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Identity information security is faced with various challenges, and the traditional identification technology cannot meet the needs
of public security. Therefore, it is necessary to further explore and study new identification technologies. In order to solve the
complex image preprocessing problems, difficult feature extraction by artificial design algorithm, and low accuracy of lip print
recognition, a method based on the convolutional neural network is proposed, by building a convolutional neural network
called LPRNet (Lip Print Recognition Network). The obtained lip print image is inputted into the training recognition model
of the network to simplify the lip print image preprocessing. By extracting feature information and sampling operation, the
model training parameters are reduced, which overcomes the difficulty of designing a complex algorithm to extract features. By
analyzing and comparing the experimental results, a higher recognition rate is obtained, and the validity of the method is verified.

1. Introduction

Lip print recognition originated from the field of criminal
investigation and forensic practice, which is used as a tool
to identify the suspect or the victim in a criminal investiga-
tion and provides help for the criminal investigation. Lip
print can be used not only as an identification tool and court
evidence but also as a source of criminal investigation and
criminal information [1]. The features of lip print are rich
in information, including linear, curvilinear, bifurcated,
reticular, and irregular texture features, and lip print con-
cealment is good; not easy to be copied and imitated, with
uniqueness, permanence, and stability of the characteristics;
an important biological feature of human identity. As a new
biometric technology, lip print recognition has many advan-
tages compared with other biometric technologies, such as
high recognition rate, short recognition time, high user
acceptance, and noncontact acquisition [2].

In the background of the continuous innovation and
development of science and technology, lip print recognition
technology has been rapidly developed, and domestic and
foreign scholars have proposed a lip print recognition algo-
rithm. In 2015, Wrobel et al. proposed a recognition method

based on lip print cross-analysis, which achieved 77% recog-
nition accuracy on 120 lip print data sets [3]. In 2021,
Sandhya et al. implemented a lip print recognition method
based on a machine learning algorithm and experimented
with support vector machine (SVM), k-nearest neighbor
(KNN), integrated classifier, neural network, and so on; the
integrated classifier achieved 97% recognition rate on 150
lip print data sets [4]. Although these recognition algorithms
have achieved good recognition results, the lip print image
preprocessing in the algorithm is complex, and the contact
acquisition method of the lip print image is not well
accepted by users. The artificial extraction algorithm is
designed to extract the feature information of the lip print
image, which leads to a long recognition period and no real
time, and the recognition rate needs to be improved [5].
With the development of science and technology, deep
learning has been the focus of many researchers, and the
convolutional neural network has been developed rapidly
and applied successfully in the fields of computer vision
and natural language processing. Therefore, in order to solve
the problems existing in the traditional recognition algo-
rithms, this paper proposes a convolutional neural network
lip pattern recognition method, builds the lip pattern data
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set, designs the convolutional neural network structure, and
injects the lip pattern data set for the network model training
experiment, finally achieving the expected recognition rate.

In recent years, convolutional neural network model-
based image recognition methods have achieved great suc-
cess and rapid development in various biometric fields, such
as face recognition [6], palmprint recognition [7], finger-
print recognition [8], and gait recognition [9]. Therefore,
the combination of convolutional neural network and lip
print recognition will be a hot research topic in the future.

2. Convolutional Neural Networks

A convolutional neural network (CNN) is a class of feedfor-
ward neural network with deep structure and convolution
operation [10]. The network structure includes the convolu-
tion layer, pooled layer, and fully connected layer. As one of
the deep learning representative algorithms, the convolu-
tional neural network has the representation learning ability,
which can classify input images by translation invariance
according to their hierarchical structure. It is successfully
applied to image feature extraction for the image classifica-
tion task, and there is no need to design a complicated algo-
rithm to extract features. The image feature is extracted by
convolution operation, the data dimension is reduced by
sampling in the pool layer, the training parameters are
reduced, and the full-connection layer is used to solve the
classification problem.

