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Abstract: Accurate and reliable monthly runoff forecasting plays an important role in making full use of 10 

water resources. In recent years, long short-term memory neural networks (LSTM), as a deep learning 11 

technology, has been successfully applied in forecasting monthly runoff. However, the hyperparameters 12 

of LSTM is predetermined, which has a significant influence on model performance. In this study, given 13 

decomposition of monthly runoff series may provide more accurate predication revealed by many 14 

previous studies, a hybrid model, namely VMD-GWO-LSTM, has been proposed for monthly runoff 15 

forecasting. The proposed hybrid model is comprised of two main components, namely variational mode 16 

decomposition (VMD) coupled with grey wolf optimizer (GWO) based LSTM. First, VMD is utilized to 17 

decompose raw monthly runoff series into several subsequences. Second, GWO is implemented to 18 

optimize the hyperparameters of LSTM for each subsequence on condition that the inputs are determined. 19 

Finally, the total output of all subsequences is aggregated as final forecast result. Four quantitative indexes 20 

are employed to evaluate the model performance. The proposed model is demonstrated using monthly 21 

runoff series data derived from two reservoirs in China's Pearl River system. To identify the feasibility 22 

and superiority of the proposed model, back propagation neural networks (BPNN), support vector 23 

machine (SVM), LSTM, EMD-LSTM, VMD-LSTM and GWO-LSTM are also utilized for comparison. 24 

The results indicate that the proposed hybrid model can yield best forecast accuracy among these models, 25 

making it a promising new method for monthly runoff forecasting.  26 
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1. Introduction  29 

Accurate and reliable monthly runoff forecasting plays an important role in water resources management, 30 

such as water supply (Şen, 2021), hydroelectric generation (Feng et al., 2020a) and ecological restoration 31 

(Feng et al., 2018). Generally, existing methods can be approximately partitioned into data-driven (Feng 32 

et al., 2021; Liao et al., 2020; Wang et al., 2015), and physical-based models (Dakhlalla and Parajuli, 33 

2016; Liao et al., 2016; Madsen, 2003). The data-based models can simulate the relationship between 34 

input and output without regard to complex mechanisms of runoff generation (Niu et al., 2019). As a 35 

contrast, the physical-based models take into account specific physical process and demand mass data 36 

such as underlying surface conditions, human activity influence and climate change which are not easily 37 

collected (Feng and Niu, 2021). Unlike the physical-based models, the data-based models demand less 38 

data and can afford satisfactory forecast results. As a typical representative of data-based models, 39 

artificial neural networks (ANN) has been widely and successfully utilized in hydrology-related areas, 40 

for instance, precipitation forecasting (Nourani et al., 2009), runoff forecasting (Shoaib et al., 2018), 41 

water level forecasting (Seo et al., 2015), etc. In the past few decades, numerous ANN architectures and 42 

algorithms have been investigated in hydrological time series forecasting (ASCE-Task-Committee, 43 

2000).  44 

Long short-term memory neural networks (LSTM) proposed by Hochreiter and Schmidhuber 45 

(Hochreiter and Schmidhuber, 1997) is a special kind of recurrent neural network (RNN) and has merits 46 

of fast convergence and good nonlinear predictive capability. To avoid the problems of training long 47 

sequences and vanishing gradients faced by the traditional RNN, LSTM implements constant error flow 48 

via constant error carrousels within special memory cells. Referred to LSTM, many literatures have been 49 

studied in hydrological time series forecasting (Lv et al., 2020; Ni et al., 2020; Wang et al., 2021). 50 

Nevertheless, the hyperparameters of LSTM are predetermined, which has a certain impact on forecast 51 

accuracy. In general, there are two main methods to improve the forecast accuracy in the previous studies. 52 

The first is to combine decomposition algorithms to decompose original time series data into several 53 

subcomponents, employ LSTM to simulate each subcomponent, and aggregate the result of each 54 

subcomponent as the final result (Lv et al., 2020). Zuo et al. (Zuo et al., 2020), for example, proposed a 55 

single-model forecasting based on VMD and LSTM to predict daily streamflow 1-7 days ahead, and 56 

investigated the robustness and efficiency of the proposed model for forecasting highly nonstationary 57 

and nonlinear streamflow. The Second is to utilize optimization algorithms to optimize the 58 
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hyperparameters of the LSTM (ElSaid et al., 2018). Yuan et al. (Yuan et al., 2018), for example, used ant 59 

lion optimizer (ALO) to calibrate the parameters of the LSTM, and verified its effectiveness with the 60 

historical monthly runoff of the Astor River Basin. At present, there are several commonly used 61 

decomposition algorithms (Colominas et al., 2014; Roushangar et al., 2021; Shahid et al., 2020), for 62 

instance, wavelet decomposition, empirical mode decomposition (EMD) and VMD. The optimization 63 

algorithms, such as particle swarm optimization and ant colony optimization, can be seen in the literature 64 

as optimizing the parameters of neural networks (Wan et al., 2017; Yu et al., 2008). In this study, both 65 

methods are considered. 66 

Variational mode decomposition (VMD) (Dragomiretskiy and Zosso, 2014) is an entirely non-67 

recursive variational model that can extract modes concurrently. Via VMD, a signal can be decomposed 68 

into a sequence of subcomponents with different frequency bands and time resolutions (Fang et al., 2019). 69 

