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Abstract - We construct a CNN model by using the convolutional neural network model defined in the
Keras library. And we define each neural network layer by ourselves. Classifying and validating the self-made

Jacial expression dataset through our model, and the experii We I a neural network
model with four convolutional layers and two fully connected layers to validate and classify a self-made
grayscale image dataset with seven classes. The dataset was a self-made human expression dataset, with 7178
images in the test set and 28709 images in the training set. Through conducting experiments on a large amount
of data, we ultimately obtained experimental results with a minimum accuracy of 31.1% and a maximum
aceuracy of 62.8%.

Keywords- CNN model, Keras library, neural network layer, facial expression dataset, grayscale image

dataset, convolutional layers, fully connected layers, seven classes, test set, training set, accuracy.

[ .INTRODUCTION
The CNN model was first proposed by Yann LeCun and his colleagues in 1989. At that time. LeCu
and his team used a convolutional neural network model called LeNet for handwritten digit recognition

tasks. LeNet 1s a neural network that includes multiple convolutional and pooling layers, which can

automatically extract features from input images and map them to corresponding output categories. The
innovation of this model lies in its successful application of convolutional operations in neural networks,

which greatly reduces the complexity and number of parameters of the model by sharing weights and

local connection characteristics, and achieves good recognition results.

CNN (Convolutional Neural Network) is a deep learning model commonly used for image
classification tasks. The core principle of CNN is to extract and reduce features from the image through
convolution and pooling operations, and then map the extracted features to the output category using
fully connected layers. In CNN, the convolution layer convolves the input image with a set of learnable
convolution kernels to extract local features of the image, such as edges, comers, and textures. The
pooling layer reduces the dimensionality of the feature maps output by the convolution layer to reduce

the number of model parameters and prevent overfitting. Finally, the fully connected layer maps the

extracted feature vectors to the output category, typically consisting of one or more fully connected

layers and a softmax layer, allowing the model to automatically learn the most dis inative features

from the image and achieve high-precision image classification tasks.

II. THE STRUCTURE OF CONVOLUTIONAL NEURAL NETWORKS

A. Introduction to Convolutional Neural Network Structure

Convolutional Neural Network (CNN) is a kind of feedforward neural network, whose structure
consists of convolution layer, pooling layer and full connection layer. Its basic structure is as follows:

1. Input Layer: Receives images or other multidimensional data to be processed.

2. Convolutional Layer: Use convolutional verification to perform convolution operations on input
data and extract local features of the image.

3. Activation Layer: use the activation function to perform nonlinear transformation on the output
of the convolution layer, so as to increase the expression ability of the model!!l.

4. Pooling Layer: conduct down sampling operation for the output of the convolution layer to
reduce the amount of model parameters and reduce the risk of overfitting!?l.

5. Fully Connected Layer: Inputs the feature vectors output by the pooling layer into a fully

connected neural network for classification or regression tasks.




6. Output Layer: Outputs classification or regression results.
‘We will focus on introducing the content of convolutional layer, activation layer, and fully connected

layer. Then we will explain our model and introduce its structure.
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Figure.1. Schematic diagram of convolutional neural network

B. Convolutional Layer

Convolutional layer is a fundamental component of Convolutional Neural Network (CNN) used for
feature extraction from input data such as images. In a convolutional layer, a set of learnable filters, also
known as kernels or weights, are convolved with the input data to extract the relevant features. The
convolution operation involves sliding the kernel over the input datab!, computing the element-wise
multiplication between the kernel and the input data at each location, and summing up the results to
obtain the output feature map. The output feature map represents the activations of the learned features
at each spatial location of the input data. The convolutional layer also includes non-linear activation
functions such as ReLU to introduce non-linearity into the network and increase its expressive power.

The use of convolutional layers allows the network to learn hierarchical representations of the input data,

making it well-suited for tasks such as image classification, object detection, and segmentation*l.

The number of convolutional layers in a neural network is usually influenced by factors such as the
complexity of the input data and the size of the dataset!®. In theory, a neural network with more
convolutional layers should be able to learn more complex features, but too many convolutional layers
can lead to overfitting. Overfitting is a common problem in machine learning, where the model becomes
overly complex and fits the training data too closely, resulting in poor generalization to new, unseen data,
In other words, the model learns the noise and idiosyncrasies of the training data, rather than the
underlying patterns and structures that generalize to new datal®l. Therefore, it is important to strike a
balance between the number of convolutional layers and the model's ability to generalize to new data.