2.1. Convolution Layer. The structure of the common neural
network includes the input layer, hidden layer, and output
layer. The hidden layer is fully connected, which leads to
too many parameters and a poor training effect. The differ-
ence between a convolutional neural network and a normal
neural network is that in the convolutional neural network’s
convolutional layer, a neuron only connects to a subset of its
neighbors. The convolution layer has the characteristics of
local connection and shared weights, which greatly reduces
the network training parameters. In the training process of
the network, the convolution kernel will convolve with dif-
ferent regions of the input image to obtain reasonable
weights and extract different image features. Shared weights
reduce the connectivity between layers of the network and
reduce the risk of overfitting the network model.

The core of the convolution layer is to use different-sized
convolution kernels to convolute the image and extract the
feature information of the image. The number of convolu-
tion kernels is more abundant, which means more features
are used for classification and recognition. According to
the step length sliding window, the image features are
extracted by convolution with the pixels in the image. The
commonly used convolution kernel sizes include 3 × 3, 5 ×
5, and 7 × 7. In this experiment, the RGB three-channel
color image is trained by the input network, and the multi-
channel convolution is shown in Figure 1. The input image
size is 6 × 6, and the number of channels is 3. The convolu-
tion core is 3 × 3, and the number of channels is 3 (consis-
tent with the number of input image channels). The
convolution is a 4 × 4 feature map which is generated by

multiplying the pixel values of the corresponding positions
of three channels from left to right and from top to bottom
in the form of sliding windows.

2.2. Pool Layer. The image features are extracted by the con-
volution layer, and the next step is to use these features’
information for classification and recognition. In theory,
the extracted features can be directly used to train the classi-
fier, but it will face a lot of parameter calculation challenges,
and the network model is prone to overfitting. In order to
solve this problem, a pool layer is used in the next layer of
the convolution layer to process the output results of the
convolution layer, and the feature information of different
positions is aggregated; that is, the maximum value (or aver-
age value) of a particular feature in a region of the image is
calculated, also known as a downsampling operation. Unlike
the convolution layer, the pool layer does not participate in
the weight update, compressing the width and height of
the image, but it does not change the number of channels.
It not only reduces the data dimension but also expands
the range of the convolution kernel and avoids overfitting
effectively.

The common pool operations include the average pool,
maximum pool, and overlap pool. Because of the good per-
formance of the maximum pooling operation, it is often
used in the depth convolutional neural network. The calcu-
lation process is to select the maximum pixel value in an
image region as the pooled value of that region; the size of
the image area is determined by the size of the lower sam-
pling window, which is usually 2 × 2 and 3 × 3.

2.3. Fully Connected Layer. By using several convolution
layers and pooling layers alternately, the training parameters
of the convolutional neural network are greatly reduced,
which not only reduces the computation of the parameters
but also shortens the training time and improves the robust-
ness of the extracted features [11]. Each neuron in the fully
connected layer connects to all the neurons in the upper
layer. After extracting the features from the convolution
layer and the pool layer, the output image features are inte-
grated and mapped into a fixed-length one-dimensional fea-
ture vector, which contains all the feature combination
information of the input image; then, the vector is outputted
to the classifier for image classification. From the point of
view of image classification, the computer only needs to
judge the feature information, calculate the probability of
the number of the categories to which the input image
belongs, and output the most possible categories to complete
the task of classification. Therefore, the function of the
fully connected layer is to connect all features and output
one-dimensional vectors to the classifier for classification
recognition.

3. Lip Print Recognition Method Based
on LPRNet

3.1. Batch Normalization and Activation Function. Batch
normalization is a method of optimizing network training,
batch refers to the number of pictures set during model
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training, and data normalization is the normalization of the
input data [12]. During the convolutional neural network
training, we added a BN layer to make the network input
training samples and test samples distributed in the same
way, aiming at the problem that each iteration has to adapt
different data distributions which leads to the slow training
speed; training different data distributions can reduce the
generalization ability of the network. It is added to the con-
volution layer activation function of the neural network and
is fused with the convolution layer to process the output data
after the convolution operation. The mathematical expres-
sion for the calculation is as follows:

μ = 1
m
〠
m

i=1
xi, ð1Þ

σ2 = 1
m
〠
m

i=1
xi − μð Þ2, ð2Þ

x̂l =
xi − μ
ffiffiffiffiffiffiffiffiffiffiffiffi

σ2 + ε
p , ð3Þ

yi = γx̂l + β: ð4Þ
Firstly, the mean μ and variance σ2 of the input data are

calculated, and then, it is standardized by formula (3).
Finally, the data are translated and scaled by introducing
the scaling factor γ and the offset value β, and the result is
used as the input data of the activation function. In order
to improve the nonlinear expression of the model, improve
the model robustness, and reduce the gradient loss, the acti-
vation function can be used to map the convolution output.
The activation functions should be nonlinear, continuous
differentiable, monotonic, and nearly linear at the origin of
coordinates. The common activation functions include Sig-
moid, Tanh, ReLU, Leaky ReLU, ELU, and Maxout.

In the experiment, the ReLU function is chosen as the
activation function. Because the Sigmoid function can make
the gradient easily disappear and the output value is not
zero, the network cannot update the weight parameter. The
mathematical expression is as follows.

f xð Þ =max 0, xð Þ: ð5Þ

When x > 0, the gradient constant is 1, which effectively
solves the gradient vanishing problem and converges
quickly, and increases the network sparsity. When x < 0,
the output of the layer is 0, after the model training. The
extracted features are representative, the generalization abil-
ity of the model is strong, and the computation is small. The
disadvantage is that when the learning rate is too high, a
large number of neurons will be inactivated during training.
That is, the neuron may not be activated, resulting in the
corresponding neuron weight not being updated. Therefore,
it is necessary to choose the appropriate learning rate when
training the network model.

3.2. Softmax Classifier. This experiment involves a multiclassi-
fication problem, so we choose Softmax as the classifier and
place it in the next layer of the convolutional neural network
as part of the network structure [13]. The working principle
of the Softmax layer is to calculate the probability value, which
belongs to class j, and then normalize it to ensure that the sum
of the probability value is 1; the output is the maximum proba-
bility that x belongs to a certain class. The Softmax function
outputs the maximum probability value of the category which
the input image belongs to, as shown in the following formula.

f j xð Þ = exj

∑k
j e

xj
: ð6Þ

In the formula, xj represents the classifier output of the
upper layer output unit, j represents the number of categories,
the total number of categories is k, and f jðxÞ represents the ratio
of the current element index and the index sum of all elements.
By using this formula, the multiclass output value can be con-
verted into relative probability, the probability value of one-
dimensional vector x belonging to class j can be calculated,
and the probability value between [0,1] can be normalized in
the exponential domain; the maximum probability output is
the category which it belongs to. Therefore, the function is often
used to achieve multiple image classification tasks.

3.3. Lip Print Recognition Model Based on LPRNet. The tra-
ditional lip print recognition flow is shown in Figure 2,
which includes preprocessing, feature extraction, feature
matching, and classification. All kinds of image-processing

6 × 6 × 3

3 × 3 × 3

3 × 3 × 3

4 × 4
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4 × 4 × 2
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Figure 1: Multichannel convolution.
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methods are used to highlight the feature information in the
image, and the quality of the lip ridge image is required to be
high. Feature extraction requires manual design of an extrac-
tion algorithm, so the whole recognition process is long, the
preprocessing is complex, and the feature extraction is diffi-
cult. Therefore, the recognition accuracy is low. To solve
these problems, this paper presents a lip print recognition
method based on the convolutional neural network, and its
recognition flow is shown in Figure 3. Compared with the
traditional recognition process, the lip print image prepro-
cessing is simplified, the complex feature extraction algo-
rithm is avoided, and the original image can be inputted
directly. A feature extractor composed of several convolu-
tion layers and pooled layers is used to extract image features
automatically, and the Softmax classifier is used to process
feature information and output classification results.

