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model (ESMD-SE-WPD-LSTM) is presented in this study. Firstly, the extreme-point 40 

symmetric mode decomposition (ESMD) is used to produce several intrinsic mode 41 

functions (IMF) and a residual (Res) by decomposing the original runoff series. 42 

Secondly, the sample entropy (SE) method is employed to measure the complexity of 43 

each IMF. Thirdly, we adopt wavelet packet decomposition (WPD) to further 44 

decompose the IMF with the maximum SE into several appropriate components and 45 

detailed components. Then the LSTM model, a deep learning algorithm based recurrent 46 

approach, is employed to predict all components obtained in the previous step. Finally, 47 

the forecasting results of all components are aggregated to generate the final prediction. 48 

The proposed model, which is applied to five annual series from different areas in China, 49 

is evaluated based on four quantitative indexes (R, NSEC, MAPE and RMSE). The 50 

results indicate that the ESMD-SE-WPD-LSTM outperforms other benchmark models 51 

in terms of four quantitative indexes. Hence the proposed model can provide higher 52 

accuracy and consistency for annual runoff prediction, making it an efficient instrument 53 

for scientific management and planning of water resources. 54 

Keywords: annual runoff prediction; two-phase decomposition; Long Short-Term 55 

Memory; extreme-point symmetric mode decomposition; wavelet packet 56 

decomposition; sample entropy 57 

1 Introduction 58 

Long-term runoff forecasting is essential for the optimal management of hydro-59 

resources (Evsukoff et al. 2012; Meng et al. 2019), ecological restoration (Feng et al. 60 

2020a), flood mitigation (He et al. 2020), power generation (Feng et al. 2020b), 61 
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irrigation scheduling (Poul et al. 2019), etc. The problem has received extensive 62 

attention of researchers (Kisi and Sanikhani 2015; Wang et al. 2009; Xiang et al. 2020; 63 

Zamani Sabzi et al. 2017). Numerous models have been presented to improve the 64 

prediction accuracy of annual hydrologic time series (Feng et al. 2020c; Tan et al. 2018; 65 

Wang et al. 2015). Generally, these models can be divided into two types (Chau et al. 66 

2005; He et al. 2014), namely physical-based and data-driven models. Physical-based 67 

models require detailed multi-source information, powerful mathematical calculation 68 

tools and sophisticated parameter optimization process (Aqil et al. 2007) while data-69 

driven models are an efficient alternative by building direct relationships between input 70 

and output data without understanding the complex physical mechanisms of the system. 71 

Recently, many data-driven models (such as LSTM, ANFIS, ANN, etc.) have been 72 

adopted in hydrological forecasting field (Ehteram et al. 2019; Parisouj et al. 2020; 73 

Sahoo et al. 2019; Song et al. 2020). Hence, this study focuses on developing an 74 

appropriate data-driven model for annual runoff prediction. 75 

In the last few decades, deep learning algorithm has been gradually employed for 76 

hydrological field with fruitful research results (Liu et al. 2020; Tao et al. 2017; Yen et 77 

al. 2019). Recurrent neural network (RNN), a deep learning algorithm, is capable of 78 

modeling complex temporal dynamics. Numerous improvement methods have been 79 

undertaken to overcome the problems of vanishing gradients and gradient explosion. 80 

As a representative of them, LSTM has been used in the field of signal recognition and 81 

forecast. The LSTM model and its principles, proposed by Hochreiter and Schmidhuber 82 

(1997), has been adopted in hydrology field as well. The LSTM model was employed 83 
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to predict monthly water table depth in agricultural field (Zhang et al. 2018). Kratzert 84 

et al. (2018) investigated the potential of LSTM for daily streamflow prediction. Akbari 85 

Asanjan et al. (2018) developed a rainfall prediction method by extrapolating Cloud-86 

Top Brightness Temperature utilizing LSTM. Yuan et al. (2018) examined the accuracy 87 

of a hybrid method for forecasting monthly runoff in Astor River Basin by integrating 88 

LSTM and ant lion optimizer algorithm. Hu et al. (2019) constructed a water quality 89 

forecasting model based on LSTM using preprocessed data. Zhu et al. (2020) presented 90 

a probabilistic LSTM coupled with Gaussian process model for probabilistic daily 91 

runoff forecasting. Srinivas et al. (2020) developed a method using RNN and LSTM to 92 

improve the rainfall prediction performance. Saeed et al. (2020) proposed a method for 93 

wind speed prediction by using a bidirectional LSTM model and automatic encoder. 94 

Gao et al. (2020) used LSTM and gated recurrent unit networks for shore-term flood 95 

forecasting. These studies prove the competitiveness and high stability of LSTM 96 

hydrological time series prediction. 97 

Recently, many hybrid forecasting models for hydrological time series prediction 98 

have been developed and studied, which mainly include the forecast modeling and data 99 

preprocessing. The decomposition algorithm can significantly enhance the forecasting 100 

ability of the model by decomposing the raw hydrological series into more clean sub-101 

series. The emergence of multi-resolution decomposition tools, i.e., principal 102 

component analysis (PCA), singular spectrum analysis (SSA), empirical mode 103 

decomposition (EMD), extreme-point symmetric mode decomposition (ESMD), 104 

ensemble empirical mode decomposition (EEMD), CEEMDAN (complete EEMD with 105 
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adaptive noise), wavelet packet decomposition (WPD), wavelet transform (WT), and 106 