Here, in order to prevent overfitting problems, we adopt a method of gradually increasing the
number of convolutional layers to detect overfitting problems. Firstly, we set up a layer of convolutional
layers and continuously add the number of convolutional layers to analyze the experimental results. This
1s a simple method, but it is troublesome. Of course, we also add a dropout layer behind each
convolution layer to prevent overfitting. Due to the influence of experimental time and equipment, we

ultimately constructed the convolutional layer of our neural network model into four layers.




C.Batch Normalization layer

Unlike normal CNN models, we have added a batch normalization layer between the convolutional
layer and the activation layer. When using a shallow model. as the model training progresses, it is
difficult for the output near the output layer to undergo significant changes as the parameters in each
layer are updated. Batch normalization (BN) is a technology used for deep learning, which helps to
improve the performance and stability of neural networks, and can prevent overfitting problems!®!.

The following is the process of training the BN algorithm:

For the output result of the previous layer, X = x1.x2 xm. The learning parameters are v.3-

Firstly, the mean of the output data from the previous layer should be calculated:

L&
Hp=o §( x)
(M is the size of the batch for this training sample )

Step 2: Calculate the standard deviation of the output data from the previous layer:

o
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Step 3, normalization processing:
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D Activation layer

The activation layer is a layer in convolutional neural networks and an important component of
deep learning. Its main function is to introduce nonlinear factors by performing nonlinear
transformations on the output of the convolutional layer after the convolutional layer, thereby improving
the expression ability of the neural network. If there is no activation function, then the entire neural
network is equivalent to a linear function, so it is unable to deal with complex nonlinear problems. The
activation function is the core of the activation layer. The activation function can map the output of the
neuron to a nonlinear interval, so that the neural network can fit more complex functions. Common
activation function of the activation layer include ReLU, sigmoid, tanh, etc. Among them, ReLU is one

of the most commonly used activation function, which has the advantages of fast calculation speed,

fewer gradient disappearance problems, and can converge quickly in the training process. In addition,
the activation layer can also help neural network models better adapt to data, improve the generalization
ability of the model, and thus improve the prediction accuracy of the model!®,
The activation function we use is ReLU function, and its mathematical formula is as follows:
f(u) = max(0,u) 4)

fu)

max(0, u)

Figure 2. ReLU function




E. Fully Connected Layer

The fully connected layer is a basic layer of neural networks. In this layer, each neuron has
connections to all neurons in the previous layer. The fully connected layer is usually used as the last
layer of a neural network to classify or regress the features extracted from the previous layer. Unlike
convolutional and pooling layers, fully connected layers do not share weights and require learning the
weights and bias terms of each connection. The full connection layer can realize nonlinear mapping and
increase the nonlinear expression ability of the model. However, in deep neural networks, the full
connection layer often leads to overfitting of the model, so the full connection layer should be carefully
used in the design of neural networks!”l.

‘We perform classification tasks through two fully connected layers. In the first full connection layer,
256 neurons are used, followed by a batch normalization layer, a activation function layer, and a
Dropout layer. In the second full connection layer, 512 neurons are used, followed by a batch
nommalization layer, a activation function layer, and a Dropout layer. The final output layer uses the
Softmax activation function to transform the output of the model into the probability distribution of

seven categories, representing the probability of each category.

II1. DATASETS

A. Daraser Introduction

Below, we will introduce the dataset we used in this experiment. The dataset used in this
experiment is our self-made dataset, which includes 35887 grayscale images. The dataset has been
divided into a test set and a training set. The number of images in the test set is 7178, and the number of
training sets is 28709, All images are divided into seven categories, and the content of the images is
about human expressions. What we need to do is to use our model to classify and predict the image
dataset to determine whether our model is excellent enough to classify human expressions. For grayscale
images, we know that they are a single channel image, and the storage of the image is in the form of a
matrix. A grayscale image is composed of many points, with values ranging from 0 to 255. 0 represents
a pure white dot, while 255 represents a pure black dot. The values of other gray points range from 0 to
255, which allows us to store images in the form of datal®l,

Secondly, the vast majority of the image formats used in this experiment are in JPG format, which
is a widely used image compression standard that can compress images to a small fraction of their
original size without affecting image quality. The JPG format is commonly used for photos taken by
digital cameras, images on the internet, and other images that require compression. In JPG format, image

data is divided into blocks of 8x8 pixels, and each block is compressed and stored.

