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Abstract 

Images of tobacco retail licenses have complex unstructured characteristics, which is an urgent technical 

problem in the robot process automation of tobacco marketing. In this paper, a novel recognition approach 

using a double attention mechanism is presented to realize the automatic recognition and information extraction 

from such images. First, we utilized a DenseNet network to extract the license information from the input 

tobacco retail license data. Second, bi-directional long short-term memory was used for coding and decoding 

using a continuous decoder integrating dual attention to realize the recognition and information extraction of 

tobacco retail license images without segmentation. Finally, several performance experiments were conducted 

using a largescale dataset of tobacco retail licenses. The experimental results show that the proposed approach 

achieves a correction accuracy of 98.36% on the ZY-LQ dataset, outperforming most existing methods. 
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1. Introduction 

Robot process automation (RPA) used in tobacco marketing involves the intelligent recognition of 

multiple scene objects during tobacco operations. For example, to evaluate the recognition accuracy of 

the impact of tobacco marketing activities on the product market, it is necessary to deeply analyze and 

mine various text and image information from the retail process of the products involved. However, there 

are still many challenges in realizing intelligent tobacco operations and management [1]. One of the 

primary issues is to identify tobacco retail licenses from different regions and extract relevant infor-

mation. Tobacco retail license images have complex unstructured features [2] that increase the difficulty 

of extracting information from them. 

To realize the automatic recognition and information extraction from tobacco retail license images, a 

novel recognition approach using a double-attention module is presented in this paper. The proposed 

method is mainly used under two scenarios: (1) identifying the license number and authorization date 

from tobacco retail license images and (2) statistically analyzing the marketing of specific types of 

tobacco. For the proposed network, DenseNet was used to obtain the license information from the input 
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data from tobacco retail licenses. Furthermore, bi-directional long short-term memory (BiLSTM) was 

used for the coding and decoding using a continuous decoder integrating dual attention to realize the 

recognition and information extraction of tobacco retail license images without segmentation. The 

contributions of this study can be summarized as follows: 

(1) A new recognition method based on a double attention mechanism is proposed for the automatic 

recognition and information extraction from tobacco retail license images. 

(2) DenseNet and BiLSTM are integrated to extract the features and information from tobacco retail 

license images without the need for segmentation.  

(3) A comprehensive evaluation was conducted using a largescale tobacco retail license image 

dataset. We thoroughly evaluated the proposed recognition network using the ZY-LQ dataset and 

obtained a 98.36% correct recognition rate, outperforming most existing approaches. 

The remainder of this paper is organized as follows. In the next section, we discuss existing research 

on image recognition for different applications. In Section 3, we propose a novel recognition network for 

unstructured tobacco retail license images by integrating the attention mechanism and decoder module. 

In Section 4, we describe the experiments conducted and present the evaluation of the proposed method 

using a largescale tobacco retail license image dataset. Finally, in Section 5, we provide concluding 

remarks regarding the present study. 

 

 

2. Related Work 

Image recognition is an important branch of artificial intelligence. Researchers and research institutes 

have proposed a variety of models and algorithms to solve different application problems [3–7]. Zhang 

et al. [3] proposed the ASSDA method to deal with text images from different domains, which focuses 

on aligning a cross-domain distribution. In [4], a recognition framework for text lines was presented for 

embedded applications, with more attention paid to the balance between limited resources and the 

recognition rate. A convolutional neural network (CNN)-based card recognition framework [5] was 

proposed for a similar task of tobacco retail license image recognition, which has mainly been used to 

improve the robustness to different environments and the efficiency of processing natural images. Bera 

et al. [6] focused on discriminating fine-grained changes with a particular emphasis on a distinct fine-

grained visual classification. Islam et al. [7] presented a region-of-interest detection method that focuses 

on Bangla text extraction and recognition from natural scene images. 

In addition, attention mechanisms [8,9] have been utilized in many different applications, such as 

natural language processing, video-based understanding, and visual classification, which is an important 

direction in deep learning technology. Lai et al. [8] conducted a comprehensive review of the attention 

mechanism used in model optimization. Luo et al. [9] proposed a depth-characteristic combination 

framework that integrates a variety of attention modules to realize iris recognition. 

Specifically, existing image recognition algorithms focus on different issues and can solve many actual 

application problems; however, there is still no effective solution for the recognition of tobacco retail 

licenses having significant unstructured characteristics. 
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3. Recognition Method based on Dual Attention Mechanism 

As shown in Fig. 1, considering the unstructured and multiscale characteristics of sample images of 

tobacco retail licenses, the recognition network proposed in this paper integrates an attention mechanism 

with a decoder module. 

