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Fig.1 Factors affecting photovoltaic power
T4 Pearson FH & 2 BURE NS i i 2 N AF 2 (W]
ARG, AN (4) s o

Z(ei —e)(d; _J)
- (4)

/Z(ei—éf /Z(di—d)z

Hodr e d Fw 5350 R B AL ) i e d T 3R A9 T3 ME
B e, B d 505 K e Tl d PSS i DICEE

MR R B F X 8] [0.8,1.0) . [0.6,0.8) .
[0.4,0.6).[0.2,0.4) .(0,0.2) I, M IR Sz 5
AHIE BRA G | SRR A G 55 AH G AR 55 A DG AN
M TR HRE 5 YEAR T2 1Y Pearson A R B R
B 53 A 6 AL BT/R , 7E 2 MG AR DR A FRAE A
AEL I G HER B2 | 4 (AR R AR S i, H AR A
R FCBANA S . A R i i A RRAE X BAR TR
52 R FE B9 FE AR , Pearson AH ¢ RECE A /IR, B




28

W, 4 TR R 2 LR A A AR A It B i 4]

HUBE SRR AR FIDE AR DR 8] 9 1E SRR PEAR GG R
ESGIR D3 5 & FFIEZ ) 1 6 R AT R R AR
PESCR N TR RIZIA R, A SC5 A Python AL %7 >
£ XGBoost H1 [ F#E e XGB Feature Importance 53
PO Y rh AR IE XS AR T AR 1

PROTRFIE Y XGB B ALTG I3 WK 5% A [KT A2, 45
4 Pearson & R %05 XGB Feature Importance f5
3O3R, B IR AR O R SR R X T A A
S A R A v, XU A [ 7 2 R A D7 v v B2 el
o B B RAG , AR S 1 v A0 5 AR AR R LSTM A 28
o0 288 455 R0 P S 03, LA 5 R G 2 B0 A AH FL A AR
7E LSTM 5 A i (A Bt R4 19 4005 BB 7 1 7E AR A
BArp 2 PR 73N WO AR R vh] 5 55

BiF s A A3 22l 1 AR R AE S OB IR T RIS
2k, H LR TR AT A R S AT 1 bR sk
B, NI AT DU H AR G IR 5 R R B s
AR A A H AHAE IR D RIS U5 BE
2% AR AUG RE I el , DOUIR DRI I, A
FH R AR AL ML 5 AR D A A L — B, B
AR Y 5 WG 5B AR T AU G P 22, KUY
W3 5 R AR BT TR A KR, R T i
AT, 5y B TR, ol DL FRZHFE
1.4 FRFFERIHE

Shy B AR AL i AR A5 RE T, SR HRER A
AR 4 3 A A8 T B R AR A ) T I P 2 o
SR SRR TS B . AR A 2D R -

(1) ] FH Pearson AH 5¢ 2 ¥t L &2 XGB Feature
Importance 73 W1 845 1E 5 YR TR B FI LK R

(2) B PERARSCHRRIE FH A & 10 07 XA BT RAAE 5

(3R AL IR ()RR BEA T AR S 20 A 5

(4) F4f 20 B (3) v &35 2R 3 45 e 24 45 o 1) 0T
fik, IF HoA 1 LR 1005 XURS: , 22 58 (2) B R AR
o7 3 B TR L L R 2H 5

P 2 g Bt E] B OBAR T A ith 2o iz 2k 2 B
H A I , R 20 i I, AR B s A i Ak
H JE A rh 4 67 B, g S 6 P R A BRI F 1 B A
AR 5 A S5 I )8 AR A 1) B BB, IR SR
WU AR, IEAh S5O IR TN AR AR e R LA
FAOETEAT ZBrd &, HAs R LM S A 6 A2 ARG 1
FHIE 1) Pearson HH G 2 BOHI BT J2 15 O P IZ 25 R

—
[\

oo

S /(kW-h)
N

40 80 120 160 200
FEAKL
B2 & AEREE

Fig.2 Schematic diagram of peak and valley distances
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Table 2 Prediction error of each algorithm model
5 — N e/ (kW-h) eyarg / %

