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Abstract: A novel short-term wind power forecasting method called mRMR-PSO-LSTM was pro-
posed to address the limitations of traditional methods in ignoring the redundancy and temporal
dynamics of meteorological features. The methods employed the Minimum Redundancy Maximum
Relevance (mRMR) algorithm to select relevant meteorological features while minimizing redun-
dancy. Additionally, the Particle Swarm Optimization (PSO) algorithm was utilized to optimize
the parameters of the Long Short-Term Memory (LSTM) network, thereby enhancing its forecasting
accuracy. Experimental results demonstrated that the proposed mRMR-PSO-LSTM outperforms
FNN, GRU, and PSO-LSTM in four key evaluation metrics.

Keywords: short-term wind power forecasting; feature selection; long short-term memory network

1. Introduction

With the continuous development of society, the application of new energy is increas-
ingly becoming an important pathway to address energy issues and environmental pollu-
tion [1-4]. Among clean energy sources, wind power generation has drawn widespread
attention due to its pollution-free and renewable characteristics, and is considered the most
promising new energy source in China’s power generation sector [5,6]. However, due to
the strong stochastic nature of wind speed, wind power generation exhibits significant
fluctuations in power output, posing challenges to the stable operation and reliability of
the power system [7]. Although there is a significant correlation between wind power
generation and meteorological data, accurately predicting short-term power generation
based on meteorological data remains a challenging problem due to the uncertainty of
factors such as wind speed and direction [8-10].

Currently, researchers have successfully developed various models to address the
issue of wind power prediction. A series of machine learning methods have been applied
to this field [11-14]. Kramer et al. used support vector regression as a forecasting method
for wind energy time series [11]. Yesilbudak et al. proposed an ultra-short-term wind
power prediction model based on the k-nearest neighbors classifier, using wind speed,
wind direction, air pressure, and temperature parameters as multivariate meteorological
inputs [12]. Men et al. integrated hybrid density neural networks for short-term wind
speed and power prediction [13]. Sharifian et al. combined expert knowledge of fuzzy
systems with the learning capability of neural networks to achieve accurate wind power
prediction [14]. However, applying machine learning techniques to the field of wind power
prediction faces challenges such as significantly long computational times and the need for
further improvement in predictive performance [15].

With the rapid development of deep learning, it is increasingly being used for short-
term wind power prediction [16,17]. Abou Houran et al. combined Long Short Term
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Memory (LSTM) and Swarm Intelligence optimization algorithms to generate a frame-
work, the Coati optimization algorithm-Convolutional Neural Network-LSTM (COA-CNN-
LSTM), which can accurately estimate the short-term output of offshore wind power [18].
Zhang et al. proposed a wind power output prediction model by combining multivariate
time series clustering algorithms with deep learning networks based on numerical weather
forecast data [19]. While recent advancements have marginally enhanced prediction ac-
curacy, significant potential for improvement remains in wind power prediction. This is
primarily attributed to the inadequacy of existing methods in concurrently accounting
for the redundancy and temporal dynamics of meteorological features. Therefore, it is
necessary to explore more advanced methods to comprehensively and accurately capture
the correlation between wind power generation and meteorological data.

The Minimum Redundancy Maximum Relevance (mRMR) algorithm is a feature
selection method based on mutual information, which can be used to address redundancy
issues among meteorological features. It aims to maximize the correlation between features
and the target variable while minimizing redundancy among features, thereby improving
the quality of the feature subset [20]. Therefore, when applied to meteorological data,
the mRMR algorithm can extract the most representative meteorological features closely
related to wind power generation. Considering the temporal nature of meteorological data,
LSTM effectively addresses issues such as local minima, vanishing gradients, and explo-
sions commonly encountered by traditional neural networks, particularly exhibiting strong
modeling and analytical capabilities for time series data [21]. When LSTM is applied to
meteorological data, it can more effectively capture the temporal patterns of meteorological
features [22]. Additionally, Particle Swarm Optimization (PSO) algorithm, as a global
stochastic search algorithm, is introduced to optimize the weights and parameters of LSTM,
further enhancing the model’s generalization performance [23].

