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ABSTRACT: The work aims to propose an improved reagent card printing defect detection algorithm
LOvVS5s-EF based on deep neural network YOLOvVSs to solve the problems of low efficiency, high cost and easy to miss
detection in manual sorting of reagent cards with printing defects in reagent card manufacturers. High-quality defect im-
age data sets were obtained by image preprocessing algorithm. Efficient Channel Attention (ECA) mechanism was added
to the backbone feature extraction network of YOLOvSs to enhance the representation ability of important features in
feature maps. Focal loss function was introduced to alleviate the influence of imbalance between positive and negative
samples. Combined with the positioning results of the printing area, a method of similarity matching of feature vectors
was proposed, which was based on the quadratic accurate positioning and the construction of azimuth feature vectors. The
experimental results showed that the average detection accuracy of the reagent card printing defect detection algorithm
proposed in this paper could reach 97.3% and the speed was 22.6 FPS on the test set. Compared with other network mod-
els, it can identify and locate various printing defects. The model has good detection speed and robustness, which is bene-
ficial to improve the intelligent level of enterprise production.
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Fig.1 Algorithm flow chart of this paper
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Tab.1 Performance statistics of various defects detected by
the present algorithm
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Tab.2 Comparison of detection performance of
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Tab.3 Performance comparison results of improved
YOLOVSs and other target detection models

CRAN ET R4 Amar/% @iﬂﬂgg/
(i-s™)
Faster RCNN ResNet50 90.2 9.15
SSD VGGI19 88.4 54
YOLOvS5s CSPDarkNet53 93.5 45.6
YOLOv5s-EF CSPDarkNet53+ECA  95.9 36.3
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P 3 AT, FE[FREAI4E I, YOLOVSs-EF
B 2K B2 95.9%, b Faster RCNN ., SSD
YOLOvSs Bk & T 5.7% . 7.5%. 2.4%,
WS AR e . WK, YOLOvSs-EF
SEH R AT IR 36.3 5K R, LS T ECA I
BOAHLE, BT Bk R A R,
YOLOvSs B AR T 9.3 Mi/s, FARMURA FrREAL,
B Apap 3275 T 2.4%, YOLOvVSs-EF # Faster RCNN
T T 27.15 Wi/s, T4 SSD WA Fr A%, (H A
R RE T o 25 b, ARSCHE 0 ek Bk BE AR AR AR I 1)
O IUAE E | S XA RE A, 36 R a5 S Sl A o) A
FEM LR, TR e A s 1] AT B R A 3

KT 3F YOLOvVSs-EF Wk ErE, *H
PASCAL VOC 2007 %4 4% et BRI T 25 . 8K
PEAESL 9 963 SRIE A, 7% 20 MRS, ZEMI LI
B2 S G B il 1) o U = R e a1 X o €7
W 4 iR, R 4 LIEH, FHRT A Anap 8
JREAE IR T 4.2%, ECA TEE SHLHI A N
SR T K ARSI g, [ I ARG I S R A BT R R, UL
SCBE T BT Sk B B iz A AR E 1
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Tab.4 Experimental comparison results

. o N/
ik ETM% P
(wi-s™")
YOLOVvS5s CSPDarkNet53 75.4 33
YOLOvS5s-EF CSPDarkNet53+ECA 79.6 26.3
5 &#iE

Bt A 7 2 B R B A iR A9 AR AR 4 /) T
Bexilc, ELITESZ Z0 BRI HEA T e A BE AR I A [R) T, 4
HH — PG R BB A 50 o %07 TR YOLOVSs
BRI SEmt b, 8 A ECA WAL, il 2%
NS HARRFAE, LARAT 5w A BRI H ARAR 5
KHI Focal loss fURJEUAT 4 B A5 BE41 2% ok BIOK 22 i
TE SRR AR AN YA B TR, 5 ) 268 i el . AR SO
TEAEMAAE b A R T LUK R 97.3%, N
22.6 /s, RIMBAFRIRRENE, LI T ZRUGI R
R B4 e P PRSI o T — 2Rt L S e )
R ARG I 0 PR A T L, X RO A7 i — 20
R S AR RE SCSE , DA SIS B AR 7 4 3R] S e o 1)
iRg il 8

S 3k

(1] ®AESE. BNk S SR AT 5 5 M D). Kb #Im
K2, 2020: 27-28.
HU Yi-xiao. Research and Application of Printing De-

fect Detection[D]. Changsha: Hunan University, 2020:
27-28.

[2] WA, SRR TR 2 28 SCH ) BEHLAY B R R

R3], AR B TR e 4l (A AR B2 D, 2017,
43(1): 143-148.
HU Fang-shang, GUO Hui. Printing Defects Inspection
Based on Improved Multi-Class Support Vector Ma-
chine[J]. Journal of East China University of Science
and Technology (Natural Science Edition), 2017, 43(1):
143-148.

[3] SRk, RARAE, WM. BT LAY BRI S A B

H s I 7 35 0] B A R 22 4R (TR, 2018,
40(4): 385-389.
FENG Qiu-ge, WU Lu-shen, WANG Xiao-hui. Design
of Automatic Printing Character Defects Detection Sys-
tem Based on Machine Vision[J]. Journal of Nanchang
University (Engineering & Technology), 2018, 40(4):
385-389.