Compared to empirical mode decomposition (EMD), VMD is capable of separating tones of similar 70 

frequencies. VMD has been widely applied in many research fields, such as fault diagnosis (Zhang et al., 71 

2017), signal processing (Wang et al., 2017), wind speed monitoring (Liu et al., 2018) and hydrological 72 

time series forecasting (Feng et al., 2020b; Li et al., 2021; Sibtain et al., 2021). In this study, VMD was 73 

selected as a data preprocessing tool to decompose monthly run off series. In recent years, an emerging 74 

swarm intelligence algorithm called grey wolf optimizer (GWO) has been proposed, which imitates the 75 

social hierarchy and hunting behavior of grey wolves (Mirjalili et al., 2014). With its strong robustness 76 

and searching ability in solving optimization problem, GWO has been widely and successfully applied 77 

in many fields, like model parameter calibration (Tikhamarine et al., 2020), reservoir operation (Niu et 78 

al., 2021) and optimal power dispatch (Nuaekaew et al., 2017). In view of its strong robustness and 79 

searching ability, GWO can be adopted to optimize the hyperparameters of LSTM. In this paper, a hybrid 80 

model, referred to as VMD-GWO-LSTM, is proposed for monthly runoff forecasting. According to the 81 

monthly runoff series of two real-world hydropower reservoirs in China, the proposed method is certified 82 

to be feasible. The novel contributions of this study can be stated as follows. (1) To decrease modeling 83 

difficulty, VMD is adopted to decompose monthly runoff series into several simple subcomponents. (2) 84 

For each subcomponent, the input-output relationships are identified by LSTM and the GWO method is 85 

employed to optimize the hyperparameters of LSTM. (3) The results of case study indicate that, 86 

compared to several traditional models, the proposed hybrid method VMD-GWO-LSTM can yield better 87 



forecast accuracy. To our knowledge, there are few studies about combining VMD, LSTM, and GWO to 88 

forecast monthly runoff, demonstrating this study has the potential to refill this gap. 89 

The rest of this work is organized as follow: Section 2 describes the details of the proposed approach; 90 

in Section 3, the proposed method is utilized to forecast the monthly runoff of two reservoirs; finally, the 91 

conclusions are summarized.  92 

2 Methodology 93 

2.1 Variational mode decomposition 94 

VMD is a novel variational method which can non-recursively decompose a nonstationary signal into a 95 

given number of mode functions and each individual mode is compact around its center frequency 96 

(Dragomiretskiy and Zosso, 2014). To obtain each mode and its center frequency, a constrained 97 

variational problem can be expressed as follows: 98 
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where t is the time step; ( )
k

u t  and ( )k t  denote k-th mode and its corresponding center frequency, 100 

respectively; ( )t  is the Dirac distribution, * denotes the convolution calculation and  f t  denotes the 101 

t-th data of the input signal. 102 

In order to facilitate solution, the quadratic penalty factor   and the Lagrangian multiplier   are 103 

introduced to transform the constrained variational problem into an unconstrained variational problem. 104 

Hence, the augmented Lagrangian structure can be expressed as follows: 105 
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where   represents the inner product operation. 107 

The Eq. (2) can then be solved by the alternating direction method of multiplier (ADMM) to get the 108 

saddle point of the augmented Lagrangian function. In the ADMM, the variables ( 1ˆn

ku
 , 1n

k  and 1ˆn  ) are 109 

continuously updated to optimize each modal component. And thus the optimal individual mode k
u  and 110 

the corresponding center frequency k  can be obtained by the iterative equation expressed as follows: 111 
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where n is the iteration number;   is the iterative factor; ˆ ( )f w , ˆ ( )iu w , ˆ( )w  and 1ˆn

ku
 denote the 115 

Fourier transforms of ( )f t , ( )iu t , ( )t  and 1ˆ ( )n

ku t
 , respectively. 116 

2.2 long short-term memory neural networks 117 

As a type of deep learning neural networks, LSTM was proposed to overcome the gradient 118 

vanishing/exploding problem faced by traditional RNN (Hochreiter and Schmidhuber, 1997). LSTM takes 119 

place of the conventional hidden unit with a memory cell and contains multiple memory blocks of which 120 

each include three gates: input gate, forget gate and output gate and at least a memory cell. By LSTM, 121 

information from the three gates can be added or deleted to the memory cell state. Based on the previous 122 

state, current memory and current input, the LSTM owns the ability to decide which cells are restrained and 123 

promoted and on the basis of the three gates what information is saved and forgotten during the training 124 

process (Altan et al., 2021). The structure of LSTM is shown in Fig. 1. For the three gates: the multiplicative 125 

input gate unit is employed to recognize new information that can be gathered in the cell; the multiplicative 126 

output gate unit is utilized to compute the information that can be propagated to the network; the 127 

multiplicative forget gate unit is used to decide whether the last status of the cell can be forgotten (Li et al., 128 

