









	[image: images]
	Intelligent Automation & Soft Computing
	[image: images]






DOI: 10.32604/iasc.2023.037012

Article

Short-Term Wind Power Prediction Based on Combinatorial Neural Networks

Tusongjiang Kari1, Sun Guoliang2, Lei Kesong1, Ma Xiaojing1,* and Wu Xian1

1School of Electrical Engineering, Xinjiang University, Urumqi, 830017, China
2Anhui Nari Jiyuan Electric Power System Tech Co. LTD, Hefei, 230088, China

*Corresponding Author: Ma Xiaojing. Email: tsj@xju.edu.cn

Received: 19 October 2022; Accepted: 13 December 2022; Published: 23 June 2023

Abstract: Wind power volatility not only limits the large-scale grid connection but also poses many challenges to safe grid operation. Accurate wind power prediction can mitigate the adverse effects of wind power volatility on wind power grid connections. For the characteristics of wind power antecedent data and precedent data jointly to determine the prediction accuracy of the prediction model, the short-term prediction of wind power based on a combined neural network is proposed. First, the Bi-directional Long Short Term Memory (BiLSTM) network prediction model is constructed, and the bi-directional nature of the BiLSTM network is used to deeply mine the wind power data information and find the correlation information within the data. Secondly, to avoid the limitation of a single prediction model when the wind power changes abruptly, the Wavelet Transform-Improved Adaptive Genetic Algorithm-Back Propagation (WT-IAGA-BP) neural network based on the combination of the WT-IAGA-BP neural network and BiLSTM network is constructed for the short-term prediction of wind power. Finally, comparing with LSTM, BiLSTM, WT-LSTM, WT-BiLSTM, WT-IAGA-BP, and WT-IAGA-BP&LSTM prediction models, it is verified that the wind power short-term prediction model based on the combination of WT-IAGA-BP neural network and BiLSTM network has higher prediction accuracy.
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1  Introduction

The consumption of traditional energy sources is increasing every year, which leads to a decrease in storage capacity. At the same time, the consumption of traditional energy sources has brought about many environmental problems, such as the greenhouse effect caused by the emission of CO2, exhausted pollution from cars, and, nuclear waste. Under the dual challenge of energy shortage and environmental crisis, the researchers and utilization of new energy sources have become the focus of global attention, among which wind energy, as a new energy source, has the advantages of abundant storage, non-pollution, and renewable. Therefore, wind power is receiving more and more attention at home and abroad, and all countries worldwide are vigorously developing wind power technology. At the same time, the intermittent, random, and fluctuating nature of wind speed not only limits the integration of large-scale wind power into the grid but also poses many challenges to the safe and stable operation of power systems [1,2]. This poses many challenges to the safe and stable operation of power systems. Accurate wind power forecasting can help to improve the competitiveness of wind power in the electricity market and help the dispatching department to adjust the dispatching plan in time and reduce the cost of wind power generation.

According to industry standards, domestic wind power forecasting is mainly divided into ultra-short-term forecasting and short-term forecasting. Wind power ultra-short-term forecasting is to forecast the wind power output of wind farms from 15 min to 4 h in the future, which needs to update the forecast results dynamically every 15 min, and its prediction time resolution is 15 min, and the single prediction time of ultra-short-term is less than 5 min [3]; wind power short-term forecasting can predict the wind farm output power from zero hours of the next day to 72 h in the future, and its prediction time resolution is 15 min, executed twice a day, and the single calculation time should be less than 5 min. where the historical wind power, wind speed, and wind direction of wind farms in the short term have obvious randomness and volatility [4]. Deep neural networks can adapt to deep mining of nonlinear data information and fully learn the intrinsic correlation information of wind power data. Deep neural networks capture the implied laws of the input information by constructing a multilayer network structure while being able to perform nonlinear changes through complex implied layers as well as fully connected layers to effectively process wind power data and improve prediction accuracy [5].

