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Abstract: Wind power is a popular renewable energy source, and the accurate prediction of wind
speed plays an important role in improving the power generation efficiency of wind turbines and
ensuring the normal operation of wind power equipment. Due to the instability and randomness
of wind speed, it is difficult to achieve accurate prediction by traditional prediction methods. To
improve the power generation efficiency of wind turbines and realize the predictability of wind speed,
a hybrid wind speed prediction model based on GRUs (gated recurrent units) was constructed in
this paper based on a deep neural network and feature extraction method. The hybrid model feature
extraction module was implemented based on a combination of Tsfresh (a python package for time
series feature extraction) and sparse PCA (sparse principal component analysis), and the network
structure and other hyperparameters of the GRU module were determined through experiments. The
model was validated using actual wind measurement data from a wind farm on the west coast of the
United States. The results showed that the proposed model had less computational time and higher
computational accuracy than the SARIMAX (seasonal auto-regressive integrated moving average
with exogenous factors) and LSTM (long short-term memory) models.

Keywords: wind speed prediction; gate recurrent unit; deep learning; Tsfresh; sparse principal

Component analysis

1. Introduction

Wind energy is an important form of renewable energy and the most attractive al-
ternative to fossil energy. The wind strikes the turbine blades during motion, driving the
blades to rotate, and the turbine converts the rotational energy of the blades into electrical
energy [1]. In the process of wind power generation, unstable wind speed conditions
can lead to degradation of power quality and even destabilize the power generation sys-
tem [2,3]. If the wind speed conditions can be grasped in advance and the turbines and
other equipment can be adjusted in time according to the wind speed conditions [4], the
power generation efficiency of the turbines can be greatly improved and the hardware
equipment losses can be reduced. Based on the wind speed data of the wind field over time
and the current wind speed data for wind speed prediction, we can make point predictions
or interval predictions for the future wind speed. Wind speed prediction is an important
technical support module in the production decision of wind power.

In recent years, a lot of work has been carried out on wind speed prediction. The
current wind speed prediction content is divided into four types: long-term prediction,
medium-term prediction, short-term prediction, and ultra-short-term prediction [5]. The
application of different prediction contents is shown in Table 1.
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Table 1. Application of different time horizon wind speed forecasting models [6].

Forecast Content Time Horizon Application

ultra-short-term <1lh Real-time grid operation, equipment monitoring, etc.
short-term <8h Load dispatch planning, load r'atlonahzatlon decision

and power market operation guarantee, etc.
medium-term <24 h Reserve demand decision, etc.

long-term >24h Wind farm design, optimization of operation cost, etc.

According to the characteristics of random, complex, and many influencing factors of
wind speed, the current prediction model includes four types: the physical model, statistical
model, neural network model, and hybrid method model [7]. Chen et al [8]. developed an
adaptive ARMA (auto-regressive moving-average) model for short-term load forecasting of
a power system. Tyass et al. [9,10] realized short-term wind speed prediction based on the
SARIMA (seasonal auto-regressive integrated moving average). Kritharas et al. [11] made
use of the long-term historical wind speed record data from the ground station and used
the SARIMAX model to achieve the monthly wind speed prediction. However, because of
the solidified regression fitting method, the statistical model did not have an advantage in
dealing with the time-series wind speed with nonlinear characteristics [12].

With the continuous development of artificial intelligence, model construction and
prediction accuracy have changed dramatically [13]. Zhu Q et al. [14,15] combined the
advantages of LSTM and CNNs (convolutional neural networks), put forward a spatiotem-
poral correlation prediction model, and realized wind speed prediction by extracting
spatial features from CNNs and temporal features from LSTM. Liu M et al. [16] estab-
lished a prediction system based on the GRU model, which used relevant historical data
of the wind power system to predict results, and the prediction system could provide
support for network structure analysis and the control strategy of a multi-energy system.
Li C et al. [17] proposed a novel hybrid model based on gated recurrent unit neural net-
work and variational mode decomposition for wind speed interval prediction, which had
higher prediction interval coverage probability and narrower prediction interval width.
With the deepening of research, some scholars found that the single network structure of
most machine learning algorithms was not suitable for complex and variable wind speed
conditions. To further optimize the accuracy of model prediction, some scholars have
put forward hybrid models with multiple advantages by combining different research
methods. Zhou B et al. [18,19] proposed a hybrid method for ultra-short-term wind power
prediction considering meteorological characteristics (wind direction, wind speed, tem-
perature, pressure, humidity, etc.) and seasonal information, using ensemble empirical
modal decomposition to decompose wind energy data into smooth subseries and principal
component analysis to reduce redundant meteorological characteristics and improve the
model accuracy. Jung J et al. [20] used several historical meteorological variables, such as
wind speed, temperature, humidity, pressure, dew point, and solar radiation, as indirect
predictive characteristic quantities to achieve high accuracy wind speed prediction. The
hybrid model improved the accuracy of wind speed prediction, but the feature expansion
of wind speed data was less considered, thus requiring a large amount of feature data
(e.g., meteorological features such as temperature) and high computational cost in the
accuracy prediction.

