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Abstract: To address issues of low detection accuracy and high false-positive and false-negative rates in solar cell
defect detection, this paper proposes an optimized solar cell electroluminescent (EL) defect detection model based
on the YOLOVS8 deep learning framework. First, a self-calibrated illumination (SCI) method is applied to preprocess
low-light images, enhancing effective feature information for solar cell defects. Then, a space-to-depth (SPD)
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attention module is introduced, replacing the second stride convolution layer in the backbone network. This

substitution avoids information loss caused by stride convolution, expands the receptive field, and reduces

computational load, preserving more feature information during extraction. Next, a spatial-BiFPN (S-BFPN) network

is constructed to perform multi-scale feature fusion, stabilizing defect recognition rates by addressing the shape
variability of solar cell defects. Lastly, the loss function is improved by adopting MPDIloU, which resolves the issue
of ineffective penalties in the original CloU loss function. The experimental results show that the improved YOLOv8

model achieved an mAP of 96.9%, a 2.2% increase compared to the original YOLOv8. The computational load was

reduced by 0.2 GFlops, and the detection speed reached a maximum of 155 f/s, demonstrating high accuracy and

real-time performance, making it more suitable for industrial deployment.

Keywords: deep learning; solar cells; defect detection; YOLOv8
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Table 1 Comparative experimental results of adding attention

mechanisms at multiple locations

B L FE/MB SHE/(10%) GFlops mAP/%
YOLOv8n 6.3 3.006 8.1 94.7
2,3,4,5 5.7 2.818 7.4 95.1
2,5 5.8 2.890 7.8 95.3

5 5.8 2.894 8.0 95

4 6.2 3.066 8.0 94.5

3 6.3 3.109 8.0 94.7

2 (&) 6.2 3.002 7.9 96.0
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Fig. 8 Improved EL-YOLO model
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4.1 LIEH

ASCAEVNZR I BER B 5K GPU (NVIDIA GeForce
RTX 3050 Laptop GPU, 4096 MB), [&l F )% A KL #E
41 300 pixelx300 pixel, PIUH2E>TRIEE R 0.01, ff
FHAYSZ IR KB R mE R 3527 2 % Batchsize 38 4 8,
EFE SGD Lk, VIZRAREE Hy 300, BRAFHIUE
WIAh, ASCITA SRR DL e

4.2 BE LN (EL) Bi&EiEsE
ARWFTER FHAE 7 B R BE 1Y 2257 5K K B RE H
ARG (EL) B, RFH 300 pixelx300 pixel.
TR ER AR AL M RE FNZ AL RE T, A SO EIR
PEATEAEIT, A 1) BRI 2) XF LR
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HEBA G B IO E R 1 AR R )
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IR IEARIEIR A, BERTT EL BURAL &
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Ji Ad K = A RS AR DA B R 2 H i 1 R s B
53 BIUIZE YOLOvSn JE Al A6 A 7Y | 45 3 285 5 4
#2 Fim .
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Fig. 9 Diagram of three major defect types

A2 SR R T IR, SCI AR vAM T H
PR SR, AR H PR DL COEERE R
A BT ARSI R B I R , TE
R S BHRE HL - EL R, MERGH (P) M 93.1%
ILE 96.5%, #2771 3.4%; BEFE RETT
0.1%; F K5 91.0% 12 T+ & 94.7%, 4 T
3.6%.

4.4 WMBRTEE

ASCHERR 73 18 LUK EicHiE £ R 23 S I B A g
WESE, IR H A2 EL-YOLO B rh A 7528 . 46
IG5 AR YOLOVSn #EA X 1L, dnfsl 11,

W E 11(a) FRKEA AT AE 1, YOLOVSn ¥ 52
2R 1 2 R K METS (dirt). 5] 11(b) T A6 4 P Ry
YOLOv8n AL T /N H RIS, 20§41 21/
FIZAL (crack)o €] 11(c) MMAE S S hn] A& L EL-
YOLO 5 1 Fi il A iy 75 2 A e R e 7, efr it
HEHE A B AR . 1] 11(d) A RS BN AR 2H AT
YOLOv8n 5 EL-YOLO X Herl A, fifkeii# f5 i EL-
YOLO HEAER R 7 H £ & RHEE R, KIS R
Wi, R T ARG