Figure 3. Image display in the dataset




B. Unified data formar

Before he experiment, we observed the datasets and found that the vast majority of images were in
JPG format. However, we cannot guarantee that there are no another formats in the dataset, so the first
step is to remove another formats form dataset. If the number of images removed is not to much, it is
considered that it has no impact on the experimental results. After our verification, the number of JPG

formal

mages in the training set is 28709, which is consistent with the number of images in the original

SE

training set. We believe that different image formats have no impact on the experimental res

7215 happy images
4830 sad images
4097 fear images
3171 surprise images
4965 neutral images
3995 angry images
436 disgust images

Table.1. Number of jpg format images in the training set

Setting an appropriate image size can ensure the computational efficiency of our model. For our
human facial expression images, we set all images in the dataset to 48 pixels. This is obtained by
consulting relevant literature, as the use of small images can accelerate the training speed of the model,
reduce the computational cost of the model, and the size of 48 pixels is sufficient to distinguish different
expression categories. This is why we set the image size.

‘What we need to do next is to enhance the traming dataset to increase its diversity and quantity,
thereby improving the model's generalization ability. Data augmentation can be achieved through
various methods, such as random rotation, random scaling, horizontal or vertical flipping, random
cropping, and so on. These transformations can make images appear different, thereby increasing the

diversity of training data, enabling the model to learn more features, and improving its generalization

ability. Here we use ImageDataGenerator. ImageDataGenerator is a Kera used for data

augmentation and batch processing of images. ImageDataGenerator can perform random

transformations on images and train the processed images into the model through batch processing.

V. EXPERIMENTAL RESULTS
A.Create CNN Model

In this model, we employ four convolutional layers and four pooling layers, with each
convolutional layer followed by a batch normalization layer and an activation function layer. These
layers are designed to capture various image features, including texture, shape, and color. Moreover, to
prevent overfitting, we add a dropout layer after each convolutional layer. Dropout is a regularization
technique that randomly omits a portion of the output of neurons with a certain probability to reduce the
network's dependence on specific features. For convolution operations, we use 64 kemels with a size of
3x3, maintain the input shape (padding='same'), and set the input image shape as (48, 48, 1). Batch

normalization is

applied to standardize the input, which helps to enhance the training effectiveness of the
model. We choose ReLU as the activation function, but other activation functions can also be used.

ReLU is used to perform nonlinear transformations on the standardized inputs. We use a 2x2 window

size for maximum pooling operations to reduce the feature map's size. The choice of 2x2 pooling is

based on its tran

slation and local invariance properties, which can reduce the image's spatial size,




computational complexity, and parameter count of the model. Additionally, the 2x2 pooling operation
can prevent overfitting to some extent without losing essential information, making it a commonly used
pooling operation size!'"l.

Finally, the classification task is performed through two fully connected layers. In the first fully
connected layer, 256 neurons are used, followed by a batch normalization layer, an activation function
layer, and a Dropout layer!”). In the second fully connected layer, 512 neurons are used, followed by a

batch normalization layer, an activation function layer, and a Dropout layer. The final output layer uses

the Softmax activation function to convert the model's output into a probability distribution of 7 ¢la

representing the probability of each cla:
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Figure.4. Result of creating CNN model

B.Loss rate and accuracy rate
In machine learning, loss is an indicator used to measure the difference between the predicted

results of a model and the actual results. The smaller the lo:

, the closer the predicted results of the
model are to the true values, which means the better the performance of the model. Accuracy refers to

the proportion of the correct number of samples in all predictions of a model to the total number of

samples. In classification problems, accuracy refers to the classification accuracy of the model for all

cl

samples, and is one of the most commonly used evaluation indicators!'!!. Generally speaking, the
higher the accuracy, the better the model's performance.

