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Photovoltaic power interval prediction based on SAPSO-BP and quantile regression
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Abstract: A photovoltaic power interval prediction is proposed based on an optimized Back Propagation (BP) neural
network by Simulated Annealing Modified Particle Swarm Optimization (SAPSO-BP) and quantile regression. First, a
dynamic SAPSO algorithm is used to predict the Photovoltaic (PV) output, taking the local minimization of BP and
precocious convergence of the particle swarm into account. Then it optimizes the parameter setting of the BP neural network
and improves the accuracy of prediction. From a deterministic prediction of PV power, the prediction power error of the
SAPSO-BP model under different weather types is analyzed. Finally, a quantile regression model is established based on
uncertain weather factors to realize the interval analysis of future power fluctuation. The model does not have to predict the
distribution of the PV predicted power error, and the calculation method is simple. The fluctuation range of the predicted
power of the PV can be provided at any confidence level. The model provides more abundant information for power system
scheduling decision and operational risk assessment.
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Fig. 1 Solar radiation and photovoltaic output
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Fig. 2 Temperature and photovoltaic output
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Fig. 4 Structure diagram of uncertain power prediction
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Fig. 5 Forecasting curve of photovoltaic power

5155 1. 2. 6 RAMK; 5 3. 7 KAMK;
55 4.5 RONHE R, He e M R AR FREII0RS 2 58 v
MR A s o, TR FE UK. By
BRI B () 255R, R 2 LA emares erwise TE R
ARV AZB AL T GE /1. AR 2 W& HAHIA R
AT SAPSO-BP TN AR B4, ELAH R Tt 75
BN, WERIRZE RN, FERPINRZ R A, HH
DR ZEAE AT RS2 JE FI A IR | IZ AR i T AT 18
* 2 TEMTNE RS
Table 2 Analysis of deterministic prediction results

EESit] it BP SAPSO-BP
R MAPE 0.101 0.092
(15 ) RMSE 0.134 0.103
AR MAPE 0.113 0.105
(13 K) RMSE 0.152 0.123
MR MAPE 0.184 0.143
(12 K) RMSE 0.255 0.238

1E_Fl e AR Dy 2T 48 Akt b, THE
AR SE, R I )b R AT R AR
A1, %F10 A 11 H—10 H 31 EliﬂJﬁﬁ%&%Ei&ﬁl:rﬁJ
TR, 7E455E 90%F1 80% E (5K F T, =MR=
R (P S X ) Tl 45 SR an i 6—F 9 B
H & 6—& 9 7] )., SAPSO-BP 1 BP 737 %X
B P AR R e, XA B RBR . ThERAR L

FRMW
(=il S SRV
= R=E =2 =17

0 200 400 600 800 1000 1200 1400 1600
M ] /min

6 BEX 0% EEX(E
Fig. 6 Confidence interval of 90% when it is sunny

ThEMW

0 800 1000 1200 1400 1600
I} 8] /min
7 AR 90%E X8
Fig. 7 Confidence interval of 90% when it is overcast

3.0

L /MW

i}
7 s,usmsmm X 1] \"

L)

0 A 9’ — — = BP 90%Ix il ™ o
0 100 200 300 400 iUU ()UO 700 800
[ 1] /min

8 MK 90%E 5 X8
Fig. 8 Confidence interval of 90% when it is rainy

MW
oo hww
(=R R=RV N R R

600 800 1000 1200 1400 1600
[ [] /min
&9 X 80%E(SXIE
Fig. 9 Confidence interval of 80% when it is sunny

EHBE LRI R, EARRKAEN T, X
B PN PR~ 35 B0 FE AR 22 80K . 3R 3 K 4 43l 9 BP
H1 SAPSO-BP [X [A] Tl () EA FE bR 2
# 3 BP XEFUMLER 2
Table 3 Analysis of BP interval prediction results