The wind turbines are under alternating load and stochastic environment for a long time, resulting in the collected wind power data often containing noisy signals, which affects the prediction effect of the prediction model [6]. When the wind power data contains too sever noise sequences, a single prediction model cannot effectively solve the wind power prediction problem [7,8]. Therefore, combined prediction models have attracted much attention and achieved better prediction results. Combined models include neural networks combined with wavelet transform [9], combined numerical weather prediction (NWP) [10], deep learning [11,12], and other models [13,14], among which deep neural networks are the current cutting-edge methods for wind power prediction. Compared with the traditional shallow artificial neural networks, deep neural networks have strong learning ability and generalization abilities for big data, and are capable of mining the internal logical features of the data. Convolutional Neural Networks (CNN) mainly exploits the spatial correlation of high-dimensional features, while RNNs mainly exploit the temporal correlation of serial information [15]. Due to the gradient disappearance of Recurrent Neural Network (RNN), Long Short-term Memory (LSTM) neural network is proposed based on RNN [16]. LSTM solves the gradient disappearance problem of RNN by considering long-range historical data information in prediction. In time-series data prediction, the correlation between the beginning and end of sequence data and the sequence is large, and LSTM can learn the long-term dependence between time series to improve the model prediction accuracy [17]. One LSTM layer can process time series data forward, while a single Bi-directional Long Short-Term Memory (BiLSTM) network can process time series data forward and backward in parallel to find the correlation information within the data and improve the wind power prediction accuracy [18]. In addition, the wind power prediction performance is highly related to critical parameters, such as initial weights and threshold values for back propagation neural networks. Therefore, several optimization algorithm, such genetic algorithm (GA), particle swarm optimization (PSO), Whale optimization algorithm and so on, are often introduced to tune vital parameters and promote prediction accuracy. Genetic algorithm is widely used due to its advantages including impressive adaptiveness, parallel computing and gradient independent. However, genetic algorithms is ape to converge to local optimal. Thus, improve adaptiveness genetic algorithm (IAGA) is established with adaptive cross probability and mutation probability based on sigmoid function. Experimental results revealed by numerous literatures verified the effectiveness of IAGA. In order to tackle disadvantages of existed models and establish an accurate, robust and adaptable wind power prediction model, data preprocessing technique, including data segments, 3σ criterion, data packing and correction, are used to improve historical data quality. Afterwards, back propagation neural network combined with BiLSTM is created to forecast wind power. Moreover, improved adaptiveness genetic algorithm is introduced to tune critical parameter and enhance prediction performance.

The rest of the paper is organized as follows. The reviews of techniques for wind power data preprocessing and mining are described in Section 2. The details of combined neural network-based wind power prediction model is presented in Section 3. The results of prediction models, comparison and discussion are provided in Section 4. At last, Section 5 outlines the conclusion and future directions related to the proposed work.

2  Wind Power Data Processing and Mining

2.1 Wind Power Data Pre-Processing

Due to weather factors, wind speed sensor failures, and downtime maintenance at wind farms, the collected wind power actual measurement data have missing values and abnormal values, which destroy the original internal characteristics of wind power data and affect the accuracy of wind power prediction. Therefore, the historical wind power data are cleaned, and the abnormal data are classified, identified, deleted, and filled.

The Pauta criterion (3-sigma), as one of the anomaly data detection methods, has the advantages of simple calculation and wide applicability. In this paper, the 3σ criterion is used to identify as well as reject the outliers, the basic calculation methods is shown as Eqs. (1) and (2).

σ=1n−1∑i=1n⁡(pi−p¯)2(1)

Pe=|pi−∑i=1n⁡pin|(2)

where pi is the original data of wind power, n denotes the sample number and σ is the standard Deviation. When Pe is larger than 3σ, the data will be regarded as abnormal data and be abandoned.

