
International Core Journal of Engineering Volume 8 Issue 5, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202205_8(5).0068

 

526 

Face Recognition Method based on Feature Fusion and 
Convolutional Neural Network 

Ting Gong, Xiaoqin Liu, Hejin Yuan 
Computer Department, North China Electric Power University, Baoding, Hebei 071000, China 

 

Abstract 
In recent years, convolutional neural network has achieved good results in the field of 
face recognition, but it ignores the local features of face in feature extraction. Therefore, 
this paper proposes a method based on improved LBP and deep learning. In this method, 
the feature image extracted by ULBP operator is used to reduce the dimension of LDA 
data, and then combined with the original image as the input of SDResNetSt-50 network, 
which makes it more comprehensive to extract the features of face image. Among them, 
sdresnetst-50 network is a network that combines the features of the last three 
convolution layers of traditional ResNetSt-50 network, which enhances the ability of 
network feature expression; at the same time, it combines softmax with center loss 
function to shorten the data distance between peers, and further improves the 
recognition effect of face image. Experiments on CASIA-WebFace face dataset show that 
the proposed method achieves 98.75% recognition accuracy, which is superior to all 
other comparison algorithms, and proves the effectiveness and feasibility of the method. 
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1. Introduction 

Face recognition is a biometric recognition technology based on human face feature information. A 
series of related technologies that use cameras or cameras to collect images or video streams 
containing faces, automatically detect and track faces in the images, and then carry out face 
recognition on the detected faces, which are usually also called portrait recognition and face 
recognition[1]. At present, this technology is widely used in the fields of government, military, 
banking, social welfare, e-commerce, security and defense. The actual images collected in real scenes 
are often affected by lighting, expression, occlusion and low resolution. Therefore, how to achieve 
good recognition results in various complex face recognition scenes is the key research direction of 
many scholars at this stage. To solve these problems, scholars at home and abroad have carried out a 
series of research. 

There are two common methods of face recognition: face recognition technology based on local 
features[2] and face recognition technology based on global features[3]. 

Face recognition technology based on local features is to focus on extracting features that can reflect 
face details. The commonly used methods include gradient direction histogram (HOG)[4], scale 
invariant feature transform (SIFT)[5], local binary pattern (LBP)[6], etc. Sift based feature extraction 
method can not accurately extract features from smooth edge targets and has a large amount of 
calculation, so it is not suitable for face recognition; The feature extraction method based on hog can 
maintain good invariance to image geometric and optical deformation, and also has good 
characteristics for the feature extraction of rigid objects, but the feature dimension extracted by this 
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method is large (63) × 128 images have 3780 feature dimensions), which consumes a lot of computing 
resources and can not effectively process the face recognition under occlusion, so it is also not suitable 
for face feature extraction; The texture features extracted by the feature extraction method based on 
LBP have small dimension, strong discrimination ability, good robustness, low computational cost in 
the extraction process, and have the advantages of rotation invariance and gray invariance. Therefore, 
it is widely used in face recognition. In view of its defects, researchers have put forward improvement 
measures in different aspects, such as LTP, CLBP and rlbp[7 ~ 9] to increase amplitude information 
and enhance robustness to noise; CS-LBP, poem and LDP[7 ~ 9] are used to add local gradient 
information; Nr-lbp[7 ~ 9] is used to reduce feature redundancy and enhance robustness to foreground 
and background color changes. 

The core idea of face recognition technology based on global features is to find the low-dimensional 
representation of the original high-dimensional data in a new space, in order to reduce the 
computational complexity, improve the efficiency and make it easier for image classification. 
Classical subspace learning methods include principal component analysis (PCA)[10] and linear 
discriminant analysis (LDA)[11]. PCA is an unsupervised learning model. Its purpose is to remove 
the redundant dimensions in the original data set and make the variance of each dimension of the 
shadow space as large as possible, that is, the entropy value as large as possible. Therefore, the 
features extracted by PCA lack discrimination ability, resulting in that it is only suitable for data 
dimensionality reduction and cannot be applied to data classification; LDA is a supervised learning 
method. It finds those dimensions with discriminative through data dimensionality reduction, so that 
the projection of the original data on these dimensions presents the characteristics of minimizing the 
distance within the same class and maximizing the distance between different classes, so as to 
improve the accuracy of data classification and make it widely used in face recognition.  

