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ABSTRACT. At present, the current national standards for China’s tobacco industry clas-
sify tobacco leaves into 42 grades based on 7 indicators. However, these indicators lack
a unified quantitative standard, resulting in prominent problems of strong subjectivity
and low efficiency in grading. To solve the issues of difficult image feature extraction
caused by the curling and folding of redried tobacco leaves, and limited classification ac-
curacy restricted by small inter-class differences during the sorting and grading process
of redried tobacco leaves, this article proposes an intelligent tobacco leaf grading method
that integrates multi-attention fine-grained features with color and texture features. First-
ly, the RGB/HSI dual-space color statistical strategy, Local Binary Pattern (LBP), and
Gray-Level Co-occurrence Matriz (GLCM) are used to extract color and texture infor-
mation, respectively. Meanwhile, a fine-grained classification network model based on
multi-attention sampling is designed, which utilizes the attention mechanism to capture
global features and local texture details, making up for the defect that traditional convo-
lutional networks are insufficient in distinguishing subtle features. Finally, the Particle
Swarm Optimization (PSO) algorithm is introduced to optimize feature weights, and a
multi-model integration framework is constructed by fusing color and texture features. In
addition, an image dataset of tobacco leaves at various grades is established. Experimen-
tal results show that the fine-grained classification network fusion model designed in this
paper achieves recognition accuracies of 84.9% and 79.6% for binary classification and
five-class classification, respectively, both of which are superior to those of the ResNet
and InceptionV8 models. The intelligent tobacco leaf sorting and grading system devel-
oped based on this method realizes fully automatic grading of tobacco leaves and effectively
improves production efficiency.
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1. Introduction. Tobacco leaves, as the primary raw material for cigarette production,
must undergo multiple processing stages and scientific blending to manufacture cigarettes
that meet consumer demands. Grading enables the differentiation of tobacco leaves based
on quality, allowing the cigarette industry to tailor blending formulations according to the
characteristics of each grade, thereby ensuring consistent and stable product quality [5].
To ensure consistent cigarette product quality, rigorous control of tobacco leaf quality is
imperative. Consequently, establishing scientific, rational and standardized tobacco leaf
grading criteria are critically important for cigarette manufacturing.

In the quality control system of the global tobacco industry, the United States, as a
pioneer in the standardization of tobacco leaf grading, has incorporated 12 indicators into
its grading standards. It also combines these standards with a production area database
to realize the automatic association between grading results and tobacco leaf purchase
prices [1]. However, its database only covers local production areas and cannot be adapt-
ed to the grading of imported tobacco leaves. Japan has developed a dual verification
system that initially categorizes tobacco leaves using machine vision, and then rapidly
detects nicotine content via near-infrared spectroscopy to refine grading results, achieving
a grading accuracy rate of 90% [2]. However, the system’s detection time is relatively
long, requiring 30 seconds per leaf, which struggles to meet the demands of large-scale
production line efficiency. Germany focuses on the modularization of grading equipment
[3]. Its developed detachable visual inspection unit can quickly replace inspection modules
according to different tobacco types such as flue-cured tobacco and burley tobacco, adapt-
ing to the grading needs of multiple categories. Although German modular equipment is
flexible, it requires recalibration after module replacement, which increases operational
complexity.

China is the world’s largest tobacco producer and consumer, with annual production
accounting for approximately 30% of global tobacco output [4]. China’s current nation-
al tobacco industry standard classifies tobacco leaves into 42 grades [6] based on seven
key factors: maturity, leaf structure, body, oil content, color intensity, length and blem-
ishes. However, these parameters lack unified quantitative definitions and standardized
measurements. As a result, during commercial procurement and threshing-redrying pro-
cesses, tobacco grading still primarily relies on field technicians who make determinations
based on reference grading samples, technical specifications, and their professional ex-
pertise incorporating visual inspection, tactile evaluation and accumulated experience.
However, the manual grading approach presents multiple challenges: low efficiency, high
labor intensity, elevated costs, strong subjectivity, inconsistent evaluation standards, qual-
ity variability, frequent occurrences of mixed immature/low-grade leaves or incorrect stalk
position classification, as well as integrity risks in grading [7]. These limitations make it
increasingly difficult to meet the practical demands of modern tobacco production.