The Lagrangian interpolation method is used to fill in and correct the missing data [19]. The basic theory for Lagrangian interpolation approach is shown as below:

Given y is (n−1) order polynomial about x; When the random dataset (x1, y1), (x2, y2),…, (xn, yn) is computed by Eq. (3) and the results can be obtained by Eq. (4)

y=a0+a1x+a2x+⋅⋅⋅+anxn−1(3)

{y1=a0+a1x1+a2x12+⋅⋅⋅+anx1n−1y2=a0+a1x2+a2x22+⋅⋅⋅+anx2n−1⋅⋅⋅⋅⋅⋅yn=a0+a1xn+a2xnn2+⋅⋅⋅+anxnn−1(4)

Then, the Lagrangian interpolation method can be obtained as Eq. (5)

L(x)=y1(x−x2)(x−x3)⋅⋅⋅(x−xn)(x1−x2)(x1−x3)⋅⋅⋅(x1−xn)+y2(x−x1)(x−x3)⋅⋅⋅(x−xn)(x2−x1)(x2−x3)⋅⋅⋅(x2−xn)+⋯+yn(x−x1)(x−x2)⋅⋅⋅(x−xn−1)(xn−x1)(xn−x2)⋅⋅⋅(xn−xn−1)=∑i=0n⁡yi∏j=0,j≠in⁡x−xjxi−xj(5)

Since the units and magnitudes are different among different features in wind power prediction. To reduce the adverse effects of unit and magnitude differences on the prediction results, the wind power data are normalized. The normalization formula for wind speed and wind direction is shown in Eq. (6) to improve the wind power data processing and calculation capability of the prediction model.

x=x−xminxmax−xmin(6)

where x is the original data; Xmin is the minimum value of the original data; Xmax is the maximum value of the original data.

The historical power series data are normalized using the standardized values as follows.

P′=PS(7)

where P is the actual power figure; S is the installed capacity.

The wind direction data values for wind farms are from 0 to 360°, and the sine and cosine values of the wind angle are selected and normalized as shown in the following formula.

ysin′=sin⁡y(8)

ycos′=cos⁡y(9)

2.2 Wavelet Decomposition and Reconstruction

Wavelet Transform (WT) is widely used in engineering to form wavelet bases by stretching and translating wavelets. WT can analyze wind speed, wind direction, and historical wind power time series signals in multi-scale refinement, and obtain each sequence of wind power data input signals, which can better solve the contradiction between the time domain and frequency domain resolution [20]. Among them, Daubechies (dbN) series wavelets have better time domain localization analysis and frequency division capability and are often used for detecting and dividing abnormal signals, etc. There are 49 types of dbN series wavelets (db1-db49), and the smaller the order value of wavelet selection, the faster the decomposition speed and the lower the frequency band resolution. dbN selects a larger order value, the slower the decomposition speed and the stronger the frequency band capability [21]. The db3, db4, db5, and db6 can smoothly decompose non-smooth signals, among which the db4 wavelet reconstruction error is relatively small and the optimal number of decomposition layers for the db4 wavelet is 4 [22]. Due to the intermittent, random, and fluctuating nature of wind power signals, to approximate the layer that does not contain interference signals and keep the characteristic frequency band with details to reconstruct the signal, this paper selects a db4 wavelet to decompose the wind power data in 4 layers.

3  Combined Neural Network-Based Wind Power Prediction Model

3.1 Principle of Wind Power Prediction Based on IAGA-BP Neural Network

Artificial Neural Networks (ANNs) have great potential for analyzing non-stationary signals and are capable of handling problems that cannot be explicitly defined. Among them, the Back-Propagation Training network (BP) has self-learning capability and is theoretically capable of approximating any non-linear continuous function with arbitrary accuracy to solve problems with complex internal mechanisms [23]. The BP neural network is constructed for wind power prediction, and its structural model contains an input layer, an implicit layer, and an output layer, as shown in Fig. 1.

(1)   The input processed wind power data is used to calculate the output of each neuron in the implicit and output layers of the network by designing the network structure and the weights and thresholds from the previous iteration. The output H of the implicit layer is calculated based on the input wind speed, wind direction, the connection weights w1 between the input and implicit layers, and the threshold a of the implicit layer.