[4] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
Feature Hierarchies for Accurate Object Detection and
Semantic Segmentation[C]// 2014 IEEE Conference on
Computer Vision and Pattern Recognition, 2014:
580-587.

[5] REDMON J, DIVVALA S, GIRSHICK R, et al. You
only Look Once: Unified, Real-Time Object Detec-
tion[C]// 2016 IEEE Conference on Computer Vision
and Pattern Recognition, Las Vegas, 2016: 779-788.

[6] REDMON J, FARHADI A. YOLO9000: Better, Faster,
Stronger[C]// 2017 IEEE Conference on Computer Vi-
sion and Pattern Recognition Workshops, Honolulu,
2017: 6517-6525.

[7] REDMON J, FARHADI A. YOLOv3: An Incremental
Improvement[EB/OL]. 2018: arXiv: 1804.02767. https://
arxiv.org/abs/1804.02767

(8] JEIH:, I'THEAE, “ESr WL T ML Y R M R 4R

WE AT R B A DB O (0], AL R DR, 2022, 43(9):
249-256.
ZHOU Wei, MEN Yao-hua, XIN Li-gang. Inspection of
Coding Defects in Flexible Packaging Bags Based on
Machine Vision[J]. Packaging Engineering, 2022, 43(9):
249-256.

[9] FENG Hong, JIE Song, HANG Meng, et al. A Novel
Framework on Intelligent Detection for Module Defects
of PV Plant Combining the Visible and Infrared Im-
ages[J]. Solar Energy, 2022, 236: 406-416.

[10] ERZ, kMg, M. ST 86k Yolo vs 4L Bl
Kl 75 % (7], 2 THLBK, 2022, 40(2): 54-60.



a4k BT

XIE P, % FF B YOLOvVS Ayt B R i i £ 55 vk

+ 205 -

[11]

[12]

[13]

[14]

[15]

WANG En-zhi, ZHANG Tuan-shan, LIU Ya. Fabric
Defect Detection Method Based on Improved Yolo
V5[J]. Light Industry Machinery, 2022, 40(2): 54-60.
AT, SRE, TRAMG, AE. kTR G A A 1A
BECHETTIERTIELI]. JEA 4R, 2017, 43(1): 16-21.
HU Fang-shang, GUO Hui, XING Jin-peng, et al. Image
Registration Based on Label Printing Defect Detection[J].
Optical Technique, 2017, 43(1): 16-21.

W, B35, g, 55 MG YOLOvS g2
ARSI 5 L], RV TR SN A, 2022,
58(4): 237-246.

YANG Qi-sheng, LI Wen-kuan, YANG Xiao-feng, et al.
Improved YOLOv5 Method for Detecting Growth Status
of Apple Flowers[J]. Computer Engineering and Appli-
cations, 2022, 58(4): 237-246.

TUR, Bok. BT YOLOvS 1yidi & gl SR Jy ik (1],
TP TR SR H, 2021, 57(20): 236-244.

YU Juan, LUO Shun. Detection Method of Illegal
Building Based on YOLOVS5[J]. Computer Engineering
and Applications, 2021, 57(20): 236-244.

BERE, BXEE, LW, F.ORTRE LY
YOLOVS 3¢5 7 B s Jr L (0], B E ARk (h 3
), 2021(2): 100-114.

LI Zhi-jun, YANG Sheng-hui, SHI De-shuai, et al. Yield
Estimation Method of Apple Tree Based on Improved
Lightweight YOLOVS[J]. Smart Agriculture, 2021(2):
100-114.

YING Zhi-ping, LIN Zhong-tao, WU Zhen-yu, et al. A

[16]

[17]

[18]

[20]

Modified-YOLOvSs Model for Detection of Wire
Braided Hose Defects[J]. 190:
406-416.

ZHENG Zhao-hui, WANG Ping, REN Dong-wei, et al.

Measurement, 2022,

Enhancing Geometric Factors in Model Learning and
Inference for Object Detection and Instance Segmenta-
tion[J]. IEEE Transactions on Cybernetics, 2021, 26(8):
1-13.

HU J, SHEN L, SUN G. Squeeze-and-Excitation Net-
works[C]// USA: Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2018.
WANG Q L, WU B G, ZHU P F, et al. ECA-Net: Effi-
cient Channel Attention for Deep Convolutional Neural
Networks[C]// 2020 IEEE CVF Conference on Comput-
er Vision and Pattern Recognition (CVPR), Piscataway,
2020: 11531-11539.

JATFA, K, BB, 55 EETHEE YOLOv4 /Y
Bk AR I Oy Bk (0], T A 3k, 2021, 47(11):
61-65.

ZHOU Yu-jie, XU Shan-yong, HUANG You-rui, et al.
Conveyor Belt Damage Detection Method Based on
Improved YOLOVA4[J]. Industry and Mine Automation,
2021, 47(11): 61-65.

Ef, INVEE, Y, F Wk YOLOVS 1 F 4G
WS []. AT RS R, 2022, 58(4): 134-142.
WANG Jing, SUN Zi-yun, GUO Ping, et al. Improved
Leukocyte Detection Algorithm of YOLOvVS[J]. Computer
Engineering and Applications, 2022, 58(4): 134-142.

SRS R