2018). 129 

Insert Here Fig. 1 130 

The calculation of the three gates and cell state can be generally expressed as follows:  131 
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where tf , ti , to  denote the output of the forget gate, input gate and output gate, respectively; tc%is 133 

the potential cell state; t
c  and t

h  denote the cell state and cell output at the time t; fW , iW , cW  134 

oW  and fb , ib , cb , 0b   denote weight matrices and the corresponding bias vectors; tx  is the input 135 

at time t,   is the sigmoid function; e denotes matrix multiplication.  136 
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It is worth noting that LSTM relies heavily on a set of hyperparameters to achieve good performance, 137 

which usually requires a certain amount of practical experience to manually select and optimize the 138 

hyperparameters. Therefore, for convenience, automatic algorithmic approaches with ability to converge 139 

faster and gain an optimal/ near optimal solution within an acceptable time can be employed to enhance 140 

the performance of LSTM (Nakisa et al., 2018).  141 

2.3 Grey wolf optimizer 142 

The GWO algorithm is a novel swarm intelligent optimization algorithm that simulates the leadership 143 

hierarchy and predation strategy of grey wolves (Mirjalili et al., 2014). Grey wolves possess the very strict 144 

social dominant hierarchy, which can be divided into four categories including alpha wolf (α), beta wolf 145 

(β), delta wolf (δ) and omega wolf (ω). The alpha dominates the whole wolf pack and is responsible for 146 

making decisions. Beta wolves are subordinate to the alpha in the hierarchy, but command delta and omega 147 

wolves as well. Meanwhile, alpha wolves are also responsible for coordinating alpha wolves to make 148 

decisions. Delta wolves obey the orders of alpha and beta wolves and are responsible for the detection and 149 

guarding of the wolf pack. The omega is the lowest ranking and omega wolves play a vital role in the 150 

balance of internal relationships among the pack. The hunting process of grey wolves can be divided into 151 

three stages: (i) tracking, chasing and approaching prey; (ii) hunting, surrounding and intruding the prey 152 

until it stops moving; (iii) attacking the prey (Mirjalili et al., 2014). The optimal solution is obtained by 153 

updating and evolving the positions of wolves, and gradually approaching the prey. The GWO algorithm 154 

can be roughly described as follows.   155 

Firstly, encircling prey is carried out by the grey wolves before hunting process, which can be defined as 156 

follows:  157 
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where t is the current iteration; D
r

 is the distance between the grey wolf and the prey; ( )PX t
r

 is the 162 

position vector of the t-th prey; ( )X t
r

 is the position vector of the t-th grey wolf; A
r

 and C
r

 are 163 

coefficient vectors; 1r
r

 and 2r
r

 are random numbers in [0,1]; a
r

 is transition parameter and linearly 164 

reduced from 2 to 0 during the iterative computation.  165 



Then, hunting process is implemented. After recognizing the position of the prey and encircling them, 166 

the wolves will hunt the prey which is guided by the alpha and the beta and delta participating occasionally. 167 

In this process, it is assumed that the alpha has best candidate solution and the top three solutions have 168 

better knowledge about the potential position of prey. Hence, the formulas are given as follows which other 169 

wolves should be obeyed to update their positions:  170 
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Finally, attacking prey is executed. In order to simulate being close to the prey, the value of r
a  174 

is decreased linearly and correspondingly the fluctuation range of 
r
A  is also decreased within the 175 

interval of [-2a, 2a]. When 
r
A  ranging in [-1, 1], the next position of a grey wolf in any position is 176 

between its current position and the position of the prey (Mirjalili et al., 2014). And thus the attack 177 

on the prey can be realized.  178 

2.4 Hybrid model for monthly runoff forecasting 179 

Hydrological time series with the characteristics of nonlinearity and nonstationarity are usually related 180 

to various factors, including climate change and variation of underlying surface conditions (Ji et al., 2014; 181 

Xu et al., 2017). To improve forecast accuracy of monthly runoff forecasting, a hybrid model shortened 182 

to VMD-GWO-LSTM is proposed and illustrated in Fig.2. Firstly, VMD is utilized to decompose the 183 

original complex runoff time series into several relatively simple subsequences. Secondly, LSTM of 184 

which the hyperparameters are optimized by GWO, is employed to simulated each subsequence. Finally, 185 

the simulation results of all subsequences are aggregated as the final forecast result. The main procedure 186 

can be described as follows: 187 

Step 1: Data preprocessing. Utilize VMD to decompose the original runoff sequence to obtain K 188 

subsequences with different frequencies. All subsequences that are divided into calibration and validation 189 

data are normalized to [-1,1]. 190 

Step 2: Input determination. Utilize partial autocorrelation function (PACF) to determine the inputs 191 

javascript:;
javascript:;


variables of each subsequence for the LSTM model. 192 

Step 3: Hyperparameter optimization. The GWO algorithm of which root-mean-squared error 193 

(RMSE) is selected as an optimization criterion, is carried out independently to optimize the 194 

hyperparameters of the LSTM model for simulating each subsequence. In this study, the optimal 195 

parameters of the number of hidden layer neurons, the number of epochs and the learning rate of the 196 

LSTM model are searched.  197 

Step 4: Aggregation. The forecast results of all subsequences are arithmetically aggrated as the final 198 

forecast results.  199 

Insert Here Fig. 2 200 

2.5 Evolution index 201 

Selecting appropriate evaluation criteria is essential for utilizing multi-criteria analysis to validate 202 

model performance (Modarres, 2009). In this section, four evolution indexes, namely RMSE, mean 203 

absolute percentage error (MAPE), coefficient of correlation (R) and Nash-Sutcliffe efficiency 204 

coefficient (CE) are employed. Generally, the smaller RMSE and MAPE and the higher R and CE, the 205 

better model performance. These indexes as listed as below: 206 
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where n   is the number of observed data; iQ  and ˆ
iQ   are the observed and forecasted values, 211 

respectively; iQ and ˆ
iQ are the averages of all observed and forecasted values, respectively. 212 