(2)   The impact of each weight and threshold on the total error is calculated from the output layer forward, which is used to correct the weights and thresholds in the output and implicit layers. Based on the wind power prediction value O of the BP neural network and the actual output power value Y of the wind turbine, the network prediction error e is calculated, and then the weights w1, w2, and thresholds of the BP neural network are updated according to e.
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Figure 1: Basis structure of back propagation neural network

BP neural network for wind power prediction, the model parameters tend to fall into local minima and not get the global optimum. Genetic Algorithm (GA), formed by biological evolution and genetics, has the advantages of excellent adaptiveness, parallel processing and no dependence on gradients, but GA tends to fall into local optimum prematurely. Therefore, the GA is improved by adaptively changing the crossover probability value pc and variation probability value pm through the sigmoid function. When the population diversity is poor, increase pc and pm to improve the variation probability of inferior individuals and produce more superior individuals; when the population diversity is high, decrease pc and pm to improve the superior individuals of the population, so that the population can obtain the global optimum value. The BP neural network is optimized using the Improved Adaptive Genetic Algorithm (IAGA), which optimizes the initial weights and thresholds of the BP neural network to find the optimal individuals of the population. The WT-IAGA-BP neural network modeling process is shown in Fig. 2.
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Figure 2: Flowchart of WT-IAGA-BP Wind power prediction model

3.2 Principles of BiLSTM-Based Wind Power Prediction

The Long Short-Term Memory (LSTM) model was devised by Hochreiter et al. To overcome the gradient disappearance of RNN networks, input gates, output gates, and forgetting gates were introduced into the neurons to control the state variables of LSTM neurons. The introduction of logic gates captures the temporal correlation characteristics of data signals, enables a long time effective data storage and acquisition, and avoids the gradient vanishing of RNN networks. The unidirectional LSTM network can process time series data forward, while the Bi-directional Long Short-Term Memory (BiLSTM) network can process time series data forward and backward in parallel. As wind power data is time-series data, the bi-directional nature of the BiLSTM network enables the deep mining of correlation information between time-series wind power data and the search for implied regular relationships between the input data. The BiLSTM network structure is shown in Fig. 3.
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Figure 3: Basic structure of BiLSTM network

The forward layer is connected to the output layer together with the backward layer, sharing the weights w1, w2, w3, w4, w5, and w6. When the network layer is computed forward, the forward layer is computed forward from moment 1 to moment t and the output of the backward hidden layer is stored at each moment. In the reverse direction, the backward layer is computed backward along moment t to moment 1 and the output of the backward implicit layer is stored at each moment. Finally, the outputs of the forward and backward layers are combined to output the final predictions of the model.

The implied layer state ht→ of the forward LSTM network at moment t of the BiLSTM is calculated from the state ht−1→ at moment t−1, as shown in Eq. (10).

ht→=f(w1xt+w2ht−1→)(10)

where ht→ is the implied layer state of the forward LSTM network at moment t; xt is the input at moment t, and ht−1→ is the implied layer state of the forward LSTM network at moment t−1.

The implied layer state ht← of the BiLSTM at moment t of the inverse LSTM network is calculated from the state ht−1← at moment t−1, as shown in Eq. (11).

ht←=f(w3xt+w5ht−1←)(11)

where ht← is the hidden layer state of the inverse LSTM network at time t;ht−1← is the hidden layer state of the inverse LSTM network at time t−1.

The final neuronal output, is shown in Eq. (12).

ot=g(w4xt+w6ht′)(12)

where ht′ is the overall hidden state of the network.

3.3 Principles of Wind Power Prediction Based on the Combination of WT-IAGA-BP and BiLSTM

The main steps of the wind power short-term prediction based on the combination of WT-IAGA-BP and BiLSTM are as follows. The structure of the wind power short-term prediction model based on the combination of WT-IAGA-BP and BiLSTM is shown in Fig. 4.

(1)   The original data is first cleaned to remove abnormal data values and fill in the missing data, thus improving the accuracy of the prediction model. At the same time, the wind power data is normalized to improve the efficiency of the model operations.