KM WA XGBoost LightGBM ~ LSTM ~ DNN-BP @A %k  XGBoost LightGBM ~ LSTM  DNN-BP @A Ak
1 0.056 80 0.0622 0.058 64 0.07969 0.042 25 1.7413 1.908 7 1.987 4 2.8732 1.489 6

etk e 2 0.11200 0.1198  0.12510 0.14200 0.106 90 6.379 3 6.4255 5.106 5 8.8892 5.1733
2 2 3 0.07836  0.0912 0.16030 4.27580 0.061 30 7.1952 59077 15.6366 618.3303 8.9210
4 041340 0.6912 0.16370 0.38030 0.220 60 7.2558 149458 3.0541 11.8470 45223

SR 0.09470 0.1032  0.10390 0.200 60  0.085 40 4.863 2 4.967 3 42208 15.878 5 4.008 1

1 024180 0.2515 0.07160 0.04479 0.19230 722412 78.0523 12.387 1 8.7323 582076

2 0.09270 0.1102  0.15100 0.16080 0.090 50 1.828 0 2.3240 1.976 4 2.5801 1.740 7

KENE 3 0.19380 0.1245 0.13119 0.25620 0.161 90 5.876 1 6.949 9 3.628 3 8.2793 49167
4 0.07130 0.0754 0.08480 0.09050 0.064 50 7.130 8 7.3100 8.8793 10.170 3 6.618 4

AR 0.13720 0.1211  0.12740 0.17430 0.11990 9.736 0  10.8123 4.486 3 6.294 7 8.158 8
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4 0.09140 0.0912 0.07230 0.07890 0.08600 154173 16.1590 13.6294 11.8057 22.6242
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Multi-mode fusion ultra-short-term photovoltaic power prediction algorithm based on
envelope clustering
YANG Guoqing',ZHANG Kai', WANG Deyi',LIU Jing*,QIN Meirong'
(1. School of Electrical Engineering,Xi’an University of Technology,Xi’an 710054, China;
2. Xi’an Key Laboratory of Smart Energy,Xi’an University of Technology,Xi’an 710054, China)

Abstract: Aiming at the problems that the weights of meteorological factors are difficult to assign and the
prediction accuracy of single model is poor when traditional power prediction methods are used for meteoro-
logical factor cluster division, a multi-mode fusion ultra-short-term photovoltaic power prediction algorithm
based on envelope clustering of photovoltaic clustering is proposed. The abnormal feature data is preprocessed,
Pearson correlation coefficient and XGB Feature Importance module are adopted to analyze the correlation
between photovoltaic power and each feature,and new features are constructed. The envelope theory is intro-
duced, the photovoltaic envelope parameters are used for cluster division,the data after clustering is taken
as input,and the fusion model of XGBoost+LightGBM +LSTM is constructed using Stacking integrated lear-
ning framework to predict photovoltaic power. The prediction algorithm is compared with each forecasting
algorithm under meteorological factor clustering and power interval clustering. In order to avoid the influence
of model hyperparameters during training process,K fold cross validation is used to divide the training set,
validation set and test set of the data. The simulative results show that the proposed algorithm can effec-
tively improve the prediction accuracy of photovoltaic power under complex weather conditions compared
with the meteorological factor and power interval clustering methods, and multi-mode fusion effect is totally
better than single algorithm model.

Key words:photovoltaic power prediction;envelope clustering;multi-mode fusion algorithm;feature engineering;

K-fold cross validation
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Fig.Al Waveforms before and after restoration of abnormal average power data of photovoltaic power plants
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Table Al Pearson coefficient table of partial characteristics affecting optical power
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Fig.A2 Feature score XGB tree model
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Fig.A3 Partial features and photovoltaic power
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Table A2 Correlation analysis of combined features
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Fig.A4 Two-dimensional clustering sample partition
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Table A3 Model hyperparameters

SR

XGBoost

LightGBM

LST™

DNN-BP

PIEREE 6, % 2]% 0.01, YRR
HH 15000, e/ AR E
1, BB ERr7H0 20, BRK 2R
X FIKLRBE S E 0. 4, FRsEZal
1EAHL 300
)% 0,005, PeFEmE
12000, H/NFTSREARL 20, 5
VCEAR T FAFE LB 0. 8, Rk
4%k 2000
BARYKEL 1000, BEEZE 1, WK
20, 1 WA B REA S 200
BARYKEL 1000, BEEZE 7, Bad Edh
% e 64, fLALSE adam, L2 1ENI4L,
W PR relu
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