At present, an increasing number of researchers at home and abroad have begun to
explore automated grading and sorting solutions to replace manual operations in the
entire process of tobacco leaf feeding, bale opening, loosening and spreading, single-leaf
separation, intelligent identification and grading, as well as sorting and recovery [8, 9, 27].
Within this framework, intelligent tobacco leaf recognition and classification has emerged
as a pivotal research focus, driving significant technological advancements in this field.
Currently, domestic and international research on intelligent tobacco leaf grading can be
primarily categorized into three directions:
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1) The approaches based on computer vision technologies and traditional machine learn-
ing methods [10, 11, 12, 13, 24, 30]. This methodology involves extracting features from
tobacco leaf images, then utilizing manually graded labeled datasets to train classifiers
such as multilayer perceptrons, clustering algorithms, and decision trees for classification.
Bin et al. [14] proposed a PCA-GA-SVM tobacco grading method incorporating Princi-
pal Component Analysis (PCA), Genetic Algorithm (GA) and Support Vector Machine
(SVM). Compared to standalone SVM and GA-SVM models, this approach demonstrated
24.86% and 35.64% improvements in recognition rate and grading efficiency, respectively.
However, this method relies heavily on manual feature engineering, resulting in limited
model generalizability. The performance is constrained by the quality of handcrafted fea-
tures and may not adapt well to variations in real-world tobacco leaf samples. He et al.
proposed an end-to-end Cross-Modal Enhancement Network (CMENet) for the automatic
grading of tobacco leaves [15]. In addition to the common reflection images, this network
also adopts transmission images to incorporate the thickness information used in manual
grading.

2) Grading methods based on spectroscopy technology combined with machine learning,.
This approach first acquires spectral data from tobacco leaves using Near-Infrared (NIR)
or hyperspectral imaging equipment, and then extracts intrinsic features such as oil con-
tent and thickness for grading. Li et al. [16] proposed an automatic tobacco leaf grading
method based on NIR spectroscopy combined with an Extreme Learning Machine (ELM)
algorithm. The external prediction accuracy for upper, middle, and lower-grade tobacco
leaves exceeded 90%. Luo [17] investigated the impact of different preprocessing methods
and four classification models — Random Forest (RF), ELM, Gradient Boosting Decision
Tree (GBDT), and SVM — on grading accuracy using hyperspectral data from various
tobacco grades. While spectroscopy-based methods demonstrate high accuracy, they re-
quire relatively expensive hardware. Additionally, the extracted features are susceptible
to interference from variations in leaf morphology.

3) Methods based on deep learning convolutional neural networks [19, 20]. The method
utilizes manually annotated tobacco leaf images to train a convolutional neural network
classification model for tobacco leaf classification. Liu et al. [4] proposed a multi-scale
feature fusion-based classification method for tobacco leaf grades using RGB images of
flue-cured tobacco and deep learning [21, 23, 26]. The approach employs ResNet50 to
extract features from tobacco leaf images and incorporates an attention mechanism and
FPN, achieving an accuracy of 80.14% in classifying tobacco leaves into seven grades.

The aforementioned methods each have their own advantages and disadvantages, but
they are primarily based on analyzing tobacco leaf images or spectral data collected in
experimental settings where the leaves are laid flat and either stationary or moving at
low speeds. However, in actual automated grading equipment, tobacco leaves move at
high speeds of nearly 3 m/s, with various irregularities such as wrinkles, curling, and
overlapping. Under these conditions, single-feature or single-model classification methods
exhibit low accuracy and fail to meet real-world production requirements [18, 25, 28, 29].

