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Short-term wind power forecasting plays an important role in wind power generation systems. In order to improve the accuracy of wind power forecasting, many researchers have proposed a large number of wind power forecasting models. However, traditional forecasting models ignore data preprocessing and the limitations of a single forecasting model, resulting in low forecasting accuracy. Aiming at the shortcomings of the existing models, a combined forecasting model based on secondary decomposition technique and grey wolf optimizer (GWO) is proposed. In the process of forecasting, firstly, the complete ensemble empirical mode decomposition adaptive noise (CEEMDAN) and wavelet transform (WT) are used to preprocess the wind power data. Then, least squares support vector machine (LSSVM), extreme learning machine (ELM) and back propagation neural network (BPNN) are established to forecast the decomposed components respectively. In order to improve the forecasting performance, the parameters in LSSVM, ELM, and BPNN are tuned by GWO. Finally, the GWO is used to determine the weight coefficient of each single forecasting model, and the weighted combination is used to obtain the final forecasting result. The simulation results show that the forecasting model has better forecasting performance than other forecasting models.
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1 INTRODUCTION
As a clean and pollution-free renewable resource, wind energy has attracted much attention because of its abundant resources, wide distribution and great development potential (Hua et al., 2022; Khazaei et al., 2022). However, due to the intermittent and strong variability of wind power (Yin et al., 2021; Duan et al., 2022). Therefore, it is necessary to develop a method that can accurately forecast wind power, reduce the negative impact of wind power grid connection, ensure the safe and stable operation of the power system, and improve the utilization rate of wind power in the power system (Hu et al., 2021a; Lin and Zhang, 2021; Meng et al., 2022).
In recent years, many scholars have done a lot of research in the field of wind power forecasting, and proposed many wind power forecasting methods. These forecasting methods can be divided into three categories: physical methods and general statistical methods and artificial intelligence methods (Xiang et al., 2019; Zhang et al., 2019; Hu et al., 2021b). Physical methods does not need the support of historical data, its principle is to use the wind speed, wind direction and temperature of numerical weather forecasting information as input data, and then combined with the surface information around the fan to establish a mathematical model for solving (Du et al., 2017). The calculation process of physical method is complicated and the cost is high, so it is suitable for long-term forecasting, and the error is large in short-term wind power forecasting (Soman et al., 2010; Zhang et al., 2020). In contrast, general statistical methods and artificial intelligence methods only need to use historical wind power data for wind power forecasting, which is easy to implement and more suitable for short-term wind power forecasting (Tascikaraoglu and Uzunoglu, 2014; Zhou et al., 2022). General statistical methods mainly include the autoregression (AR) method (Huang and Chalabi, 1995), the autoregressive moving average (ARMA) method (Erdem and Shi, 2011) and grey models (GM) method (Bahrami et al., 2014). Artificial intelligence technology has outstanding advantages in dealing with non-linear problems, and many researchers have applied artificial intelligence methods to the field of wind power forecasting (Ogliari et al., 2021; Wang et al., 2021; Chen et al., 2022a). Artificial intelligence methods mainly include BP neural network (BPNN) (Zhu et al., 2022), support vector machine (SVM) (Li et al., 2020), extreme learning machine (ELM) (Peng et al., 2017), generalized regression neural network (GRNN) (Ding et al., 2021) and Long-term and Short-term Memory network (LSTM) (Xiong et al., 2022) etc. Ren et al. (Ren et al., 2014) proposed an IS-PSO-BP wind speed forecasting model, which achieved good forecasting performance. Liao et al. (Liao et al., 2021) introduces fuzzy seasonal index into fuzzy LSTM model has better performance in terms of forecasting accuracy.
In the past few decades, researchers have proposed many wind power forecasting methods, which have improved the wind power forecasting accuracy to a certain extent. However, considering the non-stationarity of wind power data, direct use of raw data for forecasting will lead to large errors. The usual method is to use empirical mode decomposition (EMD), ensemble empirical mode decomposition (EEMD) and wavelet transform (WT). Zhang et al. (Zhang et al., 2017) proposed an EEMD combined with cuckoo search optimization algorithm to optimize the wavelet neural network for wind speed forecasting and the experiments show that EEMD can make a great contribution to the forecasting accuracy. Liu et al. (Liu et al., 2014) proposed a wind speed forecasting model based on wavelet transform and genetic algorithm to optimize support vector machine. Wavelet transform can eliminate the random fluctuation of wind speed sequence and improve the accuracy of wind speed forecasting.
