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TimeGAN-based photovoltaic power prediction method under extreme weather events
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Abstract: Accurate prediction of photovoltaic power generation under extreme weather events is crucial for ensuring energy
supply and grid stability. However, the suddenness of such weather events leads to scarce historical data from photovoltaic
power stations, making it difficult to effectively predict photovoltaic power under extreme weather conditions. To address
this issue, a prediction method based on Time-series Generative Adversarial Networks (TimeGAN) was proposed to
augment limited historical data. The method captured the complex temporal dependencies between photovoltaic power and
weather conditions. Based on the limited historical data from photovoltaic power stations, the TimeGAN model generated
realistic time-series data to simulate the occurrence of extreme weather events, and subsequently conducted photovoltaic
power prediction. The experimental results showed that compared to traditional GAN for small sample augmentation, the
TimeGAN-augmented prediction results demonstrated better fitting performance. After 25% data augmentation, the Mean
Absolute Error (MAE) decreased by 1.14 MW, and the Root Mean Square Error (RMSE) decreased by 1.09 MW. After
50% data augmentation, the MAE decreased by 1.08 MW, and the RMSE decreased by 0.99 MW. These results indicated
significant improvements in prediction accuracy.
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Table 1 Grey relational analysis results of meteorological factors

D) i AIOREEE BRI K R EIRE
0.1 03124 0.2252 0.3443 03814 0.1831 0.6842
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1.0 07467 05741 0.7775 0.8131 03935 0.9237
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Fig.1 Structure of TimeGAN model
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Table 3 Error comparison of three data volumes under GAN-

based augmentation

Bl it MAE/MW RMSE/MW R
Pt 7.82 10.96 0.763
T8 25% 5.40 5.81 0.873
P4 50% 4.09 4.98 0.891

TimeGAN &b BREF [] 157 51 #4) BE F1 LA B X F 4 it K<
TOCAR T NEEAR Y TR AT A7, T 2% S RS b
E X H AN & 8 Bzl o

110 — LI — TOME

90ﬁ
700

50

o u

Il Il Il
250 500 750

HIRIMW

Il Il Il Il I}
1000 1250 1500 1750 2000
RFE A

a WIU/INFEAR

a Initial small samples

r — Sl — il
701
& sof
s
= 30}
RUIBITHNND
il UUULLUUUL
~10 . \ , \ )
500 1000 1500 2000 2500
KFE AR
b WA ANREAS SRRl E 35 25% Bl
b 25% data augmentation based on initial small sample
110~ - s
— FUSE; — BNE
907
70
=
s 50
S
30 d
10
L (LU i —ll
~10 ) \

Il Il Il J
0 500 1000 1500 2000 2500 3000
RAE R
o YUR/NFEASE R B 8I8 50% Hid

¢ 50% data augmentation based on initial small sample
8 TimeGAN ¥ AN TAEHEEHSMA H AT
RS
Fig. 8 Photovoltaic output prediction results with different data

volumes under TimeGAN-based augmentation

& 8 5.7 , 5% JH TimeGAN # $i2 I 6] SR 4, 37 5%
B TR 25 SR O TN AR D s A 1
SREAE N

TR ZEFE AR AT DL AR AR () o i M, 7 R) S A7 A

SRR LI AA 0 1Y 5, T MAPE (E, BT LIRS
HIEIZIEIR
JGAR UG 3 Pkl i AR 22 XS L Lk 4. GAN
5 TimeGAN BZESIFRT HLILE 5.
R4 TimeGANF AKX T IMEBEEREXT L
Table 4 Error comparison of three data volumes under

TimeGAN-based augmentation

Heliy 4 MAE/MW RMSE/MW R
JeA 1 7.15 10.60 0.796
25% 4.26 4.72 0.878
50% 3.11 3.99 0.912

x5 AEHETEAXNESIEN

Table 5 Comprehensive evaluation of different data

augmentation methods %
LG/ DN HERG LiF]E3 Il
GAN 96.09+0.79 92.93+2.76 74.75+0.63
TimeGAN 98.16+0.27 98.93+0.46 66.63+1.50
4 g

Bl el A S RS AR R 3l S B A5 B e
5B S B AR R 2 D ) [ R AR SCHRE M T — b3
T TimeGAN AR 3t R OGAR Dy 38 10 77 7, 45 1 LA
G

(1)FIFH TimeGAN X Yo AR B 3 7 s B ik 4 19
FE TR T A g RS AR A e R A /N T S 3
YIZREEREARAS I |, T T 52 W) F00I0KG 5 Ay [ 0, 3 ok
P IE/NEEARE , AT S S Dy AR A e A 3
TG He A U AN LG B T LU L 38 i B s
5 T Ik o A A A AL A e, B R T AR AS Y T
HEPE.