To address these challenges, this paper proposes a multi-attention fine-grained feature
and color-texture fusion method for raw tobacco leaf grading. Additionally, an intelligent
tobacco leaf grading system is designed based on this method, enabling automatic and
precise grading of tobacco leaves. The innovations of this paper are as follows.

1) A multi-angle combined line-scan lighting system was designed to capture images of
raw tobacco leaves moving at high speed in curled and wrinkled states, ensuring uniform
brightness and shadow-free imaging. Additionally, a graded tobacco leaf image dataset
was constructed, incorporating high-quality image information for subsequent analysis
and processing.
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2) A cascaded intelligent tobacco leaf classification algorithm was designed. This al-
gorithm extracts color and texture information through RGB/HSI dual-space color sta-
tistics, Local Binary Patterns (LBP), and Gray-Level Co-occurrence Matrix (GLCM),
while leveraging a fine-grained classification network model to capture global morpholog-
ical features and local texture details. Additionally, a multi-swarm particle optimization
algorithm was employed to optimize feature weight allocation, enabling effective fusion
of color and texture features to construct the classification model and further improve
classification accuracy.

3) Based on the designed classification model, an intelligent tobacco leaf grading system
was developed, achieving accurate recognition and automated grading of tobacco leaves
across different quality grades.

The remainder of this article is organized as follows. In Section 2, the proposed method
is introduced. The establishment of the datasets is described in Section 3. And then, the
experimental results and analysis are given in Section 4. Finally, we draw the conclusions
in Section 5.

2. The Proposed Method.

2.1. Overview. This paper proposes an intelligent tobacco leaf grading model that inte-
grates multi-attention fine-grained features with color-texture characteristics. The mod-
el employs the following technical approach. First, RGB/HSI dual-space color statisti-
cal features (mean, variance) are used to model the overall color distribution of tobac-
co leaves. An LBP-GLCM texture feature extraction method is implemented to obtain
direction-consistent texture features from wrinkled regions. Second, we design a Multi-
scale Attention Sub-Network (MASN) based on SE-Net’s channel attention mechanism.
This architecture dynamically adjusts feature channel weights while employing a spatial
adaptive sampling strategy to focus on critical areas such as vein density. Finally, a parti-
cle swarm optimization algorithm adaptively fuses the decision weights of color, texture,
and deep features to construct a multi-level classification model specifically designed for
deformed tobacco leaves. The model architecture is illustrated in Figure 1.

RGB/HSI dual-
space color y~
statistical features

Partide

Swarm
LBP-GLCM Weight
TedureF Optimization
Classification

OUTPUT

FIGURE 1. The proposed model framework architecture

2.2. Color characteristics classification. The color characteristics of tobacco leaves
are also an important basis for grouping tobacco leaves, which are related to the identity,
oil content, and leaf structure of tobacco leaves. The growth parts of tobacco leaves in
different groups are different, so their environmental factors such as light exposure time,
ventilation rate, and degree of photosynthesis are not the same, resulting in different colors
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of tobacco leaves. This article takes the first, second, and third moments of the RGB color
space and the channel mean and variance of the HSI color space as color features, and
then trains the classifier through SVM to obtain the color feature classification model M..

2.3. LBP-GLCM texture feature classification. The texture of the tobacco leaf can
reflect the leaf structure and the degree of fold flatness to a certain extent, so it can be used
as a feature parameter for judging the grading of the tobacco leaf. In this paper, LBP-
GLCM is used for the extraction of tobacco leaf texture features. Local Binary Pattern
(LBP) generates a binary code describing the local texture pattern by comparing the
difference in grey values between each pixel point in an image and its 8 pixels in a 3 x 3
neighbourhood, which is robust to illumination variations and local deformations, and is
suitable for stable texture feature extraction in folded tobacco. Grey Level Co-occurrence
Matrix (GLCM): under the pixel spacing of d = 1, the co-occurrence probability of
grey level values is counted along the four directions of 0°, 45°, 90°, and 135°, and the
statistics such as contrast and energy are calculated to quantify the directionality and
spatial distribution law of the tobacco texture and to enhance the ability of texture
characterization of folded regions. The grey scale covariance matrix itself cannot be used
to describe the texture features, it is necessary to use mathematical computation methods
to get some parameters from the matrix that reflect the condition of the matrix, in this
paper, we extracted four texture features of the tobacco leaf: texture contrast, texture
energy, texture entropy, and texture correlation, and the expressions are as follows.

