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ABSTRACT
Humans have a unique ability to demonstrate and understand emotions through

a variety of models of communication. Based on their emotions or mood swings
we can judge whether the human subject is in good psychological condition or
not. The most visible apparent deficiencies of today’'s Emotion capturing
systems were their inability to understand the emotions of such patients like

mental health disorder, social emotion Agnosia, alexithymia or even autism by

using facial expressions. It can be used in schools to help students who find it
difficult to express their feelings (introverts) or who have unstable mental health
concerns, such as depression, and hence the teacher’s or health workers can
communicate with their parents and work through their problems. These days,
technology allows employers to recognize individuals who are overly stressed
in the workplace and release them from their duties. Emotion detection using
speech and face in deep learning has made significant progress in recent years,
but there are still several challenges that need to be addressed. Here are some
of the main challenges: Limited Dataset: The availability of labelled datasets for
emotion detection is limited, especially for less common emotions or for specific
cultural contexts. Variability in Data: The data used for emotion detection can
vary widely in terms of quality, noise, and variability. For example, speech data
can be affected by environmental noise, accents, and speaking styles, while
facial data can be affected by lighting conditions, facial expressions, and
occlusion. Feature Extraction: Extracting relevant features from speech and
facial data can be challenging, especially when dealing with complex emotions
that are not easily captured by simple features. This requires careful design of
feature extraction algorithms and feature engineering techniques.
Interpretability: Deep learning models are often seen as "black boxes" that are
difficult to interpret. This can make it challenging to understand how the model
is making decisions and to diagnose errors or biases in the model.

Ethical and Privacy Concerns: Emotion detection using speech and facial data
raises ethical and privacy concerns, as it can be used for sensitive applications
such as surveillance, emotion profiling, and behavioral prediction. This requires
careful consideration of ethical and privacy issues in the design and deployment

of deep learning models for emotion detection.
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CHAPTER 1
INTRODUCTION

Feelings are a crucial part of our day to day lives. As humans, one of the main
distinguishing qualities we possess is our ability to demonstrate and understand
emotions through a variety of modes of communication. We are able to gauge
even the subtlest of emotions in any setting, and these emotions guide our
understanding of our interpersonal relationships on a daily basis. As the
popularity of speech-based assistants surges, one of the most visibly apparent
deficiencies of such systems is their inability to understand the emotions of their
users, and further, to demonstrate any kind of emotion in return. Although these
systems can perform basic sentiment analysis, they do not inherently process
the richness of emotion in everyday speech. Automatic emotion recognition has
a natural application in this space (Razuri et al. *, 2015), since it can be used
not only for automatic user feedback but also to construct more pleasant and
natural conversation partners. Emotion recognition technology is essential to
such assistants if they are to become more seamlessly integrated into our daily
lives. Automatic emotion recognition also has a direct application in the space
of medicine and therapy. For those that have social communication disorders
like Alexithymia, social-emotional agnosia, or even autism, emotions are very
complex to understand and can often feel out of reach. Their inability to detect
emotions limits their interactions with familiar people and they are commonly at
risk of severely damaging interpersonal relationships. A Scientific American
(Serani, 2013) report notes that these diseases are characterized by difficulty
identifying different types of feelings, limited understanding of what causes
feelings, difficulty expressing feelings, and difficulty recognizing facial cues in
others, among others. Tools that can help such individuals identify emotions in
people around them could prove to be extremely useful in therapy settings as

well as in day-to-day social interactions.




CHAPTER 2
LITERATURE SURVEY

from Literature Survey

scusses the merits and demerits of the works which are done
o the proposed work. The author [1] presents a new method
3 emotions in conversations using a neural network architecture
formers. The research provides an overview of previous work in
., on recognition, which has mainly used traditional machine
es with handcrafted features. Recently, deep learning models
CNNs have shown promise. However, these models have
‘deling conversational dynamics and long-term dependencies.
pproach, CTNet, utilizes the transformer model, which has been
tural language processing tasks. CTNet takes a conversation's
nce as input and uses self-attention to model the relationships
1 The resulting representation is then fed through a multi-layer
r emotlon classification. The authors evaluate CTNet on two
nends TV show corpus and the IEMOCAP datasel of acted
hey compare the results of CTNet to several baseﬁﬁemedels
s and CNNSs, and find that CTNet outperforms them ail.Ablatlon
S conducted to analyse the contribution of different components
re. In conclusion, the article presents a novel approach for
otlons in conversations and demonstrates the effectiveness of
atecture ‘The research [2] proposes a new method for speech
ygnition using a neural network architecture combining CNNs,
_’on mechanisms, and skip connections .The authors conduct a
of previous work in the field of speech emotion recognition and
h llenges associated with this task. The proposed approach,
achieves state-of-the-art results on two benchmark damt .