The limitations of the above methods are summarized as follows:
1) Physical methods are suitable for long-term forecasting rather than short-term forecasting.
2) General statistical methods are suitable for linear data, but not for non-linear data; A single artificial intelligence forecasting method is difficult to get rid of the problems of local optima and low convergence.
3) The traditional single data processing method cannot completely solve the non-linear and non-stationary components of the original wind power data.
4) The limitations of a single forecasting model make it difficult to ensure accurate forecasting for all wind power datasets.
Based on the analysis above, a developed combined wind power forecasting model that is based on the complete ensemble empirical model decomposition adaptive noise (CEEMDAN) and wavelet transform (WT) secondary decomposition technique (SDT), grey wolf optimizer (GWO) and three individual forecasting models. First, CEEMDAN is used to process wind power data, and WT is used for secondary decomposition of the most complex IMF1 component. Then the forecasting models of GWO-LSSVM, GWO-ELM and GWO-BPNN are established. Finally, a weight optimization method based on GWO algorithm is developed to combine the results of three individual forecasting models to obtain the final forecasting results.
The primary contributions and innovations of this study are described as follows:
1) CEEMDAN is used to process the wind power series, and WT is used to decompose the IMF1 component with the highest complexity, which effectively reduces the volatility and non-stationarity of wind power data and improves the forecasting performance.
2) Three machine learning methods LSSVM, ELM and BPNN are proposed to forecast the processed wind power. In order to improve the forecasting accuracy, GWO algorithm is used to optimize the hyperparameters of these three machine learning models.
3) A weight determination method of combined forecasting model based on GWO algorithm is proposed to find the weight of each individual forecasting model.
4) The novel combined forecasting model based on three individual machine learning models effectively utilizes the advantages of each individual forecasting model and improves the forecasting accuracy of short-term wind power.
The structure of this paper will be described in detail below. Section 2 introduces data preprocessing methods and the principles of three machine learning forecasting models. Section 3 introduces the principle of the optimization algorithm and the process of building a combined forecasting model. Section 4 presents the dataset sources, performance evaluation metrics, and testing methods of this study, and the comparison results of the proposed model and other models are analyzed in detail in Section 4 to verify the forecasting performance of the combined forecasting model. Finally, Section 5 presents the research conclusions of this paper. The main terminologies mentioned in this paper are show in Table 1.
TABLE 1 | The main terminologies mentioned in this paper.
[image: Table 1]2 METHODOLOGY
2.1 CEEMDAN
EMD is a method for processing non-stationary signals. The signal is decomposed into IMFs of different frequencies through a screening process. The EMD method has the disadvantage of modal mixing and cannot accurately extract the effective feature information of the signal (Hu et al., 2013). In order to solve the modal mixing problem of EMD decomposition, the EEMD method is to add a Gaussian white noise to the sample data during the EMD decomposition process, and eliminate these noise signals by averaging (Hu et al., 2013; Nguyen and Phan, 2022). However, after limited iterations, the reconstructed signal still contains a noisy signal. In order to eliminate residual noise, Torres et al. proposed to add adaptive auxiliary noise signals in the process of EMD decomposition. Compared with EMD and EEMD, this method effectively eliminated the problem of mode mixing (Chen et al., 2022b). The decomposition steps of CEEMDAN are as follows:
Step1: Assuming [image: image] that is the original wind power data, add Gaussian white noise to the original signal.
[image: image]
Where [image: image] denotes a noise coefficient.
Step2: Signal [image: image] is repeatedly decomposed for L times, and then the mean is calculated to obtain the
First IMF of CEEMDAN.
[image: image]
Step3: Calculate residuals [image: image].
[image: image]
Step4: Use EMD to decompose signal [image: image] and calculate the second IMF.
