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Table 2 Specific parameters of various LSTMs
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Table 3 The prediction results of different model unit 1

i RMSE MAE W/ %
LSTM1 56. 030 38.58 96. 38
LSTM2 55.380 38.18 96. 43
LSTM3 52.930 39.53 96. 59

VMD-LSTM1 79. 670 64.51 94. 86
VMD-LSTM2 112. 160 87.75 92.76
VMD-LSTM3 99. 440 717.38 93.58
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Figure 6 Principal component cumulative variance
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Table 5 Multi-unit prediction results of different models

T A5 75 RMSE MAE HEH R/ %
LSTM1 229. 35 178. 68 98. 11
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LSTM3 263.24 204. 02 97. 84
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PSO-SVM  short-term wind power forecasting algorithm

Multi-unit Wind Power Prediction Based on Long Short-term Memory and

Particle Swarm Optimization

WU Zhenlong', MO Yipeng', WANG Ronghua®, FAN Xinyu', LIU Yanhong', GUO Xiaolian®

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Department of Electrics and
Automation, Shandong Labor Vocational and Technical College, Jinan 250300, China; 3. Zhejiang Academy of Special Equipment Sci-
ence, Hangzhou 310020, China)

Abstract; At present, the manual adjustment of hyper-parameter for current wind power prediction model was slow
and unreliability. In order to achieve the prediction effect, the model used in wind power prediction needs to select
the appropriate hyper-parameters for the model. Based on this, in this study, a multi-unit wind power prediction
model was proposed based on long short-term memory (LSTM). Firstly, the Spearman correlation method was used
to quantitative analysis. Secondly, the principal component analysis (PCA) was used to reduce the dimension of
the input features as well as extract the key information. In addition, considering the difficulty of choosing parame-
ters for LSTM, in this study, particle swarm optimization ( PSO) algorithm was used to optimize the number of hid-
den layer neurons in each layer of LSTM. For the problem of wind power prediction of multiple units, in this study,
a single wind turbine was used to find the most excellent model in a single unit, and applied the prediction model to
multi-unit prediction. Experiments showed that compared with other models, the root mean square error of the pro-
posed method was reduced by 11. 8%, and the mean absolute error was reduced by 5. 03%.

Keywords: long short-term memory; wind power prediction; multi-unit; particle swarm optimization algorithm

feature selection