the variational mode decomposition (VMD), have further stimulated researchers to 107 

make in-depth research on data preprocessing. Bojang et al. (2020) examined the 108 

reliability of combining SSA with random forest (RF) and least-squares support vector 109 

regression (LS-SVR), for monthly precipitation prediction. However, SSA involves 110 

certain subjective factors in the process of noise reduction and is subject to the 111 

restriction of r matrix perturbation. Wang and Zhou (2020) examined streamflow 112 

prediction at each hydrological station in the mainstream of the Yellow River in China 113 

by coupling PCA with time series analysis method, but it can only be utilized to linear 114 

dimensionality reduction of data. Discrete wavelet transform (DWT), as a classical data 115 

analysis method, is capable of helping a forecasting model to extract useful information 116 

(Feng et al. 2015; Tayyab et al. 2019), but it may suffer from signal loss. Zuo et al. 117 

(2020) proposed a single-model forecasting (SF) framework namely SF-VMD-LSTM, 118 

to forecast daily streamflow. However, the drawback of VMD is that the optimal 119 

parameter combination needs to be set in advance artificially. EMD and EEMD 120 

techniques lack an accurate mathematical theory. To overcome the weaknesses of them, 121 

a further improvement of EMD called ESMD, proposed by Wang and Li (2013), was 122 

adopted to reduce the uncertainty and noise of signal. The main idea of ESMD is to 123 

identify the large-scale cycle and nonlinear trend of the data using the internal extreme-124 

point symmetry interpolation according to the characteristics of the data itself. ESMD 125 

replaces the traditional integral transformation with direct interpolation, and the 126 

residual is optimized by the least square approach. Therefore, ESMD is capable of more 127 
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intuitively reflecting the time-varying characteristics of frequency and amplitude of 128 

each component. Hence, ESMD is very suitable to analyze nonlinear and non-stationary 129 

series. While this method has been successfully used in broad fields such as economics, 130 

medicine, atmospheric science, and hydrology (Li et al. 2017; Lin et al. 2017; Zhou et 131 

al. 2019a), few attempts have been made to use the latest advance in ESMD to solve 132 

the problem of hydrological time series prediction. Therefore, an objective of this 133 

article is to explore the efficiency of ESMD in capturing hydrological time series 134 

characteristics. 135 

WPD is another data decomposition technology that has gained numerous 136 

attentions recently. The main idea of WPD is using multiple filters to split the original 137 

signal into several sub-series with different frequency characteristics. WPD, an 138 

improvement of DWT, decomposes the approximation value same as details of signals 139 

in each level of decomposition. DWT only decomposes the approximation coefficient, 140 

while WPD has the capability for splitting both detail coefficient and approximation 141 

coefficient simultaneously, thereby the later provides more possibilities for 142 

hydrological time series. Seo et al. (2016) combined three models, including SVM 143 

(support vector machine), ANFIS, and ANN, with WPD for daily stream segment 144 

prediction. Sun et al. (2020) coupled WPD and FS (feature selection) with ELM 145 

(extreme learning machine) to predict multi-step wind speed. Although WPD has 146 

achieved fruitful results in many fields, it still needs to be further studied to fill an 147 

important research gap in mid- and long-term runoff forecasting. 148 

Despite the above fruitful results of decomposition technology, it should be 149 
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pointed out that single decomposition may be difficult to fully mitigate signal 150 

nonlinearity. To attain a smoother series and higher forecasting accuracy than one-phase 151 

decomposition, Liu et al. (2018b) proposed a wind speed multistep prediction model by 152 

combining VMD, SSA, LSTM, and extreme learning machine (ELM). Sun and Huang 153 

(2020) combined secondary decomposition (SD) with sequence reconstruction to 154 

predict air pollutant concentration, and the model had excellent and robust prediction 155 

performance. Li et al. (2020) proposed a novel hybrid air cargo forecasting method by 156 

coupling a new SD ensemble method with cuckoo search algorithm. In summary, SD 157 

method can further mitigate signal nonlinearity and solve the limitation of single 158 

decomposition method to a certain extent. Meanwhile, there are few attempts to use 159 

combined decomposition approach to solve hydrological time series prediction. There, 160 

this paper firstly uses the secondary decomposition framework (ESMD-SE-WPD) to 161 

attain a more linear series. Then, LSTM is adopted for annual runoff forecasting. Finally, 162 

the forecasted results of all sub-series are summed to generate the final prediction. The 163 

proposed model performs runoff forecasting for two real-world runoff series at 164 

Liaoning and Henan Provinces, China, respectively. The performance of the developed 165 

model is compared with several benchmarking prediction models (LSTM, ANFIS, 166 

ANN, ESMD-LSTM, ESMD-SE-SSA-LSTM, ESMD-SE-CEEMDAN-LSTM). 167 

The innovation contribution of this paper can be generalized as follows: (a) On the 168 

basis of complexity judgment of SE, the proposed model adopts an ensemble hybrid 169 

method (ESMD-SE-WPD-LSTM) to preprocess the annual runoff time series, which 170 

efficiently mitigates the non- stationarity of series, and greatly reduces the forecasting 171 
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difficulties. (b) For different series, seven models, namely LSTM, ANFIS, ANN, 172 