In 2012, AlexNet won the first prize in the ImageNet
competition, which attracted a lot of attention for its deep
learning [14]. In this paper, we build a convolutional neural
network called LPRNet (Lip Print Recognition Network). It
consists of 6 convolution layers, 5 pooled layers, and 3 fully

connected layers and uses the Softmax classifier for multi-
classification tasks to output the classification results. A
batch normalization layer is added between the convolution
layer and the pool layer, which distributes the training and
test data in the same way, and improves the generalization
ability and stability of the model. The activation function
uses the ReLU function to solve the problems of gradient
vanishing and gradient explosion, to speed up the conver-
gence of the network, and to extract the features and classify
the lip print data set; the network structure is shown in
Figure 4.

The detailed parameters of each layer of the network
structure are shown in Table 1. The feature extractor is com-
posed of the convolution layer and pool layer alternately.
The size of the sampling window is set to 2 × 2, and the
number of convolution cores and output characteristic
graphs is the same.

The lip print recognition method based on the LPRNet is
described as follows: the size of the input image is fixed at
244 × 244, and the size of the input image is 244 × 244 × 3
because the acquired images are all color images with three

Input image Pretreatment Feature
extraction

Feature
matching

Classifcation and
identifcation Output result

Figure 2: The traditional lip print recognition flow.
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Figure 3: Lip print recognition flow based on LPRNet.
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Figure 4: LPRNet network architecture.
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channels of RGB. Firstly, the convolution layer C1 uses 8
convolution kernels of 5 × 5, with a step length of 1 sliding
convolution kernel window; the convolution operation is
carried out on the input image; and the feature graph of
240 × 240 × 8 is obtained. Then, the M1 pool layer samples
the image feature information by using the maximum pool
operation to reduce the network training parameters. The
size of the sample window is 2 × 2, with the step length of
2. It slides the window from left to right and from top to bot-
tom; the result is a feature map of 120 × 120 × 8, in which 32
convolution cores of 5 × 5 size are used and the edge filling
mode is set the same way; after the convolution operation,
the 120 × 120 × 32 feature map is outputted, and the sam-
pling operation under the pooled layer M2 is the same as
that under the pooled layer M1. The results of the convolu-
tion layer are mapped to the 60 × 60 × 32 feature map. The
C3 layer uses 64 convolution cores of 5 × 5 size and performs
the convolution operation according to step size 1 and the
edge filling mode is the same and outputs a feature map of
60 × 60 × 64; the feature extracted from the convolution
layer is mapped to a feature map of 30 × 30 × 64.

The full connection layer FC1 tiles the two-dimensional
feature matrix of the upper layer output into a one-
dimensional feature vector of 7 × 7 × 64. There are 3136
neurons in the entire connected layer. In order to avoid
overfitting, the dropout method is used to randomly discard
and deactivate some neurons. The dropout value is set to 0.2,
so the number of nodes in the FC2 layer is 2048. The output
from the FC2 layer is processed with a dropout value of 0.2,
so that the number of nodes in the FC3 layer is 2048. Finally,
the Softmax classifier is used as the output layer, and the
2048 nodes are mapped to the probability value correspond-
ing to the 40 categories.

This method allows the direct input of the lip data set,
simplifies the preprocessing of the lip print image, and auto-
matically extracts the lip print feature information through

the network training. It avoids spending much time on the
design of the feature extraction algorithm and shortens the
whole lip print recognition period, getting a higher recogni-
tion accuracy.

4. Experimental Procedure and Results

4.1. Experimental Environment and Data Set. Since there is
no professional equipment for collecting the lip print, the
traditional contact method is to apply a special material on
the lips, then press the lips on the white paper, and use a
scanner to convert the image appearing on the white paper
into a digital image [15]. Because of the limitation applica-
tion and the low acceptance, the quality of the acquired
image depends on the pressure and direction; it is easy to
be influenced by human factors. The lip print data set used
in this experiment adopts the noncontact acquisition
method with high user acceptance, and each image is taken
under natural light conditions.

The data set is from 40 volunteers; 30 lip print images
were collected from each volunteer and saved to a folder.
In order to avoid the overfitting phenomenon during net-
work model training, the data set is expanded by simple data
enhancement methods, such as rotation, adding noise, mir-
roring, blurring, and changing image brightness; the 1200
lip print images were expanded into an 8000-image data
set, so that each volunteer had 200 images, and the images
were randomly divided into a training set and a test set in
an 8 : 2 ratio. The training set will be used to train the lip
print recognition model, and the test set will be used to
detect the accuracy of the model. A partial image of the data
set is shown in Figure 5.

