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Fig.2 BiLSTM network architecture
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BT S AE R AR SCR AT K 4 R
RAE T AP WCELRE 7 A WE MO TR 394 % CNN-
BiLSTM-AM # AU T Sk 4 Jm T, RHZp A
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Table 1 DBO—CNN-BiLSTM—AM model hyperparameters
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T TR 2R i O R DL 1 3

F TR A L B4 5 52 % OCHRE HL AR i v )
WEEHZ, e, BT A B A —1k , IR 4
YIRAEFIINRAE s HU, R 7 22 B2 ik A o
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Fig.3 Composite model prediction program flowchart
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i . ——E:BiLSTM Cell— BITIITT]
(LT g iy
1k BiLSTM Cell —>
CIZEN e IR
{ BILSTM Cell > 3: ¥
1%
BA | nats 2
= : ‘ b
BiLSTM Cell —> ]
i s
BiLSTM Cell [—> ITTTTTT]

TERESIHL - B A Ta s o BRI A Zﬁgg

exp|s (Xi,q
2 expls (x,9)]

a=

1x< E

4 CNN-BIiLSTM-AM H&EL5HY
Fig.4 The combined structure of CNN-BiLSTM-AM model
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Table 2 Evaluation of environmental factors of photovoltaic
power generation

WA R VIF(H SEBMRs || MR VIFH SRS
iWiAEE 3238 0.8389 A 8596 0.1144
TR 5325  0.0541 fEULEE  24.531  0.0097
piTaE S 3861 02138 || RAJEIR 101.659  0.064 4
R 5164 04400 | ZEEE 5994 00501
2% 48392 0.0104 4 48730 0.0246
MeokiE  7.676  0.0072 Z1 36.834  0.0788

AR, BRI B AR IR TR X DL K
TR B BT RAE R JG SRS AT 42
3.4 TRMABEARLH Rk L B

SR 56 IR A ST £ Y DBO-CNN-BiLSTM -
AM B RS e BE TR, et T AR A 7
LSS R PRSE G A AT HE | B2 S50
AHIEI A A B, LIS ] — Bl 221 B F0 245 S a2t
FIXT LG . AERSE DBO Bkl 4 F AT RLA 2 i
BC/E HERE T | BRI 28 I 245 5 v R I AL %
1o FE AR AR 7 P AR B AR HR F Yy a0 22
PE A A 28 X 25 AR AL 3 TR GeA AU A P 3, il
RV il 52 5 %8 B DBO —~CNN —BiLSTM -AM,
CNN-BiLSTM-AM, BiLSTM D) } GRU # %4 i 17
XTH, % DBO-CNN-BiLSTM-AM #5755 {fi ]
DBO Bk ALy 5 MBS HIN, HASHYS
CNN-BiLSTM—-AM, CNN-BiLSTM—-AM #1 BiLSTM
RERIZHL— 5, GRU BLAL 5 BILSTM { F AH [R] 19
Dropout & ,GRU #' RNN 25 BiLSTM JZ (3%
BR 3, B R EUE SN 3 PR,

R3I MBERETESH

Table 3 The main hyperparameters of the comparison model

AR 2
AT 24K timesteps=10 19 BREX Lossfunction=MAE
A RBH U”é/%%%ﬁé& epochs=100 IE'J_\'MJC,%%( regularizer=0.1
22) K 11=0.0012 HEAL SR BatchSize=64
AL % Optimizer=Adam B AFHESEE INPUT_DIMS=5
PSR pop=30 A B e dim=5
DBO 5k EHSH % ZEL k=0.1 T 58 5=0.3
WEMBAF IR B BRI S 5=0.5 e RIERIREL Max_iter=500
. ) EFZL KN kernel_size=1 % PREY activation="relu”
CNN ZEFESH o B
I IERVEGE filters=64 drouput=0.3
. BiLSTM 2%k 3 Kl return_sequences=True
BiLSTM JZ= EH S

BiLSTM JZ I TCH Istm_units=64

drouput=0.3
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VA ZH
AM 2SR AM JZECHE FREL activation="Softmax”

Lambda JZ:SINGLE_ATTENTION_VECTOR=False

GRU EZEZ%]

[EE 2 BAITEL hidden_size=20
RNN 2%k num_layers=3

drouput=0.3

PRI G SC B0 BTN 22 W3R 4.
F4 EHWARREBHNRAMRE

Table 4 Prediction errors of photovoltaic power generation
for each model

FEE TR MAE/KW  RMSE/AW  RY%
DBO-CNN-BiLSTM-AM 14.149 19.447 98.96
CNN-BiLSTM-AM 16.739 22.828 98.04
BiLSTM 20.197 26.799 96.49
GRU 25.630 34.158 95.69
TSRS L S50 )G AR Ty S0 i 4 F i
ZeE BNk 5 JiE 6 Fros
1600 —ELH —O0BO-CNN-Bilstm—Attention
- CNN-Bilstm - - Bilstm —GRU
/ —Attention s
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0 36 72
i) /h

B 5 BB bR S REBSEATI RN R
Fig.5 Prediction model comparison experiment comparison of

photo—voltaic power prediction results of each model
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s ] /h
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Fig.6 Prediction model comparison experiment comparison of

photo—voltaic power prediction errors of each model
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Table 5 The optimization algorithm compares the main
parameters of each algorithm in the experiment
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Table 6 Single peak benchmark test function
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Fig.7 Optimal fitness iterative curves of different

optimization algorithms
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optimization algorithm models
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DBO-CNN-BIiLSTM-AM short—-term photovoltaic power
generation prediction based on feature optimization

Du Li'?, Li Zhenhua'?, Li Zhenxing', Wei Wei’, Xu Yanchun'

(1.College of Electrical Engineering and New Energy, China Three Gorges University, Yichang 443002, China;
2.Hubei Provincial Engineering Research Center of Intelligent Energy Technology, Yichang 443002, China;
3.State Grid Hubei Electric Power Co.,Ltd., Marketing Service & Measurement Center, Wuhan 430080, Chian)

Abstract: With the gradual increase of photovoltaic installed capacity, the stable and safe
operation of power system is facing challenges. By improving the prediction accuracy of
photovoltaic power generation, the operation stability and safety of power system can be improved.
Therefore, this paper proposes a DBO —-CNN -BiLSTM —AM short —term photovoltaic power
generation prediction method based on feature optimization.Firstly, Variance Inflation Factor
(VIF) and Extremely Randomized Trees (ERT) are used to calculate and select the features with
low VIF value and high importance score as input. Secondly, a CNN-BiLSTM -AM prediction
model is established by using Convolutional Neural Network (CNN), Bi-directional Long Short
Term Memory (BiLSTM) and Attention Mechanism (AM) with dynamic adjustment ability of
feature weights. Finally, the Dung Beetle Optimization algorithm (DBO) is used to perform global
optimization of hyperparameters to maximize the prediction accuracy.The experimental results show
that the prediction accuracy of the short—term photovoltaic power prediction method proposed in
this paper is significantly higher than that of the traditional method, which provides a good basis
for optimizing power dis—patching and stable operation of power system.

Keywords: photovoltaic power generation; BiLSTM; attention mechanism; dung beetle optimization

algorithm
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