Based on the above analysis, a hybrid short-term wind speed prediction model com-
bining Tsfresh, Sparse PCA, and GRU is proposed in this paper. The model includes data
pre-processing, feature extraction, feature selection, and data prediction parts. The model
first converted the non-linear and non-smooth wind speed data into a data format suitable
for the deep learning model. Then, the data of each subseries was feature transformed by
the feature extraction and selection module to output the subseries with the most distinct
data features. Finally, the subseries were predicted hierarchically using the prediction
module, and the final prediction results were obtained after the reconstruction of different
component predictions.
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The contributions of this paper are as follows:

1. A new short-term wind speed hybrid prediction model was proposed;
A detailed comparison of the performance and computation time of the proposed
model with neural network models and statistical models was made;

3. It was verified that the feature expansion approach was superior to the approach
using data features related to wind speed in the point prediction of univariate wind
speed time series data.

2. Materials and Methods
2.1. Tsfresh-Time Series Feature Extraction

Feature engineering is an important step used for many machine learning tasks, in-
cluding time series prediction [21]. Feature processing generally includes feature extraction
and feature selection [22]. Tsfresh is a python package that can automatically calculate a
large number of time series features [23]. The principle is as follows:

Suppose a set of time series D = {X1, Xp, ..., Xn} (i=1,2, ..., N) were given as input,
where X; needed to be mapped to a feature space with a particular dimension M. There
existed eigenvectorsx;:

xi = (X1, Xi0, - Xi M) 1)

The feature vector x; is constructed by applying the characterization method of time
series with the corresponding time series X; to obtain the corresponding feature vector.

f]' : Xi — xi,]- (2)

xi = (A(Xi), f2(Xi), -, fm(Xi)) 3)

M represents the number of features of the time series characterization method.

According to the above method, Tsfresh achieves feature extraction by parallel com-
putation. Its computational method consists of three steps: feature extraction; p-value
calculation; multiple computation, and testing. Tsfresh has 63 methods of characterizing
time series and can calculate 794 features.

2.2. GRU

LTSM achieved “long-term memory” of wind speed data by controlling the transmis-
sion state through gating states, but too many gating states led to an increase in training
parameters, which enhanced the training difficulty [24]. To solve this problem, GRU com-
bines input gates and forgetting gates to make a network with fewer parameters [25], which
can capture long-term dependencies more easily and improve the training effect while
ensuring memory. GRU unit architecture is shown in Figure 1.

h
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Figure 1. Structure of GRU Network.
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The GRU network calculation process is as follows:

1. Firstly, we defined W;,, Wy, W;,, W}, W;,,, and Wy, as the weight matrices for the
different phases, and b;,, by, bj,, by, bi,, and by, were the bias terms.
2. The GRU reset gate r; was introduced through the reset gate calculated using the equation:

re = o(Wipxt + biy + Wiy + by,) 4)
when r; was 0, n; contained the information of the current number signal input status.

