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Abstract: Effective technology for wind direction forecasting can be realized using the recent advances in machine learning. Consequently, the stability and safety of power systems are expected to be significantly improved. However, the unstable and unpredictable qualities of the wind predict the wind direction a challenging problem. This paper proposes a practical forecasting approach based on the weighted ensemble of machine learning models. This weighted ensemble is optimized using a whale optimization algorithm guided by particle swarm optimization (PSO-Guided WOA). The proposed optimized weighted ensemble predicts the wind direction given a set of input features. The conducted experiments employed the wind power forecasting dataset, freely available on Kaggle and developed to predict the regular power generation at seven wind farms over forty-eight hours. The recorded results of the conducted experiments emphasize the effectiveness of the proposed ensemble in achieving accurate predictions of the wind direction. In addition, a comparison is established between the proposed optimized ensemble and other competing optimized ensembles to prove its superiority. Moreover, statistical analysis using one-way analysis of variance (ANOVA) and Wilcoxon’s rank-sum are provided based on the recorded results to confirm the excellent accuracy achieved by the proposed optimized weighted ensemble.
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1  Introduction

Wind energy is intermittent and unpredictable; therefore, increasing wind power absorption into power grids may significantly impact the safe operation of power systems, and the quality of the electricity generated [1,2]. This is due to the amount of wind energy generated being proportional to the speed of the wind. Consequently, designing and implementing an effective wind velocity prediction system may improve the security and safety of power systems that include a large proportion of renewable energy sources [3]. Wind energy is a vital low-carbon energy technology that cannot be ignored. It can offer a long-term energy supply and serve as a critical component in the design of intelligent metering for micro-grids [4].

The evaluation of wind speed prediction confusion provides a comprehensive reference to aid in the operation of power systems [5,6]. Bayesian, delta, and bootstrap probabilistic forecasting techniques are examples of conventional probabilistic forecasting methodologies [7,8]. Constrained data partitioning, massive processing loads, and implementation issues all impede the adoption of these systems due to the tight limits. Several techniques, including quantile regression, kernel density forecasting, and the Gaussian process, have been used to generate prediction intervals (PIs); nevertheless, the ways used to create PIs require complex mathematical calculations or rely on accurate predicting results [9].

Wind energy has attracted the attention of many governments throughout the globe as a source of clean, sustainable, and renewable energy [10,11]. It is seen to improve air quality, reduce greenhouse gas emissions, and reduce dependence on fossil fuels. Wind turbine technology has advanced simultaneously, spurred on by the rise of new industries, and is now considered to be one of the most promising alternative energy power generation alternatives for economic growth [12]. This technique has significantly decreased the issue of a traditional energy shortage, has repaired the fundamental defects in the original energy structure, and has dramatically improved the overall performance of the environmental system.

Wind energy is used in various applications across the globe, including grid-connected and off-grid systems. Consequently, numerous countries have included it in their long-term electricity production plans [13]. However, as the technology of the wind energy company progresses, the company will have to deal with several vital obstacles. Considering that wind speed is erratic, difficult to predict, and unpredictable, the inconsistent volatility of airspeed will also add to the instability of wind power [14]. Despite all the advantages of renewable energy, wind speed is very variable due to its stochastic, discontinuous, and non-stationary nature [15], which makes it difficult to predict. As a result of these qualities, wind energy is a problematic renewable energy source to study [16].

The development of sufficiently exact wind power prediction models, as a result, would play a critical role in lowering the incidence of expensive limits and regulations, as well as boosting the stability of wind power operations [17]. A variety of solutions have been developed in recent years to address the issues raised earlier in the discussion of wind modeling. These solutions are classified as follows [18]: physical prototypes-based models, traditional statistical-based models, machine learning-based models, and hybrid AI-based models.