ESMD-LSTM, ESMD-SE-SSA-LSTM, ESMD-SE-CEEMDAN-LSTM and ESMD-173 

SE-WPD-LSTM, are employed for benchmark comparison to study the prediction 174 

performance of the proposed framework. (c) A comprehensive evaluation of the 175 

forecasting accuracy of the presented framework by combining four quantitative 176 

indexes (R, NSEC, RMSE, and MAPE), a depth analysis of the forecasting indexes of 177 

each method, the efficiency of the presented model, is comprehensively verified. 178 

The remainder of this article is arranged as follows: Section 2 provides the basic 179 

theories of the relevant methods. After depicting the data source and quantitative 180 

indexes in Section 3, Section 4 introduces the content of empirical forecasting 181 

experiments and discussion. Finally, Section 5 summarizes the study.  182 

2 Methodology 183 

2.1 ESMD 184 

ESMD, proposed by Wang and Li (2013), is a new adaptive data processing 185 

method and can be used to analyze a non-stationary and nonlinear signal. ESMD uses 186 

the internal extreme-point symmetry interpolation in place of external envelope 187 

interpolation, and optimizes the residual mode using least square approach, which 188 

overcomes the shortcomings of modal aliasing and screening termination in EMD. The 189 

detailed steps of ESMD are as follows: 190 

(1) Find all the poles of series Y and record them as 𝑥𝑖(𝑖 = 1, 2, ⋯ , 𝑛). 191 

(2) Link the adjacent 𝑥𝑖  with lines and mark the midpoints by 𝐵𝑖(𝑖 =192 1, 2, ⋯ , 𝑛 − 1). 193 
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(3) Add the boundary midpoints 𝐹0 and 𝐹𝑛 using direct interpolation. 194 

(4) Construct p bar differential curves, 𝐿𝑝(𝑝 = 1, 2, ⋯ , 𝑛) , using the obtained 195 

midpoints, and compute the mean curve by �̅� = (𝐿1 + ⋯ 𝐿𝑝)/𝑝. 196 

(5) Repeat steps 1-4 on 𝑌 − �̅� until |�̅�| ≤ 𝜃 (θ denotes the permitted error), and 197 

then the first mode 𝑀1is obtained. 198 

(6) Repeat steps 1 to 5 on 𝑌 − 𝑀1 to obtain 𝑀2, ⋯ ,  𝑀𝑛 and a residual (R) until 199 

R only has a certain number of poles. 200 

(7) Change K within the interval [𝐾𝑚𝑖𝑛, 𝐾𝑚𝑎𝑥]  and repeat steps 1 to 6, then 201 

compute the standard variance σ of 𝑌 − R。. 202 

(8) Select 𝐾0 corresponding to a minimum σ, then 𝐾0 is adopted to repeat steps 203 

1 to 6 and output the final decomposition results. 204 

After decomposition, the original series can generate a series of intrinsic mode 205 

functions (IMF) and a residual (R). 206 

2.2 Sample entropy 207 

Sample entropy (SE), proposed by Alcaraz and Rieta (2010), is a novel approach 208 

to describe the complexity of series. It has been used in many fields, such as the battery 209 

health monitoring (Widodo et al. 2011), wind speed forecasting (Liu et al. 2018a) and 210 

electroencephalography (Tsai et al. 2012). The computation steps are as follows: 211 

(1) Recombine X=(x(1), x(2),⋯x(n)) into a matrix: 212 

(1), (2), , ( 1)

(2), (3), , ( 2)

( ), ( 1), , ( )

x x x n m

x x x n m
X

x m x m x n

  
   
 
  

L

L
&&

M

L

                    (1) 213 
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(2) The distance between vector x(j) and x(i) can be defined as d[x(i), x(j)]: 214 

 ( ), ( ) max( ( ) ( ) ),d x i x j x i l x j l        (1 1;1 1)l m i j n m          215 

(2) 216 

where l=0, 1, 2, ⋯, m-1; 217 

(3) For x(i) , r is the threshold, compute the number meeting the threshold 218 

d[x(i), x(j)]≤ r as 𝐵𝑖. Then, compute the ratio Bi
m(r): 219 

m ( )
1

i
i

B
B r

n m


 
                             (3) 220 

(4) Compute the average value Bm(r) of Bi
m(r): 221 

m

1

1
( ) ( )

n m
m

i

i

B r B r
n m






                          (4) 222 

(5) Increase m by 1 and repeat steps 1 to 3, then compute Bm+1(r): 223 

m+1 1

1

1
( ) ( )

n m
m

i

i

B r B r
n m







                        (5) 224 

(6) The SE is defined as follows: 225 

1

( )
( , ) lim ln

( )

m

mn

B r
SE m r

B r


  
   

  
                  (6) 226 

2.3 WPD 227 

WPD is identical to WD, except that the former extends the abilities of the later 228 

(Alickovic et al. 2018). The three-layer binary trees of WPD are illustrated in Fig. 1. 229 

WPD splits the signal into approximation coefficients and detail coefficients by mother 230 

wavelet function. The decomposition levels and mother wavelet function have a deep 231 

influence on the performance of WPD. WPD includes DWT (discrete wavelet transform) 232 

and CWT (continuous wavelet transform). CWT is as follows: 233 
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*

x ,( , ) ( ), ( ) ( ) (( ) / ) /
a b

CWT a b x t t x t t b a adt              (7) 234 

where x(t) is the input, ∗ is the complex conjugate, b is the translation parameter, 235 

a is the scale parameter, b is the translation parameter, and ψ(t) is the mother wavelet 236 

function. a and b in DWT are: 237 

2

2

i

i

a

b j

 



