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Abstract 39 

Wind power has strong volatility and randomness that impacts the grid and reduce the voltage 40 

quality of the grid when it is connected to the grid in large scale. The power sector takes the 41 

wind abandonment measures to ensure the grid voltage stability to reduce the clean energy 42 

utilization rate. The enhanced crow search algorithm optimization-extreme learning machine 43 

(ENCSA-ELM) model is proposed to accurately forecast short-term wind power to improve the 44 

efficiency of clean energy utilization. (1) The enhanced crow search algorithm (ENCSA) is 45 

proposed and applies to short-term wind power forecast. The convergence performance test 46 

revealed that the local development and global exploration capabilities of the ENCSA were 47 

enhanced, and the test result of the proposed ENCSA algorithm outperformed other well-48 

known nature inspired algorithms and state-of-the-art CSA variants; (2) The output and input 49 

of the forecasting models are determined by analysis of the influence wind power factors and 50 

the wind power samples in autumn, winter and spring were forecasted by the ENCSA-ELM 51 

model; and (3) The forecast results are analyzed by evaluation indexes. The simulation 52 

experiments revealed that the error interval and evaluation indexes of the ENCSA-ELM model 53 

outperformed the state-of-the-art wind power forecast models, traditional machine learning 54 

models and ELM optimized by other algorithms. The proposed model on RMSE value and 55 

MAPE value are controlled below 20% and 4%. Accurate wind power prediction has an impact 56 

on maintaining the voltage stability of power grid and increases the efficiency of clean energy 57 

utilization.  58 

 59 

Keywords: extreme learning machine; forecasting; short-term wind power; clean energy; 60 

enhanced crow search algorithm optimization 61 
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Using enhanced crow search algorithm optimization -extreme learning machine model to 69 

forecast short-term wind power  70 

1. Introduction 71 

The demand for energy has increased due to the rapid growth of the world economy. The 72 

increase of fossil energy production and large consumption leads to a series of problems (Liu 73 

et al., 2020). The massive consumption of fossil energy progresses to destroy the environment, 74 

and large-scale mining accelerates the depletion of fossil energy (Dong and Shi, 2019). Clean 75 

energy is a kind of renewable energy without the possibility of exhaustion, which has an 76 

important impact on enhancing sustainable development level and improving environmental 77 

quality (Kamat, 2007). The utilization of clean energy brings inestimable ecological and 78 

economic benefits (Jacobson et al., 2011). As a kind of clean energy, wind energy has huge 79 

reserves and high commercial development value and has developed rapidly in recent years 80 

(Papadopoulos, 2020; Guermoi et al., 2018). According to the statistics of the Global Wind 81 

Energy Council (GWEC), by the end of 2014, the installed capacity of wind power in the world 82 

has reached 360GW, while the installed capacity of China is 115GW. It is estimated that by 83 

2030 and 2050, the installed capacity exceeds 400 GW and 1000 GW to meet 8.4% and 17% 84 

of China's power demand (Wang et al., 2020). 85 

Wind energy has strong volatility and randomness (Xia et al., 2020). Large scale wind 86 

power integration impacts the power network operation, and result in the decline of power 87 

quality. This characteristic leads to the phenomenon of wind abandonment and reduce the 88 

utilization rate of clean energy. Accurate wind power forecasting technology provides decision 89 

support for grid connected dispatching, reduce wind abandonment measures and maintain 90 

the power quality, so it is significance to predict wind power (Vargas et al., 2019). According to 91 

different prediction intervals, wind power forecasting methods usually include medium-long-92 

term forecast, short-term forecast and ultra-short-term forecast (Salcedo-Sanz., 2011; Foley et 93 

al., 2012). The medium- and long-term wind power forecast period is several weeks or months, 94 

which is used to formulate grid maintenance plans. The Ultra-short-term forecasting is aimed 95 

at predicting wind power within the next 4 hours and is used for solving frequency modulation 96 

problems and power grid dispatching (Ma et al., 2020; Dupre et al., 2020). The short-term 97 

forecast is for wind power within 48 hours, which is used to make the generation plan of the 98 

generator set and solve the peak shaving problem (Liu et al., 2018; Chen and Liu, 2020). 99 

Wind power prediction methods are basically divided into three types along with 100 

different prediction models (Barbounis et al., 2006; Jung and Broadwater, 2014). The first is 101 

wind power forecast methods based on intelligent optimization algorithms and machine 102 

learning models. The second is wind power forecast method based on statistical regression 103 

models. The third is the combination methods. Statistical regression models such as 104 

autoregressive moving average model (ARMA), autoregressive model (AR) and moving average 105 

model (MA) analyze the changing law of the decomposed components by decomposing 106 

various changing components in the time series (Zhang et al., 2019; Eissa et al., 2018). Song et 107 

al., 2018 argued that most statistical regression models cannot deal with the irregular and 108 

nonlinear characteristics of wind power series due to the linear form of prior assumptions. 109 

This method is aimed at short-term wind power forecasting. With the rapid development of 110 

artificial intelligence technology, different machine learning models have been proposed to 111 

achieve high-precision forecast of wind power series with nonlinear and fluctuating 112 
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characteristics (CAI et al., 2020). Common machine learning models include support vector 113 

machine (SVM) model, neural network model and relevance vector machine. (Ding et al., 2019; 114 

Diyaley et al., 2019). The key of machine learning model is to select the optimal random 115 

parameters (Chen et al., 2014). 116 

In addition, Suresh et al. (2010) argued that the random parameters of ELM had great 117 

influence on the prediction performance of ELM model. An improved GA algorithm is 118 

proposed to optimize the random parameters of ELM to improve the prediction performance 119 

of ELM. The extreme learning machine (ELM) model is used to forecast short-term wind power. 120 

The random weights and random threshold parameters influence the wind power prediction 121 

results; hence, the random parameters problem solves by using a novel crow search algorithm 122 

(CSA). Still, the CSA algorithm itself has the problem of easily falling into a local solution. 123 

Wolpert and Macready, (1997) claimed that none algorithm can solve all optimization 124 

problems according to the theory of no free lunch and means that when the same optimization 125 

algorithm solves different problems and convergence performance is different. Developing 126 

new optimization algorithms is still necessary when dealing with different problems. The 127 

enhanced crow search algorithm (ENCSA) was proposed to obtain the optimal parameters of 128 

ELM model and improve the prediction accuracy of wind power. In the ENCSA algorithm, 129 

periodic migration strategy, adaptive flight step adjustment strategy and acceleration 130 

coefficient were introduced. Through the above improvement measures, the ENCSA algorithm 131 

search capability was enhanced to search the random parameters. The proposed algorithm 132 

shows stronger convergence performance and obtains more satisfactory convergence results 133 

compared with well-known nature inspired algorithms and state-of-the-art CSA variants. The 134 

enhanced crow search algorithm optimization-extreme learning machine (ENCSA-ELM) model 135 

is proposed for short-term wind power forecasting. ENCSA-ELM has higher prediction accuracy, 136 

stronger generalization ability and considers the influence of seasonal factors on wind power 137 

compared with the traditional machine learning models and ELM optimized by different 138 

optimization algorithms. The objectives of this study are as follows.  139 

 To improve the search performance of CSA algorithm; 140 

 To solve the influence of random parameters of ELM model on the forecasting results;  141 

 To improve the forecasting accuracy of short-term wind power. 142 

The contributions of this study are as follows. (1) presenting the ENCSA optimization 143 

algorithm and applied it to short-term wind power forecasting; (2) searching the random 144 

parameters of the ELM model by the ENCSA algorithm and the problem that ELM model 145 

random parameters affected the prediction accuracy was addressed; (3) applying the ENCSA-146 

