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Abstract 

Face recognition is one of the important applications of computer vision, which plays an 
important role in production and life. The first half of this article explains the traditional 
face recognition algorithms, focusing on the PCA and LDA algorithms based on 
dimensionality reduction and the hand-designed LBP operator and HOG features. The 
basic principles are briefly outlined and their advantages and disadvantages are 
explained. Convolutional neural networks are widely used in face recognition. The 
second half is mainly based on deep learning algorithms. Several types of classic face 
recognition algorithms are summarized. For the first time, the DeepID algorithm using 
convolutional neural networks is proposed and used for the first time. The FaceNet 
algorithm with the concept of triples, the well-known residual network reduces network 
parameters. These algorithms have improved the accuracy of face recognition to varying 
degrees. 
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1. Introduction 

Compared with traditional biometric segments such as fingerprints and iris, face recognition has the 

advantages of non-contact, conforming to human recognition habits, strong interaction, and not easy 

to steal. Therefore, it is protecting public safety, information security, financial security, company 

and personal property security. The first class has a strong demand. [1] With the rise of deep learning 

in 2012, in recent years, with the extensive use of deep convolutional neural networks in face 

recognition technology, the accuracy of recognition has become higher and higher. Before 2012, 

traditional methods were mainly used, such as methods based on dimensionality reduction and 

manual design features. But then there was a loss function based on the extraction of the main features 

of the convolutional network and the design of the lightweight network. Both of these methods have 

improved the accuracy of face recognition to varying degrees. Nowadays, there are still some 

mainstream face recognition research directions, such as occluded face recognition and cross-age face 

recognition. With age, some key features of the face will change; modal face recognition, natural The 

condition is not necessarily a face. There are many research directions and close to the reality of life, 

and the application of face recognition technology will be more extensive. The advantages and 

disadvantages of face recognition algorithms based on traditional methods are introduced. There are 

many shortcomings in traditional face recognition, such as pose, blur, light occlusion, etc., which will 

affect the recognition process. Before 2012, it was difficult to meet actual needs due to the 

shortcomings of traditional methods. However, after the popularity of deep learning in 2012, a series 

of algorithms based on convolutional neural networks have greatly improved the accuracy and speed 

of face recognition, and human face recognition can be widely used in production and life. 
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2. Face recognition algorithm based on dimensionality reduction 

2.1 Eigenface 

In 1901, Pearson et al. proposed the principal component analysis method, whose theoretical basis is 

PCA (principal component analysis). Principal Component Analysis (PCA) is a multivariate 

statistical analysis method that uses feature vectors to analyze sample data to achieve the purpose of 

dimensionality reduction. [2] Combining the pixel information of each column of a picture into an 

mX1 matrix in turn will cause the dimensionality to be too high (increased interference information), 

so the idea of dimensionality reduction is needed. 

PX=Y                                   (1) 

X: the matrix of the input image, Y: the matrix of the output image, P: find the appropriate matrix for 

dimensionality reduction 

Assuming that X has been decentralized, the relationship between the output covariance matrix and 

the input: 
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Optimization goal: The input picture has the largest covariance matrix, that is, the largest variance at 

the same latitude, and the correlation between different dimensions is zero. Meet the requirement of 

maximum variance, that is, the eigenvalue of the original covariance matrix is the largest. Therefore, 

choosing the largest eigenvalue corresponding to the eigenvector is the best way of this kind of 

projection. Disadvantages: Experiments show that the recognition rate of the eigenface method drops 

sharply with the introduction of factors such as illumination, angle and face size, so the eigenface 

method still has theoretical flaws. [3] When it is necessary to connect each column of the image to 

make the image dimension too large, the speed of feature extraction due to the large amount of 

calculation is too busy to achieve the effect of timeliness. 

2.2 Linear Discriminant Analysis (LDA) 

The method proposed by R.A. Fisher in 1936 is to minimize the intra-class distance and maximize 

the inter-class distance after the sample data is mapped to another feature space. It is a classic data 

dimensionality reduction method. Let the mean of each sample of u. 

