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Surface Defect Detection of Aluminum Profiles Based on Improved YOLOvS8s

HOU Xianging, LI Yuansong, SHI Rui, WANG Tao

School of Computer Science and Engineering, Sichuan University of Science & Engineering, Yibin 644000, Sichuan,
China

Abstract: Objective Aiming at the problems that there are many types of surface defects on aluminum profiles and
significant differences among these defects, which may easily lead to missed detections and false detections, an improved
YOLOv8s detection algorithm is proposed. Methods First, the dilation-wise residual (DWR) module was introduced.
Based on this, the Botileneck structure in the C2f of the backbone network was reconstructed to enhance the network’ s
ability to extract complex features and enable the network to obtain context information more efficiently. Second, an
additional layer for detecting small targets was integrated into the existing neck network, which aimed to extract and
transmit the small target feature information that was more critical and discriminative in small-sized defects. The shallow
and deep features were fused to reduce the missed detection rate and false detection rate and improve the detection

accuracy. Finally, the inner generalized intersection over union (Inner-GloU) loss function was introduced to focus on the
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overlapping part inside the bounding box, accelerating the model’ s convergence speed while improving the accuracy of
bounding box regression. Results The improved algorithm was applied to the Tianchi aluminum profile dataset. The
experimental results showed that the performance indicators of the improved algorithm in terms of precision, recall, and
mAP@ 0. 5 reached 88. 7%, 83.4%, and 88. 5%, respectively. Compared with the original YOLOv8s algorithm, these
values were increased by 4. 1%, 2. 1%, and 2. 9%, respectively. The improved algorithm can effectively identify different
types of defects on the surface of aluminum profiles. Conclusion The effectiveness of the improved algorithm is verified by
experiments. This improved algorithm solves the problem of poor detection results for some aluminum profile defects,

reduces missed and false detections, and meets the current requirements of factories for detecting surface defects on

aluminum profiles.
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Table 1 Prior experiments of benchmark algorithm

KA Sonn/ % GFLOPs FPS
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B A C2A DWR J BAF#%EMN E  Inner—Giou P/ % R/ % Sosn” % Params/M GFLOPs FPS
YOLOv8s — — — 84.6 81.3 85. 6 11.1 28.5 183.6
A v — — 86.5 82.7 87.0 10.9 28.1 181.2
B — v — 87.0 80.7 85.9 10.9 35.7 170. 7
C — — v 85. 1 83.8 86. 2 11.1 28.5 180.3
D — v v 87.8 79. 6 86.5 10. 6 34.0 174.8
E — v 88.6 81.6 86. 4 10.8 28.3 170. 8
F — 87.4 84.0 87.6 10.4 32.5 165.7
G v 88.7 83.4 88.5 10.4 32.5 165.7

2.6 XfLLSEE

R T MBS Sk Bk 5 A AR B SR
H R PR AR AR | 7 A R 9 S B0 PR A SR E T,
XoF ] — 0 R0 A ke o B s 4 E AT X0 L SR, SRR A5 SR
# 3PN,

¢ 3 A M1, Faster R - CNN, SSD D) K &% 3 i
YOLOvO—c #5580 315385 NS 80 R 5 K, A ) o i 4
6, A | E R B un, A S0 M
YOLOv8s 53, BUARTE TR & A3, {5 2= 76K iff
B A WAL RV YRS BE Y (E b Y50 T A 0 A vk
B SRS R IR ] 88. 5%, L BRE R B4R/ T 2.9
NEST . ZEEPrR MECT B3 AR AR SOk
S EA AR PERE . R YOLOV8s 53k LA KA 3¢

ST T 2 PR R I 7 TR
#3 FRBE KR

Table 3 Comparative experiments of different models

BA P/% R/% foap/% Params/M GFLOPs FPS
SSD 79.2 76.4 8.5 26. 1 89.5 36.4
Faster R-CNN 85.9 82.3 81.2 28.2 95.1 48.2
YOLOvSs  82.0 80.4 82.7 9.1 23.8 170.3
YOLOX-s 80.4 79.5 83.6 9.1 27.1 160.8
YOLOv8s 84.6 81.3 85.6 11. 1 28.5 183.6
YOLOv9-¢ 86.8 83.4 88.0 51.0 237.8 43.5
Bt H ik 88.7 83.4 88.5 10. 4 36.3  165.7
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Precision—Recall Curve

L0 — budaodian 0.913
‘ —— cahua 0.683
— jiaolou 0.995
0.8 — jupi 0.982
— loudi 0.937
— penliu 0.882
£ 06 —— qipao 0.598
Z — qikeng 0.933
= zase 0.995
/~ 04 — zangdiao 0.643
—all classes 0.856 mAP@0.5
0.2
0.0 0.2 0.4 0.6 0.8 1.0
Recall
(a) BUEEAT PR #iZk
Precision—Recall Curve
1.0 1| — budaodian 0.933
—— cahua 0.741
— jiaolou 0.995
0.8 — Jupi 0.990
— loudi 0.959
— penliu 0.919
_5 0.6 —— qipao 0.702
-z — qikeng 0.960
§ —zase 0.995
& 04 — zangdiao 0.653
—all classes 0.885 mAP@0.5
0.2
0.0

0.2 0.4 0.6 0.8 1.0
Recall
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Fig.7 Comparison of precision-recall curves before and after

the improvement of YOLOVS8s algorithm
2.7 BRUECRXTEE
H P& 7 AT DL S5 48 RIS e ke o G TN RS 2 A7 1 A8 %
Tho N7 B AR A SCRL M 45, h T B A
Fid Z | PG R AR A N A5 SR AN TR 8 FTR

cahua 052

(a) BUHRBTEIEGRPAE

cahua 0.33 cahua 0.37

cahua 0.64

(b) it RELEREE

(c) BRI IEERMEE

qipao 0.89

(d) Hit/aZiaERiEE
B8 HikM#HEIERMER

Fig.8 Comparison of detection effects before and

after algorithm improvement
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