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Photovoltaic power prediction based on IMFO-LSTM model
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2.Electric Power Research Institute, China Southern Power Grid, Guangzhou 510663, China)

Abstract: With the large capacity of photovoltaic power generation connected to the grid, in order to reduce the
randomness of photovoltaic power generation output, a long short-term memory (LSTM) based on an improved moth-
flame optimization (IMFO) algorithm is proposed to predict photovoltaic power generation power. Firstly, through data
preprocessing, grey relational analysis is conducted to reduce the dimensionality of input variables. Then, based on the
selected input variables, similar-day sample selection is performed using the grey relational analysis method. Secondly,
the position update formula are improved to enhance the performance of the moth algorithm. Then, the improved moth
algorithm is used in the optimization of the number of network layers and learning rate of the LSTM to improve its
prediction accuracy and reduce randomness. Finally, based on the pre-processed samples of similar days, the optimized
LSTM is adopted for power prediction. Simulation results show that the prediction accuracy of the model has been
improved to a certain extent, which meets the actual engineering requirements.
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Figure 2 The similarity calculation results of sunny weather

0.985 (15237
ay 0-980]
=
oo
* 09757
0-970/5 49 26 33 5
HAHRFS

3 3ERAMGMAMETFLER
Figure 3 The similarity calculation results of cloudy weather

0.975

0.972'1
0.970 -

0.965 -

AR AL

0.960 -

0.955r

0.951
31 25 39 40

0.950, ! ! !
29

BAHITS
B4 @RARAGMMETTER

Figure 4 The similarity calculation results of rainy weather
32 fFESH

W 358 SO AR, H R A B8 1 A o A B8 L SR
IMFO-LSTM #% B #E 47 1500 . K 1 80 %6 AH AL H A
AEAEAE NI GREE | J5 20 %0 FEAEURE V8 0 I3 48
(FRLE

T, N TR S RO K S PSO UK
TR AL 1k (grey wolf optimizer, GWO) Pl Jz MFO 5%
HEAT X H . B S 8O T, PSO R BE SR R 150,
GWO R BE50E K 35, MFO 5 IMFO (1% 7% ik F B %k
O 12, Bk R R ARy 350 I, Bk S ARL
X L QS Bras , m] LLE Y X e A R e
25, IMF O 5835 i W S50 1 BB, H e SSORs B2 B i

P25, N AIE IMFO-LSTM 58 i ) 45 5 it kS
&, DL LSTM A5 RY {4 1 I 285 S #E 47 %5 L, A R R =
IR Y T 25 SR L an ] 6~8 BT o



204 I <

15

Eid =S 3 2024 4E5 A

Ry 5 H TN 45 2R AR G L 5 A SR gy
It 1% 2% (mean absolute percentage error, MAPE) L)
e 3705 3 i 2% (root mean square error, RMSE){E &
PR BR e, B

1 Y, — Y,
€MAPE — I.L (24)
7121 1 Y/
1 n > \2
E€RMSE — *EI,I(YI‘*Y,') (25)
n
130
120 ---PSO
GWO
z 1ok, --=MFO
= 1001~ —IMFO
= 90t
& 80f
= L
5 70
= 60} -
5ol o
40 - - - - - -
0 50 100 150 200 250 300 350
AR UL

B 5 SLikmaestit

Figure 5 Algorithm performance comparison plot

90
80 | —o— PRIy
TR
2 70,{%LSTM5‘J\1J‘ ;
= 60 Iy
e IMFO-LSTM¢
R 501 T‘ﬁu'fJJJJi g
= 40
§ 30+
R 20+
10}
0
00:00 06:00 12:00 18:00 24:00
i Z1

Bl6 R T &b R 4o AT
Figure 6 Comparison of photovoltaic output power in a

sunny weather

100

90l —— SRR
__ LSTM Bl |
80 TR
=z
~ 70t . IMFO-LSTM|
6ol RRIUPIES
]
ES 50F
£ 40
pA
~ 30,
I
207
10
00:00 06:00 12:00 18:00 24:00
i 21