The above-mentioned feature extraction technology can only extract the shallow features of the image. 
These features usually perform well only in specific scenes, so the universality is poor. In order to 
make up for this defect, we need to introduce the relevant knowledge of deep learning to extract the 
deeper features of the image. Its basic idea is to stack multiple layers, that is, take the output of the 
previous layer as the input of the next layer. In this way, the hierarchical expression of input 
information can be realized, so as to obtain deeper abstract semantic features of the image and 
enhance the robustness of feature extraction. Convolutional neural network (CNN)[12] as one of the 
representative algorithms of deep learning, its basic structure is composed of input layer, convolution 
layer (conv), sub sampling layer (pooling), full connection layer and output layer (classifier). Through 
the superposition of layers, it can obtain rich image features and complete image classification. 
RESNET[13], as the champion of ilsvrc 2015, its greatest contribution is to overcome the problem 
that the traditional network model is difficult to train due to too many layers and too many parameters 
(back propagation gradient dispersion). It puts forward the concept of residual block, which reduces 
the computational complexity and effectively shortens the training time. In order to extract more 
levels of image features, based on RESNET, this paper adopts a newly proposed variant to fuse the 
image features of different scales, so as to extract more comprehensive and effective features. 

Depth features usually need large-scale labeled samples for training, which is complex and time-
consuming; Shallow features can not extract the deep-seated abstract semantic features of the image, 
which has poor robustness, but it does not need to be trained in advance, with small time overhead 
and low computational complexity. Therefore, in order to overcome the above shortcomings, this 
paper adopts the method of deep and shallow feature fusion for face recognition, which not only 
reduces the computational complexity, but also can extract the features of the image more 
comprehensively and effectively. 

2. Related Word 

2.1 Improved LBP Algorithm 

The calculation formula of traditional LBP Operatoris: 
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Wherein, it represents the gray value of neighborhood pixels, represents the gray value of central 
pixels, represents the number of pixels in the neighborhood, and represents the neighborhood radius. 

However, the traditional LBP Operator has two obvious disadvantages: it produces many binary 
patterns and does not have rotation invariance. Therefore, researchers have improved LBP algorithm 
in these two aspects: for the problem of too many binary patterns, Ojala [14] proposed a "uniform 
pattern" to reduce the dimension of LBP Operator, so that the types of binary patterns are reduced 
from the original to. In view of the second defect, Ojala et al. Proposed to encode the coding results 
generated by the rotation of the unified coding mode into the same value, that is, take the minimum 
value of these rotation results, and the calculation formula of rotation invariant local binary patterns 
(rilbp) is as follows:    
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Among them, it represents the minimum value obtained, and it represents shifting the binary number 
of bits to the left by bits. Figure 1 shows the calculation process of rilbp. While solving the rotation 
problem, this method further reduces the dimension of the binary pattern set, but with the increasing 
value of the, the dimension of the pattern set under this method will still increase rapidly. Therefore, 
based on rilbp, uniform local binary patterns (ulbp) is proposed. The calculation formula is as follows: 
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Figure 1. Calculation process of RILBP 

 



International Core Journal of Engineering Volume 8 Issue 5, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202205_8(5).0068

 

529 

At present, LBP algorithm is widely used in image feature extraction. Figure 2 shows the comparison 
between the original image and LBP map. It can be seen from the figure that LBP has strong 
robustness to illumination. 

 

 
Figure 2. Comparison of original image and LBP Atlas 

2.2 LDA Data Dimensionality Reduction 

Data dimensionality reduction is a necessary step in the practical project of deep learning, because 
there are often multicollinearity of data in the data, that is, there is a certain correlation between many 
features, the sparsity of high-dimensional spatial samples Too many variables increase the difficulty 
of model learning and only consider the impact of a single variable on the target attributes, which 
usually ignores the internal relationship between them. The purpose of feature dimension reduction 
is to reduce the number of feature attributes and ensure that each feature is independent of each other. 

