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1. Introduction

In this project, we will conduct initial exploratory analysis of the picture data according to the
data provided, and carry out operations such as downsampling, pre-processing and
visualization of the sample data. Fully connected neural network and convolutional neural
network were used to model and analyze the preprocessed data. In the modeling analysis, we
will mainly discuss the performance comparison between fully connected neural network and
convolutional neural network. The influence of different regularization methods on model
training; The influence of the number of hidden layers on training and the influence of
activation function on training. Through the analysis of model parameters, the best model is
selected, the test set data is predicted, and the final performance of the model is analyzed.

2. Model instruction

2.1 Fully connected neural network

A fully connected neural network, also known as a feedforward neural network or a
multilayer perceptron (MLP), is a type of artificial neural network where each neuron in one
layer is connected to every neuron in the subsequent layer. In other words, the neurons are
arranged in layers, and each neuron in a layer is connected to all the neurons in the next layer.
This architecture allows the network to capture complex relationships between inputs and
outputs.[1-4]

2.2 Convolutional Neural Network

A Convolutional Neural Network (CNN) is a type of artificial neural network specifically
designed for analyzing visual data. It is highly effective in tasks such as image classification,
object detection, and image segmentation. CNNs leverage the concept of convolution, which

involves applying filters to input data to extract meaningful features.[5-8]

3. Exploratory analysis of data

Since there are many categories of initial data, we will choose four of them for research. They
are: 'angry','disgust’,'fear’,'happy'. We use opencv to read some sample data, as shown below:




image. shape

48, 48, 3

The figure above is a sample data in angry data set. [t can be seen from the figure that the size
of sample data is 48x48x3. Although the color of the picture is gray, this picture belongs to
the picture data of channel 3.
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As shown in the figure above, we have counted the number of the four categories in the
training set. [t can be seen from the figure that the happy category has the largest number and
the disgust category has the smallest number. We found that there was an obvious label
imbalance in the training set. Therefore, when training the model, it is very difficult for the
model to learn the characteristics of the disgust category, which leads to the Disgust
recognition effect in this category becoming worse, while the model will learn more
characteristics about the happy category, which makes the recognition effect of the model in
this category become better.




As shown in the figure above, we calculated the mean value, maximum value, minimum
value, variance and other information in the features of the training set. As can be seen from
the figure, the extreme value of data features is large, and the variance is also large, indicating
that the distribution of data features is uneven, which is easy to cause the machine leaming
model is not easy to converge during training, and the model learning effect becomes worse.
Therefore, we need to normalize the data characteristics.
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As shown in the figure above, we randomly output 25 sample pictures from the training set
and mark the category of each sample. As can be seen from the figure, the feature difference
between different categories is large, which is conducive to the training of the model. At the
same time, the feature difference between samples in the same category is also large, which
brings great challenges to the model training. The model needs to have a good feature
extraction function to better learn the features of each category.

y_train, y_valid= train_test_split(x_train, v, test_size=0.2, random_state = 1234, shuffle=True)

Through exploratory data analysis, we need to normalize the data. In this project, we use the
Minmax scale principle to preprocess the data. Meanwhile, we only have the training set and
test set, but no verification set. Therefore, we further divide the training set into 80% training

sets and 20% training sets as verification sets.




4. Model training

In this project, we will mainly discuss the performance comparison between fully connected
neural networks and convolutional neural networks. The influence of different regularization
methods on model training; The influence of the number of hidden layers on training and the
influence of activation function on training. Through the analysis of model parameters, the
best model is selected, the test set data is predicted, and the final performance of the model is
analyzed.

For each study, the optimizer used in our fixed model was SGD with moment=0.9, the
learning rate was 0.001 (during the training, the leaming rate was fixed), the number of
training steps was 20 and the batch size was 128.

4.1 Fully connected network

Layer (type) Output Shape Param #
flatten 8 (latten)  (one, 6012 o
dense_18 (Dense) (None, 300) 34563500
dense_19 (Dense) (None, 300) 2503500
dense_20 (Dense) (None, 4) 2004

Total params: 3,709,004
Trainable params: 3,709,004

As shown in the figure above, the model belongs to the fully connected neural network. The
model has four layers, including two hidden layers, one input layer and one output layer. The
total number of parameters of the model is 3,709,004. Model training results are as follows:
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The figure above shows the training results of the fully connected neural network. It can be
seen from the figure that the accuracy of the model basically increases stably in the
verification set and fraining set, while the loss of the model basically decreases stably in the
verification set and training set. This indicates that the overall training stability of the model is
good, but the accuracy of the model in the training set and verification set is only about 0.58,
indicating that the model is in a state of underfitting.

