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Abstract 

In order to improve the accuracy of facial expression recognition, this paper proposes a 
convolutional neural network expression recognition method based on squeeze and 
excitation module. This method first serially merges the multi-layer features of the VGG 
network to extract more comprehensive features; Then integrate the SE module into the 
improved network to make the network automatically learn the importance of each 
feature channel, and then improve the useful features according to this importance to 
improve the classification accuracy; Finally, the fully connected layer is designed, and 
the 7-dimensional vector is directly output and classified using softmax. The 
experimental results show that the method proposed in this paper achieves a higher 
recognition rate. 
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1. Introduction 

Psychologist A. Mehrabian [1] believes that 7% of emotion is expressed through language, 38% 

through auxiliary information of language, and 55% through facial expression. Facial expression can 

not only show the emotional state of the communicator, but also convey the deep thoughts and 

emotions of the communicator [2]. Therefore, facial expression is a very important means of 

communication between people. With the development of information technology, human-computer 

interaction is becoming more and more important. As a key technology in the process of human-

computer interaction, facial expression recognition is of great significance in public safety, intelligent 

service, business assistance, intelligent entertainment and other aspects. 

Traditional facial expression recognition methods rely on artificial feature extraction, which leads to 

incomplete feature extraction, so the recognition effect is poor. As a relatively new technology, deep 

learning has achieved great success in the field of image recognition. It breaks the fixed pattern of 

feature extraction before pattern recognition in the traditional image recognition process, and can 

carry out feature extraction and image classification at the same time. Moreover, the algorithm has 

strong adaptive ability and migration ability. Therefore, the recognition accuracy of expression 

recognition algorithm based on deep learning has been greatly improved compared with the 

traditional algorithm, and it has become a research hotspot at present. Most of the applications of 

deep learning in facial expression recognition are based on VGGNET, googlenet and RESNET, and 

their core structures are deep convolution neural networks (DCNN). Many scholars at home and 

abroad have studied the method of facial expression recognition based on deep learning. Mollahoseini 

et al. [3] combined alexnet and googlenet model, constructed a 7-layer CNN for facial expression 

recognition, and achieved good recognition results. Kim et al. [4] proposed a three-level hybrid 

structure, using decision level integration to obtain enough decision diversity, and achieved 70.86% 

recognition rate on fer2013 dataset. He Jun et al. [5] used the improved deep residual network to 
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deepen the network depth, and introduced transfer learning to solve the problem that the data set is 

not large enough, and achieved 91.33% recognition rate on CK + data set. In order to further improve 

the effect and accuracy of facial expression recognition, this paper proposes a convolution neural 

network expression recognition method based on squeeze and excitation module, and designs an 

experiment to train and test on public data sets (FER2013 [6] data set and CK+ [7] data set). The 

experimental results show that the proposed method can effectively improve the accuracy of 

expression recognition. 

2. Correlation model 

2.1 VGG network 

VGGNET [8] is a deep learning model developed by the Computer Vision Group of Oxford 

University (Visual Geometry Group) and Google, and has achieved an accuracy of 92.7% on 

ImageNet [9]. The model structure is shown in Figure 1. Its biggest feature is to use a small 

convolution kernel and increase the network depth to improve the overall performance of the network 

and reduce the error rate. The common VGGNET models are mainly VGG16 and VGG19. Their core 

ideas and principles are the same, but there are some differences in network depth. 

 

 

Figure 1. VGG19 network structure 

 

2.2 SENET 

SENET (squeeze-and-excitation-networks) [10] was proposed by the momentum team in 2017. 

Traditional convolution calculation has the same weight for different input channels, and all channels 

are fused. In fact, different channels have different importance for final classification. The innovation 

of SENET is that it can focus on the relationship between channels and automatically learn the 

importance of different channel features, so as to extract features more related to classification tasks. 

 

 

Figure 2. SENet structure diagram 
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The core structure of SENET is shown in Figure 2. Firstly, the global description feature is obtained 

by the squeeze operation on the convolution feature graph, and the calculation formula is shown in 

equation (1). Then, the global feature is processed by the exception operation, and the calculation 

formula is shown in equation (2). The exception operation can learn the relationship between channels, 

and get the weight of different channels. Finally, the output feature is obtained by multiplying the 

original feature graph, the calculation formula is shown in equation (3). 