[image: image]
Where [image: image] represents EMD decomposition.
Step5: Calculate the kth residual component.
[image: image]
Step6: Repeat the calculation process of step 4 to obtain the kth IMF.
[image: image]
Step7: Finally, the decomposition result is as follows.
[image: image]
2.2 WT
Wavelet transform is a data decomposition method, which has been successfully applied in various fields, including image processing, signal denoising and time series analysis (Bento et al., 2019). Wavelet transforms can be classified into two categories: continuous wavelet transform (CWT) and discrete wavelet transform (DWT). The CWT causes a large amount of computation because of repeated calculation, and the DWT has better computational efficiency. Therefore, this paper uses the DWT to process wind power data. The three-layer decomposition of wind power data by discrete wavelet transform is shown in Figure 1. The original signal is broken into two components by high-pass filter (HPF) and low-pass filter (LPF), namely approximation component ([image: image]) and detail component ([image: image]). Then, the approximation component is decomposed by the second layer to obtain the approximation component and detail component, and so on to obtain the third-layer decomposition.
[image: image]
Where T is the total length of the original signal [image: image], a and b are the scaling and translation parameters respectively and t is discrete time.
[image: Figure 1]FIGURE 1 | Three-level decomposition of signal by WT.
2.3 LSSVM
The least squares support vector machine is an improved algorithm based on the support vector machine. The principle is to map the data to a high-dimensional space through a non-linear function and perform linear regression (Zhang and Li, 2022). The established regression function is:
[image: image]
Where w is the weight vector, b is the bias term.
According to the principle of structural risk minimization, the objective function can be expressed as:
[image: image]
Such that:
[image: image]
Where [image: image] is error penalty function, [image: image] is slack variable.
Construct the Lagrange function L:
[image: image]
Where [image: image] is the Lagrangian multiplier.
According to KKT conditions:
[image: image]
After eliminating w and e, the linear equations can be obtained as follows:
[image: image]
Where[image: image],[image: image], [image: image], and [image: image].
According to the Mercer condition, the kernel function [image: image] is equivalent to the scalar product calculation in the above equation to linearize the non-linear problem.
[image: image]
The LSSVM model expression is:
[image: image]
The performance of LSSVM is affected by regularization parameters, kernel function types and parameters. The RBF kernel function has the advantages of good generalization ability, simple expression and wide convergence region. In this paper, the RBF kernel function is selected as the kernel function of the LSSVM model.
2.4 ELM
ELM is a kind of single-hidden layer feed forward networks (SLFNs) proposed by Huang et al., which consists of input layer, hidden layer and output layer (Huang et al., 2006). After initialization, the input weight between the input layer and the hidden layer and the bias value of the hidden layer are randomly selected, and then the output weight can be calculated according to the generalized inverse operation on the output matrix. Compared with traditional feed-forward neural networks with single hidden layer, ELM has the advantages of fast operation speed, simple structure and small error, and is widely used in many fields.
Given any N samples [image: image], where the input sample is [image: image], the output sample is [image: image], L is defined as the number of neurons in the hidden layer, and [image: image] is the activation function, the SLFNs model can be expressed as follows:
[image: image]
Where [image: image] is the input weight, [image: image] is the output weight, [image: image] is the bias, [image: image] is the output value of the model, and [image: image] is the inner product of [image: image] and [image: image].
The learning mechanism of SLFNs is realized by the zero error between the output value and the sample, expressed as [image: image], so Eq. 17 can be expressed as:
[image: image]
Eq. 18 can be expressed in matrix form as:
[image: image]
Where H is the hidden layer output matrix of ELM, [image: image] is the weight matrix, and T is the network output matrix.
The hidden layer output weights can be obtained by solving the least squares solution of the following equation:
[image: image]
The solution is:
[image: image]
Where [image: image] is the Moore–Penrose generalized inverse matrix of the hidden layer output matrix.