                                 (8) 238 

where i and j denotes the scale and translation parameters, respectively. 239 

Insert Fig. 1 240 

2.4 LSTM 241 

The LSTM model, proposed by Hochreiter and Schmidhuber (1997), is improved 242 

from RNN and is capable of solving the dependency problems of short-term and long-243 

term time series. The memory cell of LSTM is a critical parameter, which can be 244 

adopted to memorize the temporal state. Each memory cell encompasses three gates, 245 

namely input, output, and forget gates. These gates conduct as filters in playing different 246 

roles, solving the exploding, and vanishing gradient problem of RNN. The input gate 247 

determines what input singles are going to be accumulated to the cell. The forget gate 248 

decides whether previous cell state needs to be remembered or forgotten. The output 249 

gate determines which information of the cell state can be output. The framework of 250 

LSTM is shown in Fig. 2. 251 

The implementation of cell state update and computation of LSTM output are: 252 

1( )
t fx t fh t f

f W x W h b                             (9) 253 

1( )
t ix t ih t i
i W x W h b                             (10) 254 
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1tanh( )t cx t ch t c
c W x W h b                          (11) 255 

1t t t t t
c f c i c                                 (12) 256 

1( )
t ox t oh t o

o W x W h b                             (13) 257 

tanh( )
t t t

h o c                               (14) 258 

1( )
t yx t yh t y

y W x W h b                            (15) 259 

1
( )

1 x
x

e
 


                               (16) 260 

where xt is the input, yt is the output, ft is the forget gate, ot is the output gate, 261 

it is the input gate, ct is the activation vectors, W is the weight matrices, b is the bias 262 

vectors, σx is the nonlinear activation function, c is the cell state vectors, and ht is the 263 

hidden state. 264 

Insert Fig. 2. 265 

2.5 Model construction 266 

The basic framework of the runoff forecasting system proposed in this study is 267 

shown in Fig. 3. The modeling process is illustrated in the following steps: 268 

Step 1: ESMD. ESMD is adopted to split the original runoff series into several 269 

IMFs and a Res. 270 

Step 2: Sample entropy. Compute SE of each subsequence obtained in the previous 271 

step. 272 

Step 3: Two-phase decomposition. ESMD-SE-WPD is adopted to mitigate non-273 

stationarity and non-linearity of annual runoff series. 274 

Step 4: normalize all data between [0, 1] by: 275 
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' 1

11

min

max min

i i
i n

i

i i
i ni n

x x
x

x x

 

  





                           (17) 276 

Step 5: Select input variables. PACF (partial autocorrelation function) and 277 

precipitation knowledge are used to screen the number of input variables. 278 

Step 6: Parameter setting. Set values of basic model parameters, such as the 279 

number of hidden layers in ANN, ANFIS, and LSTM. 280 

Step 7: Training and prediction. All model components are input to LSTM for 281 

training and prediction. 282 

3. Data description and evaluation indicators 283 

The reliability of data is an important factor affecting the accuracy of mid- and 284 

long-term runoff prediction. The data in this study are from five areas in China, namely 285 

Mopanshan reservoir, Dahuofang reservoir, Biliuhe reservoir, Hongjiadu reservoir and 286 

Changshui hydrological station. Mopanshan Reservoir is located in Wuchang City, 287 

Heilongjiang Province, Northeast China. The water source area of the reservoir is 1151 288 

km2, the average annual precipitation is about 750 mm, and the average annual runoff 289 

is 5.60 billion m3. Dahuofang reservoir is located in Fushun City, Northeast China, 290 

with a watershed area of 5437 km2, annual average discharge of 52.3 m3/s and annual 291 

average precipitation of 812 mm. Biliuhe reservoir is located in the middle reaches of 292 

Biliuhe River in Liaoning Province of China. The drainage area is 2085 km2, and the 293 

average annual precipitation is 742.8 mm. Hongjiadu hydropower station is located on 294 

the main stream of Wujiang River in the northwest of Guizhou Province, China, with a 295 

drainage area of 9900 km2and an average annual runoff of 4.89 billion m3. Changshui 296 
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hydrological station is located in Luoning County, Henan Province, China. It is a 297 

national basic hydrological station with a drainage area of 874 km2, annual average 298 

rainfall of 530 mm and annual average runoff of 8.17 billion m3. A total of 5 groups of 299 

data are shown in Fig 4, and their statistical descriptions are listed in Table 1. 300 

The results of the models are evaluated based on four numerical indicators. These 301 

indexes include coefficient of correlation (R), mean absolute percentage error (MAPE), 302 

Nash-Sutcliffe efficiency coefficient (NSEC), and root mean square errors (RMSE). 303 

Their equations are provided below. 304 

2

1

1
= (y ( ) ( ))

n

e o

i

RMSE i y i
n 

                         (18) 305 

1

1 ( ) ( )
100

( )

n

e o

i e

y i y i
MAPE

N y i


                       (19) 306 

2

1

2

1

( ( ) ( ))