Linear discriminant analysis (LDA)[15] is a kind of supervised learning algorithm, that is, for any 
given n-dimensional sample, there is a specific expected value or category label corresponding to it. 
Its main idea is to project the labeled data from high-dimensional space to low-dimensional space by 
projection. In this target space, make the distance of similar samples as close as possible and the 
distance of heterogeneous samples as far away as possible. 

To make the projection points between similar samples as close as possible, the covariance of the 
projection points of similar samples can be as small as possible; To make the projection points 
between heterogeneous samples as far away as possible, the distance between the class centers of 
heterogeneous samples can be as large as possible. Combining these two aspects, the objective 
function of the final required solution can be written as equation (6): 
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To sum up, the process of data dimensionality reduction using LDA algorithm can be divided into 
the following steps: 

Input: Sample data set m
iii yxD 1},{  , },...,,{ 21 Ki CCCy  , dimension reduced to d ; 

Output: Sample data after dimensionality reduction; 

(1) Calculate the within class divergence matrix S ; 

(2) Calculate the divergence matrix between classes bS ; 

(3) Calculation matrix bSS 1
 ; 
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(4) Calculate the eigenvectors corresponding to the largest d eigenvalues of the matrix in (3), and 
form the projection matrix by columns W ; 

(5) Calculate the projected coordinates for each sample ix  in the sample set, i
T

i xWz  . 

2.3 ResNetSt Network 

In the research process of deep learning, scholars found that with the increase of the number of 
network layers, it will usually bring the following problems: increasing the computational burden, 
resulting in excessive loss of resources, over fitting and gradient disappearance / gradient explosion. 
When the above problems are solved in turn, some researchers found that: at first, with the continuous 
deepening of the network, the loss value of the training set gradually decreases. When the value tends 
to be saturated, if the network depth continues to deepen, the loss value of the model will not continue 
to decrease, but will increase. This phenomenon is called "network degradation". When the network 
degenerates, the network with fewer layers will have better training ability than the network with 
more layers. Therefore, a direct mapping can be added between the shallow layer and the deep layer 
to avoid this phenomenon. Based on this idea, the residual network came into being. 

The residual network is composed of many residual modules, which are composed of direct mapping 
and residual. Direct mapping is to establish a direct connection between input and output. In this way, 
the new layer only needs to learn new features on the basis of the original input layer, that is, learning 
residuals, which makes the problem easier; The residual part is generally composed of two to three 
convolution operations. The residual module uses a connection method called "shortcut connection", 
and its basic structure is shown in Figure 3. 

Based on the original RESNET structure, this paper uses an improved RESNET structure. The 
specific improvements are as follows: BN layer is used as pre activation, which can play the role of 
regularization; Back propagation basically conforms to the hypothesis, so that there is no obstacle in 
the transmission of information. The comparison before and after improvement is shown in Figure 4. 

 

 
Figure 3. Shortcut connection structure 

 

 
Figure 4. Comparison of structure before improvement (left) and after improvement (right) 

 

Resnetst (split attention networks) specially introduces the split attention module on the basis of 
residual network. It draws lessons from the ideas of multi path and featur e - map attention, and 
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combines the existing research results of senet, sknet and resnetxt to expand the attention mechanism 
of channel dimension to the representation of feature map group, So that it can use the unified CNN 
operator to modularize the network structure and accelerate the training speed of the model. Resnetst 
block is a computing unit composed of feature map group and split attention operations. Its specific 
structure is shown in Figure 5. 

 

 
Figure 5. ResNetSt Block structure 

 

As can be seen from Figure 5, resnetst block divides the input into k modules. The author calls these 
modules "split attention unit", and its specific structure is shown in Figure 6.  

As can be seen from Figure 5 and Figure 6, the number of characteristic graph groups is given by the 
cardinality super parameter k ; The cardinality hyperparameter r  represents the split fraction in the 
result characteristic graph group, so the input data is divided into rkG *  group along the channel 
size. 

The relevant formulas involved in the model are as follows:  

The combined representation of the result characteristic graph group can be calculated by adding 
elements across multiple splits. For example, the calculation formula of the k -th result characteristic 
graph group is shown in equation (7): 
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The calculation formula of the c -th characteristic diagram channel is shown in equation (8): 
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To sum up, the final output of all Split-Attention units can be obtained by connecting the result feature 
map group along the channel dimension. 
 