(2) K H TimeGAN 3 3 /INEEAS J5 1) Tl 45 S 418
T GAN 9" 34 iy /INEEA B T 45 31, A 3 i i &
PE, BT 1 25% J5 , MAEFEIE T 1. 14 MW, F &R
4 21% , RMSE [&5 T 1.09 MW, T %)y 18% ; 51
Y1 50% J5 , MAE FEAIK T 1.08 MW, T R#FR R
23% , RMSE (£ T 0.99 MW, F &% N 20%, it
AT L, 6 A A (8] 7 50 B0 B, TimeGAN 97 15 %5 4l
Je P T A 3 TR AR

ATHIN 25 AT LA Y, TimeGAN X 3 KA
SRR AR 78 19 78, mT LU G b v T
W sty RATCAR TR I, A R #D T I ha 5t R
JE P10 ) L, 4R v T OIS TR P R o R B T4 AR
(AT AR XM it R ASOR IR B, AT LA 454 v L
RGERY AR RE T, W HAME R

B % B RE R AR (1) G & 8, B RE VR & i 3
B A WG 0 S A g G D s BOE D R



g

. 58 - £ %

4

N

- R

% 47 %

TimeGAN X4 7 4 9 6 AR Ty 4 T I 45 A mT 2 T4
Ui KT BT BE 7, 388 S A JT 00 57 R D57 v
807 T LR B ) R GERRE BT .

SE

(11344, JaBkBT, XA . AN T4 e d R 7E XU 56k

S P AR A K A v g R SRR [T ). S5 R AR
Ui, 2025, 47(3): 32-46.
ZHANG Dongdong, SHAN Linke, LIU Tianhao. Review on
the application of artificial intelligence in data mining and
wind and photovoltaic power forecasting [J].
Intelligent Energy, 2025, 47(3): 32-46.

[2VE/NE, ZREr¥E, K5 &, . ST H RE B
figp (4 SR 301 DI0 AR A H Dl AR AL 5 UM S (0], i AR
2024, 48(7): 2948-2957.

LONG Xiaohui, QIN Jiyun, ZHANG Qinglei, et al. Short-

Integrated

term photovoltaic power prediction study based on similar
day clustering and modal decomposition [J]. Power System
Technology, 2024, 48(7): 2948-2957.

[3sdRT, 567, W/NAR, 45w LU n] AR REIRE ) R 58

KA SR PRI BT R A Bk, 2021, 45
(9): 171-191.
ZHUO Zhenyu, ZHANG Ning, XIE Xiaorong, et al. Key
technologies and developing challenges of power system with
high proportion of renewable energy [J]. Automation of
Electric Power Systems, 2021, 45(9): 171-191.

(4303501, X0, TH, & RTHEZESRLHEZ

B Rl A 1 G AR 2 B0 7 v [J/OL . vh [ ML TR o7
e, 2025: 1-14(2025-02-21)[2025-03-20]. https: //kns.
cnki.net/KCMS/detail/detail.aspx? filename=ZGDC2025022
0002&dbname=CJFD&dbcode=CJFQ.
DENG Fangming, LIU Tao, WANG Jinbo, et al. Research
on photovoltaic power prediction based on multimodal fusion
of ground cloud map and meteorological factors [J/OL].
Proceedings of the CSEE, 2025: 1-14 (2025-02-21)
[2025-03-20]. https://kns. cnki. net/KCMS/detail/detail.
aspx? filename=7ZGDC20250220002&dbname=CJFD&
dbcode=CJFQ.