1

( ( ) )

n

e o

i

n

o o

i

y i y i

NSEC

y i y
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1

2 2

1 1

(y ( ) )( ( ) )

( ( ) ) ( ( ) )

n

o o e e

i

n n

o o e e

i i

i y y i y

R

y i y y i y



 

 


 



 
                    (21) 308 

where 𝑦𝑒(𝑖) , 𝑦𝑜(𝑖) , 𝑦�̅�  and 𝑦𝑜̅̅̅  are the estimated, observed, mean estimated, and 309 

mean observed precipitation values, respectively. 310 

Insert Fig. 3. 311 

Insert Fig. 4. 312 

Insert Table 1 313 
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4 Case study 314 

4.1 Series decomposition 315 

The first stage of the runoff prediction framework presented in this study is to 316 

decompose the original data using ESMD. Before decomposing the runoff series, the 317 

best screening number should be determined by repeating tests and comparisons. In this 318 

article, the number of iterations is 100, and the numbers of remaining extreme points 319 

of the five runoff datasets are 5, 7, 5, 6 and 7, respectively. The results at Site 1 after 320 

the decomposition are shown in Fig 5-7, whilst the decomposition results at all other 321 

sites are not presented here. One can see that each IMF split by ESMD is independent, 322 

the fluctuation of sub-series from IMF1 to R steadily decreases and the stability 323 

gradually becomes stronger. That is to say, IMFs are steadier than the original runoff 324 

series and hence are more conducive to capture signal features and predict non-325 

stationary and non-linear sequences. 326 

Insert Fig. 5. 327 

Insert Fig. 6. 328 

Insert Fig. 7. 329 

4.2 Sample entropy computation and two-phase decomposition 330 

SE of each subsequence obtained in the previous step is computed. Then we adopt 331 

three decomposition methods to further decompose IMF with the maximum SE. As 332 

shown in Fig. 8, SE of all sub-series present a similar trend, and one can clearly see that 333 

SE of IMF1 in each dataset is higher than other subseries, which means that IMF1 is 334 

more difficult to analyze and predict. To mitigate the high complexity of IMF1, we use 335 
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three kinds of decomposition algorithm, namely WPD, CEEMDAN and SSA, to 336 

decompose IMF1. 337 

Insert Fig. 8.  338 

The selection of the appropriate wavelet basis function is very important to WPD. 339 

Symlet wavelet is an improved approximate symmetric wavelet function based on 340 

Daubechies wavelet, which can avoid signal distortion during decomposition and 341 

reconstruction. Therefore, we adopt a three-scale and fourth order Symlet wavelet as 342 

the wavelet basis function of WPD in this study. 343 

SSA is a traditional and powerful non-parametric decomposition algorithm for 344 

signal identification and analysis, which can capture noise component, trend, periodic, 345 

oscillatory, quasi-periodic from an input signal (Dong et al. 2017). SSA can decompose 346 

a time series into some decipherable and simpler components. SSA contains two steps, 347 

namely decomposition and reconstruction. Reconstruction comprises diagonal 348 

averaging and grouping, and decomposition incorporates singular value decomposition 349 

(SVD) and embedding. In SSA, the window size (L) and eigenvalue grouping (EVG) 350 

are key parameters. Before decomposing the IMF1, the best L and EVG value should 351 

be determined by repeating tests and comparisons. In this study, the number of L and 352 

EVG are set to 12 and 6, respectively. 353 

CEEMDAN (complete EEMD with adaptive noise), proposed by Colominas et al. 354 

(2012), is an improvement progress on EEMD and can attain better separation and 355 

accurately reconstruct the raw signal. CEEMDAN obtains the modes by adding the 356 

white Gaussian noise and computing the unique residue to reduce the EEMD deficiency. 357 
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This method can overcome the mode mixing problem, since the procedure of 358 

CEEMDAN in decomposition and reconstruction are complete. In the application of 359 

CEEMDAN, too many modes may cause extra computational costs and complex 360 

training process. Hence, we determine to reconstruct five IMFs and a residual. 361 

Then all IMF1 are split by WPD, SSA and CEEMDAN. The re-decomposition 362 

results of IMF1 obtained at Site 1 are shown in Fig 9, where y is the reconstructed time 363 

series by SSA, whilst the results at other sites are not presented here. One can see that 364 

IMF1 with the maximum SE is decomposed into 16 subsequences with more regular 365 

fluctuation by three methods, which means that this procedure may further improve the 366 

forecasting accuracy. 367 

Insert Fig 9. 368 

4.3 Number of input variables 369 

The determination of input variables is an important procedure for the final 370 

prediction results. In this paper, two methods are utilized to select the input 371 

combinations: (a) trial and error method; (b) PACF statistical approach. We conduct 372 

twelve ANN models with different input combinations. Table 2 lists input variables for 373 

Site 1 with respect to the information of PACF and trial-and-error method, while input 374 

variables and PACF value for other sites are not shown here.  375 

Insert Table 2. 376 

4.4 Model development 377 

To verify the proposed model, seven models, that is, LSTM, ANN, ANFIS, 378 

ESMD-LSTM, ESMD-SE-WPD-LSTM, ESMD-SE-SSA-LSTM, ESMD-SE-379 
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CEEMDAN-LSTM, are employed for comparison. Detailed information relating to 380 

these models are presented in the following section. 381 

(1) ANN 382 

ANNs are capable of providing promising results in different aspects of 383 

hydrological modeling such as groundwater level modeling (Iqbal et al. 2020; Mirarabi 384 

et al. 2019), climate change study (Sabbaghi et al. 2020), rainfall forecasting (Liu et al. 385 