Several essential publications are worth noting in the literature, and they all indicate the necessity for a new wind speed forecasting technology to be developed. On the other hand, the traditional methodologies are unable to provide sufficient forecasts because of the chaotic characteristics and significant variability of wind series data. Because of their considerably enhanced prediction accuracy, artificial neural networks [19] have risen in prominence as a means of overcoming this difficulty. According to the conclusions of extensive testing, testing data and statistical analysis demonstrate that DNR may achieve exceptionally competitive wind velocity forecasting results compared to other cutting-edge prediction systems.

Accurate and thorough short-term wind speed prediction is a significant problem for integrating wind turbine power generation into the electrical grid. To solve the difficulty of defining the set of parameters and attaining accurate prediction performance for wind speed prediction randomized forest, authors in [20] employed an updated fruit fly optimization approach to optimize the wind parameters. Experiments have shown that the combination model has superior prediction performance than other techniques, demonstrating the method’s applicability in parameter estimation [21]. On the other hand, wind speed’s yearly and variable characteristics make forecasting problematic. To improve the accuracy of wind speed predictions, a hybrid deep learning evolutionary technique was developed in-house and presented in [15]. This approach provided a short-term stochastic prediction technique of airspeed using nonlinear regression analysis based on evolutionary absolute shrinkage and selection controllers as well as integrated criteria to improve the efficacy of the PIs [22] to improve their effectiveness.

This study contributes to developing a one-of-a-kind hybrid model capable of accurately forecasting future wind speeds [23]. This study split the principal wind speed data set into several sub-series using the rapid decomposition technique analysis, which was then integrated using the runs test. The non-linear features of wind speed data can be captured appropriately by the hybrid model that has been proposed. A short-term wind speed forecasting strategy based on a combination of wind speed information extraction and classification approaches was provided in this study [24]. The wind speed is determined by integrating wavelet transformation with correlation and other techniques. The advanced method is then used to optimize the computational model to boost the accuracy of the predictions. The data show that the recommended solution exceeds existing prediction techniques when it comes to accuracy. There have been numerous optimization algorithms developed and applied to various engineering problems, including the Stochastic Paint Optimizer [25], Whale Optimizer [26], Arithmetic Optimization Algorithm [27], Moth-flame Optimizer [28], Aquila Optimizer [29], Reptile Search Algorithm [30], Water Strider Algorithm [25], and Crystal Structure Algorithm [31].

In this paper, we propose a novel approach for predicting the optimizing the parameters of ensemble models using whale optimization algorithm (WOA), which is guided by particle swarm optimization (PSO); which is referred as (PSO-Guided WOA) in the text. To evaluate the effectiveness of the proposed approach, the wind forecasting problem is employed as a case study. In addition, the proposed model is compared with the traditional approach of ensemble models and the other literature approaches that are used in parameter prediction to emphasize the superiority of the proposed approach.

The organization of this paper comes as follows. The dataset and the proposed model are presented and explained in Section 2. The conducted experiments are presented and discussed in Section 3 including the comparisons with other competing approaches. Then, Section 4 examines the conclusions and future perspectives.

2  The Proposed Methodology

In this section, the methodology proposed to optimize the parameters of ensemble models using PSO-Guided WOA is presented and discussed. For further evaluation of the proposed approach, the dataset of wind forecasting is employed as a case study. Therefore, this section starts with presenting the dataset, then discusses the proposed approach’s main components.

2.1 Dataset

The approach presented in this paper is evaluated in terms of the freely available dataset entitled “Global Energy Forecasting Competition 2012 - Wind Forecasting,” which is published on Kaggle [32]. This dataset is used to predict hourly power generation at seven wind farms for the upcoming forty-eight hours. The description of the dataset features is presented in Tab. 1. As shown in the table, the dataset is composed of seven features namely, Date, Hors, Temp, Hum, V, WS, and WD.
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The values of the dataset are normalized for the wind farms not to be recognized. Fig. 1 depicts the correlation between the dataset features. From this figure, we can note that there is high correlation between the wind direction and the temperature. The other features are also correlated with wind direction but in different degrees. In this paper, we target predicting the values of the wind direction using a novel approach based on optimizing the weights of an ensemble model using the recently emerged PSO-Guided WOA.
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Figure 1: The correlation matrix for the wind dataset features

