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Chapter 1: PROJECT OVERVIEW

1.1. Introduction

Recognmizing facial emo '
facial emotion Ill“m““-“““& has become a major issue in many applications today. The researc h on
emotion | gnition has gained a lot of momentum over the past few years The state of human
ons . -
P is 1dentified using facial emotion recognition (¢.g. neutral. happy, sad, surprise, fear, anger,
5t, © .
4 ! i\. contempt) based on the stream of images fed in by a video [here has been growing interest
mi -
1aking machines act as close ag possible to actual human beings. To make their actions replicate

lh\\\\: of h
: umans and ¢ y . : : .
ind add a touch of human feelings in cach of these actions. It has been argued that

for there
¢ to be a pr S ¥ y
L IBUP hm“‘m‘\“‘I“I‘\llCl interaction, the computer has to interact 1n a n‘d!urd‘ way,

similar to ths e . ; ; .
1at when two humans interact. Other fields where emotion recognition can prove to be

uscful are ine teachi 3 ; it
ire online teaching, product marketing, health industry, and several others to determimng

whether certai ¥ : 2 ! e :
ether certain things are liked or not and what is the reaction of different people towards different

stimuli. Humans express their thoughts and feelings in multiple ways. The most important being

speech, followed up by their display of emotions. Emotions typically manifest themselves via multiple

means. be it touch, visual or physiological. The most appropriate method of detecting human emotions

would be to determine their emotion from the visual cues displayed by a human. It is widely accepted

that the slightest of change in emotions become visible on the faces of humans and hence developing

a system which detects the emotion from an individual’s face could prove to be an invaluable tool.

The work done by us in this project enables proposes & system which allows for real-time emotion

detection by using a video stream input from the user’s webcam. We initially focus on detecting the

ideo using the Haar cascade classifiers. We then make use of convolutional neural

roject is the FER2013 dataset. The

face from the v
networks for determining emotions. The dataset used by us in this p

dataset originally was in the form of raw pixels but we had to convert them into actual images and use

those images for training our model. This greatly helped in improving the performance of our model.

The software used by us in this project 18 OpenCV and TensorFlow. OpenCV is used for operating

the webcam and for face detection, while TensorFlow was used for training the CNN for emotion

detection.

1.2. Motivation

In today’s networked world the need to maintain security of information or physical property

is becoming both increasingly important and increasingly difficult. In countries like Nepal the
rate of crimes are increasing day by day. No automatic systems arc there that can track person’s
activity. If we will be able to track Facial expressions of persons automatically then we can

find the criminal casily since facial expressions changes doing different activities. So we
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2.3. Relevance of Machine Learning in Facial Emotion Recognition

” i
2.3.1. Automated Feature Learning:

Machine learning, particularly convolutional neural networks (CNNs), has showcased remarkable
efficacy in automating feature extraction from facial expressions. CNNs excel in capturing
hierarchical representations of facial data, enabling nuanced emotion analysis.

2.3.2. Enhanced Accuracy and Adaptability:

The utilization of machine learning in facial emotion recognition has significantly elevated accuracy

trained on diverse datasets demonstrate the capability to discern emotions

and adaptability. Models

across various facial expressions and adapt to individual differences in expressing emotions. |
= \

|

1

7 3.3. Real-time Emotion Analysis and Interaction:

Machine learning enables real-time emotion analysis, facilitating instant feedback in human-computer

interaction scenarios or live video streaming. Moreover, leveraging machine learning in
recommendation systems allows for personalized emotional response suggestions, enhancing user
engagement and interaction.

2.3.4. Challenges and Future Directions:

Despite transformative strides, challenges persist in robustly identifying nuanced emotions across
diverse demographics and handling real-world variations in facial expressions. Future directions may

involve advancements in unsupervised learning for a more comprehensive understanding of subtle

14













3.3, Model Avchitecture
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Fig 3.3 - Model Architecture

3.3.1. Layers Explanation

= Conv2D Layers: These are convolutional layers that apply a set of learnable filters to input

images. They help detect features in the input data by sliding these filters across the input

images.

= The first Conv2D layer has 128 filters of size 3x3 with a ReL.U activation function and expects
input images of size 48x48 with one channel (grayscale images)

L ]

Subsequent Conv2D layers increase the number of filters (256, 512, and another 512), graduall
3 8

allowing the network to learn more complex patterns.
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4.2.

A detailed analysis scrutinizes the model's performance across various emotions. Precision, recall, and F1
Yy

Chapter 4: FINAL ANALYSIS AND DESIGN

4.1.

The culmination of our efforts manifests i an exic

A comprehensive result overview reveals

testing dataset. This exceptional performance underscores tl

Result Overview

nsive evaluation of the
. - LA
an impressive evaluation accuracy of approximately 9

e efficacy of the

architecture and the robustness of the training regimen

Result Analysis
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Fig 4.1 — History loss & Accuracy Curve

scores offer insights into the model's proficiency in identifying specific emotions. This meticulous

examination validates the model's overall success and provides nuanced insights for potential
refinements.

icial emotion recognition model

on the

meticulously chosen model
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4.3. Application of the Mode]

© Practica] application of our facial emotion Tecognition moej extends beyong Static datagets. Real-
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4.3.1. Real-Time Interaction

wwsful real-time emotion recognition during live interacthion
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Fig 4.3.1 — Real time prediction

4.4. Challenges and Problems Faced

facial emotion recognition model extends beyond static datasets. Real

ne scenarios demonstrate the model's dynamic responsiveness in capturing emotions during live

m

in providing real-time emotional feedback to enhance

. the model's potentia

enge: [he prnimary challenge revolves around ensuring the dataset's representativeness. De spite
¢ S diversity e ascl, the challenge persists i exposing the model to a broad spectrum of
C expressions ross diverse demoeraphic 1d cultural | 1 nmd
pre 5 alluos UIVEIC ACmOograpiics and cultural backgrounds

by,
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.fforts focus on expanding and diversifying the dataset continually.

Ongoing €

.r<e eroups and leveraging additional datasets will enhance the model's
yOiol =1 U} all i Ciagt -
e of facial expressions, improving its ability to generalize
r range of facial expre 1S. i :
X POSUI ing i

44.2. E nvironmental Variations

: P ’ .enarios is challenged by variations in
Challenge: The model's robustness in real-world scc

litions .E'\“.‘CQHU}_.‘. 1';1\:;‘” ;:\Py(\\]uﬂ L'.tP[llI'k

LUK

Continual refinement of preprocessing techniques and collaboration with experts
Ol (RN L vt <

ability to diverse real-world conditions.

nvironmental variations will enhance the model's adapt

4.5. Limitations and Future Work
The Scrutinizing the model's limitations, future work involves addressing dataset representativeness and

in diverse environmental conditions. Proposed enhancements pave the way for continuous

Improvements and the model's potential expansion.
4.6. Conclusion

I'he Conclusive remarks encapsulate the journey of the facial emotion recognition project. Key findings,
challenges, and future prospects converge into a comprehensive conclusion, emphasizing the project's

significance in the realm of human-computer interaction and emotional analysis.
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