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Progress in Research on Tobacco Online Inspection Technology Based on
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Abstract The expansion of high-end products in the tobacco industry and the increasing demand for product quality from
consumers have created significant challenges for online tobacco testing technology. In response to problems such as the
difficult removal of foreign objects from tobacco production affecting cigarette taste, various complex diseases from
tobacco leaves, and difficulty in identifying cigarette packaging defects, traditional manual online detection methods are
inefficient and it is difficult to ensure accuracy, which cannot adapt to the high-quality development of China’s tobacco
industry. From the perspective of elucidating the principle of tobacco online detection based on machine vision, this study
systematically elaborates on the research status and latest progress of tobacco online detection technology based on two key
aspects: the visual detection principle and deep learning models. Combined with current typical applications, this study
analyzes the advantages and limitations of different visual models and deep learning detection methods, and further
explores the development trend and prospects of tobacco online detection technology based on machine vision.
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Fig.1 The overall structure of vision inspection system for tobacco conveying state'”
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Fig.2 Visual inspection device for cigarette defects
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Fig. 3 Visual inspection device for cigarette box appearance
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Table 1 Comparative analysis of common tobacco product online inspection systems

Technical Tobacco filament defect

indicator detection system

Cigarette defect detection system

Cigarette packaging inspection system

Detection targets Tobacco filament mixture

Processing speed Relatively fast
Detection
Average
accuracy
Removal .
g Complex
difficulty

Technological .
) Relatively mature
maturity
It is difficult to visually identify
similar impurities in the tobacco
Main difficulties filament, and the removal of
impurities is complex, resulting

in low efficiency

Multiple cigarettes

Relatively mature

The cigarette’s surface damage is
complex, and there are situations such
as empty heads and missing cigarettes,

which require high precision from the

recognition detection algorithm

Cigarette packaging

Relatively fast Fast
High High
Simple Simple

Relatively mature

The defects in cigarette packaging are
diverse, and the production speed of
cigarette packs is high, which demands
high real-time performance and

processing speed from the hardware
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Based on texture

information

Based on spectral analysis

Using texture features
and template matching to

extract target features

Sensitive to local texture

features
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Table 2 Comparative analysis of different visual inspection algorithms
Technical
. Based on color space Based on shape features
Indicator
. ) Using edge detection, contour
Using color histograms . .
. extraction, and morphological
Methods and color feature analysis .
) processing methods for target
to enhance image contrast )
detection
Intuitive and simple, .
Features . Sensitive to overall shape changes
easy to implement
Rich color information, . .
. Strong detection ability for overall
Advantages sensitive to color

Limitations

differences
Greatly affected by
lighting conditions and
environment

Detection of foreign

shape defects

Limited detection ability for local

defects

capture specific texture

features

Difficulty in recognizing

complex textures

Using a spectral camera
to obtain target spectral

feature information

Analyzes the spectral

characteristics of samples

analyze tobacco

composition and quality

Requires professional

equipment, high cost

. . . . Detection of surface o
Applicable bodies in tobacco Detection of defects and damage in . Tobacco composition
) ) ) . damage and stains on .
Scenarios filaments, empty heads cigarette packaging . analysis
i cigarettes
of cigarettes
. Requires professional
Technological . . . . .
Maturi Relatively mature Relatively mature Relatively mature equipment and technical
aturit
Y support
Complexity Low Medium Medium High
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Fig. 10 Microscopic characteristics of cut tobacco™. (a) Leaf

filament; (b) stem filamen; (c) expanded leaf filament;

(d) reconstituted tobacco leaf filament
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Table 3 Different defect target detection algorithms based on deep learning

Tobacco filament component .. .
Defect target Cigarette box defect detection

detection

Tobacco disease recognition

Faster R-CNN, DarkNet-53,

Common LeNet-5, Light-VGG Network, o .
) Optimized YOLOv3 Network,
Networks AlexNet, GoogleNet, etc. )
Self-encoding Network, etc
Analysis of tobacco filament features,
construction of tobacco filament Visual area detection of cigarette
Methods . . ..
composition classification recognition boxes
model
i Randomness in the placement
. ) Small tobacco filament morphology, .
Difficulties . . angle of cigarette boxes, dense
numerous impurities . .
placement of cigarette box images
Geometric regularization of
Improvement Use of global average pooling to cigarette box images, simulation
Methods suppress model overfitting enhancement methods for cigarette

box images

Improved-AlexNet, Googl.eNet
Inception v2, InceptionV3 Network,
ResNet Network, VGG-16 Network, etc.

Extraction of disease feature information

to build a disease recognition model

Tobacco disease symptoms are not
obvious in the early stages and some
disease features are similar
Increase the dataset and apply data
augmentation techniques; employ
ensemble learning, to enhance the

model’s robustness and accuracy
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