B7 %=TakRmbahREdk
Figure 7 Comparison of photovoltaic output power in

cloudy weather

R (24) (25) 1, Y, R & AL T RS BR Y,
R S AR e H T A B R R SN . X E A5 R ANk 2
e

90 ‘ ‘ : ‘
g0l SRR
LSTM i il
70F E 1
60L IMFO-LSTM |

TR 2 R

JeR %t D FE AW
N
o

12:00 18:00

fif Z)

00:00 06:00 | 24:00
B8 MR T &R h o F Ak

Figure 8 Comparison of photovoltaic output power in

rainy weather

R2 FRARAEBEGFHLER
Table 2 Evaluation results under different weather types
KR ik RMSE/kW MAPE/ %
LSTM 2.136 8 2.18
[EPN
IMFO-LSTM 0.9338 1.07
LSTM 5.983 3 6.37
za IMFO-LSTM 24817 2.56
LSTM 10.371 4 20.36
(iBS
IMFO-LSTM 4.5838 5.89

K 6~8 LI KR 2715  fE R RIEHT,
o6 R ) R R D e, LSTM £ AL DL K
IMFO-LSTM #5 5Y fy 35000 2y 2 15 25 R 5 /0N, #B 1 12
ZOR L H IMFO-LSTM A5 5 1 K B2 5 /& 5 1Ml 76 2
ZRAE OGRS TR IE e B Ay AN Fe o R
0, PRI 2 A 55 780 1 300 By 05 22 A T 1S K (EATS 4K
T A2 TUIIORG B2 L OK SR AE R R RAUE L BT 6k
iy M ) R R R M DA R LS T MR A iy Bt LA, 5
FLSTM AL [ TR B G, T 26 R 220K L
IMFO-LSTM # B iy 4 b 7 LSTM # £ 1 2% A
B BEALYE , I 8 i 4k 2 S B0R w700

JE L DRUE T 76RO AT A5 B0 1 T50I0RS B2 473 4R 186
FEEER

4 ZiE

AR T —Fh T IMFO-LSTM #5856



5539 55 3 1)

ZEPRAE A BT IMFO-LSTM A2 45 £R ) 5 T0 F 5

205

IR I AR B F 5 -

LS4
)2

1) 3l 3 K 8 5 3R B 73 A 3 08 S AR i i 2 R )
M PR 28 A S 6 B2 R A7 20 A, O 56 T 0 A 4 31 B9 B

o SR IR B4 R IE B A AL R A R AT S, AR
TR AT RO 5

2) 383 X MFO 830k B O B0 38 D BT 2

AT CHE , I 51U ek RO 7 R A

AR 75k AR R RE LA BSOS I

3) i 4 IMFO %4 3 % LSTM 2 #0171t ik

B AR T LS R B BE AL, OF $2 T T B &5
4 RS 86 5, foe il o 05 0 A B T IR B A A
RE

S E Wk

(1]

(2]

(3]

[4]

(5]

KRR N2 TR W Sk T e AL R Ll AT SVM
49 DX 80l AR Sy 22 S 3 0 O 2 (00, i A sh kiR A
2021,41(11):205-210.

ZHANG Yangke, LI Gang, LI Xiufeng. Short-term
forecasting method for regional photovoltaic power
based on typical representative power stations and
improved  SVMIJ].
Equipment,2021,41(11):205-210.

TR T T MR 565 L £ B R AR TR XU
W B2 £ v S8 TE U iR BT ST (0], & HL 4R ,2022,43(2):
278-286.

ZHANG Yongrui, YAN Jie, LIN Aimei, et al. Integrated

Electric Power  Automation

correction method of multi-point numerical weather

prediction  wind Power
Generation Technology,2022,43(2):278-286.

JA R SR — 25 3T BOBAR I R R
P Y ] S 22 BILAR T O AL TR B2 (D). WL ) 12,2023, 44
(9):108-117.

