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Medium- and long-term power generation forecast based on climate characterisation and
an improved XGBoost algorithm for photovoltaic power plants

LI Yongfei, ZHANG Yao, LIN Fan, ZHAO Yingjie, CHEN Yuxuan, ZHAO Hanting, HUO Wei
(Shaanxi Key Laboratory of Smart Grid (School of Electrical Engineering, Xi’an Jiaotong University), Xi’an 710049, China)

Abstract: The importance of photovoltaic (PV) power in the energy structure is constantly highlighted, and improving the
accuracy of PV power prediction has become a key issue in current research. To address the PV prediction problem, a
medium- and long-term PV power generation prediction method using climate prediction data is proposed. First, multiple
sub-models are divided according to the characteristics of climate prediction data and prediction period to make full use of
the data. After data pre-processing, the high-value information of climate features is fully exploited through the derivation
and crossover and selection of climate features. A two-fold multi-stage hyper-parameter optimization strategy is adopted
to optimize the prediction model by adjusting the XGBoost hyper-parameters. Using real photovoltaic generation data, the
prediction level is evaluated by MAPE, and the effectiveness of the proposed medium- and long-term PV power
generation prediction method is verified by experiment. The results show that the method can effectively improve the
prediction accuracy of PV power generation.
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Fig. 1 Correspondence between numerical climate prediction data,

submodels, and photovoltaic power generation time series
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Fig. 2 Overall framework for medium- and long-term photovoltaic power generation forecast
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RZEIN, (HIHXFIEZRME ¢ RN R A8 HUN 1L RE
TR, 5 ETS #AAHLHL, XGBoost #%74[) RMSE
S WIBEAL T 0.0142. 0.0174. 0.0405. 0.0213 Al
0.0314, i XGBoost 1% [¥] MAPE 435 F& 1K T
4.90%. 2.24%. 3.52%. 0.98%H1 2.40%; ANN #&
TR0 368 5 A DA A 3 TG B S R T PR A R, TRk
5 ANN BRI EL, XGBoost %Y f) RMSE 43 5 F%
&7 0.0076. 0.0058. 0.0115. 0.0029 F1 0.0209,
XGBoost ] MAPE 7 3 FEAK T 1.62%- 1.81%-
1.01%+ 0.61%F1 0.92%. EiLxF ek, 2km
XGBoost Tl 7% B A /M) MAPE fil RMSE, il
I S S e
% 4 FEFIERE RMSE N EFRxt L5 8
Table 4 Comparison of RMSE scores of different

forecasting models

SRk RVSE
] ETS ANN XGBoost
1 0.1395 0.1000 0.0934 0.0858
2 0.1763 0.1629 0.1513 0.1455
3 0.1240 0.1328 0.1038 0.0923
4 0.1999 0.1690 0.1506 0.1477
5 0.1637 0.1498 0.1393 0.1184

#=5 FEFNERE MAPE i ERRXT L4 R
Table 5 Comparison of MAPE scores of different

forecasting models

SR MAPES
TR ETS ANN XGBoost
1 15.17 15.92 12.64 11.02
2 17.08 1525 14.82 13.01
3 18.37 15.58 13.07 12.06
4 16.56 14.99 14.62 14.01
5 17.62 15.36 13.88 12.96

3.4 1EAHRASIIG

9T PR IRAIE i XGBoost A5 T RE R L
AR, I B A R AR AR e R A R
A ST P AT RSy, B R A% 3 Fh S 56 Ak
SHAE R RS
3.4.1 FRAEIE I AL

SR8 UE S PR T 1 AR % SV 1) ER B AN A
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Rtk BRI AR R o ) SR AL A, )

“ANTE FEAARMFAE AR " R A BT SRR )RR ARG
BRI ARG T IO, IR S AT
FEHI ) “ 2t XGBoost B BEAT HLER, SR ANEK
6 [z~ 1, XGBoostl 7 A Ad FRHIELL £- 11 S
AT, XGBoost1* 75 A5 a7 B fiy i) 4511 6 ¢ 1Y)
SEYG AR o YRR IR 1) s 5 AR R S P Y R AN 18D

