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Abstract—The world is not new to the power of artificial
intelligence (AI) anymore. With the onset of chatbots such as
chatGPT, it is evident that it has taken the world by surprise.
Machine learning being a part of Al brings in wide variety of
models which is used for building systems which learns from the
data and does the prediction job. This report takes on a challenge
in the field of facial expression recognition by experimenting on
dataset such as FER2013 and train a deep neural network on it.
A number of experiments are carried out to achieve a better
accuracy rate. This is done by following the previous works
and learning about the most effective CNN architectures such
as VGG. The best accuracy rate for these experiments achieved
was 71.5%. Due to the computational constraints the experiments
were very limited. This gives space for another area to study
which is to make computers used for training utilize the power
of parallel processing and hence reducing the training time of
the models doing so.

Index Terms—CNN, Neural networks, VGG-16, FER2013

[. INTRODUCTION

Facial expressions are a form of non-verbal communication
[1]. In the study of non-verbal communication eye contact
is considered to be the most important. The most common
facial expressions are happy, sad, surprised, angry, fear etc.
Eyes are a key feature that aids in conveying emotions. The
eyes takes various shapes and movements such as widening,
blinking etc when conveying different emotions. For example
the eyes tends to get curvy when a human is happy. When
someone is angry the eyes may become narrowed. Similarly
other features of the face might be correlated with the different
expressions such as opening of mouth when a human conveys
surprise emotion. Facial expression recognition (FER) is an
interesting area in the field of computer vision and is focussed
on developing a system which recognizes human emotions
based on facial expressions. FER has been used in human-
computer interaction such as gaming, virtual reality etc. FER
is also used for marketing and advertisement to capture the
emotions of the consumer to various stimuli such as ads,
packaging etc. This report will explore FER2013 dataset which
is one of the most common used datasets used in the research
for FER. FER2013 has 35887 grayscale images in total. This
dataset is further split into training and test dataset containing
28709 and 7178 each respectively. Each image is size 48%48
pixels. The images are grouped by 7 different emotions. The
emotions are as follows:

« Anger
« Disgust
« Fear

+ Happy
« Sad

o Surprise
« Neutral

With the help of machine learning methods a system can be
developed which finds the patterns in the pixel positions in the
images and attempts to classify the emotions. The objective of
this report is to develop such a system which recognizes the
image using state of the art techniques and methods. In recent
years convolutional neural networks (CNN) has achieved state
of the art performance on FER2013. The CNNs are traced back
to 1970s, when the first neocognitron model was proposed by
Kunihiko Fukushima [2]. Neocognitron is a type of neural
network architecture inspired by the structure and function
of the visual cortex. Later Yann Le Cunn played a major
role to bring Convolutional Neural Network to a level it
has reached today. The core building blocks of CNN are
convolutional layers, pooling layers and fully connected layers.
The convolutional layers apply filters to the input image,
resulting in a feature map. The pooling layer further reduces
the spatial size of the feature map, which aids in reducing
the computational complexity of the model. Finally the fully
connected layers process the flattened feature map and output
the final classification results. Each of the layer is discussed
further below:

« Convolutional layer: Convolutional layers works with
filters which might be in the shape of 2*2 or 3*3 matrix.
This filter is then applied to the original image starting
from top left. Each part which is equivalent in size to
the filter is then multiplied with the filter and then all the
values are added and stored in the feature map. This also
reduces the size of the original image preserving some
important feature of the image as shown in figure 1. The
stride is the shift of receptive field to the next [3]. The
stride value plays an important role to build the feature
map in the next layer. For example if a 5%7 input layer
is connected to 3*4 layer using 3*3 receptive fields with
a stride of 2.

« Pooling layer: Pooling layer further reduces the size




of the feature map. This also helps in reducing the
computational load. One of the common type of pooling
layer is max pooling layer. Depending on the size of the
max pooling layer selected it will get the maximum value
from the corresponding matrix in the feature map from
the previous layer and store it in the next layer.

o Fully connected layer: This being the last layer, the data
is flattened before being passed on to produce a result.

Fig. 1. Working of a convolutional layer

Although the state of the art performance achieved for this
dataset is 75.2%. It is worth mentioning that the human
accuracy achieved is 65.5% as per [4].

In the following section the author will review the previous
work in the literature that has worked with FER2013. Section
after that will discuss about the experiments done for this
report and then followed by results and discussions. In the
conclusions the author will talk about future works that could
be done to improve the efficiency of CNN model.

II. LITERATURE REVIEW
This literature review targets to provide a comprehensive
overview of the existing research on facial expression
recognition datasets such as FER2013. This section will talk
about various architectures of CNN adopted by the authors
in this area to achieve the best results. Authors in [5] has
utilized FER2013 dataset to train the CNN models and has
achieved state of the art performance by achieving 75.2%
accuracy. Author has carried out initial experiments with 3
different CNN architectures which are summarized in the
figure 2. The architecture used are VGG, Inception, ResNet.