Combining the advantages of these three methods, this paper aims to effectively
address the redundancy and temporality of meteorological features. By utilizing the mRMR
algorithm to extract representative meteorological features, integrating LSTM networks to
handle temporal information, and then globally optimizing model parameters through the
PSO algorithm, we have developed a more accurate and robust short-term wind power
prediction model, mRMR-PSO-LSTM. The application of this comprehensive approach is
expected to not only enhance model performance but also better meet the requirements of
wind power generation systems for reliable prediction.

2. Materials and Methods

With the widespread application of clean energy, wind power generation, as an es-
sential component of renewable energy, plays a critical role in the stable operation of
power systems. In the research on wind power generation systems, researchers generally
recognize the significant correlation between meteorological data and wind power gen-
eration, thus extensively employing meteorological data and historical power generation
data to forecast short-term wind power generation. However, despite the improvement in
prediction accuracy to some extent, this approach still faces challenges. This is mainly due
to the stochastic, redundant, and time-dependent nature of meteorological data, making
accurate short-term wind power generation prediction still an urgent scientific challenge to
be addressed.

2.1. Data Preparation and Preprocessing

To evaluate the performance of the model, over five months of meteorological data
and historical wind power generation data were collected. The meteorological data include
31 features, which can be categorized into four classes as shown in Table 1, with a sampling
interval of 1 h. Meteorological conditions describe the fundamental attributes of weather;
cloud cover and radiation depict the atmospheric conditions of clouds and the intensity of
solar radiation; hydrological conditions describe the flow and distribution of surface and
groundwater, and atmospheric instability indices describe the stability of the atmosphere
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and potential convective activity. The historical wind power generation data were sampled
at 5-min intervals, resulting in a total of 39,454 data points after excluding any missing
values. To ensure data consistency, the historical power generation for each hour was taken
as the target variable. Specifically, the 5-min interval was converted to a 1-h interval by
averaging the remaining data within each hour after removing missing values.

Table 1. The collected 31 original features.

Category Feature

Atmospheric pressure
Air temperature
Precipitation
Snowfall
Snow depth
Snow density
Snow layer temperature
Surface temperature
Dew point temperature
Humidity
Evaporation
Potential evaporation
Wind speed
Wind direction
Visibility
Sunshine duration
Cloud base height
Low cloud cover
Medium cloud cover
High cloud cover

Cloud cover and radiation Total cloud cover
Total solar radiation
Net solar radiation
Direct radiation
UV index

Runoff
Hydrological conditions Surface runoff
Subsurface runoff

Meteorological conditions

Thunderstorm probability
Atmospheric instability indices Kindex
Convective available potential energy

Prior to model construction, the box plot method was initially executed to remove
outliers beyond the upper and lower bounds. The principle of the box plot method is
to arrange a set of data in ascending order and divide it into four equal parts. Let U
represent the upper quartile, L represents the lower quartile, and IQR = U — L represents
the interquartile range. Points falling outside the interval [U — 1.5 * IQR, L + 1.5 x IQR]
are considered outliers. Subsequently, 3663 data points were obtained for simulation
experiments. Additionally, considering the short-term continuity of meteorological data,
a strategy based on neighboring data was adopted. Specifically, missing values were
filled by utilizing the average of their adjacent data points to better preserve the temporal
relationships in the data. Finally, the min-max normalization method was applied to each
meteorological feature to eliminate the dimensional differences among different features.
Through the aforementioned data preprocessing steps, the data quality and consistency for
model construction were ensured, providing a reliable foundation for subsequent analysis
and experiments.
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2.2. Construction of mRMR-PSO-LSTM Model

In order to more effectively utilize wind energy resources and enhance the predictabil-
ity and stability of wind power generation systems, the mRMR-PSO-LSTM model has been
developed for short-term wind power generation prediction. The research framework is
illustrated in Figure 1, which not only encompasses data preparation and preprocessing
processes but also fully leverages feature selection methods based on mutual information
and deep learning prediction models based on time-series modeling, aiming to maximize
the extraction of relevant information from meteorological data to better adapt to the task
of wind power generation prediction. These steps are designed and executed reasonably to
contribute effectively to improving the predictive performance of wind power generation
systems. The process of feature selection and power generation prediction implementation
is detailed in the following sections.