ELM model for short-term wind power forecast and the propose model was verified through 147 

simulation experiments; and (4) Using accurate short-term wind power forecasting to reduce 148 

the phenomenon of wind abandonment, to promote the clean energy development and to 149 

assist the power department to formulate a reasonable dispatch plan. 150 

The remaining sections include the following contents. Section 3 gives the basic theory of 151 

the wind power forecast model and analyzes the ENCSA algorithm. Section 4 introduces the 152 

experimental samples. Section 5 gives the assessment indicators and prediction results of 153 

short-term wind power. Section 6 introduces the important conclusions and the future study 154 

plan. 155 

 156 
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2. Literature review 157 

This section includes the review on forecasting short-term wind power and proposed method 158 

on enhanced crow search algorithm optimization-extreme learning machine. 159 

 160 

2.1 Forecasting short-term wind power  161 

Short-term wind power forecasting has received extensive attention due to the 162 

importance to power systems (Shi et al., 2012). Prior studies have proposed many short-term 163 

wind power prediction methods (Catalao et al., 2011). These methods are basically divided 164 

into statistical regression models, machine learning methods and combination models (Li et 165 

al., 2020). The statistical regression models consider the time factor and does not consider 166 

other factors. The machine learning method uses machine-learning model and combines with 167 

external factors affecting wind power to forecast wind power. 168 

The forecasting methods based on statistical regression for short-term wind power 169 

included various autoregressive models. The forecast error of linear autoregressive model is 170 

large because of the large fluctuation of wind power. Karakus et al. (2017) used polynomial 171 

autoregressive model to predict wind power. Polynomial autoregressive model belongs to 172 

nonlinear regression model, which has a good fitting effect on wind power prediction. 173 

Nonlinear regression model is more suitable for wind power prediction. Jiang et al. (2017) 174 

combined multi-step-ahead method with statistical regression model to forecast the short-175 

term wind power. According to the wind power curve and order determination method, Dong 176 

et al. (2011) established autoregressive moving average (ARMA) model with different orders. 177 

The forecast values were obtained by adopting the weighted average method to the ARMA 178 

models with different orders. This method improves the prediction effect to a certain extent, 179 

but the step calculation increases the running time and calculation amount. Duran et al. (2007) 180 

proposed the autoregressive model that considered exogenous variables. The model 181 

considered the time span and delay of the electricity market. Traditional linear and nonlinear 182 

AR wind power models do not consider seasonal factors. Lin et al. (2015) took seasonal 183 

variables into the wind power forecasting model. The wind power was forecasted by the 184 

nonlinear AR model, and the unknown parameters were identified by the random forest 185 

method. Both linear statistical model and nonlinear statistical model merely consider the time 186 

series when forecasting wind power, and do not involve the external factors; therefore, whilst 187 

the amount of data increases and the prediction error of the model becomes larger. 188 

Since the time series model only considers the time factor. When the external factors 189 

change greatly, the forecast result of the model is affected (Li et al., 2018). Many studies 190 

preferred machine learning models and combinatorial models (Liu et al., 2018; Li et al., 2020). 191 

The support vector machine (SVM) is applied to the field of short-term wind power forecast 192 

due to its strong mapping ability (Habib et al., 2020). SVM also has the problem of random 193 

parameters (Fu et al., 2019). To reduce the influence of super parameters, Li et al. (2020) and 194 

Li et al. (2018) used the cuckoo search algorithm and dragonfly search algorithm to select the 195 

random parameter. Yuan et al. (2015) compared the wind power forecast effects of the least 196 

squares SVM model with different kernel functions. The parameters of the optimal kernel 197 

function were determined by optimization algorithm. SVM model is suitable for small samples, 198 

and is difficult to train large-scale data, so it is generally used for short-term and ultra-short-199 

term wind power prediction. Zhang et al. (2020) proposed a hybrid model and used variable 200 
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mode decision to decompose wind power data. The decomposed linear and nonlinear series 201 

were forecasted by the ARMA model and radial basis function network. Yin et al. (2019) 202 

proposed a multi-layer decomposition method. The original sequence was decomposed by the 203 

empirical mode decomposition method. Variable mode decision method was used to further 204 

decompose the first subsequence. The features between each factor and wind power were 205 

extracted by the convolution neural network. Finally, the predicted subsequence was 206 

superposed to get the final wind power. Although the combination of machine learning model 207 

and sequence decomposition model has better prediction effect, sequence decomposition 208 

and sequence reconstruction can increase the computational cost. 209 

 210 

2.1 Enhanced crow search algorithm optimization-extreme learning machine 211 

Filtering technology and neural network model are used to predict wind power. Zheng 212 

and Wu (2019) used clustering method to classify wind power samples of similar weather. The 213 

characteristic quantity which had little influence on wind power was eliminated. The short-214 

term wind power was forecasted based on the extreme gradient boosting. Clustering 215 

algorithms are generally sensitive to noise signals. When the noise signal in wind power is large, 216 

the clustering effect has greatly affected. Cassola and burlando (2012) applied Kalman filter to 217 

wind power prediction. Kalman filter combined prediction values with observation values to 218 

reduce the prediction error. Kalman filter is applicable to linear, discrete and finite-dimensional 219 

systems. Wind power has strong nonlinearity, so Kalman filter is usually not used to predict 220 

wind power. Liu et al. (2019) used wave transformation method to deal with the non-stationary 221 

problem of wind power. The nonlinear wind power was decomposed by wave transformation. 222 

Each decomposed sequence was forecasted by the long short term memory network model.  223 

This kind of forecasting method based on decomposition sequence reduces the non-224 

stationary of wind power to a certain extent, which makes the model complex and increases 225 

the calculation cost at the same time. Zhang et al. (2020) processed the heterogeneous data 226 

of wind power to improve the forecasting effect. The wind power was predicted by the back-227 

propagation neural network (BPNN) model. Genetic algorithm was used to select random 228 

parameters of BPNN. Korprasertsak and leephakpreeda (2019) compared the forecast effects 229 

of the artificial neural network model, grey model and ARMA model. These three models were 230 

used to forecast wind power at different time stages. The three models were combined with 231 

the change of wind power over time and the result showed the smallest root mean square 232 

error. 233 

This study is found that statistical regression model only considers time factor; SVM 234 

model is limited by samples; filtering technology is rarely used for wind power prediction due 235 

to its own limitations; although the combined model can improve the prediction results to a 236 

certain extent, the calculation cost is also greatly increased. This study proposes ENCSA-ELM 237 

model to predict wind power, and used ENCSA algorithm to solve the influence of random 238 

parameters on ELM model. The effectiveness and superiority of ENCSA algorithm and ENCSA-239 

ELM model were verified by simulation experiments. Compared with the statistical regression 240 

model, the ENCSA-ELM model not only considers the external factors affecting wind power, 241 

but also considers the influence of seasonal factors on wind power. Compared with SVM model, 242 

the proposed model is applied not only to short-term wind power forecasting, but also to long-243 

term wind power forecasting, with stronger generalization ability. Compared with the 244 
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combination model based on sequence decomposition, ENCSA-ELM model has more 245 

advantages than the combination model based on sequence decomposition. Through the 246 

simulation test of ENCSA-ELM model, the ENMAPE of ENCSA-ELM model was controlled within 247 

4% and ENR
2 was more than 90% in different seasons. 248 

 249 

3. Prediction model principles 250 

3.1 Extreme learning machine theory 251 

The feed-forward neural network uses gradient descent to train the network. The 252 

gradient descent method has certain limitations. Many parameter values need to be set in the 253 

training process. The weights of the network need to be adjusted during the iteration process, 254 

which makes the calculation speed of the model slower. These problems limit the model 255 

development. To solve these defects, the ELM model is presented. The learning speed of the 256 

