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Short-term power generation forecast of PV power station based on deep belief network
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Abstract: In order to solve the problems of complex prediction model, large prediction error and low generalization
ability in the existing short-term power generation prediction methods, a short-term power generation prediction method
based on deep belief network is proposed. Firstly, the environmental factors affecting PV output, the operation parameters
of PV panels and the historical power generation data of PV power stations are comprehensively considered to train and
learn the deep belief network. Then, the hidden layers of deep belief network are determined by reconstruction error.
Finally, a case study of a photovoltaic power station's short-term power generation is carried out to verify that the
prediction model can actively select the abstract characteristics of samples and automatically determine the hidden layers,
and has a high prediction accuracy for short-term power generation. Comparing the Back Propagation (BP) neural
network prediction model and the Long/Short Term Memory (LSTM) prediction model, the results show that the proposed
method has low computational cost and high prediction accuracy, and that increasing the depth of the neural network is
more effective than improving the neural network neurons for the prediction effect.
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Fig. 1 Diagram of PV power generation forecast
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Fig. 2 Factors affecting the output of PV power

L7 ! ! Ul a—ggtiTha
i R, —0—'1'tl.'ll3\§f‘..'_% 110
350} i
o« 300f . f 18
; f Wy 5
. & i . ¥
 250F P L {6 =
o o200b  If 2 .3
B it h B
e g o ‘l =
= o Jf L3 B
EE 4 £l
100F &4 A% 1o
& :
50t & 3
& T ™
(1] N . . "
0 20 40 60 80 100

FEASEL

3 AREBE SRR A BRIE
Fig. 3 Light intensity and PV output power

T Bt R MG O H S D IR A 2, G
4 JoR, JeR ) B E R IUEADE, R GR
e HLH T (R S 3 R IAE K FH fE i it P e R L
AL AR o

10}
10
8 15
%6 10 £
R -5 18
8 4l ]
® -10
3_
15
9 -20

0 20 10 ) 80 100
FEAY /A
4 RESKREBINE
Fig. 4 Temperature and PV power
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