*® 6 BUFHER R E AR ARSI R
Table 6 Ablation experimental results of improved feature

selection algorithm

SR Lk TR MAPE/% THFERT [/

XGBoost 11.02 20.93

1 XGBoostl 13.51 0
XGBoost1* 11.53 233.59
XGBoost 12.06 45.56

3 XGBoostl 14.43 0
XGBoost1* 12.26 395.63
XGBoost 12.96 50.13

5 XGBoostl 14.65 0
XGBoost1* 13.34 495.36

DGR ELEL 1 %1, XGBoost 17 H XGBoost1
KR MAPE PRIK T 2.49%. KRG EEL
XGBoostl R ATHEALE T — LA AH B U AR KR
fE, SERERE LR, TGEIREIC. LR
B “RFIEIERE” BEHCE BT 21 BRAS b ZLRFE, &
TR R 0 & e, 72 v FUMUASE 2R F T30 R 77
A — 1, XGBoost it XGBoostl* £ #4 [
MAPE F#MIK T 0.51%, JHFERS [EI8> T 212.66 . 5K
6 2% 42 TR S 20 56 AN B 7 SRS AR 20 4L )
ALy 7 IAE L, Ty B> TR AL R (]
PETH TR . ARSEIGIRIE T ook A R R AR
SRR EE MR R
3.4.2 MSHHE R AR

N T IAE P E 2 B Bl S B R L B, E
AT T (R S B OR B, RIASSR B W 5 2 B
HMEHAT IS B, BEEAMNEE R TS
HOREE, WS (1) 1] 5 P RIS B 1 TR B
KRG R NE 7 s, HAd, XGBoost2 FnKH
] B DX R 48 2R P G LAY, I R 1) SRR A A Y
HEE S ETF A BN ZRE ]

FHER 7 nl%n, 7E)efREEs 14, XGBoost 7
k. XGBoost2 15! (] MAPE &M% T 0.99%, HilllZ:
IR ek 7 538.1 s FEJGARFLEG 4 1, XGBoost
1571 5 XGBoost2 4[] MAPE #H[F], {HIl 5]
T 28741 s; {ESGARHLEG 5 H, XGBoost 1R
%t b XGBoost2 # R[] MAPE 40117 0.05%, {H3

SR [ D T 5244650 AT S, RAMWEZS
b BOE S BT sRNS, AMURENS A PRI -
ERZE, 10 H KR4 XGBoost 57 [ il ki
8] ASCIRIGAIE 1 P 2 B BUE 2 A R SRS ) 5
VR R

®7 BERTSREERNHMIRER

Table 7 Ablation experimental results of hyperparameter

optimization
Sk Lk TR MAPE/% WIZRHT IR/

| XGBoost 11.02 72.19
XGBoost2 12.01 610.29

4 XGBoost 14.01 40.82
XGBoost2 14.01 328.23

s XGBoost 12.96 69.10
XGBoost2 12.91 593.56

ﬂ: ~

4 ZEip

A T — P TSR FRAE 4 b S it
XGBoost HiZ: I K G AR H sl e F B N V2,
FEPIIN JE BRGSO AR 2 B B FH T AN ()
RS, T AT A5k FH A LB T) B P ) <Ak it
WEHE . R E TR RHERIE . BSEGME
X ANERHEBAT IR FE 32488, X XGBoost #8317 24
1o 2t XGBoost 541 AH X T HARAR AL 7E 5 ek
HL A B B R TR . 50 XGBoost A7 H
(PVRFAIE I 335 02 AR 0 R SRS AE 32 = LIRS i
I, R eb 7RI ZRIS ], SR HEAE AR
Hx s it 7 —Fa R e T 7%, Kok
(1) TAE AT LAt — 5 25 R 06 22 Bl RG4S SRR AT
PR B 2 Hh X AT N H 550, H4E5 G Sihs T2
Yy s AR g it — D AR AR T o
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