                      (1) 

           (2) 

                           (3) 

3. Improved algorithm 

3.1 Improved VGG network 

The traditional deep learning network outputs the input image to the classifier for classification after 

multi-layer convolution operation, so the extracted features are the output of the last layer convolution 

operation. But in fact, the feature attributes extracted by each layer convolution operation are different, 

and only using the output features of the last layer will make some features of the original image 

missing. This paper proposes a PVGG model. PVGG makes some improvements on VGG19 network. 

On the basis of retaining the convolution layer number and 3*3 convolution core of the original 

network, multi-layer features are fused. As shown in Figure 3, the output features of the last three 

convolution structures C3, C4 and C5 are connected. The connection mode adopts the serial fusion 

calculation shown in formula (4). Considering the high dimension of output features of C3 and C4 

layers, PCA algorithm can be used to reduce the dimension of output features of these two layers, and 

then serial fusion can be carried out, which can effectively reduce the amount of calculation. 

                              (4) 

Then, the multi-layer full connection layer in VGG19 network is removed, and the features obtained 

from the above multi-layer fusion are linearly transformed to output 7 classes, and finally classified 

by softmax. The improved network can reduce the network parameters, improve the network 

performance to a certain extent, and is more suitable for facial expression classification. 

 

 

Figure 3. PVGG network structure diagram 
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3.2 SE-PVGG 

On the basis of PVGG network, this paper proposes a new expression recognition network model SE-

PVGG by combining the advantages of SENET. As shown in Figure 4, an SENET is added after each 

pooling layer of PVGG network. SE-PVGG can pay more attention to the channel features with the 

largest amount of information. Specifically, it can automatically obtain the importance of each feature 

channel through learning, and then according to the importance, it can enhance the useful features 

and suppress the features that are not useful for the current task.  

The input of SE-PVGG network is 3*44*44 facial expression image. After two 3*3 convolution 

kernel processing, the feature image size is 64*44*44. Then through the maximum pooling layer and 

SE layer processing, the feature image size is 64*22*22. Similarly, after convolution, pooling and SE 

multi-layer processing and learning, the size of the feature map is 512*2*2, and then through an 

average pooling, the input dimension of the full connection layer is 512*1*1. Finally, the 7-

dimensional vector is output through the full connection layer to represent the classification 

probability of the seven expressions. Since the obtained probabilities are not normalized at this time, 

it is necessary to normalize the probabilities through a softmax layer. Finally, the value with the 

highest probability is the corresponding classification result. 

4. Experiment 

4.1 Experimental platform 

In this paper, the SE-PVGG network is implemented by pytorch deep learning framework. The 

hardware environment is as follows: the CPU is Intel Core i7-9800X, the memory is 32G, and the 

graphics card is NVIDIA GeForce GTX2080Ti. The software environment is as follows: Window10 

64-bit operating system, pytorch1.2 and python3.5. 

 

 

Figure 4. SE-PVGG network structure diagram 
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4.2 Experimental dataset 

In order to verify the recognition accuracy of the proposed method, two typical international public 

expression dataset (fer2013 and CK +) are selected for training and testing. 

4.2.1 Fer2013 facial expression dataset 

Fer2013 facial expression data set is the data of 2013 kaggle competition, which is composed of 

35886 facial expression images, including 28708 training images, 3589 public test images and 3589 

private test images. Each image is composed of 48 × 48 gray-scale images with a fixed size, and there 

are 7 kinds of facial expressions, corresponding to digital tags 0-6 respectively. There are many 

images in this dataset, but some of them are of poor quality and have some errors, so the accuracy is 

low. The preparation rate of manual recognition is only about 65%. 

4.2.2 CK+ facial expression dataset 

CK + database is an extension of Cohn Kanade dataset, which was published in 2010. CK + contains 

593 video sequences extracted from 123 objects. This data set is obtained under laboratory conditions, 

which is more standard and rigorous than fer2013 data set, so it has become an important data set in 

the research of expression recognition. 

