three roles: discoverers, 178 
joiners, and scouts. Discoverers and joiners dynamically switch roles where discoverers provide the direction and 179 
area for foraging, and joiners follow the signals from the discoverers to forage. Scouts use anti-predation 180 
strategies to provide warnings, helping the population avoid local optima. The interaction among these roles 181 
facilitates the optimization search. The mathematical model of SSA is as follows: 182 

Assuming the number of sparrows in the population is \( n \), the population is represented as: 183 𝐺 = (𝑥11 ⋯ 𝑥1,𝑑⋮ ⋱ ⋮𝑥𝑛,1 ⋯ 𝑥𝑛,𝑑) (5) 184 

Where 𝐺 represents the entire population, and 𝑑 denotes the dimensionality of the sparrow population. 185 
The fitness value of a sparrow is given by: 186 𝐹𝑋 = (𝑓[𝑥1,1𝑥1,2…𝑥1,𝑑]⋮𝑓[𝑥𝑛,1𝑥𝑛,2…𝑥𝑛,𝑑]) (6) 187 

Where 𝐹𝑋 represents the fitness values of all sparrows, and 𝑓 denotes the fitness value of an individual 188 
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sparrow. 189 
The position changes for the three different roles of sparrows are determined as follows, with the position 190 

change for discoverers given by: 191 𝑋𝑖,𝑗𝑡+1 = {𝑋𝑖,𝑗𝑡 × 𝑒𝑥𝑝 (− 𝑖𝛼𝑡𝑚𝑎𝑥) , 𝑅′ < 𝛿𝑠𝑡𝑥 + 𝑄 × 𝐿, 𝑅′ ≥ 𝛿𝑠𝑡 (7) 192 

Where 𝑋𝑖,𝑗𝑡+1 and 𝑋𝑖,𝑗𝑡  are the positions of the 𝑖-th sparrow in the 𝑗-th dimension in the 𝑡 + 1 and 𝑡 193 

iterations, 𝛼 is a random number in the range (0,1), 𝑡𝑚𝑎𝑥 is the maximum number of iterations, 𝑅′ is the 194 
warning threshold, 𝑄 is a random number following a normal distribution, 𝐿 is a 1 × 𝑑 matrix with all 195 
elements equal to 1. 196 

The position change for joiners is given by: 197 

𝑋𝑖,𝑗𝑡+1 = { 
 𝑄 × 𝑒𝑥𝑝 (𝑋𝑤 − 𝑋𝑖,𝑗𝑡𝑖2 ) , 𝑖 > 𝑛/2𝑋𝑝𝑡+1 + |𝑋𝑖,𝑗𝑡 − 𝑋𝑝𝑡+1| × 𝐴+ × 𝐿, 𝑖 ≤ 𝑛2 (8) 198 

Where 𝑋𝑖,𝑗𝑡+1 is the best position for the discoverer in the 𝑡 + 1 iteration, 𝑋𝑤 is the current worst global 199 

position, 𝐴+ = 𝐴𝑇(𝐴𝐴𝑇)−1, 𝐴 is a 1 × 𝑑 matrix with all elements being 1 or -1. 200 
The position change for scouts is given by: 201 

𝑋𝑖,𝑗𝑡+1 = { 𝑋𝑏𝑡 + 𝛽 × |𝑋𝑖,𝑗𝑡 − 𝑋𝑏𝑡|, 𝑓𝑖 > 𝑓𝑏𝑋𝑖,𝑗𝑡 + 𝐾 × ( |𝑋𝑖,𝑗𝑡 − 𝑋𝑤𝑡 |(𝑓𝑖 − 𝑓𝑤) + 𝜀) , 𝑓𝑖 = 𝑓𝑏 (9) 202 

Where 𝑋𝑏𝑡  is the global best position after the 𝑡-th iteration, 𝛽 is the step size control parameter, 𝐾 is a 203 
random number in the range [-1,1], 𝑓𝑖 is the current fitness value of the scout, 𝑓𝑏  and 𝑓𝑤 are the current best 204 
and worst fitness values, 𝜀 is a constant ensuring the denominator is not zero. 205 