3 Case studies 213 

3.1 Study area and data 214 

Two multipurpose Reservoirs, the Xinfengjiang and Guangzhao Reservoirs illustrated in Fig. 3, were 215 
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selected as case studies. The Xinfengjiang Reservoir is located on the Xinfeng River, which is the largest 216 

tributary of the Dongjiang River, a second-level tributary of the Pearl River. With 336.1 MW of installed 217 

capacity and 13.896 billion m3 of storage volume as well as 5740km2 of drainage area, the Xinfengjiang 218 

Reservoir is the largest Reservoir in the south of China. For the Xinfengjiang Reservoir, the primary goal 219 

is power generation. The Guangzhao Reservoir is located on the middle reaches of the Beipan River, 220 

which is a tributary of the Xijiang River, a second-level tributary of the Pearl River. With 1040MW of 221 

installed capacity and 3.245 billion m3 of storage volume as well as 13548km2 of drainage area, the 222 

primary goal of the Guangzhao Reservoir is power generation. Hence, accurate monthly runoff 223 

forecasting is vital for these two reservoirs.  224 

Monthly runoff series data from the Xinfengjiang and Guangzhao Reservoirs were retrieved for 225 

validating the proposed method. The monthly runoff hydrograph of the two reservoirs is depicted in Fig. 226 

4, where the data for Xinfengjiang covers from 1943 to 2015 and the data for Guangzhao covers from 227 

1956 to 2017. It can be seen that the monthly runoff for the two reservoirs varies over a wide range. For 228 

these two reservoirs, approximate 70% of the data was used for calibration and the remaining was used 229 

for validation.  230 

Insert Here Fig. 3 231 

Insert Here Fig. 4 232 

3.2 Decomposition results 233 

According to VMD, the key parameter of the number of mode should be predefined, which affects the 234 

decomposed results (Wen et al., 2019). To obtain satisfactory performance, the traditional EMD method 235 

was employed to ascertain the number of subsequences. The decomposed results for the Xinfengjiang 236 

and Guangzhao Reservoirs utilizing VMD and EMD are shown in Figs. 5 and 6, respectively. It can be 237 

found that there are significant differences in the acquired subcomponents for the two reservoirs, which 238 

indicate the variability of VMD and EMD in the aspect of extracting intrinsic information from original 239 

monthly runoff series. 240 

Insert Here Fig. 5 241 

Insert Here Fig. 6 242 

3.3 Input determination 243 

The selection of input variables that directly affects the forecast results, should be predetermined. As a 244 

statistical method, partial the partial autocorrelation function (PACF) can be employed to analysis and 245 



determine the input variables (Feng et al., 2020; He et al., 2019). In practice, the input variables are often 246 

determined by means of the PACF values that the pervious values are selected as inputs when all PACF 247 

values fall into the confidence interval. The PACF values for the original and decomposed subsequences 248 

of Xinfengjiang Reservoir data are shown in Figs. 7 and 8. On the basis of Figs. 7 and 8, the input 249 

variables for each sequences of Xinfengjiang and Guangzhao Reservoirs data can be determined. From 250 

Tables 1 and 2, it can be easily seen that the number of the input variables for the original and decomposed 251 

data are similar, but not always the same, indicating the complex and variable features of the data from 252 

the two reservoirs.  253 

Insert Here Fig. 7 254 

Insert Here Fig. 8 255 

Insert Here Table 1 256 

Insert Here Table 2 257 

3.4 Model development 258 

To confirm the feasibility of the proposed method, five models were employed for comparison, namely 259 

back propagation neural networks (BPNN), support vector machine (SVM), LSTM, VMD-LSTM and 260 

EMD-LSTM models. The details of the models are stated as follows.  261 

(1) BPNN model 262 

The original monthly runoff data were used to calibrate the parameters of BPNN model. In this study, 263 

for the two reservoirs, three layers feedforward neural networks were employed, of which the input nodes 264 

were set based on PACF values of the original series and each sub-series, the output nodes were set as 1 265 

and the hidden nodes were set by trial-and-error procedure.  266 

(2) SVM model 267 

The original monthly runoff data were used to calibrate the parameters of SVM model. In this study, 268 

the radial basis function was chosen as the kernel function, and the genetic algorithm was used to 269 

optimize the parameters of SVM model.  270 

(3) LSTM model 271 

Similar to the LMNN and SVM models, the original monthly runoff data were used to calibrate the 272 

parameters of LSTM model. The number of hidden layers is 2. For the LSTM model, the input nodes 273 

were set based on PACF values of the original series and each sub-series, the output nodes were set as 1 274 

and the hidden units for each hidden layer were set by trial-and-error procedure. In addition, the 275 



hyperparameters, i.e. epoch and learning rate, were also set by trial-and-error procedure.  276 

(4) VMD-LSTM and EMD-LSTM models 277 

For the VMD-LSTM and EMD-LSTM models, there are there three main steps to be implemented. 278 

Firstly, the original monthly runoff data were decomposed into several subsequences using VMD or 279 

