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Abstract

To address the persistent issues in photovoltaic panel defect detection—namely the low detection
rate for small targets, slow inference speed, and poor adaptability—we propose an improved defect
detection model, YOLOv13n-PV, based on YOLOv13n. In the YOLOv13 backbone, we incorporate the
Coordinate Attention (CA) mechanism, which enables the algorithm to focus more effectively on
spatial localization and category discrimination, thereby enhancing feature extraction for small and
densely distributed targets. Meanwhile, the loss function is optimized by adopting a dual-weighting
mechanism that combines class weighting and small-object weighting. This approach enhances the
model’s sensitivity to defects and strengthens the detection performance for small defects. The re-
sults of various experiments show that the average precision and recall of the algorithm model pro-
posed in this paper on the test dataset are 94.1% and 93.6%, respectively. The values are respec-
tively higher than 93.2% and 91.7% of the original YOLOv13n model algorithm. While improving
detection performance, it can also balance the computational efficiency of the algorithm. Therefore,
it can realize fast and accurate defect detection of photovoltaic panels, providing technical support
for photovoltaic power generation in new energy systems.

Keywords

Photovoltaic Panel, YOLOv13, CA Attention Mechanism, Deep Learning, Loss Function, Defect
Detection

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 518

FESEIL “XU” HARBUEES T, KEHRESA GETAN N A LR AT T ARAT A R LIE 1] AKFHBER
R ZE AR . Horh 2024 48 AR5 JF 7 B 102.48 GW,  Horh S 20 R A it 49.60
GW, 7 iiH0LIk 52.88 GW [2]. fERHL ALY, JeRBCK Lo iiRE. (AREILERES, dFeik
WZEVEIN . TR UL LGRS RAT ZWI AR, TTRES T A WM, FRORAE A, IR EER I 20RO
PR AL SR S F ™ EE R, T S R A R G RRE T[]

PRt iy R st A ROt O RARGIEAT A RO SR I A I AR . B e AR B R g e ) 3 e it
N HI AR LN AR A Lz — LA N LA AR oE o (BT N A T i A i 2ORAR
AR RIS R @SS AR, I A6 R 7T BE il il — IR AA, A4S H ATAS I LA 2 AR A 7
MR MERESF AL EE K

ST UL ET S, WEITH B RR L 5 ST BRI R B ORACSR BRI sk, AT SIS B AT S A
D0 ELS 2 v 1 16 DR Sk g ARG P 5325 o

SREEAS I BE B TH LR AR, VR ST FE SR AT U )iz N A S 1 R ISR 6T
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Figure 1. Network structure of the YOLOvV13 mode
& 1. YOLOV13 M4 4k [E
DOI: 10.12677/aam.2025.1410428 154 N FH A2 3t e



https://doi.org/10.12677/aam.2025.1410428

T 5

FEER AL, EldERZ SMAREGETERIEE, BRBRERE BRI RE
iR FH PR ARSI B I — IR AN R O R B T BRI SRS AE, IR BRI 8 SR 5 T IS0 H
BE— PSR T A AE EGR AR S5 T PR RE . BRI BARERE PRI S . R BRI B
R e L, B VIR AR N, R S IR EME AT RN, R KA BRI P A SRR R
IERE T — M, BETHAERERRL LM, S REREAR, BEE LR AR N E ¥
(o, B a7 2k P A IR AR RS, BRI AR R A ke e . AR th 2 M ERIE
Beas i, GRBRIERUE I T BRI B AR REAT T, HA S e LA 2

1(1|1]0]0

1114110 |convopyg,

0(0|1]1]1

o(0|1(|1]0

0|1(1]0]|0 filter feature map
5x5 image

Figure 2. The process of convolution calculation
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Figure 3. Details of the adaptive hypergraph construction and convolution
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Figure 4. Structure of the CA module
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4.12. BIBENER
TSR BR £ AR ZE R A 172 XML JEARER, 11 YOLO RAEIRA) TXT A irgs. Hit,
FEHEAT IR 2 10 75 B IR 42 (RS AT 4k, i A5 R8T DL IE A s BRI R ) B bR 25 vh ()15 R

42. ZIWF¥H
421 IKEE
SLIACE W 1.

Table 1. Configuration of the experimental environment
1. LR E

CPU 12th Gen Intel(R) Core(TM) i5-12600K
GPU NVIDIA GeForce RTX 3080 Ti
BERR Linux
B 12GB
Python kA 3.95
Pytorch fig A 241
FERIREE VScode
pESZR Cudal1.8

4.2.2. SERIFiERR
FATRT LUE I 1 L A Ao BA TR M R AT i
FEIX LS H KR bR AT XA — S JnF 4 2 fos:

Table 2. Common parameters

R2 BEREBH
IEREA AR
TR 1E A A P FP
TR 1 REAR FN N
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Precision =

17)

Recall =

(19)
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BEM A, A s LT AN [ A TN B AR B () MR, R IX S gk T A T P-R k. Jlid /3 # P-R
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131
mAP = 5513 [ Fo_gdlx (20)
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B AIHLHIZE YOLOV13n ] Backbone #4347 . SE36 45 0L F % 3.

Table 3. Experimental results
Fz 3. LWLHER

Model Position P R mAP50 mAP50-95
YOLOv13n 0.914 0.912 0.934 0.604
YOLOv13n + CA Backbone 0.925 0.907 0.944 0.596
YOLOv13 + it Loss Loss 0.933 0.919 0.951 0.609
YOLOv13n-PV Backbone 0.931 0.928 0.957 0.632

FRPE a6 45 3R, {XAE YOLOV13n f5%4 () Backbone #8478l CA & bl G, AR EREP 5
[ FEE mAP 2r 5427+ 7 0.011 5 0.01, {HJ2 HHIZ R 5 mAP50-95 4 AT NF#, BiEH CA = IHLHITE
I A 55 T AR SRFAE XM S50 T B2 5 mAPS0-95 [ R [ T it 1 45 2K bR HRUS FE AR A
JE 55 1R VARE B 7 T 4 3T T 0.019 5 0.017, Ui B T SO3EA5 2k bR A5 A 2R toF St o P ARSI BE I #EAf
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Figure 8. Model metrics on the test set
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Figure 9. Comparison of defect detection effects among three types
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Figure 10. Comparison of prediction performance for crack defects
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Figure 11. Comparison of prediction performance for crack defects
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Figure 12. Comparison of detection and prediction performance for corner defects
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Figure 13. Comparison of detection and prediction performance for corner defects
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Figure 14. Comparison of detection performance for thick-line defects
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