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Abstract. Wind power generation is a representative of high-quality
new energy. Real-time monitoring and accurate prediction of wind tur-
bines are critical to ensure their stable operation. Due to sensor failures,
network congestion, and communication errors, wind turbine monitoring
data are often accompanied by data losses which affects the performance
of the wind power prediction model. To address the challenge, we pro-
pose a two-stage method for inferring missing values in wind power data.
First, the missing value supplement and selection of variables with high
similarity in changes are applied, and the top-k nearest neighbors are
employed to construct coarse-grained estimation. Second, we proposed
a multi-view graph learning framework to capture the latent represen-
tation of wind power data from three views. The missing values will
be inferred based on these latent representations. Finally, experiments
with real world data demonstrate that our method has better inference
accuracy than traditional and deep learning inference methods.

Keywords: wind power data - continuous missing - Graph neural
networks - spatio-temporal

1 Introduction

Nowadays, wind energy has become one of the main renewable energy sources
accommodated by smart grids. In 2022, 77.6 GW of new wind power capacity
was connected to the grid worldwide, with a total installed capacity of 906 GW,
representing a 9% increase compared to 2021 [1]. Within this context, accu-
rately predicting wind turbine(WT) power based on existing monitoring data
and making timely regulations is crucial for alleviating the pressure on real-time
smart grid dispatch. However, due to sensor failures, network congestion, and
communication errors, there are varying degree of data loss in the WT Super-
visory Control and Data Acquisition (SCADA) system. These data losses pose
various obstacles to the operation and maintenance of wind farms, such as fault
diagnosis [2], status monitoring, and power generation prediction [3]. On the one
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hand, missing data cannot be directly processed by many data-driven prediction
models, which significantly reduces the model’s expected performance. On the
other hand, the lack of some important monitoring data can directly affect the
status adjustment of WTs, potentially leading to more severe failures. There-
fore, ensuring the integrity and accuracy of SCADA data has great significance
in intelligent regulation of wind power systems.

Existing methods for handling missing data can be divided into two cate-
gories: deletion and imputation. In smart grids, SCADA systems can contain
values for many attributes, simply discarding entire incomplete records due to
a few missing values may not be ideal. These shortcomings limit the popularity
of deletion methods in practice. Imputation refers to the application of specific
algorithms to fill in missing values and obtain a complete dataset. Compared to
deletion methods, imputation methods are widely used but differ in applicability
and accuracy.

Imputation methods can be roughly divided into two categories: classical
statistical methods and data-driven methods. Interpolation methods [4], nearest
neighbors (KNN) [5], k-means, autoregressive integrated moving average models,
etc., are effective methods in statistics for recovering missing values. These meth-
ods are often based on a series of strict assumptions, such as linearity, normal-
ity, and independence and identical distribution. Nevertheless, high-dimensional
data frequently deviate from these assumptions owing to their intricate non-
linear connections, heteroscedasticity, and correlations. The disadvantages of
statistical methods which can not accurately describe the complex structures
and patterns in high dimensional wind power data, leading to the efficiency
of data imputation significantly decreasing when missing rate increases. As a
new powerful method, data-driven methods often achieve better results when
applied to the imputation of missing data in wind farms. A new LSTM model
has been proposed to interpolate missing data in multivariate time series [6].
A new attention-based architecture has been introduced to reconstruct obser-
vations regarding corresponding sensors and their adjacent nodes by leveraging
a spatiotemporal propagation architecture consistent with the imputation task
[7]. A denoising autoencoder based on a spatiotemporal graph neural network
has been developed to perform inference on spatiotemporal sequences of wind
power data [8]. Compared with classical statistical methods, data-driven based
method fully learned the complex data patterns of different WTs, resulting in
higher accuracy and wider application. But these methods consider the physical
distance between graph nodes as adjacency matrix which is static, while the wind
data between adjacent wind farms exhibits dynamic relationships. Additionally,
these methods ignore the feature correlation between different attributes of data
in WTs monitoring. Furthermore, missing data are often set to zero as the input
of the neural network, which can lead to slow network convergence and affect the
extraction of spatiotemporal features when there are a large of missing values.