2.5 BPNN
Back propagation neural network is a kind of multilayer feedforward neural network trained by error back propagation. BP neural network is composed of input layer, hidden layer and output layer. The hidden layer of the network can be one or more layers, each layer is composed of one or more neurons. The neurons of neighboring layers are connected to each other, and each neuron only receives the input of the neuron of the previous layer, while there is no connection between neurons of the same layer. Only the input information processed by neurons in each layer can become the output of the output layer. The training process of BP neural network is as follows:
The output of the hidden layer can be expressed as:
[image: image]
Where l is the number of hidden layer nodes, n is the number of input layer nodes, w is the weight between the input layer and the hidden layer, x is the input variable, a is the hidden layer threshold, and [image: image] is the activation function.
The output of the output layer can be expressed as:
[image: image]
Where m is the number of output layer nodes, w is the weight between the hidden layer and the input layer, and b is the output layer threshold.
The forecasting error is calculated by the expected output Y minus the output O of the output layer, and the expression is:
[image: image]
From the forecasting error [image: image], the updated expressions for the weights and thresholds can be obtained:
[image: image]
[image: image]
[image: image]
[image: image]
Where [image: image] is the learning rate, and [image: image] represents the i-th input variable.
3 WIND POWER FORECASTING MODEL
3.1 Grey wolf optimizer
Grey wolf optimizer is a new swarm intelligence optimization algorithm. It is optimized by simulating the predation behavior of the grey wolf population and by tracking, surrounding, pursuing and attacking the wolves (Mirjalili et al., 2014). The algorithm has the advantages of simple principle, less parameters to be adjusted, easy implementation and strong global search ability. In recent years, researchers have applied GWO to many research fields, such as image processing (Rajput et al., 2019; Rajput and S-GWO-FH, 2022), path planning (Dong et al., 2022; Zhang et al., 2022), power scheduling and forecasting (Lu et al., 2020; Wang et al., 2020; Jalali et al., 2022), and other related fields.
The wolves are divided into four groups according to the social rank: [image: image] and [image: image], [image: image] as the optimal solution, [image: image] and [image: image] as the suboptimal solution, and w is the candidate solution.
In the process of hunting, the behavior of wolves surrounding prey can be expressed as follows:
[image: image]
[image: image]
Where t is the number of current iterations, [image: image] is the position vector of prey, [image: image] is the position vector of grey Wolf, [image: image] and [image: image] is the coefficient vector. The expressions of [image: image] and [image: image] are:
[image: image]
[image: image]
Where [image: image] and [image: image] are random vectors between [0,1], [image: image] is the convergence factors, and linearly decrease from 2 to 0 in the iteration process.
Suppose [image: image] have a better idea of the potential location of prey. Therefore, we save the top three best solutions obtained so far and ask other grey wolf individuals to update their positions based on the location of the greyest individual. The mathematical expression of the update process is:
[image: image]
[image: image]
[image: image]
Where t is the number of current iterations, [image: image], [image: image] are random vectors.
In the process of hunting, firstly, the distance between individuals is calculated, and then the direction of individual moving to prey is determined by the synthesis of Eq. 35, and finally the prey is captured to complete the hunting. Table 2 shows the pseudo code of GWO.
TABLE 2 | The pseudo code of GWO.
[image: Table 2]3.2 Individual forecasting model
The specific steps of the forecasting model of GWO-ELM are as follows:
Step1: Initialize the number of wolves and random population positions, determine the number of hidden layer nodes and the maximum number of iterations.
Step2: Initialize the fitness value. The root mean square error (RMSE) is selected as the fitness function, and the individual fitness function value is calculated and sorted by size to select [image: image], [image: image] and [image: image] wolf.
Step3: Update the position of each wolf in the wolf pack according to Eq. 35, and calculate the fitness value at the same time.
Step4: Judge whether it meets the given convergence accuracy or the maximum number of iterations; if not, return to Step2; if yes, output the optimal solution, namely the position of [image: image] wolf.
Step5: According to the position of [image: image] wolf, the input layer weight and hidden layer threshold of extreme learning machine are obtained, and finally the forecasting model of GWO-ELM is established.
The process of GWO-LSSVM and GWO-BP forecasting models are in the similar manners.