EMD. Secondly, the standard LSTM model was employed to simulate each subsequence and the input 280 

variables for each subsequence are listed in Tables 1 and 2. Finally, the results for each subsequence were 281 

aggregated as the final results.   282 

3.5 Forecast results 283 

3.5.1 Results for the Xinfengjiang Reservoir 284 

According to the methods aforementioned, the original monthly runoff series and extracted subsequences 285 

were simulated. The detailed evaluation indexes of different models over the calibration and validation 286 

periods for the Xinfengjiang Reservoir is presented in Table 3. It can be intuitively found that compared 287 

with BPNN, SVM, LSTM, EMD-LSTM and VMD-LSTM models, the VMD-GWO-LSTM can yield the 288 

best results in terms of all the four evolution indexes both in calibration and validation periods. For 289 

instance, compared with the standalone BPNN model, the proposed hybrid VMD-GWO-LSTM model 290 

can respectively provide better forecast accuracy with decrement of 77.95% and 75.57% in terms of 291 

RMSE and MAPE and increment of 81.67% and 397.93% in terms of R and CE during the validation 292 

period. As can be seen in Table 3, the hybrid models, such as EMD-LSTM and VMD-LSTM, comprised 293 

of LSTM and decomposed methods outperform the standalone LSTM model in terms of all the four 294 

evolution indexes during the calibration and validation periods. For example, compared with the LSTM 295 

method, the VMD-LSTM model performs better with decrement of 72.06% and 57.51% in terms of 296 

RMSE and MAPE and increment of 52.66% and 154.96% in terms of R and CE during the validation 297 

period. In addition, Table 3 also reveals that the proposed hybrid model VMD-GWO-LSTM performs 298 

slightly better than the VMD-LSTM model in terms of the four measures both in the calibration and 299 

validation periods.  300 

Insert Here Table 3 301 

To detect the performance of tracing dynamic changes of the monthly runoff, a comparison of 302 

forecasted versus observed runoff data using BPNN, SVM, LSTM, EMD-LSTM, VMD-LSTM and 303 

VMD-GWO-LSTM for the Xinfengjiang Reservoir is depicted in Fig.9. On the whole, all of the models 304 

can simulate monthly runoff to some extent except for significant difference existed in peak flow 305 



prediction, indicating different models with different abilities in simulating peak runoff. To comprehend 306 

the performance of the models, the scatter diagrams for the Xinfengjiang Reservoir are presented in 307 

Fig.10, which shows less scatters with VMD-GWO-LSTM than the other five models and are consistent 308 

with the results in Table 3.     309 

Insert Here Fig. 9 310 

Insert Here Fig. 10 311 

Insert Here Table 4 312 

In addition, to assess the performance of the proposed hybrid mode in peak flow forecasting, peak flow 313 

estimates of different models over the validation period for the Xinfengjiang Reservoir can be proceeded 314 

by statistical analysis. As shown in Table 4, the absolute average of the relative error of the BPNN, SVM, 315 

LSTM, EMD-LSTM, VMD-LSTM and VMD-GWO-LSTM for forecasting the 21 peak flows are 38.9%, 316 

46.0%, 43.7%, 23.2%, 10.8% and 9.4%, respectively. It can be easily concluded that in the aspect of peak 317 

flow forecast, the VMD-GWO-LSTM model can yield much better forecast accuracy than BPNN, SVM, 318 

LSTM and EMD-LSTM, and outperform slightly better forecast than the VMD-LSTM.  319 

3.5.2 Results for the Guangzhao Reservoir 320 

The statistics of different models over the calibration and validation periods for the Guangzhao 321 

Reservoir is shown in Table 5. It can be easily seen that the hybrid methods, namely, EMD-LSTM, VMD-322 

LSTM and VMD-GWO-LSTM display better performance than the standalone BPNN, SVM and LSTM. 323 

Furthermore, Table 5 also reveals that forecast accuracy of the LSTM model can be enhanced under the 324 

condition of optimized hyperparameters. For instance, compared to the SVM model, the VMD-LSTM 325 

can respectively provide better forecast accuracy with decrement of 59.06% and 65.66% in terms of 326 

RMSE and MAPE and increment of 31.73% and 80.51% in terms of R and CE during the validation 327 

period; compared to the VMD-LSTM model, the VMD-GWO-LSTM model can respectively provide 328 

better forecast accuracy with decrement of 36.13% and 21.39% in terms of RMSE and MAPE and 329 

increment of 2.61% and 5.34% in terms of R and CE during the validation period. Hence, it reconfirms 330 

that the proposed hybrid model is superior to the other models utilized in this study.  331 

Insert Here Table 5 332 

The forecast results of different models for the Guangzhao Reservoir during the validation phrase are 333 

drawn in Fig.11. It is clear from the hydrographs that the BPNN model having the worst performance of 334 

tracing dynamic changes of the monthly runoff and the rest models can afford satisfactory forecast results. 335 



The scatter diagrams for the Guangzhao Reservoir are plotted in Fig.10. It can be intuitively found that 336 

the VMD-GWO-LSTM model can offer the least forecast results among the six models and display the 337 

best performance with a trendline very near to the observed data line.  338 

Insert Here Fig. 11 339 

Insert Here Fig. 12  340 

Table 6 lists the statistics of peak flow estimates of different models for the Guangzhao Reservoir 341 

during the validation period. From Table 6, the absolute average of the relative error of the BPNN, SVM, 342 

LSTM, EMD-LSTM, VMD-LSTM and VMD-GWO-LSTM models for forecasting the 18 peak flows 343 

are 31.4%, 33.2%, 31.7%, 15.8%, 7.6% and 6.2%, respectively. Thus, in terms of peak flow forecast, the 344 

