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Lightweight photovoltaic module defect detection with YOLOvS-DM

YANG Wei, ZHANG Changsheng " , LIU Hui
(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract; Given the challenges posed by photovoltaic component damage detection and the high demands placed on human and computational
resources by existing detection technologies, an improved lightweight model named YOLOv8-DM was proposed on the basis of the YOLOv8n. The
integration of electroluminescence imaging with object detection methods was implemented to achieve photovoltaic defect detection. Innovative
components were introduced, including a dynamic scale feature pyramid network and an inverted residual multiscale attention mechanism, along
with a Ghost module enhanced by dynamic convolution. These modifications were specifically designed to address the deficiencies observed in the
YOLOv8n model regarding feature representation and multiscale object recognition, which enhanced fine-grained detection capabilities and reduced
computational complexity. When evaluated on the augmented PVEL-AD dataset, the model demonstrated an improvement of 3% in recall rate and
3.3% in mAP50 compared to the baseline model, with a 34% reduction in parameter count and a 20% decrease in computational demand. The
optimized architecture was validated to effectively meet the practical requirements for high-accuracy photovoltaic defect detection with lower
computational costs.

Keywords: YOLOv8; photovoltaic component defect detection; scale adaptation; model lightweighting
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Fig.8 EL image acquisition subsystem
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%3 YOLOv8-DM & Fhscis
Tab.3  Ablation study on YOLOv8-DM

Jruk: A B C P R mAPSO  W,./MB N F,/GFLOPS
| VvV 0. 895 0. 862 0.932 4.241 1 963 557 6.921
I vV 0. 858 0. 882 0. 930 6. 507 3116 323 8.272
Il vV 0. 837 0. 872 0.910 4.573 2 184 501 5.829
v vV vV 0. 847 0. 896 0.931 4.859 2312 048 7.927
\% vV Vv 0. 869 0. 875 0.922 5.636 2 655 541 6. 856
VI vV vV 0. 820 0. 857 0. 908 3.263 1542 549 5.517
VI vV vV vV 0.925 0. 887 0.941 4.102 1 981 040 6. 464

VI & S8 1 981 040, 175 KA
6.464 GFLOPS, {U g & T 1 A (S8 E N
1 963 557, Jy53k HJ 6. 921 GFLOPS) I VI4 &
(S8l 1 542 549 /8 333Kk 4 5. 517 GFLOPS)
FEGCRACR ERIUE A, X —RI il T4
B TE AR T A I P BB Y [ B, I A J 2 A
RIS BT AR B TR AR A o IR
A B A SEIAS AT 55 o

NAEHR PRI 0 11 BE 3BT, A RS0 22 RUBERRAIE
FilA PTPR T 4 JRASr i AS B2, B AR 93 2 AL mp

i IR A R, C Gl o R A B AT AT
B VI Gt A LA & =& e, Reng i
S PR RE A PRI Z B R R
2.4.2 DSFPN X443 i ak 52 1o B 497
FVEAG A AEH DSFPN 4 7 5% X 25 P R 1)
TTHR , AU IH Fh S 56 43 B 78 32 T 28 A 4 BUR:
TEREII S , A CRRIET 3% ) (B CRRAERL G ) F1 C (¢
TEIG ) W HAROR MO G RO . 5890 B 1E4E
N A+ B+ CAAGTESET: DSFPN PERE 5 1) o 3%
VERT, AHOCSE I A5 R L3R 4

%4 DSFPN j4RESEIS
Tab. 4  Ablation study on DSFPN

Jrik A B C P R mAPSO  W,.,/MB N, .. F,/GFLOPS
I vV 0. 822 0. 861 0. 903 3.251 1534133 5.031
|| vV 0. 846 0. 864 0.918 3.337 1569 077 5.621
Il vV 0. 861 0. 870 0.915 3.551 1 659 488 5.617
I\ v vV 0. 879 0. 875 0. 930 3. 981 1 848 032 6. 562
\% vV vV 0. 857 0. 868 0. 923 3. 664 1722 677 5.976
Vi vV vV 0. 898 0. 876 0.934 3.674 1702 496 5.619
VI vV vV vV 0.925 0. 887 0.941 4.102 1 981 040 6. 464

iy ACT 2H) A1 B (I WA =20 5 hy
0. 822 F10. 846, Mt C( M4) HAEnh Rt m =
0.861, 5 t R BLAE W /DB FBH M5 V 41K 1 5
0.857, I41$2F} % 0. 898, 141 ik F] 0. 925, 7R
A B C (&5 4G FE 38 TR G ] R 3 i e )
JC AR EE BT, B A B B4 B 584
Bk 0.861 F1 0.864, C [ fin A fif Hwg I &
0.870; V41 7 7]} 0. 868, VI41 4 0. 876, VI 41
IR 0. 887, =AML (1 b [m] £ 5% 1E 5] F) iR 31
DI RE . mAPSO 45 b5 J5 1, A A B C B
M B 43 5 R 0.903,0.918,0.915; IV 41 K
0.930, V414 0.923, V4K 0. 941, /8 =& 45
BAE HA R IIRG B - B WL TESERIHAE

Jy i, VIZH SR SO R, B30 0 SR ey, 23l
4. 102 MB F1 6. 464 GFLOPS,, {H % He Ho4x 40
HrERef T 2

T Rl 5 309 WY AR 75 26 AR OF 75 R AR OE 3
SRABTHR B2 A i 5 4R FE DSFPN 4 7235 W 45 14 1
B, TEOCIREA R RIG HARRINAT 55 b, =& 45 G
I B AR
2.5 REERESHT

HUESE I A SR W 14 A7 2Pk, X YOLOv8n Al
YOLOv8-DM TE M A S AR 2 1 e B b 1 1 BB i 47
XA, I b ROC i A0 AUC {61, WA
PRI A B BH P 2 ( true positive rate, TPR) 5
B BH 2R (false positive rate, FPR) 2 [a] i - £ fig
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Fig. 10 Receiver operating characteristic
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Heatmap visualization comparison

Fig. 11
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Tab.5 Experimental results of various models

ETMY i P R mAPSO W, /MB N,/ units  F. /GFLOPS
VGG16 Faster-RCNN 0.869 0.852 0.890 171.479 43 894 707 215.542
Faster-RCNN 0.846 0.897 0.630 161.965 41 304 286 133.976
ResNet-50 RT-detr-x 0.923 0.893 0.939 135.425 65 482 077 232.685
RT-detr-1 0.893 0.872 0.931 66.179 31 998 381 108. 344
Darknet-53 V3-tiny 0.743 0.743 0.824 24.385 12 131 262 19.051
YOLO-Net Ve 0.874 0.901 0.933 51.642 25 324 645 103.709
vlin 0.896 0.844 0.917 5.653 2583 517 6.447
vi0n 0.859 0.873 0.906 5.661 2 697 146 8.406
V6 0.887 0.896 0.922 8.674 4234 437 11.872
R ASF-yolo 0.842 0.886 0.920 6.382 3050 981 8.692
GoldYolo 0.874 0.862 0.922 16.618 8 061 733 17.642
v8-BiFPN 0.905 0.880 0.932 5.803 2 783 985 8.247
V8s 0.899 0.890 0.934 22.512 11 128 293 28. 660
v8n 0.820 0.857 0.908 6.318 3007 031 8.201
YOLOv8-DM 0.925 0.887 0.941 4.102 1 981 040 6.564
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