Given the variability in missing data patterns across different scenarios, the
imputation performance of the aforementioned data-driven methods may be dif-
ferent. In many studies [11,12], simulation experiments were conducted by ran-
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domly removing parts of the data and generating inferred data to validate the
performance of imputation methods. According to the form of missing wind
power data, its missing types can be divided into continuous missing and dis-
persive missing [10,11], as shown in Fig. 1. The former is due to sensor failure of
WTs, which usually leads to the loss of a group of related attribute data for a
continuous period of time, such as data loss caused by icing of anemometers on
WTs [9]. The latter is usually manifested as random missing of multiple feature
values on some WTs, which is often caused by communication failure or unex-
pected errors in the data recording process. Based on the knowledge of on-site
experts, the frequency of dispersive missing is relatively low [2].
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Fig. 1. Two types of missing SCADA data.

Therefore, based on the continuous missing mode, this paper proposes a two-
stage multi-view data recovery architecture, and its main contributions are as
follows:

(1) We design a two-stage inference framework combining traditional inference
methods with deep learning algorithms, providing a new perspective for
inferring missing wind power data.

(2) A multi-view graph learning framework is proposed to capture spatial rela-
tionships within features and correlations between features. In terms of
space, dynamic spatial correlation and static geographic correlation are con-
sidered.

2 System Model and Problem Formulation

Assuming there are N = {1,2,...,n} WTs in a large wind farm, with a
total monitoring time period of T = {1,2,...,t¢}, and data features are D =
{1,2,...,d}. The monitoring data of the turbine n is denoted as X, 5. Thus,
the dataset of the wind farm X[, € RN*P*T during monitoring cycles T is
denoted as:
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For each node n in the wind farm, we represent its observed value at times-
tamp ¢ as z;, € R. To describe the pattern of missing data, we suppose a matrix

M that has the same size as X, denoted as M € RN*PXT where mg, = 0if
observation xy , is missing, otherwise my , = 1. Thus, the actual collected missing
dataset in the wind farm can be represented as:

XM=Xx.M (2)

where - denotes element-wise product. Then, we use the inference algorithm ¥/()
to infer missing data within short periods, with X representing the inferred data.
€ represents the error between the observed data and the inferred data.

(XM =X~ X (3)
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Inference of missing SCADA data is defined as a supervised learning task
aimed at minimizing the difference between estimated values and actual values.
Assuming the values of missing SCADA data are real numbers, the classification

of missing data values is treated as a regression problem.

3 Data Inference Model

3.1 Overall Structure

In a wind farm, the SCADA data from different turbines exhibit high correlation,
thus we assume a graph structure to model the spatial correlation among SCADA
data. Due to the dynamic nature of SCADA data, this paper utilizes a dynamic
weighted graph G = (V, 5,121) to accurately describe the interaction within a
region, where V is the set of N nodes, each corresponding to a turbine, ¢ is
the set of edges, and A = (A, Ay) represents the adjacency matrix, consisting
of a geographically-based static adjacency matrix A, and a dynamic adjacency
matrix Ay based on mutual information (MI).
The calculation of elements in the static adjacency matrix A, is as follows:

_ (L) 2
c e o if a;j < T¢ (5)
0 otherwise

where d; ; represents the Euclidean distance between node i and j, ¢ is the
distance standard deviation, and 7. is the distance threshold. In the above
equation, 7. controls the threshold for adjacency matrix distribution and spar-
sity. Distance-based adjacency matrices can capture spatial correlations to some
extent because data from nearby nodes typically have similar patterns. However,
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considering that data from distant nodes may also exhibit similar trends, dis-
tance should not be the sole indicator for determining spatial correlations. The
distance-based static adjacency matrix ignores the dynamic spatial correlation
between two nodes. MI can be used to estimate the trend of spatial correlation
between two nodes. Based on this, the calculation of the element in the dynamic
adjacency matrix Ay is as follows:

t .
¢ ) MI@witvi) ifaf; <7q 6
a;; = . (6)
0 otherwise
where v; and v; are two nodes in the graph structure, ¢4 is the period for
computing MI. 74 is the threshold controlling the distribution and sparsity of the
dynamic adjacency matrix. A smaller value of a? ;.; indicates a smaller difference

in feature data between the two nodes during the calculation period.
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Fig. 2. Overall framework of the proposed methodology

Missing data in deep learning is typically filled with zeros, but these data can
somewhat affect feature extraction by neural networks. Therefore, we propose
a two-stage method for inferring missing SCADA data. The framework of the
proposed method is illustrated in Fig. 2. Firstly, the TS-KNN algorithm is %d
to fill in missing data at a coarse granularity, giving an approximate profile X .
Then, we use multi-view graph neural networks to extract latent representations
aiming at precise prediction of missing data.

3.2 Profile Sensing

We proposed a time series K-nearest neighbors algorithm (TS-KNN) to per-
form coarse-grained preprocessing of missing data, extracting subsequences
Ty (a4 L) {xd T H_l,xd tr2r-- s Tgpyp_1 ) of length L from zj . For the
bubsequenceb Ty (t44+L) Ty (441 in X, their normalized distance is measured by
the statistical Pearson correlation coefﬁc1ent as follows:

2L |1 — (Ay,p — Lity )]
dyv = : 7
| \/ — @
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where A, , represents the dot product of corresponding elements in the two
subsequences, i, and p, represent their means, and o, and o, represent their
variances. We calculate the similarity of data for different WT's over the L time
points as the distance measure for KNN. We select the k WTs with the smallest
distances and take their average as the coarse-grained inferred value for the
missing data.

3.3 Multi-view Graph Network Model

After Profile sensing, we propose a multi-view graph network to learn latent
representations for specific nodes and time steps. We then use the weighted
latent representations of various features to infer missing values of target fea-
tures. Depending on the considered feature dimensions, it can be divided into
three parts: dynamic spatial correlation, inter-feature and spatial correlation at
a specific time, and temporal correlation.

Dynamic Spatial Correlation. The traditional spatial Graph Convolutional
Network (GCN) structure typically assumes that the receptive field remains
unchanged, focusing only on the directly connected first-order neighboring nodes.
On one hand, this overlooks those indirectly connected graph nodes and their
influence. In fact, not only do first-order nodes exhibit strong spatial proxim-
ity, but also those graph nodes relatively far from the target node also show
spatial correlations. We proposed a graph convolutional network based on MI
dynamic information (MI-GCN). The input of the graph convolutional network
is the hidden layer features of the previous graph convolution, along with the
weighted adjacency matrix. Utilizing Chebyshev polynomials to approximate the
convolution process in GCN improves the traditional receptive field size exten-
sion, not limited to directly connected nodes. The minimal unit computation
representation of the spatial GCN is as follows:

A=UegAc+ (1 Uea)Ad (8)
2AT; 1 (A) — Tr—2(A), if k> 2
Ti(A) = { A, if k=1 9)
I, if k=0
K
H! =0(> Tp(A)H!VI=10) (10)
k=1

where A is the weighted adjacency matrix, [ is the number of hidden layers, and
Uc,a, W, 8 are weight matrices formed by neural network parameters.

Through the above design, not only the relationship between dynamic data
and static data in spatial structure can be balanced well, but also the adaptabil-
ity of the model can be enhanced, thereby it is better to capture deep spatial
features.
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Inter-Feature and Spatial Correlation at a Specific Time. Different
attributes of wind power data may demonstrate Different correlations. For exam-
ple, wind speed and power often exhibit similar trends, while the trend between
power and Nacelle temperature may be different. Although the previous view
captured spatial correlations between the same attribute data, It did not model
the spatial correlations of different attribute data at specific times. Since the
dynamic adjacency matrix Ay obtained from the MI layer is learned from all
features, it cannot capture feature-specific correlations between nodes. There-
fore, we suggest learning the correlations of different attribute data between
nodes from the target time series.