2019), wind speed forecasting (Liu et al. 2018c), streamflow prediction (Ba et al. 2018), 386 

etc. Qiu et al. (2020) developed a novel hydrological implementation of emotional ANN 387 

model for daily rainfall-runoff modeling. Li et al. (2019) studied the performance of 388 

several preprocessing techniques based on ANN for long-term streamflow forecasting. 389 

ANNs have been demonstrated to provide fruitful results in hydrology field. In this 390 

paper, the standard three-layer feed forward ANN is adopted for annual runoff 391 

prediction. The number of input and output layer nodes are equal to the number of input 392 

variables and one, respectively. Levenberg-Marquardt (LM) method, sigmoid function 393 

and perelin formula are adopted as the training function, transfer function and output 394 

function, respectively. The best number of hidden nodes is determined as eight by trial-395 

and-error method, and the training epochs are determined as 500. 396 

(2) ANFIS 397 

ANFIS, proposed by Jang (1993), is capable of identifying nonlinearity and 398 

uncertainty between variables and has become popular in parameter estimation and 399 

forecasting. Awan and Bae (2014) evaluated the applicability of classified precipitation 400 

prediction using ANFIS model to improve the performance of monthly dam inflow 401 
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forecasting. Bartoletti et al. (2018) presented a simple and effective streamflow 402 

forecasting method by integrating ANFIS and principal component analysis techniques. 403 

Zhou et al. (2019b) explored a recurrent ANFIS embedded with least square estimator 404 

for modelling multi-step-ahead forecasts. Three methods, namely genfis1, genfis2 and 405 

genfis3, are available to initialize the data structure of ANFIS. Of the three methods, 406 

genfis3 provides the most robust fuzzy inference system in terms of generalization and 407 

stability in runoff modeling, and hence is employed throughout the processes. The 408 

specific parameter settings are shown in Table 3. 409 

Insert Table 3. 410 

(3) LSTM 411 

The selection of hyper-parameters is a difficult task for LSTM model construction. 412 

Adaptive moment estimation can be employed to optimize the parameters. The model 413 

structure of LSTM, i.e., hyper-parameters and the number of hidden units are 414 

determined by trial-and-error method. In this article, the number of hidden units is 100. 415 

The maximum number of epochs is 2000. The size of the mini-batch used for each 416 

training iteration is 100. The initial learning rate is adjusted as 0.01. Other parameters 417 

are determined to default values used by adaptive moment estimation. Finally, RMSE 418 

is adopted as the loss function. 419 

(4) ESMD-LSTM model 420 

For ESMO-LSTM model, the observed runoff datasets are first decomposed into 421 

a certain number of sub-series by ESMD. Each component is then modeled using 422 

LSTM, and the input variables for each composition are shown in Table 2. 423 
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(5) Two-phase decomposition methods combined with LSTM  424 

For ESMD-SE-WPD-LSTM, ESMD-SE-SSA-LSTM and ESMD-SE-425 

CEEMDAN-LSTM, ESMD is adopted to decompose the raw runoff series into a series 426 

of IMF and a Res. Then SE method is employed to measure the complexity of each 427 

composition. Thirdly, we adopt three decomposition algorithms, namely WPD, SSA 428 

and CEEMDAN, to further decompose IMF with the maximum SE. Then, LSTM model 429 

is employed to predict each subseries obtained in the previous step. 430 

4.5 Results and discussion 431 

In this section, forecasting results of seven methods for five experiments are 432 

presented. Tables 4-8 show error estimation results of different methods for five runoff 433 

time series. Table 9 presents forecasting results of ESMD-LSTM at different sites. 434 

Figures 10-14 present forecasting results of five stations. The following should be noted 435 

before analyzing the results. The forecasting results of the testing phase plays a greater 436 

role than those of the training phase. It is because the training period is utilized to train 437 

the model, and its performance is measured by data related to modeling. Since the 438 

testing dataset does not participate in modeling, its performance can truly reflect the 439 

model application efficiency. 440 

4.5.1. Experiment 1: Comparison of several single prediction models 441 

In this section, we analyze prediction results of three single models at five sites. 442 

As seen from Table 4, when forecasting the annual runoff in Site 1, LSTM provides the 443 

best prediction effect during the testing phase, with the minimum error indexes (MAPE 444 

and RMSE) and the maximum fitting indexes (NSEC and R), which are respectively 445 
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18.1835%, 115.7743, -2.7495 and 0.7046. Similarly, for Sites 2-5, it can be clearly seen 446 

that LSTM outperforms other two single models. In addition, the results of LSTM and 447 