 

Figure 6. Split-Attention cell structure 

3. ULBP + LDA + SDResNetSt 

3.1 Face Key Point Detection Algorithm:MTCNN 

Before inputting the face image into the neural network, this paper needs to detect the key points of 
the face, so as to determine the position of the face and eliminate other interference factors. In terms 
of algorithm selection, we use the mtcnn (multi task cascaded revolutionary networks) method 
proposed by Zhang et al. In 2016 to locate key points and detect face position. Considering the 
inherent correlation between face detection and key point detection, the method carries out the two 
tasks at the same time. The network structure of mtcnn is shown in Figure 7. 

 

 
Figure 7. MTCNN Network structure 
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As can be seen from Figure 7, the structure of mtcnn includes three networks: p-net is responsible for 
preliminarily generating candidate face windows through a shallow convolution neural network; R-
Net further eliminates a large number of non-human face candidate windows in the candidate 
windows output by R-Net through a more complex convolution neural network, and uses the face 
frame regression vector to correct the remaining windows; O-net uses a more complex network 
structure than the first two networks to screen the output results of R-Net more accurately, and outputs 
the position coordinates of five key points in the face image. The advantage of using mtcnn network 
model is that the cascade network can carry out multiple tasks at the same time, and has higher 
accuracy and faster detection speed compared with the same type of algorithm at that time. 

3.2 Feature Fusion Algorithm 

Feature fusion algorithm this paper proposes a face recognition method based on deep and shallow 
feature fusion. Its general idea is: firstly, the improved LBP algorithm ulbp is used to extract the 
shallow local image features; Secondly, LDA feature is used to reduce the data dimension and extract 
the global features of the image. Therefore, the shallow feature extraction stage of the image includes 
the extraction process of its local global features; Finally, the original image and the preprocessed 
image data are removed by mtcnn to locate the face image, and they are converted into a unified size 
as the input of resnetst network. The features extracted from different convolution layers are fused in 
depth, and the final features are input into the designated classifier to realize the face image 
recognition process. The specific input feature fusion method is shown in Figure 8. 

 

 
Figure 8. Feature fusion method 

3.3 SDResNetSt Network Structure 

This paper proposes a method to fuse the deep and shallow features of resnetst-50 network to obtain 
the network structure of sdresnetst-50 as shown in Figure 9. Its basic process is as follows: 

(1) In the same convolution layer, the shallow features of each scale are extracted in parallel to 
improve the feature expression ability of the network model; 

(2) The features of each scale extracted in (1) and the deep features of the network are fused through 
concat layer to obtain more comprehensive features; 

(3) For the fusion features extracted in (2), the fusion features of each scale are extracted in parallel 
again, and they are fused with the deeper features of the network through the concat layer to obtain 
the final fusion features. 

Among them, conv 1 * 1 is used to unify the size of each input channel in the same layer; The number 
of conv 6-1 and conv 6-2 convolution kernels is 1024; The number of convolution kernels of conv 7-
1 and conv 7-2 is 2048; Avgpool-5 is consistent with the average pooling layer parameters of resnetst-
50 network. In parallel structure, the purpose of extracting different scale features in the same 
convolution layer is to increase the width of the network and make it have better feature extraction 
ability. The last full connection layer parameter is set as the classification number. In the loss function 
part, we add the center loss function based on the softmax loss function used in the traditional network 
to combine it. The purpose of center loss is to minimize the square sum of the distance between each 
sample in the same training block and the sample center, that is, to reduce the distance between 
samples in the class as much as possible. In this way, we can more clearly distinguish the differences 
between classes, further improve the classification effect of face images, and further improve the final 
recognition accuracy. The formula of center loss is shown in equation (11): 
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In equation (19), N  is the training batch, ix  is the feature vector of class i  samples, and c  is the 
class center vector. c  needs to be corrected once in each iteration to reduce the distance within the 
class; At the same time, a scale metric   is added to avoid center jitter. 