3.3 Parameter setting
The population size of GWO set 30, and the maximum number of iterations set 50. The input layer node of ELM is 6, hidden layer node is 30 and the output layer node is 3. The input layer node of BPNN is 6, the middle layer is 8 and the output layer node is 3.
3.4 Construction of the combined model
Combined forecasting model is a kind of model which is often used in forecasting field. The key of model establishment lies in how to determine the weight coefficient of single forecasting model. By assigning corresponding weights to multiple forecasting models, the forecasting result of each single forecasting model is multiplied by its corresponding weight to obtain the forecasting result of the forecasting model. Finally, the final forecasting result is generated by adding the results of all forecasting models. The calculation process is shown in Eq. 36. (Xiao et al., 2015). proposed the theory of no negative constraint theory (NNCT) to obtain the weight coefficient.
In this study, the grey wolf optimizer is adopted, the population size set 30, the maximum number of iterations is 200, and RMSE is used as the loss function, and the optimal weight coefficient is obtained by minimizing the loss function.
[image: image]
Where y is the forecasting result of the combined forecasting model, [image: image] is the forecasting result of the single forecasting model, and w is the weight coefficient.
The strategy of combined forecasting model is shown in Figure 2, and the process of combining forecasting model is as follows:
[image: Figure 2]FIGURE 2 | Combined forecasting model strategy.
Stage1: Data pretreatment.
Aiming at the problem that forecasting model based on single decomposition technology can not completely deal with the non-linearity and non-stationarity of wind power series, a secondary decomposition technique based on the combination of CEEMDAN and WT is proposed in this study.
Stage2: Forecasting model.
Three machine learning models with good forecasting performance, LSSVM, ELM and BPNN, are selected for wind power forecasting, and the GWO algorithm is used to optimize the hyperparameters of these three machine learning models to further improve the forecasting accuracy. The data pretreatment results in Stage1 are combined with the three forecasting models to forecast wind power, and the process is shown in Figure 3. The two datasets selected in this study are both 1248 data points, among which the first 960 data points are training data sets and the second 288 data points are validation and testing data sets. The first 960 data points are input into the forecasting model and 288 data points are output. The input and output matrix format of multi-step forecasting in this paper is shown in Figure 4.
[image: Figure 3]FIGURE 3 | Framework of the proposed forecasting model.
[image: Figure 4]FIGURE 4 | Input and output matrix format for combined model.
Stage3: Calculate the weight of combined forecasting model.
In order to better calculate the weight coefficient of combined forecasting model, a weight determination method of combined forecasting model based on GWO algorithm is proposed. Firstly, 288 data points obtained from Stage2 are selected, among which the first 192 data points are the validation dataset to determine the weight of the combined forecasting model, and the last 96 data points are the testing dataset. The dimension of GWO is set as 3, the number of iterations is set as 200, and the upper and lower limits of weight are set as [-2,2] to obtain the optimal weight coefficient. According to Eq. 36, the final wind power forecasting result can be calculated.
4 EXPERIMENTS AND ANALYSIS
All simulation experiments are carried out on MATLAB R2020b environment in a personal computer with i7-10750H CPU and 16 GB RAM.
4.1 Data description
In this study, historical wind power data are used from the Belgian electricity operator Elia, which can be downloaded from its website (Elia Transmission Company, 2021). Two sets of 13-day wind power data are randomly selected from 2019 with a sampling interval of 15min. Each set contained 1248 data points and illustrated in Figure 5 and the samples of the first 10 days of each dataset are used as the training dataset, the samples of the first 2 days of the next 3 days are used as the validation dataset to determine the weight of each model, and the samples of the last 1 day are used as the test dataset to evaluate the prediction effect of the combined model. The statistical description of wind power data is shown in Table 3.
[image: Figure 5]FIGURE 5 | The original wind power series. (A) Wind power of dataset A. (B) Wind power of dataset B.
TABLE 3 | Statistical characteristic of two datasets.
