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Abstract

:

Accurate and stable wind speed prediction is crucial for the safe operation of large-scale wind power grid connections. Existing methods are typically limited to a certain fixed area when learning the information of the wind speed sequence, which cannot make full use of the spatiotemporal correlation of the wind speed sequence. To address this problem, in this paper we propose a new wind speed prediction method based on collaborative filtering against a virtual edge expansion graph structure in which virtual edges enrich the semantics that the graph can express. It is an effective extension of the dataset, connecting wind turbines of different wind farms through virtual edges to ensure that the spatial correlation of wind speed sequences can be effectively learned and utilized. The new collaborative filtering on the graph is reflected in the processing of the wind speed sequence. The wind speed is preprocessed from the perspective of pattern mining to effectively integrate various information, and the k-d tree is used to match the wind speed sequence to achieve the purpose of collaborative filtering. Finally, a model with long short-term memory (LSTM) as the main body is constructed for wind speed prediction. By taking the wind speed of the actual wind farm as the research object, we compare the new approach with four typical wind speed prediction methods. The mean square error is reduced by 16.40%, 11.78%, 9.57%, and 18.36%, respectively, which demonstrates the superiority of the proposed new method.
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1. Introduction


Climate change and energy issues are currently prominent global challenges. In recent years, it has become a global trend to generate electricity from renewable energy rather than traditional fossil energy. As an important green renewable energy, wind energy has developed rapidly under this trend [1]. However, wind power generation is unstable due to the inherent volatility, indirectness, and low energy density of wind energy resources. Therefore, accurate wind speed prediction is of great significance to the stable power generation and dispatching of power [2].



As a time series, wind speed can generally be divided into point forecasting and probabilistic forecasting. Among these, the wind speed probability prediction includes interval prediction and density prediction [3], and different methods can be selected according to the prediction target. The existing wind speed prediction methods can be divided into three categories according to the modeling mechanism: physical methods [4], statistical methods [5], and machine learning methods [6]. The physical method mainly predicts the wind speed according to the changing laws of some physical properties that cause wind speed fluctuations [7]. The most typical is the model based on numerical weather prediction (NWP) [8]. Statistical methods describe the nonlinear relationship between wind speed and power, such as the autoregressive moving average model (ARMA) [9], the autoregressive integrated moving average model (ARIMA) [10], the Kalman filter [11], and the Markov model [12], by analyzing the statistical laws of historical wind speed data, at the same time, avoid physical factors that cannot be adequately and precisely described. However, for multiple time series, such as wind speed, physical methods and statistical methods cannot be well modeled and predicted, and the effect of using machine learning models will be much better. Machine learning methods mainly use artificial intelligence algorithms to describe the highly complex nonlinear relationship between input data and output data. They mainly include support vector regression (SVR) [13], k-nearest neighbor algorithm (KNN) [14], and multi-layer perceptron (MLP) [15]. In addition, a combination of these models can also be used, such as Markov random fields, based on Markov models and the Bayesian theory, which can be used to solve many problems in the field of machine learning [16]. These methods are studied from different angles in an attempt to make accurate predictions of wind speed. However, due to the unavoidable influence of physical factors and the failure to fully exploit the spatiotemporal characteristics of wind speed when using and processing wind speed data, the accuracy of wind speed prediction is difficult to improve.



In order to solve the above problems and effectively extract the spatiotemporal features of wind speed, this paper proposes a wind speed prediction method based on a virtual edge expansion graph and a collaborative filtering algorithm. Wind speed is affected by nature, and there are different degrees of spatial correlation and temporal correlation. Therefore, in this paper, the selection of the wind speed dataset is not limited to a certain fixed area, and considers the characteristics of the wind speed sequence, then implements an effective feature extraction strategy for the collected data. The dataset used in this paper is from the National Renewable Energy Laboratory (NREL) (https://www.nrel.gov (accessed on 8 December 2021)), and the results show that the accuracy of the proposed method is higher than that of some popular machine learning methods. The contributions of this paper are as follows:




	
Aiming at the problem that the datasets used for wind speed prediction often come from the wind turbine to be predicted and the surrounding wind turbines, this paper proposes to extend the meaning of the actual edge, build a virtual edge to connect wind turbines in different areas, and enhance usage dataset size.