ELM model is fast since the ELM model has only one hidden layer (Huang et al., 2012; Tang et 257 

al., 2016). The ELM model has been used in various fields, such as wind speed forecasting, 258 

fault diagnosis and life prediction. 259 

Figure 1 presents the topology of the ELM model. The ELM model includes three layers: 260 

output layer, hidden layer and input layer. Based on the back propagation method, the feed-261 

forward neural network updates the weights during the iterative process. The ELM model has 262 

random initial weights that does not need to be updated during the iteration process (Huang 263 

et al., 2011). 264 

1 2 NiNi-1

1 2 NhNh-1…

1 No Output

Hidden

Input…

…

 265 

Figure 1. ELM model network structure 266 

Assume that T={(ci, ei)|ci∈Rn, ei∈Rn} is the given training samples, F(.) is the activation 267 

function. The ELM model is expressed as equation (2) (Choudhary and Shukla. 2021; Nizar et 268 

al., 2008): 269 
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where θi represents the threshold of the hidden layer node; αi represents the weight that 270 

connects the output and the hidden layer nodes; ρi is the weight that connects the input and 271 
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the hidden layer nodes; ci represents the input sample of the model; ei is the output sample 272 

of the model; Ns represents the number of samples. 273 

The above equation is expressed as follows: 274 

eY   (2) 
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where e represents the sample label matrix; Y represents the hidden layer output matrix; α 275 

represents the weight matrix; Nh is the number of nodes in the hidden layer. 276 

The input weight and hidden layer threshold of the ELM model are randomly determined. 277 

There is no need to adjust in the iterative process, only the output weight needs to be 278 

calculated. The output weight matrix of the ELM model is as follows: 279 

eYYYα
TT 1)(   (6) 

The ELM prediction model is obtained. 280 





hN

i

iii cFe
1

)(   (7) 

The specific calculation process of ELM model is shown below: 281 

(1) Determine the sample of the model. 282 

(2) Randomly initialize hidden layer thresholds and input weights. 283 

(3) Calculate the output matrix. 284 

(4) Solve the output weight of hidden layer. 285 

 286 

3.2 Crow search algorithm principle 287 

In nature, crow is an intelligent bird. The ratio of crow's brain volume to body is the largest 288 

among birds. The brain capacity is larger and the birds are smarter. This is more adaptable to 289 

nature. In nature, crows make tools and use them to find food. The crow search algorithm (CSA) 290 

imitates two behaviors of crow: hiding food and recalling the location of the food (askarzadeh, 291 

2016; sayed et al., 2019). The CSA algorithm follows the following rules. 292 

(1) Crows survive in groups. 293 

(2) The crow hides its food and recall the location of the food. 294 

(3) There is competition among crows. Crows steal food from each other. 295 

(4) The crow avoids theft of food by leading competitors to other locations. 296 

The CSA algorithm is developed based on the above rules. Suppose there are M crows in 297 

the group. The position vector of the jth crow in the group is Posj
iter(i=1,2,…,M;iter=1,2,…,Miter). 298 

Where Miter is the maximum number of iterations. Posj
iter=[posj,1

iter,…, posj,dim
iter]. dim is the 299 

dimension of the variable (Oliva et al., 2017). In the process of hiding food, each crow has an 300 

optimal position. 301 

In the CSA algorithm, crows obtain better food positions by searching or tracking other 302 

crows. This behavior of crows is described by the perception probability (Awpj
iter) and is divided 303 

into the following two situations (Gupta et al., 2018). 304 

Case 1: Crow i did not find the tracking behavior of crow j. Then crow j finds the hiding 305 

place of crow i. In the iterative process of CSA algorithm, the position of crow is represented 306 
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by mj
iter. For case 1, the updated location of crow j is shown below: 307 

)(1 iter
j

iter
j

iter
j

iter
j

iter
j mFLR PosPosPos   (8) 

where R is a random value between 0 and 1; FLj
iter represents the flying distance of crow during 308 

the iteration. The flight distance determines the length of the crow’s flight to the food storage 309 

location. When the flying distance is large, the crow has a strong global search ability; when 310 

the flying distance is small, the crow has a strong local exploitation ability. 311 

Case 2: when crow i finds the tracking behavior of crow j, crow i leads crow j to a random 312 

position to avoid stealing his food. 313 

According to the description of case 1 and case 2, the location update method of crow j 314 

is shown in equation 9: 315 














iter
jrand

iter
j

iter
j

iter
j

iter
j

iter
j

iter
j

iter
j

AwpR

AwpRmFLR

        

 )(
1

1

PosPos

PosPosPos
 (9) 

In the CSA algorithm, the search ability is changed by controlling Awp. When Awp is small, 316 

crows search by themselves. So the crow has a strong local development capability. When Awp 317 

is large, crows are led to random positions. The crow has a strong global search capability. 318 

 319 

3.3 Enhanced crow search algorithm principles 320 

The CSA algorithm itself has certain limitations to reflect in the following two aspects. (1) 321 

The flight step size in the CSA algorithm is a fixed value and does not change with the number 322 

of iterations, which limits the crow's global search and local exploitation capabilities. (2) The 323 

crow population diversity is adjusted by Awp in the CSA algorithm. Awp is a certain value to 324 

limit the coordination ability of the algorithm during the iterative process. 325 

In view of the CSA algorithm limitations, this study proposes the ENCSA based on flight 326 

migration strategy and adaptive flight step adjustment strategy. Through the regular flight 327 

migration strategy, the crow population is prevented from the problem of population 328 

simplification in the later iteration. The ENCSA algorithm enhances the ability of crow's global 329 

exploration and local development through adaptive flight step adjustment strategy. So the 330 

convergence speed of the algorithm is accelerated. 331 

A. Regular flight migration strategy 332 

The diversity of crow population is maintained by setting migration frequency (MF). At 333 

the beginning of iteration, judge whether crows need to migrate. If crows need to migrate and 334 

flies to other places to search. If crows don’t need to migrate and searches by themselves or 335 

follow other crows. The location updating equation of the crow after migration is as follows: 336 



















j

bestj

f

ff

iter
jbest

iter
j

iter
j

eL

mLR )(1
PosPosPos

 (10) 

where R represents the random number of [0, 1] interval; mbest represents the optimal crow 337 

position in crow group; fj represents the target value of crow j; fbest represents the target value 338 

of the optimal individual; ε represents the infinitesimal, which ensures that the fraction is 339 

meaningful. 340 

The migration formula of the crow group found that the crow group does not migrate to 341 

a random position, but follows the crow with the best position in the group. The migration of 342 

crows is not blind, so as to speed up the convergence of crows. 343 

B. Adaptive flight step adjustment strategy 344 

In the CSA algorithm, the flight distance is a fixed value. The search ability of the crow 345 
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cannot be adjusted with the increase of iteration. An adaptive flight step size is proposed. 346 

When the number of iterations increases, the search ability of crows is adjusted. The 347 

mathematical model of adaptive flight step is as follows: 348 

iter

Miter

iter
j eFL  2.0  (11) 

With the deepening of the crow search, the flight step size gradually becomes smaller. In 349 

the initial stage of optimization, the crow has a larger flight step size, which makes the crow 350 

have a strong global search capability. At the end of the iteration, the flight step size of the 351 

crow becomes smaller, which makes the crow strengthen the local development capability. 352 

C. Acceleration search factor 353 

The adaptive search step can strengthen the crow’s global search and local development 354 

capabilities. The acceleration search coefficient (ASC) is introduced to further improve the 355 

crow's optimization capability. The mathematical model of ASC is shown in equation (12). 356 
5)15(

minmaxmin )( Miter

iter

eASCASCASCASC


  (12) 

where ASCmax(ASCmax=0.9) and ASCmin(ASCmin=0.2) are the maximum and minimum values. 357 

Figure 2 depicts the variation curve of ASC changing with evolving algebra. 358 

 359 
Figure 2. Coefficient ASC variation curve 360 

Figure 2 indicates that ASC values decrease with the evolving algebra. At the beginning of 361 

the evolving algebra, ASC value makes crows have stronger global search capacity. At the end 362 

of the evolving algebra, ASC value is smaller, which makes crows maintain stronger local 363 

development ability. ACS balances the global and local convergence performance of the 364 

proposed algorithm. The updating equation of crow position is as follows. 365 

)(1 iter
j

iter
j

iter
j

iter
j

iter
j mFLRASC PosPosPos   (13) 