experimental result:

aceuracy
training (min: 0311, max: 0.628, cur: 0.628)
validation (min: 0374, max: 0.621, cur: 0.618)
Loss
training (min: 0.980, max: 1.796, cur: 0.280)

validation (min: 1.010, max: 1.564, cur: 1.017)
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Figure.5. result of the loss and accuracy
We can see that the loss value is high and the accuracy is low, indicating that our model has some
flaws. Here we set the value of epochs to 15 because a larger value of epochs would result in a longer
experimental time. If we increase the value of epochs, theoretically, it can improve accuracy and reduce
loss. Another reason for the poor results may be that our CNN model is not constructed perfectly. We
can increase the number of convolutional layers to better fit the problem. In theory, increasing the

number of convolutional layers can improve accuracy.

C.Verification results using the confusion matrix

The confusion matrix is a form of visual classification model prediction results. It compares each
category predicted by the model with the actual category and categorizes the results as True Positive

(TP), False Positive (FP), True Negative (TN), and False Negative (FN).

Wermaiizea conmision matris

ose
‘ B 5 :

tited i




Figure.6. confusion matrix
The recall rate refers to the proportion of comectly predicted positive samples to all actual positive
samples.. It represents the ability of the model to correctly recognize positive examples.
TP/(TP+FN)
Accuracy refers to the proportion of correctly predicted samples to all samples.. It represents the

overall accuracy of the model.

(TP+TN)/(TP+TN+FP+FN)
Accuracy refers to the proportion of correctly predicted samples to all samples. It represents the
overall accuracy of the model.

(TP+TN){TP+TN+FP+FN)
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APPENDIX
Part. A. Code

Task 1: Import Librari

import nuspy as T
import seabumn as sns

mpart mtplotlik. pyplot as plt
impart os

matplotlib inline

from tensorflow. keras. imge import

from tensorflow. keras, layers import Dense, Input, Dropout,Flatten, ConvlD

from tensorflow. keras. layers import BatchNormalization, Activation, NaxPooling2D
from tensorflow, keras. models impart Nodel, Sequential

from tensorflow. keras, optimizers import Adam

from tensorflow. keras. callbacks import NodslCheckpoint, ReducelROrPlatsau

from [Python. display import SVG, Imge

trom livelossplot. tf_keras import PlotlossesCallback
import tensorflow as tf

print (“Tansorflow version:”, 1¢, _version )

Tensorflow version: 2.8.0

Task 2: Plot Sample Images

In [2]: # Define tha path
data_path = “train

o the di

actary camtaining the images

s in the data path
files in os.walk{data_path) :

10 the

all

# Loop through ali the sub
for root, dirs,

5 each

for file in files

if not file, endswith(". jpe")
’

os. Temove (os. path. join(root, file))

# Dafine
test_path
# Loap @ a1l the re the data pac!

for root, dirs, files in os.walk(test_path)

for fils in files

if not file.endswith(". jpe"):

s pot 2 JPG fils, delata iz
o5, remove (0s. path. join(root, file))

In [3]: import os
from tensorflow. keras. preprocessing. inage import load_ing, img_to_srray

def plot_example_images{plt):
ing_size = 43
plt tigwe(0, figsize=(12,20))
atr = D

for exprassion in os, 1istdir("train/"):
for i in range(],6):
ot 4m 1
plt. subplot (T, 5, ctz)
img = load_img("train/” + expression + “/" +oz.
plt. inshow(ing, cmap="gray”

rain/” + expression)[i], rarget_size={img size, ime size))

1t tight_layout ()
return plt




In 4]

plot_sxample_inages(plt). show()

for expression in os. listdir("train/
print(strilen{os. 1istdir("train/” + expression))} +

" + expression + * images")
7215 happy images

4830 sad images

4097 fear imgas

3171 surprise imses

465 neutral images

3995 angry imges

416 disgust images

Task 3: Generate Training and Validation Batches

img_size = 48
batch size = &d

datagen_train = ImageDataGensrator (horizontal flip=True)

train_generator = datagen_train. flow_from directary(”train/”,
target_size
color_mode="gra: e
batch_size=batch_size,
class_mode=" categorical’,
shuffle=True)

datagen_validation = i _tlip=True)

validation generator = datagen_validation. flow_from directary("test
tareet_size=(ime_size, ime_size),

batch_size=batch_size,
class_mode=' i
shuffle-False)