(2)   Due to the randomness, volatility, and intermittency of wind power data, compared with the direct use of raw data for wind power prediction, the wavelet decomposition can fully extract the time domain signal and frequency domain signal in a given time series, which has a strong signal characterization capability and improves the model prediction accuracy. Therefore, dbN wavelets are used to carry out wavelet decomposition of wind power data, the number of layers of decomposition is selected, and the decomposed high and low-frequency signals are finally obtained. Among them, the low-frequency signal sequence responds to the wind power variation trend, and the high-frequency signal sequence responds to the high-frequency characteristics of wind speed, humidity, temperature, air pressure, wind direction, and other climatic factors.

(3)   The asymmetric IAGA-BP neural network and BiLSTM network models are selected for the prediction of data at different frequencies. The parameters of the asymmetric IAGA-BP neural network and the BiLSTM network model are adjusted according to the specific decomposition data characteristics, and the BiLSTM network is optimized using Adam. The Dropout strategy is also used in the BiLSTM deep network model. As too many parameters such as the number of hidden layers, the number of neurons in the hidden layer, and the weights of the deep neural network model can easily lead to overfitting, the Dropout strategy is used in the BiLSTM deep network model to randomly select nodes to modify the structure of the neural network itself, to improve the generalization power of the model and avoid overfitting [24–26].

(4)   Based on the simulation results of the prediction model, the optimal parameters of the combined model are found. The prediction values of each series are back-normalized and the series model with high prediction accuracy is selected for the adaptive weight combination according to the prediction accuracy of each time-series data. The prediction results are also reconstructed to obtain the wind power values at the predicted time points.
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Figure 4: Flowchart of WT-IAGA-BP neural network and BiLSTM network combined model

The output power of wind turbines is mainly affected by the wind speed and wind direction of the wind farm, which requires wind speed and wind direction meteorological information as well as historical wind power as input. Xt=[xtv, xtd, xt, xt−1,…, x2, x1] (t∈[1, n]), xtv, xtd, xt are the wind speed, wind direction, and power at time t. YBP=[y1i,y2i,y3i,…,yni] is the wind power predicted output by WT-IAGA-BP neural network, while YBL=[y1j,y2j,y3j,…,ynj] is the wind power predicted output by the BiLSTM network. To reduce the prediction error of the combined model, the adaptive weighting method is adopted to combine the models. The weighting module obtains the final wind power prediction value Y by assigning different weights adaptively to the wind power forecasted outputs of different prediction models and by linearly summing YBP and YBL, and the final predict value is Y=[y1,y2,y3,…,yn]. The adaptive combination weights are calculated as shown in(13)–(15).

Y1=α1YBP(13)

Y2=a2YBL(14)

Y=Y1+Y2(15)

where α1 and α2 are the weight matrices of different predict models, and the optimal values of α1 and α2 are obtained during the training process of the combined prediction model.

The weight matrix can be computed by formula shown in Eqs. (16) and (17).

E=1n∑t=1n⁡|yt−y^tyt|(16)

ah=|1Eh|∑h=1m⁡|1Eh|(17)

where yt represents the actual wind power at time t and y^t is the predicted wind power at time t. besides, Eh denotes the MAE value of the h-th sequence for forecasting model and ah is the combined weight of the h-th sequence.

4  Simulation Experiments

4.1 Raw Data Processing

This paper takes the Sotavento wind farm in Spain, with a total installed capacity of 17.56 MW, as the research object, and collects some historical data on the wind farm, including wind speed, wind direction, and historical wind power data of the wind farm. The sampling interval of the wind power historical data was 10 min, and the sampling points of the first 12 days of the data (1∼1728) were taken to construct the training samples; the sampling points of the last 3 days of the data (1729∼2160) were used for the prediction samples. As the wind power of the wind farm was predicted, the wind farm power generation collected every 10 min was multiplied by 6 to convert the wind power data.

