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Based on the improved YOLOvVS8 photovoltaic panel defect
detection algorithm

Yang Changchun He Xuanxuan Wang Rui Zhu Shizhu Yan Hao

(Wang Zheng Microelectronics College, Integrated Circuit Industry College, Changzhou University, Changzhou 213159, China)

Abstract: To address the issues of low detection accuracy, high computational load, large parameter size, and complex
variable backgrounds in existing distributed photovoltaic panel defect detection, we propose an improved lightweight
YOLOVS defect detection algorithm for distributed photovoltaic panels. We adopt the efficient lightweight StarNet
architecture as the feature extraction network to reduce computational costs and parameter size, achieving a balance
between high efficiency and high performance. The SPPF-AM module is designed to enhance the model s spatial
information perception capability, effectively handling targets of different scales. We incorporate the Triplet attention
mechanism to effectively extract multi-scale target features, improving the model’ s representation ability and task
performance. The C2f_DSConv2D, which combines deformable convolution, replaces the original C2f in the network,
improving defect detection efficiency with lower storage and higher computation speed. A spatial context-aware module
(SCAM) is introduced in the feature fusion network to reduce noise impact and effectively suppress irrelevant
background interference. We design ECIoU to replace CloU, enhancing the fitting ability of the bounding box loss and
accelerating the network's convergence speed. Experimental results show that the improved YOLOv8 model reduces
parameter size by 35% and computational load by 29. 6% , achieving a detection accuracy of 90.1% , with mAP@50
increasing from 85.9% to 89.7%., an improvement of 4.2%. The improved model demonstrates a certain
enhancement in detection accuracy while reducing parameter size and computational load. The proposed improved
algorithm demonstrated good performance in defect detection tasks, effectively enhancing the detection capability of the
photovoltaic panel defect detection model.

Keywords: defect detection; YOLOv8;lightweight;shifted convolution; SCAM ;loss function
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2.1 XWRE

ST E GPU i GTX4060, 47 16 GB fYHE L iz
7. #4E &SN Windows 10, Python ii4< A 3. 8, PyTorch
WA H 1. 12, CUDA A K 12. 2, I 5048 4 19 Batch
size B H 16, MILHEFT T 200 4~ epochs B, AL 5
YEJH SGD. W1 th24 > BN 0. 01, 384 0. 9, AL FH T N
0.001, FHEERMBEIT, ) RELMERWE 0,

SLEG BRI 1 TR,

x1 LIHFIE

Table 1 Experimental environment

Ak WS H

BAERS Windows 10
CPU Intel Core i5-12000F
GPU Nvidia GeForce RTX 4060
¥ 16 GB

Python 3.8

Pythorch 1.12

Cuda 12.2

2.2 ZRWBHEE

BT A A FF 06 AR v it Al i B B30 4 L A ORI AT R
38 M300 7o AALHE 30 8 H20T A MLaEAT ' (R Fa b A (&
R BB ENE ) Labelimg #8475 F sharic , 4= U I 9
P T U1 %5, 280 4 TR A TE O S0 30 L He SR L =
Yy a5 IETS 5 2EBeRE LI 12 533 SR A RS SE PR 45
BN 2 FroR ., B iR bs 2 5 80 B B 5E R R DR IIE £
RS B BE £ 70%.20% .10 % B9 L4, 40 N
PIZRAE XA T IS IESE
2.3 EMIBR

AR YR T2 95 PPAL 48 b5 AL 15 R 8 BE (precision, P) A &
(recall, R) ¥ B (mean average precision, mAP) | &
RIS 4kt (Param) | Lh KBRS 50 5E (GFLOPs) . K5 #ffy 2
(Precision) J& 7F It 4 ¢ 45 RY 3 U 4 1F 28 5 i AR A v, g
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Table 2 Detailed information of the dataset
NGBS B
IEE 1506
LY/BEEIN 2 200
HLARIR 1 880
S 3900
JNET5 3047

TIEZR B REA BT 5 B 4 b 1] R (Recal D) 2 45 B2 51
TEBR BT A IE R BIEABIBE Sy AT

TP

P=1p T (18
TP

R=Tp+FN 19

AP TP 7R 8L TE Bl UK FL S 09 TE R AR 73 6 R IE 91
FP 3B 5 152 Hoff 5052 69 B0 A AR 3 28 O IE . N
PR BB DR MR S IE BREAS 0 J 0 T il . AP 45 5
AN AE A [) 1 [ 5T [ 7 SR 8 5 TR A X R