4.2 Convolutional neural network

Layer (type) Qutput Shape Param #
conv2d_15 (Conv2D) (None, 46, 46, 20) 560
max_pooling2d_12 (MaxPoolin (None, 23, 23, 20) 0

g2D)

econv2d_16 (ConvZD) (None, 23, 23, 30) 5430
max_pooling2d_13 (MaxPoolin (None, 12, 12, 30) 0

22D)

flatten 9 (Flatten) (None, 4320) 0

de

21 (Dense) (None, 300) 2160300

dense_22 (Dense) (None, 4) 2004

2,168,494

Total params
Trainable par
Nen-trainable params: 0

As shown in the figure above, this model belongs to the convolutional neural network. The
model has five layers, including two convolutional layers, a full connection layer, an input
layer and an output layer, and a pooling layer (dimension 2x2) is added behind each
convolutional layer. The kemel size of the first convolutional layer is 3x3 and the number of
convolutional nuclei is 20; the kemel size of the second convolutional layer is 3x3 and the
number of convolutional nuclei is 30. The total number of parameters of the model is
2,168,494, Compared with the fully connected layer, the training parameters of the

convolutional network are much less. Model training results are as follows:
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The figure above shows the training results of the convolutional neural network. It can be
seen from the figure that the accuracy of the model basically increases stably in the
verification set and training set, while the loss of the model decreases stably in the training set,
but diverges in the verification set. The accuracy of the model in the training set reached more
than 0.95, and the accuracy of the verification set also reached 0.67. However, the loss of the
model in the verification set was found, indicating that the model was overfitting.

By comparing the fully connected neural network with the convolutional neural network
under the same conditions, we find that the convolutional network is superior to the fully
connected neural network in all aspects of performance, and the parameters required for
training of the convolutional neural network are far smaller than those of the fully connected
neural network, thus speeding up the training speed of the model. Meanwhile, the
convolutional layer of the convolutional network can effectively extract features from the data.
It improves the recognition effect of the model and makes the model have a good accuracy in
the verification set. However, the fully connected neural network can only achieve the
dimensionality reduction of the data and cannot extract the features of the data, so the

recognition effect of the model is poor.

4.3 Regular tuning

In this project, we will use three regularized methods of 11, 12 and dropout to tune the

parameters of the convolutional neural network.

4.3.1 Dropout regularity

We add the dropout layer between the full connection layer and the output layer of the model
with a probability of 0.5, which means that in each iteration, there is a 50% probability that
some parameters will be deactivated. The training results of the model are as follows:
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It can be seen from the figure that, compared with the convolutional neural network without
regularization, after adding the dropout layer, the model's loss on the verification set

decreases stably, with no obvious divergence trend. At the same time, the accuracy of the




model improves to (.69 on the verification set, indicating that the model avoids overfitting
after adding the regularization term. The recognition effect of the model on verification set is

improved.

4.3.2 L1 regular

11 regularization was added to the fully connected layer, and the regularization coefficient was

0.01. The model training results were as follows:
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As can be seen from the figure, after adding 11 regularization to the model, the regularization
coefficient is 0.01. In the process of iteration, the accuracy and loss of the model did not
change significantly, indicating that when the regularization coefficient was 0.01 and 11
regularization was used, the training of the model was severely inhibited, resulting in the

model failed to leam any features.

4.3.3 L2 regular

12 regularization was added to the full-connection layer, and the regularization coefficient was

0.01. The model training results were as follows:
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As can be seen from the figure, compared with the convolutional neural network without
regularization, the loss of the model on the verification set decreased stably after 12
regularization was added, and there was no obvious divergence trend. However, the accuracy
rate of the model on the verification set was still around 0.67, and the final accuracy rate was
reduced to 0.64. Therefore, in this case, Although the loss change of the model is stable, the
accuracy of the model decreases more.

In summary, atter trying ditferent regularization methods, the method of adding dropout layer
can more effectively avoid overfitting the model on the training set, and also improve the
recognition accuracy of the model on the verification set.

4.4 Influence of model structure

In this project, we will study the influence of different convolutional layers on convolutional
neural networks. In the initial model, the convolutional network constructed by us has two
convolutional layers. We will study the influence of three convolutional layers and four
convolutional layers on model training.