[5]5KICHE, B E4E, BB, 45 . 2T K-means S0 LSTM-
SVR-DEJGAR Iy R AL A U ()], 2543 % R AB IR, 2025,
47(2): 71-78.
ZHANG Yuanxi, YANG Guohua, YANG Na, et al.
Photovoltaic power prediction based on K-means clustering
and the LSTM-SVR-DE model []J]. Integrated Intelligent
Energy, 2025, 47(2): 71-78.

[6] EEIK, # &, XA, 55 . Z Tl SCRAE 5 B M 45
HEALH S0 A KOG AR R I D AR T [T ] e I R A B
b, 2023, 47(20): 72-82.

WANG Yuqing, XU Fei, LIU Zhijian, et al. Ultra-short-

term power forecasting of distributed photovoltaic based on
dynamic correlation characterization and graph network
modeling[]]. Automation of Electric Power Systems, 2023,
47(20) : 72-82.

(7 JJkifErf, AL, XS, 45 . 5T K ksl 4 A BH R S A

TEATM AT S R [T]. B RS A3k, 2021, 45
(11): 170-183.
ZANG Haixiang, CHENG Lilin, LIU Ling, et al. Research
and prospect for data-driven estimation and prediction of
solar radiation [J]. Automation of Electric Power Systems,
2021, 45(11): 170-183.

[8]Lh)5t, sk, BN, &5 . He TE M 25 B ALY B AT IO

REAEM T2 (1], I R G A shik, 2021, 45(11)
44-51.
MA Yuan, ZHANG Xuemin, ZHEN Zhao, et al. Ultra-
short-term photovoltaic power prediction method based on
modified clear-sky model [J]. Automation of Electric Power
Systems, 2021, 45(11): 44-51.

L9k MR, RBKR, &AM, 4. 2T (-SNE B~ 5k

R 2 T O R A A B T H AR [ . TP v
2020, 53(6): 41-47.
ZHANG Xiaochen, ZHU Jinda, YANG Dongmei, et al.
Photovoltaic inverter fault prediction technology based on t—
SNE manifold learning and fast clustering algorithm [J].
Electric Power, 2020, 53(6): 41-47.

(101585506, 800, #:J7. “6-217 H IR X bR K Ha Je ri 1)
IBATEMAATLI ] RS A Bk, 2021, 45(7): 1-7.
LIANG Zhifeng, QIN Fang, CUI Fang. Impact analysis of
annular solar eclipse on June 21, 2020 in China on
photovoltaic power generation and power grid operation[J].
Automation of Electric Power Systems, 2021, 45(7): 1-7.

CI1 Xt , ERems, M8, 55 . 56T KIPh 2 M 25 i 26k

vl 0 I3 BB -2 SO LT 1. e 5 i I AR IR, 2025,
41(1): 89-96.
LIU Hongbo, WANG Duohao, SHI Peng, et al. Short term
time-space prediction of multi-photovoltaic plant output
based on graph neural network [J]. Power System and
Clean Energy, 2025, 41 (1): 89-96.

[12]LIU W C, MAO Z Z. Shori-term photovoltaic power
forecasting  with  feature extraction and attention
mechanisms| J | Renewable Energy,2024,226:120437.

[13]ELISSAIOS S, EVANGELOS S, EFSTATHIOS S, et al.
Short-term photovoltaic power forecasting using meta-
learning and numerical weather prediction independent
long short-term memory models [J]. Renewable Energy,
2023,216:118997.

(1435, akHr, THaEE, 55 . LT Az AT I 25 1 LSTM-
CSO By D REASEAR T A W e [J]. m R HAR
2022, 48(11): 4342-4351.

YIN Hao, ZHANG Zheng, DING Weifeng, et al. Short-



FIT A, 5 R T TimeGAN 894835 X A0k o 70 o % -+ 59 .

term prediction of small-sample photovoltaic power based
on generative adversarial network and LSTM-CSO [1l.
High Voltage Engineering, 2022, 48(11): 4342-4351.

(IS]HE A, BERG, 2258, 45 BB Z 3 50 R A AR Uk

L 0 2% 114 2 ) 0 r BN 7 9 (0 ). rb R AL AR AR
2020, 40(24): 7990-8001, 8236.
XIAO Bai, HUANG Yuru, JIANG Zhuo, et al. The
method of spatial load forecasting based on the generative
adversarial network for data scarcity scenarios [J].
Proceedings of the CSEE, 2020, 40 (24) : 7990-8001,
8236.