Evaluation Metrics 206 

To comprehensively evaluate the prediction performance of the nine models, the following metrics are selected: 207 
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Nash-Sutcliffe Efficiency (NSE), Mean 208 
Absolute Percentage Error (MAPE), and Correlation Coefficient (R). These metrics quantify the effectiveness of 209 
the models' predictions. The technical workflow is illustrated in Figure 1. The evaluation criteria are calculated 210 
using the following formulas: 211 𝑀𝐴𝐸 = 1𝑛∑|𝑌𝑖 − 𝑦𝑖|𝑛

𝑖=1 (10) 212 

𝑅𝑀𝑆𝐸 = √1𝑛∑(𝑌𝑖 − 𝑦𝑖)2𝑛
𝑖=1 (11) 213 

𝑁𝑆𝐸 = 1 − ∑ (𝑌𝑖 − 𝑦𝑖)2𝑛𝑖=1∑ (𝑌𝑖 − 𝑌1̅）2𝑛𝑖=1 (12) 214 

𝑀𝐴𝑃𝐸 = 100%𝑛 ∑|𝑌𝑖 − 𝑦𝑖𝑌𝑖 |𝑛
𝑖 (13) 215 

𝑅 = ∑ [(𝑌𝑖 − 𝑌1̅)(𝑦𝑖 − 𝑦̅1)]𝑛𝑖=1√∑ [(𝑌𝑖 − 𝑌1̅)2(𝑦𝑖 − 𝑦̅1)2]𝑛𝑖=1 (14)
 216 

Where 𝑌𝑖 is the 𝑖-th observed true sample, 𝑦𝑖 is the 𝑖-th predicted test value, 𝑌1̅ is the mean of all 217 
observed values, 𝑦̅1 is the mean of all predicted values. 218 

Case Study Analysis 219 

Overview of the Study Area 220 

The study area is the Three Gorges Reservoir region, with the Wanzhou Hydrological Station located at the 221 
“heart” of this area selected as the research site. The Wanzhou Hydrological Station, situated in Wanzhou District, 222 
Chongqing, is a central reporting station for flood information. It covers a catchment area of approximately 223 
970,000 km² and serves as a first-class hydrological station for monitoring the lower reaches of the main stream 224 
in the upper Yangtze River. It is a key national hydrological station and collects essential data for the 225 
construction, operation, and regulation of the Three Gorges Dam project. The research data include historical 226 
observations from the Wanzhou Hydrological Station (monthly runoff data from January 1960 to December 227 
2019) and meteorological data from four weather stations, including the Wanzhou Meteorological Station. The 228 
Three Gorges Reservoir region and station information are shown in Figure 2. 229 

Trend and Periodicity Analysis of Runoff Series 230 

The Mann-Kendall trend test27and wavelet analysis28were employed to analyze the trend and periodicity of the 231 
runoff series at the research station, as illustrated in Figures 3 and 4. 232 

From the Mann-Kendall trend test results of the monthly runoff series shown in Figure 3, it can be observed 233 
that there is a decreasing trend in the monthly runoff series over the past 60 years. The Z-value obtained from the 234 
Mann-Kendall trend test is 0.5009 (Z < 1.28), indicating that the monthly runoff series at the research station 235 
does not pass the significance test. Generally, due to the dual influences of human activities and climate change, 236 
river runoff series over extended periods tend to exhibit certain changes. Based on the runoff characteristics and 237 
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simulation requirements, data are divided into training and testing sets according to the 75% and 25% split 238 
principle. Thus, the monthly runoff data for the first 45 years (1960-2004) are used as the training set, and the 239 
data for the last 15 years (2005-2019) are used as the testing set. 240 

Using the nearly 60-year runoff series in the Three Gorges Reservoir area, the annual runoff wavelet 241 
coefficient contour map and wavelet variance diagram are produced after wavelet transformation, as shown in 242 
Figure 4. The annual runoff in the Three Gorges Reservoir area exhibits multi-scale time-frequency variation 243 
characteristics and multiple primary periodic changes, indicating a pattern of alternating wet and dry periods. The 244 
wavelet variance of the annual runoff series reveals two significant peaks, corresponding to primary periods of 245 
approximately 5 and 19 years. The first (largest) peak occurs on a 19-year time scale, indicating the strongest 246 
periodic oscillation around this interval. The main periods for monthly runoff are 9 months and 18 months, with 247 
the maximum wavelet variance occurring at 18 months. Considering the lag effects of climate factors on the 248 
runoff at the research station and the periodicity of monthly runoff, the study includes lags of 1 to 20 months as 249 
different delay periods for model input selection. Suitable lag periods are determined through lag testing. 250 