	
In view of the problem that the spatiotemporal features extracted in wind speed prediction are not sufficient, this paper proposes to use the collaborative filtering algorithm to preprocess the wind speed sequence from the perspective of pattern mining and matching, and then use k-d tree to match the wind speed pattern to effectively extract and integrate the wind speed information.



	
For the proposed new wind speed prediction method, this paper constructs a model with LSTM network as the main body, then evaluates the performance of the model through mean square error and root mean square difference, comparing it with some popular wind speed prediction methods. Experiments show that the use of a virtual edge expansion graph and a collaborative filtering algorithm is beneficial to the improvement of the wind speed prediction effect.









2. Related Work


2.1. Common Methods


For the wind speed prediction problem, the performance of traditional models can no longer meet the requirements of high precision. In recent years, more and more researchers have turned their attention to deep learning. Deep learning models with high nonlinearity and strong generalization ability have great advantages over traditional methods in improving the accuracy of wind speed prediction. Commonly used deep learning models include the use of the recurrent neural network (RNN) [17], long short-term memory network [18], convolutional neural network(CNN) [19], graph convolutional neural network [20], and so on. These models have many successful applications in time series forecasting problems [21,22,23]. For example, Peng et al. [24] proposed a novel spatiotemporal correlation dynamic graph neural network framework, which samples short-term, medium-term and long-term historical passenger flow data, respectively, and learns the topology of the urban transportation network and the spatiotemporal feature representation of transportation hubs to predict urban traffic passenger flow. Currently, the focus of wind speed prediction research efforts is to improve the learning ability of these models in order to better capture wind speed characteristics. In recent years, most of the literature has improved from the aspects of data preprocessing and the combination model.



Since the wind speed series is a non-stationary time series, it contains a lot of noise, which may interfere with the learning and prediction of the model. At the same time, many methods do not fully consider the spatiotemporal correlation of the wind speed series when forecasting wind speed. Therefore, it is necessary to preprocess the wind speed sequence. At present, there are two typical methods for wind speed data preprocessing. One is to construct a two-dimensional wind speed feature image, map the wind turbine to a two-dimensional plane, and generate a series of pictures containing wind speed information in time sequence, which not only reflects the temporal characteristics of wind speed, but also retains the spatial characteristics of wind speed; for example, Lilin Cheng et al. [25] proposed a new method for short-term wind power prediction based on image input and an enhanced convolutional network and achieved high-precision results. The second is to use the signal decomposition method to decompose the wind speed time series. The mainstream methods include wavelet transform [26], empirical mode decomposition [27], and variational mode decomposition [28], etc., For example, Yaoran Chen et al. [29] used ensemble empirical mode decomposition(EEMD) to divide the original wind sequence into several intrinsic mode functions to form a potential feature set for prediction, and obtained good results. In addition to the decomposition method, data processing methods such as clustering [30] and dimensionality reduction [31] can also be used to preprocess the wind speed series to reduce the number and dimensions of data for tasks such as predictive modeling and decision support.



When a single model is used for wind speed prediction, the prediction accuracy that can be achieved is very limited and cannot meet the actual requirements. Therefore, some researchers have proposed a method for combining models, which combines the advantages of different models and effectively improves the prediction accuracy. For example, Qiaomu Zhu et al. [32] proposed a unified framework integrating CNN and LSTM. Experiments show that the combined model has better prediction accuracy than the single model. In addition, optimization algorithms, such as batch gradient descent [33], momentum [34], Adam [35], etc., can also be used to improve the training efficiency of the model, or to optimize the hyperparameters of the model. These methods first use a large amount of historical wind speed data to train the model, and then use the trained model to make predictions. In essence, they are all mining and matching patterns of wind speed sequences. From this perspective, the wind speed prediction problem can be regarded as a pattern mining and matching problem.




2.2. Collaborative Filtering


The collaborative filtering algorithm [36] is a common method for mining data patterns, which is generally used in recommender systems, using the historical records related to users and items for recommendation. Researchers have conducted in-depth research on collaborative filtering algorithms and proposed many methods, such as neighborhood-based methods, latent semantic models, and graph-based random walk algorithms [37]. Among these methods, the most widely used is the neighborhood-based method. Neighborhood-based collaborative filtering methods fall into two categories: user-based collaborative filtering and item-based collaborative filtering.



