$F49% 23
2021412 A1 H

@ HEAEY B EHR

Power System Protection and Control

Vol.49 No.23
Dec. 1, 2021

DOI: 10.19783/j.cnki.pspc.210112

ETHERTNE &2 NE AR RS HR A

XK, RAE, BRK, HREE, HEFE

(M . B A FRgT AR 8] o A A2 A 5%, ST 5% fe 550002)

THE: it — D4 m K BH B8 10 R 26 DL BRI T A BRI AR, 75 Z20) B4R (Photovoltaic, PV) B 1T KGR 1)
SECRAFIERE, CLSBLRAR T PV KRG 1T RS SRIM, PV LI BE SRR M AN 2 B SR MR AR AR S
W TTIEARMESR AT T A, (RIS Sz B 37— F S (Current-Voltage, 1-V) 3 8 A L & S B A ASTH. AL, 1=_E
T —FhE T BRI S & 2045 (Data Prediction based Meta-heuristic Algorithm, DPMhA)SRSEIE PV it 25k
. i, R AR BR 2% S HL(Extreme Learning Machine, ELM) % Szl Beds B AT I R A i, sk RE%
(Meta-heuristic Algorithm, MhA)$& (5 gl v] 52 00 5 B2 ek g, MG s 4 RR R AR 8 R ee 1. e, %
PR AR PV BT HEAT S0, 45 R, DPMhA B HER I WSO PSS

KR SR et BERTN; B REEE: WRREE N

Photovoltaic cell parameter extraction using data prediction based on a meta-heuristic algorithm

LIU Bin, TAN Zhukui, TANG Saiqiu, LIN Chenghui, GAO Jipu
(Electric Power Research Institute of Guizhou Power Grid Co., Ltd., Guiyang 550002, China)

Abstract: To improve solar energy efficiency and reduce the dependence on fossil fuels, accurate parameter extraction
and modelling of Photovoltaic (PV) cells are needed to achieve optimal design and control. However, the highly nonlinear
and multi-modal characteristics of PV cells make traditional optimization methods inadequate to obtain an optimal
solution. In addition, insufficient measured current-voltage (I-V) data also leads to imprecise modelling. Therefore, a Data
Prediction-based Meta-Heuristic Algorithm (DPMhA) is proposed to realize the parameter extraction from a PV cell. In
particular, an Extreme Learning Machine (ELM) is used to train and predict measured data, so as to provide a more
accurate and reliable fitness function for the algorithm. Then global exploration and local exploitation can be
simultaneously enhanced. Finally, a PV cell model with double diodes is employed to identify unknown parameters. Case
studies show that DPMhA has advantages of high accuracy and fast convergence.

This work is supported by the National Natural Science Foundation of China (No. 52067004) and the Science and
Technology Project of Guizhou Power Grid Co., Ltd. (No. 066600KK52180051).
Key words: parameter extraction; PV cell; data prediction; meta-heuristic algorithm; extreme learning machine

0 38

64k (Photovoltaic, PV) & 4 K A A KI5 4% fil &
K oA TS 0T 52 B AR )32 R4 R b,
HEMR AR PV LIt H AR RN PV R Gk AT
S3HT T B R IhR 55 ER ER (Maximum Power Point
Tracking, MPPT)FI i [ 12 Wi M i $i2 v L B 44 B U5
FIH R B AFI0y E B,

EEWH: BEAaRAF AL A 58 (52067004) ; 571 &
B A R A5 8] 43057 B & 85 (066600KK52180051)

—fieih, PV AR Y W EIRE R A B AR
%4 (Single Diode Model, SDM)®!, XU — % & &5 7Y
(Double Diode Model, DDM)M Al = — 4l 4% 45 7
(Three Diode Model, TDM)®1, 8 — 5 HLAT $2 6 45
Ffai sy SEMURCAIREE Ry i, (HETHER R ZE, Ha
HEFEASS), EHkER 1V i8R mKe. =
TARE AT DAE R E PV LI ) &R RS
AN EHG B f e, H AR RS B ey, AT IR T
K, BEFSELE ZRE. MRS BRI, ASCR X
TRERRY . TR B A SRR e A
ST RSB RCACRT F R A R IR AR T, H