attention and skip connections. Overall, the research pr
ution to speech emotion recognition that oomblnes / rious




speech signals. A novel approach using a transformer-based architecture that
integrates mulliple modalities for continuous affect recognition [3] has been
suggested. The research highlights the challenges in previous work that have
focused on recognizing emotions from separate modalities, The proposed
MEME-T model achieves state-of-the-art results on two benchmark datasets,
outperforming traditional machine learning algorithms and deep learning
models without multi-modal attention mechanisms. The results suggest thal
MEME-T is effective in capturing the dynamic relationships between different
modalities and can improve the accuracy of affect recognition. This article[4]
presents a novel approach to speech emotion recognition using a multimodal
neural network architecture. The authors provide an overview of previous work
in the field of speech emotion recognition and identify the limitations of
traditional methods that rely solely on audio features. They propose =
multimodal approach that combines audio, visual, and textual features using
multi-level multi-head fusion attention-based recurrent neural network
(MLMHF-Att-RNN).The MLMHF-Att-RNN model selectively weights e
importance of different modalities using attention mechanisms and combines
them using a fusion approach that integrates multiple levels and heads. The
authors evaluate the model on two benchmark datasets, and the results show
that the proposed approach outperforms other state-of-the-art models.
achieving significant improvements in accuracy. Overall, the research presents
a promising approach to speech emotion recognition that leverages multiple
modalities using a novel neural network architecture. The results demonstrate
the potential of multimodal approaches in improving the accuracy of speech
emotion recognition and highlight the importance of considering multiple
modalities in this task. A fusion model that combines textual, audio, and visual
.~ features to recognize emotions in multimodal data [5] has been suggested. The
model is based on BERT and is designed to handle input data of different types
and from different sources. To evaluate the proposed model, the authors
. compare its performance with several state-of-the-art emotion recognition
~ models on two benchmark datasets. The results show that the proposed model
' performs better in terms of accuracy and F 1-score.The research's contributions ‘
- are significant as multimodal emotion recognition is a vital research area with
- applications in human-computer interaction, affective computing, and mental




health monitoring. Overall, the research presents a novel approach that
leverages the strengths of BERT and addresses the challenge of fusing
heterogeneous features.

The author [6] provides an extensive survey of the field of multimodal machine
learning, which involves combining information from multiple modalities, such
as vision, speech, and text, to solve complex tasks. The authors present a
comprehensive taxonomy of multimodal machine learning approaches, which
includes feature fusion, decision fusion, and deep fusion. They also discuss
various applications of multimodal machine learning, including emotion
recognition, action recognition, and speech recognition. The authors compare
and contrast different multimodal machine learning techniques, highlighting
their strengths and limitations. They also identify open research challenges in
the field, such as handling missing modalities, dealing with noisy data, and
developing scalable algorithms. Overall, the research provides a valuable
resource for researchers interested in multimodal machine learning. The
comprehensive survey and taxonomy enable readers to gain a deeper
understanding of the field's landscape, identify key challenges, and explore

~ potential solutions. The research's contributions are significant, as multimodal

" machine learning is an important research area with numerous applications,

including human-robot interaction, natural language processing, and

: multimedia analysis. The research proposes a model for recognizing emotions

. from speech data, which utilizes Long Short-Term Memory (LSTM) networks
~ with an attention mechanism [7] has been proposed. The model is designed to
process short speech segments and identify the underlying emotion. To
evaluate the proposed model's performance, the authors conduct experiments
on the Emo-DB dataset, which contains recordings of acted emotional speech.
The results demonstrate that the proposed model outperforms other state-of-
he- art models in terms of accuracy and F1-score.The research's contributions
are significant as speech emotion recognition is a crucial research area with a
wide range of applications, including affective computing, speech-based
human-computer interaction, and mental health monitoring. The proposed
model's capability to handle short speech segments and its superior
performance make it a promising approach for real-world applications. Overall,
he research presents a novel approach to speech emotion recognition that



