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Cigarette Packaging Appearance Defect Data Set Construction and Deep
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ZONG Guohao', ZHANG Mingyan?, WANG Rui', WANG Zeyu*, WANG Di',
WANG Yongsheng', ZHENG Chaoqun', FENG Weihua'"

(1. Zhengzhou Tobacco Research of CNTC, Zhengzhou 450001, China; 2. Golden Leaf Production and
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ABSTRACT: The work aims to construct a benchmark dataset for cigarette package appearance defect recognition and
carry out research on the application of mainstream deep learning models in the intelligent detection of cigarette package
appearance defects, so as to improve the accuracy of cigarette package defect detection. The image data of suspected
defects were collected from the normal production ZB45 fine cigarettes hard box packaging machine, and the data with
respect to real defects were obtained through manual reviews and screening. According to the characteristics and causes of
defects, the defect data were classified into 23 categories, the labels and locations of defect were marked
with bounding boxes. A benchmark dataset containing more than 13 000 images of cigarette package appearance quality
defects was constructed. Experimental tests were conducted for four tasks, namely, cigarette package defect recognition,

defect classification, target detection, and model transfer. The results showed that the dataset fulfilled the training
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requisites for high-accuracy deep learning models; Through model migration, the dataset could be utilized to significantly

improve the accuracy of defect detection for different cigarette grades; The DenseNet model achieved better results on the

cigarette packet defect recognition and defect classification tasks, with accuracy rates of 93.70% and 95.43%,

respectively, and the YOLOv5 model achieved a mAP@0.5 of 96.61% on the defective target detection task. The dataset

can be used as a benchmark dataset in cigarette packet defect detection, and the research results will further support the

data application and digital transformation in cigarette packaging.

KEY WORDS: cigarette package; package appearance quality inspection; deep learning; YOLOvVS; benchmark datasets
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Fig.1 Layout of camera positions for data acquisition equipment
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Tab.2 Parameter setting of models
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Tab.3 Performance of mainstream image classification models in defect recognition tasks
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ResNet50 91.55 98.12 94.81 1.88 5.19 23.51 54.32
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Tab.4 Performance of mainstream image classification
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Tab.5 Performance of mainstream target detection algorithms in defective target detection tasks

A K0 E /% BIE R /% mAP@0.5 1H/% mAP@0.5:0.95 {H/%
Faster R-CNN 55.09 65.95 65.63 34.97
SSD 75.64 43.45 71.24 46.11
YOLOV3 87.34 82.83 85.98 64.63
YOLOV5 92.70 93.02 96.61 77.69
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Tab.6 Results of YOLOVS model in small target defects detection
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155t 1053 89.83 52.87 73.14 34.64
i 14 69.40 71.38 88.12 52.16
BRI 1 5 94 95.81 74.53 91.15 40.09
JBe 3 48 94.67 85.39 94.63 64.70
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Tab.7 Experimental results for model transfers
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