Texture Contrast: It refers to the weighted sum of the squared differences in gray
levels and the corresponding co-occurrence probabilities, and serves as an indicator for
describing the magnitude of gray level differences between adjacent pixels in tobacco leaf
images.
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Texture Energy: It refers to the sum of the squares of the probabilities of elements in
the gray-level co-occurrence matrix, and is used to describe the uniformity and regularity
of texture in tobacco leaf images.
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Texture Entropy: It represents the weighted sum of negative probabilities and the loga-

rithm of probabilities, and is an indicator used to describe the complexity and randomness
of tobacco leaf texture.
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Texture correlation: ¢ represents the result of normalizing the weighted sum of grayscale
deviation products and probabilities by the standard deviation, and is used to measure
the degree of linear correlation between the grayscale values of adjacent pixels in tobacco

leaf texture.
DM — Yo Yo (i = i) (G — ) PUi, ) (1)

00

Here, P(i,7) is an element of the gray-level co-occurrence matrix. i and j are gray levels.
L represents the gray level of the tobacco leaf grayscale image, with its value range of
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0-255. p; and p; are the mean values of gray levels ¢ and j, respectively, and o; and o}
are the standard deviations of ¢ and j, respectively.

In the texture feature extraction stage, a two-path fusion strategy is used to improve the
robustness of the representation of folded tobacco: firstly, the tobacco image is subjected
to LBP processing to generate LBP coded images reflecting the local texture structure;
subsequently, multi-directional GLCM analyses are performed on the original grey-scale
image and the LBP texture image, respectively, by setting the pixel spacing d = 1,
and constructing along the four directions of 0°, 45°, 90°, and 135°. Symbiosis Matrix.
Statistics such as contrast, energy, entropy and correlation are calculated for each matrix,
and the mean and standard deviation of the statistics of the original image and the LBP
image in the four directions are fused to construct a 16-dimensional texture feature vector
F, with the ability of spatial-directional joint characterization. Based on the training set
of feature vectors, the texture discriminative model is established by the Support Vector
Machine (SVM), and the texture direction and spatial distribution characteristics of the
creased tobacco leaves are effectively captured.

2.4. Multi-attention sampling fine-grained classification networks. Aiming at
the challenges of fine-grained classification in which tobacco subclasses have subtle di-
fferences and lack significant local structural features, this paper proposes a fine-grained
classification network (MASN) based on multi-attention sampling. The method automat-
ically strengthens the key features related to tobacco classification (e.g., vein density,
and fold edge orientation) through the channel attention mechanism, combines the spa-
tial adaptive sampling strategy to dynamically focus on the highly discriminative region,
and autonomously captures the pixel-level subtle differences without manual annotation,
which effectively solves the problems of the traditional method’s strong dependence on
the tobacco leaf flatness and the insufficient ability of the interclass discriminative ability.
As shown in Figure 2, the multi-attention sampling network mainly consists of four parts:
convolutional feature map extraction module, attention module, attention map sampling
module, and classification module.
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Firstly, for the input image I, the depth features are extracted by the convolutional
feature map extraction module to obtain the feature map U € R#*W*C a5 shown in
Figure 2(b), and the feature map U is input into the attention module to be converted
into the attention map M € REXW*CL a5 shown in Figure 2(c).

