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Improving the Defect Detection Method of YOLOvSs for
Oil Bottle Surfaces

LI Wenchen, ZHANG Yahui
(School of Intelligent Manufacturing and Control Engineering, Shanghai Second Polytechnic University,
Shanghai 201209, China)

Abstract: To address the issues of small target size of surface defects in engine oil bottles and poor robustness in ROI
candidate boxes leading to inaccurate liquid level positioning, an improved defect detection algorithm for YOLOv5s is pro-
posed. Firstly, K-Means- + is used to initialize the clustering centers instead of K-Means, making the generated prior boxes
closer to the real shape and size of the detection targets. Then, the variable convolution is introduced into the backbone net-
work to improve the flexibility of feature extraction. And then. the SE attention mechanism is introduced to adjust the
weights of different channels in the feature maps. Additionally, the bi-directional feature pyramid network (BiFPN) is used
in the neck network instead of the original path aggregation network (PANet) to achieve adaptive feature fusion of different
scale information. Experimental results show that the improved YOLOv5s algorithm achieves an mAP of 96. 9% , which is
6% higher than that of the YOLOv5s algorithm, and the accuracy is increased by 4%. Experimental results verify that the
improved YOLOv5s algorithm outperforms the original YOLOv5s algorithm in terms of detection accuracy, solving the prob-
lems of missing small targets and inaccurate liquid level positioning.

Keywords: oil bottles; YOLOv5s; defect detection; variable convolution; attention module
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%33 %

4 BIAARTRE B 7 HLE RS D 25 5% L %
Algorithm mAP I R F,
YOLOv5s 90. 9 92.6 93.2 93

YOLOv5s+NAM 92.2 94.2 94.6 94. 4
YOLOv5s+CA 93.2 95.2 94.4 94.8
YOLOv5s+CBAM 92.7 94 94. 6 94.3
YOLOv5s+SE 97.6 97.6 95.9 96.7
# 5 5] A BiFPN Hi J5 K 0 2% 3 %t Lt %
Algorithm mAP P R I,
YOLOv5s 90.9 92.6 93.2 93
YOLOv5s+ BiFPN 96. 3 96. 6 97.2 96.9

PSR AEAS SCHL A R &0 4 4R 1 S Al b 0E A7 — &R 51 5
By JEXERUEAT TR B 8 R TSI AMINL B S
B AN A, A A 4512k pR B T R . h AT 8 ]
Al LA E R, BRI SR Y SO A B T4
The JF HBCH M 5 PR E a5

YOLOv5+DCNv2

YOLOv5+K-Means++

YOLOv5+BiFPN

YOLOv5+SE
| Ours

0 25 50 75 100 125 150 175 200
Epoch

SR EN o) e

DN T EE AT M B AR TN A R R A A T AR S AR
fEL. PG AN ) et Dy A PR RL A 20 . B ANk 6

AN PO

F# 6 Gl AMNTFBIRAOR LR 1L %

Algorithm mAP P R F,

YOLOVS5s 90.9 92.6 93.2 93
YOLOv5s+ DCNv2 94.9 94 95.8 94.9
YOLOv5s+ K-Means+ + 95.4 95.2 95.9 95.5
YOLOv5s+ BiFPN 96. 3 96.6 97.2 96.9
YOLOv5s+SE 97.6 97.6 95.9 96.7

Improved YOLOv5s 96.9 96. 6 97.3 97

M6 Al DIE . 5] A DCNvz i, #
TR HARKL I BE A — E PRI I3 5 . H mAP (51K 3
T 94.9% . 51 BIFPN B — 5 8 50 T KA B 45 fiE
FARE s, (EARBEALY M RAETHE 97,206, MEIA
SE B 5 B ] o 5 A5 R LA g 114 Tl SRR A R

XFRRAE (4R U 3 7 OGS E . ik JE 19 YOLOvSs 55
A TG YOLOVSs Bk, Hiwk 2 A — @ BREN
TR AR TR TE .
3.6 KWHH

T B UEA SCRL R A R R AR SCRD . SOk
L7] e 5k 5 o S s FE A SO 46 BT Il 2R 5
WA IR EIR VRN HR AR EAT BT RE A XS LG . X L
SERMF T IR, R TATLAE W, AR SO A Bk
YOLOVSs J5 i) A2 8 i) 4 3k 8] 7 97.3% . H s i
YOLOvSs 48 F+ 7 4. 1%, AH Lo Al 550k, ook )5 1) 55
TR AE RS DU oE 1 R A ] R B R TR

LT R E bk A X L 52 g %

Algorithm mAP P R I,
YOLOv51 85.7 89.9 90.5 90. 2
YOLOv5m 86.8 91 91.9 91.4
YOLOv5n 89.5 92.6 91.9 92.2
YOLOv7 88.6 93.1 92 92.5

YOLOvSs 90.9 92.6 93.2 93
SCHRL7] 92.3 94.9 92.6 93.7
YOLOv6 95.8 94. 6 93.9 94.2

Improved YOLOvV5s 96.9 96. 6 97.3 97

T Bk e JE B Rl AT e G ) B R AT
M. B9y ik i S R RS I 25 SR LI B ()
H s G YOLOVSs B350 H bp A il 1) B 45 152 3 36 i
%, FEJ5 2 b B 25 B U BR . R w R I E A B K
() fi FH ok I A T 5 R I o5 A B I A
9 AT 3 T AR BEARAT BT 4 T X R WIS IE X/ H AR 0
mee A piEE. B (o (D 452 RE % E R %t
o4 A S A R A G R . e R, AR

whl ¥

L

(c) BudkHy

(d) itk Je

9 AL B RIS G I 45 2R X LE A
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B, 5 JET YOLOvSs Bk i L i i 2 m ik b il Jr v © 39

Kl B SR — =T, M 0.82 #£F % 0.88, X —%k
I 114 2 g 2 WY ABE L A YA 2 S DN AR 7 P BB A B i 4D
HIECE AL R F BT AL T B m A MER . BRAR B e 22
1] BEE .
4 HRiIB

RSO T — B T o YOLOVSs 5535 1 AL i
S SR BRI U k. Je A K-Means + + U K-
Means ¥ i A B 0+ A B o o fy A AT AR B9
JERHE s HOURAE T M 45 51 A DCNv2 5 B 5 i R
i o R A T A4 A L DT S G A B 0 o ) A
R R BB ETMSN G —)Z5IA SEEET
BL . 3o 4 Jr RS2 A L P AR e o O A AR AIE ] 9
AL AR IS B — A B R AR S . 3 S AR R A JR R X
SN R AR B2 BURE )5 B A SUET I 4% 5] A BIFPN
W5, J R AN [ R BE FR RFAE BEAT R, E t d E
BARE . RAEHI SRS B A P i, (R Bk 75 15 0
T AL RO S /0N SO R A 2 BB L AL 2k ) A T e
Ty AT g s, HBE R E AR TV A I B ik B T R
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