3. The update gate z; controlled the amount of information forgotten by the hidden layer
at the previous moment:

zt = 0(Wizxt + biz + Wizhy 1 + byz) 5)

4. The hidden state /; carried the information of the current cell and passed it down to
the network, and the last output value was chosen among #; and h;:

ny = tanh(Winxt + by 41 X (Whnxt + bhn)) (6)

hy = (1 — Zt) X Ny 42z X hp_q (7)

2.3. Sparse PCA

Sparse PCA solved the problem that PCA did not have a sparse constraint effect on
the load in the main data direction. Cai T. et al. [26] proposed the sparse PCA method by
improving the interpretability of PCA through the method of sparse main direction load.
Sparse PCA is calculated as follows:

1. A starts from the first k ordinary principal components V [1: p, 1:k] (p—o0);
2. Given A as:

A= [“1/ Ko, - ,le] (8)
By solving the elasticity problem:
B; = argmin(a; — B)' X" X(a; — B) + AlIBI* + M, 11Bll ©)

wherej=1,2,...,k
3. Given B as:

B=[B1,B2 -, Bi] (10)
Calculate the singular value:
X"XB = upv’ (11)
Finally, update A:
A=uv? (12)

4.  Repeat steps 2 and 3 above until convergence.
5. Finally, standardization:

Bj
V.= " 13
T8 19

wherej=1,2,... k.
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3. Realization of Prediction Model

Complex weather conditions such as wind speed and direction aggravated the diffi-
culty of wind power generation. As shown in Figure 2, the wind turbine control system
timely adjusted the wind turbine according to the short-term wind speed prediction results.

Wind Direction

<) Power generation
and control systems

Figure 2. Schematic diagram of wind speed prediction and control. The control system made a
forecast of the next moment wind speed according to the current wind speed conditions and adjusted
the wind turbine in time.

The core of the proposed hybrid model was to create feature data similar to other
meteorological features, select appropriate features, and predict with a GRU network. The
block diagram of the prediction method is shown in Figure 3.
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Univariate Wind SpeedData | (—— — — —— — — — — —
P [ Data Preprocessing |
¥ | |
_ | Data Normalization

Data Preprocessing <—| |
l | Data Splicing |
] I
Feature Extraction Pia———— -

v

Characteristic Correlation

Comparison [~ — — — 7 7 77
Feature Extraction |
l | features I
| —| a |
Sparse PCA Feature Selection | a2 |
'L |
/ GRU Network Structure \ __________ -

Wind Speed Prediction

Figure 3. Flow chart of the prediction method framework. The hybrid model preprocessed the
original univariate wind speed time series data, and the processing included data normalization and
data binning. Feature processing was performed on the data, including feature extraction and feature
selection. Finally, all feature data were predicted using a GRU network.

The hybrid model steps were divided into the following steps:

1.  All data were sliced and normalized.

2. Data feature processing included feature extraction and feature selection, with Tsfresh
in charge of feature extraction and Sparse PCA in charge of feature selection.

3. GRU accepted the input data for data fitting to obtain the predicted values and
calculated the error based on the predicted and true values.

4. The weights of the layers of the GRU network were updated based on the BPTT
algorithm [27].

5. After setting the number of training steps, steps 3 and 4 were repeated, and the Adam
optimization algorithm was used to calculate the update steps until the loss function
was minimized.

6.  After the network was trained, the wind speed was predicted for each minute of the
next hour.

7. Error analysis was carried out to evaluate the model performance.
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During data normalization, outliers in the original data needed to be removed and the
null values were filled using the average of the first seven historical data. All data were
normalized using the Min-Max normalization method, as shown in Equation (14):

X; = Xi — Xmin (14)
Xmax — Xmin

x; represents each value of the time series, x5y denotes the maximum value, x,,;,
denotes the minimum value, and X; represents the normalized value.

The normalized time series data needed to be sliced before feature extraction. The
sliced data had more importance for discovering the detailed information of the time
series data. The data slicing in the data preprocessing module was as shown in Figure 4.
Suppose there was a set of time series. Its length is marked as “length (TimeSeriesData)” .
The preprocessing module decomposed all the time series data into n copies, I; denoted
the length of the subsequence, A denoted the length of time each segment of the sequence
needed to be predicted in advance, and the subsequence sliding window was J.

length(TimeSeriesData)

!“ >
gk

Figure 4. Data slicing in the data pre-processing module.

The evaluation indexes for wind speed regression prediction included MAE, MSE,
RMSE, and MAPE, which were calculated as shown in Equations (15)—-(18):

1 .
MAE = =Y 'ly; — i (15)
m3
1 m
MSE = —Y (yi — 9;)° (16)
m3
1 R
RMSE = 4| (vi — 0:)° (17)
i—1
1|y — i
MAPE = —Y |14 (18)
23

y; denoted the true value and #j; denoted the predicted value.
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wind speed m/s

wind speed m/s

4. Case Analysis
4.1. Experimental Data

The dataset was obtained from the National Renewable Energy Laboratory (NREL).
Data were readings from instruments mounted on a 270-foot weather tower with coor-
dinates of 39°54/38.34” N 105°14’5.28” W. Short-term wind speed measurements were
averaged from readings taken every two seconds and within one minute [28].