[image: Table 3]4.2 Secondary decomposition technique
In this study, the secondary decomposition technique is used to preprocess the original wind power to reduce the non-stationarity of the wind power series. Firstly, the wind power series is decomposed into different IMF components and a residual component Res by CEEMDAN technology, as shown in Figure 6. Secondly, the highly complex IMF1 component was decomposed by wavelet. At this stage, IMF1 was decomposed into four components, namely A3, D3, D2 and D1, which further reduced the volatility and non-stationary of IMF1 component, as shown in Figure 7. In the experiment, the parameters of CEEMDAN and WT is set as follows: Nstd value is 0.2, NR value is 500, the maximum number of iterations is 5000, and db5 as the wavelet function.
[image: Figure 6]FIGURE 6 | Decomposition results of wind power by CEEMDAN. (A) Wind power of dataset A. (B) Wind power of dataset B.
[image: Figure 7]FIGURE 7 | Decomposition results of IMF1 by WT. (A) Wind power of dataset A. (B) Wind power of dataset B.
4.3 Evaluation criteria
The evaluation criteria of the forecasting method are used to test the accuracy of the forecasting model. The smaller the value of the evaluation criteria, the better the forecasting performance of the model. In this study, the evaluation criteria are selected as root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE) and square sum of the error (SSE). The expressions are as follows:
[image: image]
[image: image]
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Where N is the number of samples, [image: image] is the true value of wind power, and [image: image] is the forecasting value of wind power.
4.4 Experiment description
Based on the historical wind power, four experiments are established in this paper, and the combined model established is compared with other forecasting models through these four groups of experiments.
4.4.1 Experiment 1
Experiment 1 includes four forecasting models, including SDT-GWO-LSSVM, SDT-GWO-ELM, SDT-GWO-BPNN and Proposed Model. Figure 8 is the comparison of forecasting results of dataset A in Experiment 1, and Figure 9 is the comparison of forecasting results of dataset B in Experiment 1. The pair of evaluation criteria results of Experiment 1 is shown in Table 4, in which the bold part is the forecasting result of Proposed Model.
[image: Figure 8]FIGURE 8 | Comparison of the multi-step forecasting performance of Experiment 1 for dataset A.
[image: Figure 9]FIGURE 9 | Comparison of the multi-step forecasting performance of Experiment 1 for dataset B.
TABLE 4 | Forecasting performance results of each model in Experiment 1.
[image: Table 4]For dataset A, whether it is 1-step or multi-step prediction, the proposed combination forecasting model has excellent performance, and its 1-step, 2-step and 3-step MAPE values are 1.972%, 3.630% and 4.456%, respectively, with the smallest error compared with other prediction models. Taking the three-step prediction results as an example, the MAPE value of the Proposed model de-creased by 0.366%, 0.194% and 0.097% respectively compared with SDT-GWO-LSSVM, SDT-GWO-ELM and SDT-GWO-BPNN.
For dataset B, the proposed model has superior prediction effect. The MAPE values of the 1-step, the 2-step and 3-step are 1.325%%, 2.693% and 3.538% respectively, which has the smallest error compared with other pre-diction models. Taking the 3-step prediction results as an example, the MAPE value of The Proposed model is reduced by 0.333%, 0.463% and 0.205% compared with SDT-GWO-LSSVM, SDT-GWO-ELM and SDT-GWO-BPNN, respectively.
4.4.1.1 Remark
Through the analysis of the prediction results in Experiment 1, no matter dataset A and dataset B, the three single prediction models have good prediction performance. The proposed model combines the advantages of these three single prediction models. In the tests of the dataset A and B, the RMSE, MAE and MAPE values of the proposed model in 1-step, 2-step and 3-step are the smallest. The experimental results show that the proposed model is superior to the single prediction model in multi-step forecasting.
4.4.2 Experiment 2
In experiment 2, EEMD, CEEMDAN, WPD and WT data decomposition methods were respectively used to establish the combined forecasting model and the CEEMDAN-WT secondary decomposition technique combined forecasting model were compared to verify the effectiveness of the proposed model. Figure 10 is the bar chart of the forecasting error of dataset A and dataset B in experiment 3, and Table 5 shows the comparison of the evaluation criteria results of experiment 3. In this experiment, the Nstd value of CEEMDAN is 0.2, the NR value is 500, and the maximum number of iterations is 5000. The standard deviation of EEMD is 0.2 and the ensemble number is set as 100. db5 is the parent wavelet of WPD. db5 is the wavelet function of the wavelet transform.