Lip lines are the entire texture of the red part of the lips
in the image, including lines, curves, bifurcations, lip
grooves, and other texture features. These images are taken
by mobile phones, so the original image is different in size

Table 1: Information of all network layers.

Network layer Name Dimensions Channel number Step length Activation function

C1 Convolution layer 5 × 5 8 1 ReLU

M1 Pool layer 2 × 2 8 2 ——

C2 Convolution layer 5 × 5 32 1 ReLU

M2 Pool layer 2 × 2 32 2 ——

C3 Convolution layer 5 × 5 64 1 ReLU

M3 Pool layer 2 × 2 64 2 ——

C4 Convolution layer 5 × 5 128 1 ReLU

C5 Convolution layer 5 × 5 128 1 ReLU

M4 Pool layer 2 × 2 128 2 ——

C6 Convolution layer 5 × 5 64 1 ReLU

M5 Pool layer 2 × 2 64 2 ——

FC1 Fully connected layer 3136 nodes ReLU

FC2 Fully connected layer 2048 nodes ReLU

FC3 Fully connected layer 2048 nodes ReLU

Softmax Output layer 40 nodes ——
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and resolution. However, the size of the lip print image
affects the selection of the size of the convolutional neural
network convolution nucleus, as well as the definition and
extraction of lip print features. Therefore, the size of each
image is very important; an image can cause the neural net-
work to compute a large number of parameters and increase
the training time of the data. If the image is very small, not
only is the lip print not clear enough but also the key feature
information will be lost if the resolution is too low. Before
entering the data set into the convolutional neural network
training, the uniform lip print image was reduced to a size
of 244 × 244 (width × height).

4.2. Training Experiment of Network Model. Firstly, we set
up the parameters of the network. Then, we fed the lip print
data set into the convolutional neural network training. We
randomly divided a data set of 8000 images into a training
set and a test set on an 8 : 2 ratio; the input image size is
set to 244 × 244. The network optimizer chooses the Adam
optimizer and sets different learning rates to train and test
the network model. Too small and too large learning rates
will lead to a poor recognition effect, so it is necessary to
adjust the training model of the network parameters several
times. The cross-information entropy is used to calculate the
loss value of the training set, and the visual function is used
to draw the model recognition accuracy distribution graph,
to observe and analyze the experimental results in order to
achieve the expected recognition accuracy, and to obtain
an optimal lip print recognition model.

By discarding the noise connection between the con-
volved source and core, the influence of noise on CNN is
reduced. Based on the pixel value of CNN to improve the
classification accuracy, the noise connection is discarded.
Discarding the noise connection prevents the input noise
pixels from going to the next layer. This method can be used
for different convolutional kernel sizes.

When the gradient descent algorithm is used to optimize
the network training, the learning rate is an important
parameter. A parameter setting that is too small will not only

lead to a long training time but may also fall into the local
optimum. Because the batch normalization (BN) layer is
added in the design of the neural network, which allows fea-
ture extraction and classification with a higher learning rate,
other parameters will be fixed in the experiment, to set a dif-
ferent learning rate for training, to analyze the learning rate
on recognition performance, and finally to get the best rec-
ognition model. Firstly, the epoch is set to 50 and the batch
is set to 80, meaning that 100 images will be entered for each
step for training and other parameters will be maintained.
Then, a different learning rate is chosen to train the network
model, and the results are shown in Table 2.

Table 2 shows that the recognition rate is the best when
the learning rate is 0.0003, and the recognition accuracy is
99.06% in the test set data. Compared with other learning
rate recognition results, the recognition rate is given priority
although the training and recognition time is longer. When a
higher or lower learning rate is used, the network model is
unstable, the time of training and recognition is shortened,
the speed of training is improved, but the recognition rate
is decreased.