Selection of Single Machine Learning Models for Runoff Prediction 251 

Using monthly runoff series data from the Wanzhou Hydrological Station spanning 720 months from 1960 to 252 
2019, and meteorological data from four weather stations, including the Wanzhou Meteorological Station, runoff 253 
is selected as the prediction target. Rainfall, temperature, and preceding runoff are used as input features for the 254 
machine learning models. Considering the monthly runoff cycle analysis from the previous sections, lag periods 255 
of 1 to 20 months are tested using RMSE as the reference target, as shown in Figure 5. The results indicate that a 256 
15-month lag period is optimal. Consequently, all subsequent model inputs use a 15-month lag. 257 

Three prediction models—BP, LSTM, and SVM—are established and compared for optimization. The 258 
results are summarized in Table 1. Table 1 uses five evaluation metrics to assess the three models. The prediction 259 
accuracies of the BP, LSTM, and SVM models are relatively similar. The Nash-Sutcliffe Efficiency (NSE) for the 260 
LSTM and SVM models on the test set are 0.72513 and 0.7585, respectively, both greater than 0.7, achieving a 261 
B-grade runoff prediction level (NSE in the range [0.7, 0.9] indicates B-grade prediction accuracy). The BP 262 
model has an NSE of 0.67733, indicating a C-grade runoff prediction level (NSE in the range [0.5, 0.7] indicates 263 
C-grade prediction accuracy). Overall, the prediction accuracies of the LSTM and SVM models at the research 264 
site are higher than those of the BP model. Considering the LSTM model's sensitivity to time, better memory 265 
capabilities, and unique gating mechanism, it is more suitable for handling runoff prediction problems with 266 
strong time-lag, nonlinearity, and long time series29. Therefore, the LSTM model is selected for coupling with 267 
different methods for runoff prediction. 268 

Runoff Prediction Optimization with "Decomposition Techniques" Coupled 269 

Machine Learning Models 270 

Hybrid prediction models are established by coupling different decomposition methods with the LSTM model. 271 
The process involves decomposing the runoff series into multiple sub-series using different decomposition 272 
methods, modeling each sub-series individually, and then summing the predicted values of all sub-series to obtain 273 
the final predicted runoff series. 274 

Given the better prediction results of the LSTM model, further hybrid models CEEMDAN-LSTM, 275 
TVF-EMD-LSTM, and VMD-LSTM are established and compared for optimization. The prediction results are 276 
shown in Figure 6. As seen in Figure 6, the LSTM models coupled with the three decomposition techniques 277 
outperform the standalone LSTM model in both training and test sets. The NSE for the VMD-LSTM model is 278 
0.93676 (training set) and 0.84016 (test set), higher than those of the CEEMDAN-LSTM and TVF-EMD-LSTM 279 
models, representing improvements of 11.4% and 15.86%, respectively, compared to the standalone LSTM 280 
model. 281 

To enable the LSTM model to better recognize runoff patterns and reduce prediction difficulty, 282 
decomposition techniques are used to decompose the runoff data for the study area. Figure 7 shows the 283 
time-domain decomposition diagram of the runoff series based on VMD. During the VMD decomposition 284 
process, the selection of the number of modes k and the penalty factor 𝛼 significantly affects the decomposition 285 
results. A small k may lead to modal overlap and insufficient decomposition precision, failing to reduce the 286 
complexity of the original series effectively. A large k may result in some modes having the same decomposition 287 
frequency, causing over-decomposition. The selection of k is determined by observing the central frequency; 288 
when the central frequency selected at 𝑘𝑖  is very close to those at 𝑘𝑖+1  and 𝑘𝑖+2 , it indicates possible 289 
frequency mixing, suggesting 𝑘𝑖 as the optimal number of decomposition modes30. Based on this theory, k=6 is 290 
chosen. Additionally, through trial and error, the penalty factor 𝛼 is set to 50. The time-domain decomposition 291 
diagram of the runoff series based on VMD is shown in Figure 7. 292 

Optimization of Hybrid Machine Learning Models for Runoff Prediction 293 

Beyond data preprocessing strategies, integrating robust optimization algorithms can also enhance the prediction 294 
accuracy of standalone models. To validate the effectiveness of different optimization algorithms coupled with 295 
machine learning models, three monthly runoff prediction models—VMD-WOA-LSTM, VMD-GOA-LSTM, 296 
and VMD-SSA-LSTM—are established and compared for optimization. 297 