For the processing of the attention graph M, we divide the network into two branches:
the part branch (Part-Net) and the structure branch (Master-Net). To learn the fine-
grained features of a particular part, we randomly select an attention map M, (0 <
n < C1) and use this attention map to sample the attention of the input image I. This
processing flow constitutes the Part-Net branch because it preserves specific details at
high resolution. In addition, in order to capture the global structure and include all the
important details, we average all the attention maps and do the attention sampling again,
and this process constitutes the structure branch (Master-Net). The structure branch
(Master-Net) is used to learn the structure preserving global image features and the part
branch (Part-Net) is used to learn the fine-grained representation of each detail preserving
image.

2.4.1. SE-Net. In this article, we adopt the SE-Net channel attention mechanism to
strengthen the key cues of tobacco classification through adaptive feature calibration:
global compression of input features to generate channel weight vectors, and dynamic en-
hancement of the response strength of channels with highly discriminative features such as
leaf vein texture and folded edges. This mechanism allows the network to autonomously
focus on the subtle color difference and texture changes related to grading, and significant-
ly improves the detailed characterization of folded tobacco leaves, and its key structure
consists of two parts, namely, compression (Squeeze module) and excitation (Excitation
module). The Squeeze module compresses the feature map U € RFXWxC to 7, € RI*¥IXC
and realizes the conversion of spatial features to global features, and the resulting global
features are converted into global features. The obtained global information is used as
feature weights, which are operated by global average pooling according to Equation (5):

Zo= e 3D UG ) )

i=1 j=1

Here, U, denotes the characteristic map of the C' channel.

The Excitation module better fits the complex correlation between channels by am-
plifying the weights of the most important regions in the feature maps and ignoring the
irrelevant parts using a fully connected layer with an activation function, where the vectors
represent the degree of importance of each feature map as in Equation (6). The original
feature map is motivated by the vector of Equation (7) for continuous iterative updating.

s = o(wa(w:2)) (6)
M.=S, U. (7)

Here, o denotes ReLLU activation function, w; € R%XC, wy € RCX%, and r is the scaling

factor.

For Part-Net branching (Part-Net), a channel is randomly selected from the attention
graph M and the input image is attentively sampled using this channel as shown in
Equation (8).

Is =D(I, R(M)) (8)
2.4.2. Master-Net. For structural branching (Master-Net), all the attention graphs are

first averaged and then an attention sampling is done, which is calculated as shown in
Equation (9) to Equation (11). Firstly, after the average pooling for the attention graph
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M is decomposed into two dimensions: x and y, and then the y-axis is fixed first to
obtain the maximum value on the x-axis, and then the x-axis is fixed again to obtain
the maximum value on the y-axis, and then the integrals are made for these two axes,
i.e., Figure 3(cl) and Figure 3(c2) are obtained. After obtaining the integrals, the inverse
function (Formula (9)) is applied to obtain the sampling points, as shown in Figure 3(d).
Then, the original image is sampled at these points to obtain Figure 3(e).

Ly = S(I, A(M)) (9)
fo(n) = max A(M);;

— (10)
fy(n) = max A(M);,
S AM))sy =1+ fo@) - £,(5) (11)

where S represents the sampling function, A represents the average pooling operation,
and M is the attention graph.

After obtaining the attention sampling module Figure 3(d) and Figure 3(e), these two
images are fed to the convolutional neural network ResNet18 to obtain the fully connected
outputs, denoted as z; and z,4, respectively, which are then converted to the probability
vectors ¢s and ¢ by means of the softmax function, with the following softmax formula:

. exp (z@)

¢\ = = 70\ (12)
>, exp <zs] )

The loss function is calculated using binary cross entropy and soft target cross entropy:

L(Is) - Lcls(QS7y) + ALcsn(qs : Qd) (13)

where L.s(qs,y) is the binary cross entropy, Les,(qs,qq) is the soft target cross entropy
and A\ is the weight parameter. The formula for L.;(qs,y) and Les,(gs, qa) is

N
Loop(qrq4) = — Y 43 log ¢! (14)
=1
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(H,W)
Lcls(qu y) = - Z [y lOg qs + (1 - y) log(l - QS)] (15>
(

Z’])

2.5. Particle swarm model optimization strategies. The particle swarm algorithm
is used to optimize the weight values of each model in the following steps.