The data set for the research work in this paper was the data measured from the
meteorological tower at 2 m height. The data were divided into four datasets based on the
seasons, which were continuous data for ten random days in each season. The datasets had
57,600 data items, each containing wind speed data and associated with 12 other features,
such as temperature, humidity, and barometric pressure. The last 60 min of data from each
dataset were used for the test set, and the remaining data were divided into training and
validation sets with a division ratio of 0.75:0.25. The wind speed time series of the four
data sets are shown in Figure 5. The mathematical statistics of the wind speed data of each
data set are shown in Table 2.

12
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& 6l
o
£
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24 2
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0 L T T T T T T T T T 0 A T T T T T T T T
o] 2000 4000 6000 8000 10,000 12,000 14,000 16,000 o] 2000 4000 6000 8000 10,000 12,000 14,000
Time {min) Time (min)
(a) (b)
14 A
14
12 A
12 4
10 A P
-é 10
4 o
8 2 8
&
6 A 'g 6
=
4 4 4 4

0.
0 2000 4000 6000 8000 10,000 12,000 14,000 0 2000 4000 6000 8000 10,000 12,000 14,000
Time {min) Time (min)
() (d)

Figure 5. Time series representation of wind speed for the four datasets. (a) Time series representation
of spring wind speed dataset; (b) time series representation of summer wind speed dataset; (c) time
series representation of autumn wind speed dataset; (d) time series representation of winter wind
speed dataset.
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Table 2. Mathematical statistics of the four types of data.
Mathematical Statistical Indicators
Dataset Samples Length Max Min Mean Std Median Skew Kurtosis
all 15,840 11.68 0.36 2.76 1.78 232 1.29 1.67
<orin train 11,880 11.68 0.36 2.86 1.87 2.39 1.22 1.33
PINE  Galidation 3240 8.83 0.36 245 1.4 22 117 1.69
test 720 2.3 0.71 1.45 0.44 1.4 0.1 13
all 14,400 12.92 0.36 261 1.65 221 1.33 2
summer train 10,800 12.92 0.36 2.7 1.74 2.28 1.25 1.59
validation 3540 9.26 0.36 2.36 1.34 2.08 1.48 3.02
test 60 3.21 0.37 1.66 0.67 1.64 0.16 -0.7
all 13,476 14.17 0.36 3.86 2.35 3.36 0.8 0.07
w train 10,107 12.87 0.48 3.93 2.33 3.49 0.76 —0.05
autumn o lidation 3309 14.17 0.36 3.7 242 3.08 0.95 0.46
test 60 1.69 0.36 0.67 0.34 0.57 0.99 0.35
all 14,400 14.78 0.36 3.64 2.59 281 1.13 0.72
) train 10,800 14.17 0.36 35 243 271 1.11 0.72
winter o lidation 3540 14.78 0.36 4.04 2.96 3.1 1.03 2.53
test 60 12.21 0.77 5.77 3.09 5.66 0.23 —1.14

4.2. Feature Processing Result

The feature processing work was performed only for the wind speed data of the

dataset. Four datasets were subjected to feature extraction using the Tsfresh framework
and feature selection was performed uniformly by Sparse PCA. Table 3 showed the number

of features after feature extraction and selection for each dataset.

Table 3. Number of feature-processed features for each data set.

Datasets Number_Tsfresh Number Sparse PCA
spring 789 253

summer 789 234

autumn 789 250
winter 789 286

The correlation representation between the extracted features after feature processing

is shown in Figure 6. The darker the color, the stronger the correlation. The figure shows
that the correlation of the selected features was not high.

Figure 6. Cont.
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Wind speed (m/s)

Figure 6. Correlation of features selected for the four datasets. (a) Feature correlation representation
of spring dataset; (b) feature correlation representation of summer dataset; (c) feature correlation

representation of autumn dataset; (d) feature correlation representation of winter dataset.

4.3. Analysis of Hybrid Model Prediction Results

In this part, the predicted results for the four datasets are analyzed and discussed in

detail.