As the proposed model targets predicting the wind direction features in the wind dataset, as a case study, Fig. 2 shows the histogram of this feature. As shown in the figure, there are four values of the wind directions having many records in the dataset. On the other hand, the records of the dataset have almost all the potential values of but with different counts. This represents a challenge in predicting the direction of the wind accurately given the other features of the dataset.
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Figure 2: Histogram of the wind direction in the wind dataset

2.2 Decision Tree Regression

Decision tree is a non-parametric machine learning model that is uses a tree structure to learn the inherent relationship between the independent and dependent variables in the given dataset. In this approach the set of records in the dataset is split into smaller subsets. While the split operation is running a decision tree is built incrementally. This results in decision tree composed of decision and leaf nodes. Each node consists of two branches, each represents a value of the tested feature. This approach can be used for both prediction and classification tasks. In this paper, decision tree regression is used to predict the wind direction based on the features of the given dataset.

2.3 Multi-Layer Neural Network Regression

The neural networks approach is a widespread approach that can be used for both prediction and classification. This approach simulates the human brain in which the information is processed based on a set of activation functions. A set of linked processing units called neurons is used to build the neural network to solve tandem issues. The multi-layer neural network is a type of neural network consisting of a set of layers, each of which is composed of a set of neurons. These layers are referred as input, hidden, and output layers. These layers help in learning the complex functions and interleaved relationships between the dependent and independent variables. In this paper, a multi-layer neural network, which is also referred as multi-layer perceptron (MLP), is used as part of the proposed optimized ensemble model. The structure of MLP used in this paper consists of one input layer, one hidden layer, and one output layer. The weighted sum at each node of the hidden and output layers is calculated as follows:

Sj=∑i=1nwijXi+βj(1)

where wij represents the weights of the connections among the network layers, Xi denotes the input vectors, and βj refers to the bias associated to each neuron. This weighted sum is used to produce the output of the neuron by means of activation function. In this paper, the sigmoid activation function is employed and calculated as follows:

fj(Sj)=11+e−Sj(2)

The final predicted output of the network can be measured using the following equation:

Yk=∑j=1mwjkfj(Sj)+βk(3)

2.4 Support Vector Regression

Support vector regression (SVR) approach has been developed based on the concept of support vector machines (SVM). This approach can achieve a good prediction and regression performance, resulting in a proper handling of the overfitting challenge. SVR has the same behavior as SVM in case of non-linear data. In this case, SVR employs a kernel to maximize margin of the training data. After training the SVR model using the input features represented by Xi, and the target variable represented by Yi, the resulting predictions can be obtained using the following equation:

Y^=∑n=1N(αn−αn^)K(Xn,X)+b(4)

where αn and αn^ are the Lagrange multipliers, K(Xn,X) is the kernel function and b is the bias factor. The role of the kernel function is to transform the data from the low dimension to a high dimension to make it linearly separable. In the literature, there are various types of kernels. This paper adopted the radial basis kernel function for performing the high-dimensional feature space tasks.

2.5 Random Forest Regression

Random forest (RF) is a modified version of decision trees, in which a group of trees is employed to learn the relationship between the dataset features. In addition, a set of randomly chosen predictors is analyzed to select the best predictor at each node of the tree. Therefore, the operation of random forest depends on two variables: the number of trees in the random forest and the size of the set of randomly chosen predictors at each node. To improve the generalization accuracy and reduce the potential overfitting, random forest utilizes the bagging approach based on bootstrap aggregation. In this paper, we employed random forest for predicting the wind direction of the wind dataset as an individual regressor and in conjunction with an ensemble model. The developed regression tree fn is trained on the wind dataset represented by Xn (the input features) and Yn (the target wind direction) for n = 1…N regression trees. After training the random forest, the final prediction of the wind direction, Y^, is achieved by averaging all the predictions of each regression tree. This is calculated using the following equation:

Y^=1N∑n=1Nfn(Xn)(5)