VMD-GWO-LSTM model can perform much better than the BPNN, SVM, LSTM and EMD-LSTM 345 

models, and slightly better than the VMD-LSTM model. As a consequence, the VMD-GWO-LSTM 346 

model is an efficient method for monthly runoff forecasting ascribing its superior performance over the 347 

comparable models during the validation period.  348 

Insert Here Table 6 349 

3.6 Discussion 350 

According to the forecast results provided by BPNN, SVM and LSTM, it can be directly found that 351 

there are significant differences in terms of the four evolution indexes, demonstrating the importance of 352 

model selection and model parameter calibration. For the BPNN model, the gradient-based training 353 

algorithms have to face some drawbacks, such as over-fitting and local optimum (Wu and Chau, 2011). 354 

The ordinary SVM employing the structural risk-minimization principle can obtain good generalization 355 

performance. Nonetheless, the performance of SVM usually relies on the optimization algorithm to 356 

optimize the parameters and many studies can be referred in the literature (Feng et al., 2020b). As a deep 357 

learning algorithm, LSTM can overcome the gradient vanishing/exploding problem faced by traditional 358 

RNN and exhibit good generalization performance in hydrological time series prediction (Kratzert et al., 359 

2018). Influenced by many factors such as human activities and climate changes, runoff usually contains 360 

multifrequency components (Niu et al., 2019). Hence, it is difficult to use a standalone prediction model 361 

to completely simulate runoff precisely because only one resolution component is used and the 362 

underlying multi-scale phenomena can’t be unraveled. As decomposition methods, EMD and VMD are 363 

utilized to identify the multifrequency components to decrease the modelling difficulty. Therefore, the 364 

EMD-LSTM and VMD-LSTM models performed better than the standalone LSTM. Although many 365 



successful applications of LSTM have not involved how to optimize the hyperparameters, it is still worth 366 

paying much attrition to the hyperparameter optimization to enhance model performance and swarm 367 

intelligent algorithms (i.e., GWO) can be selected as possible solutions. Consequently, the proposed 368 

model VMD-GWO-LSTM outperformed the VMD-LSTM model. 369 

The probable causes of VMD-GWO-LSTM superior to the comparable models can be generally 370 

attributed to the contribution of VMD decomposition and hyperparameters optimization based on GWO 371 

for LSTM. VMD can decompose the monthly runoff time series into several subsequences and ravel the 372 

underlying multi-scale phenomena implied in the monthly runoff time series. Each subsequence was 373 

simulated by LSTM with hyperparameters optimization conducted by GWO, which can identify the 374 

dynamic changes and decrease the modelling difficulty. Meanwhile, automatic optimization of 375 

hyperparameters of LSTM conquers the drawbacks of presetting parameters easily causing to lower 376 

forecast accuracy. 377 

Although the feasibility of VMD-GWO-LSTM has been verified with monthly runoff data derived 378 

from two reservoirs, further research should be made in the future. It is necessary to involve new and 379 

excellent decomposition algorithms to enhance the quality of subsequences. Of course, more machine 380 

learning techniques should be investigated and verified to improve the single model forecast accuracy. 381 

Furthermore, the standard swarm optimization algorithms, for example GWO used in this study, should 382 

be modified to improve the quality of parametric optimization for the models.  383 

4 Conclusion  384 

In this study, a hybrid model, VMD-GWO-LSTM for short, has been proposed for forecasting monthly 385 

runoff. Firstly, the original monthly runoff data is decomposed into several subsequences. Secondly, each 386 

subsequence is simulated by a standalone LSTM model, of which the hyperparameters, including 387 

learning rate, epochs and hidden layer neurons, are optimized by GWO. Finally, all of the output of the 388 

standalone LSTM for each subsequence are aggregated as the final forecast results. Monthly runoff data 389 

derived from two reservoirs (Xinfengjiang and Guangzhao Reservoirs) located in China were employed 390 

to investigated the proposed hybrid model. In order to evaluate the model performance, four commonly 391 

used statistical evolution indexes were utilized and five models, namely BPNN, SVM, LSTM, EMD-392 

LSTM and VMD-LSTM, were used for comparison. The results indicated that the proposed model 393 

outperformed the five models in terms of all the four evolution indexes. Hence, the proposed method is 394 

feasible and promising for improving the forecasting accuracy of monthly runoff prediction.   395 
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Fig. 1 Schematic diagram of long short-term memory neural networks 535 
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Fig. 1 Schematic diagram of long short-term memory neural networks 561 
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Fig. 2 The flowchart of VMD-GWO-LSTM for monthly runoff forecasting 564 
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Fig. 3 Location of the Xinfengjiang and Guangzhao Reservoirs in China  567 
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 569 

Fig. 4 Monthly runoff hydrograph of the Xinfengjiang and Guangzhao Reservoirs 570 
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Fig. 5 Decomposed results of monthly runoff data in Xinfengjiang Reservoirs 573 
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Fig. 6 Decomposed results of monthly runoff data in Guangzhao Reservoirs 576 
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Fig. 7 PACF values of each series from the Xinfengjiang Reservoir 579 
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Fig. 8 PACF values of each series from the Guangzhao Reservoir 582 
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Fig.9 Comparison of the forecast results for the Xinfengjiang Reservoir during the validation period 585 
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Fig. 10 Comparison of scatter diagrams of forecast results for the Xinfengjiang Reservoir during the 588 

validation period 589 
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Fig.11 Comparison of the forecast results for the Guangzhao Reservoir during the validation period 592 
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Fig. 12 Comparison of scatter diagrams of forecast results during the validation period for the 595 