ANFIS in the training period are clearly better than those in the testing period. ANN is 448 

in the lower level during the training period but can provide middle level result during 449 

the testing period.  450 

Overall, LSTM model can provide optimal results for five datasets in terms of four 451 

considered indexes. This analysis also demonstrates that there is still room to improve 452 

the forecasting accuracy of LSTM. 453 

4.5.2. Experiment 2: Comparison of LSTM and the method combined with one-phase 454 

decomposition 455 

This section compares the performance between single LSTM model and ESMD-456 

LSTM hybrid model. Taking Site 1 as an example, the one-phase decomposition 457 

method significantly improves the forecasting accuracy of single LSTM model. In the 458 

testing period, ESMD-LSTM outperforms LSTM by 20.14% and 115.65% 459 

improvement in R and NSEC, respectively, and 61.02% and 67.92% reduction in 460 

RMSE and MAPE, respectively. For Site 2, in the testing phase, ESMD-LSTM 461 

outperforms LSTM by 20.97% and 99.63% improvement in R and NSEC, respectively, 462 

and 44.46% and 30.83% reduction in RMSE and MAPE, respectively. According to the 463 

values in Tables 6-8, we can reaffirm ESMD-LSTM model is able to provide better 464 

results than LSTM model with substantial improvement in terms of four considered 465 

indexes. Table 9 lists the prediction results obtained by ESMD-LSTM for five datasets. 466 

One can clearly see that the forecasting results of IMF1 are inferior to those of the other 467 
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subseries. For IMF1, in the testing phase, R at Site 1, Site 2, Site 3, Site 4 and Site 5 are 468 

0.8718, 0.9175, 0.5734, 0.5044 and 0.8488, respectively, with an average value of 469 

0.7432. However, for IMF2, in the testing phase, R at Site 1, Site 2, Site 3, Site 4 and 470 

Site 5 are 9864, 0.8732, 0.8098, 0.9602 and 0.8428, respectively, with an average value 471 

of 0.8945, and the average values of IMF3, IMF4, IMF5 and Res are 0.9682, 0.9990, 472 

0.9994 and 0.9998, respectively. 473 

In general, this analysis illustrates that ESMD is suitable to decompose the annual 474 

runoff series, and can significantly improve forecasting accuracy. In addition, we can 475 

confirm from Table 9 that results of IMF1 are inferior to those of other subsequence in 476 

terms of RMSE, NSEC and MAPE. These analyses also illustrate that single 477 

decomposition may be difficult to fully mitigate sequence nonlinearity. Then, we 478 

attempt to use the secondary decomposition method to further mitigate nonlinearity of 479 

sub-series and solve the limitation of single decomposition method to a certain extent. 480 

4.5.3 Experiment 3: Comparison of several re-decomposition hybrid models 481 

In this section, composite methods including ESMD-LSTM, ESMD-SE-WPD-482 

LSTM, ESMD-SE-SSA-LSTM, and ESMD-SE-CEEMDAN-LSTM, and ESMD-483 

LSTM are treated as the benchmark methods. Tables 4-8 list composite results at Sites 484 

1-5. One can see that when forecasting annual runoff at Site 1, the proposed ESMD-485 

SE-WPD-LSTM exhibits the best results in terms of all indexes. For Site 1, in the 486 

testing phase, R of ESMD-LSTM, ESMD-SE-SSA-LSTM, ESMD-SE-CEEMDAN-487 

LSTM, and ESMD-SE-WPD-LSTM are 0.8465, 0.8521, 0.8796, and 0.9163, 488 

respectively. RMSE of ESMD-LSTM, ESMD-SE-SSA-LSTM, ESMD-SE-489 
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CEEMDAN-LSTM, and ESMD-SE-WPD-LSTM are 34.1646, 48.0671 and 28.102, 490 

respectively. It is suggested that three two-phase decomposition hybrid methods, 491 

namely ESMD-SE-SSA-LSTM, ESMD-SE-CEEMDAN-LSTM and ESMD-SE-WPD-492 

LSTM, outperform ESMD-LSTM model with 0.66%, 3.91% and 8.25% improvements 493 

in R, respectively, and 24.30%, -6.50% and 37.73% reduction in RMSE, respectively. 494 

Compared with ESMD-LSTM, MAPE of three two-phase decomposition hybrid 495 

methods are reduced by 19.38%, -9.02% and 33.11%, respectively, while NSEC of 496 

three two-phase decomposition hybrid methods are improved by 56.56%, -17.78% and 497 

81.10%, respectively. For Site 2, in the testing phase, R of ESMD-LSTM, ESMD-SE-498 

SSA-LSTM, ESMD-SE-CEEMDAN-LSTM, and ESMD-SE-WPD-LSTM are 0.9166, 499 

0.9386, 0.9397, and 0.9817, respectively. Compared with ESMD-LSTM, R of three 500 

secondary decomposition hybrid methods are improved by 2.40%, 2.52% and 7.10%, 501 

respectively; RMSE of three secondary decomposition hybrid methods are reduced by 502 

13.81%, 2.18% and 43.44%, respectively; NSEC of three secondary decomposition 503 

hybrid methods are improved by 5.72%, 0.95% and 15.14%, respectively. From the 504 

results of these analysis, we can draw the following conclusions: 505 

(1) It is confirmed that IMF1 is highly nonlinear and difficult to forecast, which 506 

will affect the overall prediction accuracy of the model. 507 

(2) The two-phase decomposition can capture important features better than the 508 

conventional single decomposition method. Besides, when comparing ESMD-SE-509 

WPD-LSTM model with ESMD-SE-SSA-LSTM, and ESMD-SE-CEEMDAN-LSTM, 510 

the proposed model can exhibit the best performance for all forecasting sites. From 511 
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Tables 4-8, it can be seen that the prediction performance of ESMD-SE-SSA-LSTM is 512 

not stable, and the forecasting accuracy of ESMD-SE-CEENDAN-LSTM is slightly 513 

inferior to the proposed model. Compared with SSA and CEEMDAN, WPD is more 514 

suitable to extract the significant features of IMF1. ESMD-SE-WPD-LSTM 515 

outperforms all comparing methods. The possible reason is that the model can make 516 

full use of the time-frequency positioning ability of WPD, the auto-adapted feature 517 

extraction properties of ESMD and the long-term memory function of LSTM, which 518 

provide more distinctive features and better forecasting accuracy. 519 

4.5.4 Comparison of all involved models 520 

The performances of all comparing models developed in this study are shown in 521 