4.4.1 Three convolutional layers

We added a convolution layer into the second convolution layer of the initial model, with a
convolution kernel of 3x3 and a number of 30. The model training results are as follows:
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As can be seen from the figure, the performance of the model in the training set and the
verification set is not much different from that of the initial model, indicating that adding a

convolutional layer does not significantly improve the recognition effect of the model.

4.4.2 Four convolutional layers

We added two convolutional layers into the second convolutional layer of the initial model,

and the convolutional kernel was 3x3 and the number was 30. The model training results were




as follows:
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As can be seen from the figure, the performance of the model in the training set and the
verification set is not much different from that of the initial model, indicating that adding two

convolutional layers does not significantly improve the recognition effect of the model.

Through the above results, we found that increasing the number of convolutional layers did
not improve the recognition effect of the model. As the depth of the network increases, the
gradients propagated during backpropagation may diminish (vanishing gradients) or explode
(exploding gradients). This can make it challenging to effectively update the weights of the

carlier layers, hindering the convergence of the network.

4.5 Activation function study

Through the above studies, we determine that the optimal model is the convolutional neural
network with the addition of dropout regularization term. In the initial model, the activation
function we use is relu. In this section, relu is replaced by tanh activation function, and the

model training results are as follows:
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As can be seen from the figure, the performance of the model on the verification set and the
training set is worse than that of the relu, and the loss of the model on the verification set still

shows a divergence trend after the addition of the regular term, indicating that the tanh




activation function is not suitable for the modeling of this data set.

4.6 Test set evaluation

Classification report:

precision recall fl-score support

0 0. 60 0.49 0. 54 944

1 0.75 0. 35 0. 48 111

2 0.39 0.61 0. 60 1024

3 0.78 0. 86 0. 82 1774

aceuracy 0.69 3853
macro avg 0. 68 0. 58 0.61 3853
weighted avg 0. 68 0. 69 0.68 3853
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As shown in the figure above, we calculate the classification report and confusion matrix of
the optimal model on the test set. As can be seen from the figure, the overall prediction
accuracy of the model is 0.69, among which the prediction accuracy of category 3 is the
highest, and that of category 1 is the lowest. This is mainly caused by the phenomenon of
sample imbalance in the data. During model training, the model is likely to find it difficult to
learn the characteristics of the disgust category, which leads to a deterioration in the
recognition effect of the model in this category, while the model will learn more features
about the happy category, which makes the recognition effect of the model in this category
better.




5. Conclusion

In this project, according to the data provided, we conducted an initial exploratory analysis of
the picture data, conducted downsampling, pre-processing visualization and other operations
on the sample data, and found that there was obvious label imbalance in the training set. Fully
connected neural network and convolutional neural network were used to model and analyze
the preprocessed data. In the modeling analysis, we mainly discuss the performance
comparison between fully connected neural network and convolutional neural network. The
influence of different regularization methods on model training; The influence of the number
of hidden layers on training and the influence of activation function on training. Through the
analysis of model parameters, the best model is selected, the test set data is predicted, and the
final performance of the model is analyzed. The results show that the convolutional network
is superior to the fully connected neural network in terms of performance, and the parameters
required for training of the convolutional neural network are much smaller than those of the
fully connected neural network, which speeds up the training speed of the model. At the same
time, the convolutional layer of the convolutional network can effectively extract features
from the data, improve the recognition effect of the model, and make the model have a good
accuracy in the verification set. However, the fully connected neural network can only
achieve dimensionality reduction of data, and cannot extract features from data, so the model
recognition effect is not good. The method of adding dropout layer can eftectively avoid
overfitting the model on the training set and improve the recognition accuracy of the model
on the verification set. Increasing the number of convolutional layers did not improve the
recognition effect of the model. As the depth of the network increases, the gradients
propagated during backpropagation may diminish (vanishing gradients) or explode (exploding
gradients). This can make it challenging to effectively update the weights of the earlier
layers, hindering the convergence of the network; tanh activation function is not suitable for
modeling this data set; The overall prediction accuracy of the model on the prediction set is
0.69, among which the prediction accuracy of category 3 is the highest, and that of category 1
is the lowest. This is mainly caused by the phenomenon of sample imbalance in the data.
During model training, the model is likely to find it difficult to learn the characteristics of the
disgust category, which leads to a deterioration in the recognition effect of the model in this
category, while the model will learn more features about the happy category, which makes the

recognition effect of the model in this category better.
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