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Abstract Herein, to address the issues associated with traditional manual defect detection in printing production, such as
time and effort consumption, difficulty in detecting small defect areas, and poor robustness, an improved YOLOv5I-based
printing defect detection algorithm is proposed. First, by expanding the detection scale by adding shallow feature maps to
capture small defect information, the ability of the network to detect small targets is improved. Subsequently, the ordinary
convolution in the Neck area is replaced with full-dimensional dynamic convolution to enhance the ability of the network to
capture contextual printing defect information. Finally, to address the issue of reduced detection speed caused by the
aforementioned two modifications, the C3 module in the Neck area is replaced with C3Ghost to improve detection speed to
the maximum extent possible with considerably low detection accuracy loss. Experimental results show that the proposed
algorithm has a detection speed of 44. 1 frame/s, and its mean average precision (mAP) reaches 97.3%, which is 2.9
percentage points and 2. 7 percentage points higher than those of the original YOLOv5] algorithm and an existing printing
defect detection algorithm-Siamese-YOLOvV4, respectively. The proposed algorithm outperforms the original YOLOvV5I
and Siamese-YOLOvV4 algorithms in classifying and locating defects in printed products with high detection accuracy and
speed. Thus, the proposed algorithm can be applied to print quality inspection to improve production quality control levels
and reduce labor costs.

Key words machine vision; defect detection; YOLOv5 algorithm; multi-scale fusion; dynamic convolution
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Table 1 Experimental environment configuration

Category Parameter Configuration
Video storage 11 GB
Memory 16 GB
NVIDIA GeForec RTX
Hardware GPU .
2080 Ti
Intel(R) Core(TM) i5-
CPU
4590 CPU@3. 30 GHz
Operating system Unbantu 22. 04
Programming language Python 3.7
Software . .
Graphics card acceleration CUDA 10.1

Deep learning framework PyTorch 1.10.1
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Table 2 Number of various defects

Types of printing defects Number of defects

Satellite droplet 976
Spots 985
Missing print 1041
Crack 998
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Fig. 5 Types of printing defects. (a) Satellite droplet; (b) spots; (¢) missing print; (d) crack
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Table 3 Experimental results of different improvement modules

Model Four detection scales ODConv C3Ghost mAP /% Speed /(frame+s™")
YOLOvVS5I — — — 94.4 48.1
Improvement 1 N/ — — 96.5 40.8
Improvement 2 NG NG — 97.7 39.1
Improvement 3 NG NG NG 97.3 44.1
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F 4 ORI E AR I 00 RE X L
Table 4 Performance comparison of different target detection algorithms unit: %
Model AP(Roy=0. 5) mAP
Satellite droplet Spots Missing print Crack
EfficientDet" " 89.1 88.7 84.3 79.8 85.5
Faster R-CNN'™ 90.3 93.8 87.1 84.2 88.8
SSDH 82.5 90. 4 54.0 63.7 72.7
YOLOv3"™ 87.2 90.9 82.3 83.2 85.9
YOLOv4"™ 90.5 92.1 87.5 85.7 88.9
Siamese-YOLOv4' 98.2 96.5 92.0 91.7 94.6
YOLOVS5! 95.9 99.5 94.2 87.9 94.4
Proposed model 99.4 99.5 95.6 94.7 97.3
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Comparison of printing defect detection effects between YOLOvV5I and improved YOLOV5I. (a) Detection results of YOLOv5L;
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