1) For the training dataset X = {x,29,...,x,}, the initialized weights of the three
models of color, texture and multi-attention sampling fine-grained classification network
are random and the three model weights satisfy the following update rules.

2) The maximum number of iterations is set to 1000, and the initial speed is set to 0;
the individual optimal weights are initialized p;, with the group optimal weights initialized
pg- The threshold is set to 0.95 for model training.

3) Start the iterative process which includes weights iteration and speed iteration in
the following equation:

v —ov? 429y () wl) 4 29, (p1) — i) (16)
W£k+1) _ Wz(k) n v£k+1) (17)
where i = 1,2,...,n (n is the number of training samples); k is the number of current

iterations; w is the inertia weight, and ~; and 7, are random numbers taking the values
[0, 1].

3. Establishment of Datasets. A 4K line-array industrial camera was used to acquire
images of tobacco samples. The freshly roasted tobacco in its natural state is not flat;
the height of different regions of the tobacco is uneven, and they mutually block each
other. To solve the problems of uneven image brightness caused by the tobacco moving
at high speed while folded and curled, a multi-angle, multi-focus surface combined light
source was designed, as shown in Figure 4. By combining light sources with different angles
and focusing surfaces, the color of the collected tobacco images becomes stable and the
brightness uniform. For 34600 pieces of tobacco samples, online image data acquisition
was carried out separately to obtain the image data of each grade of tobacco with labels,
and for each grade of tobacco, the image data were repeatedly acquired for five times for
model training, validation and testing. The test tobacco samples were raw tobacco grown
in Sanming, Fujian Province and purchased in the first baking, which were categorized
into six grades, including B01, B03, C01, C03, FO3 and X02. The actual grading was
performed according to the two models of two choices for BO1 and B03, and five choices
for B0O1, CO1, C03, FO3 and X02.

FIGURE 4. Multi-angle multi-focus surface combined light source
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The 34600 tobacco samples used for testing were manually sorted into selected grades
by a professional grader, and the grades were divided into a training set T, a validation
set V, and a test set S according to 7 : 2 : 1, and the numbers of grades and subsets are
shown in Table 1.

TABLE 1. Quantity of each grade of tobacco leaf samples for testing

Subsets
Categories Training set Validation set Test set Total number

BO1 4760 1360 680 6800
B03 4305 1230 615 6150
Co1 3920 1120 560 5600
C03 4375 1250 625 6250
F03 3486 996 498 4980
X02 3374 964 482 4820

Total 34600

4. Experimental Results and Analysis.

4.1. Evaluation indicators. The original classified correct rate (i.e., tobacco grade pass
rate) was used to measure the model accuracy during the model training and testing
process, and the classified correct rate is the ratio of the number of correctly classified
samples to the number of all samples, as shown in Equation (18).
TPy + TPy + TP3+---+ TP.
N

where N is the total number of test samples, ¢ is the number of categories, and TP, is
the number of samples in category ¢ that were correctly categorized.

Meanwhile, the recognition rate index is utilized to judge the model detection perfor-
mance, and the calculation process is as follows:

Acc =

(18)

T Correctly identified tobacco leaves (19)
~ Total number of tobacco leaves

4.2. Model runtime environment. The experimental process is divided into two parts:
model training and validation and testing in a real production environment. Among them,
the training environment is used to train three single models of color, texture and Multi-
Attention Sampling Fine-Grained Classification Network (MASN) model as well as the fu-
sion model. In the training environment, the operating system is Ubuntu 20.04, two A100
graphics cards with 400G RAM each, the deep learning framework is pytorch with ver-
sion 1.12, and the programming language is python. In the real production environment,
the operating system is Ubuntu 20.04, the GPU is GeForce RTX 2080 with 12G RAM,
and the programming language is C++. The trained models are deployed for inference
optimization using the tensorRT framework. tensorRT is a high-performance GPU infer-
ence C++ library developed by NVIDIA, which accelerates the inference of deep learning
models by combining layers, optimally selecting convolutional kernels, half-precision op-
erations, and optimizing computation in real time according to hardware.

