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Abstract. To address the problems of difficult feature extraction, small differ-
ences between texture information and recognition accuracy to be improved in
lip-print recognition tasks, a lip-print recognition algorithm based on grouped
multi-scale feature fusion is proposed. The ablation experimental results show
that the improved recognition model achieves 98.56% recognition accuracy on
the test set, and the model has strong generalization ability and feature refine-
ment expression ability, which can provide support for the application of lip-print
recognition technology in the field of identity verification.
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1 Introduction

In recent years, more and more domestic and foreign scholars have paid attention to
the field of lip pattern recognition and proposed different lip pattern recognition algo-
rithms. Sandhya et al. [1] compared and analyzed lip pattern recognition methods based
on machine learning algorithms, using classification algorithms such as support vector
machine (SVM), K nearest neighbor (KNN), ensemble classifier, and artificial neural
network (ANN) to classify the extracted features. Doroz et al. [2] proposed a lip pattern
recognition algorithm that integrates complex image processing techniques, machine
learning, and statistical methods. The proposed method can process partially damaged
or incomplete lip patterns, identify and effectively eliminate low-quality areas in the
2 image. Chen Zongyang et al. [3] proposed a method for identifying coating surface
defects based on the MobileNetV2 network. Wang Huanxin et al. [4] introduced an
efficient channel attention and attention feature fusion module to establish an efficient
crop leaf disease recognition model based on improved MobileNetV2. Li Zimao et al.
[5] proposed a small sample recognition method for tea diseases. Zhang Dong et al. [6]
proposed a counting method based on improvedMobileNetV2, which adds volumes and
attention modules to the original network to improve the refinement ability of fea-tures.
However, its algorithm recognition accuracy still needs to be improved.
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2 Data and Preprocessing

2.1 Acquire Image

The collection of lip print images mainly includes contact and non-contact meth-ods.
Therefore, combining the characteristics of deep learning algorithms and the ad-vantages
of non-contact acquisition methods, a network camera is used to obtain lip print images.
To obtain lip print images from different angles, video recording is used. The dataset
captured 60 volunteers and ultimately obtained video recordings of each volunteer.

2.2 Data Enhancement

Thefinal dataset consists of 60 people and 18000 images, including images frommultiple
angles and different noises. The dataset is divided into training, validation, and testing
sets in a 7:2:1 ratio. The detailed information is shown in Table 1.

Table 1. Dataset Partitioning Information

Data Set Training Validation Test Set/ Total/

Set/Sheet Set/Sheet Sheet Sheet

Original data set 2520 720 360 3600

Expanded dataset 12600 3600 1800 18000

3 Lip Pattern Recognition Model

3.1 MobileNetV2 Network

MobileNet is a lightweight convolutional neural network proposed by Google in 2017,
which is committed to migrating the deep convolutional neural network model to mobile
terminals and embedded devices. The deep separable convolutional structure is shown
in Fig. 1. Adjust the data dimensions of input and output, and integrate fea-ture maps
generated by different channels [7].

3.2 Improved MobileNetV2 Model

3.2.1 Embedded Attention Mechanism Module

The convolutional block attention module (CBAM) is a hybrid attention mecha-nism
that includes channel attention submodules and spatial attention submodules, which are
serially connected [8]. The calculation process of the channel attention sub-module is
shown in Eq. 1.

Mc(F) = (MLP(AvgPool(F))+MLP(MaxPool(F))) (1)
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Fig. 1. Deep Separable Convolutional Structure

The calculation process of the spatial attention submodule is shown in Eq. 2. Firstly,
this submodule performs an average pooling operation on the output of the channel
attention submodule, and then concatenates the pooled feature maps on the channel
dimension. This submodule can enable the model to better capture spatial in-formation
and improve model performance.