TESTED DEEP ARCHITECTURES AND THEIR TEN-CROP TEST ACCURACY
oN FER2013. 3R MEANS GROUP OF THREE RESIDUAL BLOCKS.

Name Architecture  Depth  Parameters  Accuracy
VGG CCPCCPCCPCCPFF 10 1.8 m 72.7%
Inception CIPIIPIPIIPF 16 1.2m 71.6%
ResNet 3R4R6R3RPF 33 53m 72.4%

Fig. 2. CNN architectures in [5]

VGG architecture used by the author is similar to VGG-B
[6] but has one less block of CCP. Kindly note that C is
used as an accronym for convolutional layer and likewise P

is for pooling layer. The authors have also added a dropout
layer after every block and managed to improve the accuracy
by 1%. The next architecture ie Inception is similar to
GoogLeNet [7]. The net uses 3*3 features maps. The n is
initialized to 32 and increased by 32 after every Inception
layer. ResNet is used without the initial CP block. After final
pooling layer a dropout layer is added. The authors have
used ensemble of 8 such CNN models to achieve accuracy of
75.2%. Its important to note that the authors have not utilized
any additional training data or features, data augmentation
techniques.

Authors in [¥] has experimented with implementing face
detection techniques to capture most of the face detection to
capture the most of the face. These experiments again are
carried out on FER2013. The author has intended to handle
issues such as occlusion, illumination and head pose. The
authors have applied dlib facial landmark detector pre-trained
on iBUG 300-W dataset for feature extraction and extracted
8 most prominent parts of a face, both eyes, including both
eyebrows, the jaw, the inner and outer outlines of the mouth
and the nose. The CNN architecture used by the authors here
are as follows:

« 6 Convolutional layers using ReLU.

e 3 Max pooling layers. Out of which the first 2 using
pool size (3,3) and stride (2,2) and third uses pool size
(2,2) and stride (2,2), every max pooling is followed by
2 convolutional layers.

o 2 drop out layers with value 0.2.

« | flattened layer and 2 dense layers: One dense layer
with ReLU and the other with Softmax as activation
function. Authors have achieved 61.7% accuracy without
any preprocessing techniques applied. Best accuracy was
found with batch size of 512 and 10 epochs.

In [Y] authors have carried out experiments on FER2013
dataset and have taken a bottom-up approach to design a
network. The authors proposed 2 architectures and refers to
them as Modell and Model2. Model2 is a reduced variant
of Modell. As part of preprocessing the images are rescaled
to 64*64. The optimizer chosen here is ADAM. Network
with 16 convolutional layers has helped achieve good results.
The achieved accuracy is 65% similar to the human accuracy
achieved. Also stochastic gradient descent has provided a
slightly better improvement when compared to ADAM which
is the default optimizer.

ITII. EXPERIMENTS

This report will work with several CNN models which will be
trained with FER2013. For this report the author has utilized a
popular open-source neural network library called keras widely
used for deep learning applications. It is written in python
and is built on top of tensorflow. The original dataset has
28709 images in 7 classes in training set and 7178 images
in 7 classes in test dataset. But for this report the author has
chosen 4 classes from the dataset which are happy, sad, angry




and surprise. Further the test set is divided into 2 halves for test
and validation set each. A normalization technique is applied
to training, test and validation datasets by dividing all pixels
by 255. This will keep the values under 1 and is known to
be good for reducing computational load. Initial experiment
is carried with a very basic architecture which includes the
following layers:

« Convolutional layer with 32 filters and 3,3 kernel.

« A max pooling layer with 2,2 kernel.

« Convolutional layer with 64 filters and 3.3 kernel.

« A max pooling layer with 2,2 kernel.

« Convolutional layer with 128 filters and 3,3 kernel.

« A max pooling layer with 2,2 kernel.

o A fully connected layer with 64 neurons.

« Final output layer with activation function set as softmax.

Please note that all convolutional layers use ReLU as acti-
vation function. This model uses ADAM as optimizer and
loss function is categorical cross entropy. Adam is passed
learning rate as 0.01. The learning rate value was tested for
0.1, 0.01 and 0.001 values but 0.01 showed the best results.
This architecture has achieved 67.5% accuracy on the test
set. VGG has shown promising results in image classification
tasks as reviewed in the previous works. This has inspired
the author to experiment with VGG and attempt to improve
the accuracy rate for FER2013 classification. The authors in
[6] have introduced VGG and explained very well different
variants of it.