0 200 400

. BP 90% & {5 Ji BP 80% & {5 ¥
H — —
SPI8 5 B 5 P38 5 B
BN 0.454 3 0.906 0 0.266 1 0.7925
BIR 0.4635 0.886 8 0.2915 0.7925
(BN 0.606 3 0.868 0 0.409 4 0.7735

7 4 SAPSO-BP [X[BIFUMIZE R 43 #r
Table 4 Analysis of SAPSO-BP interval prediction results
SAPSO-BP 80% 5 {5/

SAPSO-BP 90% & {35 /&

H 2%
5 0.3870 0.9245 0.2206 0.8113
FAR 0.4381 0.905 6 0.248 9 0.792 4
BN 0.580 2 0.886 8 0.3839 0.792 4




A, 5

H

HI% 3. 3 4 ATA1L JGART R XA i~ 44
P b6 S G I s n, R (DI EBEBhECR)
[T 44 56 RN 78 55 R d e A LU R A R A 2. 5
4b, SAPSO-BP [X[A] 5% BP [X &) Tl 45 brt 58
oo BRI E, 2RI R, 2 RS
AN DR 35 R ), F0 T 2R % B3 B 2 A A
7, ABIX AT RS BAEKPRA—5, Hpld
TRIIE T AR AR () mT SE AN e . 500k
[24]+ 178 & tLocation-scale #H E, A G AR K
S HT LA SR 43 B [l s R R 92, T
FARFR 4 tLocation-scale [A'EA5 & R %%, G
HFRIAERSIG RSO T o

AT LIS UEA ST IR R, BT AL
BIRH S IR AR AT 17X, S5 5R € 5 fr
TNe ETN K (B D2 sh R B, AR
R e B AR b s e 7B RE R, BT IES
(DX TR PN 7 90% B AE FE T 178 55 264 0.81, 13
W e 0.57, 1Mo Ar a7 55 280K 89%, WA
JaH BRI A M EE XA, BEAESE N TR
SERMMA

=5 XEFMSHT

Table 5 Interval prediction analysis

S hr % [E] I9(90%) EA45341(90%)
H s A N
V35 B HHER T4 BT HER
i 0.3870 0.9245 0.4200 09120
BHR 0.438 1 0.905 6 0.4420 0.906 0
WK 0.580 2 0.886 8 0.5700 0.8100
4 5

AR — PR TR AR KSR &
MR TT, i BP #HA 2815 3 R AL ELAN ]
fH, SREDCRIIRIIAEEE - FE LG IR E 1 T
fBkAL b, ASCE o LA R R ST T R R
JEARX TR TR . 1G85 R 2518

(L) i AP U 14 8 ] 3 i [X T 00 46 7Y
FITIACR . HEX T2 BP 5%, ASCHEH A
PR KA —FB) 25 PSO &5 & Libi) BP 5%, 1EA
[ AR R ARAE N e S v FL TS 2

(2) T ASFRIRBL R SR F7 BB 1 DL
WA, HBHRZBAR . AR L t 4
8% B BB 1 D TN R 22 PR AN 5 1P R 3R R
T E LB R AR R NS5, IR S E BT
TN Lh AR P B

(3) 73 K [ml VA8 7R T 75 TG DR Wk 7 A1 2h %
T IRE AR ZE 0 A, BEVERA WO IRT FR R % 7>
ATSEBREOL, HAR g, JERNEREY ", AAHE

(2]

(3]

[4]

(5]

(6]

[7]

(8]

T SAPSO-BP 143 L4l () e R 2 56 X 1) B - 25 -
A TR R
SE 3K
(1) T, EfE EH, % KSR R X ) R

Grrg M ZRIR[I]. b E AL TR, 2014, 34(1): 2-14.
DING Ming, WANG Weisheng, WANG Xiuli, et al. A
review on the effect of large-scale PV generation on
power system[J]. Proceedings of the CSEE, 2014, 34(1):
2-14.

J3 B, M . XAV 8] e 47 ) 2 (] A A 3
HHL 77 47 s I A R [J]. ERRIEER, 2012, 36(11):
77-81.