4.5 HriEER
ARG R APEF B (mAP) . AU R/

B 10 KR 5E 5 ik et at e
Fig. 10 Visual comparison of different enhancement methods
A2 MEBAEALER

Table 2 Enhancement algorithm comparison experiment

GRS HERIRI% 1 [H12/% R %

RAW 93.1 91.0 91.0

AGT 93.5 90.4 91.8
ZERO-DCE 95.6 90.7 93.2
SCI (&) 96.5 91.1 94.7
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Fig. 11 Comparison of detection effect between the proposed algorithm and YOLOv8n
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WF, PRNZAZEA [, RUIEBA R BT &
SEHR R, RSB FARIINME R ok, B HAREA
W . FRTE L. EE EL BUR s 40708
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HE RS F A XU . e f Y EL-YOLO it 5| A
SPD f&HLFI S-BFPN, A 358 7 Xf /N AR fIE 4415

SREIRE 1, FRBAE LSRN 5 YOLOv8n #2 7t
B, IO T 273 E EL A o i 5ot

4.6 R EETEE
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MPDIoU 12k BREL, Xf M LEERL PR RE L THA & 2
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T i SPD BT bi s — N E N, 37
KIRZIHF, SRR /N AR ERIEE 77, (A5
RURG I - 408G 8 40 R AR A7 YOLOv8n $27F T 1.3%,
FEART 0.1 MB AR K/, 3820 T 0.2 GFlops 115
HEAR/NFRTET 2 FPS RUAINE R, FE42T T ARG
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Fig. 12 Comparison of P, R, and PR curves between the algorithm in this paper and YOLOv8n
A3 HmEme R
Table 3 Results of the ablation experiment
Py ] SB M BE/MB ZH10° 1144 5/GFlops FPS mAP@(0.5)/%
YOLOv8n 6.3 3.006 8.1 153 94.7
YOLOvV8n-S \ 6.2 3.002 7.9 155 96.0
YOLOv8n-SB \ 6.3 3.006 8.1 147 954
YOLOvV8n-M v 6.3 3.006 8.1 154 95.5
YOLOv8n-S+SB N N 6.2 3.002 7.9 148 96.2
YOLOv8Nn-S+M V N 6.2 3.002 7.9 158 96.4
YOLOV8Nn-SB+M \ \ 6.3 3.006 8.1 150 96.0
EL-YOLO (43¢) v \ \ 6.2 3.002 7.9 155 96.9

FEFISIR S | S-BiFPN 145, Feftk /b Al o i 1
IR, ST 2 RUERMEA ORI SRl s, i
BRI RGIRG BE AR T T 0.7%; 56 4 HSLHR
F MPDIoU {4 CloU #i2k iR, LU THRlAE % {7
R AR SR, (A AR AP ARG RS 24 4
FT 0.8%. JLASZEOAH 2 EL-YOLO #i%!, JHER
BB Ty I R s RIS Y A R G B, v B
SPD (el , X FA U AR R R, AR
R ERAR T 1.3%, I TAGE /MR =, 8
FEAR TREAR IR BT . o THR%E EL-YOLO I elitkak
W, ASOMBIRI A A I T T AT T AT
PLJ/R EL-YOLO My PERERR F+. anl&l 14 fro, Horp

TR R BT BERAR A IX 8k, 2160 ) 2R B A
R, TR, YOLOV8n By 32 8 56 1 X 4,
T HRINHEER S, I HIRRTE T — 2R F A
AR EERE (Z56 4 3 58 14) £H, X FELBE K
W, A SCHR ) EL-YOLO Bk 6 v 3 7 S AG I 1Y
77 AH L YOLOvVS8n BEHIDRG A, A DHS B85 8 s

4.8 ZHEEITLE

R 1 AR AR SO AR () LR A R
it FHAS SCPTHRAR 8 5 F2 3 EARR AR | ae Al A
BRI TXF LSy, SRR 2 SRk 4 Fis.