Found 28709 images belonging to 7 classes.
Found 7178 imses belonging to 7 classes.
Task 4: Create CNN Model

¥ Init. ins the CN
medel = Sequential ()

nodel. add(Conv2D (64, (3,3), padding="same’, input_shape=
model, add (Batchlormalization())

nodel. add(Activation( relu’))

modsl. add (WaxPooling2D (pool _size=(2, 2)))

modsl. add (Dropout (0. 25))

(4g, 48,1)))

model, add(Batchlormalization())
model, add{Activation( relu’)

modal. add (RaxPooling2D (pool_size=(2, 2)))
model. add (Dropout (0. 25))

oluzion Tayer
node]. add(Conv2D (512, (3, 3), padding="same'))
nods]. add(Batehllormalization()

modsl. add (Activation( reiu’))

modsl. add(MaxPonling20 (pool _size=(2, 2)))
model, add (Dropout (0. 25))




model. add (ConvD(512, (3,2), padding=' same’))
mods]. add (BatchNormalization())
madel. add(Aetivation( relu’ )}
madel. add (NaxPooling2D (pool _siz
model. add(Dropout (0. 25))

@, 29

model. acd(Flatten ()

madel. add (Dense (256) )
mdel. add(BatchNormalization())
madel. add(Activation(’ z=lu’))

model. add (Dropout (0. 25))

madel. add (Dense (512))

model. add(BatchNormalization())
model. add (etivation(’ relu
madel. add (Dropout (0. 25))

model. add(Dense (7, activation='softmx’ )}

opt = Adam(lr=0. 0005}
madel. compile (optimizer=opt, loss™' cateserical crossentro
model. summary {

2023-05-03 1

» metrics=[ accuracy’])

06, 062960: T tensorflow/cors/platforn/cpu_featurs_guard. cc:151] This TensorFlow binary is optimized with oneAPI Deep Neur
i i AVKZ FIA

sl Network Library (onelNM) to use the following CPU
To enable them in other operations,

Nodel: “sequential”

Task 5: Train and Evaluate Model
In Whtime

epochs = 15

in cal

rebuild Tensorflow with the agpropriats comiler flags.

staps_per_epoch = train_generator.n//irain_generator. batch_size
validation_stsps

chackpoint = UodelCheckpoint(“mods]_weizghts. b5
ave_weights_onl:

callbacks = [PlotLossssCallback(), checkpoint,

history = model. fit(

x=train_generator,

steps_per_epoch-steps_per_spoch,

#pochs=epochs,

validation_data = validation_generator,
validation_steps = validation_steps,
callbacks=callbacks

validation_generater.n//validation_generator. batch_size

val_aceuracy’,
True, mede='max’, verbose=1)
Teduce_1r]




import matplotlib. pyplot as plt
from sklearn metrics import confusion_matrix. sccuracy_score, classification repart
import iterteols

# test_ac:
n_ganarator. class.
E) for k. v ia label

validati
et (v,

wracy on test set

prads = model. prodict (x_tast)
print (classification_repert(test_true. test_pred)

horizontalaligmmen:

enzer’,
coler= if cali, j]1 > thresh else “black”)

confusion_mecrix(vest_trus, test_pred)
options (pracision=s:

plot_confusion mavrix(enf masris, classes=labels, title=Normalized es o mateix’ )
plt. show

o 014554000530000510450055500¢4
350500620554250230033505060]

O Model Accuracy on test set: 0.4219

Part. B. video link

https:/ /uowtsd-my.sharepoint.com/personal/2203626_student_uwtsd_ac_uk/_layouts/15/strea
m.aspx ?id=%2Fpersonal %2F2203626%5Fstudent%5Fuwtsd%5Fac%S5Fuk%2 FDocuments %2 FAttac
hments%2FPython%20code%2Eavi&ga=1
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Please use refs to support your arguments.

You could have repeated your experiments after
adjusting parameters after analysing results.

Your confusion matrix has problems and really
needs to be resolved. This limits the quality of
your report as you don't have a full set of per-class
results to analyse.

Refs used are, in general, appropriate.
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Why? Explain.
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