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Improved BitCN-LSTM short-term photovoltaic power prediction
based on the KNN-LASSO-PPC method

He Yuxuan' Wang Kun'® Zeng Jinhui' Liu Jie! Zhou Wuding'
(1. College of Electrical and Information Engineering, Hunan University of Technology,Zhuzhou 412007, China;
2. Zhuzhou High-tech Electric Power Group Co. , Ltd. ,» New Power Branch,Zhuzhou 412007, China)

Abstract: The photovoltaic power output is influenced by the randomness and volatility of weather conditions. To
address this, an improved BitCN-LSTM neural network-based short-term photovoltaic power forecasting method is
proposed using the KNN-LASSO-PCC approach. First, the KNN method is used to clean the dataset. Then, multi-
layer feature selection is applied by combining LASSO and PCC. Next. GRU and Elman neural networks are
incorporated into the traditional BitCN-LSTM method. Specifically, GRU solves long-term dependency issues and
parameter optimization problems, while the Elman network enhances local time-series modeling and memory capacity.
Finally, after multi-layer feature selection, global horizontal radiation, diffuse radiation, temperature, and humidity
are selected as input variables, and the predicted photovoltaic power output for each time period is selected as the final
output. A simulation is conducted for a 1~3 day period with predictions made every 15 minutes. The resulting optimal
evaluation metrics are an average absolute error of 9. 976 3% , mean squared error of 1. 702 9%, and average absolute
percentage error of 10.626 7%. The training time and optimal testing time are 181.305 1 s and 0.058 932 s,
respectively. Compared to other commonly used short-term photovoltaic forecasting models, the proposed method
achieves higher accuracy and faster speed.
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Table 2 Maximum absolute error of the model

HE Y 1x 2K 3K

VMD-FE-CNN-BILSTM  21.603 0 16.758 9 12.581 9
LSTM-AdaBoost 15.101 9 15.074 4 18.604 0
DPC-LSTM 11.278 6 15.104 7 19.247 5
CNN-BiGRU-TPA 11.792 5 13.289 2 17.027 0
BitCN-LSTM 15.949 3 14.539 2 15.841 3
GRU-Elman-BitCN-LSTM  6.8824 7.5392 7.7223

HE— 538 1 B R ) TR A5 25 18 AR o A, NSk 3~5
/K. MSE, MAE, MAPE X 3 438 #5 F » GRU-Elman-
BitCN-LSTM £ B (¥ ¥4 GE 46 4% f 4F » CNN-BiGRU-TPA #
HK Z, T VMD-FE-CNN-BILSTM, DPC-LSTM  # 1,
R TAL SRR 5 AR TR — 2R, R
£ MSE $8 45 T, # 47 3 KOG D E HM Y GRU-Elman-
BitCN-LSTM Al IR & ol 28 0 45 A B0 B 4 O 25 3R 0 T
1. 046 8 YR 2,

3.2 ZHMEBEITHENIEER

YL ITR] 25 b 28 X BASERL B i TR TR G 28 6 i . 6 4
RA M4 K% B B VMD-FE-CNN-BILSTM, LSTM-
AdaBoost, DPC-LSTM, CNN-BiGRU-TPA, BitCN-LSTM,
GRU-Elman-BitCN-LSTM fi7 1& %% 4 B [|] 43 531l 2 207. 308 1,
195. 232 1,178.037 4,189. 416 7,239. 074 2 F1 181.305 1 s,
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Table 3  1-day model prediction error indicator x7 Y U3 Bt )
e 7 MAE MSE MAPE/ % Table 7 Model testing time s

VMD-FE-CNN-BILSTM  18.2254 2.286 8 14.465 3 A 1R 2R 3K
LSTM-AdaBoost 14598 3 2.0257 14496 3 VMD-FE-CNN-BiILSTM ~ 0.071 289 0.095 884 0. 190 250
DPC-LSTM 13.303 6 2.0313 14,729 2 LSTM-AdaBoost 0.069 062  0.223 270 0.092 757
DPC-LSTM 0.097 531  0.080 513 0.072 709
CNN-BIGRU-TPA 10- 6873 1.803 1 12.034 1 CNN-BiGRU-TPA 0.067 425  0.088 346  0.094 893
BitCN-LSTM 13.520 6 2.3357 11.573 0 BitCN-LSTM 0.091 205  0.070 309 0.122 100
GRU-Elman-BitCN-LSTM  9.976 3 1.702 9 10.720 2 GRU-Elman-BitCN-LSTM 0. 058 932 0.067 602 0. 073 074

x4 2RNERBARERT

Table 4 2-day model prediction error indicator

8 70 MAE MSE  MAPE/%

VMD-FE-CNN-BILSTM 11.926 2 1.808 1 17.8461
LSTM-AdaBoost 12.469 9 2.0246 17.414 2
DPC-LSTM 13.559 5 1.9931 20.9880
CNN-BiGRU-TPA 12.493 9 2.086 7 17.767 4
BitCN-LSTM 15.3494 2.2351 21.6149

1

GRU-Elman-BitCN-LSTM 11.393 9 1.824 9 15.868 4

RS 3 RWRBETNIREIER

Table 5 3-day model prediction error indicator

LY MAE MSE MAPE/%

VMD-FE-CNN-BILSTM 11.077 0 1.923 5 13.5359
LSTM-AdaBoost 12.953 6 2.1724 14.268 6
DPC-LSTM 12.9209 2.2156 13.7717
CNN-BiGRU-TPA 11.054 0 1.918 2 12.894 5
BitCN-LSTM 14.409 8 2.2119 17.094 8

1

GRU-Elman-BitCN-LSTM 10.007 2 1.7352 10.626 7

£ 6 RV % iE
Table 6 Model training time

A YIZRI 18] /s
VMD-FE-CNN-BiLSTM 207.308 1
LSTM-AdaBoost 195.232 1
DPC-LSTM 178.037 4
CNN-BiGRU-TPA 189. 416 7
BitCN-LSTM 239.074 2
GRU-Elman-BitCN-LSTM 183. 305 1
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