The wind speed prediction results of the hybrid model in four seasons are shown in
Figure 7. The black line represents the real data and the red line represents the prediction
results. The results showed that the wind speed prediction model had a good fitting trend
and tracking ability, and the individual abrupt change results could not be fitted perfectly.

2.25 A

2.00 A

1.754

= = =

o N v

o w o
L L L

0.75 A

0.50 A

—— Origin_Data
—— GRU_TsFresh_PCA

10 20 30 40 50 60
Time (min)

(a)

Figure 7. Cont.

Wind speed (m/s)

3.0 A

g
o]
)

I
o
5

=
5
L

1.01

0.5 A

—— Origin_Data
—— GRU_TsFresh_PCA

0 10 20 30 40 50
Time (min)

(b)

60



Energies 2022, 15, 7567 11 of 20

351 124
10
3.0
Toa 3
e & 6
2 2
B 2
2.01 41
2 4
154 — Origin_Data — Origin_Data
—— GRU_TsFresh_PCA —— GRU_TsFresh_PCA
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (min) Time (min)
(c) (d)
Figure 7. Comparison of predicted and actual values for the four datasets. (a) Comparison of
predicted and actual values for the spring dataset; (b) comparison of predicted and actual values
for the summer dataset; (c) comparison of predicted and actual values for the autumn dataset; (d)
comparison of predicted and actual values for the winter dataset.
The prediction error histograms for the four seasonal data sets are shown in Figure 8.
It could be seen that the maximum error was less than 1 m/s. According to the prediction
evaluation index, the prediction accuracy of the hybrid model met the requirements.
14 A
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10 A
£ B
S S
6
4 4
2 4
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Figure 8. Cont.
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Figure 8. Histogram of the error distribution of predicted and actual values for the four datasets. (a)
Histogram of the error distribution between predicted and actual values for the spring dataset; (b)
histogram of the error distribution between predicted and actual values for the summer dataset; (c)
histogram of the error distribution between predicted and actual values for the autumn dataset; (d)
histogram of the error distribution between predicted and actual values for the winter dataset.

4.4. Comparison of Prediction Results of Different Models
4.4.1. Description of the Control Experiment

In order to measure the accuracy and feasibility of the proposed hybrid model, the
SARIMAX model and the LSTM model were used as a comparison group for outcome
prediction while using the same data set. The control flow is shown in Figure 9, and the
module composition of the different prediction models is shown in Table 4. Each data set
was divided into two data types. The first one contained only wind speed data for feature
expansion, and was labeled as class A. The second one included wind speed data and 12
other relevant meteorological featured data, and was labeled as class B.

Table 4. The module composition of the different prediction models.

Model Name Module Composition Data Type

SARIMAX Model SARIMAX Class A
LSTM_Tsfresh_ PCA Model Tsfresh, Sparse PCA, LSTM Network Class A & Class B
GRU_Tsfresh_ PCA Model Tsfresh, Sparse PCA, GRU Network Class A & Class B

LSTM_Mul Model LSTM Network Class A & Class B

GRU_Mul Model GRU Network Class A & Class B
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Class B

r |
|Class A:Wind speed data |
| Class B:Wind speed data and multiple meteorological features |

