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Liquor Bottle Cap Defect Detection Based on Improved YOLOVSs
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(1. School of Software, Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. Science and Technology Industry Division, Nanjing University of Information Science and Technology,
Nanjing 210044, China)

ABSTRACT: In production of bottled liquor, there are usually surface defects on the bottle cap that affect the quality of
the product. The work aims to propose an improved algorithm model DTS-YOLO based on YOLOVS5s to solve problems
of low detection efficiency of blemishes on the surface of liquor bottle caps and poor detection of small targets. First,
deformable convolution was introduced into the backbone network to improve the detection accuracy of the model for
extreme aspect ratio defects; Secondly, the Transformer coding block was incorporated into the backbone network to make
the backbone network focus on the extraction of global information of the image; Finally, influenced by Inspired by the
C3 module in YOLOVSs, the C3SE-Lite module was designed. The C3 module was embedded in the SE attention module
and the GhostConv convolution was introduced at the same time, so that the model could reduce the number of parameters
while enhancing the ability to detect defects. The experimental results showed that under the premise of reducing the
number of parameters by 10%, the average precision of the method in this paper reached 95%, and the average detection
speed was 30 f/s. The method presented in this paper can effectively detect the surface defects of bottle caps quickly and
accurately, and can be widely applied to the surface detection of bottle caps during the production of bottled liquor.

KEY WORDS: YOLOvVSs; flaw detection; deformable convolution; Transformer coding block; attention mechanism
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WMELA 1S, M TR MY, DTS-YOLO 751
K EBE T R (R 4). BIRMBRISH ok
F, YOLOv7tiny L TASCHELAY, (HHAE A [0 R FAEf
RTINS T A SO 4.7 143 555 3.8 402, M
FERIPE S ROBOR B, YOLOV3tiny fi T2 SCA#
AR A [0 3 A 22 07 18 A IR AR SO 3.6 A
YRR 5.0 EHAY M. LR AR, S H bR
AL, ARG RIR SFERERE . RS
o TFEAUTTRERE 4 AU T A,
T T S R

R4 BFHMNERBMERERT L

Tab.4 Performance comparison of various network models

Model — ATI/% iﬁjﬁg ZHE10° “;\;ﬁ(%
Faster-RCNN — 89.0 — —
SSD — 80.0 — —
YOLOv3 90.0 92.1 615.5 155.4
YOLOv3tiny  88.9 90.0 86.8 13.0
YOLOvSs 90.8 93.7 70.2 15.8
YOLOv7 91.3 93.0 372.2 105.2
YOLOvT7tiny  87.8 91.2 60.3 13.2
YOLOXs — 90.9 89.4 26.7
DTS-YOLO 92.5 95.0 63.1 13.2

4 L5k

TEI e A P b R v, 8 s O i FECE P A A
JEE FFIVRGIIN 38 X e P A = T R LA B S X
H AT E AR 0 532 78 P R 2 SECHEAS DUAT: 45 Hh Gl 2k
WX, AT YOLOvss #:H — Fb ol ik 5 vk
DTS-YOLO. DTS-YOLO iffi i fifi & DCNv2 it i sisd
X it B HEIBCBE AR BE 7 5 51 A Transformer 4ifid
Ll R 25 RS PRI MR M) 4 JRy (5 2., HG S AR AR X 3B 1Y)
KeEE )15 e, TESERRIZEHgH: C3SE-Lite fhibk, 1%
TS Kot B 1) S B o 388 e 7 TR 2 T P L 2 B 4
PEEE L IEATCH, ARSCEE W DTS-YOLO Hik a4k
ik 95.0%, B MIHIE 92.5%, il Hy 30.0 /s,
SRIMT , 765 /0N B ARBECBERE I )5 TR FRaft—25 s . R
N BTG R A IR AR i K T LI AN S E AR ER
TERRIIRG BE , JREERE RN, IERREmsR A E AL G
PLSEEBER G B HARAER . DR A I
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