Table 2 presents the runoff prediction results for the training and test sets of four models: VMD-LSTM, 298 
VMD-WOA-LSTM, VMD-GOA-LSTM, and VMD-SSA-LSTM. Using five evaluation metrics to assess these 299 
models, the accuracy of VMD-WOA-LSTM, VMD-GOA-LSTM, and VMD-SSA-LSTM in both training and test 300 
sets is higher than that of VMD-LSTM, indicating that integrating different swarm intelligence optimization 301 
algorithms can improve model prediction accuracy. Additionally, the NSE for VMD-SSA-LSTM and 302 
VMD-WOA-LSTM models on the test set are 0.9488 and 0.92823, respectively, both greater than 0.9, achieving 303 
an A-grade prediction level (NSE ≥ 0.9 indicates A-grade prediction accuracy)31. Overall, the statistical 304 
indicators of VMD-SSA-LSTM in both training and test sets outperform those of VMD-WOA-LSTM and 305 
VMD-GOA-LSTM, suggesting that the integrated SSA algorithm has higher convergence accuracy and 306 
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robustness compared to WOA and GOA. Moreover, VMD-SSA-LSTM shows better adaptability in runoff 307 
prediction at the Wanzhou station in the Three Gorges Reservoir area, thus delivering the best overall forecasting 308 
performance. 309 

Figure 8 compares the predicted and observed runoff data for the training and test sets of the three hybrid 310 
models—VMD-WOA-LSTM, VMD-GOA-LSTM, and VMD-SSA-LSTM. The fitting curves and correlation 311 
coefficient 𝑅 between the observed and simulated values indicate that all three models achieve good predictive 312 
performance, with VMD-SSA-LSTM slightly outperforming VMD-WOA-LSTM and VMD-GOA-LSTM. This 313 
demonstrates that the decomposition-reconstruction strategy and integration of robust swarm intelligence 314 
optimization algorithms effectively capture the nonlinear relationships in the original monthly runoff data and 315 
determine the optimal parameter combinations, thereby improving the predictive accuracy of single machine 316 
learning models and achieving superior runoff forecasting results. 317 

Discussion 318 

This study focuses on the Wanzhou station, located at the "heart" of the Three Gorges Reservoir area. Over the 319 
past 60 years, the monthly runoff series at this station has shown no significant increasing or decreasing trends, as 320 
confirmed by the Mann-Kendall trend test, indicating relative stability. Given the challenges posed by runoff 321 
prediction with strong time-lag effects, nonlinearity, and long time series, the LSTM model demonstrated 322 
superior prediction accuracy at this research site. This success can be attributed to the LSTM model's sensitivity 323 
to temporal data, enhanced memory capabilities, and unique gating mechanisms. 324 

Furthermore, the application of a "decomposition-reconstruction" strategy combined with robust 325 
optimization algorithms in machine learning models has significantly improved the prediction accuracy for the 326 
runoff at the research site. As shown in Table 3, the VMD-SSA-LSTM model outperforms both the VMD-LSTM 327 
and standalone LSTM models across all five evaluation metrics. The VMD-SSA-LSTM model shows substantial 328 
improvements over the LSTM model, with the Nash-Sutcliffe Efficiency (NSE) increasing from 0.72513 to 329 
0.984, upgrading the prediction accuracy level from B-grade to A-grade32. 330 

Additionally, the "decomposition-reconstruction" strategy proves advantageous for enhancing the accuracy 331 
of individual prediction models. However, this method often encounters boundary effects, which can negatively 332 
impact the quality of time-series modeling and overall predictive performance. Future research should focus on 333 
improving extension algorithms to reduce the boundary effect in decomposition preprocessing techniques. 334 

Regarding the integration of robust swarm intelligence optimization algorithms, while these methods have 335 
rapidly developed robust theoretical frameworks and are widely applied across various fields due to their 336 
robustness, self-organization, and flexibility, they still suffer from slow convergence speeds and a tendency to get 337 
trapped in local optima. Thus, further research and discussion are required on how to enhance these algorithms to 338 
achieve more reasonable and efficient practical modeling33. 339 