Data preparation and preprocessing

Wind power time Outlier .| Missing value | Normalization
series data detection "1 imputation ] processing

The mRMR algorithm selects
meteorological features
8 v v

Maximum Minimum
relevance Redundancy
.| Selected feature set and power |
] generation dataset |
A
Optimizing the hyperparameters e > Testset
of LSTM using PSO
Y
Initialize N . N :
el P»| Update particles P»| LSTM algorithm

A

The loss value meets
the requirements

Final model |«

A

Prediction results

Figure 1. Flowchart of the mRMR-PSO-LSTM model.



Electronics 2024, 13, 2469

50f12

2.3. Meteorological Feature Selection Based on mRMR Method

The primary issue with using meteorological data is the redundancy of features,
which directly affects the stability of prediction models. After preprocessing meteoro-
logical data and historical power generation data, 3563 data points were selected for
model training, and the remaining 100 data points were used for model testing. Let
v = (yi, .Y, ysse3) be the data of 3563 power generation units, and
C = (c1, - ,¢i, - G ,c31) be the matrix composed of 31 meteorological features,
where ¢; and ¢; are the column vectors of the i-th and j-th meteorological features, respec-
tively. To find the feature set Cs containing five meteorological features, first, maximize the
average mutual information between the features and the power generation:

1
max D(Cs,y) = = ) Ml(ciy),

c;i€Cs
where MI(c;;y) = ¥y X ec, p(ciry)log(;A54)
tween meteorological features c; and power generation y, p(c;, i) represents the joint proba-
bility distribution of the i-th meteorological feature and power generation y, and p(c;) and
p(y) represent their respective marginal probability distributions. Secondly, it is necessary
to minimize the average mutual information between meteorological features:

) represents the mutual information be-

. 1
min R(c;, cj) = 55 Y Mi(c;;c)),
o ,Cj€C5
where MI(cj;cj) = ) (ci,cj)lo (m) represents the mutual information be-
i76j) = ucieeCs PACI GIRO8 pichpicy ) TEP
tween meteorological features ¢; and ¢;. By combining maximum correlation and minimum
redundancy, the mRMR algorithm uses the following equation to find the optimal meteoro-

logical feature set:
max $(D,R) = D — R,

where ¢ (D, R) represents the mRMR score, and D and R represent the correlation score
and redundancy score between meteorological characteristics and power generation,
respectively.

This paper is based on the mRMR algorithm, which accurately extracts the most
representative meteorological feature set Cs by maximizing the correlation between features
and target variables while minimizing the redundancy between features. The number of
features in the feature set is determined based on an analysis of experimental results. When
more than five features are selected using mRMR, the scores of the top five features are
significantly higher than those of the remaining features.

2.4. PSO Optimization of Hyperparameters in LSTM Models

To overcome the limitations of traditional models in handling long sequence data,
the LSTM network, known for its outstanding performance, is introduced to more effec-
tively capture the temporal patterns of wind power generation. As a variant of recurrent
neural networks, the core idea of LSTM involves the incorporation of gate mechanisms, aid-
ing the network in managing and utilizing long-term memory more effectively. The specific
structure of the forget gate, input gate, and output gate in the LSTM model is illustrated in
Figure 2. By employing LSTM, the model’s ability to model the complex temporal relation-
ships of wind power generation is enhanced, thereby enabling more accurate prediction of
future power generation changes.
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Figure 2. Figure of the unit structure of an LSTM network.

In meteorological data forecasting, the forget gate helps the network to disregard past
meteorological conditions as not all past information is crucial for predicting the current
moment. At each time step ¢, the forget gate f; is a value constrained between 0 and 1,
achieved through a Sigmoid function:

ft = U(Wf . [ht,l,xt] + bf)

The input gate assists the network in determining the importance of current meteorological
information (such as wind speed, temperature, etc.) for predicting wind power generation,
thus better adapting to varying meteorological conditions. Similarly, the input gate i; is
constrained through a Sigmoid function:

it = O'(Wl' . [ht_l,xt} + bz)

The cell state update enables the LSTM network to capture long-term dependencies within
the input meteorological data. S; represents the candidate cell state, constrained through a
hyperbolic tangent function:

gt = tanh(Ws . [ht,l,xt} + bs)