4.3. Model training. The trained color, texture and Multi-Attention Sampling Fine-
Grained Classification Network (MASN) model input image height and width is 800 512,
for the training of the Multi-Attention Sampling Fine-Grained Classification Network
(MASN) model, the input batch is 48, the training iterations are performed in a way of
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fine tuning based on the parameters of the pre-trained model, and a total of 1600 epochs
were trained. Stochastic Gradient Descent (SGD) approach was used to optimize the pa-
rameters with an initial learning rate of 0.005, and learning rate tuning was carried out by
cosine decay. Before training, learning rate warm-up (warm-up) iterations are performed
for 2 times. During training, the image data are enhanced with “random cropping” and
“random flipping”, and the early stopping mechanism is used to prevent the model from
overfitting. Variation of training loss function value with training steps are shown in Fig-
ure 5(a). Figure 5(b) shows the results of ACC training and evaluation, and it can be
seen that the algorithm in this paper has a high performance in judging the grade passing
rate.

4.4. Model performance analysis. In order to evaluate the tobacco classification ef-
fect of the method proposed in this paper, comparative experiments are conducted on the
validation set, which are divided into two groups, BO1 and B03 two-classification test and
five-classification test, respectively, to compare the recognition classification accuracy of
the single color model M., the texture model M;, as well as the general-purpose convolu-
tional neural network models ResNet18, ResNet50, InceptionV3, and the Multi-Attention
Sampling Fine-Grained Classification Network (MASN) model, fusion model in the two-
classification test and five-classification test, respectively. The results are shown in Tables
2 and 3. It can be seen that the MASN and the particle swarm optimization fusion model
proposed in this paper are better than a single feature model and a general convolutional
neural network model in terms of recognition accuracy.

TABLE 2. Experimental results of tobacco classification test

Model Number of test validation Correctly identified Recognition

set images quantities rate %
Color Model M, 12950 8223 63.5
Texture Model M, 12950 8469 65.4
ResNet18 12950 9816 75.8
ResNet50 12950 9997 7.2
InceptionV3 12950 10178 78.6
MASN 12950 10437 80.6

M +M;+MASN 12950 10994 84.9
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TABLE 3. Experimental results of tobacco classification test

Number of test validation Correctly identified Recognition

Model set images quantities rate %
Color Model M, 34600 19168 55.4
Texture Model M; 34600 20863 60.3
ResNet18 34600 24842 71.8
ResNet50 34600 25327 73.2
InceptionV3 34600 25534 73.8
MASN 34600 26780 77.4
M.+ M;+MASN 34600 27541 79.6

By comparing Tables 2 and 3, it can also be seen that the color and texture model has
a significant decrease in the recognition rate at five classifications, this is because for the
five classifications of each grade of tobacco in the color and texture characteristics, the
differences are much smaller, and a single model has been unable to distinguish between
them.

4.5. Tobacco grading tests. As described in the previous section, among all the sample
tobaccos, they were divided into training set T, validation set V and test set S according
to 7 : 2 : 1, in which the test set samples were not used for training. To verify the
generalization performance of the model of the method proposed in this paper and the
actual testing effect, the tobacco samples of the test set are used to carry out online two-
classification and five-classification grading tests on the intelligent sorting and selection
grading equipment, and the results of the cyclic testing are shown in Tables 4 and 5. It
can be seen that, in the online grading carried out in the actual production environment,
the recognition rate of the particle swarm optimization fusion model is close to that of the
validation set, which indicates that the algorithm has a good generalization performance
and a high level of robustness.

