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Shuffled Puma Optimization for Parameter Identification of
Multiple Photovoltaic Models

Yu-Wei Luo, Rou-Wen Chen, Zing-Rong Wu and En-Jui Liu *

Abstract

In response to the global transition toward net-zero emissions by 2050, photovoltaic (PV)
power generation has emerged as a core technology in green energy development. However,
the output characteristics of PV modules are strongly influenced by internal semiconductor
mechanisms and environmental conditions, resulting in highly nonlinear and strongly
coupled behaviors. Consequently, the parameter identification problem is inherently
multimodal and non-convex, which increases the difficulty of model construction and
performance prediction. Conventional methods not only suffer from high computational cost
and cumbersome experimental procedures but are also prone to being trapped in local optima,
thereby degrading identification accuracy. To address these challenges, this study proposes a
novel optimization algorithm termed shuffled puma optimizer (SPO).

The proposed method incorporates a shuffle mechanism into the puma optimizer (PO)
to enhance population diversity and reduce search bias, thereby strengthening global search
capability and accelerating convergence. First, benchmark tests using standard test functions
are conducted to compare the performance of SPO and PO in terms of solution quality and
convergence stability. Subsequently, the proposed method is applied to parameter
identification of PV models, including the single-diode model (SDM), double-diode model
(DDM), triple-diode model (TDM) and photovoltaic module model (PMM).

The experimental results demonstrate that SPO consistently outperforms PO across all
models. For SDM, DDM, TDM, and PMM, the identification errors obtained by PO are
8.8180083 x 10™*, 8.75x 10™*, 8.60 x 10™* and 2.604009 x 1073, respectively,
whereas the corresponding errors achieved by SPO are reduced to 8.8180080 x 107%,
8.54 x 107%, 8.49 x 10™*, and 2.394094 x 107 3. These results indicate that the proposed
method provides consistent improvements in both identification accuracy and convergence
stability.
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ISdla RS) Rsha nl] °
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VLN, /Ns + IR

Q(VL/NS + ILRS/Np)> _ 1] _
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A
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° 1»;1,4@71 B APBFERBMRE FEZ2 g AFS - BB SEKE @

32
n kT Rgp, 32

GENCE & AP Y ST R

Bt % 2 9 kB2 Femp L Fldo] - A" RMSE 175 p Rl 34
FEHRT AT E TR FanEd > N33 ox FFRSELA . fie AR
A2 P dnlic o 4k 4
% 4
ERTH D2 Fler £ T & A
RN E TS (S FEL S| X enle s R
fspm [ Ion s Isq1 » R Rep » ny ]
fppm [Iphv Lsa1, Isazs Rsy Rspy ny, My ]
from [ Ipha Lsai, Isazs Isas, Rsi Rspy My, My, M3l
fPPM [ Iph ) Isdl ) RS ) Rsh Ny ]
RMSE =

1 2
N (Icalculate - Iexperimental) -

N

1

Nz(fmodel(VL'IL'x) - IL)2 (33)
t=1
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T

ARE G AT AAENFFL E DL AT REF T HENFFEEE 2
’E‘ﬂl’ Er%/:ﬁ-ﬁ EETIREN ?‘J‘LL A\*% .

s AR R 2 R

AFTH# SPO & PO 2 =i n#H#WMFEFLE - Bl Gl gy
(Moth-Flame Optimization, MFO) (Mirjalili, 2015) ~ #% & # & i* /¥ & ;2 (The-Whale
Optimization algorithm, WOA) ( Mirjalili & Lewis, 2016)%2 % ja ;% & ;2 (Grey Wolf
Optimization, GWO) (Mirjalili et al., 2014) & {7 b 5 3E o F % 4% * CEC2005 (Yao