Inter-class dispersion matrix: 

𝑆𝑏 = ∑ (𝑢𝑖 − 𝑢)𝑚
𝑖=1 (𝑢𝑖 − 𝑢)𝑇                         (3) 

Intra-class dispersion matrix: 

𝑆𝑤 = ∑ ∑  𝑥∈𝑠𝑖
(𝑥 − 𝑢𝑖)

𝑚
𝑖=1 (𝑥 − 𝑢𝑖)

𝑇                      (4) 

Constraints: 

{
𝑚𝑎𝑥 𝐽 (𝑤) =

𝑤𝑇𝑆𝑏𝑤

𝑤𝑇𝑆𝑤𝑤

𝑠. 𝑡. , 𝑤𝑇𝑆𝑤𝑤 = 1
                            (5) 

Lagrangian function: 

𝐽(𝑤) = 𝑤𝑇𝑆𝑏𝑤 − 𝜆(𝑤𝑇𝑆𝑤𝑤 − 1)                       (6) 

𝑆𝑤
−1𝑆𝑏𝑤 = 𝜆𝑤                                (7) 

Therefore, selecting the eigenvector corresponding to the largest eigenvalue is the best direction of 

projection. 

2.3 Connections and differences between PCA and LDA 

Similarities: Both use the matrix dimensionality reduction method when reducing the dimensionality; 

both assume that the data conforms to the Gaussian distribution The difference: Assuming that a piece 

of data is n-dimensional, LDA can only be reduced to n -1 dimensions, while PCA is not restricted. 

From a mathematical point of view, LDA selects the projection direction with the best classification 
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feature performance, while PCA selects the maximum variance of the sample projection. LDA is 

actually a supervised dimensionality reduction technology, while PCA is actually an unsupervised 

technique. PCA can only perform dimensionality reduction, while LDA can be classified by 

dimensionality reduction. 

3. Face recognition algorithm based on hand-designed 

3.1 LBP 

Local binary pattern (LBP) [4,5,6] LBP was proposed by Ojala et al. in 1996. LBP mainly determines 

the binary code by comparing the center point in the local block and the size of the 8-neighborhood. 

Steps: Set the pixel value of the center point as the threshold, greater than 1 and less than 0, and then 

convert the binary to decimal to obtain the value of the pixel value of the center point. Advantages: 

This method reduces the error caused by not fully aligning the face area within a certain range. 

Different weights can be assigned to different regions. Disadvantages: Only the size of the pixel 

values in the local area is compared, and the relationship between them-the transformation of the 

image gray level is not considered. Partial key information may be lost, so the extraction of feature 

information is not comprehensive. 

3.2 HOG 

HOG feature [7] is better than the previous manual feature extraction methods in its feature extraction 

efficiency. The HOG[7] operator is used to extract image features. Descriptors describing the gradient 

direction and intensity distribution. HOG is suitable for grayscale images. The algorithm flow: (1) 

Grayscale the input image, and convert the RGB image to a grayscale image with a ratio of 3:6:1. 

When the image photo is blurred, it can be corrected by Gamma [7], and its role is to make the image 

as a whole Brightness increases or decreases. After the input image color space is normalized, the 

advantages of using HOG [7] to extract image features: it can effectively describe the feature 

information of the local area of the image; it has rotation and illumination without distortion. (2) 

Divide the picture into several cells, and calculate the gradient histogram of each cell. Need to 

calculate the horizontal and vertical gradient and calculate the angle. Using gradient calculation, you 

can find the gradient in the x direction and the y direction. Then use the formula to find the amplitude 

and direction of the corresponding pixel. 

Horizontal gradient: 

𝑔𝑥 = √(𝑓(𝑥 − 1, 𝑦) − 𝑓(𝑥 + 1, 𝑦))2                      (8) 

Vertical gradient:  

𝑔𝑦 = √(𝑓(𝑥, 𝑦 + 1) − 𝑓(𝑥, 𝑦 − 1))2                      (9) 

Angle: 

𝜃 =
𝑔𝑥

𝑔𝑦
                                  (10) 

(3) Divide the cell to form multiple blocks into one block, and normalize the features, which can 

make the features more robust. (4) Combine all the feature vectors, count the HOG features of all 

overlapping blocks in the window, and connect them in sequence to obtain a complete HOG feature. 

4. Face recognition based on deep learning 

4.1 DeepFace 

DeepFace [8] is an algorithm developed by Facebook. Its main processes include feature detection, 

face alignment, characterization, and face classification. In overcoming the problem of face angle and 

posture, Delaunay [8] triangulation is used to convert pictures with different postures of the side face 

into the face of a frontal person. The features of the human face, such as the eyes and nose, are fixed 

at the same position as the frontal face. Using convolutional neural network to extract features, this 

algorithm has achieved extremely high accuracy. However, because the network is connected to two 
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fully connected layers, there are too many parameters to be applied in practice. However, this 

algorithm has more time complexity in face alignment. [9] In this paper, there are two contributions: 

(1) Design a program that can assemble a large-scale data set with small label noise while minimizing 

the number of manual annotations. (2) A deep CNN is shown without any modification, but after 

proper training, it can achieve results equivalent to the level of art. At the same time, this is a network 

structure that can be applied to many other tasks. 

