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Multi-Angle Surface Defect Multi-Class Classification of Solar
Panels based on EfficientNet-VGG Fusion Model

Daemin Kim*, Jongwook Si**, and Sungyoung Kim***

B 97 aWedEdTadA Adste MASIEAT4 75 5 291 A DC2023SD) Aol @
T3 2d=dUth

=0]

B =EoAs gokd gd 2R ¥y &40 ‘?—.lrﬂ & A3ZE oo = EAl st Hd

E BEFse Jed 2dS Atk Aoksts 24 EfficientNet?} VGGI9E 7|¥to g Z47+o] YESY A
A F&3 EAS Y Yo A3 F, Residual Block?} ASPP RES A &30z thE ~AYY #
B3 B4 39S 5T ¢ JEFE AASGT E3 g A7 QS H 8ol AQ Rl £/ 45 HO
IR A WS XIS F o] FY2RE UFoE 3 Ao 1 B2 292 7]E EfficientNet Y =
g tin] 4% 2 AZEE 7128 olHd Axks Akd mdo] okt g AHES gvFow g
& F JeS HAEG

Abstract

This paper addresses the issue that contamination or damage on the surface of solar panels leads to a decrease in
power generation efficiency and proposes a deep learning model for classifying panel conditions. The proposed model
is designed by combining features extracted from EfficientNet and VGG19 at the channel level, followed by the
application of Residual Blocks and an ASPP module to enable learning of rich multi-scale feature representations.
Furthermore, label smoothing was incorporated to further improve the classification performance of the proposed
model. In experiments conducted on six classes, including normal panels, the proposed model achieved an accuracy
that is 4 percentage points higher than the standalone EfficientNet model. These results demonstrate that the proposed
model can effectively classify the condition of solar panels.
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erall architecture of the proposed network for solar panel defect classification
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