ARSORE R AT ) A BH FE F b afe o A D Ak
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1T TERA TR, G — BBkl M 4 4n SSD. YOLO
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UK, AR PR BT, KDk 418, FPS 1k
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Loss value

1.0 1 1 1 1 1 ]
0 50 100 150 200 250 300

Number of trainings

13 A &H

Fig. 13 Comparison of loss functions

Gold-YOLO™ #& # .  H 4k YOLOVSs fil YOLOV7 )
K 0 2% 5t Tl {H5 YOLOVS #H He AT f£ 78 22 BF
YOLOvV10 F1 Gold-YOLO 7£ YOLOvVS {4 it |- i#E 47
TRk, R HAGIR EE ST YOLOv8 #2541, {H[A
BT 2B G 3B &g b, R B N R
FPS fEAX T YOLOV8n, [AlFf, HARTEAS R4 & i A
Al HA5 YOLOvS8s [ Al K J& % F YOLOvSn,
(B HARVA RS K, SECFPS FRAR T 49, Hik, A
SO JEAE YOLOVSs Jehith it frektt, LIkt freds
T2 B DK P85 114 [ A S i

W =T, A EL-YOLO 57 K
Al LYt EL A5 St B A6 N v 2 30 5 . EL-
YOLO AMUAER MK it T YOLOv10 #il Gold-

YOLOv8n

B 14 # ) BRI

Fig. 14 Comparison of thermal map effects

AR

k4 SAW AR Rk

Table 4 Comparison of results of multiple detection algorithms

G L E/MB ZHEN0° 151 5/GFlops FPS mAP@(0.5)/%
YOLOv5s 14.5 7.018 15.8 118 89.8
YOLOV7 74.8 37.194 105.1 71 84.6
YOLOV8n 6.3 3.006 8.1 153 94.7
YOLOv8s 225 11.137 28.8 104 95.3
YOLOV8m 52.0 25.902 79.3 73 93.6
YOLOV10s 31.4 7.2 21.6 119 96.2
RT-DETR 63.1 32.8 108.2 46 96.0
Gold-YOLO 43.1 215 46.0 82 96.4
Faster-R-CNN 112.7 41.325 24.2 8 94.6
SSD 99.1 35.873 127 44 81.3
EL-YOLO(% ) 6.2 3.019 7.9 155 96.9
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A solar cell defect detection model optimized
and improved based on YOLOvS8

Peng Ziran"*, Wang Siyuan'’, Xiao Shenping"’
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Improved EL-YOLO model

Overview: As the global demand for renewable energy grows, solar power has become an essential source of clean
energy. However, solar cells often develop defects, such as microcracks, hotspots, and black spots, during production,
which significantly impact their conversion efficiency and lifespan. Traditional manual inspection methods are
inefficient and limited by lighting conditions, resulting in low detection accuracy with high false-positive and false-
negative rates. To meet the need for efficient and precise automated inspection in industrial production, this study aims
to develop a high-accuracy, real-time solar cell defect detection model suitable for practical industrial environments. In
response, this paper proposes an optimized solar cell electroluminescent (EL) defect detection model based on the
YOLOV8 deep learning framework. First, a self-calibrated illumination (SCI) method is applied to preprocess low-light
images, enhancing the effective feature information for detecting solar cell defects. Next, a space-to-depth (SPD)
attention module is introduced, replacing the second stride convolution layer in the backbone network to prevent
information loss caused by stride convolution, expand the receptive field, and reduce computational load, ensuring
more comprehensive feature retention. Additionally, a spatial-BiFPN (S-BFPN) network is constructed to perform multi-
scale feature fusion, stabilizing recognition rates even when defect shapes vary. Finally, the loss function is improved
with the adoption of MPDIoU, addressing the inadequate penalty issues in the original CIoU loss function.
Experimental results show that the improved YOLOv8 model achieves an mAP of 96.9%, marking a 2.2% increase over
the original YOLOVS, while reducing computational load by 0.2 GFlops. The detection speed reaches a maximum of 155
FPS, demonstrating high accuracy and real-time performance, making it more suitable for industrial applications.
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