4.2 DeepID 

A 14-year PR paper proposed DeepID [10], which proposed to use convolutional neural network to 

extract features, and then learn this set of features, and then verify the face, the author is Tang Xiaoou 

et al. The input image is maximum pooled through four convolutional layers. The advantage of this 

network is that the features of conv3 and conv4 are all connected to the fully connected layer, and the 

features obtained are both the third layer and the third layer. The fourth layer has a rich variety of 

features. In addition, the generalization ability of DeepID [10] increases as more face types are 

predicted during training. Advantages: With the growth of the practice set, the classification accuracy 

of DeepID [10] itself and the verification accuracy of LFW are increasing. Figure 1 [10] 

 

 

Figure 1. DeepID structure diagram 

 

4.3 VGGNet 

VGGNet [11] is a deep-level CNN architecture [12]. VGG [11] is an image classification algorithm 

that Google participated in in 2014, and the accuracy of image classification is very high when 

winning the championship. A total of six different models have been developed for the VGGNet 

model. The different suffix values connected after VGG[11] represent different network layers. The 

outstanding contribution of VGG16 introduced in this section lies in the use of a 3X3 convolutional 

layer. Increasing the depth of the network can help improve the recognition rate of the model. The 

most used VGG-Net models are VGG-16 and VGG-19. For example, there is a 16-layer convolutional 

neural network VGG-16. The main feature is that the network structure has 13 convolutional layers, 

all of which are 3X3 convolutions and the number of channels increases sequentially, all using 

maximum pooling, and finally composed of three fully connected layers. 

4.4 FaceNet 

Although significant progress has been made in the field of face recognition, large-scale face 

recognition cannot be achieved, so Schroff et al. proposed FaceNet in 2015 [13]. This network 

proposed a new idea and invented the application Loss function for face recognition-Triplet loss. 

Separate the faces of the same type from those of different types, so that the distance between the 

classes is increased, so as to achieve the classification effect [14]. The triple is composed of anchor 

points, positive samples and negative samples. Goal: The distance between the positive sample and 

the anchor in the triplet should be less than the distance between the negative sample and the anchor. 

The basic network of FaceNet is the Inception [13] structure, which reduces the amount of parameters 
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and improves the accuracy. In fact, the selection of triples is difficult, and all usage constraints are 

very large. 

4.5 ResNet 

With the increase in the number of network layers, it is inevitable that the gradient disappears and 

explodes, resulting in saturation or even decline in the accuracy of the training set. Therefore, the 

network depth cannot be increased arbitrarily. For this problem, Kaiming He [15]. proposed a network 

module—the residual module. This residual structure handles the deep degradation of the network 

well. When the network depth is up to 1,000 layers, the accuracy rate will not drop too much, that is, 

the residual network is easier to optimize, and the accuracy of the network will be greatly improved 

as the number of layers increases. For example, the residual depth of 152 layers is many times higher 

than that of VGG, but the complexity of the network is low, so the residual network structure is better 

than VGG. Figure 2 [15] 

 

 

Figure 2. Residual structure diagram 

 

5. Conclusion 

In recent years, domestic and foreign scientific researchers have made many substantial 

breakthroughs in the research of face recognition technology, but there are still many problems to be 

solved and many challenges to be addressed. The current CNN structure is particularly complex and 

the training method is single. The system is computationally expensive and time-consuming, resulting 

in poor timeliness. It also faces the following challenges: massive comparisons. When the number of 

face images is large enough, the recognizer will face different But recognize similar situations; cross-

racial such as blacks, cross-age challenges, lack of training sets for children, the elderly, and blacks 

are very insensitive to this group. Interference factors of face recognition: active factors include 

gestures, expressions, occlusion, blur, etc., which can be actively cooperated by the user or the system 

can obtain high-quality images for recognition through rejection of recognition and quality judgment. 

Inherent factors: light changes, age, makeup, etc., interference factors that are difficult to remove in 

the field, the recognizer needs to have strong robustness. Difficulty: Need to have higher accuracy 

and robustness for pose occlusion ambiguity. In practical applications, ultra-high real-time 

performance is required. 
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