LN

;'_I. ;VI‘“

™

S

etal. 1999) plzkf 2 23 AL SH - mFHE (FI~F7) - %% (F8~FI3) 2 Hla &
B %% (F14~F23) 2457 > * M 25 3G 5 2 ihjeac R 2481 o
T A 23 A BRI 2 T55 G R E (Mean) & H® L (Std) 5 AE o
EOR AL e "Eﬂi 7l o~ 9 & r’t"‘r‘/” P 'E/ﬁﬂ-wzj‘ L_px‘:l'ﬁiizg NS S AE S
FEORFELAL > FRIAIL o 47 F %I MATLAB 2024a %3 T 7 - A
%?]md@B%MKCNﬁk%GMMMNEfMﬁ F B - KAWL S 30
BNzl 1000 =5 0 AP REIE B 2 2 EcP|ESNE S
% 5
H AR FBH T
Algorithm Parameter Value
PF, 1
PF, 0.99
PO PF; 1.5
SPO U 2.0
L 0.9
a 2
WOA Decreasing convergence constant a [2,0]
Spiral factor b 1
GWO Decreasing convergence constant a [2,0]
MFO Decreasing convergence constant a [-2-1]
% 6
Benchmark function 7/z#.&2 %
Function PO SPO MFO WOA GWO
Best 0 0 9.46E-06 8.74E-171 1.43E-61
F1 Mean 0 0 3333.334992 1.79E-150 4.35E-59
Std. 0 0 7111.589235 1.79E-150 0
Best 6.71E-265 1.58E-257 6.79E-05 1.75E-113 8.75E-36
F2 Mean | 4.08E-258 4.67E-244 30.3336042 2.26E-105 7.52E-35
Std. 0 4.67E-244 20.591667 2.26E-105 0
Best 0 0 373.7855861 2363.808396 9.91E-21
F3 Mean 0 0 12106.99816 20412.56188 2.02E-14
Std. 0 0 8657.410184 20412.56188 0
F4 Best 2.14E-266 7.62E-259 4591367811 0.038043783 5.96E-16
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Function PO SPO MFO WOA GWO
Mean | 1.69E-260 3.64E-247 64.80575858 36.91031337 1.03E-14
Std. 0 3.64E-247 7.262226 36.91031337 0
Best 6.51E-05 2.41E-06 19.06758062 26.59963517 25.26193348
F5 Mean | 24.70822581 | 21.0370063 | 2677128.656 27.17880789 26.70432108
Std. 4675912 21.0370063 1.46E+07 27.17880789 0.739694
Best 8.89E-09 6.61E-17 1.81E-05 0.007406642 1.66E-05
F6 Mean 5.45E-08 8.94E-15 2660.066886 0.07519755 0.57299166
Std. 0 8.94E-15 5185.760141 0.07519755 0.291827
Best 5.93E-06 1.85E-05 0.041430035 9.04E-06 1.00E-04
F7 Mean 8.54E-05 1.19E-04 5.697443507 0.002040244 8.36E-04
Std. 6.30E-05 1.19E-04 9.503771 0.002040244 5.30E-04
Best [-12569.48661 |-12569.48662 | -10150.60746 | -12569.11966 | -7225.11669
F8 Mean |-11922.66706 |-12357.05653 | -8715.524936 | -10826.25145 | -6052.379167
Std. | 762.137812 |-12357.05653| 764.095649 -10826.25145 686.077721
Best 0 0 78.60143134 0 0
F9 Mean 0 0 155.7505999 0 0.645623184
Std. 0 0 35.278961 0 1.847468
Best 4.44E-16 4.44E-16 0.00508684 4.44E-16 1.11E-14
F10 Mean 4.44E-16 4.44E-16 14.88237406 3.17E-15 1.55E-14
Std. 0 4,44E-16 7.746254 3.17E-15 0
Best 0 0 4.23E-05 0 0
F11 Mean 0 0 30.08476681 0.003527721 0.001273467
Std. 0 0 64.117691 0.003527721 0.004107
Best 1.45E-10 7.29E-18 4.82E-06 0.001446159 0.012188712
F12 Mean 2.52E-09 1.23E-15 8533334.669 0.008996273 0.057084543
Std. 0 1.23E-15 4.67E+07 0.008996273 0.093799
Best 2.14E-09 4.68E-17 1.96E-04 0.009585554 0.213322385
F13 Mean 7.33E-04 1.55E-14 0.295780993 0.199160555 0.517233149
Std. 0.002788 1.55E-14 0.600144 0.199160555 0.165819
Best | 0.998003838 | 0.998003838 | 0.998003838 0.998003838 0.998003838
F14 Mean | 0.998003838 | 0.998003838 | 2.706762397 4,037183151 5.102662443
Std. 0 0.998003838 2.444637 4,037183151 4717367
Best 3.07E-04 3.07E-04 6.99E-04 3.10E-04 3.07E-04
F15 Mean 3.69E-04 3.38E-04 0.00127137 5.75E-04 0.002352523
Std. 2.32E-04 3.38E-04 0.001393 5.75E-04 0.006109
Best [-1.031628453 |-1.031628453| -1.031628453 | -1.031628453 | -1.03162845
F16 Mean |-1.031628453 |-1.031628453 | -1.031628453 | -1.031628453 | -1.031628448
Std. 0 -1.031628453 0 -1.031628453 0
Best | 0.397887358 | 0.397887358 | 0.397887358 0.397887358 0.39788736
F17 Mean | 0.397887358 | 0.397887358 | 0.397887358 0.397888422 0.397894571
Std. 0 0.397887358 0 0.397888422 3.70E-05
Best 3 3 3 3.000000001 3.000000095
F18 Mean 3 3 3 3.00001101 3.000010671
Std. 0 3 0 3.00001101 1.30E-05
Best [-3.862782148 |-3.862782148| -3.862782148 | -3.862781448 | -3.86278206
F19 Mean |-3.862782148 |-3.862782148 | -3.862782148 | -3.859754165 | -3.861232901
Std. 0 -3.862782148 0 -3.859754165 0.002822
Best [-3.321995172 |-3.321995172| -3.321995172 | -3.321965726 | -3.32199421
F20 Mean |-3.270474819 |-3.290290339 | -3.240360435 | -3.244925424 | -3.267455724
Std. 0.059923 |-3.290290339 0.059893 -3.244925424 0.064446
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Function PO SPO MFO WOA GWO
Best [-10.15319968 |-10.15319968| -10.15319968 | -10.15319041 | -10.1530422
F21 Mean |-10.15319968 |-10.15319968 | -5.97112902 | -9.131934936 | -8.969295143
Std. 0 -10.15319968 3.372147 -9.131934936 2.181789
Best [-10.40294057 |-10.40294057 | -10.40294057 | -10.40291587 | -10.4028877
F22 Mean |-10.18031923 |-10.18031923 | -7.265857031 | -8.761099557 | -10.22664576
Std. 1.219347 |-10.18031923 3.67739 -8.761099557 0.962962
Best [-10.53640982 |-10.53640982 | -10.53640982 | -10.53637143 | -10.5363777
F23 Mean |-10.31291664 |-10.31304372 | -7.150894858 | -8.236568468 | -10.26546163
Std. 1.223403 |-10.31304372 3.724506 -8.236568468 1.481445
Best 14 19 7 3 2
Score Mean 13 19 3 1 1
Std. 17 19 4 6 7
44 57 14 10 10
=~ SPO v PO 2h 8RB S
SPO % >