Ms(F) = (f77(AvgPool(F), MaxPool(F) )) (2)

3.2.2 Design of Grouped Multiscale Feature Fusion Module

In order to enable the network to fuse multi-scale feature information extraction, it
can effectively utilize low dimensional features and adapt to input images of different
resolutions [10]. And then uses 3 3, 5 5, 7 7, 9 9 to perform convolution operations on the
input feature maps of each group using four different sizes of convolutions to generate
feature subgraphs f 1, f 2, f 3, f 4 corresponding to each channel.

F = Concat(f , f1, f3, f4) (3)

Finally, perform channel blending on the feature maps generated from the four sets
of channels to increase the exchange and fusion of feature information between different
channels, and then perform feature stitching on the four different feature sub-graphs as
shown in Eq. 3.

4 Experiment

4.1 Model Evaluation Indicators

All experiments used accuracy, precision, and specificity as indicators to evaluate net-
work performance. Accuracy is a simple and intuitive evaluation indicator in image
classification problems, which is the ratio of the sample size correctly predicted by the
model to the total sample size. Precision refers to the proportion of positive samples
predicted by the model to the positive samples predicted. Specificity refers to the ratio
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of the predicted negative sample size to the actual negative sample size. The specific
calculation process is shown in the following equation.

Accuracy = TP + TN

TP + TN + FP + FN
(4)

Precision = TP

TP + FP
(5)

Specificity = TN

TN + FP
(6)

4.2 Experimental Results and Analysis

4.2.1 Experiments Introducing Different Attention Mechanisms

In recent years, the attention modules designed by convolutional neural network include
squeeze and excitation (SE), efficient channel attention (ECA), bottleneck at-tention
module (BAM), convolutional block attentionmodule (CBAM) and coordinate attention
(CA). The results are shown in Table 2.

Table 2. The recognition effect of MobileNetV2 combined with different attention mechanisms

Network Parameter Quantity
/M

Accuracy/% Average Accuracy
/%

Average
Specificity/%

mbV2 2.30 96.91 96.97 99.95

mbV2_SE 2.86 95.72 95.78 99.90

mbV2_ECA 2.38 95.5 96.52 99.91

mbV2_BAM 3.67 95.11 95.79 99.91

mbV2_CA 2.75 96.56 96.72 99.93

mbV2_CBAM 3.14 97.39 97.61 99.95

FromTable 2, it can be seen that the recognition accuracy of the network has changed
to some extent after embedding the attention mechanism. Adding an attention module
with convolutional layers will inevitably increase the number of network parameters.

4.2.2 Experiments to Reduce the Number of Network Parameters

Introducing the convolutional attention mechanism module will increase the num-ber of
network parameters. The experimental results were analyzed and the value of parameter
a in the improved net-work was determined. The experimental results are shown in
Table 3.

Compared with the model without introducing parameter a, the recognition accuracy
has improved by 0.44%.Although fewer parameters were obtained in other experimental
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Table 3. Recognition Effects of Different Parameter Quantity Models

Network Parameter
Quantity/M

Model
Size/MB

Accuracy /% Average
Accuracy/%

MobileNetV2 2.30 8.63 96.91 96.97

MobileNetV2_cbam 3.14 11.94 97.39 97.61

MobileNetV2_1234 2.12 8.12 96.36 96.72

MobileNetV2_4567 3.0 11.76 96.72 96.86

MobileNetV2_1357 2.42 9.21 97.83 98.17

MobileNetV2_1246 2.62 10.10 96.42 96.87

groups, prioritymust be given to the recognition accuracy of the networkmodel. Through
the analysis of the ablation experiment results, it was ultimately determined that the
bottleneck modules 1, 3, 5, 7 in the improved network were constructed by introducing
the true value of parameter a.

5 Summary

We conducted relevant model training and ablation experiments on the lip print dataset,
and the experimental results showed that the improved network has better gen-eralization
ability and higher recognition rate. The recognition accuracy and average accuracy have
been improved by 1.65% and 1.73% respectively on the test set. From the attention
heatmap of the network model before and after improvement, it can be concluded that
the improved recognitionmodel has better feature refinement and ex-traction capabilities.
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