 366 

3.4 Analysis of convergence performance of the ENCSA algorithm 367 

The convergence effects of intelligent algorithms are analyzed by multimodal and 368 

unimodal functions (karaboga and Basturk, 2007; mirjalili et al., 2014). The unimodal function 369 

has only one global optimal solution. The multimodal function has multiple local solutions. 370 

Multimodal function is able to test the global search and local development capabilities of the 371 

algorithms. Table 1 presents the expression and solution of the functions. 372 

The moth-flame optimization algorithm (MFO), classical particle swarm optimization 373 

algorithm (PSO), CSA and ENCSA algorithm are used to optimize the multimodal and unimodal 374 
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functions. The PSO, MFO and CSA algorithms belong to the group search algorithm, which 375 

completes the search through cooperation between the populations. As a classic algorithm, 376 

the PSO algorithm is often used as a comparison algorithm. The PSO algorithm imitates the 377 

flight behavior of birds. The MFO algorithm is a novel bionic algorithm with a wide range of 378 

applications (Mirjalili, 2015). The MFO algorithm imitates the flight path of moth when it flies 379 

to the target. This study uses the MFO algorithm as a comparison algorithm. Table 2 shows the 380 

parameter values of PSO, MFO, CSA and ENCSA algorithms. 381 

 382 

Table 1. Convergence performance test function of intelligent algorithm 383 
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 384 

Table 2. Parameter setting of three optimization algorithms 385 

Algorithms Parameters 

PSO Miter=1000, Np=30, C1=C2=1.5, w=1.4 

MFO Miter=1000, Np=30, b=1 

CSA Miter=1000, Np =30, FL=2, Awp =0.1 

ENCSA 
Miter=1000, Np =30, MF=350, Awp=0.1, 

ASCmax=0.9, ASCmin=0.2 

 386 

The population size NP is 30. The maximum number of iterations Miter is 1000. In the PSO 387 

algorithm, C1 and C2 represent learning factors. C1 represents self-cognition. C2 represents 388 

social experience. In the MFO algorithm, b is used to define the spiral shape. In ENCSA, Awp 389 

represents awareness probability; MF represents migration frequency; ASC represents 390 

accelerated search coefficient. 391 

The test dimensions of algorithms are set to 10 and 30. The calculation time and search 392 

accuracy of algorithms are analyzed by increasing the test dimension. For each test function, 393 
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each algorithm runs 30 times. The optimization results and calculation time of the algorithms 394 

are recorded. During the test, the same computer platform is used. Table 3 and 4 show the 395 

calculation results of each algorithm. 396 

 397 

Table 3. Calculation results of unimodal test functions 398 

F 
Algorithm

s 

Best 

10dim/ 

30dim 

Average 

convergence 

10dim/ 

30dim 

Standard 

Deviation 

(std) 

10dim/ 

30dim 

Average 

operation time 

(s) 

10dim/ 30dim 

g1 

PSO 
8.73×10-6/ 

748.10 

7.98×10-1/ 

1.76×103 

0.17/ 

665.17 
1.22/ 1.29 

MFO 
2.69×10-33/ 

3.24×10-5 

4.16×10-30/ 

1.33×103 

1.21×10-29/ 

3.45×103 
1.06/ 1.39 

CSA 
1.05×10-9/ 

2.86×10-2 

3.04×10-8/ 

8.96×10-2 

3.37×10-8/ 

4.82×10-2 
1.09/ 1.27 

ENCSA 
4.67×10-72/ 

6.17×10-72 

4.78×10-67/ 

5.72×10-67 

1.09×10-66/ 

1.75×10-66 
1.26/ 1.25 

g2 

PSO 
4.28×10-2/ 

2.40×103 

8.70/ 

5.41×103 

12.37/ 

2.11×103 
2.68/ 6.49 

MFO 
1.21×10-9/ 

377.43 

500/ 

2.10×104 

2.01×103/ 

1.34×104 
2.61/ 6.47 

CSA 
1.35×10-5/ 

29.64 

5.47×10-4/ 

74.43 

6.34×10-4/ 

25.84 
2.64/ 6.36 

ENCSA 
9.97×10-71/ 

1.88×10-71 

6.98×10-66/ 

9.13×10-63 

3.49×10-65/ 

4.99×10-62 
2.83/ 6.32 

g3 

PSO 
3.48×10-2/ 

13.49 
0.73/ 24.82 0.68/ 9.81 1.23/ 1.32 

MFO 
5.54×10-21/ 

1.96×10-4 
0.66/ 35.61 2.53/ 22.45 1.18/ 1.47 

CSA 
5.31×10-5/ 

0.42 

1.31×10-2/ 

1.56 

3.70×10-2/ 

0.71 
1.25/ 1.34 

ENCSA 
7.96×10-38/ 

6.01×10-36 

5.61×10-35/ 

2.15×10-34 

7.32×10-35/ 

3.12×10-34 
1.25/ 1.38 

 399 

Table 3 presented the calculation results of the PSO, MFO, CSA and ENCSA algorithms for 400 

unimodal functions. For g1 to g3, regardless of the best value, average value and std, the ENCSA 401 

algorithm obtained better optimization results. When the calculation dimension was 10dim, 402 

the calculation results of the PSO, MFO and CSA algorithms were more accurate than when 403 

dimension was 30dim. As the number of dimensions increased, the computing power and 404 

computing stability of PSO, MFO, and CSA algorithms decreased. For the ENCSA algorithm, the 405 

calculation results at 10dim and 30dim were basically consistent, which showed ENCSA had 406 

better calculation stability and calculation accuracy. For the average running time of the 407 

unimodal function, the difference in running time of the four algorithms was small. 408 
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 409 

Table 4. Calculation results of multimodal test functions 410 

F 
Algorithm

s 

Best  

convergence 

10dim/ 30dim 

Average 

convergence 

10dim/ 

30dim 

Standard  

Deviation (std) 

10dim/ 30dim 

Average  

operation time 

(s) 

10dim/ 30dim 

g4 

PSO 3.48×10-2/ 6.08 0.73/ 15.19 0.68/ 5.45 1.41/ 1.58 

MFO 
3.94×10-2/ 

6.19×10-5 
0.14/ 12.08 7.67×10-2/ 31.22 1.36/ 1.81 

CSA 1.72×10-2/ 0.12 0.17/ 0.25 9.83×10-2/ 7.93×10-2 1.39/ 1.59 

ENCSA 0/ 0 0/ 0 0/ 0 1.44/ 1.61 

g5 

PSO 6.96/ 83.21 
15.51/ 

118.79 
5.54/ 24.67 1.39/ 1.58 

MFO 7.95/ 83.57 
19.70/ 

165.42 
12.55/ 37.96 1.31/ 1.76 

CSA 2.98/ 10.96 8.45/ 25.38 4.27/ 9.64 1.44/ 1.51 

ENCSA 0/ 0 0/ 0 0/ 0 1.41/ 1.56 

g6 

PSO 
8.87×10-2/  

7.40 
2.99/ 10.61 1.18/ 1.52 1.64/ 1.78 

MFO 
4.44×10-15/  

1.50×10-3 
0.14/ 14.09 0.45/ 7.72 1.52/ 2.11 

CSA 
2.44×10-5/  

2.02 
1.43/ 3.50 1.06/ 0.96 1.62/ 1.82 

ENCSA 
8.88×10-16/ 

8.88×10-16 

8.88×10-16/ 

8.88×10-16 

1.00×10-31/  

1.00×10-31 
1.66/ 1.77 

 411 

The calculation results of the multimodal functions were shown in Table 4. For g4 to g6, 412 

regardless of the best value, average value and std, the calculation results of the ENCSA 413 

algorithm were the smallest. For g4 to g5, the ENCSA algorithm calculated the optimal solution 414 