Guangzhao Reservoir 596 
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Table 1 The selected input values of each series for the Xinfengjiang Reservoir monthly runoff data 608 

No. Series Input variables Numbers of input 
1 Original xt-1, xt-2, xt-3, xt-4, xt-5, xt-6, xt-7, xt-8 8 

2 IMF1 xt-1, xt-2, xt-3 3 

3 IMF2 xt-1, xt-2, xt-3, xt-4 4 

4 IMF3 xt-1, xt-2, xt-3, xt-4 4 

5 IMF4 xt-1, xt-2, xt-3, xt-4 4 

6 IMF5 xt-1, xt-2, xt-3, xt-4 4 

7 IMF6 xt-1, xt-2, xt-3, xt-4, xt-5, xt-6, xt-7 7 

8 IMF7 xt-1, xt-2, xt-3, xt-4, xt-5, xt-6, xt-7 7 

9 IMF8 xt-1, xt-2, xt-3, xt-4, xt-5, xt-6, xt-7, xt-8 8 

10 IMF9 xt-1, xt-2, xt-3, xt-4 4 
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Table 2 The selected input values of each series for the Guangzhao Reservoir monthly runoff data 611 

No. Series Input variables Numbers of input 
1 Original xt-1, xt-2, xt-3, xt-4, xt-5, xt-6, xt-7 7 

2 IMF1 xt-1, xt-2, xt-3 3 

3 IMF2 xt-1, xt-2, xt-3, xt-4 4 

4 IMF3 xt-1, xt-2, xt-3, xt-4 4 

5 IMF4 xt-1, xt-2, xt-3, xt-4, xt-5 5 

6 IMF5 xt-1, xt-2, xt-3, xt-4, xt-5, xt-6, xt-7, xt-8 8 

7 IMF6 xt-1, xt-2, xt-3, xt-4, xt-5 5 

8 IMF7 xt-1, xt-2, xt-3, xt-4, xt-5 5 

9 IMF8 xt-1, xt-2, xt-3, xt-4 4 

 612 
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Table 3 Comparison of evaluation indexes of different models for the Xinfengjiang Reservoir 614 

Models 
Calibration Validation 

RMSE MAPE R CE RMSE MAPE R CE 

BPNN 176.912 116.940 0.558 0.245 175.616 124.456 0.540 0.193 

SVM 162.401 92.020 0.604 0.364 159.082 95.410 0.587 0.338 

LSTM 143.215 73.108 0.713 0.505 154.706 76.900 0.640 0.373 

EMD-LSTM 76.179 52.945 0.931 0.861 130.014 81.677 0.802 0.557 

VMD-LSTM 39.524 30.710 0.984 0.962 43.224 32.676 0.977 0.951 

VMD-GWO-LSTM 36.950 29.348 0.985 0.967 38.720 30.395 0.981 0.961 
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Table 4 Peak flow estimates of different models for the Xinfengjiang Reservoir during the validation 618 

period 619 

Peak 

NO. 

Observed 

peaks 

(m3/s) 

BPNN  

(m3/s) 

SVM  

(m3/s) 

LSTM 

(m3/s) 

EMD-LSTM  

(m3/s) 

VMD-LSTM 

(m3/s) 

VMD-GWO- 

LSTM(m3/s) 

Relative error(%) 

BPNN SVM LSTM EMD-LSTM VMD-LSTM 
VMD-GWO- 

LSTM 

1  494.0 481.1  269.0  510.0  402.1  493.5  492.3  -2.6  -45.6  3.2  -18.6  -0.1  -0.4  

2  368.0 256.2  232.6  247.6  235.6  421.4  401.5  -30.4  -36.8  -32.7  -36.0  14.5  9.1  

3  803.0 458.8  408.5  296.9  653.2  751.2  739.4  -42.9  -49.1  -63.0  -18.7  -6.5  -7.9  

4  645.0 433.9  329.2  524.6  561.6  572.8  589.8  -32.7  -49.0  -18.7  -12.9  -11.2  -8.6  

5  362.0 385.8  311.7  145.4  212.9  388.7  385.6  6.6  -13.9  -59.8  -41.2  7.4  6.5  

6  498.0 137.4  168.3  265.3  184.4  427.3  459.2  -72.4  -66.2  -46.7  -63.0  -14.2  -7.8  

7  618.0 526.7  324.4  479.4  508.7  508.8  526.4  -14.8  -47.5  -22.4  -17.7  -17.7  -14.8  

8  353.0 381.8  319.9  233.4  335.3  332.6  344.2  8.2  -9.4  -33.9  -5.0  -5.8  -2.5  

9  336.0 389.9  239.5  495.3  243.1  303.6  332.8  16.0  -28.7  47.4  -27.7  -9.7  -0.9  

10  203.0 319.8  280.4  493.7  197.4  255.8  275.6  57.6  38.1  143.2  -2.8  26.0  35.8  

11  1496.0 439.3  351.0  412.9  1649.7  1301.1  1321.0  -70.6  -76.5  -72.4  10.3  -13.0  -11.7  

12  783.8 493.5  422.4  441.7  592.1  738.2  766.3  -37.0  -46.1  -43.6  -24.5  -5.8  -2.2  

13  687.5 311.7  251.4  436.1  610.4  680.8  698.2  -54.7  -63.4  -36.6  -11.2  -1.0  1.6  