[image: Figure 10]FIGURE 10 | Comparison of the evaluation criteria of each model of Experiment 2.
TABLE 5 | Forecasting performance results of each model in Experiment 2.
[image: Table 5]For dataset A, in the 1-step to 3-step wind power forecasting, the CEEMDAN-WT secondary decomposition technique combined forecasting model proposed has the best forecasting effect. In the 1-step forecasting, the MAPE values of EEMD, CEEMDAN, WPD and WT were 3.527%, 2.933%, 2.283% and 2.431%, respectively. It can be seen that the forecasting effect of WT was better in the 1-step forecasting. In the 2-step and 3-step forecasting, CEEMDAN combined forecasting had better forecasting performance, and its 2-step and 3-step MAPE values were 4.653% and 5.236%, respectively.
For dataset B, according to the four evaluation criteria, it can be concluded that the proposed combined forecasting model of CEEMDAN-WT secondary decomposition technique still has the best prediction effect among 1-step to 3-step forecasting, and the MAPE values of 1-step, 2-step and 3-step are 1.325%%, 2.693% and 3.538% respectively. In addition, in 1-step and 2-step forecast, WT combined forecasting has better prediction effect, and its MAPE value was 1.662% and 3.542%, respectively; in 3-step forecasting, CEEMDAN combined forecast has better prediction accuracy, and its corresponding MAPE value is 4.442%.
4.4.2.1 Remark
According to the evaluation criteria in experiment 2, it was obvious that for all dataset and forecasting steps, the combined forecasting model of CEEMDAN-WT secondary decomposition technique had the smallest RMSE, MAE and MAPE values. Therefore, it can be concluded that the forecasting performance of CEEMDAN-WT secondary decomposition technique combined forecasting model is better than other data decomposition combined forecasting models.
4.4.3 Experiment 3
Experiment 3 includes four forecasting models, including CEEMDAN-GWO-LSSVM, CEEMDAN-GWO-ELM, CEEMDAN-GWO-BPNN, and Proposed Model. Figure 11 is the chart of the forecasting error of dataset A and dataset B in experiment 3, and Table 6 shows the comparison of the evaluation criteria results of experiment 3.
[image: Figure 11]FIGURE 11 | Comparison of the evaluation criteria of each model of Experiment 3.
TABLE 6 | Forecasting performance results of each model in Experiment 3.
[image: Table 6]For dataset A, in the 1-step forecast, the RMSE, MAE, MAPE and SSE of the proposed model are 0.991, 0.749, 1.972% and 94.331 respectively. The MAPE of the four forecasting models are Proposed Model, CEEMDAN-GWO-ELM, CEEMDAN-GWO-LSSVM and CEEMDAN-GWO-BPNN from low to high, and the MAPE values are 1.972%, 2.984%, 2.989% and 3.353%, respectively. The MAPE values of proposed model in 2-step and 3-step forecasts are 3.630% and 4.456%, respectively. It can be seen that the prediction accuracy of proposed model is the highest among the 1-step, 2-step and 3-step forecasts.
For dataset B, the MAPE values of proposed model are 1.325%, 2.693% and 3.538% in 1-step, 2-step and 3-step predictions, respectively. In the 3-step forecasting, the MAPE value of the proposed model is 1.302%, 1.796% and 0.938% lower than that of CEEMDAN-GWO-LSSVM, CEEMDAN-GWO-ELM and CEEMDAN-GWO-BPNN respectively. The prediction accuracy of proposed model is still better than the other three models.
4.4.3.1 Remark
As can be seen from the results of 1-step, 2-step and 3-step forecasting obtained in Experiment 3, the evaluation criteria of the proposed combined prediction model based on CEEMDAN and WT secondary decomposition is significantly lower than that based on CEEMDAN decomposition.