Daubechies (dbN) series wavelets have better time domain localization analysis and frequency splitting capability and are commonly used for detecting and splitting abnormal signals, etc. The decomposed signal has better smoothness than other wavelet decompositions. The wavelet decomposition is carried out on the original wind speed, wind direction, and power data, and different wavelet functions and decomposition layers are selected for the wavelet decomposition, and the signal reconstruction errors are shown in Table 1.

[image: images]

It can be seen from Table 1 that the MAE value will get greater with the increase of layers and different decomposition methods supply different MAE values at different layers. To be specific, though db3, db4, db5, and db6 can smoothly process the decomposition of non-smooth signals, but the reconstruction error of the db4 wavelet is the least among all methods. Therefore, the optimal layer number of decomposition is the layer 4 of the db4 wavelet. In short, layer 4 of the db4 wavelet is chosen to decompose the wind power data to effectively extract the implied feature signals of wind power data at each frequency and reduce the influence of wavelet reconstruction error on the prediction accuracy.

4.2 Model Evaluation Metrics

Wind power forecasts deviate from the actual values, and the magnitude of the error provides a basis for judging the merits of the forecasting model. To study the effect of wind power prediction, Mean Absolute Error (MAE), Root Mean Square Error (RMSE), coefficient of determination (R2), and Maximum Absolute Error (MAE) are used as evaluation indicators. MAE represents the mean of absolute error between predicted and actual values, as shown in Eq. (18). RMSE is the standard deviation of the residuals between the predicted and true values. When the curve fits the data, the smaller the RMSE value, the better the performance of the prediction model, as shown in Eq. (19). R2 indicates the degree of correlation between the two variables. The closer the R2 is to 1, the better the fitted regression effect and the stronger the correlation, as shown in Eq. (20).

MAE=∑i=1n⁡|XSi−XYi|n(18)

RMSE=∑i=1n⁡(XSi−XYi)2n(19)

R2=∑i=1n⁡(XYi−XYp)2∑i=1n⁡(XSi−XSp)2(20)

where XSi, XYi are the measured and predicted wind power at the ith sampling point, respectively.XSP,XYP are the mean measured and predicted power, respectively; n is the number of predicted samples.

Due to the different datasets used in the forecasting models in the literature, it is not easy to compare the forecasting effects of different models. To facilitate a comparison of the effects of the combined forecasting models proposed in this paper, the Normalised Mean Absolute Error (NMAE), as shown in Eq. (21), and the Normalised Root Mean Square Error (NRMSE) were used to evaluate the forecasting effects, as shown in Eq. (22).

NMAE=∑i=1n⁡|XSi−XYi|n×100P%(21)

NRMSE=∑i=1n⁡(XSi−XYi)2n×100P%(22)

where P is the installed capacity of the wind farm.

4.3 Analysis of Experimental Results

To verify the effectiveness of wind power short-term prediction by combining WT-IAGA-BP with BiLSTM, single model LSTM, BiLSTM, WT-LSTM, WT-BiLSTM, WT-IAGA-BP, and combined WT-IAGA-BP and LSTM models were used for comparison. In this paper, the BiLSTM parameters are set as shown in Table 2 through extensive experiments and the characteristics of each frequency signal.
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The db4 wavelet was used to decompose the historical data Wt, Dt, Pt, and the predicted moment data Wt+1 and Dt+1 in 4 layers, and the subseries of the 4-layer (a4, d1, d2, d3, d4) decomposition were used in turn to construct the WT-LSTM, WT-BiLSTM, WT-IAGA-BP, WT-IAGA-BP, and LSTM combined prediction models, WT-IAGA-BP and BiLSTM combined prediction models so that they predict the wind power of the subseries after the 4-layer decomposition of the db4 wavelet, and then the wind power of each of the 4-layer (a4, d1, d2, d3, d4) subseries predicted by WT-LSTM, WT-BiLSTM, and WT-IAGA-BP are superimposed separately. WT-IAGA-BP and LSTM combined model, WT-IAGA-BP with BiLSTM combined model requires the combination of the predicted subsequences by adaptive weights and the superposition of the combined sequences. Meanwhile, the LSTM and BiLSTM models were used for comparison to obtaining seven wind power prediction results, as shown in Fig. 5.

