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Defect Detection of Photovoltaic Cells Based on Improved YOLOvVS

Zhou Ying"’, Yan Yuze', Chen Haiyong"”, Pei Shenghu'
'School of Artificial Intelligence and Data Science, Hebei University of Technology, Tiangin 300130, China;
*Hebei Conirol Engineering Technology Research Center, Tiangjin 300130, China

Abstract A YOLOvS8-based defect detection algorithm, YOLOvVS8-EL, is proposed to address the problems of false
detection and missing detection caused by data imbalance, varied defect scales, and complex background textures in
photovoltaic (PV) cell defect detection. First, GauGAN is used for data augmentation to address the issue of intra-class
and inter-class imbalance, improve model generalization ability, and reduce the risk of overfitting. Second, a context
aggregation module is embedded between the backbone network and the feature fusion network to adaptively fuse semantic
information from different levels, align local features, reduce the loss of minor defect information, and suppress irrelevant
background interference. Finally, a multi-attention detection head is constructed to replace the decoupling head,
introducing different attention mechanisms to refine classification and localization tasks, extract key information at the
spatial and channel levels, and reduce feature confusion. Experimental results show that the proposed model achieves an
average precision of 89.90% on the expanded PV cell EL dataset with a parameter count of 13. 13> 10°, achieving both
precision improvement and lightweight deployment requirements. Generalization experiments on the PASCAL VOC
dataset demonstrate the improved algorithm’s generalization performance.

Key words defect detection; YOLOVS; generative adversarial network; feature fusion; attention mechanism; decoupled
head
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SPADE: spatially adaptive normalization
BN: batch normalization
ReLU: rectified linear unit

Bl 1 GauGAN By 25#)
Fig. 1 Structure of GauGAN
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Fig. 2 Images generated by GauGAN. (a) Semantic segmentation mask; (b) images generated when epoch is 100; (c) images generated

when epoch is 200
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Fig. 3 Structure of YOLOV8
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Table 1 Dataset details

Defect type - Crack Star crack Thick line Finger Total

Small and medium scale  Large scale
Before Label number 1028 104 252 1189 2918 5491
expansion Image number 907 104 219 775 1492 3497
After Label number 1821 300 633 1189 2918 6861
expansion Image number 1700 300 600 775 1492 4867
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Table 2 Comparison of data enhancement effects

mAP@0.5 /%

Average mAP@ Average mAP@

Dataset F1  Recall /% Precision /%
i " Crack Starcrack Thick line Finger 0.5/% 0.5:0.95/%
Before expansion 80.25  76.41 85.19 80.47  75.84 85.18 94.06 83.89 49.50
After expansion  82.75  77.29 86.93 84.05  80.63 85. 81 94. 34 86. 21 52.00

5.5 CAM K1t
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Table 3 CAM improvement experimental results

Model Params /10° Flops /10’ F1 Recall /% Precision /% mAP@0.5/% mAP@O0.5:0.95/%
YOLOvS8 11. 14 14. 28 82.75 77.29 86.93 86.21 52.00
YOLOv8+FAM 12.95 15. 22 82.50  77.66 89.44 87.92 53. 30
YOLOv8+FBM 11.31 14. 29 83.00  79.47 86. 97 87.54 54.00
YOLOv8+FBM-+FAM 13.04 15. 23 82.00  78.09 88. 25 88. 56 53. 50
YOLOv8+FAM-+FBM 13.04 15. 23 84.50 79.50 90. 52 88.79 54.00

5.6 MADH i £k

Sy E MADH H 251 5 1 HLE A9 A R0, 78 PR IE
H55 70 HC At 45 44 2 BOM [R) B9 A% 50T, 78 2 7 B s in A
CABEHL, 78 7 2 F0 o 43 59 i A CCA Fil SE B i 17
XL, A5 AN 3R 4 FroR o A AT Al s A A T s 7 | A

CABEHL AT DL S A A /I H A 0 22 7 5. 1, 46 RS 1
mAP@0. 5:0. 9541 . YOLOVS #2551 2. 74N 1 4% A
TP A SE M CCAMLE L F1A L YOLOVS 43
ST 0.6% M1 2.4% , Recall 43 5 42 F+ 3. 47 Fn 4. 77
AT 43 5 AU A SE 158 8 25 5 OIS ARG IR B FEAIC
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Table 4 MADH improvement experimental results

Model Params /10° Flops /10’ F1 Recall /% Precision /% mAP@0.5/% mAP@O0.5:0.95 /%
YOLOvVS 11.14 14. 28 82.75 77.29 86.93 86. 21 52.00
YOLOv8+CA 11.03 13.97 83.75 78.35 87.42 87. 64 54.70
YOLOv8+SE 10. 69 13. 04 83. 25 80. 76 86.47 85.99 52.90
YOLOv8+CCA 10.71 13.07 84.75 82. 06 87.87 87. 44 52.50
YOLOv8+CA+CCA 10. 59 12.76 84.00  81.79 86. 60 88. 35 54. 20