Subsequently, S; denotes the new cell state, obtained through element-wise multiplication
and addition operations between the input gate and the candidate cell state:

St = fisi—1 + 1S

The output gate aids the LSTM network in determining which information within the
cell states is useful for the final prediction, thereby generating the ultimate output. O;
represents the output gate, constrained through a Sigmoid function. This gate determines
how much of the current cell state is to be outputted to the hidden state:

O = tanh(Wo . [ht_1,xt] + bo)-

The hidden state &; encompasses the network’s cumulative memory of past temporal infor-
mation from the input sequence, reflecting which information from the current moment’s
cell state is selectively outputted through element-wise multiplication between the output
gate and the cell state:

ht = Ot tanhSt.

In the formulas for f;, i, and Oy, W represents weights, and b denotes bias terms.
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Additionally, the PSO algorithm is employed to optimize the parameters of LSTM,
aiming to enhance the model’s generalization performance. PSO simulates the collaborative
behavior among individuals within a flock of birds or a school of fish. In PSO, individuals
(particles) move in the search space and update their positions and velocities by learning
from both their neighbors and the global optimum position. In PSO-LSTM, each particle
represents a parameter vector, specifically the hyperparameters of LSTM such as learning
rate, number of hidden units, etc. The update rule of PSO is defined as follows:

t+1 ot t by
Umtz = WUy, + klrl(Pmn - xmn) + erZ(gn - xmn)/
1 _ ot 141
xmn - xmn + Umn *

where v, represents the velocity of particle m in dimension 7, w is the inertia weight, k;
and k; are acceleration constants, r{ and rp are random numbers, p; is the individual best
position of particle m in dimension #, g, is the global best position, and x;, is the current
position of particle m in dimension #.

2.5. Comparative Methods and Evaluation Metrics

To validate the effectiveness of the mRMR-PSO-LSTM model in addressing the re-
dundancy and temporality of meteorological features, PSO-LSTM, Gate Recurrent Unit
(GRU), and feedforward neural network (FNN) are employed as comparative methods.
The performance of each method is comprehensively evaluated by calculating the Mean
Absolute Percentage Error (MAPE), Mean Absolute Error (MAE), and Root Mean Squared
Error (RMSE). The formulas for calculating each evaluation metric are as follows:

MAPE = ﬁ % W"y_ky"l x 100%,
k=1
1 100
MAE = mk; Vi — Gl
1 100
RMAE = J 100 k;(}/k — k)%

T (k= 9w

2 (9 — 7)?
where y; represents the actual power generation data, fjx denotes the model-predicted
power generation data, 7; denotes the mean of the actual power generation, and R?
is a metric used to assess the model’s representation of the actual data. The closer

its value to 1, the better the predicted data reflects the actual data, indicating a more
effective performance.

R>=1

3. Results

The mRMR-PSO-LSTM, ENN, mRMR-GRU, mRMR-LSTM, and PSO-LSTM algorithms
were separately applied to datasets containing all 31 meteorological features, as well as
datasets containing only the five meteorological features selected through the mRMR
algorithm. Following the principle of controlled variables, the superiority of the selected
feature sets was displayed based on the performance of the models when the same method
was applied to different datasets. Meanwhile, the difference in model performance was
induced when the FNN, mRMR-GRU, mRMR-LSTM, and PSO-LSTM were applied to
the same dataset, depending on whether the model effectively handled temporal data.
Specifically, the mRMR algorithm was applied to preprocessed meteorological data and
historical wind power generation data. Through this algorithm, a feature set Cs containing
wind direction, wind speed, atmospheric pressure, air temperature, and humidity was
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selected. Wind direction affects whether a wind turbine can effectively capture wind energy,
with wind speed being the most critical parameter for wind power generation [24,25].
Atmospheric pressure, temperature, and humidity directly influence air density which,
in turn, affects the amount of wind energy that a wind turbine can capture [26]. These
five features exhibited the highest correlation with wind power generation, with minimal
redundancy among them. Subsequently, the first 3563 data points containing the feature
set Cs and historical power generation data were used for model training, while the
remaining 100 data points were reserved for model testing. In the LSTM model, both the
input layer and the output layer are set to time steps of 24 h. The multi-step prediction
value is set to 24. Each data point represents an hourly measurement, so a 24-h window
corresponds to a full day, capturing daily patterns and trends effectively. The parameters
of the FNN, PSO algorithm, and LSTM model optimized through the PSO algorithm are
listed in Table 2. The Levenberg-Marquardt (LM) algorithm is employed for training FNN,
which combines the advantages of Newton’s method and gradient descent, demonstrating
rapid convergence.