ZHOU Buxiang, WU Chenxu, QIU Yiwei, et al. Optimal

speed and irradiance[J].

scheduling of multi-electrolyzer power-to-hydrogen

clusters considering the temporal uncertainty of
photovoltaic power[J].Electric Power Construction,2023,
44(9):108-117.

R ARG A IE IR TR BRL A A gl A b
20 6 AR D B [9]. ¥ 7 Bk 2 5 B R 24 417,2020,35(3):
68-73.

ZHANG Min, LI Tianzhe, ZHANG Rongjin, et al.
Photovoltaic power forecasting based on information
fusion theory[J]. Journal of Electric Power Science and
Technology,2020,35(3):68-73.

KOSTER D,MINETTE F, BRAUN C,et al. Short-term
and regionalized photovoltaic

power forecasting,

(6]

(7]

(8]

(9]

[10]

(1]

[12]

enhanced by reference systems, on the example of
Luxembourg[J].Renewable Energy,2019,132:455-470.
AR5 47, L S PR LS T BE TR T R T AR 4
KRS B2 $ETHE D] e J7 HL M HE R ,2023,17(2):11-23.
DENG Weisi, MENG Zichao, WANG Haohuai, et al.
Renewable energy power prediction characteristics
analyses and accuracy improvement measures[J]. Southern
Power System Technology,2023,17(2):11-23.

it S 49 A IR UL A L IR H TR L R 24 R AR
Ty AT+ 4 05 442 0 [7]. B 1 & 52 A 3 16,2023,47(19):
64-73.

SHI Luwei, XU Xiaoyuan, YAN Zheng,et al. Dimension-
lifting affine control of photovoltaic power considering
voltage constraints of distribution network[J]. Automation
of Electric Power Systems,2023,47(19):64-73.

ARTRS ARV R BB 0 K - R K SE 4 AR T
WGAN-GP fll CNN-LSTM-Attention #J 48 391 5% & oh %
T[], /8 ) R G AR 545 1,2023,51(9):108-118.

LEI Kesong, TUSONGIJIANG-Kari, YILIHAMU -
Yaermaimaiti, et al. Prediction of short-term photovoltaic
power based on WGAN-GP and CNN-LSTM-Attention
[J]. Power System Protection and Control, 2023, 51(9):
108-118.

o i A 25 AR BRI . 3 T tGSSA-DELM 1 Ji 391 6 £k
R FL D B [J]. 8 B J,2023,51(10):70-77.

YANG Haizhu, LI Qinghua, ZHANG Peng. Short-term
photovoltaic power generation prediction based on
tGSSA-DELM[J].Smart Power,2023,51(10):70-77.

X G He, E R B R4S R T TR R R R D) A A
2GR Ty AT [7]. B T8 R % 4R ,2022,37(7):1800-
1809.

LIU Xiaoyan, WANG Jue,YAO Tiechui,et al.Ultra short-
term distributed photovoltaic power prediction based on
sensing[J]. Transactions of China
Electrotechnical Society,2022,37(7):1800-1809.

M6 24, 75 T 8 2% 55 5 B T IR B A T I OG AR ORI
F G0 B TN AT 5T (9] L 5 3 I AR R, 2022,38(7):
71-80.

YANG Pengxing, WANG Xiuli, ZHAO Xingyong, et al.

satellite remote

Research on harmonic prediction of the grid-connected
photovoltaic system based on deep learning[J]. Power
System and Clean Energy,2022,38(7):71-80.

R R RS ESRET R R IR
W5 ¥ W 5T (0] 1 R L £5,2023,59(9):250-257.