2.6 The Proposed Optimized Ensemble Model

The proposed optimized ensemble model is depicted in Fig. 3. As shown in the figure, four regressors are employed to predict the wind forecasting dataset’s wind direction. These regressors are decision tree (DT), MLP, SVR, and RF. The performance and accuracy of these regression models are variable; therefore, we propose optimizing a set of weights representing the contribution of each regression model in the final decision of the predicted wind direction. In this paper, we adopted the PSO-Guided WOA to optimize the weight vector which consists of four weights: one for each regression model. In Fig. 3, W1 represents the optimized weight of the DT regression model, W2 represents the optimized weight of the MLP regressor, W3 represents the optimized weight of the SVR regressor, and W4 represents the optimized weight of the RF regression model. Once the optimized weights are calculated for the four models, the final prediction of the wind direction is calculated using the average of the ensemble. The output, Y^k, of the ensemble model is represented by the following equation:

Y^k=14∑i=14Ri(Xk)×Wi(6)

where Ri(Xk) represents the output of the regressor, i, based on the input features Xk, and Wi represents the optimized weight of the regressor i.
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Figure 3: The proposed optimized ensemble model for wind direction prediction

2.7 Ensemble Model Optimization Using PSO-Guided WOA

One of the most efficient optimization algorithms in the literature is the wolf optimization algorithm (WOA). However, this algorithm suffers from one shortage: low exploration capability. Therefore, the guided WOA is then developed to alleviate the performance of the original WOA by updating the search strategy using PSO algorithm. The key idea of the guided WOA is to move the agents in the direction of the best solution with the help of a set of agents instead of one agent. The optimization algorithm is initially initialized Then, the evaluation of a fitness function is performed for each solution in the population. Consequently, the best agent can be determined by the optimization algorithm based on the value of the best fitness. The full operation of the optimization algorithm starts with splitting the group of agents into two subsets, namely exploration and exploitation subgroups, as shown in Fig. 4. The main role of the exploration agents is to explore the space around the best solutions found by the exploitation agents. On the other hand, the role of the exploitation agents is to look for the move the model towards the best solution. The initial population of agents is split into 50% of them as exploration agents and 50% as exploitation agents, then during the optimization process, the agents can change their role dynamically.

PSO algorithm is used to guide the movements of the agents toward the best solution in the search space. This could result in enhancing the exploration process. The following equation is used to guide the agents of the exploration group based on three leading agents.

X→(t+1)=w1→∗X→rand1+z→∗w2→∗(X→rand2−X→rand3)+(1−z→)∗w2→∗(X→−X→rand1)(7)

where X→rand1,X→rand2 and X→rand3 represent the three random solutions. In addition, the value of w1→ is updated by the values in the range [0,0.5], and the values of w1→ and w2→ are updated using values in the range [0,1]. The agents in the exploitation group can be changed to agents in the exploration group and vice versa by means of the exponential decreasing of the term z→ using the following equation.

z→=1−(tItermax)2(8)

where t represents iteration number, and the maximum number of iterations is represented by Itermax. For more details about the PSO-Guided WOA, please refer to [1].
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Figure 4: The exploitation and exploration of the PSO-Guided WOA algorithm [1]

3  Experimental Results

A set of experiments were conducted to evaluate the proposed model and comparing it with the other competing models recently published in the literature. These models are MLP, DT, SVR, and RF. The evaluation of the proposed model is performed in terms of the metrics presented in Tab. 2. These metrics are root mean error (RMSE), mean absolute error (MAE), mean bias error (MBE), Pearson’s correlation coefficient (r), coefficient of determination (R2), Relative RMSE (RRMSE), Nash Sutcliffe Efficiency (NSE), determine agreement (WI), where N is the number of observations in the dataset; Vn^ and Vn are the nth estimated and observed wind direction values, and Vn^¯ and Vn¯ are the arithmetic means of the estimated and observed values.