Table 2. Model parameter settings.

Method Parameter

Activation function: tansig (Hidden layer)
purelin (Output layer)
Training method: LM algorithm

FNN Learning rate: 0.01
Training goal: 1 X 10°
Maximum training times: 1000
Population size: 20
Maximum number of iterations: 200
PSO Acceleration constants kq, kp: 1.5
Inertia weight: 0.5
The maximum value of particle velocity: 10
The minimum value of particle velocity: —10
numHiddenUnits1: 67
PSO-LSTM numHiddenUnits2: 138

maxEpochs: 150
learning_rate: 0.0095

After training, the four models were utilized to predict the wind power generation for
the next 100 h. These predicted curves are depicted in Figure 3, where the red dashed lines
represent the model predictions, while the blue solid lines represent the actual wind power
generation. From the fluctuation trends observed in the six subplots of Figure 3, it is evident
that the predictions generated by the PSO-LSTM model closely resemble the actual wind
power generation, indicating that L5TM is better at capturing the temporal characteristics
of meteorological data, thus enabling more accurate predictions of future wind power
generation. Furthermore, regarding the fluctuation amplitudes observed in the six subplots
of Figure 3, the models based on the mRMR algorithm exhibit smaller fluctuations around
the actual wind power generation. This suggests that the mRMR algorithm effectively
filters out redundant meteorological features, enhancing the robustness of the model’s
predictive performance. It is noteworthy that the proposed mRMR-PSO-LSTM model
achieves the most accurate predictive performance among the six models, considering the
comprehensive consideration of the temporal and redundancy aspects of meteorological
features. This indicates that the model effectively addresses the issues of redundancy and
temporality in meteorological features, significantly improving the accuracy of wind power
generation prediction.
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Figure 3. Curves of wind power generation prediction by four methods. (a) FNN; (b) mRMR—FNN;
(c) mRMR—GRU; (d) mRMR—LSTM; (e) PSO—LSTM; (f) mRMR—PSO—LSTM.

To quantify the differences in predictive accuracy among the four models, their per-
formance results under four evaluation metrics are displayed in Table 3. Consistent with
expectations, the mRMR-PSO-LSTM model achieves the best results in terms of MAPE,
MAE, and RMSE, with values of 2.1328, 2.9038, and 3.3819, respectively, while also ex-
hibiting the highest value for R?: 0.9785. Specifically, compared to FNN, mRMR-FNN,
MRMR-GRU, mRMR-LSTM, and PSO-LSTM, the mRMR-PSO-LSTM model reduces MAPE
by 2.5994, 2.3647, 0.518, 0.4538, and 0.9141, respectively. Its MAE decreases by 6.9851,
3.6986, 0.7052, 0.8548, and 1.2445, respectively, relative to FNN, mRMR-FNN, mRMR-GRU,
mRMR-LSTM, and PSO-LSTM. Additionally, the RMSE of mRMR-PSO-LSTM decreases
by 9.6574, 4.2966, 0.8214, 0.9431, and 1.4494, respectively, compared to FNN, mRMR-FNN,
mMRMR-GRU, mRMR-LSTM, and PSO-LSTM. The R? of mRMR-PSO-LSTM increases by
0.29, 0.0892, 0.0117, 0.0136, and 0.0223, respectively, compared to FNN, mRMR-FNN,
MRMR-GRU, mRMR-LSTM, and PSO-LSTM.
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Most notably, the accuracy of mRMR-FNN predictions is superior to that of FNN,
and the accuracy of mRMR-PSO-LSTM predictions is superior to that of PSO-LSTM, in-
dicating that mRMR effectively addresses meteorological feature redundancy. Compared
to the results of mRMR-LSTM, mRMR-GRU showed slightly better performance in terms
of MAPE and R? but was slightly inferior in MAE and RMSE. This indicates that while
mRMR-GRU requires fewer hyperparameters, the overall performance of the two models is
comparable. Given that LSTM excels at handling long-term dependencies in sequences, it
is incorporated into the proposed model. Furthermore, the experimental results of mRMR-
LSTM and mRMR-PSO-LSTM demonstrate that the PSO algorithm effectively optimizes the
parameters within the LSTM model. This refinement results in improved performance and
validation of the PSO’s effectiveness in tuning LSTM networks. On the same dataset, PSO-
LSTM predictions are more accurate than those of FNN, demonstrating that PSO-LSTM
effectively captures the temporal characteristics of the data. In a word, the mRMR-PSO-
LSTM model has significant advantages in wind power prediction, offering not only lower
average errors but also more accurate fitting of overall trends. These findings provide
strong support for the reliability of the mRMR-PSO-LSTM model in practical applications
for wind power generation prediction.