A a2 PR Rt R 2R
.

BAE A b RO 2ARS > B rR 2 i ook R B S 2
% 7
SPO 7 PO 2 4 £ B HHEF 1t )3 *
Function SPO PO
1 EEIE (%) 91.77533 95.58676
rRFEZE (%) 8.224674 4.41324
2 EEEE (%) 89.2678 93.98195
rEFEZE (%) 10.7322 6.018054
r3 ®EE (%) 94.88465 94.58375
rEEZ (%) 5.115346 5.416249
ra B E (%) 86.25878 94.18255
rEIFEZE (%) 13.74122 5.817452
. EEEE (%) 22.3671 43.32999
FEEZ (%) 77.6329 56.67001
e FEME (%) 27.98395 37.31194
rEIFEZ (%) 72.01605 62.68806
7 EEEE (%) 50.25075 51.25376
rEFEZE (%) 49.74925 48.74624
r8 EEE (%) 30.39117 35.80742
rEEZ (W) 69.60883 64.19258
9 ®EEE (%) 51.25376 51.55466
2EFEZ (%) 48.74624 48.44534
F10 wEEZ (%) 52.85858 52.65797
rEEZ (W) 47.14142 47.34203
F11 EEE (%) 51.55466 51.55466
2EFEZ (%) 48.44534 48.44534
12 wEER (%) 22.1665 38.81645
2EFEZ (%) 77.8335 61.18355
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Function SPO PO
F13 wEEHE (%) 25.37613 40.82247
2EHEZ (W) 74.62387 59.17753
F14 %wEHE (%) 49.94985 48.34504
2EHEZ (%) 50.05015 51.65496
F15 wEEHZE (%) 45.03511 51.75527
2EHEZ (%) 54.96489 48.24473
F16 B E (%) 48.84654 51.95587
2EEZ (%) 51.15346 48.04413
F17 wEEHE (%) 48.94684 49.64895
2EHEZ (W) 51.05316 50.35105
F18 B E (%) 48.24473 48.54564
2EHEZ (%) 51.75527 51.45436
F19 wEEE (%) 47.64293 47.44233
2EEZR (%) 52.35707 52.55767
F20 wEEHE (%) 48.14443 47.04112
2EHEZ (%) 51.85557 52.95888
F21 wEEE (%) 47.44233 49.54865
2EHEZ (%) 52.55767 50.45135
F22 wEHE (%) 46.63992 51.95587
>EHEZR (%) 53.36008 48.04413
F23 wEEE (%) 45.53661 52.55767
2EHEZ (%) 54.46339 47.44233

Z o PEFEHBE S

%7 Bk# SPO i * »r kR T ¥ SRR A N e o BT R SRR

PRI S R ok Riedp B> kTR R 303.15 K 2 55+ & 1000

W/m? &k pig it eng * 4] RT.C France & K F 7% > fr3f (T8 & 318.15K % §5 44 &
1000 W /m? &k B i 2 ¢ Photowatt-PWM201 #- % (Premkumar et al., 2020) -

(- )% R

d % 8 7 5 SPO ik 21t PO % » 7 4v Shuffle 4 3 fdf & Ff £ in
RS PR R FRUEES B SEE 2

bR o

%8
£ R FRTEEL BRI
SDM DDM DM PMM
SPO 8.8180080 x 10~*| 8.54x107* | 8.49x10~* 2.394 x 1073
PO 8.8180083 x 10~*| 8.75x10™* | 8.60x 10~* 2.604 x 1073
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