User-based collaborative filtering is employed to find users who are similar to user u among all users, and then use these neighboring users are utilized to average or weight the ratings of item i to obtain the predicted value. This process can be expressed as:


   r  u i  ′  =    N i   ( u )      sum  v  ∈  N i   ( u )   r  v i      



(1)







Item-based collaborative filtering is employed to find nearby items i that are similar to the predicted item, and then utilized to find the average rating of these neighbors by user u. It can be calculated by the following formula:


   r  u i  ′  =    N u   ( i )    s u  m j  ∈  N u   ( i )   r  u j      



(2)







When the number of items in the system is much smaller than the number of users, it is better to choose the item-based collaborative filtering method. On the contrary, if the flow of items in the system is relatively large, it is better to choose the user-based collaborative filtering method.



k-d tree [38] is a way to implement collaborative filtering algorithm. k-d tree is a tree-like data structure that stores instance points in k-dimensional space for fast retrieval. It is mainly used for similarity retrieval in high-dimensional space, and finding the nearest points in multiple dimensions for matching. In fact, k-d tree is a binary search tree; each node corresponds to a hyperrectangle of multidimensional space. The construction of k-d tree is a recursive process. Each time a dimension is selected for division, the k-dimensional space and the data set are divided into two parts, and so on, until the space contains only one data point. This special construction process also makes the querying of k-d trees very fast and efficient. According to the method of establishing data index by k-d tree, only one dimensional value in multi-dimensional spaces needs to be processed each time, which is relatively simple. In addition, the k-d tree alternately detects the values of different attributes, which can narrow the search range to the nodes containing the query results more quickly.




2.3. Wind Farm Graph


We know that for any wind turbine in a wind farm, it can be scaled down and mapped on a two-dimensional plane according to the latitude and longitude, and then a two-dimensional plan of the wind farm can be drawn according to the relative positional relationship between the wind turbines. In fact, this is a method of graph representation learning [39]. Among them, each wind turbine is a node of this graph, and the straight line connecting the wind turbines is the edge of the graph. In this paper, the edge connecting the wind turbines of the same wind farm is called the actual edge, which can describe the specific position relationship of the wind turbines, as shown in Figure 1. This graph representation of the learning method is the basis of the virtual edge extension graph proposed in this paper.





3. Method


At present, a large number of researches on wind speed prediction focus on methods based on deep learning; its network structure is flexible and has strong nonlinear fitting ability. The calculation process of the deep learning model is actually a function fitting, which forms a certain mapping between the input and the output, and directly describes the relationship between the two. However, wind, as a result of air movement, is a fluid. In fluid mechanics, laminar flow and turbulent flow are two properties of fluid flow. Laminar flow means that the fluid particles move forward uniformly, the trajectory presents a regular smooth curve, and the fluid particles do not interfere with each other. Turbulence means that some fluid particles acquire a considerable velocity component perpendicular to the flow direction, resulting in a random flow of the fluid in any cross-section. Although the whole is still flowing forward, it is in a chaotic state. Turbulence is created as the wind passes over both types of surfaces, forming branches of different sizes and directions. In this case, if only the deep learning model is used, it is impossible to fit all the wind components; therefore, the model cannot learn the wind speed information well, thus affecting the accuracy of wind speed prediction.



Based on this angle, in order to solve the problem that the data source for wind speed prediction is limited to a fixed area, and the mining of the spatiotemporal correlation of the wind speed series is not enough, this paper proposes a wind speed prediction method based on a virtual edge expanded graph and a collaborative filtering algorithm. From the two aspects of expanding the size of the wind speed data set and effectively extracting the spatiotemporal features of the wind speed sequence, the accuracy of wind speed prediction is effectively improved.



3.1. Virtual Edge Expansion Graph


We noticed that the existing wind speed prediction methods are conservative in the use of datasets, and can be basically divided into two categories: one is to use the historical wind speed data of the wind turbine to be predicted; the other is to use the historical wind speed data of the wind turbines adjacent to the wind turbine to be predicted. As shown in Figure 2, for the target wind turbine, the wind speed dataset used is generally derived from the adjacent wind turbines in the same wind farm (wind farm 1) connected by the actual edge, while the wind turbine data of other wind farms (wind farm 2) are not collected. Because wind farm 2 and the target wind turbine are blocked by the mountain, the correlation between the wind speed sequence of its wind turbine and the wind speed sequence of the target wind turbine is generally small.