Therefore, we design a Graph Attention Network (GAT) based on static adja-
cency matrix to capture feature-related correlations. The computational expres-
sion is as follows:

N exp(LeakyReLU(A,)) (11)
" > jen exp(LeakyReLU(A.))
W =0 | 3 e whiY (12)
JEN
!
HY = [nh b, hL] (13)

where H](cl) represents the overall hidden layer features extracted by the graph
attention mechanism, and W denotes the learnable spatial and feature weight
matrix. In this way, the graph attention mechanism not only captures feature
correlations from a longitudinal perspective but also captures spatial correlations
at specific times.

Temporal Correlation. Existing spatiotemporal inference tasks usually use
variants of RNN to capture temporal dependence. Through empirical compar-
isons, we choose bidirectional LSTM(B-LSTM), which achieves relatively good
performance in our specific Scenario. We apply B-LSTM separately and identi-
cally to each node. At each time step, The B-LSTM network recursively takes
X as the input vector and aggregates historical and future information into two
hidden state vectors Zy; and Z ¢, then integrates the learned features from both
directions, using

Zpy = LSTM(Xy, Zs4—1,Cra_1) (14)
Zyy = LSTM (X4, Zyt—1,Ch—1) (15)
HY =Wi[Zs1: Zy4] + by (16)

where Z¢, Cy, are the cell memory state vector and candidate state vector in
the forward direction, Z;;, Cp+ are state vectors in the backward direction, W,
is the parameter matrix for linear transformation, b; is the biased term.

We combine the latent representations generated by the three modules men-
tioned above. Because these representations capture correlations from different
perspectives and are defined in different hidden spaces, we integrate feature
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information from these different dimensions by weighting them and connecting
them with some other information, then we infer missing values through a fully
connected layer.

HO = HO + axH" + a3 HY) (17)

X = FC(H®Y||Embedding(M)) (18)

where a1, a9, a3 are hyperparameters, Hgl),Hgl),H}l) are features extracted
from different dimensions, M is mask matrix, and FC(.) represents a fully con-
nected layer.
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Fig. 3. Missing-data distribution of wind power. Other attributes have similar distri-
butions. The white gaps represent the missing values. The bigger the gap, the more
missing values exist.

4 Experiments and Analysis

4.1 Dataset and Experiment Setting

The experimental data is collected from the SCADA system of the Penmanshiel
Wind Farm in Ireland, which contains a total of 14 WTs. The data cover the
period from January 1, 2017, to July 1, 2021, with a time resolution of 10 min.
The dataset comprises three different types of feature data: wind speed, wind
power, and Nacelle temperature. There are some real missing value in the dataset
such as depicted in Fig. 3.

To validate the effectiveness of the method, The missing data is obtained
by randomly deleting some time series of length over 50 from the complete
data, making the missing pattern more closely resemble real-world scenarios.
We choose h = 6 (i.e., 1h) for the datasets, where h is the length of time for
each sample. We use a sliding-window approach on: [t,t + h), [t + h,t + 2h), [t +
2h,t+ 3h), etc. Ensuring that there are no duplicate values in different samples.
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4.2 Evaluation Metric and Compared Methods

We use the Mean Absolute Percentage Error (MAPE) and the Root Mean Square
Error (RMSE) to evaluate our algorithm, which is defined as follows:

J o , y
1 |7}, — Tk
MAPE = — —d 5 1
T 222 (19)
k=11i=1 j=1 sJ
1 d n t
RMSE =, | - DD @k, — )’ (20)
k=1 i=1 j=1

where x}m and i‘}w) represent the true and inferred values of feature %k for
turbine ¢ at time point j, respectively. In the experiment, both traditional and
state-of-the-art imputation methods are used as our comparison methods.

