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1. Abstract

The use of computers for facial expression recognition is currently a hot topic in facial
expression recognition. Based on deep learning technology, a cascaded classifier is applied to
detect and locate the facial region as a whole. A deep convolutional neural network based on
self attention mechanism is proposed and used. The model uses Mini-Xception as the basic
network and integrates attention mechanism. Then, an expression classification model is
constructed by training the convolutional neural network, Finally, achieve fast and accurate
facial expression recognition. Several methods are used for experimental comparison in the
article, and the final experimental results are analyzed. The results show that the proposed
method with the same parameter settings can significantly improve classification performance,
recognition accuracy, and real-time speed of facial expression change detection.

2. Introduction

Human expressions are complex and ever-changing, and the expression of joy and anger in facial expressions
is one of the most direct and effective ways for people to express their inner emotions. Therefore, research
on facial expression recognition technology is unanimously recognized as an important development object
for future human-computer emotional interaction [1]. After continuous research and experiments by
psychology experts, it has been found that the emotional expressions on human faces can be roughly
classified into seven types: disgust, anger, happiness, fear, sadness, and surprise. In actual complex life
situations, in order to distinguish from expressionless expressions, a total of seven basic expressions are
generally added: normal, As shown in Figure 1. The technology at the forefront of the trend in this era is
undoubtedly artificial intelligence. In this field, the facial expression recognition technology proposed in this
article has demonstrated extremely high efficiency in various fields such as medical treatment, home
furnishing, and criminal investigation. As a current research hotspot, this technology is key to image
preprocessing, facial detection, and expression classification [3], as shown in Figure 2.
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Figure 2: Steps for facial expression recognition

Capture a large number of experimental cases through image collection. In the image preprocessing stage,
the size and color of the image are first adjusted to simplify the processing of the input image. Then, through
preprocessing, a series of irrelevant factors such as brightness, perspective, and blurry color are eliminated
to a certain extent; Then input the results into the input model for training to enhance the accuracy of the




model's recognition. In order to improve the effectiveness of facial expression recognition, the first step is
to determine the position of the face in the image. Face detection in the image is to use partial face detection
algorithms to detect multiple blocks and scales of the image, and finally obtain the position of one or more
people's faces on the object.

In the research process, we first need to process feature engineering, and then use classification algorithms
to classify expressions. Although the manual feature extraction method can quickly solve a single simple
problem, there are labor costs and fit SR d other factors to consider for relatively complex situations, and
this project is committed to the use of deep learning methods, Constructing an expression classification
model by training convolutional neural networks and combining it with attention mechanisms to achieve

efficient facial expression recognition.

3. Method

When the system captures an image data, it first uses face detection to determine whether there are faces in
the image and the presence of multiple faces. If there are faces, it locates the position of one or more faces.
If there are no faces in the image, it returns a prompt message; Then, after capturing facial images on the
camera device, Haar features and an Adabsot cascaded classifier are used to classify and detect the captured
images. The face detection method in OpenCV and the Haar cascaded classifier used in this article can divide
the captured targets into regions for different scales of detection, At the same time, the model proposed in
this article based on the Mini Xception network combined with attention mechanism is further used for
model training.

3.1. Building a Network Model

Recently, the proposal of attention mechanism has reduced the limitations of computational power and
optimization algorithms, making it widely used in various image recognition and classification tasks. This
article integrates attention mechanism into the Mini Xception network model and introduces an attention
module in the feature extraction section, which has played a certain role in reducing irrelevant interference.
By appropriately increasing the number of hidden layers in the network and combining attention mechanism
in the feature weighting stage, classification accuracy can be improved, but at the same time, the training
time of the model also increases. To effectively solve this problem, the random gradient descent optimizer
(SGD) in the gradient descent algorithm (Optimization) is used in this model to reduce the time required to
reach the convergence state. Firstly, a model is constructed, which is divided into four parts: convolutional
layer, pooling layer, fully connected layer, and output layer. Two convolutional layers and two pooling layers
appear alternately in the model, and then 3 x 3 size convolutional kernels applied to 5 x The input tensor of
5 is used to get the feature map, and the preprocessed expression data is used for model training to finally
get the network model. Finally, after activation function processing, a multi-dimensional feature vector can
be returned to classify multiple expressions.

3.2. Haar features

The Haar feature is composed of edge features, linear features, center features, and diagonal features,
representing the grayscale changes of the image. Figure 3 shows the template used for feature extraction.
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(a) Edge features (b) Line features (c) Four rectangular features
Figure 3 Haar rectangular feature template
The Softmax regression model is relatively similar to Logistic in that it uses the Softmax function for a

mapping. The Mini-Xception network architecture [11] further studies expression classification in neural
networks by using this layer [12]. The probability of parameter classification in Softmax is
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In the formula, x is the classification probability, and j is the expression of the classification, 6 Is the

parameter to be fitted.