WAN Kun, LIU Ruiyu. Application of interval time-series
vector autoregressive model in short-term load forecasting[J].
Power System Technology, 2012, 36(11): 77-81.
ALMONACID F, RUS C, PEREZ P J, et al. Estimation
of the energy of a PV generation using artificial neural
net work[J]. Renewable Energy, 2009, 34(12): 2743-2750.
FH, AR, WA, & TR E BP fh
LM HE DGR A BIITE[] ARG RS
i, 2016, 44(18): 81-87.

WANG Xinpu, ZHOU Xiangling, XING lJie, et al. A
photovoltaic output prediction method based on
improved gray BP neural network combination[J]. Power
System Protection and Control, 2016, 44(18): 81-87.

1ea) B2 [ VA R ok P Dl AR A LTI [3]. W 0 R 4 E Bk
2014, 38(5): 19-24.

HUANG Lei, SHU Jie, JIANG Guixiu, et al. Photovoltaic
generation forecast based on multidimensional time-series
and local support vector regression in microgrids[J].
Automation of Electric Power Systems, 2014, 38(5):
19-24.

KRG, B, BEXOE, 5. FT Kmeans-SVM K
HOGARR LTh ZTR[I]. I R G fry 54, 2018
46(21): 124-130.

ZHANG Yujin, YANG Lingfan, GE Shuangye, et al.
Short-term photovoltaic power generation prediction
based on Kmeans-SVM[J]. Power System Protection and
Control, 2018, 46(21): 124-130.

FARAR, B, . BT SOk SR LR
e R BRI Th ARSI, B RS E S
224, 2016, 28(11): 9-13.

WANG Jidong, SONG Zhilin, RAN Ran. Short-term
photovoltaic power generation rolling forecast based on
optimized SVM[J]. Proceedings of the CSU-EPSA, 20186,
28(11): 9-13.

FFAE, HREP. BT K2 R4 ALA R AR
A TN T RS E B, 2012, 36(19): 37-41.
WANG Shouxiang, ZHANG Na. Short-term output
power forecast of photovoltaic based on a grey and neural



-26-

@ HERIEF DR

(9]

[10]

(11]

(12]

[13]

[14]

[15]

[16]

network hybrid model[J]. Automation of Electric Power
Systems, 2012, 36(19): 37-41.

WA, R KB, & AT MIE-LST™M MG
RO ZEFN[. B RGER 53], 2020, 48(7):
50-57.

JI Xinge, LI Hui, LIU Sijia, et al. Short-term photovoltaic
power forecasting based on MIE-LSTM[J]. Power System
Protection and Control, 2020, 48(7): 50-57.

FIEW], B, R, 5T PSO-DBN £/ 44 i)
JeRF IR L T[] B RE RS =
2020, 48(8): 149-154.

LI Zhengming, LIANG Caixia, WANG Manshang.
Short-term power generation output prediction based on a
PSO-DBN neural network[J]. Power System Protection
and Control, 2020, 48(8): 149-154.

RN, KRR, EER, A I X R DD EE AR R
ZE T I B AR X B AE Th O AL (3], BEVE T, 2017,
45(2): 21-25.

YE Ruili, LIU Jiannan, MIAO Fengxian, et al. Analysis
of wind power prediction error and its confidence interval
estimation in wind farms[J]. Shaanxi Electric Power,
2017, 45(2): 21-25.

Fgh, x4k, 5kR, . T Monte-Carlo J5 i XU H
Ty & F00 AN 1 € VA [0 & B R R, 2015,
41(10): 3385-3391.

WANG Bo, LIU Chun, ZHANG Jun, et al. Uncertainty
evaluation of wind power prediction based on Monte-Carlo
method[J]. High \oltage Engineering, 2015, 41(10):
3385-3391.