However, with the changes of meteorological and geographical factors, the wind speed series of wind farms in different regions may intersect and show similar changing trends. Therefore, we believe that there may be similarities between the sequences of different wind turbines, and the dataset used for wind speed prediction does not have to be limited to a single turbine, nor to a fixed area around the wind turbine to be predicted. Moreover, the wind farm graph does not have to be limited to wind turbines in the same area. Therefore, this paper proposes to extend the meaning of the actual edge to the virtual edge, connect wind turbines in different regions, and expand the dataset used for wind speed prediction, in order to achieve more effective spatiotemporal feature extraction for wind speed sequences, as shown in Figure 3.



This paper only constructs a virtual edge expansion graph: the vertex is the mapping of wind turbines, and the number is 1380; the edges are divided into actual edges and virtual edges, which are used to connect wind turbines. Since it is a single wind turbine prediction, the number of edges is also 1380.




3.2. Wind Speed Sequence Preprocessing


For the set of wind speed series of a wind farm, denoted as {V1, V2, …, Vi} (i = 0, 1, …, m), m is the number of wind turbines in the wind farm, and Vi is the wind speed sequence of the i-th wind turbine, which can be expressed as Vi = v0, v1, …, vj (j = 0, 1, …, n), vj represents the wind speed value at time j, and n is the length of the wind speed sequence. For the preprocessing of the wind speed sequence, first, for each group of wind speed sequences, slide the wind speed sequence with time as the axis, and divide the wind speed sequence into segments of small sequences   x ¯  . Then, by   x ¯   according to the prediction window, the corresponding value y is found in the sequence. There is a one-to-one mapping relationship between   x ¯   and y. However, we know that the data in the original wind speed series are not all valid, and may be corrupted or missing. Therefore, the sequence    x ¯    is then normalized; the detailed operation is as follows


   x i  =     x ¯  i   N   



(3)




where i is the index of the sequence,      x i   ¯    is the original sequence, xi is the normalized sequence, and N can be the mean value of the sequence, or the maximum value in the sequence. This paper uses the method of maximum normalization.



Through normalization processing, the influence of noise in wind speed data is avoided, and these sequences can express information on the same standard, ensuring the reliability of pattern mining and matching. The normalized sequence x is the pattern of the wind speed sequence in this study, forming a set X, which can describe the variation trend of wind speed. Pattern length refers to the length of the wind speed sequence divided during preprocessing; y is regarded as the true wind speed value corresponding to the pattern, and constitutes the set Y. Then, the wind speed sequence can be expressed as {(X, Y)|X = xi, Y = yi, i = 0… n}, where i is the historical moment, and n is the length of the wind speed sequence.




3.3. k-d Tree Implements Collaborative Filtering


In order to match the wind speed patterns with the same trend in set X, this paper uses k-d tree to implement the collaborative filtering algorithm to achieve this goal. The dataset for constructing the k-d tree is set X containing wind speed features. The specific construction process can be described as follows:




	
Determine the split domain. The length of the pattern is the dimension of the space, which is assumed to be k. Calculate the data variance of all pattern in dimensions 1 to k, assuming that the data variance in the p dimension is the largest, then the split domain value is p.



	
Determine the node-data domain. The patterns are sorted according to the value in the p dimension. The value in the middle is the data point in the node-data domain. Assuming that the pattern is (1, 2, …, pnumber, … k), the median pnumber is the segmentation threshold. Then, the split hyperplane of this node is the plane p = pnumber, which passes through (1, 2, …, pnumber, … k) and is perpendicular to the split = p dimension.



	
Determine the left subspace and the right subspace. The dividing hyperplane p = pnumber divides the whole space into two parts: the part of p ≤ pnumber is the left subspace, and the part of p > pnumber is the right subspace. Repeat this process; each split splits the dataset and space into two parts until the space contains only one pattern.








Next, the wind speed pattern matching is performed based on the collaborative filtering algorithm that is, the query process on the k-d tree. Input the pattern of the wind turbine to be predicted into k-d tree. Assuming that the current pattern to be matched is Z, starting from the root node, compare the p dimension value of the node corresponding to Z with the threshold pnumber, if Z(p) < pnumber, then visit the left subtree; otherwise visit the right subtree. According to the comparison of Z with each node (pattern), the k-d tree is accessed downward until the leaf node is reached. When reaching the leaf node, calculate the distance between Z and the pattern saved on the leaf node, and record it as the current nearest neighbor and minimum distance. Repeat this operation until all accessible branches have been searched. In addition, backtracking is required to avoid nodes that are closer to Z in unvisited branches. Finally, the k-d tree returns the matching pattern index and the distance between patterns, as needed.