3.3. Cascading Classifiers

In order to achieve good detection results in OpenCV, several strong classifiers based on Adagorithm
are concatenated to form a concatenated strong classifier. When performing face detection, if all classifiers
show the presence of faces in the area, it is determined that there are faces in the area. Otherwise, it is marked
as no faces.

In the training model, the applied features will be automatically found by the corresponding algorithm at the
threshold, and the face will be divided into two sides. When an error occurs, such as a classification error,
the algorithm will automatically select the feature with the lowest relative error rate, which is to separate the
difference between the face and the non face. At the beginning of the training, the weight of each image is
the same. After multiple classifications, the weight of the incorrect classification will increase again and
again, and then continue to execute, Update the weights until the required accuracy or error rate is achieved.

3.3.1. Batch normalization layer

When there are many hierarchical structures in the network, the training convergence speed slows down.
The Mini Xception [8] model adds a BN normalization layer between the layer inputs of the network, and
the input data from the upper layer is sent to the lower layer after normalization processing. BN layer can
control the data distribution of each layer, ensure the stability of data to a certain extent, and further reduce
the overfitting problem caused by input changes, which can be expressed as
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33.2. ReL.U activation function

The application of activation function in this paper can effectively strengthen the expression ability of the
network model, improve the nonlinear modeling ability of the network [9], and also help the accuracy of
neural network classification. ReLu is an unsaturated function, and when its input is positive, the output and




input are linear, without gradient dispersion [10], which can further accelerate the convergence speed.
RelLu(x) = {E{:ﬁ z g ReLU(x) = max (0, %) )

3.4. Deep separable convolution

If the network model introduced in this article uses common convolution operations, it will greatly increase
the number of parameters and training time of the model. Deep separable convolution is to divide the
ordinary convolution operation [11] into a point by point convolution and a deep convolution. In the
lightweight network model Mini Xception, extracting features will reduce the number of parameters and

computational costs.

4. Experimental results and analysis

4.1. Data preprocessing

This experiment used the FER2013 dataset as the dataset. Unlike the experimental dataset, the FER2013
dataset was obtained in a non experimental environment, with a larger dataset and various factors that are
more similar to the changes in facial expressions in nature; Taking Sad expressions as an example in this
dataset, some samples from the FER2013 dataset are shown in Figure 4. It can be seen that most of the data
are not perfectly presented as facial expressions, and are affected by various factors such as light, angle, and
limb occlusion. Therefore, this experiment preprocesses the data through image enhancement technology
and image normalization.
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Figure 4: Example of data samples for Fer2013
4.2. Experimental setup

In order to fully train the model, the experimental settings are as follows:

(1) The method for data augmentation is as follows: (1) normalization processing. @ Effectively perform
crop rotation.

(2) Parameter settings: Horizontal deflection of 0.3, vertical deflection of 0.3, random image rotation of [-
10,1,1], horizontal flipping of 0, scaling of 0.1.




4.3. Present model experimental results

In the experimental section, the proposed model combined with attention mechanism was compared with
other methods on the Fer2013 dataset, and the average accuracy and Epoch time were compared.

It can be seen that the average accuracy and Epoch time of the proposed method reached 95.87% and 1.796
seconds, respectively, which were improved by 1.04% and 0.187 seconds compared to the original basic
network. At the same time, the average accuracy and Epoch time were also better than Subnet Ensemble,
RestNet-50, and Inception V3 networks, proving the effectiveness of the proposed method. After training, it
was found that the accuracy of the seven expressions in the test set was 66%, 67%, 56%, 92%, 60%, and
82%, respectively, 73% of the final calculation shows that the average accuracy of the model proposed in
this article on the test set is 70.85%, which has a relatively accurate effect in practical applications.

The average accuracy curve of the training process and the average accuracy curve of the validation set and
training set are shown in Figure 5. During each training session, the training set accounts for 75% of the
expression image dataset, while the validation set accounts for 25% of the expression image dataset. As the
training continues to run, although the training curves fluctuate, the accuracy of the training and validation
sets continues to improve until both curves reach a stable state. From Figure 5, it can be seen that the training
and testing processes converge quickly, indicating that this method runs faster and has low computational
complexity.
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Figure 5: Training and validation curve

5. Conclusion

This article proposes a facial expression image classification model based on Mini-Xception and
incorporating attention mechanism for the problem of facial expression classification and recognition. At
present, more and more people are deepening their research on facial expression classification. Influenced
by attention mechanisms, this article improves the structure of the Mini Xception network model. By adding
attention mechanisms and deep separable convolutions, the average accuracy of the model is improved, and
the Epoch time is further shortened. Experiments were conducted on the Fer2013 dataset, proving that the
proposed network has good classification performance. Compared to the Subnet Ensemble, RestNet-50,
Inception V3 methods, the trained network has higher classification accuracy and better real-time

performance in this experiment.
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