leverages the strengths of LSTM networks and attention mechanisms. The
experimental results validate the effectiveness of the proposed model and
highlight its potential for practical applications. The research [8] proposes 2
method for speech emotion recognition that integrates Hidden Markov Models
(HMMs) with a deep neural network (DNN) to enhance its performance. To
evaluate the proposed method's effectiveness, the authors conduct
experiments on the Interactive Emotional Dyadic Motion Capture (IEMOCAP)
dataset, which contains acted emotional speech recordings. The experimental
results show that the proposed method outperforms other state-of-the-art
models in terms of accuracy, F1-score, and kappa coefficient. The research’s
contributions are significant as speech emotion recognition is a crucial research
area with numerous applications, including affective computing, speech-based
human-computer interaction, and mental health monitoring. The proposed
method's capability to combine the strengths of traditional machine learning
approaches with the power of deep learning makes it a promising approach for
real-world applications. Overall, the research presents a novel approach to
speech emotion recognition that revisits the traditional HMMs and combines
them with a DNN. The experimental results validate the effectiveness of the
proposed method and highlight its potential for practical applications. The
author proposes a fusion-based approach for recognizing emotions from
speech data, which combines both acoustic and text-based features. The
authors explore several fusion methods [9], including early, late, and hybrid
fusion, to evaluate the proposed approach's effectiveness. To evaluate the
proposed approach's performance, the authors conduct experiments on two
publicly available datasets, the Interactive Emotional Dyadic Motion Capture
(IEMOCAP) and the Friends TV Show dataset. The experimental results show
that the proposed approach outperforms other state-of-the- art models in terms
of accuracy, F1-score, and kappa coefficient. The research's contributions are
significant as recognizing emotions from speech is a crucial research area with
a wide range of applications, including affective computing, speech-based
human-computer interaction, and mental health monitoring. The proposed
fusion-based approach’s ability to combine both acoustic and text-based
features makes it a promising approach for real- world applications. Overall, the
research presents a novel approach to recognizing emotions from speech data
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CHAPTER 4
DESCRIPTION OF PROPOSED SYSTEM

various methodologies to anatyzespeed\signalssothalemboddod emotions
are identified. There are many models available to process speech signals to
make prediction and identify the embedded emotion lying in it. Here in this
project, we are implementing recurrent neural network model including Long
Short Term Memory.

Audio file is a sequential data and needed a appropriate model to leam it and
analyze. So we choose sequential Istm model to implement this project.For the
facial emotion recognition we use haar cascade algorithm.

4.1. Selected Methodology or process model
4.1.1 HAAR CASCADE ALGORITHM

Haar Cascade is a machine learning object detection algorithm
objects in an image or video.

1. Edge features

1B

(@)

el SV

m D © @ ©
3. Center-surround features

tace before it can be
(@ ™

Fig 4.1 Haar Cascade Algorithm

We use haar-cascade algorithm and cnn for the omoﬁon
expressnon



ARCHITECTURE :

INPUT IMAGE

FEATURE EXTRACTION FACE DETECTION

HAAR CASCADE ALGORITHM
AND CNN

EMOTIONAL RECOGNITION

Fig 4.2 Architecture of Haar Cascade Algorithm

WODULE DESCRIPTION

_Speech Corpus

Speech sound records (16bit, 48kHz.wav) from the “RAVDESS”

t This bit of the RAVDESS contains 1440 records: 60preliminaries for
ertainer x 24 on-screen characters = 1440. The RAVDESS contains
“12 female” and “12 male”, vocalizing two

ns in a nonpartisan “North American”

1- 'neutral’, 02-'calm’, 03-

on-screen characters
coordinated explanatio
. The emotions were Jabelled as follows: 0

“sad', 05-'angry’, 06- 'fearful', 07-'disgust’, 08 -'surprised'.

11




4.1.2.2.Extraction of features using MFCC

gringing out the essential attributes is the foremost and the most important
step to get the accurate output. It is important to segregate the important and

Lseless attributes from the speech. Important attributes are pitch, tone, efc.
Useless features are background noise, disturbances, etc.