A CCA B J5 A5 Y (14 K6 UK B m AP@O. 5 AH He
YOLOv8#&m 1 1. 234 A 48 2 UEB] T A CCA 3
AU BRI s IR CA R CC A BB v T AR 1
GYAFNGENIRE ST, [RIR BORUAGI /N H AR ARG RS 2
5.7 HRLZEIE
5.7.1 A3l ak L

9T 53 AN [ SRR S W R A TR RS T B %) B
BT T =41 5280 . 76 O E B0H 5 AN I 25 2 B0 R] Y |
PR SE LI 2k, SC g 45 A0 5 s . 4 Al A
CAM fifi 545 ] L 38 Ry i 38 5 R[] J2 R AE Y
Bl LB, X6 55 R R AR AR, DR AR Y ) 43 2R HR AR Y AT BT

B FE KIS BE mAP@O. 5 fl mAP@0. 5: 0. 95 4 [
YOLOvVS 43 342 %5 17 2. 58 F1 2. 004~ 11 43 14 ; CAM A
SR 15 TR /N H bR BB AR I BE R R T
SRR IR T FPS. MADH {4 75 % B Sk 58 4 7 T
U o5 ) AN TR 55, £ w8 T AU 1) 4 S RN SE VL BB T L K
RS B mAP@O. 5 Al mAP@O. 5: 0. 95 4 Fb YOLOvS
IR T 2. 14 2. 20 A 4 o B T b et R
] B A Y OLOvS B R, LU it 20 & 2 B8O 10, 78
IR N = N S M o O N L i oL
mAP@O. 5 #l mAP@0. 5: 0. 95 A It YOLOvS 43 il #2
13069 2. 704 3 ai IR T B SR w2k o

®5 (HRLSE AR

Table 5 Ablation experimental results

Model Params /10° Flops /10°  FPS /(frame/s) F1 Recall /% Precision /% gn/;};(ui mOA'l;’;@/O%&
YOLOv8 11. 14 14. 28 81. 25 82.75 77.29 86.93 86. 21 52.00
YOLOv8+CAM 13.04 15.23 74.06 84.50  79.50 90. 52 88.79 54. 00
YOLOv8+MADH 10. 59 12.76 78.96 84.00  81.79 86. 60 88.35 54. 20
YOLOvVS-EL 13.13 15.43 73.30 84.25  79.90 90.12 89.90 54.70

5.7.2 H4EBE TS H

E R I HLH & A DA S0 5 T A A Y
HEE R o JEPOE A R AL PR EE B i ) S B el L
L UL M 7 A Y S A TR 9 9 0% T R T . O Bk

MADH FI CAM X 8 /s B A7 ik [ 79 U510 208 1 T 26
VT PR AR A T AT T AR, S5 SR AN 9 iR o % sk
Bk BT P gk B/ H bR Bk B 9 PV R Bk 1A R
i X LR L A MADH 4@ 7t T 8 R N H

YOLOv8 YOLOv8+MADH YOLOv8+CAM YOLOv8+MADH+CAM

small scale defects

B9 2R IE %) L

Fig. 9 Comparison of class activation map
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P 9 G B AEL2: X6 T B 300 SR B A Tl e ) 4 2%
A CAM 25 7 B AL Bi s B bR 19 42 Jmy SCTE BE , RE T
B 1 AR 9 S A 1 I B AR AE 5 ) IS i AT S A B S AT
Pl 21 €, DX 3 o B S, U B — 25 v TR R A )
BEJI .
5.8 XfLbELIE
5.8.1 AR H kit

% Bt Faster R-CNN ., YOLOv5, YOLOX ., YOLOvV7
A0 3 H R I AR TR ) AN [ AR 5 T A A TR A AT X

Fb , 45580 ) 6 2 BRI 25 2 500 v ok BROME, il 3
FJE BB AT U S, G5 R N3 6 B R o R R AH
FEANERRAS (1 YOLOVS ¥4 i3 , HL7E /N A | 4R T 3%
W R, YOLOVS-s-EL A9 K B mAP@O. 5 Fl
mMAP@O0. 5:0. 95 41 It YOLOv&-s 4> H4& & 1 3. 69
2. 70 A 43w, ARV S E0R U 13, 13X 10°, e 1 4
TR B 5 5200 3 Y OLOv8-m-EL A AS B mAP@0. 5
A mAP@O. 5:0. 9543 513K %) T 90. 58 % M1 55. 20%, &
T FPRE AR e () S5 O A, SIE B T T B8 A b A L 1 I 44