A\ 4
Q
o)
c

Tsfresh
Sparse PCA

LSTM > Result

SARIMAX

A 4

70

Data Type Feature Processing Module ~ Prediction module ~ Results Comparison and Model
Evaluation
Figure 9. Experimental flow chart between dataset and model.
In terms of SARIMAX model parameter configuration, the parameters of the SARI-
MAX model were found by grid search to find the optimal hyperparameters. The LSTM
network used a four-layer network structure, with the second and third layers being the
hidden layers. The GRU network used a three-layer network structure, with the second
layer being the hidden layer. GRU and LSTM networks used the same initial parameters,
which included epoch, learning_rate, dropout, and activation function, etc. The hyperpa-
rameter optimization framework was used to find the optimal hyperparameters during the
training phase.
4.4.2. Controlled Experimental Evaluation
In this part, the different forecasting results of all forecasting models on the four data
sets are analyzed and discussed in detail. The MSE, MAE, RMSE, and MAPE metrics for
all the aforementioned prediction models are shown in Table 5. The decreasing rates of
the evaluation indicators obtained from the proposed model and the relevant comparison
model are shown in Table 6.
Table 5. Evaluation of the prediction results of the five models.
Datasets Data Type Model Name MSE MAE RMSE MAPE
Class A SARIMAX 0.18415 0.34181 0.42913 21.5437
Class B LSTM_Tsfresh_ PCA  0.00799 0.07536 0.08941 11.1132
spring Class B GRU_Tsfresh_PCA 0.01497 0.11156 0.12236 18.0979
Class A GRU_Mul 0.25500 0.49914 0.50498 36.8452
Class A LSTM_Mul 0.08446 0.26586 0.29063 17.4014
Class A SARIMAX 0.4618 0.57048 0.67962 46.122
Class B LSTM_Tsfresh_PCA  0.00359 0.04922 0.05996 13.6168
summer Class B GRU_Tsfresh_PCA 0.00108 0.02384 0.0329 9.8534
Class A GRU_Mul 0.22479 0.22479 0.47412 27.2866
Class A LSTM_Mul 0.21244 0.42376 0.46091 25.7521
Class A SARIMAX 0.23448 0.34644 0.48424 14.6314
Class B LSTM_Tsfresh_PCA  0.00199 0.03317 0.04467 11.3925
autumn Class B GRU_Tsfresh_PCA 0.00184 0.03148 0.04294 12.1422
Class A GRU_Mul 0.65398 0.80724 0.80869 39.6676
Class A LSTM_Mul 0.30338 0.54856 0.55079 26.7687
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Table 5. Cont.

Datasets Data Type Model Name MSE MAE RMSE MAPE
Class A SARIMAX 0.39196 0.50293 0.62606 17.906
Class B LSTM_Tsfresh_ PCA  0.01699 0.11946 0.13033 8.7932
winter Class B GRU_Tsfresh_PCA 0.01403 0.08312 0.11846 18.4467
Class A GRU_Mul 0.39577 0.48542 1.9894 36.0289
Class A LSTM_Mul 0.20425 0.61302 0.61429 23.9961
Table 6. Decreasing rates of evaluation metrics of other models and the proposed model.
Datasets Model Name Pprise(%) Prrae(%) Pryise(%) Priape(%)
SARIMAX 0.918708 0.67362 0.714865 0.159945
sprin LSTM_Tsfresh_PCA —0.87359 —0.48036 —0.36853 —0.6285
pring GRU_Mul 0.941294 0.776496 0.757693 0508813
LSTM_Mul 0.822756 0.580381 0.578984 —0.04003
SARIMAX 0.997661 0.958211 0.951591 0.786362
summer LSTM_Tsfresh_PCA 0.699164 0.515644 0.451301 0.276379
GRU_Mul 0.995196 0.893945 0.930608 0.638892
LSTM_Mul 0.994916 0.943742 0.928619 0.617375
SARIMAX 0.992153 0.909133 0.911325 0.909133
£ LSTM_Tsfresh_ PCA 0.075377 0.05095 0.05095 0.05095
autumn GRU_Mul 0.997186 0.961003 0.961003 0.961003
LSTM_Mul 0.993935 0.942613 0.942613 0.942613
SARIMAX 0.964206 0.834728 0.834728 0.834728
. LSTM_Tsfresh_PCA 0.17422 0.304202 0.304202 0.304202
winter GRU_Mul 0.96455 0.828767 0.828767 0.828767
LSTM_Mul 0.93131 0.864409 0.864409 0.864409

Through comprehensive analysis of Tables 5 and 6, the following conclusions can

be drawn:

@

@)

®)

Comparing the values of the single model and neural network model on the met-
rics MSE, MAE, RMSE, and MAPE, it was observed that the neural network model
achieved superior performance on the four metrics, which indicated that the neural
network could contribute to improving the model prediction. Taking the summer
dataset as an example, the MAE of the SARIMAX model was 0.57048, and the MAE of
the four neural network models were 0.4237, 0.2248, 0.0492, and 0.0238, respectively.
The same situation occurred for MSE, RMSE, and MAPE. Similarly, the law continued
to be maintained for the other three data sets.

In the neural network model, the neural network with the feature extraction module
performed better than the neural network model using only 12 types of climate data
as feature data. Taking the summer dataset as an example, the MAE of the SARIMAX
model was 0.57048, and the MAE of the four neural network models were 0.4237,
0.2248, 0.0492, and 0.0238, respectively. The same situation was observed for MSE,
RMSE, and MAPE. Similarly, the law continued to be maintained for the other three
data sets.