(1) ST-lazy [4]: ST-lazy algorithm is a classic traditional data inference algo-
rithm. It learns to compute the missing values for the nth WT based on the
temporal and spatial correlations between other wind turbines.

(2) IGNNK [13]: IGNNK is a data inference algorithm based on diffusion graph
convolution. It is used to recover data from unsampled sensors on graph
structures and has shown good performance on many datasets.

(3) GNN-LSTM [14]: GNN-LSTM is a classic data-driven spatiotemporal infer-
ence algorithm.
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Fig. 4. Imputation error comparison for different methods under different missing rates.
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4.3 Imputation Results

Method Performance Under Different Missing Rates. To evaluate the
differences in the inference capabilities of our model and the compared method
for the task, we use a mask matrix to randomly mask 20%, 30%, 40%, 50%,
60%, and 70% of the values in the SCADA data according to continuous miss-
ing patterns. Figure4 illustrates the performance of our model with three other
methods that perform well in the field of missing value imputation. We found
that our model outperforms the other contrastive methods across different miss-
ing rates. Overall, the ST-lazy algorithm exhibits relatively stable performance
across different missing rates and outperforms some deep learning algorithms.
This phenomenon may occur because of the relatively strong spatial correlations
between nodes, which only impact the ST-lazy algorithm when the missing rate
is high. The poor inference performance of the GNN-LSTM algorithm may be
attributed to the fact that GNN only performs neighborhood message passing.
In wind power fields, spatial relationships are complex and sometimes extend
beyond the neighborhood, which GNN fails to capture the changes in global
spatial correlations.

The performance of the model may vary across different types of SCADA
data. For wind speed and nacelle temperature data, our method still achieved
inference errors of 9.21% and 10.42% under a 60% missing rate. across different
missing rates, which are significantly better than other algorithms. However, the
manual shutdowns of turbines within wind farms, coupled with the occurrence
of sudden power fluctuations, generally result in a high inference error of the
aforementioned methods for inferring power data.
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Fig. 5. The impact of different algorithms on the model in profile sense.

Comparison with Different Methods of Statel in Our Method. To bet-
ter understand the effectiveness of Profile sensing, we adopt different approaches
to handle missing values as inputs to the multi-view graph neural network. We
observe the performance of the multi-view graph neural network under missing
rates of 20%, 30%, 40%, and 50%. As shown in Fig.5, compared to no filling
and mean filling methods, the MAPE estimated by TS-KNN for missing values
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significantly decreases. This result validates the motivation behind our proposed
TS-KNN Profile sensing method. This approach not only achieves coarse-grained
data imputation but also facilitates the calculation of dynamic information for
multi-view graph neural networks.
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Fig. 6. The impact of different h on method performance.

The Impact of Different Lengths of Time for Sample h on Method
Performance. Figure6 shows the impact of different lengths of time for sample
h on our method performance. We used h = 6, 12, and 24, respectively. A large h
may lose time dependencies, but a small h might fail to capture the correlations
between time steps. In Fig. 6, the inference performance is optimal when h is 12,
whereas it significantly deteriorates when h is 24. This suggests that overly large
h is adverse to the model from capturing temporal dependencies and bringing
noise.

5 Conclusion

The two-stage wind power data inference method proposed in this paper
improves the accuracy of inferring missing data from two aspects: 1) a TS-KNN
algorithm is used to infer data profile and it is helpful to extract significant fea-
tures from the multi-view neural network, which improves the effectiveness of
data calculation. 2) We proposed a Multi-view Graph Network Model to capture
the deep dynamic correlation of time series data from different WTs. Finally, the
experimental results show that the method reduces the average inference error
RMSE by 19.01% under different missing rates compared with the best compar-
ison algorithm, and the data calculated by the method has high accuracy and
stability.
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