F6 XIS R

Table 6 Comparison test results

Model Params /10° Flops /10’ F1 Recall /% Precision/% mAP@0.5/% mAP @0.5:0.95 /%

Faster R-CNN 28.31 253.5 58.83  68.85 75.07 75.80 42.30
YOLOS5-s 7.03 15. 82 68.75  56.63 90. 52 82. 80 45.40
YOLO5-m 21.07 25.22 77.50  72.07 84.28 85.42 50. 60
YOLOX-s 8. 90 26. 84 83.00  82.11 84.75 86.43 49. 40
YOLOX-m 28. 50 39.44 83.75  84.37 83.43 88.05 52. 80
YOLOv7-tiny 6.07 13.32 78.75 71.28 89. 27 85. 84 48. 30
YOLOvV7-m 37.76 59.53 83.00  76.55 83.71 87.39 50. 30
YOLOvS-s 11.14 14. 28 82.75 77.29 86.93 86. 21 52.00
YOLOv8-m 25. 86 39. 44 84.60  83.86 85.56 88. 77 53.70
YOLOvS8-s-EL 13.13 15.43 84.25 79.90 90. 12 89.90 54.70
YOLOv8-m-EL 29.71 41.51 86.00 87.49 89.41 90. 58 55.20

5.8.2 4wl & R AL T D G A5 1 s A , T A 3 I A ST R B S Y o

DR T SR U M A BT 4R A R S PR RE L X
T YOLOvV8-s 5 YOLOvS8-s-EL ZE M 4 & [ A9
DR, & 10 frm o B 10Ca) A7 78 KRB 4R B
LRI, I AR AR TR S8 A Y I 2R R 5 i R M TR A =
Vo3, T R I A TR R A8 5 T e R M E 8 R R ik
B 5 P 1O () /I RUBE 2 AR e SR8 Al 2 3 ol 94, 7 2K

YOLOVS-s

@

(b)

(RE 7, BEAE BT L b IX 20 9 55 [N 3%, UG T P 4R A5 B )
FESR A _LT SCRRHTBE 1 AR Rl HE 75 71 10(e) ((d)
P18 G T 235 R JR 7% T A0t R TR X /0N R kI 1 TR iE
Ty, BERIAE 4 vey A5 B 23 A R At B8 608 U 2 T A 14
1500, 1 W BT 48 24 A LA PV R EL il 3 141 154G
1155 i BA B A I PR RE o G SR AR 1T SCfE B

©

P10 B RRT L (a) RIEZLAREAZL s (b) BRERZL s (o) MLZR 5 (d) Wbl A/ ROBE Stk a2

Fig. 10 Comparison of predicted results. (a) Large scale crack; (b) star crack; (c) thick line; (d) finger interruption and small scale crack
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FRHIE Rl BE 7 0 2R B A, e 15 S R B T4,
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5.9 ZHIERERIE

PASCAL VOC2007 i JHE e S 35 T 20 4% W
BRI, A 9963 5K K% , 24640 4~ SE Bl b i, H
oA 5 I 2R 4R 2501 5K, B8 IE 4 2510 5K A1 i 48 4952
ik . SZE B9 PASCAL VOC2012 %% 4 4 4t f

=27 ik

23080 5 E 15 , 54900 4~ 52 4 b i, H b AL 35 Il 2k 45
11540 5K , M 4 11540 5K o 38 B A8 F EL %

I A A 0 2 0 B AR & 2500 . vOC2007 1
VOC2012 Il 2R 5 #7225, A VOC2007 11 )
AR B AT . SCEREE S Z 7 PR A el A, 5
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Table 7 Generalization performance experimental results

Model F1 Recall /% Precision /% mAP@0. 5 /% mAP@0. 5:0. 95 /%
Faster R-CNN 78.25 80. 68 82.01 79.70 51.30
YOLOVS-s 74.50 64. 31 90. 02 84. 14 55. 90
YOLOvV5-m 83.45 77.74 90. 28 86. 38 63. 60
YOLOX-s 81.10 80. 22 82.29 84.83 58. 00
YOLOX-m 83.70 84.13 83. 37 88. 08 63.90
YOLOV7-tiny 80. 00 71.98 90. 48 85.82 59.40
YOLOv7-m 87.80 86. 21 89.93 90. 02 68. 10
YOLOvS8-s 84.70 82.70 87.21 88.09 66. 00
YOLOvV8-m 87.50 87.33 87.83 90.72 70. 20
YOLOvVS-s-EL. 84.45 80. 74 88.99 90. 11 67. 30
YOLOv8-m-EL 88. 15 86. 45 90. 18 92. 88 72.30
. 2021, 109(5): 839-862.
6 % @ in (4] E b, SRR, O TSR O 0 e v B

T —METF YOLOVS tt i 19 PV it EL &
14 B B K I 7 B ——YOLOVS-EL ., 1% J7 ¥ 75 Il 45 jif
fifi FH GauG AN M A7 84l 38 5, 78 35 T N 45 FURRAF 32 B
W 26 Z 18] i A CAM, 76 46 1 3k 356 4 51 A CA il CCA
B o ST 45 FL R0, SOk e AR A A S 2 G RS B i
F]89.90% , &8t M 13. 13X 10°, AR F+ 17 4 2= 3%
S TN U B RS I () G R S LT A AR R R, B —
EMZALERE . E AR TAEPRIF R R 1)
PRZ A BT S A e 4 5 2) % A R AT e o Ak A
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