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1. Introduction

Let me talk about DNN. Structurally, it is no different from the traditional NN (Neural
Network). The main difference between DNN and NN is that the sigmoid function is
replaced with RelU and maxout, which overcomes the problem of gradient
disappearance.
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We see that in the structure of the fully connected DNN, the lower layer neurons and
all upper layer neurons can form connections, which leads to the expansion of the
number of parameters. This is not only easy to overfit, but also very easy to fall into
the local optimum.

Because there are inherent local patterns in the image (such as the eyes, nose, mouth,
etc.) in the face, the combination of image processing and neural network leads to the
convolutional neural network CNN. CNN links the upper and lower layers through the
convolution kernel. The same convolution kernel is shared in all images. The image still
retains the original positional relationship after the convolution operation.

2. Experiment

This part will describe the experimental process in detail to realize the facial expression
recognition function.

2.1 Examine the data

After examining the data, it is easy to find that the number of images in each class is
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about 36000, their format obviously is greyscale, and image size is 48*48. This data
has been divided into a training set and a test set. The test set accounts for about 20%
of the total number of data sets, and the training set accounts for about 80% of the

total number of data sets.

2.2 Network model selection
In order to realize the facial expression recognition function, after comparing DNN and
CNN, choose CNN to realize this function. This report uses two CNN network models

and compares their performance.

2.2.1 AlexNet model™
The first typical CNN is the LeNet5 network structure, but the first network that caught

everyone's attention was AlexNet.

AlexNet deepens the structure of the network on the basis of LeNet, and learns richer

and higher-dimensional image features. Features of AlexNet:

Deeper network structure.

Use stacked convolutional layers, that is, convolutional layer + convolutional layer
+ pooling layer to extract image features.

Use Dropout to suppress overfitting.

Use Data Augmentation to Suppress Overfitting.

Use Relu function to replace the previous sigmoid as the activation function.

Multi-GPU training.

Advantages of using relu function as an activation function in Alexnet:

10

RelLU
max (0, x)

-10 10
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® sigmoid and tanh function have a saturation region, the derivative of the relu
function is always 1 when x>0, because the continuous multiplication expression
of the gradient includes the derivative of the activation function of each layer
and the weight of each layer, relu function solves the derivative problem of the
activation function, so there is It helps alleviate the disappearance of the
gradient, and can also solve the gradient explosion to a certain extent, thereby
speeding up the training speed.

® \Whether it is forward propagation or backward propagation, the amount of
calculation is significantly less than sigmoid and tanh.

Dropout

This is a more commonly used method to suppress overfitting.

The main reason for introducing Dropout is to prevent overfitting. In the neural
network, Dropout is realized by modifying the structure of the neural network itself.
For a neuron of a certain layer, the neuron is set to 0 by a defined probability, and this
neuron does not participate in forward and backward propagation, just like in the
network Is deleted, while keeping the number of neurons in the input layer and output
layer unchanged, and then update the parameters according to the neural network
learning method. In the next iteration, some neurons are randomly deleted again (set

to 0) until the end of training.

Non-dropout dropout«
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AlexNet network structure
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The network contains 8 layers with weights; the first 5 layers are convolutional layers,
and the remaining 3 layers are fully connected layers. The output of the last fully
connected layer is the input of 7-dimensional softmax, and softmax will generate a

distribution of 7 types of labels.

® Convolutional layer C1
There are 96 convolution kernels of 11 * 11; padding="same’; stride=2; activation
is relu; For maxpooling, the pooling core size is 3 * 3, and the stride is 2;

® Convolutional layer C2
There are 256 convolution kernels of 5* 5; padding="same’; stride=1; activation is

relu; For maxpooling, the pooling core size is 3 * 3, and the stride is 2;

® Convolutional layer C3
There are 384 convolution kernels of 3* 3; padding="same’; stride=1; activation is

relu;

® Convolutional layer C4

Almost exactly the same as the convolutional layer C3
® Convolutional layer C5
There are 256 convolution kernels of 3* 3; padding="same’; stride=1; activation is

relu; For maxpooling, the pooling core size is 2* 2, and the stride is 2;

® Fully connected layer FC6
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A total of 2048 neurons, the activation function is Relu, and a dropout of 0.5 is

performed.