Among the proposed hybrid models, the GRU_Tsfresh_PCA model had better predic-
tive power than the LSTM_Tsfresh_ PCA model in the summer, autumn, and winter
datasets. In the spring dataset, the prediction accuracy of the two models was the
same. Taking the winter dataset as an example, the GRU_Tsfresh_ PCA model de-
creased 17.42% in MSE, 30.42% in MAE, 9.1% in RMSE, and 1.8% in MAPE compared
with the LSTM_Tsfresh_ PCA model.
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4.4.3. Visual Analysis of the Prediction Results

In this part, the visualization of the experimental prediction results for each of the four
data sets is discussed. The comparison of prediction curves for all experimental models
is shown in Figure 10. The scatter plot of the degree of fit of each model is shown in
Figure 11. It can be clearly seen from Figure 10 that the fitted curves of the individual
models deviated from the actual wind speed values as the prediction length kept increasing,
while the prediction curves of the hybrid model based on feature extraction were relatively
stable. Moreover, based on the scatter plots of different data sets, it was clearly seen
that the actual wind speed prediction values of the proposed hybrid model were most
evenly distributed on the regression line. Compared with other comparative models, the
prediction accuracy of the proposed model did not change significantly with the change of
the data set. Therefore, the predictive ability of the hybrid model was well validated.
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Figure 10. Prediction results of five models. (a) Five model predictions for the spring dataset; (b) five
model predictions for the summer dataset; (c) five model predictions for the autumn dataset; (d) five
model predictions for the winter dataset.
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Figure 11. Scatter plots of different model fit. (a) Scatterplot of model fit for the spring dataset;
(b) scatterplot of model fit for the summer dataset; (c) scatterplot of model fit for the autumn dataset;
(d) scatterplot of model fit for the winter dataset.

In addition, the evaluation metrics shown in Table 5 are visualized in Figure 12 in
the form of histograms. In the same subplot, each metric for different models in different
datasets was shown sequentially. Specifically, it was observed from all the prediction results
that the four metrics representing the prediction performance of GRU_Tsfresh_PCA in the

hybrid model were the smallest.
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Figure 12. Comparison of the evaluation of different models. (a) MAE comparison of different
models; (b) MSE comparison of different models; (¢) RMSE comparison of different models; (d) MAPE
comparison of different models.

To further evaluate the performance of the LSTM_Tsfresh_PCA and GRU_Tsfresh_ PCA
models, the model computation times were compared under the same computational con-
ditions, as shown in Figure 13. In addition, the starting and ending moments of time were
identical. From Figure 13, it was found that the GRU_Tsfresh_ PCA computation time was al-
ways lower than that of the LSTM_Tsfresh_ PCA model. This meant that GRU_Tsfresh_ PCA
outperformed the LSTM_Tsfresh. PCA model under the same conditions.
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Figure 13. Comparison of prediction time of LSTM_Tsfresh_PCA model and GRU_Tsfresh_PCA model.

5. Conclusions

For the ultra-short-term wind speed prediction problem, a hybrid prediction method
based on the GRU network, sparse PCA, and Tsfresh was proposed in this paper. The model
first processed the univariate wind speed data for feature extraction and feature selection.
Finally, the wind speed was predicted by the GRU network. To verify the predictive ability
of the proposed model, this paper performed a comparative validation using different
datasets and different models, respectively. The experimental results showed that:

(1) The proposed model GRU_Tsfresh_PCA had the best prediction results.

(2) Experimentally, it was demonstrated that the GRU network outperformed the LSTM
network under the same computational conditions after the wind speed data were
processed by features.

(3) The experimental results showed that the feature expansion could not only fit the
existing meteorological features, but also fit the feature data more suitable for wind
speed prediction than using the meteorological feature data related to the original
wind speed data directly. These data were not directly obtained in reality.

(4) In summary, the proposed method in this paper could be expected to have good
application prospects in the future because of its low computational cost and good
prediction performance.

However, there were still some limitations in this study, such as the quality of the raw
wind speed data. In future research work, we will further optimize the model based on the
prediction effect of the actual wind speed data to further improve the generalization ability
of the model.
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