In order to more intuitively understand the collaborative filtering process and the results of wind speed patterns, this paper uses an example to illustrate. For the wind speed pattern Z to be matched, the pattern length is temporarily selected to be 5. Then, Z can be drawn as the curve in Figure 4.



Then, by calculating the similarity between wind speed patterns, the top 10 similar wind speed patterns are screened out. The result of this step is implemented using a k-d tree to achieve the purpose of collaborative filtering of wind speed patterns. Likewise, plot them on the axes, as shown in Figure 5. It can be seen that the wind speed patterns from different time periods are similar to the wind speed variation trend of Z. We argue that they can be used to calculate the wind speed prediction for Z.



This article finds the corresponding true wind speed value yi in the set Y according to the index as part of the model input. However, if the only the similarity comparison is used, it may happen that two wind speed patterns have the same similarity as the pattern to be matched and cannot be distinguished. Therefore, in order to more accurately represent the difference and connection between wind speed patterns, this paper chooses to take distance into account, and further processes yi and distance to generate a new set of patterns. This will be illustrated in the algorithm of the collaborative filtering based wind speed prediction method, as shown in Algorithm 1.



	Algorithm 1 Wind speed prediction method based on collaborative filtering



	Input: Wind power dataset;

Output: Mean square error and root mean square error.

    1. Load wind speed data and divide training set and test set for each set of wind speed series.

    2. Perform pattern mining, preprocessing of the training set and test set, dividing wind speed data into two sets, X and Y.

    3. Perform pattern matching, using the k-d tree to filter out the top-k patterns with the highest similarity, return the index and distance, and splice yi and distance together to generate a new pattern, set M.

    4. Perform model training. Input the set M into the model, and train the model by continuously reducing the value of the loss function until convergence occurs.

    5. Perform the wind speed forecast. Send the test set to the model to predict and evaluate the effect of the model with mean square error and root mean square error.









3.4. Wind Speed Prediction Model Structure


For the wind speed data obtained by collaborative filtering, this paper chooses the LSTM neural network as the main body of the training and prediction model. The unit structure of the LSTM network is shown in Figure 6.



Where, xt represents the input at time t; ht and ht−1 represent the output at time t and time t − 1, respectively; Ct and Ct−1 represent the cell state at time t and time t − 1, respectively. Ct represents the update value of the cell state at time t; ft, it and ot are the thresholds of the forget gate, the input gate and the output gate, respectively; tanh is the activation function. There are four small green frames in the middle cell, each of which represents a feedforward network layer. The σ parameter represents that the activation function of this layer is sigmoid, and the tanh parameter represents that the activation function of this layer is tanh.



The LSTM network is specially designed to solve the problem of long-term and short-term dependence caused by too long data in the general RNN, which enhances the long-term learning ability. The weight of the LSTM network is variable, which can better retain features while avoiding the problem of gradient disappearance or explosion. The hidden layer of the original RNN has only one state, so it is very sensitive to short-term input information. The hidden layer of LSTM has one more state than RNN, called the cell state. The unit state is parallel to the time axis, and the valid information at each moment is retained in the calculation process of the entire network, which can save the long-term state.



LSTM primarily functions through the gate structure, mainly including the forgetting gate, input gate, and output gate. The gate is a selective way of letting information through, and is composed of a sigmoid neural network and matrix point-by-point multiplication. The output of the gate is a vector of real numbers between 0 and 1. When the output is 0, no information is allowed to pass through; when the output is 1, any information can pass through. The following formula [40] describes the process of information transfer in detail.



The forget gate, which determines how much of the unit state at the previous moment is retained in the current moment. The calculation formula is defined as:


   f t  = σ  (   W f  ⋅  [   h  t − 1   ,  x t   ]  +  b f   )   



(4)




where    W f    and    b f    represent the weight and bias of the forget gate.