4.4.4 Experiment 4
Experiment 4 includes several classic machine learning prediction models, including LSSVM, ELM, BPNN, WNN, DBN and Proposed Model. Figure 12 shows the bar chart of prediction error of dataset A and dataset B in experiment 4, and Table 7 shows the comparison of the evaluation index results of experiment 4.
[image: Figure 12]FIGURE 12 | Comparison of the evaluation criteria of each model of Experiment 4.
TABLE 7 | Forecasting performance results of each model in Experiment 4.
[image: Table 7]For dataset A, in all the forecasting steps, the evaluation criteria of proposed model are significantly lower than that of other forecasting models. In the 3-step forecasting, the MAPE values of LSSVM, ELM, BPNN, WNN and DBN are 19.099%, 19.162%, 19.377%, 18.943% and 19.571%, respectively. In comparison, the MAPE value of the Proposed Model is 4.456%, which is reduced by 14.643%, 14.706%, 14.921%, 14.487% and 15.115%, respectively.
For Dataset B, in all the prediction steps, based on the four evaluation criteria used, Proposed Model is still significantly better than other prediction models. The MAPE values of 1-step, 2-step and 3-step are 1.325%, 2.693% and 3.538%, respectively, which has the smallest error compared with other prediction models. Taking the three-step prediction result as an example, the map value of The Proposed model decreased by 10.554%, 11.105%, 11.424%, 10.978% and 10.723%, respectively, compared with LSSVM, ELM, BPNN, WNN and DBN forecasting model.
4.4.4.1 Remark
In Experiment 4, the forecasting results of proposed model and other three forecasting models are significantly different. It can be seen that the combined forecasting model based on secondary decomposition has better wind power forecasting effect than the traditional single forecasting model.
5 CONCLUSION
Short-term wind power forecasting is of great significance to the operation of power system. However, the intermittence, randomness and high volatility of wind power limit the development of wind power. Therefore, it is very necessary to develop an accurate wind power forecasting model. In this study, a combined forecasting model based on secondary decomposition data processing technology and parameter optimization is proposed. Compared with other prediction models, the main contributions of this model are as follows: 1) Three individual prediction models are established, which are SDT-GWO-LSSVM,SDT-GWO-ELM and SDT-GWO-BPNN respectively. The combination forecasting model is established by using GWO algorithm to determine the optimal weight coefficient. In experiment 1, the three single forecasting models are compared with the proposed combination forecasting model, and the results show that the prediction accuracy of the proposed combination forecasting model is better than that of the single forecasting model. 2) Comparing experiment 1 with experiment 3, the prediction accuracy of SDT-GWO-LSSVM,SDT-GWO-ELM and SDT-GWO-BPNN prediction model based on secondary decomposition is improved compared with CEEMDAN-GWO-LSSVM,CEEMDAN-GWO-ELM and CEEMDAN-GWO-BPNN prediction model of single decomposition. It is verified that the use of CEEMDAN and WT secondary decomposition technology to preprocess wind power data reduces the difficulty of prediction, is conducive to better extraction of the characteristics of wind power series, and has a better prediction effect than the traditional single decomposition technology. 3) In experiment 2, the combination forecasting models of other data decomposition methods are compared, and the combination forecasting model based on secondary decomposition proposed in this paper has better prediction performance in data set An and data set B. this shows that the CEEMDAN-WT secondary decomposition strategy is better than other decomposition methods. 4) In experiment 4, the combination forecasting model is compared with several classical prediction models, from the point of view of evaluation criteria, the combination forecasting model is obviously better than other prediction models. Through the analysis of the results of experiment 1, experiment 2, experiment 3 and experiment 4, the prediction error of the proposed combination forecasting model is the smallest. Therefore, the proposed combination model has a broad application prospect in short-term wind power forecasting.
The next research work can be carried out from the following aspects: 1) Adopt relevant strategies to improve the GWO to enhance the optimization ability of the algorithm and improve the prediction performance of the model. 2) More single forecasting models are established to expand the model base, and the artificial intelligence method is adopted to select the optimal single forecasting model to construct the combined forecasting model to enhance the robustness of the combined forecasting model. 3) Adopt a more efficient strategy to select the optimal weight coefficient of the combination forecasting model.
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