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A defect detection method for photovoltaic cells based on MFES-YOLOV8n
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Abstract: To address the issues of high missed detection rates for small targets, insufficient robustness against complex background
interference, and limited cross-scale defect detection capabilities in existing target detection methods for photovoltaic cell
electroluminescence images, a defect detection model based on MFES-YOLOVS8n is proposed to enhance detection accuracy and
efficiency in industrial scenarios. First, a C2{-ST feature extraction module is embedded into the backbone network, utilizing the
window-based self-attention mechanism of Swin Transformer to enhance local-global feature associations for micro-defects, combined with
residual connections to preserve shallow-layer detail features. Therefore, the fine-grained feature extraction capabilities are improved.
Secondly, an ES-SPPCSPC feature representation module is designed, integrating group convolution with an enhanced SimAM attention
mechanism, achieving dynamic suppression of background noise and enhancement of defect-specific features through synergistic
optimization of energy-based, channel, and spatial attention. Finally, an MSFF-Neck multi-scale feature fusion module is established,
employing scale-sequential feature fusion and triple feature encoding strategies to enable complementary interactions between deep
semantic and shallow detail features, mitigating multi-scale feature degradation. Experiments on the PVEL-AD dataset validate the
model’ s effectiveness. Results show that it achieves an mAP@ 0.5 of 0. 897 with 6. 1 M parameters, improving by 3.0% over the
baseline YOLOv8n. Through a progressive optimization strategy of “fine-grained feature extraction, cross-scale semantic enhancement,
and multi-level feature fusion”, this study overcomes performance bottlenecks in multi-category and cross-scale defect detection of
traditional models, providing a high-precision, lightweight, and edge-computing-compatible defect detection solution for industrial

scenarios. While maintaining low computational complexity, it meets the demands for real-time performance and reliability in industrial

S H 9. 2025-03-06 Received Date; 2025-03-06
w AT H | B K S & TR (2022 YFE0101000) 11 H %% Bl



252 f# £ ¥

a6t

applications, offering technical support for advancing quality control and intelligent maintenance in the photovoltaic industry.

Keywords : MFES-YOLOvS ; photovoltaic cell defect detection; feature extraction; feature representation; feature fusion
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I 2% BE A% 1 - b O B8 AR T/ BEAR RS 405 15 B, e
[FRCBERHAE R G . BARA S FR =t (10) B,
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PR3 ST Z2 YR B RRAE 28 B GE , SC 30 2 R AT 1Y) 3 L A%
126 5 AR BE IR (3 9 58 | A R A TR 2 I 45 R
TN G, s AR Y 22 RUBE Rl RE 7, DA T fob 28 3 i
BBIAEAN RSB N [ A b i R0 e

2 ZWELERSH

2.1 HUR&E

SR PVEL-AD 3l 550405 42 20 JF J 52 56 1030F , % 54
Hia 2 S PR vl S5 G T 19 SR RIS P L S 0 A
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Fig.7 12 deficiencies in the PVEL-AD dataset
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NVIDIA GeForce RTX 4060Ti FIFEh#E K (16 GB A7),
RIFIREEHT PyTorch 2. 0.0 425 CUDA 11. 8 JR17it
AR, AL 2R R F 200 4 epoch (3% 18 3R 1
b RSHE BN 16 B/, S5 kit B2 v i A
it N B 81T (adaptive moment estimation , Adam ) T fL 5%
(FIER220. 01, & H T 0.937) , 5] A L2 1IEN{k
AR (FE LIRS 0.000 5) By 1k 04, VIRt i
T HEEOT B T3 250 0. 95 SEIUR L BB V-1, B O AR A
WSk M . N ZRat R, 2 2] e e 0wyl , DA Bl
T G- S 8L

2.4 SEMARBLLEST

N T YEAR T i 0B K AR D7 1 S T R
BRI T b AT 1 X He AT o S A A [R] A R 4 AT
AR T 2EAT, LB OR LAY 2

F 1 NN TR 7 TR AR FR L R I ARG I 45 SR X L
L,

F1 AREFHERISLKEBEREE N EERITEE
Table 1 Comparison of defect detection results in

photovoltaic cells using different methods

7 mp@Q s MATC BHE f"ﬁﬁg
0.5~0.95 /M  +#/GFLOPs
YOLOv5n 0. 887 0. 608 2.5 7.1
YOLOv6 0. 867 0. 583 4.2 11.8
YOLOv7-Tiny 0.744 0.521 6.0 13.1
YOLOv8n 0. 867 0.614 3.0 8.1
YOLOvOL 0. 870 0. 595 2.0 7.6
YOLOv10n 0. 852 0. 604 2.7 8.2
OD-YOLO'”] 0. 894 6.7
FasterNet %" 0. 845 0. 555 1.8 5.1
DETR!*! 0. 756 0.527  28.9 30.3
Faster RCNN[?] 0. 686 0.470  41.2 90.9
Faster RCNN_CANP) 0.779 0.519  42.1
Cascade RCNN[3!) 0.797 0.449  69.4 162.0
RetinaNet[?] 0. 746 0.441 21.4 118.0
MFES-YOLOVS8n 0. 897 0.610 6.1 10. 4

FH 2% 1 WAL, FERCIORS B2 7 T, MFES-YOLOVS8n Hif%
T 0.897 [ mAP@ 0. 5, # L LA AL YOLOVSn $£ T+ T
3AE A, RIE T S/ FW A YOLO RAIEH 5
SRR AT B YOLOVSn (2.5 M) #H [, MFES-YOLOV8n
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Table 2 Ablation experiment

C2f-ST ES-SPPCSPC MSFF-Neck mAP@0. 5 mAP@0. 5~0.95 ZHie/M I H TR/ GFLOPs
0. 867 0. 614 3.0 8.1
2 0. 869 0. 595 3.1 8.6
v 0. 868 0. 578 5.9 9.9
2 0. 871 0. 597 3.1 8.6
VvV v 0. 889 0. 607 3.1 8.6
vV v 0. 882 0. 608 6.0 10. 4
vV v 0. 889 0. 610 6.0 10.0
Vv Vv v 0. 897 0.610 6.1 10. 4
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