4.3 Experiment and analysis 

The selection of experimental parameters in this paper is as follows: the number of training iterations 

is set to 300, the number of test sample batches is set to 128, the initial learning rate is 0.01, and it 

remains unchanged in the first 120 times, after 120 times, the learning rate begins to decay, every 5 

rounds becomes 0.9 times of the original. In the training stage, each input image is randomly cropped 

according to the size of 44*44, and then flipped horizontally according to the probability of 0.5, which 

can effectively prevent over fitting. In the testing stage, in order to reduce the outliers of recognition, 

this paper incorporates the idea of data enhancement. Firstly, cutting and mirroring operations are 

carried out at the four corners and the center of the input image, and 10 pictures with the size of 44*44 

are obtained. Then these 10 pictures are input into the network model for recognition. Finally, the 

obtained probabilities are averaged, and the classification with the highest probability is selected as 

the final recognition result. This data enhancement method can effectively reduce the recognition 

error rate. In order to verify the effectiveness, the method proposed in this paper is compared with 

several newer methods in the field of facial expression recognition in recent two years, and the results 

are shown in Table 1 and Table 2. From the comparison results, it can be seen that the recognition 

accuracy of the new method proposed in this paper on two data sets is better than other methods. 

 

Table 1. Comparison of recognition rate of different methods in fer2013 public test set 

Dataset Model Accuracy rate 

Fer2013 

Shi [11] (2020) 68.85% 

Zhou [12] 2019) 70.91% 

Liu [13] (2020) 71.67% 

Tian [14] (2019) 72.36% 

Li [15] (2019) 73.00% 

This Paper SE-PVGG 73.252% 

 

Table 2. Comparison of recognition rate of different methods in CK+ dataset 

Dataset Model Accuracy rate 

CK+ 

He [5] (2019) 91.33% 

Yao [16] (2019) 94.56% 

Lan [17] (2020) 94.90% 

He [18] (2020) 95.80% 

This Paper SE-PVGG 96.97% 
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The confusion matrix of fer2013 and CK + test sets are shown in Figure 5 and Figure 6 respectively. 

It can be seen from the figure that for the fer2013 dataset, the expression with the highest recognition 

rate is happy, reaching 90%, and the expression with the lower recognition rate is sad and fear. The 

main reason is that the two kinds of expression images in the fer2013 dataset are similar, and the 

model is easy to be confused in recognition. For the CK + test set, because the pictures are relatively 

standard, the recognition rate of expressions reaches 100% except for the fear expression. 

 

 

Figure 5. Confusion matrix on fer2013 private test set.  Figure 6. Confusion matrix on CK+ test set 

 

In summary, the new method proposed in this paper can effectively fuse multi-layer features, and 

strengthen the learning of spatial features, so that the network can focus on the features more related 

to the classification target, so as to improve the performance of the network, and finally improve the 

accuracy of facial expression recognition. 

5. Conclusion 

Facial expression recognition is of great significance in human-computer interaction. In order to 

improve the accuracy of facial expression recognition, this paper introduces the ideas of CNN multi-

layer feature, SENET and global average pooling based on VGG19, and proposes a convolutional 

neural network expression recognition method based on squeeze and excitation module. Firstly, the 

features of the last three layers of VGG19 network are fused to make up for the missing information 

caused by the output of single layer features. Then the se module is added after each pooling layer to 

automatically obtain the importance of each feature channel by learning, so as to enhance the useful 

features and suppress the features that are not useful for the current task. Finally, the three fully 

connected layers of VGG19 are changed into two layers, and the output of the fully connected layer 

is directly designed into 7-dimensional vectors corresponding to 7 expression classifications, which 

can effectively reduce the network complexity. Experimental results show that the proposed 

algorithm achieves higher recognition accuracy on fer2013 and CK + datasets, which is better than 

many current mainstream expression recognition algorithms. Considering that the algorithm in this 

paper still has some problems, such as deep network structure and more model parameters, how to 

optimize the network structure, improve the performance and solve the interference factors will be 

the next research focus. 
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