The model of the learning rate of 0.0001 was trained to
predict the recognition results for the data sets with different
proportions as shown in Figure 6. The horizontal coordinate
represents the times of the test set input model prediction,

Lisa1 Lisa2 Lisa3 Lisa4

Lisa5 Lisa6 Lisa7 Lisa8

Rose1 Rose2 Rose3 Rose4

Rose5 Rose6 Rose7 Rose8

Figure 5: Volunteers’ lip print images.

Table 2: The recognition results of different learning rates.

Learning
rate

Training time
(s)

Identification time
(s)

Recognition
rate

0.01 546 s 7 s 92.00%

0.005 503 s 6 s 95.31%

0.003 651 s 8 s 98.00%

0.001 639 s 8 s 97.00%

0.0005 531 s 7 s 97.25%

0.0003 780 s 10s 99.06%

0.0001 589 s 7 s 98.75%
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and the vertical coordinate represents the recognition rate of
the test set. By comparing the recognition results of three
kinds of scale partition data sets in experiment 2, we can
see that the data set with 9 : 1 scale partition has the best rec-
ognition effect, and the recognition rate of the other two
methods has decreased.

Classical depth convolutional neural networks such as
AlexNet, VGG, GoogLeNet, and ResNet were used to
compare the performance of different networks for lip
print data set recognition. The recognition model was
trained using a 9 : 1 ratio of the data set, with the learning
rate of 0.0001, the number of training of 50, the batch size
of 80, and the remaining parameters kept unchanged. The
input data set is trained for the network model, the model
is loaded, and the test set is inputted for recognition. The
recognition rate is the average of the last 10 predictions.
The results of model recognition in this experiment are
shown in Table 3.

4.3. Analysis of Experimental Results. From Tables 1 and 2 of
the experimental results, it can be seen that different learning
rates have a greater impact on model recognition. When the
data set is partitioned 9 : 1 and the learning rate is 0.0001, the
recognition effect is the best, and the average recognition
rate is 97.97% in the test set. From Table 3, the LNet-6-
based network has a shorter training and recognition time,
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Figure 6: The recognition rate of test set.

Table 3: Prediction and identification results of different networks.

Network
structure

Training
time (s)

Identification
time (s)

Recognition
rate

AlexNet 1147 s 15 s 96.75%

VGG 1046 s 13 s 96.87%

GoogLeNet 995 s 12 s 97.05%

ResNet 983 s 12 s 96.98%

LNet-6 589 s 7 s 97.97%
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a smaller model file, and a higher average recognition rate
compared with the convolutional neural network model rec-
ognition results. By comparing the recognition effects of dif-
ferent network models, the depth convolutional neural
network has a relatively low recognition rate for the lip print
data set and consumes a lot of computing resources, making
it difficult to apply the model to actual terminal devices.
Through the analysis of the experimental results, the recog-
nition model based on LNet-6 has a good effect on lip print
image recognition, which not only simplifies the preprocess-
ing of the lip print image but also avoids the design of a
complex feature extraction algorithm and combines the fea-
ture extraction and classification process and automatic
extraction of lip features and classification.

5. Conclusion

In this paper, a new method of lip print recognition based on
the convolutional neural network is proposed, which has the
advantage of directly inputting the original lip print image
and simplifying the image preprocessing. Combined with
the advantages of a convolutional layer local connection
and shared weight value, the feature extractor, which is com-
posed of the alternate connection of the convolutional layer
and pool layer, can extract lip features automatically and
reduce the training parameters of the network greatly; it
overcomes the problem of feature extraction by the artificial
design algorithm in the traditional recognition method. The
BN layer and ReLU activation function are used to speed up
the convergence of the network model, effectively solve the
problem of gradient disappearance and gradient explosion,
and avoid the overfitting phenomenon of the model. The
experiment sets up different learning rates to train the net-
work, analyze and compare the effect of the learning rate
on recognition performance, and finally achieve a recogni-
tion rate of 99.06% on the test set.

Further research will be carried out in the following
areas: (1) collection of lip print images to build a larger data
set, (2) further optimization of the network structure to
reduce the training time, and (3) combined with the advan-
tages of transfer learning, the pretraining model will be used
to classify and identify the data set, and the time of training
and recognition will be is shortened.
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