0. For multimodal functions, the calculation accuracy of PSO, CSA and MFO algorithms was 415 

significantly reduced. The multimodal function has multiple local solutions. The PSO, CSA, and 416 

MFO algorithms had poor ability to get rid of the local solutions, which made the algorithm's 417 

calculation results worse. For multimodal functions, the ENCSA algorithm exhibited a strong 418 

ability to get rid of local solutions. The calculation stability of the ENCSA algorithm was better. 419 

For g4 to g6, the calculation results of ENCSA algorithm was the same whether it is in 10 or 30 420 

dim. 421 

The average operation time of each algorithm reflects the time complexity of different 422 

algorithms. The higher the time complexity of the algorithm, the longer the operation time of 423 

the algorithm. For unimodal functions, the average operation time of four algorithms 424 

increased with the increase of test dimension. Compared with CSA algorithm, the average 425 

operation time of the proposed ENCSA algorithm did not increase significantly. For g1, the 426 

average operation time of the proposed algorithm did not increase when the testing 427 

dimension was increased. For g2, when the testing dimension was increased, the average 428 

operation time of CSA algorithm increased by 58.49%, and that of ENCSA algorithm increased 429 
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by 55.50%. For multimodal testing functions, the average operation time of ENCSA algorithm 430 

was close to that of CSA algorithm. For g4, the average operation time of ENCSA algorithm was 431 

higher than that of CSA algorithm. But for g5 and g6, when the test dimension was 80, the 432 

average operation time of ENCSA algorithm was smaller than that of CSA algorithm. 433 

Comprehensive analysis presented that compared with prior algorithms, the complexity of 434 

ENCSA algorithm did not increase significantly, and ENCSA algorithm obtained more 435 

competitive convergence result. 436 

The calculation result of the ENCSA algorithm was the best according to the calculation 437 

values, which indicated that the calculation cost did not increase. The ENCSA algorithm’s 438 

regular flight strategy enhances the algorithm's ability to get rid of local solutions. The adaptive 439 

flight step size and acceleration search coefficient make the algorithm have strong global 440 

search and local development capabilities. Especially for 30dim, the calculation speed of 441 

ENCSA algorithm was faster. Compared with the CSA algorithm, the computing power of the 442 

ENCSA algorithm had been greatly improved. 443 

This study compares the proposed ENCSA algorithm with state-of-the-art CSA variants, 444 

such as PGCSA (Das et al. 2020), ICSA (Lu et al. 2020) and CSA based on opposition learning 445 

(Shekhawat and Saxena, 2020). For the benchmark function g6, when the search dimension 446 

was 10, the average convergence value and std of the PGCSA algorithm were 2.54×10-14 and 447 

2.80×10-13; when the search dimension was 30, the average convergence value and std were 448 

7.98×10-15 and 2.21×10-05. For the benchmark function g5, the PGCSA algorithm converged to 449 

0 when the search dimension was 10 or 30. For the benchmark function g3, when the search 450 

dimension was 10, the average convergence value and std of the PGCSA algorithm were 451 

2.54×10-14 and 2.80×10-13; when the search dimension was 30, the average convergence value 452 

and std were 7.98×10-15 and 2.21×10-5. Lu et al. (2020) set the test dimension to 10 and used 453 

the benchmark function g5 to test the proposed ICSA algorithm.  454 

The optimal convergence value and std of ICSA algorithm were 0 and 0.054. Although 455 

ICSA algorithm converges to 0, it does not converge to the optimal value every operation. 456 

Shekhawat and Saxena (2020) set the test dimension to 30, and used unimodal and 457 

multimodal benchmark functions to test the proposed algorithm. For the benchmark function 458 

g1, the average convergence value and std of the proposed algorithm were 1.33×10-60 and 459 

2.26×10-61; for g2, the average convergence value and std of the proposed algorithm were 460 

1.36×10-06 and 6.87×10-06; for g3, the average convergence value and std of the proposed 461 

algorithm were 2.57 and 3.39×10-01; for g4, the average convergence value and std of the 462 

proposed algorithm were 5.44×10-07 and 2.98×10-06; for g6, the average convergence value and 463 

std of the proposed algorithm were 2.91×10-08 and 8.91×10-08; and for g6, the average 464 

convergence value and std of the proposed algorithm were 4.43×10-05 and 1.16×10-05. The 465 

benchmark function test results revealed that the convergence performance of the proposed 466 

ENCSA algorithm in this study outperformed the state-of-the-art CSA variants. 467 

 468 

4. Wind power data acquisition and short-term wind power prediction process 469 

4.1 Data acquisition and analysis of influencing factors 470 

The core business of ENGIE Group includes renewable energy, which is a major participant 471 

in French green power production. The installed wind power capacity has reached 1730MW. 472 

La Haute Borne wind farm is located in the northeast of France. The wind farm provides 473 
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opening wind power data sets (Engie, 2018). The wind farm has four wind power generation 474 

equipment, namely R80721, R80711, R80790 and R80736. The static information of four wind 475 

turbines is listed in Table 5. ENGIE provides two opening data sets. One data set counts the 476 

power generation information of four wind turbines from 2013 to 2016, and the other data 477 

set counts the power generation status of each wind turbine from 2017 to 2020. Among them, 478 

statistical information includes generator technical parameters and meteorological 479 

information. Generator technical parameters include rotor speed, cabin temperature, torque, 480 

and pitch angle, etc. Meteorological information includes wind speed, temperature, direction, 481 

etc. This study uses the data set recorded by R80711 power generation equipment. The power 482 

generation equipment records data every 10 minutes. The daily wind power statistics include 483 

144 data points. The statistical parameters include power, blade position, outdoor 484 

temperature, grid voltage, wind speed, grid frequency and other parameters. 485 

This study selects the wind power data in spring, winter and autumn of 2017 as the 486 

simulation experiment samples. The statistical ranges intervals of wind power in spring, 487 

autumn and winter are from November 21 to November 26, from April 15 to April 20, and 488 

from December 8 to December 13. The selected sample data include 6-day statistics with a 489 

total of 864 sets of data. The wind power data of the first five days are taken as the training 490 

samples of the forecasting models. The wind power data of the sixth day are taken as the test 491 

samples of the model. 492 

The statistical data include voltage, frequency, blade position and other parameters. Wind 493 

direction and wind speed directly affect the output power. Wind is a phenomenon of air flow, 494 

because the sun's irradiance on the earth's surface is not uniform. The change of temperature 495 

affects the change of air density, thus affecting the air flow through the fan blades and 496 

resulting in the change of output power of wind power equipment. Therefore, the output 497 

variable is the wind power. The input variables are outdoor temperature, wind direction and 498 

wind speed.  499 

 500 

Table 5. Static information of La Haute Borne wind turbine 501 

Information 
La Haute Borne wind turbine 

R80711 R80721 R80736 R80790 

Name FRHBO_E01_807

11 

FRHBO_E03_807

21 

FRHBO_E04_807

36 

FRHBO_E02_807

90 

Model MM82 MM82 MM82 MM82 

Manufacture Senvion Senvion Senvion Senvion 

Rotor 

diameter (m) 

82 82 82 82 

Hub height 

(m) 

80 80 80 80 

Rated power 

(kW) 

2050 2050 2050 2050 

Altitude 411 411 411 411 

GPS 48.4569,5.5847 48.4497,5.5869 48.4461,5.5925 48.4536,5.5875 

Commissionin

g date 

2009/01/15 2009/01/15 2009/01/15 2009/01/15 
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Department Meuse Meuse Meuse Meuse 

