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Optical power prediction method based on double
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Abstract: Photovoltaic power generation is one of the emerging clean energy power generation
methods. However, its efficiency is severely influenced by light intensity in the external environment,
resulting in unstable electricity input to the power grid. Therefore, it is very important to predict the trend
of change in power generation through collecting and analyzing external environmental factors. Currently,
most of the existing methods use a single model to construct the prediction structure, which leads to
unstable prediction results when faced with different environmental data. To address this problem, we
propose an optical power prediction method based on double deep neural networks. It employs BPNN (back
propagation neural networks) and LSTM (long short term memory) as the basic discriminators and
combines them into a more accurate and robust optical power prediction model through the genetic
algorithm. Experiments on the real datasets of northeast power grid show that compared with existing
single neural network models, the proposed method has higher discrimination accuracy and more stable
prediction results.
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Fig. 1 Unit structure of long short-term memory network (LSTM)
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Fig. 2 Schematic diagram of double deep neural network fusion algorithm

2.1 BPNN 02 W & 40 K%
BPNN 1] DUEL G 4% Bl 28 Y | 25 Tl ReAE 04 580 R mT LA 0L T 00 O AR % v I 9 B0 . 78 AR BB 46 )
19 BPNN 45 4 v . fdf 22 SR 451 % bR 505 66 2T 66 126 110 A1 BT IR0 2465 110 285 ) 2 80, 58 IO ) 25 0 51 B3040 1 i
I B A R BOR i B ANE
G SO U AR R bR EUE
T (ysy | Wib) =—ylog(y), (3)
SRIG RIS BE R Bk 45 IR B

] (y.y) ] (y,y) @
W - D@ ¢ AW ’

] (y,y) ] (y,y) 3=z

b T P ° b ’ €Y
FE R I AL 15 L A v, X 45 J2 S HGHE A T E0
] vy
Wl =W," —a - oww
J 3
b = b — g fa(bymy) (5)

e o M FH AR AL 535 47 (9 BPNIN 1 28 [/ 26 F8 00 ' Th R B A
2.2 LSTM 4 W &R K g

LSTM J& — Fj S 7 (1% 355 F T~ Ab 3501 51 5 G FL 2 e ) )3 9] 5040 g A58 80, ] DA % B 50808 43 2 Tl it
25 R 2R AE S PR R HEAE B 3R g P R e SRR (R R . O AR A T SR AR 1 I B B 4G 2 B ) 8 B8R
BA b T DAGE 2o A BB LSTM WD D R A 4R (. W] BPNN B 28 X 26— 48 P5 pf 28 I 28 . fiff P 2 1) 4% %
2 7 W B () 2 [ A% 195 A o D0 Ak TR A TR B T R % . AE B AR TR AR b, R 3 AT
GRETT £ AT T, it T o) 1 s RS S BTRAE ,



54 TR K FFHK % 45 &

Si=oW X, YUhR, +0), (6)
i, =cW X +Uw, +0.), D)
a, =tan \\W X, +U,w, +b.), (8)
C,=C, ) Of, +i,Oa,, €D

0, =cW, X, +U,w, +0,), (10
h, =0, ®©tanh(C,), (1)

KT AEW. U, HETTAREE b IR E; © RoR I wmocE R, fa AL LSTM B0E ) %=
B
23 WREHEZMEREHN

FAR RGO LA S B R B T R — Tl E RSO A Tl B R R 5 A SR i 4 R T AR, T LR S Al A
BOR B B B AE M L0 S50, s e Bk S 4 me il & 280 B AR R 09385 17 B2 IV A il 45 ) 1 22 B 2 A A1 il
LA RS BE . 3 RS R AR

AP aCoORIEFRGE IR g (X) N Z RIS HRAIZS T X 8R4 X TP AR REAS T T8 25 ) I KT, o2 U
g(X | ®,0,) =w, « B(X)+a, « R(X), (13)

A B(X) /& BPNN X A X A9 H 51458 R (XD & RNN XA X/ 5] 50 25

TE A 3 35 4 B 0 DU B T 45 B e Al 245 SR U o B T A5 21 S0 b 4 R R R A R A TUNAE . P T st AE Bk
SRR 7S 8] N HEAT BEAIL A48 &R, B UK 3R AT 1Y S (W] 0% S A0 ik, It LA st A% S Tk g Bk SR A A — E AN T &
PE . X F SO T S FO (A B, R T R G 45 S A R BRI A5 SRk 1 D0 Ak S BOM R R T DL st A5 R
TR i AR XA B A Ok o =2, R R AR Y e A A A TR A R e EL A S B T I B 4 I S SR T
PAISCHR LB — v, BRI ES RN EE 1 R,

x1 WREMEZMEHEZ

Table 1 Double deep neural network fusion algorithm
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Table 3 Parameters of BPNN and LSTM in the best state
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Table 4 Experimental results
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Fig. 3 Comparison results of different methods
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