 

 

Fig. 1. Architecture of the proposed dual attention network. 

 

3.1 Feature Extraction 

The proposed recognition network conducts a feature extraction through the DenseNet module, which 

consists of DenseBlock and a transition layer in the middle. Among them, the transition layer connects 

different DenseBlocks and integrates the features obtained by the previous version. DenseBlock con-

structs dense connections from the front to the rear layers for reusing the characteristics, as shown in Fig. 

2. The dataflow design makes the feature extraction more effective, enhances the gradient propagation, 

and improves the convergence speed of the proposed recognition model. Moreover, we use a convolu-

tional kernel with a size of 1 × 1 in each layer, which simplifies the feature maps and improves the 

effectiveness of the proposed recognition model. 

 

 

Fig. 2. Dense block used in the proposed network. 

 

The key parts of our information extraction module are continuous decoders that fuse the attention 

modules. When image ��  is input into the CNN model, where H�(. ) is the nonlinear transformation 
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function after each layer, and l is the corresponding index of each layer, the traditional forward 

propagation network connects all the layers as an input and obtains. 

 

�� = H�������. (1) 
 

Nevertheless, DenseNet connects each layer in the feedforward model of the residual connection such 

that the ��� layer takes characteristic diagrams in front of it as input, that is, 

 

�� = H�����, ��, … , ������, (2) 
 

where ��, ��, … , ���� are the feature maps generated by the 0-th, 1-th,…, and (� − 1)th layers, respectively. 

In each module, several characteristic graphs are connected into a vector in which the growth parameter 

k and layer parameter l can control the parameters of the dense blocks. For example, the ��� layer has an 

input feature map �� + � ∗ �� − 1�, where  �� is the number of channel. 

 

3.2 Dual Attention Mechanism 

After extracting the visual feature sequence of the image through DenseNet, decoding based on 

connectionist temporary classification (CTC) is used to generate the output. Each codec combination 

consists of a BiLSTM encoder and decoder for outputting the context features. The context feature and 

visual feature sequence V calculated from the DenseNet network are connected in-series, as shown in 

Fig. 3. The specific process uses CTC decoding for the visual feature sequence V extracted by DenseNet, 

which can optimize the character representation in the visual feature sequence. Feature sequence V is 

then fed back by placing a fully-connected layer, which outputs the output sequence H with length N and 

further inputs it into the CTC module. The CTC module converts the results into a conditional probability 

module and obtains the most likely tag. 

 

 

Fig. 3. Continuous encoder-decoder. 

 

To facilitate the use of contextual data, we used the BiLSTM module for reverse data processing to 

solve the long-term dependence problem and avoid a single long short-term memory (LSTM) by 

considering the gone data and ignoring the incoming data. BiLSTM represents the forward and backward 
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data using two independent LSTM layers. In this paper, the segmented license image sequence was 

labeled to eliminate the need for sequence segmentation. Consequently, CTC was utilized to map each 

output to the corresponding probability module of all possible label sequences. Finally, the results were 

obtained through repeated encoding and decoding using the BiLSTM and decoder. 

 

 

Fig. 4. Dual attention decoder. 

 

As shown in Fig. 4, in each encoder step, the attention map is used twice. First, a one-dimensional 

operation on the feature graph is applied, and a fully-connected layer is used after these feature graphs to 

calculate the attention feature graph. The pixel product between the attention and original feature maps 

is then calculated to generate the attention feature map 	�. The decoding of  	� is completed using an 

independent module, and outputs 
� are subsequently obtained. 

Given a tobacco retail license image I and an encoder ���� = �ℎ1, ℎ2, … , ℎ	
, during the ��� step, the 

module outputs 
�, i.e., 

 


�=�(��,��), (3) 

 

where ��. � refers to the feedforward function, �� is the state at time point t, and �� is the weighted sum 

of the sequence eigenvectors, which are defined as follows: 

 

�� = �����
���, �� , �����, (4) 

�� = ∑ ��,
 , ℎ

	

�� . (5) 

 

Here, �� ∈ �	 is the weight vector, which is also known as the alignment factor. 

 

 

4. Experiments 

To evaluate the effectiveness of our recognition approach, a comparative experiment was conducted 

on a largescale tobacco retail license image dataset, namely, ZY-LQ. The ZY-LQ dataset consists of 

527,921 tobacco retail license images with different scales and levels of sharpness, and the license 

information has different forms of presentation, as shown in Fig. 5. Each license image comprises the 

license number, license issuing authority, store name, name of the person in-charge, and priority period. 