Region Grand Est Grand Est Grand Est Grand Est 

 502 

 503 

 504 
Figure 3. Power curve 505 

 506 

The wind power curves shown in Figure 3 are highly nonlinear. The wind speed has strong 507 

uncertainty and nonlinearity and shows a large difference in a short time. The wind power 508 

shows strong nonlinearity. The wind speed fluctuates with seasons, and wind power is 509 

different in different seasons.  510 

 511 

4.2 Wind power forecast process 512 

Section 3.1 presents the principle of the ELM model. Thresholds and weights are 513 

initialized randomly in the ELM model. This method cannot guarantee the validity of the 514 

threshold and weight values, resulting in poor prediction stability of the ELM model. At the 515 

same time, the random thresholds and weights affect the training accuracy. In view of the 516 

shortcomings of the ELM model, the random parameter values are determined by the ENCSA 517 

algorithm. The forecast stability and accuracy are improved. 518 

Variance is used as the training objective function. 519 

m
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where pre is the forecasting value of wind power during training; act is the actual wind power 520 

value during training. 521 

The operation steps of wind power forecast are shown below: 522 

(1) Determine the output and input variables of the wind power prediction model. 523 

(2) Divide the wind power training samples and wind power test samples of the 524 

prediction models. 525 

(3) Perform normalized preprocessing on sample data such as wind power. 526 

(4) Set the relevant parameter values of the wind power forecast models. 527 

(5) Use wind power training samples to train the model. 528 

(6) Calculate the model objective function. 529 

(7) Input the optimized random parameter values into the ELM model. 530 

(8) Predict short-term wind power and denormalize the prediction results. 531 
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(9) Analyze and evaluate the forecast results. 532 

Figure 4 shows the flow chart of wind power forecasting. 533 
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 534 

Figure 4. Wind power prediction process 535 

 536 

5. Simulation test and results evaluation 537 

5.1 Evaluation index of wind power forecast results 538 

In this study, the forecast results were evaluated by multiple indicators. RMSE reflects the 539 

deviation between the forecast values and the actual values and also reflects the degree of 540 

dispersion between samples. RMSE and MAPE reflect the forecast error. The smaller the MAPE 541 

and RMSE values are, the higher the forecast accuracy of the model is. R2 reflects the fitting 542 

degree of prediction curve and real value curve. When the value of R2 is close to 1, it indicates 543 

that the model has a good fitting effect. When the value of R2 is close to 0, it indicates that the 544 

model has a poor fitting effect. 545 
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where pre  represents the average of the predicted value; prei represents the predicted value; 546 

acti represents the actual value. 547 

 548 

5.2 Simulation and discussion 549 

The simulation experiments were carried out to verify the predict performance of the 550 

ENCSA-ELM model in this section. This study selected three common models as comparative 551 

models to forecast wind power. The three comparison models were SVM, Gaussian process 552 

regression (GPR), BPNN, ELM, ELM optimized by MFO (MFO-ELM) and ELM optimized by gray 553 

wolf optimization algorithm (GWO-ELM) models. 554 

For the sample division, there is no definite method to divide training samples and test 555 

samples. The number of data in the training sample set usually accounts for 66.67% to 80% of 556 

the total, that is to say, the ratio of the number of data in the training set to the number of 557 

data in the test set is 1:2 to 1:4. Zhou et al. (2021) set the ratio of training data to test data to 558 

4:1 in the process of predicting short-term wind power. Li et al. (2020) set the ratio of wind 559 

power training samples to test samples to 3:1. Duan et al. (2021) set the ratio of training 560 

samples to test samples to 9:1 when verifying the proposed model. With reference to the 561 

sample division method given in the above research, this paper sets the ratio of training 562 

samples to test samples to 5:1. Therefore, in this study, the training set contains 720 sample 563 

points, and the test set contains 144 sample points. 564 

The short-term wind power in spring was forecasted by the ENCSA-ELM, CSA-ELM, BPNN, 565 

GPR, SVM, ELM, MFO-ELM and GWO-ELM models. The 720 groups of wind power data from 566 

April 15, 2017 to April 19, 2017 were taken as training samples of forecast models. The 144 567 

groups of wind power data collected on April 20, 2017 were used as test data of forecast 568 

models. The input variables of the forecast models were wind direction, external temperature 569 

and wind speed. The wind power was selected as output variable. Figure 5 depicts the wind 570 

power predictive results and errors on April 24, 2017.  571 

 572 

 573 
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 574 

(a) Power prediction curves 575 

 576 

 577 
(b) Wind power prediction error 578 

Figure 5. Wind power forecast results on April 20 579 

 580 

Figure 5 (a) showed the wind power forecasting curves of SVM, BPNN, GPR, CSA-ELM, 581 

ELM, MFO-ELM, GWO-ELM and ENCSA-ELM models for April 20th. The eight forecasting 582 

models all presented strong forecasting stability and reflected the fluctuation state of wind 583 

power. Figure 5 (b) presented the forecasting errors of eight models. The forecasting errors of 584 

the ENCSA-ELM model were the smallest. The ENCSA-ELM model exhibited a high prediction 585 

accuracy. The predicted wind power values of the ENCSA-ELM model were closest to the actual 586 

values of wind power, and the RE values were controlled within |20%|. From 20:00 to 24:00, 587 

the prediction errors of SVM, GPR, BPNN and CSA-ELM models become larger, and the RE 588 

values exceeded 20%.  589 

As shown in Figure 5(b), the prediction errors of SVM, GPR, BPNN, and ELM models had 590 

spikes. There are two reasons for spikes: (1) the wind power sequence itself has strong 591 
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randomness and volatility, which brings challenges to the predictive stability and accuracy of 592 

the forecasting models; and (2) the random parameters in the machine learning models have 593 

a greater impact on the prediction stability of the model. However, SVM, GPR, BPNN, and ELM 594 

models themselves have no method to solve random parameters. Based on the above two 595 

reasons, traditional machine models may have large errors in the process of predicting wind 596 

power. In order to reduce the spikes in the prediction results, it is necessary to select the 597 

optimal parameters of the machine learning model. The predictive performance of CSA-ELM, 598 

MFO-ELM, GWO-ELM and ENCSA-ELM models outperformed ELM model, indicating that 599 

parameter optimization improved the forecasting accuracy and stability of ELM model. The 600 

proposed model exhibited a higher predictive stability. The prediction error distribution of 601 

each model is depicted in Figure 6 and Table 6. 602 

 603 

 604 

     605 

    606 

 607 
Figure 6. Prediction error statistics on April 20 608 

 609 

Table 6. Error distribution of wind power of five models on April 20 610 

Model 
Number 

|RE|<5% 5%≤|RE|<10% 10%≤|RE|<15% 15%≤|RE|≤20% |RE|>20% 

SVM 54 48 13 15 14 

BPNN 30 46 43 13 12 

GPR 20 41 42 31 10 

ELM 52 36 19 13 24 

CSA-ELM 90 32 10 4 8 

MFO-ELM 110 19 8 2 5 

GWO-ELM 125 16 1 1 1 

ENCSA-ELM 132 11 1 0 0 

 611 

Figure 6 showed the percentage of relative error absolute values (|RE|) in each interval. 612 

Table 6 presented the number of predicted values in the error interval. ENCSA-ELM model 613 

obtained more satisfactory forecasting results by analyzing error distribution in Table 6. Figure 614 

6 indicated the number of error values of proposed model in the interval |RE|<5% exceeded 615 

90%. The prediction errors of proposed model were all controlled within 15%. The number of 616 
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error values of elm model in the interval |RE|<5% accounted for 36% of the total. The error 617 

values of MFO-ELM, CSA-ELM and GWO-ELM models in the interval |RE|<5% accounted for 618 