1
P, = J P(R)dr

m AP & A7 2 3 P 285 il 5 A6 S AR LB A 2001
HUPCR Y @EiR i R/AS W U NP

1
P, = 721)/\)“
n -

R B R TR 2 850 i 4y 1) O T A 8 TR O A R
TR 8 25 1 1 SRR A
2.4 EBE3I

T # % >) (transfer learning) & — ML 28 2% > J7 5, F
HE & TE— TS Ll 2R B BIAE N A, R o 59 —
A RAMEAR5E AR R AT 55 . 78 U8 B 2% >0 S8, e 0l 2 11

(20)

Q2D

=3

BHRAEAE & P BB F B LR — AR A 3
Ao BB G N 45 R R T R A T B A T R
T2 20 A I T 2R 0 2 2] (9 R A L 96k 20 X K B b e
B 0 T 2R IR G5 O 4 v A R R

B ek YOLOv8n Sl fE &6 M52 7L, COCO2017 %L
P 5 FH T A BTN L S 500 56 ER el 3 AR Sk I A U0 44 6 5
AL BRI 16 B B T S 40, 22 )5 s TN 2R A5 5 (1 458 Y
FUEE 2 50T #% 28 6 AR vl AR S50 B A A 55 v, 52 AR RL 45
BRI s B i B R B SR A X SN-YOLOvS
L 57 ARG T ASE AR A AR I T a4k AR R AR R AT SR, 3R
B S 28 1% S AR L, Tt T 5 B A 00 A
2.5 HRRZEIE

BT VEAR 51 AR e K R TR) 20 4 0 Xof 5 v o g
A R AR T T — RAE Al SL R AT b . A
TE RSO E RS — . WA A5 Rk 3
Fimam. S8 1 RZME M YOLOvSn 5k, J mAP
fHM85.9% ., S8 2 MR T StarNet(SNOE &L ET X
2 BT A YOLOvVSn 25 1 P 4% . 3 Fif ik A5 faff 5 45
S B MR8 0 T 26.3%.19. 8% . mAP k3|
85.6% ., SHy 3 M 4 43HIINA Triplet,SPPF-AM #ik , &
RIXFH T Params Hl GFLOPs B340, (H mAP {541 #
F YOLOv8n F#E#|E T 0.5%., LK 5 5] A C2f _
DSConv2D 58 B T 25 Hp iy C2f , filf 75 45 180 2 %5 it A
HEE ST 9.9%.5.6%, mAP {Hik 3 86.4%,
S 6 51 A SCAM #EH, mAP 3k ] 86. 9%, S8 7 ¥
2 PR % ECIOU I FH T YOLOvSn W % 45+, fntie 7 ™)
LRSS T mAP Hik 5 87.6% ., AWM 12
2RI LB 3 A StarNet 84 1k & F W 4%, SPPF-AM
FEHe, Triplet 1 & S HLHI . C21_DSConv2D #ilk, SCAM #
Yo 3k AL ECIOU, RN B 2, mAP Hi2 &8 T

HE SRR

Table 3 Ablation experiment

FF'5 SN Triplet SPPF-AM  C2f_DSConv2D SCAM ECIoU FLOPs/G R/% mAP@0.5/% Params/M
1 X X X X X X 8.1 83.9 85. 9 5.7
2 J X X X X X 6.5 84. 2 85.6 4.2
3 X J X X X X 21.5 84.5 86. 4 11.7
4 X X J X X X 8.3 84. 4 85. 1 5.9
5 X X X N/ X X 7.3 84.4 86. 4 5.4
6 X X X X J X 8.0 85. 2 86. 9 5.8
7 X X X X X N/ 8.2 85. 6 87.6 5.7
8 J J X X X X 15.4 82.1 84. 1 8.0
9 NG J J X X X 15.5 82.0 84.5 8.0
10 J J J X X 5.7 83.2 85.0 3.9
11 N N N N N X 5.7 86.5 88.6 3.9
12 J N/ N N N 5.7 87.1 89.7 3.7
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89. 7% ML S R M E > T 35%0.29. 6%,
W I — FR G0 10 7 Rl S5 L T DA A A B A ek s X
ARG I A AR 1 DT R L R S R SR BRI AR T S 5 A 4R
F TR, B —E AT AT

2.6 XTEEIEIE

AT — A U E e AR R AR I i, AR S S oAt
WRE 2 B R AR R) — PR 48 L AT X tb, g5 SR an 3k 4
s o