Initially the author attempted to build a model using VGG-16
but due to increased the computational load on the machine
it was decided that 3 blocks from the original VGG-16
architecture will be dropped to reduce the training time. The
machine used for the experiments has following specifications:

e OS - macOS Monterey version 12.5.1
« Memory - 8§ GB
o Chip - Apple M2

In deep neural networks dropout layer is often added for model
regularization purposes. Co-adaptation of the neurons happens
when the 2 or more neurons start working as a group and
become interdependent on each other in the training process
[10]. A dropout layer is known to break such interdependency
by dropping some neurons randomly and set them to 0. It is
generally a good practise to add a dropout layer after convolu-
tional layers. The weight initialization is a very important step
in the training. There are certain factors which are considered
when initializing the weights. Weights should never be the
same as it will force all the neurons to learn the same [ | 1]. The
weights should be small values. The weights should have good
variance so that the neurons learn something new in every
iteration through inputs. For this report the author has used
a technique called He initialization. It works by initializing
the weights of each layer with random values sampled from a
Gaussian distribution with zero mean and variance calculated
based on the number of inputs to the layer. This technique is

effective in preventing the vanishing gradient problem and it
is commonly used with ReLU activation function. The author
has used ‘adam’ as an optimizer. In the experiments it was
found that the stochastic gradient descent performed poorly
in comparison with The optimizers were set with a
learning rate set to | er a few experiments. The learning
rate determines the step size of the weight updates in each
iteration. If the step size is small the training takes longer
to converge and if it is too large it may overshoot the most
optimal solution. Monitoring the training loss would determine
what value would be optimal for learning rate. Loss function
is set to categorical_crossentropy which is a special type of
cross-entropy function used for 2 or more classes.

So the final architecture is as follows:

« Convolutional layer with 64 filters and 3,3 kernel.

« Convolutional layer with 64 filters and 3,3 kernel.

« A max pooling layer with 2,2 kernel with strides (2,2).
« A dropout layer with (.25 probability.

« Convolutional layer with 128 filters and 3.3 kernel.

« Convolutional layer with 128 filters and 3.3 kernel.

« A max pooling layer with 2,2 kernel with strides (2,2).
« A dropout layer with (.25 probability.

« A fully connected layer with 512 neurons.

« Final output layer with activation function set as softmax.

This architecture has shown significant improvement in accu-
racy increasing it to 71.5%.

IV. RESULTS AND DISCUSSIONS

This section presents the results obtained from training and
testing the CNN model on the FER-2013 dataset. As per-
formance measure confusion matrix is employed for these
experiments. Initial experiments were carried out with a basic
architecture of CNN with convolutional layer each followed by
a max pooling layer. The convolutional layers have filters 32,
64, 128 respectively. The fully connected layer has 64 neurons.
The training time was around 5 minutes and a test accuracy
of 67.5% was reported. In order to improve the accuracy rate
a variant of VGG-16 was employed with 3 blocks less and a
dropout layer added at the end of each block. This model had
relatively higher training time which was around 35 minutes
and managed to get a accuracy of 71.5%. The figure 3 shows
the confusion matrix for this model.

The "LabelEncoder” encodes the labels in alphabetical order.
Hence O is angry, 1 is happy, 2 is sad and 3 is surprise. As
evident the model performed poorly for angry with 143 times it
being miss-classified as sad. 97 times the model miss-classified
sad as angry. Angry is classified correctly at 51.7% which is
the lowest. Angry and sad share similar visual features such
as furrowed eyebrows or narrowed eyes. This might be the
reason of miss-classification. Happy is classified correctly at
83.6%.

Figure 5 shows the training and validation accuracy for each
epoch and training and validation loss of the model for
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Fig. 3. Confusion matrix

each epoch. This training and validation loss graph helps us
determine how well the model is able to generalize to new,
unseen data. If the test loss starts to increase after a certain
point it might indicate that the model is over-fitting to the
training data. As evident in the figure 4 the validation loss is
slowly increasing after 6th epoch and there is a gap created
between training and validation loss.

Moddel accuracy Model loss
as{ — Tan 141 — Tain
Test st
a8 -~
_ 104
cer -~ §os “~
g e § <
2 e e 06
as o o4
- ; 02
o H 4 & [ a z

Fig. 4. Model accuracy and training/validation loss graph

V. CONCLUSIONS

In conclusion, this study aimed to explore the effectiveness
of CNN for facial expression recognition using the FER2013
dataset. A couple of CNN architectures were implemented,
their hyperparameters were tuned to achieve the best accuracy
rate. The models were compared in terms of their accuracy
and computational efficiency. There were no modifications
done to the dataset, although only 4 classes were filtered
out for the training and testing purposes. The best model
achieved 71.5% accuracy so it still keeps a lot of room for
improvement. The possible direction for future work would
be to apply data augmentation techniques to increase the size
of the dataset such that the neurons are able to learn more
about the patterns. There is also a need for upgrading the
machine used for training such as a RAM with 32 GB space.
Probably employing a GPU for the training can bring down
the training period tremendously. GPU is designed for parallel

computation. This will allow the training load to be split
across multiple cores. This means in order to implement VGG-
16 or VGG-19 completely without removal of any blocks
and perhaps more dropout layers for better regularization. It
was also seen that the validation loss was higher than the
training loss resulting in over-fitting. This can be overcome
by increasing the size of the dataset. An early stopping can
also be applied if the validation loss starts going above test
loss.

VI. APPENDICES
A. Appendix
Additional Resources:
e Video link for the models training
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