[image: images]

Figure 5: Comparison of wind power prediction results with different models

In the whole process of wind power prediction, compared with the single models LSTM, BiLSTM, WT-LSTM, WT-BiLSTM, WT-IAGA-BP, and the combined model of WT-IAGA-BP and LSTM, the wind power short-term prediction model based on the combination of WT-IAGA-BP and BiLSTM can track the wind power in time, and the predicted wind power values are closer to the actual values and the prediction system is more stable. To minimize the overall error, the combined neural network-based prediction model tends to be more stable than the single prediction model. In the case of sudden changes in wind power, combining the results of each series predicted by the WT-IAGA-BP model and BiLSTM model with adaptive weights, as well as reconstructing the combined subsequence, will effectively reduce the fluctuation of wind power prediction values. The wind power prediction curves of the combined models are smoother than those of the single models, and there is no abrupt change in the prediction errors at the prediction time points. The combined prediction models are important for improving the wind power consumption capacity and ensuring the safe operation of the grid. The statistical values of the error indicators for each prediction model are shown in Table 3.
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After data cleaning, to evaluate the short-term prediction effect of the combined WT-IAGA-BP and BiLSTM model, the prediction evaluation indexes of db4 decomposed into 4 layers were calculated. From Table 2, it can be seen that the MAE and RMSE of WT-LSTM increased by 4.41% and 0.64%, respectively. Compared with LSTM, NMAE and NRMSE of WT-LSTM increased by 0.25% and 0.03%, respectively, and R2 decreased by 5.56%. Compared with BiLSTM, the MAE and RMSE of WT-BiLSTM increased by 8.54% and 4.02%, NMAE and NRMSE increased by 0.49%, 0.23%, R2 decreased by 6.63%, and the maximum absolute error decreased by 0.4122 MW. Comparing the prediction results, wavelet decomposition prediction can reduce the maximum error of prediction and improve the stability of the prediction model. At the same time, Adam’s algorithm can effectively optimize the BiLSTM network, so that BiLSTM can fully learn the correlation information between wind power data. The Dropout strategy can avoid overfitting the BiLSTM prediction model during the training of the BiLSTM prediction model.

When compared to WT-LSTM, the MAE and RMSE of the combined model of WT-IAGA-BP and BiLSTM decreased by 24.64% and 35.44%, NMAE and NRMSE decreased by 1.40% and 2.02% respectively, R2 increased by 17.24% and the maximum absolute error decreased by 1.6147 MW. When it comes to theWT-BiLSTM, the MAE and RMSE of the combined model of WT-IAGA-BP and BiLSTM decreased by 10.67% and 18.61%, NMAE and NRMSE decreased by 0.60% and 1.06% respectively, R2 improved by 10.52%, and the maximum absolute error decreased by 1.1545 MW. The MAE and NMAE of the combined model of WT-IAGA-BP and BiLSTM decreased by 3.84% and 2.02% respectively compared with WT-IAGA-BP, respectively. While RMSE, NRMSE, and R2 improved by 2.50%, 0.14%, and 1.03%, respectively, and the maximum absolute error decreased by 0.0132 MW. While MAE, RMSE and R2 of the combined model of WT-IAGA-BP and BiLSTM is better than that of WT-IAGA-BP& LSTM
9.36% and 12.67%, and R2 increased 0.5%, respectively. The results show that the combined prediction model based on WT-IAGA-BP and BiLSTM can overcome the limitations of a single model and improve the stability and accuracy of the prediction model during sudden changes in wind power.