X, 5F

ST Ml O R R AR it 28R ) - 73 -

RO WA O 2 TR IR ACE I, R
FEBEATH 1-V KRR AN [F] (R PR 358 A 10 S B
R

BT PV IS H R — 2R, ZIEE
R FEZME R EALAL I, AT AL e AR SRR A
USRS AL — 71, Ja kA% (Meta-heuristic
Algorithm, MhA) K H A IS S0E B P L KT 75 R 4t
A RF AR TR SR R RO R R 2 M S 5 — 2 S . S
Mk [9] K A [A] 3 # &% & v (Backtracking Search
Algorithm, BSA)#& 7 M#EE, Miifem 1 PV
HLI S HOR B RS . SCER[10] K FH AR A Ak 5325
(Grey Wolf Optimization, GWO)J& /N T BN J& ¥ B¢
MEIMER, 185 T PV HIBSEORAI 4 RS %R A
770 SCHR[L1]R Ak b AR AL SR (Month Flame
Optimizer, MFO)Js/b TizH &, RERE T PV H
WSEOFON R, WD TIZ1TRE A . SCHR[12)R
FHIR &tk Bk (Shuffled Frog Leaping Algorithm,
SFLA), i#Z/, FESng 7 mvE s, feH SRk
PV LI ZHb ] v B2 ] R

Fah, DR A B AR BT PV L
SN A O 2, SR AR a5 A DASRIOK
B 1 S B YR - L (current-voltage, 1-V)%dE, AT
FE PV HL R FE AN AT R S R B A TGX
—MERR, TR PR S EiE 34T A B R TR
WA, N A2 4 (Artificial Neural Network,
ANN) IR JBE 257 2] 75 5008 73 K A F 7 T e B 2
N5 7T A B Ak R 3180,

(R, AR SR A BRIt 4 42 P 5% (Siinglle-
hidden Layer Feedforward neural Network, SLFN)!6-17]
IR PR % S HL(Extreme Learning Machine, ELM)idk
A7 1-V AR T, LSRR MhA 58] 56 (138 B bR
. K MhA Fil ELM 454, H, ELM B3I AH]
PATE R PV ELI A BT S H0E O 4 B0A 2 801
WS PE ZE ISR i, IR 35 B e TOUIAS P2 A2 Ak e
1o F4h, MhA BRSSPV AT BEN I &
Hom e R R M R R e/, DUBUDIFERE . B
A HERR PRSI PV IS EGR] . @i %) DDM
RIS AT 1 B T X LA RN G d s A 45 0
BOUE T TR T IE A B .

1 PV HhEE

HHEl, ANFE PV Lt i) AR B A K 22
S, MsEbr TR AERA DDM, [RIHA S Xt
DDM #4753 #47. DDM BRI 40 1 Fios .

1 DDM 1R&![E]
Fig. 1 DDM model diagram
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Fig. 2 Framework of ELM-based data prediction for PV
cell parameter extraction
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50% 60% 70% 80% 90% 100%

N 1.30x102 1.26x1072 1.01x102 1.18x102 1.19x1072 1.04x1072
BoA Y 8.97x1073 1.02x1072 8.48x1073 1.11x1072 7.29x10-2 1.02x1072
N 2.22x1072 1.87x1072 1.53x102 1.54x102 1.70x102 1.50x1072
ewo Y 1.15x102 1.58x1072 1.46x102 1.52x102 1.26x102 1.43x1072
MEO N 4.88x1073 2.79x1073 2.78x1073 3.61x10°3 2.43x10-° 2.71x103
Y 3.64x1073 2.55x1073 2.46x1073 2.74x1073 2.43x10-° 2.50x10-
AEO N 2.12x1073 1.77x1073 1.77x10°3 1.78x10°3 1.76x1078 1.73x1078
Y 1.97x1073 1.73x1073 1.81x103 1.70x10°3 1.74x1078 1.77x1078

*2 FREARNEENSHIRFER

Table 2 Parameter extraction results by various MhA
AV YIGREUIE i 50%0 1 S 4L
Ion/A Isi/A Rs/Q Rsn/Q a1 Is2/A az

BSA N 0.7612 3.26x107 0.036 0 54.596 6 1.790 6 2.49x107 1.4638
Y 0.760 6 9.49x1078 0.0341 65.613 9 1.6230 4.69x107 1.528 8
GWO N 0.759 0 3.47x107 0.0353 70197 1 1.664 8 2.04x107 1.459 2
Y 0.7611 5.64x10~7 0.035 4 72.360 3 1.609 5 6.70x108 1.404 9
MEO N 0.760 9 9.99x107 0.0377 57.056 9 1.8727 1.13x107 1.396 2
Y 0.7612 8.12x107 0.036 8 447226 1.739 8 7.06x108 1.3706
AEO N 0.7612 2.23x107 0.036 4 51.798 9 1.454 4 2.65x107 1.7371
Y 0.760 1 3.12x107 0.036 0 54.483 2 1.662 5 1.83x107 1.446 9
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