Figures 10-14. From the figures, one can clearly see that the forecasting performance 522 

of six models (except ANN) in the training phase are slightly overestimated. Meanwhile, 523 

in the testing phase, it is obvious that the forecasting accuracy of all sites can be 524 

significantly improved, and the performances of different models are uneven. The 525 

proposed two-phase decomposition hybrid prediction model provides the best 526 

performance as the trend line is very close to the original data line, and the method can 527 

capture abrupt changes in annual runoff series. 528 

Insert Table 4. 529 

Insert Table 5. 530 

Insert Table 6. 531 

Insert Table 7. 532 
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Insert Table 8. 533 

Insert Table 9.  534 

Insert Fig. 10.  535 

Insert Fig 11. 536 

Insert Fig 12.  537 

Insert Fig. 13.  538 

Insert Fig14.  539 

5 Conclusion 540 

Long-term runoff forecasting plays a critical role in the management and 541 

monitoring of water resources. To attain a more accurate prediction of annual runoff, 542 

this paper presents a hybrid model for long-term runoff prediction, which couples two-543 

phase decomposition and LSTM (ESMD-SE-WPD-LSTM). Firstly, ESMD is used to 544 

decompose the original time series and compute SE (sample entropy) of all sub-series. 545 

Secondly, the sub-series with the maximum SE is adopted for secondary decomposition 546 

using WPD, which can fully mitigate non-linearity of the sub-series. Next, we employ 547 

LSTM to train and forecast the data. Finally, the forecasting accuracy of the proposed 548 

model is compared with ANN, ANFIS, ESMD-LSTM, ESMD-SE-SSA-LSTM, and 549 

ESMD-SE-CEEMDAN-LSTM. Forecasting errors of all compared models are 550 

evaluated based on four numerical indicators. According to the forecasting results and 551 

corresponding analysis, the following conclusions can be drawn: 552 
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First, the proposed hybrid model provides the most robust performance and 553 

excellent forecasting accuracy among all compared models. This demonstrates that the 554 

proposed model can significantly improve the prediction accuracy of long-term runoff 555 

time series. 556 

Second, the forecasting accuracy of the hybrid methods (ESMD-LSTM, ESMD-557 

SE-SSA-LSTM, ESMD-SE-CEEMDAN-LSTM, and ESMD-SE-WPD-LSTM) 558 

preprocessed by decomposition method is superior to those of ANN, ANFIS, and LSTM 559 

models, demonstrating high efficiency of data preprocessing technology in reducing 560 

non-linearity of runoff series. 561 

Third, EMSD and WPD, as two signal processing methods with high efficiency, 562 

can complement each other. After screening by sample entropy, the original single is 563 

re-decomposed by two-phase decomposition mode to attain a more linear annual time 564 

series, which reduces the complexity of forecasting, and mitigate the limitation of 565 

conventional single-phase decomposition method. 566 

The hybrid model presented in this study combines data preprocessing technology, 567 

sample entropy, forecasting model, and error analysis to develop runoff forecasting 568 

model, which is more conducive to be a useful and efficient soft computing model to 569 

forecast runoff time series. 570 
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Figure captions 780 

Fig. 1. Sketch map of WPD method. 781 

Fig. 2. The basic LSTM architecture. 782 

Fig. 3. Framework of the proposed model. 783 

Fig. 4. Original runoff series. 784 

Fig 5. Decomposition at Site 1 by ESMD. 785 

Fig 6. Frequency distribution of each IMF at Site 1. 786 

Fig. 7. Amplitude of each IMF at Site 1. 787 

Fig. 8. SE of each sequence decomposed by ESMD. 788 

Fig. 9. Decomposition results of IMF1 at Site 1. 789 

Fig. 10. Forecasting results at Site 1. 790 

Fig. 11. Forecasting results at Site 2. 791 

Fig. 12. Forecasting results at Site 3. 792 

Fig. 13. Forecasting results at Site 4. 793 

Fig. 14. Forecasting results at Site 5. 794 
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Figure 1

Sketch map of WPD method.



Figure 2

The basic LSTM architecture.

Figure 3

Framework of the proposed model.



Figure 4

Original runoff series.



Figure 5

Decomposition at Site 1 by ESMD.



Figure 6

Frequency distribution of each IMF at Site 1.



Figure 7

Amplitude of each IMF at Site 1.



Figure 8

SE of each sequence decomposed by ESMD.

Figure 9

Decomposition results of IMF1 at Site 1.



Figure 10

Forecasting results at Site 1.



Figure 11

Forecasting results at Site 2.



Figure 12

Forecasting results at Site 3.



Figure 13

Forecasting results at Site 4.



Figure 14

Forecasting results at Site 5.