TABLE 4. Experimental results of tobacco classification test

Correctly o Correctly o
Number BO ‘dentified Recognition  B03 identified Recognition
number i rate %  number i rate %
quantities quantities
1 680 565 83.1 615 017 84.1
2 680 551 81.0 615 509 82.7
3 680 061 82.5 615 512 83.2
4 680 569 83.7 615 507 82.4
5 680 559 82.2 615 519 84.4

TABLE 5. Experimental results of tobacco classification test

BOI  Col €03 F03  X02 COTCCY pooemition
Number identified
number number number number number " rate %

quantities

1 680 560 625 498 482 2196 77.2

2 680 560 625 498 482 2159 75.9

3 680 560 625 498 482 2167 76.2

4 680 560 625 498 482 2182 76.7

5 680 560 625 498 482 2175 76.4




INT. J. INNOV. COMPUT. INF. CONTROL, VOL.22, NO.3, 2026 795

The recognition rates of the five classified categories are shown in Table 6, which shows
that the recognition rates of each category are not balanced, with CO1 and C03 having
lower accuracy rates, and X02 having a significantly higher accuracy rate than several
other categories, which is due to the fact that C01 and C03 themselves are very close to
each other, and the difference between the categories is very small.

TABLE 6. Recognition rate results of different tobacco ranks

Sample level Sample number Correctly identified quantities Recognition rate %

B01 3400 2594 76.3
C01 2800 2069 73.9
C03 3125 2262 72.4
F03 2490 1947 78.2
X02 2410 2007 83.3

4.6. Practical system validation. Based on the designed original tobacco grading
method incorporating multi-attention fine-grained and color texture, an intelligent tobac-
co sorting and grading system was developed, as shown in Figure 6. An image acquisition
device was added to the 6-2 part of the tobacco sorting system in Qinhuangdao, and
then the following data were transferred to the tobacco classification system deploying
the algorithm designed in this paper to verify the performance of the system. The same
grade of tobacco used in Table 5 is used, and the system classification results are shown in
Table 7. It can be seen that the tobacco grade classification system based on the method
proposed in this paper can accurately classify the tobacco, with high sorting accuracy and
stability effectively overcomes the grading errors in the traditional method due to factors
such as light, and tobacco morphology, and is able to deal with different states of tobacco
samples, which further enhances the intelligent and automated level of tobacco sorting.

Image acquisition deployed in
section 6-2 of the device

Tobacco input Developing a tobacco grade classification Classification results of

system based on design algorithms tobacco leaves

FIGURE 6. Attention sampling moudle

5. Conclusions. To improve the accuracy and automation level of tobacco leaf grading,
this article proposes an intelligent grading method that integrates multi-attention fine-
grained features, color, and texture. This method extracts the color features of tobacco
leaves through the RGB/HSI dual-space color statistics strategy, and combines the LBP
and GLCM to extract texture features, thereby realizing comprehensive capture of the key
visual information of tobacco leaves. Meanwhile, the designed fine-grained classification
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TABLE 7. Recognition rate results of different tobacco ranks

Sample Sample quantity Correctly recognized quantity Recognition rate %

BO1 3400 2601 76.5
Co1 2800 2112 75.4
C03 3125 2289 73.2
F03 2490 2016 80.9
X02 2410 2100 87.1

network model based on multi-attention sampling effectively makes up for the deficiency
of traditional convolutional networks in distinguishing subtle inter-class differences. In
the feature fusion stage, the PSO algorithm is introduced to optimize the feature weight
allocation, which not only effectively improves the grading accuracy but also solves the
classification deviation problem caused by unbalanced weights in traditional fusion meth-
ods. Experimental results fully verify the effectiveness of the grading method designed in
this paper. The intelligent tobacco leaf classification and grading system designed based
on this method realizes the full-process automation of tobacco leaves from image acquisi-
tion and feature extraction to grading determination, providing support for the realization
of fully automated tobacco leaf classification and grading.

Future research can focus on further optimizing the performance of the algorithm,
expanding the size of the dataset, and improving the real-time processing capability of
the system to further enhance the sorting efficiency and accuracy.
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