ZIADI Z, OSHIRO M, SENJYU T. Optimal voltage control
using inverters interfaced with PV systems considering
forecast error in a distribution system[J]. IEEE
Transactions on Sustainable Energy, 2014, 5(2): 682-690.
AMESE, KT, RREIK, 5. OGRSk T
R EMER S AT VEN]. B RS H Bk, 2015,
39(16): 8-15.

ZHAO Weijia, ZHANG Ning, KANG Chongging, et al.
A method of probabilistic distribution estimation of
conditional forecast error for photovoltaic power
generation[J]. Automation of Electric Power Systems,
2015, 39(16): 8-15.

CHAI Songjian, NIU Ming, XU Zhao, et al. Nonparametric
conditional interval forecasts for PV power generation
considering the temporal dependence[C] // 2016 IEEE
Power and Energy Society General Meeting, July 17-21,
2016, Boston, MA, USA: 1-5.

B, OO, ok, A JETEhAS U R 2 ROB AR
R IRE A TONI]. o B AL AR A, 2013, 333
F 1): 38-45.

DONG Lei, ZHOU Wenping, ZHANG Pei, et al.
Short-term  photovoltaic output forecast based on

[17]

[18]

(19]

[20]

(21]

[22]

[23]

[24]

dynamic Bayesian network theory[J]. Proceedings of the
CSEE, 2013, 33(S1): 38-45.

BRACALE A, CARPINELLI G, DE FALCO P. A
probabilistic competitive ensemble method for short-term
photovoltaic power forecasting[J]. IEEE Transactions on
Sustainable Energy, 2017, 8(2): 551-560.

LI Zhi, YE Lin, ZHAO Yongning, et al. Short-term wind
power prediction based on extreme learning machine with
error correction[J]. Protection and Control of Modern Power
Systems, 2016, 1(1): 9-16. DOI: 10.1186/s41601-016-
0016-y.

WAN Can, LIN Jin, SONG Yonghua, et al. Probabilistic
forecasting of photovoltaic generation: an efficient statistical
approach[J]. IEEE Transactions on Power Systems, 2017,
32(3): 2471-2472.

ZHANG Yue, QIN Chuan, SRIVASTAVA K A, et al.
Data-driven day-ahead PV estimation using autoencoder-
LSTM and persistence model[J]. IEEE Transactions on
Industry Applications, 2020, 56(6): 7185-7192.

VR, TZHEZE. A BHEARGRN]. it 515
Big1z, 2008, 23(3): 89-96.

CHEN Jianbao, DING Junjun. A review of technologies
on quantile regression[J]. Statistics & Information Forum,
2008, 23(3): 89-96.

RIRFE, MR, IRANE. FET BP MM ROEIRK
R LE )TN 9], W] PR AR, 2013, 31(7): 11-16.
YUAN Xiaoling, SHI Junhua, XU lJieyan. Short-term
power forecast for photovoltaic generation based on BP
neutral network[J]. Renewable Energy Resources, 2013,
31(7): 11-16.

RIE, TR, B, 55 KR IYEMEIN L &
R[] ARG E Bk, 2017, 41(18): 167-175

WU Wenzu, QIAO Ying, LU Zongxiang, et al. Probabilistic
prediction method of wind power and its prospect[J].
Automation of Electric Power Systems, 2017, 41(18):
167-175.

M. T /INBE R HO6 AR Th 2 A IR < X 1) T
WEFE[D]. Ak ARALH 1K, 2020.

YANG Yu. Research on PV power short-term probability
interval forecast based on wavelet packet theory[D]. Jilin:
Northeast Electric Power University, 2020.

g#5 HER: 2020-07-29;

&EIHAR: 2020-11-16

UE=EMIE

FRAWNINI—), B, Hid, EZRIAZNT, FLTH

HALRALK], £ fAFN; E-mail: 16702324@qq.com

er

B F=x1976—), B, @fsiEH, W, Hig, LT
CHR EOM AL H], ATFRBREC) R AT R

A, A EREANKA, E-mail: ganyun_Iv@nijit.edu.cn

(i B 3edm)