LI Min, YANG Shusen, LI Kefeng, et al. Research on
prediction method of photovoltaic

power power

generation under snow coating conditions[J]. High



206 B B %5 B OR ER 202445 A
Voltage Apparatus,2023,59(9):250-257. ZHANG Yunqin, CHENG Qize, JIANG Wenjie, et al.
[13] BAEIE BEBET 3T B & W Kmeans Fl LSTM 1Y %8 )¢ Photovoltaic power prediction model based on emd-pca-
AR 2 o, I [7]. | 0 5 4 36,2023,60(7):94-99. Istm[J].Acta Energiae Solaris Sinica,2021,42(9):62-69.
CHEN Yao, CHEN Xiaoning. Prediction of short-term [19] EARWE, T8 IR, 5 5L TG S KB 2 6 AR B
photovoltaic power generation based on adaptive 2 2] B DGR Dy A 4G T [J]. = B R ,2022,48(10):
Kmeans and LSTMJ[J]. Electrical Measurement & 4133-4142.
Instrumentation,2023,60(7):94-99. WANG Zhenhao, WANG ChOIlg, CHENG LOl’lg, et al.
[14] OSPINA J,NEWAZ A,FARUQUE M O.Forecasting of Photovoltaic power combined prediction based on
PV plant output using hybrid wavelet-based LSTM- ensemble empirical mode decomposition and deep
DNN  structure model[J]. IET Renewable Power learning[J].High Voltage Engineering,2022,48(10):4133-
Generation,2019,13(7):1087-1095. 4142.
, e g . , 20 T, Tk O X 4k L4 LT VMD =Y |
[15) {3 M B S04 5 e R ok gy (20] PR L IKID AUARAR ST VMD ISR S ) L
S ; LSTM By % 31 6K B 2 i [J]. %4 H 8h1k,2021,
IWPA-LSSVM St AR % r 2y # H [J]. [ e 17,2023, R R B[], s RGBS
45(3):174-182.
56(2):143-149.
. o . YANG Jingxian,ZHANG Shuai,LIU Jichun,et al.Short-
XU Yilun,ZHANG Bingiao,HUANG lJing,et al. Forecast
. term photovoltaic power prediction based on variational
of photovoltaic power based on IWPA-LSSVM
mode decomposition and long shortterm memory with
considering weather types and similar days[J]. Electric . ) )
dual-stage attention mechanism[J]. Automation of
Power,2023,56(2):143-149. .
T R N TS A A S Electric Power Systems,2021,45(3):174-182.
16] % N RET AL T R AR M R B B . e "
Lol i, & o 2V TS T A A% A LsT-
CNN-BiLSTM 148 1 XU HE 2 22 F il [J]. & <, § T — N . N
: L] CSO /0 BE AR (R 2 5 307 L 01, 7 4L T 4 K 2022,
2023,17(2):47-56. 48(11):4342-4351.
YANG Zimin, PENG Xiaosheng, XIONG Yuhan, et al. YIN Hao, ZHANG Zheng, DING Weifeng, et al. Short-
Short-Term wind power prediction based on information term prediction of small-sample photovoltaic power
in neighboring wind farms and CNN-BiLSTM[J]. based on generative adversarial network and LSTM-CSO
Southern Power System Technology,2023,17(2)47-56 [J]ngh Voltage Engineering,2022,48(1 1)4342_435 1.
[17) % BAE 2 RRB A5 AT MIE-LSTM MBI IR ooy o, 0 B 6 7 0 25,55 . 3 T AR (0L BE A% 1 2 450700 3
Dy (0], # Iy R G AR 5 5 ,2020,48(7):50-57. AR ARA A MG R T FM 1] f8 K 53 T RE IR, 2021,
JI Xinge,LI Hui,LIU Sijia,et al. Short-term photovoltaic 37(9):92-99.
power forecasting based on MIE-LSTM[J]. Power YU Hongwei,XU Guoze,HE Xudong,et al. Photovoltaic
System Protection and Control,2020,48(7):50-57. power prediction based on similar samples and dynamic
[18] BRZEZEK R ¥ SUR,5F 3L T EMD-PCA-LSTM 1) optimal combination of multiple models[J]. Power

R Th ZE BN A R[], A BH g 24 7.,2021,42(9):62-69.

System and Clean Energy,2021,37(9):92-99