The input gate, which determines how much of the input of the network at the current moment and the output of the previous moment is saved to the unit state. This process can be formulated as:


   i t  = σ  (   W i  ⋅  [   h  t − 1   ,  x t   ]  +  b i   )   



(5)






    C ¯  t  = t a n h  (   W c  ⋅  [   h  t − 1   ,  x t   ]  +  b c   )   



(6)




where    W i    and    b i    represent the weight and bias of the input gate;    W c    and    b c    represent the weight and bias of the cell state.



Then, the input gate is merged with the output of the forget gate to update the cell state, as Formula (7). The cell state is not affected by weight parameters, which is the key to LSTM’s ability to effectively alleviate gradient disappearance.


   C t  =  f t  ·  C  t − 1   +  i t  ·   C ¯  t   



(7)







The output gate determines how much of the unit state is output to the current output value of the LSTM, and the output value at the last moment is the predicted value of the model. The formula is represented by:


   o t  = σ  (   W o  ×  [   h  t − 1   ,  x t   ]  +  b o   )   



(8)






   h t  =  o t  × t a n h  (   C t   )   



(9)




where    W o    and    b o    represent the weight and bias of the output gate.



The gate structure of the LSTM network uses the same calculation method to control the flow of information uniformly, and uses different weights and biases to update the three gating units independently when the error is back-propagated.



After wind speed preprocessing and collaborative filtering, a similar pattern set of wind speed patterns of the wind turbine to be predicted is screened out, and further processed as the input of the model. Due to the superiority of the LSTM network learning features, this paper chooses it as the main structure of the wind speed prediction model. The input size of the model in this paper is 2. The hidden layer has 2 layers, each with 40 neurons. Furthermore, to prevent non-linearity from destroying too much information, we also use fully connected layers. The overall model structure is shown in Figure 7.



First, after receiving the dataset M, processed based on the collaborative filtering algorithm, the input data is linearly transformed through the first fully connected layer to initially extract features. Then, the effective information of the data is learned by the LSTM network in a deeper level, and the information is controlled by the forgetting gate, the input gate, and the output gate, in turn. After the LSTM neural network is processed, the complex functional relationship of the extracted features is fitted through the second fully connected layer and mapped to the last network layer. Finally, the output layer outputs the result for wind speed prediction.





4. Experiments


4.1. Datasets and Evaluation Metrics


This paper uses data from the National Renewable Energy Laboratory (NREL) for the full year of 2010. The dataset includes 1380 wind turbines operating every 10 min, and each wind turbine includes approximately 105,121 records. The dataset includes eleven data, such as wind direction, wind speed, and wind power. During the experiment, 70% of the dataset is used as the training set, and the other 30% is used as the test set. The research goal of this paper is to predict the wind speed of a single wind turbine.



The software environment implemented by the model in this paper is python3.6, which is based on the machine learning framework Pytorch. In the training process, the batch size is 1000, the training process is set to 200 rounds of dataset iterations, the initial learning rate is 0.001, the dropout is set to 0.05, the Adam optimizer is used to optimize the training of the network, and all the results of the experiment are the average of multiple experiments.



We use mean squared error (MSE) and root mean squared error (RMSE) to evaluate the performance of the predictive models. The calculation process of MSE and RMSE is shown in Formulas (10) and (11), respectively.


  M S E =  1 n    ∑   i = 1  n     (   y i  p r e d −  y i   )   2   



(10)






  R M S E =    1 n    ∑   i = 1  n     (   y i  p r e d −  y i   )   2     



(11)




where, yi represents the actual value of the wind speed, yipred represents the predicted value of the wind speed, and n represents the length of the wind speed sequence.




4.2. Experimental Results and Analysis


In order to achieve the best effect of the proposed method, the optimal pattern length is first selected through experiments. Taking the wind speed prediction of a single wind turbine as an example, based on extensive experiments done by the author during graduate school, the pattern lengths of the experiment are set to 3, 5, 7, 9, 11, 13, and 15, respectively, and 20 min is used as the forecast window. The experimental results are shown in Table 1.



As can be seen from the Table 1, the choice of pattern length will affect the prediction result, and if it is too large or too small, it will cause unsatisfactory effects. When the pattern length is 9, the value of MSE is the smallest. Therefore, the optimal pattern length in this experiment is 9; subsequent experiments will also use pattern sets of length 9.