R4 REMLELBER

Table 4 Results of model comparison experiments

7 P R mAP@O0. 5 Params/M GFLOPs
Faster R-CNN 56. 3 74.1 76.3 108. 2 302. 8
SSD 68.5 73.8 78.5 93. 1 150. 5
EfficientDet™" 77.3 75.2 80. 4 70. 7 90. 8
YOLOv5n 80. 6 85.7 87.7 4.0 8.6
YOLOV7-tiny 79. 3 65. 4 72.3 11.5 13.2
YOLOv8n 80. 6 83.9 85. 9 5.7 8.1
YOLOv8s 81.2 84.7 89. 0 21.2 28. 4
YOLOv9t 82.2 85.3 86. 4 5.0 10.7
RE-DETR 83.3 84. 2 87.5 38.3 230. 6
A 90. 1 87.1 89. 7 3.7 5.7

TERZ A, Faster R-CNN 78 Fil SSD 4 5 (1) #r
DA B AR B AIG AE R B LR AT T B R, W 2 )
T3 U5RD B 1] AT U 2R N HE B, EfficientDet Ml RE-
DETR 1% T Faster R-CNN FI SSD, 4 45 BF 48 w5 , (245
A FIou4r, TR K AR F T R Z R
WA FHEATE2E . YOLOvS5n, YOLOv8n, YOLOvOt £ 78
BA B0 MR S8 TH I B 4 BE AL (R R0 G B R 4R
T T A SCAR H AR TR A 5 L B R L A A /MR TR
R AR AT T RIS B RS T R, R E T
90. 1% . mAP@. 5 35BN T 89. 7% 465 5 Z: 4 it Fl it & i 4%
A 3.9 M5, 7 G, TELRFFH i A TUOKG B 0% [ BF, A, 52 3
TRk 7R A A 2O DR ARUBR Sl B A T T SR A4 TR IS
s i AR B T SR R L R T St M, A A

v

S

hot spot 0.61
#

(a) YOLOVSnHUR K 3 2
(a) Detection performance of the YOLOv5n model

'}

(b) YOLOV7-tiny A 7 & il 3 SR
(b) Detection performance of the YOLOv7-tiny model

YR BT (10 50 4 S5 R R S B 1 19 7% 5K
2.7 SRR ERBE A AT AL R 4 A

ST VEAR e A T g LR RS 2 i L R AR SO Y A
TN 5 Al L 2 I R R ARG Y ISR R AT R L. A AR A
BRI 10 iR . YOLOv5n, YOLOv7-tiny, YOLOv8n,
YOLOv8s.YOLOvOt #5 R 1 Sk B B A s A i) o] B, H:
FYOLOvSn £ 1 8% 5 22, YOLOv7-tiny, YOLOv8s 5
YOLOv9t B 3T X R — H A7 22 U e i) 2 S0R: ) AE &
B WIS UL B 5t BB E RS TR B4 . AR SCHR HY 1 AR
BRI BN T A B H AR TG R TR A B A B, B
5 W EE LR B BE 0 O T B A W) W O e R A% A Y TR
Z B . B A 5K 0 DR A 0 IR A6 AE 2% 5 2 A6 0 4 B T T D

B, HA S A IUORS B2 [ i B A B0 B2 AR RE )

ol o 054
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(c) Detection performance of the YOLOv8n model
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(f) Detection performance of the model in this paper
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Fig. 10  Detection performance of various models
2.8 iz REAE S B JBR T SN-YOLOVS 78 52 b5 1 FH i Y o i

AT HAIE SN-YOLOvVS B3k iz b fig 1 AR Sk R ZAkEE .
JH 38 BRI B E 4 PVELAD % SN-YOLOvS K

K Ve BE AT 2 AL ME B E , PVELAD 44,4 36 543 KA A %5 PVELAD B SR RH 4 R Ayt

e Tl P B R S R RS B R AT A L e A 1 R Table 5 Comparison of experimental results on the

S EGORI A 12 A R 26 5 19 52 9 B PR 1R . 35 4T 36 PVELAD dataset

B — BT, BRME 5 Pron, @i X A P R mAP@0.5/% Params/M

YOLOv8n #il SN-YOLOvS A9y 4 fig, o] LI W £¢ 5], SN-
YOLOVS 76 7% M I 08 19 2 85 ik A 54k 10 IR B
AL B (R 5 R B L 3 45 R (LI T BT 1 A 876 864 88.9 59
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