14  1066.0 299.6  260.5  470.4  619.8  940.2  956.8  -71.9  -75.6  -55.9  -41.9  -11.8  -10.2  

15  228.2 278.9  252.5  468.5  159.9  320.0  325.4  22.2  10.6  105.3  -29.9  40.2  42.6  

16  867.5 512.7  382.7  469.6  897.9  748.6  769.1  -40.9  -55.9  -45.9  3.5  -13.7  -11.3  

17  369.6 176.1  186.8  408.9  291.8  394.0  409.8  -52.3  -49.4  10.6  -21.0  6.6  10.9  

18  442.3 500.5  352.2  424.0  313.4  414.8  433.3  13.2  -20.4  -4.1  -29.1  -6.2  -2.0  

19  860.9 374.5  302.5  515.3  829.3  785.5  799.0  -56.5  -64.9  -40.1  -3.7  -8.8  -7.2  

20  616.2 292.6  233.3  450.7  570.9  589.3  599.8  -52.5  -62.1  -26.9  -7.4  -4.4  -2.7  

21  493.6 196.4  214.6  465.0  195.6  482.8  493.6  -60.2  -56.5  -5.8  -60.4  -2.2  0.0  

Average (absolute) 38.9  46.0  43.7  23.2  10.8  9.4  
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Table 5 Comparison of evaluation indexes of different models for the Guangzhao Reservoir 622 

 Models 
Calibration Validation 

RMSE MAPE R CE RMSE MAPE R CE 

BPNN 162.371 73.088 0.762 0.570 148.575 67.225 0.689 0.373 

SVM 157.653 69.643 0.771 0.595 131.621 66.394 0.728 0.508 

LSTM 134.204 32.806 0.845 0.706 128.575 50.008 0.759 0.530 

EMD-LSTM 105.202 55.066 0.941 0.884 87.303 36.484 0.897 0.783 

VMD-LSTM 39.146 19.660 0.989 0.975 53.880 22.798 0.959 0.917 

VMD-GWO-LSTM 37.987 17.572 0.990 0.976 34.415 17.921 0.984 0.966 
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Table 6 Peak flow estimates of different models for the Guangzhao Reservoir during the validation period 625 

 Peak NO. 

Observed 

peaks

（m3/s) 

BPNN

（m3/s) 

SVM

（m3/s) 

LSTM          

（m3/s) 

EMD-

LSTM   

（m3/s) 

VMD-

LSTM     

（m3/s) 

VMD-GWO- 

LSTM（m3/s) 

Relative error(%) 

BP SVM LSTM EMD-LSTM VMD-LSTM 
VMD-GWO- 

LSTM 

1 723.5 293.8 308.1  454.3  597.1  848.7 738.2 -59.4  -57.4 -37.2  -17.5  17.3  2.0  

2 983.3 644.1 539.3  548.6  953.6  1001.5 931.1 -34.5  -45.2 -44.2  -3.0  1.9  -5.3  

3 782.6 484.0 407.5  477.1  603.5  717.1 736.4 -38.1  -47.9 -39.0  -22.9  -8.4  -5.9  

4 544.8 382.6 373.4  490.3  460.7  483.8 515.7 -29.8  -31.5 -10.0  -15.4  -11.2  -5.3  

5 546.4 552.6  399.6  523.2  465.2  525.7 544.5 1.1  -26.9 -4.3  -14.9  -3.8  -0.4  

6 580.2 357.1  339.5  487.2  393.0  551.0 546.7 -38.5  -41.5 -16.0  -32.3  -5.0  -5.8  

7 580.5 295.9  282.2  437.2  291.8  547.9 541.0 -49.0  -51.4 -24.7  -49.7  -5.6  -6.8  

8 656.2 542.0  508.2  576.5  635.7  653.0 649.6 -17.4  -22.6 -12.2  -3.1  -0.5  -1.0  

9 526.0 492.7  454.3  497.9  661.7  510.0 508.3 -6.3  -13.6 -5.4  25.8  -3.1  -3.4  

10 500.2 399.0  352.0  585.4  498.6  489.4 495.6 -20.2  -29.6 17.0  -0.3  -2.1  -0.9  

11 552.7 624.3  474.3  483.4  584.9  523.9 523.3 13.0  -14.2 -12.5  5.8  -5.2  -5.3  

12 320.4 347.6  327.5  521.3  311.4  332.4  336.4 8.5  2.2  62.7  -2.8  3.7  5.0  

13 535.0 679.8  495.1  445.0  471.0  484.7 483.7 27.1  -7.5  -16.8  -12.0  -9.4  -9.6  

14 219.9 357.1  321.9  524.8  224.6  267.4 266.9 62.4  46.4 138.6  2.1  21.6  21.4  

15 614.1 588.4  434.5  464.8  563.2  556.8 564.1 -4.2  -29.2 -24.3  -8.3  -9.3  -8.1  

16 548.0 338.2  397.4  333.6  444.7  493.3 508.5 -38.3  -27.5 -39.1  -18.8  -10.0  -7.2  

17 423.9 191.3  263.8  471.5  275.8  465.2 461.9 -54.9  -37.8 11.2  -34.9  9.7  9.0  

18 1199.6 454.5  405.7  531.1  1021.1  1087.9 1081.4 -62.1  -66.2 -55.7  -14.9  -9.3  -9.9  

Average (absolute) 31.4  33.2 31.7  15.8  7.6  6.2  
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