76%, 63% and 87% of the total respectively. The RE values of BPNN and GPR models in the 619 

interval [- 5%, 5%] accounted for the smallest proportion of the total, which were 21% and 14% 620 

respectively. 621 

The wind power in autumn was forecasted by the SVM, BPNN, GPR, ELM, MFO-ELM, 622 

GWO-ELM, CSA-ELM and ENCSA-ELM models. The 720 sets of wind power data collected from 623 

November 21, 2017 to November 25, 2017 were selected as the training samples for eight 624 

prediction models, and the 144 sets of wind power data collected on November 26, 2017 were 625 

taken as the test data. Figure 7 presents the forecast results of each model for the 24-hour 626 

wind power on the 26th of autumn.  627 

 628 

 629 

 630 

(a) Power prediction curves in autumn 631 

 632 
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 633 
(b) Wind power prediction error in autumn 634 

Figure 7. Wind power forecast results on November 26 635 

 636 

Figure 7 (a) revealed the forecasting results for autumn wind power. The forecasting 637 

curves were consistent with the trend of the actual wind power curve. On the whole, the 638 

predicted values of the eight models fitted well with the true values. Figure 7 (b) presented 639 

the hourly forecast error of each forecast model for autumn wind power. The ENCSA-ELM 640 

model still exhibited a high prediction accuracy. Only a few of RE values exceeded 20%. Most 641 

of the error values were controlled within 20%. A large number of error values of SVM, BPNN, 642 

GPR, ELM, MFO-ELM and CSA-ELM prediction models exceeded 20%. For BPNN model, the 643 

maximum RE exceeded 80%. The maximum RE of the CSA-ELM model exceeded 60%. The 644 

prediction stability of the ELM model was poor, and the RE at multiple moments exceeded 645 

50%. For autumn wind power, the predictive stability and prediction accuracy of the proposed 646 

model were better. Figure 8 and Table 7 reveal the relative error distribution of each model. 647 

 648 

     649 

    650 

 651 
Figure 8. Forecast error statistics on November 26 652 

 653 

Table 7. Error distribution of wind power of eight models on November 26 654 

Model 
Number 

|RE|<5% 5%≤|RE|<10% 10%≤|RE|<15% 15%≤|RE|≤20% |RE|>20% 

SVM 42 40 18 15 29 
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BPNN 59 28 22 15 20 

GPR 45 31 29 11 28 

ELM 47 28 17 13 39 

CSA-ELM 70 33 16 12 13 

MFO-ELM 88 39 12 3 2 

GWO-ELM 99 28 13 3 1 

ENCSA-ELM 107 27 6 3 1 

 655 

Figure 8 depicted the prediction errors of eight models for wind power in autumn. The 656 

number of error values in the interval [-5%, 5%] of the proposed model accounted for the 657 

highest proportion of total samples, exceeding 70%. CSA-ELM, MFO-ELM and GWO-ELM 658 

models obtained more satisfactory predictive results compared with ELM model. The error 659 

values in the interval |RE|<5% of CSA-ELM, MFO-ELM and GWO-ELM models accounted for 660 

49%, 61% and 69% of the total samples, but only 33% of the RE of the ELM model was in the 661 

interval [-5%, 5%]. The error values of SVM, BPNN and GPR models in the interval |RE|<5% 662 

accounted for 29%, 41% and 31% of the total samples. The prediction error of ENCSA-ELM 663 

model was relatively small. Table 7 listed the RE error distribution of the eight forecast models. 664 

The prediction errors of proposed model were basically controlled within 10% compared with 665 

other models. For 144 sample points, the |RE| errors of 107 sample points of proposed model 666 

were smaller than |5%|, and only one sample point error exceeded 20%.  667 

The wind power in winter was predicted by the SVM, BPNN, GPR, ELM, MFO-ELM, GWO-668 

ELM, CSA-ELM and ENCSA-ELM models. The 720 sets of wind power data collected from 669 

December 8, 2017 to December 12, 2017 were taken as the training samples for eight 670 

prediction models. The 144 sets of wind power data collected on December 13, 2017 were 671 

selected as the test data. Figure 9 depicts the forecasting effects. 672 

 673 

 674 

 675 
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(a) Power prediction curves in winter 676 

 677 

 678 
(b) Wind power prediction error in winter 679 

Figure 9. Wind power forecast results on December 13 680 

 681 

Figure 9 presented the forecasting curves for winter wind power. The local enlarged 682 

drawing in Fig. 9 showed that the predicted curve of ENCSA-ELM model was closest to the 683 

actual power curve. In the initial stage of prediction, SVM and GPR model had a large deviation 684 

from the actual value. For SVM model, the maximum relative error exceeded 150%. The 685 

maximum relative error of the GPR model exceeded 100%. Compared with CSA-ELM, MFO-686 

ELM, GWO-ELM and ENCSA-ELM models, the prediction curve of the ELM model fluctuated 687 

more, and the maximum RE exceeded 50%. Figure 9 (b) revealed that the ENCSA-ELM model 688 

showed high predictive stability and RE errors fluctuated smoothly. Figure 10 and Table 8 689 

depicted the relative error distribution of each forecasting model. 690 

    691 

  692 
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 693 
Figure 10. Forecast error statistics on December 13 694 

 695 

Table 8. Error distribution of wind power of eight models on December 13 696 

Model 
Number 

|RE|<5% 5%≤|RE|<10% 10%≤|RE|<15% 15%≤|RE|≤20% |RE|>20% 

SVM 105 28 5 3 3 

BPNN 94 29 7 6 8 

GPR 100 25 5 4 10 

ELM 105 22 5 4 8 

CSA-ELM 119 20 4 0 1 

MFO-ELM 136 4 4 0 0 

GWO-ELM 138 4 2 0 0 

ENCSA-ELM 137 6 1 0 0 

 697 

Figure 10 revealed that compared with other prediction models, GWO-ELM and ENCSA-698 

ELM models got satisfactory prediction results. The error values of the GWO-ELM and 699 

proposed models in the interval |RE|<5% accounted for 96% and 95% of the total samples. 700 

The error values of SVM, BPNN, GPR, ELM, MFO-ELM and CSA-ELM models in the interval 701 

|RE|<5% accounted for 73%, 65%, 69%, 73%, 94% and 83% of the total samples. The 702 

prediction errors of the ENCSA-ELM model basically were within the [-5%, 5%] interval. Table 703 

8 listed the prediction error distribution of the eight models. For 144 sample points, the error 704 

of 137 sample points of proposed model was less than 5%, and no error was more than 20%. 705 

The predictive errors of proposed model were controlled within 10%.  706 

As the complexity of the algorithm is higher, the time frequency is greater, and the 707 

running time required by the algorithm is longer. Therefore, this paper takes the running time 708 

of the algorithm as an evaluation index to analyze the complexity of each algorithm. Table 9 709 

and Figure 11 revealed the evaluation results of different wind power prediction models. 710 

 711 

Table 9. Evaluation of model prediction results 712 

Season Model 

Evaluation index 

RMSE MAPE (%) R2 (%) 
Running time 

(s) 

Spring 

SVM 59.17 10.37 95.31 0.25 

BPNN 66.52 11.71 95.33 0.28 

GPR 79.71 13.22 94.40 11.45 

ELM 67.26 13.69 94.03 1.59×10-3 

CSA-ELM 29.93 5.96 98.79 19.14 

MFO-ELM 22.15 4.15 99.34 19.33 

GWO-ELM 17.31 2.46 99.60 20.48 

ENCSA-ELM 16.45 1.88 99.64 19.59 

Autumn 

SVM 49.42 13.12 96.11 0.26 

BPNN 46.28 9.78 97.02 0.30 

GPR 52.08 11.56 96.88 12.75 

ELM 58.20 14.80 95.50 2.82×10-3 
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CSA-ELM 32.15 8.44 98.10 18.02 