While the proposed mRMR-PSO-LSTM outperforms the other five methods in all four
evaluation metrics, it requires a relatively longer computational time due to the utilization
of the PSO algorithm to optimize the parameters in the LSTM network. Table 4 shows
that while the proposed mRMR-PSO-LSTM model has the longest training time compared
to the other five methods, its prediction time is not more than two seconds longer than
FNN, mRMR-FNN, and mRMR-GRU. In practical applications, for the sake of efficiency,
it is common to complete the model training process ahead of time and save the trained
model. When predictions are required, it only needs to apply the already trained model
for prediction without having to undergo the entire training process again. Although the
prediction time may be slightly longer compared to the other five models, considering the
significant improvement in prediction accuracy achieved, such a time cost is well worth it.

Table 3. Comparison of prediction accuracy of six models.

Prediction Model MAPE MAE RMSE R?
FNN 4.7322 9.8889 13.0393 0.6885
mRMR-FNN 4.4975 6.6024 7.6785 0.8893
mRMR-GRU 2.6508 3.6090 4.2033 0.9668
mRMR-LSTM 2.5866 3.7586 4.3250 0.9649
PSO-LSTM 3.0469 4.1483 4.8313 0.9562
mRMR-PSO-LSTM 2.1328 2.9038 3.3819 0.9785

Table 4. The training time and prediction time of six models.

Prediction Model Training Time Prediction Time
FNN 31.21s 1.05s
mRMR-FNN 45.86 s 0.97s
mRMR-GRU 68.94 s 2.32s
mRMR-LSTM 85.20 s 341s
PSO-LSTM 100.45 s 3.52s
mRMR-PSO-LSTM 146.75 s 3.34s

4. Conclusions

Based on the characteristics of meteorological data, the proposed mRMR-PSO-LSTM
method in this paper demonstrates superior performance in short-term wind power gen-
eration prediction, significantly outperforming traditional FNN and single PSO-LSTM
methods. Through the mRMR algorithm for feature selection, we successfully reduced
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the redundancy of meteorological features, making the selected features more represen-
tative. Additionally, by introducing the PSO algorithm for parameter optimization of
the LSTM network, we effectively improved the model’s generalization performance and
accuracy. Compared to FNN, the mRMR-PSO-LSTM method has made significant progress
in handling temporal data and considering feature redundancy. This study provides a
more intelligent and accurate prediction model for wind power generation systems, which
is expected to enhance system operational efficiency and the utilization of clean energy.
The successful application of this method also provides valuable references for future
research on meteorological data processing, deep learning, and optimization algorithms.

One of the main findings is that the integration of mRMR for feature selection and
PSO for LSTM parameter optimization not only reduces computational complexity but
also enhances prediction accuracy, showcasing the synergy between feature selection
and parameter optimization techniques. Moreover, the contribution of this study lies in
its use of the mRMR algorithm to remove redundant features and the LSTM model to
capture the temporal characteristics of the features, thereby producing an accurate model
for short-term wind power generation prediction. However, a limitation of this study is
that it does not consider the robustness of the model to noise or a significant amount of
missing data. Therefore, future work will focus on enhancing the model’s robustness by
incorporating techniques to handle noisy and incomplete data, ensuring its reliability in
diverse conditions. In summary, this study not only advances the state of wind power
generation prediction by integrating mRMR and PSO-LSTM but also lays the foundation
for future meteorological data processing and optimization algorithms.
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