A set of experiments were established and evaluated to measure the performance of the proposed approach. These experiments were categorized into 3 groups. The first group of experiments predicts the wind direction of the wind forecasting dataset using each of the four regression models, described in the previous section, separately. The second group of is based on utilizing the ensemble model but with optimizing the weight parameters using four optimizing techniques namely, PSO, WOA, genetic algorithm (GA), and gray wolf optimizer (GWO). The third group of experiments is based on utilizing the proposed model in which the weights of the ensemble model are optimized using the PSO-Guided WOA. In the following, we discuss the results achieved by these group of experiments.

Tab. 3 presents the recorded measurement of the evaluation criteria listed in Tab. 2 based on the separate application of the four regression models along with the average ensemble, optimized ensemble using RF, and the optimized ensemble using PSO-Guided WOA (proposed). As shown in the table, the proposed model could achieve the best performance in terms of the full list of evaluation criteria.
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To measure the efficiency of the proposed model with comparison to the other approaches used in optimizing the weights of the ensemble mode, Tab. 4 presents a statistical analysis for the achieved results. Based on this analysis, it can be noted that the proposed model could achieve the best prediction of the wind direction when compared with other approaches.

[image: images]

On the other hand, the Wilcoxon signed rank test of the achieved results using the proposed optimized ensemble model and optimized ensemble models using other approaches is presented in Tab. 5. These results show that the proposed model achieves the lowest discrepancy values when compared with the other approaches.
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The RMSE of the ensemble models optimized using the proposed model and other approach along with the heatmap of the prediction results are shown in Fig. 5. The results presented in this figure indicate the superiority of the proposed approach, as it achieves the smallest RMSE value which is also clear in the heat map.
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Figure 5: The RMSE and heat map of the achieved predictions using the proposed and other approaches

The histogram of the RMSE is depicted in Fig. 6. In this figure, the proposed model could achieve the maximum number of predictions with the smallest value of RMSE. These results emphasize the effectiveness of the proposed mode land its efficiency in predicting the wind direction accurately.
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Figure 6: Histogram of RMSE of the achieved results using the proposed and other approaches

Fig. 7 depicts the Homoscedasticity, quantile-quantile (QQ), residual, and prediction plots based on the results achieved by the proposed approach. The homoscedasticity plot shows that the error is the same for the independent variables against the predicted values. In addition, the QQ plot shows that the predictions of the wind direction fit the predetermined line. Moreover, the residual plot shows that the prediction errors are close to zero which indicates the robustness of the proposed approach. On the other hand, the predictions (red) are properly fit the actual values (green), which confirms the achieved results.
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Figure 7: Homoscedasticity, QQ, residual, and prediction plots using the proposed approach

A mapping between the actual and predicted values resulting from ensemble using DT regressor is presented in Fig. 8. In this figure, the value of the achieved R2 criterion is (0.98494), and the predicted values are not properly fit a line, which indicates the lack of generalization of this approach. On the other hand, the mapping presented in Fig. 9 is achieved by the proposed approach. In this figure, the value of R2 is (0.999719), and the predicted values properly fit a straight line, which proves the generalization of the proposed model and its ability to predict the wind direction accurately. Moreover, The ANOVA test results using the predicted wind direction are presented in Tab. 6. These results prove the superiority of the proposed model and its effectiveness for the task of wind forecasting.
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Figure 8: Mapping between the actual and predicted values resulting from ensemble using DT regressor
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Figure 9: Mapping between the actual and predicted values resulting from the proposed optimized model
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4  Conclusions and Future Perspective

In this paper, the wind forecasting dataset is employed to verify the effectiveness of the proposed optimized ensemble model. The proposed model is based on an ensemble composed of four regression models namely, random forest, multi-layer perceptron, support vector regression and random forest. The proposed ensemble model is used to find the best prediction by weighted averaging the results from the four regression models. The weights of the proposed ensemble are optimized using a strong optimizer referred as PSO-Guided WOA. This optimizer depends on two groups of agents: exploration and exploitation. These agents are guided by means of PSO algorithm. To prove the effectiveness of the proposed approach, a set of experiments were conducted to evaluate its performance and compare the achieved results with those of the four regression models and other competing optimized ensemble models. The competing ensemble models considered in this paper include optimized ensembles based on PSO, WOA, GA, and GWO optimization techniques. The evaluation of the achieved results is performed in terms of eight evaluation criteria. In addition, several analysis plots and statistical measurements were extracted from the achieved results to emphasize the stability and efficiency of the proposed approach. The comparison results with the other optimized ensembles confirm the superiority of the proposed optimized ensemble model over the other ensembles. The future perspective of this work includes testing the proposed model for other datasets and evaluating its adaptability to other prediction tasks.
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Table 1: Description of the wind dataset features