The above simulation results and analysis show that the establishment of a short-term wind power prediction model based on the combination of WT-IAGA-BP and BiLSTM has a stable global optimization finding capability, which can effectively reduce the volatility of the prediction system and provide accurate wind power prediction. Compared with LSTM, BiLSTM, WT-LSTM, WT-BiLSTM, WT-IAGA-BP, and the combined WT-IAGA-BP and LSTM model, the prediction stability and accuracy of the combined WT-IAGA-BP and BiLSTM prediction model are substantially improved, and its prediction results are optimal. When the wind power changes, the prediction results of each series of the WT-IAGA-BP model and BiLSTM model are combined by adaptive weights, and the combined subsequence is reconstructed, which can effectively reduce the fluctuation of the wind power prediction value of the single model. The wind power short-term prediction model based on the combination of WT-IAGA-BP and BiLSTM can better track wind power, minimize the scale of deviation of the predicted value from the true value and maintain high prediction accuracy. It provides a new solution for the short-term prediction of wind power, and at the same time provides a theoretical basis for power generation planning, peak and frequency regulation, and tide optimization.

5  Conclusion

To improve the prediction accuracy, this paper proposes a combination of WT-IAGA-BP and BiLSTM for the short-term prediction of wind power. Firstly, IAGA is introduced to optimize the BP neural network weights and thresholds to avoid the BP neural network weights and thresholds falling into local optimum. Secondly, the db4 wavelet is used to decompose the wind power data in 4 layers to filter the noise signals in the data. Then, the BiLSTM network was used to fuse the multimodal data using the bi-directional nature of the BiLSTM, and the BiLSTM was optimized using Adam. At the same time, the Dropout strategy was applied to avoid overfitting of the BiLSTM, and the adaptive weights were used to combine the single model prediction results. Finally, simulation analysis is performed and compared with LSTM, BiLSTM, WT-LSTM, WT-BiLSTM, WT-IAGA-BP, WT-IAGA-BP & LSTM prediction models. The experimental results show that the combined wind power short-term prediction model based on WT-IAGA-BP and BiLSTM avoids the over-learning of deep learning in the case of poor data quality, and can overcome the prediction errors caused by the non-linearity, uncertainty, and randomness of traditional prediction models. The model proposed in this paper has stronger robustness and adaptability, and its prediction accuracy is higher, which can provide a theoretical basis for improving the level of wind power consumption and ensuring stable grid operation. However, the WT-IAGA-BP neural network and BiLSTM network prediction models are built separately using sequence data of different frequencies after wavelet decomposition, which increases the complexity and computational power of the combined model structure and reduces the training efficiency of the model.
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Table 1: MAE of wind power reconstructed by different wavelet functions

Layer number  db3(107°)  db4(10"%)  db5(10"°)  db6(107)

Layer 2 0.1607 0.0293 0.4480 0.0313
Layer 3 0.2547 0.0465 0.7176 0.6917
Layer 4 0.3537 0.0665 0.1015 1.0816
Layer 5 0.4477 0.0832 0.1241 1.3688

Layer 6 0.4941 0.0843 0.1431 1.5748
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Table 3: Comparison of performance indices of each prediction model

Models MAE (MW) RMSE (MW) NMAE (%) NRMSE (%) R2 Maximum absolute
error (MW)

LSTM 0.8215 1.2021 4.68% 6.85% 0.8194 5.2731

BiLSTM 0.6406 1.0000 3.65% 5.69% 0.8973 5.1063

WT-LSTM 0.8656 1.2085 4.93% 6.88% 0.7638 5.1543
WT-BIiLSTM 0.7260 1.0402 4.13% 5.92% 0.8310 4.6941
WT-IAGA-BP 0.6577 0.8291 3.75% 4.72% 0.9259 3.5528
WT-IAGA-BP 0.7129 0.9808 4.06% 5.59% 0.9312 3.8766

& LSTM

WT-IAGA-BP 0.6193 0.8541 3.53% 4.86% 0.9362 3.5396

& BILSTM
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Table 2: Parameter settings for BILSTM network

Parameter name

Numerical values

Parameter name

Numerical values

Fully-connected layer

Number of dropout
layers

Number of BiLSTM
layers

Number of layers of
BiLSTM

Fully-connected layer
Activation functions

3
2
2
64; 12

40; 20; 1
Number of implied layers

Maximum number of
iterations

Initial learning rate
Gradient threshold

Mini-batch size

Sequence length
Shuffle

100

0.005

12

longest
every-epoch
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