In practice, when constructing a k-d tree with the wind speed pattern dataset, different distance metric algorithms can be selected when implementing the collaborative filtering algorithm, and the choice of the k-d tree metric algorithm will affect the return value and search efficiency. In order to perform pattern matching more efficiently, this paper conducts experiments on three metric algorithms of Euclidean distance, Manhattan distance, and Chebyshev distance, and chooses the optimal one. The experimental results are shown in Table 2.



From the MSE and RMSE indicators in the above table, the prediction effect of Euclidean distance is the best. In terms of the time predicted by the model, the Manhattan distance is more advantageous. This paper argues that it is acceptable to trade a slight time consumption for some degree of error reduction.



In this paper, ablation experiments are used to evaluate the contribution of the virtual edge expansion graph and the collaborative filtering algorithm to wind speed prediction.



Ablation Experiment 1: Evaluating the contribution of virtual edge expansion graphs to wind speed prediction. Using virtual edges to expand the graph, connect wind turbines in different regions to ensure that there is enough information to learn when extracting the spatiotemporal correlation of wind speed series. In fact, this is also the expansion and enhancement of the dataset of wind speed prediction. In order to verify that the application of a virtual edge expansion graph helps to improve the accuracy of wind speed prediction, the experiment randomly selects 50 wind turbines from a certain area in NERL 2010, connects virtual edges, and expands the size of the graph. Compared with the wind speed prediction using only the data from the wind turbine to be predicted, the experimental results are shown in Table 3.



From the experimental results in the Table 3, it can be seen that the prediction error of expanding the graph with virtual edges is 11.03% lower than that of expanding the graph without virtual edges. The 50 wind turbines used for the virtual edge connection expansion graph are randomly selected from the dataset, which ensures the reliability of the experimental results. Therefore, the experiment proves that in the problem of wind speed prediction, the application of a virtual edge expansion graph to expand and enhance the wind speed dataset is helpful to improve the accuracy of wind speed prediction.



This paper uses the collaborative filtering algorithm for wind speed prediction, which is also an enhancement to the dataset, making the characteristics of the wind speed series more prominent in order to verify that applying the data of multiple wind turbines helps to improve the accuracy of wind speed prediction. In the experiment, 50 wind turbines were randomly selected from NERL in 2010, and compared with only one wind turbine for wind speed prediction; the experimental results are shown in Table 3.



Ablation Experiment 2: Evaluating the contribution of collaborative filtering algorithms to wind speed prediction. The preprocessing method of wind speed is not changed, and the set of mode X and true wind speed value Y are still retained. However the, k-d tree is no longer used to implement the collaborative filtering algorithm for wind speed pattern matching. That is to say, the preprocessed wind speed data is directly fed into the model to train the model and predict the wind speed. The experimental results are shown in Table 4.



As can be seen from the above table, the performance improvement of the model using the collaborative filtering algorithm is obvious, and the wind speed prediction error is reduced by 26.89%, compared with the wind speed prediction error without the collaborative filtering algorithm. Although the prediction time has increased by 18.62% at the same time, the authors believe that such time consumption is worthwhile.



Based on the above experiments, in order to verify the effectiveness of the method proposed in this paper, it is compared with some popular machine learning methods in the NREL dataset, including KNN, SVR, Bayesian regression, and XGBoost models; the following is a brief introduction. During the experiment, models such as KNN do the same preprocessing and adjust the parameters to optimal values, but do not use collaborative filtering algorithm processing.



	
KNN [41]: It is a commonly used data mining algorithm. The basic principle is to find k points similar to the point to be predicted through a distance metric relationship, and then perform regression prediction based on these k points.



	
SVR [42]: It is an important branch of support vector machine leraning, based on finding a hyperplane such that the distance from all data to this hyperplane is minimized; it is often used in regression problems.



	
Bayesian regression [43]: The basic idea is to treat the dataset and parameters as a known distribution, predicting the posterior probability distribution based on the known prior probability distribution of historical observations.



	
XGBoost [44]: It is essentially an iterative decision tree algorithm, which is improved based on the gradient boosting tree (GBDT), which effectively avoids overfitting and improves the speed and accuracy of the model.






The experiment uses the data of 1380 wind turbines in the entire year of NERL 2010. The final experimental results are shown in Table 5.



As can be seen from Table 5, compared with KNN, SVR, Bayesian regression, and XGBoost models, the MSE of the proposed method is reduced by 16.40%, 11.78%, 9.57% and 18.36%, respectively. The time for model learning and prediction is also within an acceptable range, which proves the effectiveness and stability of the method proposed in this paper.