No.  Feature Description

1 Date Measurement date

2 Hors Forecast lead time

3 Temp Temperature measure

4 Hum Humidity measure

5 A% Meridional wind components
6 WS Wind speed

7 WD Wind direction
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Table 3: The measured evaluation criteria using proposed and other competing regression models

RMSE MAE MBE r R? RRMSE NSE WI
DT 0.039 0.028 0.003 0.983 0.967 7.230 0.965 0.924
MLP 0.036 0.030 0.012 0.987 0.974 6.691 0.970 0.917
SVR 0.041 0.035 0.028 0.991 0.982 7.573 0.962 0.904
RF 0.057 0.040 0.037 0978 0.956 10.612  0.925 0.880
Average ensemble 0.030 0.025 0.020 0.993 0.986 10.612 0.976 0.931
Ensemble based on RT  0.026 0.018 0.004 0.992 0.985 4.838 0.984 0.949
Proposed 0.003 0.002 —5.8E-05 0.999 0.999 0.641 0.999 0.994
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Table 6: ANOVA test for the predicted wind direction using the proposed approach

SS DF MS F (DFn, DFd)  P-value
Treatment (between columns) 0.0005345 4 0.0001336 F (4,80)=154.1 P < 0.0001
Residual (within columns) 0.00006936 80 8.669E-07

Total 0.0006038 84
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Table 4: Statistical analysis of the achieved results by the proposed and other optimization techniques

PSO WOA GA GWO Proposed
Number of values 17 17 17 17 17
Minimum 0.00788 0.00991 0.0058 0.0055 0.00337
25% Percentile 0.00988 0.01012 0.0078 0.0065 0.00347
Median 0.00988 0.01012 0.0078 0.0065 0.00347
75% Percentile 0.00988 0.01012 0.0078 0.0065 0.00347
Maximum 0.01088 0.01701 0.00998 0.0095 0.0037
Range 0.003 0.007102  0.00418 0.004 0.00033
Mean 0.009821 0.01051 0.007869  0.006618  0.003477
Std. Deviation 0.000556  0.001676  0.000777 0.000781  0.00006238

Std. Error of Mean 0.000135  0.000406  0.000189  0.00019  0.00001513

Lower 95% CI of mean 0.009535  0.009652  0.00747  0.006216  0.003445
Upper 95% CI of mean 0.01011 0.01137  0.008269 0.007019  0.003509

Sum 0.167 0.1787 0.1338 0.1125 0.05911
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Table 2: Performance evaluation metrics

Metric Value
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Table 5: Wilcoxon test of the results of the wind direction prediction over 20 runs

PSO WOA GA GWO Proposed
Theoretical median 0 0 0 0 0
Actual median 0.00988 0.01012  0.0078 0.0065 0.00347
Number of values 17 17 17 17 17
Wilcoxon signed rank test
Sum of signed ranks (W) 153 153 153 153 153
Sum of positive ranks 153 153 153 153 153
Sum of negative ranks 0 0 0 0 0
P value (two tailed) <0.0001  <0.0001  <0.0001 <0.0001 <0.0001
Exact or estimate? Exact Exact Exact Exact Exact
Pvalue summary keksksk keksksk Skoksksk Skoksksk Skoksksk
Significant (alpha=0.05)? Yes Yes Yes Yes Yes
How big is the discrepancy?
Discrepancy 0.00988 0.01012  0.0078 0.0065 0.00347
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