MFO-ELM 20.55 4.64 99.22 18.53 

GWO-ELM 18.71 4.35 99.35 19.19 

ENCSA-ELM 17.13 3.59 99.46 18.47 

Winter 

SVM 48.01 5.27 99.23 0.26 

BPNN 60.37 5.76 98.96 0.39 

GPR 60.16 6.40 98.92 11.70 

ELM 65.94 5.53 98.42 1.61×10-3 

CSA-ELM 38.92 3.22 99.43 18.58 

MFO-ELM 22.32 1.87 99.81 18.31 

GWO-ELM 20.42 1.62 99.84 19.34 

ENCSA-ELM 18.60 1.49 99.87 18.60 

   713 

Figure 11. Model prediction error comparison 714 

 715 

Table 9 listed the evaluation results of the eight wind power prediction models. The 716 

comparison results of the evaluation indexes of wind power forecasting were depicted in 717 

Figure 11. The RMSE value of the ENCSA-ELM model was controlled below 20 in different 718 

seasons. Compared with traditional machine learning models, the RMSE and MAPE values 719 

were the smallest. For spring wind power forecasting, the MAPE value was 8.49%, 9.83% and 720 

11.34% smaller than that of the SVM, BPNN and GPR models. For the prediction results of the 721 

wind power in autumn, the MAPE value of ENCSA-ELM model was 9.53%, 6.19% and 7.97% 722 

smaller than that of the SVM, BPNN and GPR a models. For the forecasting results of winter 723 

power, the MAPE value of ENCSA-ELM model was 3.78%, 4.27% and 4.91% smaller than that 724 

of the SVM, BPNN and GPR models. Similarly, compared with ELM, CSA-ELM, MFO-ELM and 725 

GWO-ELM models, the proposed model obtained more satisfactory wind power forecasting 726 

results.  727 

The ELM model prediction performance was obviously improved when random 728 

parameters were optimized by the optimization algorithms. For wind power prediction results 729 

in different seasons, the average RMSE of ENCSA-ELM model was 17.39, which was 1.42, 4.28 730 

and 16.28 smaller than those of GWO-ELM, MFO-ELM and CSA-ELM models. The average 731 

MAPE of ENCSA-ELM model was 2.32%, which was 0.49%, 1.23% and 3.55% smaller than those 732 

of GWO-ELM, MFO-ELM and CSA-ELM models. For R2, the R2 values of the eight models 733 

reached more than 90%. The ENCSA-ELM model had the highest R2. Both of the two 734 

evaluations of the proposed model’s R2 reached more than 99%. The evaluation results 735 



27 
 

revealed that the ENCSA-ELM model had the highest forecasting accuracy. The proposed 736 

model still achieved better evaluation results compared with other models. 737 

ELM model consumed the shortest running time compared with the traditional machine 738 

learning models. The training time of the model is greatly shortened because ELM does not 739 

use gradient descent method. The running time of the model became longer when the ELM 740 

model was combined with optimization algorithms. This is because the algorithms need to 741 

optimize the random parameters of the ELM model in the training process, which increases 742 

the training time of the model. CSA-ELM, GWO-ELM, MFO-ELM and ENCSA-ELM models 743 

consumed similar running time, indicating that the four models had similar time complexity. 744 

The GWO-ELM model consumed slightly more time than the other three models. The running 745 

time of the ENCSA-ELM model was slightly higher than that of the CSA-ELM model, indicating 746 

that the complexity of the proposed ENCSA-ELM model did not increased significantly. The 747 

evaluation results in Table 9 revealed that compared with the traditional machine learning 748 

models and the ELM optimized by different algorithms, the proposed model obtained more 749 

competitive prediction accuracy and fitting effect. Regarding the time complexity, the running 750 

time consumed by the proposed model was slightly higher than that of the CSA-ELM model, 751 

but less than that of the GWO-ELM model. Comprehensive analysis demonstrated that the 752 

wind power forecast results obtained by the proposed model were the most competitive 753 

compared with the other seven models. 754 

This study compares the proposed model with the state-of-the-art short-term wind 755 

power prediction models in order to further verify the effectiveness of the proposed ENCSA-756 

ELM model. For example, Duan et al. (2021) proposed a hybrid short-term wind power 757 

prediction model and resulted the evaluation index RMSE 58.77. Liu et al. (2020) developed 758 

WD-LSTM model to forecast wind power, the MAPE of the proposed model was 5.83. Tu et al. 759 

(2020) proposed the DR-SVM model to predict wind power in different seasons. For wind 760 

power in winter, spring and autumn, the MAPE values of the DR-SVM model were 6.86%, 761 

15.31%, and 9.39%, respectively. Li et al. (2020) proposed the WD-IASO-SVM model to predict 762 

short-term wind power, and used two sets of simulation experiments to verify the proposed 763 

model. For Cases 1 and 2, the MAPE values of the proposed models were 5.43% and 9.26% 764 

respectively. Huang et al. (2020) formulated the OWDPC-LSTM model to forecast short-term 765 

wind power. The MAPE values of the proposed OWDPC-LSTM model were 4.09% and 5.85 766 

when the number of cluster centers were 3 and 4. Compared with the state-of-the-art short-767 

term wind power prediction models proposed above, the wind power prediction result 768 

obtained by the ENCSA-ELM model are more competitive. Therefore, the model proposed in 769 

this study provides a new method for short-term wind power forecasting. 770 

 771 

6. Concluding remarks 772 

To meet the balance of power supply and demand, the power sector needs to formulate 773 

a reasonable dispatch plan to ensure the economy and safety of the power supply of the power 774 

system. The wind power anti-peak-shaving characteristic brings the challenges to grid-775 

dispatching plan when wind power is connected to the grid on a large scale. When the 776 

prediction accuracy of wind power is not enough, the grid can stabilize the impact of wind 777 

power output fluctuation on power supply stability by setting aside enough spinning reserve 778 

capacity. The additional spinning reserve capacity not only increases the operating cost of the 779 

grid, but also brings hidden dangers to the grid stable operation. The power sector can 780 

formulate dispatch plans more reasonably through high-precision wind power forecasting and 781 
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reference to the load forecast values obtained, thereby effectively reducing the spinning 782 

reserve capacity reserved for stabilizing wind power volatility and reducing the operating cost 783 

of the power system. This study proposes the ENCSA-ELM model to predict the short-term 784 

wind power. Meanwhile, traditional machine learning models such as SVM, ELM, BPNN, GPR 785 

and ELM models optimized by different intelligent algorithms are selected as the comparison 786 

methods. The concluding remarks are presented as follows. 787 

 The ENCSA algorithm was proposed to improve the CSA algorithm limitations. After testing, 788 

the convergence accuracy of the ENCSA algorithm was improved obviously. For multimodal 789 

functions, the ENCSA algorithm exhibited good convergence accuracy. The abilities of local 790 

development and global search of the ENCSA algorithm were strengthened. 791 

 The ENCSA-ELM model was proposed. The RE values were controlled within |20%|, the R2 792 

values were over 99% and the MAPE value was controlled under 10%. 793 

 The forecast results of proposed model were analyzed by evaluation indexes. The results 794 

revealed that compared with the SVM, GPR, BPNN and CSA-ELM models, the ENCSA-ELM 795 

model exhibited higher prediction stability and accuracy. 796 

 Improving the prediction accuracy of wind power can reduce the phenomenon of wind 797 

abandonment and assist the power department to formulate a reasonable dispatch plan. 798 

The proposed prediction model achieved high prediction accuracy for short-term wind 799 

power. The proposed wind power forecast system had some limitations. The proposed ENCSA 800 

algorithm cannot all converge to the global optimal value for unimodal and multimodal test 801 

functions, and the convergence performance of the proposed algorithm needs to be further 802 

improved. This study only analyzes the influence of temperature, wind direction and wind 803 

speed on wind power. Less external factors are considered. Finally, the potential of ENCSA-804 

ELM model is tapped to improve the generalization ability of the proposed model. The 805 

limitations of the proposed wind power forecast system will be solved in future research.  806 
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