In recent years, global hydrological processes have exhibited significant changes due to human activities and 340 
climate change. The nonlinearity, non-stationarity, and uncertainty of runoff sequences have become increasingly 341 
prominent, posing greater challenges for future runoff prediction34. Therefore, the focus of the next research 342 
phase will be on how to deeply explore the changing characteristics of runoff sequences under varying 343 
environmental conditions, enhance the learning and generalization capabilities of prediction models, and improve 344 
the accuracy of runoff predictions. 345 

Conclusion 346 

In this study, three machine learning models—BP, LSTM, and SVM—were employed to predict runoff at 347 
the Wanzhou station, located in the "heart" of the Three Gorges Reservoir area. The results indicate that the 348 
LSTM model provides the highest prediction accuracy, followed by SVM, with BP performing the worst. This 349 
suggests that the LSTM model's ability to capture trends and temporal correlations in sequence data makes it 350 
more effective for runoff prediction in regions with strong trend characteristics like the Three Gorges Reservoir 351 
area. 352 

Using runoff decomposition techniques enhances the representation of essential characteristics such as 353 
periodicity and sequence properties in runoff data, which in turn improves prediction accuracy. Consequently, the 354 
three coupled models based on the "decomposition-reconstruction" strategy outperform the standalone models in 355 
terms of prediction accuracy. Among the coupled models, the monthly runoff prediction accuracy, from highest to 356 
lowest, is as follows: VMD-LSTM > CEEMDAN-LSTM > TVF-EMD-LSTM. 357 

Among the nine runoff prediction models constructed in this study, the VMD-SSA-LSTM and 358 
VMD-GOA-LSTM models exhibit the highest prediction accuracy, with NSE values of 0.948 and 0.92823 on the 359 
test set, respectively, both reaching A-grade prediction accuracy levels and surpassing the other models. Overall, 360 
the VMD-SSA-LSTM model demonstrates superior adaptability and generalization performance, making it the 361 
best overall forecasting model. 362 

In the runoff prediction for the Wanzhou station in the Three Gorges Reservoir area, the combination of the 363 
"decomposition-reconstruction" strategy and the integration of robust optimization algorithms successfully 364 
enhanced the prediction accuracy of individual runoff prediction models. However, there are still some 365 
limitations that need to be addressed in future research phases. The "decomposition-reconstruction" strategy 366 
suffers from boundary effects, which can affect the quality of time-series modeling and limit improvements in 367 
prediction accuracy. Further research could focus on improving extension algorithms to mitigate endpoint effects 368 
in decomposition preprocessing techniques. Additionally, robust swarm intelligence optimization algorithms 369 
often have slow convergence speeds and a tendency to get trapped in local optima. Improving these algorithms to 370 
achieve more reasonable and efficient practical modeling remains a key area for future development. 371 
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Data availability 372 

All data generated or analyzed during this study are included in this published article and its supplementary 373 
information files. 374 
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 471 

Fig 1.  Technology roadmap. 472 

 473 
Fig 2.  Three gorges reservoir area and wanxian hydrological station in china. 474 

 475 
Fig 3.  Mann-Kendall trend test of monthly runoff series. 476 
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 477 
Fig 4.  Wavelet analysis diagram of runoff series. 478 

 479 
Fig 5.  Delay test results. 480 

 481 
Fig 6.  Decomposition technology coupled with machine learning prediction results. 482 
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 483 
Fig 7.  Time domain diagram of runoff sequence decomposition based on VMD. 484 

 485 

 486 
Fig 8.  Runoff forecast results. 487 

Table 1. The prediction results of a single prediction model. 488 

 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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Table 2. Runoff forecast results. 489 

Models Phase MAE RMSE NSE MAPE R 

VMD-LSTM 

Training 42.9235 63.8822 0.93676 14.7763% 0.96787 

Prediction 55.1466 76.155 0.84016 20.6369% 0.9444 

VMD-WOA-LSTM 

Training 34.6368 48.5316 0.93629 12.6545% 0.98212 

Prediction 37.7831 51.0313 0.92823 14.7229% 0.96685 

VMD-GOA-LSTM 

Training 42.8079 64.1212 0.93629 14.1958% 0.96857 

Prediction 43.2756 61.6045 0.8954 15.4499% 0.95541 

VMD-SSA-LSTM 

Training 29.181 39.6666 0.97562 11.9244% 0.98801 

Prediction 32.6549 43.4356 0.948 12.9048% 0.97509 

Table 3.  The prediction results of different methods coupling model in the test set. 490 

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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