® Fully connected layer FC7

Almost exactly the same as the fully connected layer FC7

® Output layer

A total of 7 neurons, 7 classifications

2.2.2 VGG16 model”

The biggest improvement of the VGG16 network is in the depth of the network, from
the 8 layers of AlexNet to the 16 layers. A deeper network means stronger expression
ability, which benefits from the support of strong computing power. Another notable
feature of VGG16 is that it only uses a single size of 3 * 3 convolution kernel. In fact, 3
* 3 small convolution kernels are widely used in many convolutional networks. This is
due to the same receptive field. In this case, the stacking effect of the small
convolution kernelis better than that of the large convolution kernel, and the amount
of parameters is also less. VGG16 uses a 3 * 3 convolution kernel to replace the large

convolution kernel (11 * 11, 5 * 5) in AlexNet, and has achieved better results.

VGG16 network structure
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Convolutional layer C1
Two convolutions, each using 64 3*3 convolution kernels; padding="same’;
stride=1; activation is relu; For maxpooling, the pooling core size is 2 * 2, and the

stride is 2;

Convolutional layer C2
Two convolutions, each using 128 3*3 convolution kernels, the others are the

sameas Cl

Convolutional layer C3
Three convolutions, each using 256 3*3 convolution kernels, the others are the

sameasCl

Convolutional layer C4, C5

Three convolutions, each using 512 3*3 convolution kernels, the others are the
same as C1

Fully connected layer FC6

A total of 4096 neurons, the activation function is Relu, and a dropout of 0.5 is

performed.

Fully connected layer FC7
A total of 512 neurons, the activation function is Relu, and a dropout of 0.5 is

performed.

Output layer

A total of 7 neurons, 7 classifications

2.3 initial choice of parameters/hyper-parameters.

® How many categories to recognize class_num=7

Image size image_size = 48
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Image channels img_channels =1

Learning rate learning_rate = 0.00001

Excessive learning rate can easily lead to divergence of the model, so choose a
smaller learning rate

Batch size batch_size = 4

When the data cannot be passed through the neural network at one time, the
data set needs to be divided into several batches

Dropout rate dropout_rate = 0.5

When the dropout rate is 0.5, the generalization ability of the model is the best,
but it can be adjusted appropriately according to actual needs.

The number of epoch epoch_num =20

As the number of epochs increases, the number of weight updates in the neural
network also increases, and the curve changes from underfitting to overfitting. So,
how many epochs are appropriate? Unfortunately, there is no correct answer to

this question. For different data sets, the answer is different.

2.3 The evaluation of your experiments
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By comparing the two figures, it can be concluded that the accuracy of the AlexNet

model is higher after training for 20 epochs. Compared with VGG16, the loss function

value is also reduced faster. Therefore, the AlexNet model converges faster than the

VGG16 model.

True label

Confusion matrix of AlexNet

Normalized confusion matrix
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It can be seen from the confusion matrix that the two model pairs are easier to

identify the happy category

AlexNet
angry | disgust fear happy | reutral sad surprise
precision 0.47 0.59 0.38 0.74 0.43 0.37 0.66
recall 0.34 0.36 0.34 0.69 0.53 0.42 0.73
fl-score 0.39 0.45 0.36 0.72 0.48 0.39 0.69
support 958.0 111.0 1024.0 1774.0 1233.0 1247.0 831.0
VGG16
angry | disgust fear happy | neutral sad surprise
precision 0.46 0.29 0.4 0.73 0.46 0.46 0.74
recall 0.44 0.34 0.33 0.81 0.6 0.34 0.69
fl-score 0.45 0.32 0.36 0.77 0.52 0.39 0.71
support 958.0 111.0 1024.0 1774.0 1233.0 | 1247.0 831.0

Test :

10
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The result is 3, so this is a picture of happy classification

Comment

Through the above chart, we can know that AlexNet is better than
VGGNet under most performance indicators

Concussion!

Compared with large networks (such as VGG), the AlexNet deep convolutional neural
network has low complexity and fewer parameters; compared with the existing
lightweight networks, the training is not very difficult, and the representation ability
is strong. It saves a lot of model training time, makes fast predictions, and is less
prone to overfitting. Therefore, it is more suitable for real-time face recognition
applications. At present, most of the novel networks are based on classic networks
such as AlexNet, VGG, and GoogleNet, Bl and their structures are more complex than

AlexNet. Therefore, you can choose AlexNet to realize facial expression recognition

11
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Load dataset:

Appendix
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Prediction:
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