In order to intuitively compare the performance of the method proposed in this paper with these typical machine learning models, we draw the trend curves of their predicted wind speed and actual wind speed, as shown in Figure 8.



We randomly selected the results of 80 patterns in the set, which can be used as a timeline because the patterns are divided in chronological order. It can be seen that the method proposed in this paper performs better than other models and can well fit the actual change of wind speed.



In addition, in order to observe the convergence performance of the model, we also plot the decrease in the loss value of the proposed method during model training. The x-axis represents the number of iterations, and the y-axis is the MSE value between the actual wind speed value and the predicted wind speed value, as shown in the Figure 9.



It can be seen that the convergence speed of the model is very considerable, the number of iterations tends to be stable at about 1700 times, and the loss value is relatively small, which further shows the superiority of the method proposed in this paper in extracting features and predicting wind speed.





5. Conclusions


In order to solve the problem that the data source is limited to a fixed area and the spatiotemporal correlation of wind speed sequences is not sufficiently mined in wind speed prediction, this paper proposes a wind speed prediction method based on a virtual edge expansion graph and a collaborative filtering algorithm from three aspects: dataset source, wind speed data processing, and modeling mechanism. The virtual edge expansion graph expands the wind speed dataset, making the number of wind speed sequences mineable enough. The collaborative filtering algorithm considers the spatiotemporal correlation of the wind speed sequence, preprocesses the wind speed sequence, and uses a k-d tree for wind speed pattern matching. Finally, the set of similar wind speed patterns of the wind turbine to be predicted input into the long short-term memory (LSTM) based model for training and prediction. The experimental results show that the virtual edge expansion graph and the collaborative filtering algorithm can improve the prediction effect of the model, and the method proposed in this paper outperforms other comparison models for different indicators.
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Figure 1. A wind farm graph. 
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Figure 2. Actual edge connection graph. 
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Figure 3. Virtual edge expansion graph. 






Figure 3. Virtual edge expansion graph.
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Figure 4. Wind speed pattern curve. 
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Figure 5. Results of collaborative filtering for wind speed patterns. 
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Figure 6. LSTM network unit structure. 
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Figure 7. Overall model structure. 
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Figure 8. Curves of the Wind speed trend. 
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Figure 9. Loss drop plot for the proposed model. 
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Table 1. Comparison of wind speed errors using different pattern lengths.






Table 1. Comparison of wind speed errors using different pattern lengths.





	Pattern Length
	3
	5
	7
	9
	11
	13
	15





	MSE
	0.3885
	0.3446
	0.3165
	0.3019
	0.3205
	0.3442
	0.3955



	RMSE
	0.6233
	0.5870
	0.5625
	0.5494
	0.5661
	0.5867
	0.6288
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Table 2. Experimental results of k-d tree using different metric algorithms.






Table 2. Experimental results of k-d tree using different metric algorithms.





	Algorithms
	Euclidean
	Manhattan
	Chebyshev





	MSE
	0.3019
	0.3217
	0.3150



	RMSE
	0.5494
	0.5671
	0.5612



	Time (s)
	949.56
	880.21
	2200.72
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Table 3. Ablation Experiment 1: Whether to expand the graph with virtual edges.






Table 3. Ablation Experiment 1: Whether to expand the graph with virtual edges.





	Whether to Expand the Graph with Virtual Edges
	Yes
	No





	MSE
	0.2743
	0.3083



	RMSE
	0.5237
	0.5552



	Time (s)
	892.94
	677.64
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Table 4. Ablation Experiment 2: Whether to use collaborative filtering algorithm.
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	Whether to Use Collaborative Filtering
	Yes
	No





	MSE
	0.2743
	0.3752



	RMSE
	0.5237
	0.6125



	Time (s)
	892.94
	726.64
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Table 5. Experimental results of comparative experiments.
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	Models
	Ours
	KNN
	SVR
	Bayesian Regression
	XGBoost





	MSE
	0.2636
	0.3153
	0.2988
	0.2915
	0.3229



	RMSE
	0.5134
	0.5615
	0.5466
	0.5399
	0.5682



	Time (s)
	3168.11
	1040.26
	1447.17
	1377.97
	1889.08
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