[L6]BZRE, H.0an, SR E, 5. ILIRFEM Rt 2 XU
ORI IEBITELT ). G40, 2024, 82(2) : 247-256.
GU Rongzhi, TIAN Xinru, YU Liangyu, et al.
Methodology in pre-assessment of the cold surge induced
risks in Jiangsu province of China[J]. Acta Meteorologica
Sinica, 2024, 82(2): 247-256.

(17 JEmE, K 1, M, 5. 5T RREAR MR

F ST HTRGAR A N DR TR AL [ ], B RE 24k
2025, 46(2): 317-325.
WANG Lijie, ZHANG Qingshan, HAO Ying, et al.
Photovoltaic adaptive power prediction model based on
meteorological data extrapolation and significance analysis
[J]. Acta Energiae Solaris Sinica, 2025, 46 (2) :
317-325.

LIS IS, MGl , s, & 5 THIEEEMIeR AR

Ty ZE F W (g1, b i L TR AR AR, 2024, 44
(13): 5196-5208.
ZHENG Ke, WANG Lijie, HAO Ying, et al. Ultra-short-
term prediction of photovoltaic power based on dataset
distillation[ ] ]. Proceedings of the CSEE, 2024, 44(13):
5196-5208.

(19 szl , BREEET, FMJT3E, 4F . BT et LST™M iR %

LT O i A A ()], K B RR =4, 2024, 45(11)
296-302.
PENG Shurong, CHEN Huixia, SUN Wantong, et al.
Research on photovoitaic power prediction method based
on improved Istm[J]. Acta Energiae Solaris Sinica, 2024,
45(11): 296-302.

[20] TLaGAe, SN, MM, 45 . 5 IEOGIRBEHLIE M 22 B
R W B R L 2 2R 22 A e L[ . P R AL AL T
P24, 2024, 44(6) : 2208-2220.

WEI Zhinong, MA Zhigang, CHEN Sheng, et al. Robust
chance—constrained security region model of AC/DC
hybrid distribution network considering the uncertainty of
photovoltaic generation [1l. Proceedings of the CSEE,
2024, 44(6) : 2208-2220.

[21]CHEN C C, CHAI L., WANG Q L. Research on stacking
ensemble method for day-ahead ultra-short-term prediction
of photovoltaic power[J]. Renewable Energy, 2025, 238:
121853.

(22 LA, Exath, w7, 55 . 2 TACGE W35 B R

P - -2 S RGAELR IR ] T4
AR, 2023, 38(15) : 4192-4207.
KONG Lingguo, WANG Jiaqi, HAN Zijiao, et al. On-line
power regulation of wind-photovoltaic—storage—hydrogen
coupling system based on weight adjustment model
predictive  control  [J].  Transactions of  China
Electrotechnical Society, 2023, 38(15): 4192-4207.

[23]YANG M, JIANG Y, ZHANG W, et al. Short-term
interval prediction strategy of photovoltaic power based on

spatiotemporal

meteorological ~ reconstruction  with

correlation and multi-factor interval constraints [J].
Renewable Energy, 2024, 237:121834.

[24]ZHAO Y ,WANG B ,WANG S, et al. Photovoltaic power
generation power prediction under major extreme weather
based on VMD-KELM []J].Energy Engineering, 2024, 121
(12):3711-3733.

(AL %% 55)

s H 83 :2025-03 -26; 1B H#3:2025-04-30
LM BEA:2025-06-17; R LE : www.iienergy.cn

EE T

PNITET (2001) , 53 450+, NGOk D S0y 1 1) i
5%, 1335900761@qq.com;

HNIT(1984) , 55, B #4Z , Wi 4, R ae I A e A
W 25 A RBUE R G55 7 TS, nnumg@njnu.edu.cn;

V3O (2002) , 55 A8 A=, NFHERG BRIR R 58 07 1H 1A
5%, 1819387688@qq.com;

4252(1999), 55 1A, =GR e Iy 3R F50) 1T 1)
Wrat, 221812050@njnu.edu.cn;

fE(2001) , 53 4044, NFE e ) R % e FasE 157
T AYRIFSE

R EIER