In addition, each image is marked with the store name, owner’s name, monopoly license number, 

province, city, and county information. 
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Fig. 5. Examples from the ZY-LQ dataset. 

 

4.1 Experimental Configuration 

The experimental environment was an NVIDIA Quadro P5000 graphics card, 128 GB of running 

memory, and a 2.30-GHz Intel Xeon Gold 5118 CPU processor. The software environment was an 

integrated Ubuntu 16 operating system, Python 3.6, and PyTorch 1.0 development environment. 

Furthermore, we used cumulative match characteristic (CMC) curves, which are precision curves that 

provide the recognition precision for each rank, to display the experimental results in a comparative 

experiment. The x-axis of the CMC curves represented the rank of recognition, whereas the y-axis 

represented the precision in percentage. In addition, hard and soft indices were utilized to evaluate the 

effectiveness of image and text recognition, which were defined according to the Levenshtein distance 

(LD). In this study, the hard index (HI) was used to evaluate the recognition results, which are defined 

by the target string �� and recognized string ��. 

 

�� �
��

�� , (6) 

 

where � refers to the number of images for testing, and �� is the image number that satisfies the equation 

	
��� , ��
 � 0 . 

 

4.2 Experimental Results 

In a comparative experiment, four existing approaches were used: DenseNet, LSTM, BiLSTM, and 

CNN. The dataset was divided at a ratio of 8:2 for training and testing, which were randomly selected, 

and the experimental results are shown in Fig. 6. 

Fig. 6 shows that the proposed approach outperforms the other three methods in terms of the correct 

recognition rate. It can be observed from the figure that when the rank is 20, the correct recognition rate 

exceeds 95%. From the results, note that the BiLSTM and DenseNet methods achieve the second and 
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third best recognition results. As a possible reason for this situation, our approach integrates the 

advantages of BiLSTM and DenseNet models. 

 

 

Fig. 6. Comparison of five approaches on the ZY-LQ dataset. 

 

To further discuss the effectiveness of the CTC decoder, attention mechanism, BiLSTM, and 

DenseBlock on the proposed model, we conducted ablation experiments and discuss the results using the 

HI. The corresponding experimental results are shown in Tables 1 and 2, which indicate that adding a 

CTC decoder to the basic DenseNet + LSTM framework improves the accuracy by 0.45%, and by adding 

an attention module, the accuracy is improved to 98.12%, thereby verifying the effectiveness of such 

additions. Furthermore, by increasing the number of DenseBlocks to three and the number of BiLSTM 

layers to four, the results in Table 2 are obtained. The first two lines show that when no CTC decoder is 

used, the attention module improves the accuracy by 0.66%. When the CTC decoder is added, the 

accuracy is 98.36%. This shows that using the CTC decoder and attention module simultaneously is more 

effective. This result occurs because the BiLSTM network can easily learn information, and the 

appropriate addition of a BiLSTM layer can help consider more contextual information of the sequence 

and allow better feature information be obtained during the coding process. 

 

Table 1. Results when changing CTC decoder and attention mechanism 

Method DenseBlock CTC decoder Attention module LSTM layers HI 

DenseNet+LSTM 3 0 0 4 94.13 

DenseNet+LSTM+CTC 3 1 0 4 95.37 

DenseNet+LSTM+Attention 3 0 2 4 98.03 

DenseNet+LSTM+CTC+Attention 3 1 2 4 98.12 

 

Table 2. Results for changing BiLSTM and DenseBlock 

Method DenseBlock CTC decoder Attention module LSTM layers HI 

DenseNet+LSTM+Attention 4 0 2 6 96.87 

DenseNet+LSTM+Attention 4 0 4 6 97.26 

DenseNet+LSTM+CTC+Attention 4 1 2 6 97.95 

DenseNet+LSTM+CTC+Attention 4 1 4 6 98.36 
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5. Conclusion 

In this paper, a novel recognition network for tobacco retail license images based on an attention 

mechanism and a decoder module was presented. DenseNet and BiLSTM were integrated into the pro-

posed model to extract the features and information from tobacco retail license images without segmen-

tation. In addition, a comprehensive evaluation was conducted using a largescale tobacco retail license 

image dataset. Based on an analysis of the experimental results, the proposed network outperforms most 

existing approaches. 

In addition, our algorithm was only tested on a single dataset. As the main reason for this, to meet the 

requirements of current applications, the proposed recognition model was optimized according to the 

characteristics of the tobacco retail license image data. If other largescale data that can be used to test the 

proposed algorithm become available in the future, we might extend the proposed approach to other 

similar applications. 
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