 

 
Figure 9. SDResNetSt-50 network structure 

 

Moreover, based on the above feature fusion method, this paper further improves the sdresnetst 
network. The specific improvements are as follows: 

(1) Replace the 7 * 7 convolution layer of the first layer with three consecutive 3 * 3 convolution 
layers, which can not only reduce the amount of parameter calculation, but also have the same 
receptive field size as the original; 

(2) In the identity module of the shortcut connection, adjust the original 1 * 1 convolution layer with 
a step size of 2 to an average pool layer with a step size of 2 * 2, followed by a 1 * 1 convolution 
layer. 

4. Experiment and Analysis 

4.1 Dataset 

This paper selects CASIA webface, a large-scale face data set published by Dong Yi of wensence 
company and Zhen Lei of Chinese Academy of Sciences in 2013, as the experimental data. The data 
set contains 494414 images of 10575 people, each of which is 250 × 250 color pictures. All images 
are divided into training data set and test data set, in which the training data set accounts for 90% of 
the total images and the test data set accounts for 10% of the total images. Then, the face images in 
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the two sets are cropped according to the key point detection method to remove irrelevant information. 
Finally, the images are normalized to 224 × Size of 224. Fig. 10 is an example of a processed image. 

 

 
Figure 10. CASIA -WebFace face image example 

4.2 Experimental Environment 

This experiment is based on Python 3.6 + tensorflow framework. The experimental computer is 
configured with Intel Core i7-7200u CPU, 32GB memory, 2.50 GHz main frequency, NVIDIA 
gtx1060 GPU model and 6GB gddr5 video memory. 

4.3 Experimental Results And Analysis 

(1) In order to verify the effectiveness of the method proposed in this paper, two groups of face 
recognition comparative experiments are carried out on CASIA webface dataset: 

(2) Compare the influence of deep and shallow feature fusion on the experimental results. The face 
image and original image processed by using the original image alone and ulbp + LDA at the same 
time are used as the input of resnetst-50 and sdresnetst-50 network models respectively. Experiments 
are carried out on CASIA webface data set to compare the impact of deep and shallow feature fusion 
on recognition accuracy. It can be seen from table 1 that under the same network model, the 
recognition accuracy obtained by using the ulbp + LDA processed face image and the original image 
as the input of the network is higher than that obtained by using the original image as the input of the 
network model, which shows that the ulbp + LDA image can not only effectively express the global 
features of the image, Moreover, the expression ability of local features is also enhanced. Taking it 
as input together with the original image can further improve the feature extraction ability without 
losing image information; Under the same network input, the recognition accuracy of sdresnetst-50 
network based on deep and shallow feature fusion is higher than that of resnetst-50 network, which 
shows that the fusion of deep and shallow features of the network can effectively improve the feature 
expression ability of the model, so as to improve the recognition accuracy of the network; 

 

Table 1. Recognition rate of different networks and network inputs on CASIA webface 

 
 

(3) The comparison between the method proposed in this paper and other methods on CASIA webface 
dataset. It can be seen from table 2 that the method proposed in this paper performs best among all 
models, and the recognition accuracy reaches 98.75%, which proves the effectiveness and feasibility 
of the network model. 
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Table 2. Recognition rate of different networks and network inputs on CASIA-WebFace 

 
 

 
Figure 11. Comparison of the recognition accuracy and recall rate of the algorithm in different 

training times 

 

It can be seen from Figure 11 that with the increase of training times, the recognition accuracy and 
recall rate also rise. When the training times reach 45000 times, they reach the peak; At this time, if 
you continue to increase the number of training, the recognition accuracy and recall remain basically 
unchanged. 

5. Conclusion 

In this paper, a face recognition method combining ulbp + LDA and sdresnetst-50 network is 
proposed. This method extracts different scales on the same convolution layer of resnetst-50 and fuses 
them to enhance the feature expression ability of the network model; Ulbp operator is an improvement 
of LBP Operator, which is used to describe the local texture features of the image. It has the 
advantages of being insensitive to illumination, gray translation invariance, rotation invariance and 
fast operation speed. Therefore, taking ulbp + LDA and the original image together as the input of 
the network model can further improve the feature extraction ability of sdresnetst-50 network, At the 
same time, the combination of softmax and center loss function can effectively reduce the intra class 
spacing. The experimental results on CASIA webface dataset show that the proposed method can 
effectively improve the accuracy of face recognition, which shows the feasibility of this method. 
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