Human mouth organs like vocal tract, teeth, gums, tongue play an important
‘ole in changing the sounds of our speech. Different forms of sound are
created because of different shapes of these organs. To get an accurate data
of a speech it is important to study the impact of the varying shapes of these
human organs. We can interpret the shape of the vocal tract by marking the

frequencies and various other attributes.

Steps involved in working of MFCC:
Energy increment: This is the first step. In this process the energy of the input

voice signal is increased by passing it through a filter bank.
alter at a very rapid rate when a person is

n there is no change in the

Framework: The signals of a sound
speaking. It is presumed that on a brief time spa
For this reason, we break the signals into shorter time intervals like

n extremely shorter time interval is undesirable because
es to get a good output. If the time interval is
hen the signal will vary a lot in the

signals.
20-40 milliseconds. A
then we will require more exampl
extended that is also undesirable because t
time frame.

Overlapping: After buildin
sutive frameworks. This i

g up of frameworks, the next task is to overlap the
s done in order to make the signal continuous
ire.

omputation or calculation of power range is the next task. The

m is taken from the working of an ear part that is,
. As a person speaks this organ starts vibrating at different spots. The

\cies approaching sound waves decide these spots. The periodogram
ut a similar job that is extremely important. It makes out tht :
ent around in various frequencies approaching

putation: C
for this mechanis

it carries O
t of vitality pres



it Itis _he'pfu' in studying the various frequency regions. This step often
: kes m of Fast Fourier transformations.

: The “mel scale” is used to get an idea about the building of the

gau: "‘b‘“ks- These gauzes are of different sizes. The initial one is very

| Wthat gives the idea about the vitality near to 0 Hertz. As the
Wes are escalated the gauzes get broader to give accurate information
| about energy at higher frequencies.

wng Logarithmic function: The next step is to take out their logarithm. In

: dﬁfrto understand the audio correctly we need to double the recognized

ume of audio. This implies huge variations in energy may not be all that

- vary if the sound is loud enough.

 Discrete Cosine Transformation (DCT): The last step is to process the DCT of

7 mbg filter bank energies. The range of its coefficients is between 3-14.
m are various other coefficients that are not required. They are disposed

im_aassiﬁer

: ‘Recurrent Neural Network — Long Short Term Memory (LSTM) are used to
tasks where the output is contingent on multiple inputs and dependent
e inputs. Unlike traditional neural networks, RNN operates on a

ce of data inputs and stores the information of the previous inputs. For
vle, while you are reading a text you don't process individual words,

r you try to remember the previous words and sentences to update the

g information. In this way you gather a better understanding of the

mwon(s in a similar way. In a speech emotion recognition model, a

voice mgnals is input in the model and
o, thus it maintains a state all through.

a function is executed at




4.1.3 Python Language

is an object-oriented programming language created by Guido Rossum
It is ideally designed for rapid prototyping of complex applications. it
erfaces to many OS system calls and libraries and is extensible to C o
any large companies use the Python programming language include
‘Google, YouTube, BitTorrent, etc. Python programming is widely used
filicial Intelligence, Natural Language Generation, Neural Networks and
dvanced fields of Computer Science. Python had deep focus on code

y & this class will teach you python from basics.

: Programming Characteristics

rovides rich data types and easier to read syntax than any other
gramming languages

a platform independent scripted language with full access to operating
em API's

pared to other programming languages, it allows more run-time

cludes the basic text manipulation facilities of Perl and Awk
dule in Python may have one or more classes and free functions

ries in Pythons are cross-platform compatible with Linux, Macintosh,

d Windows
uilding large applications, Python can be compiled to byte-code

on supports functional and structured programming as well as 0oO0P
ports interactive mode that allows interacting Testing and de OUGS
ippets of code

thon, since there is no compilation step, editing, debugging
st. s
pplications of Python Programming

: plications

create scalable Web Apps using frameworks
ent System) that are built on Python. Some
ling Web Apps are: Django, Flask, Pyram@
lla, Reddit, Instagram and PBS are wri

¢ and Numeric Computing



numerous libraries available in Python for scientific and numeric

0 Therc.e are libraries like: SciPy and NumPy that are used in general

‘computing. And, there are specific libraries like: EarthPy for earth

AstroPy for Astronomy and so on. Also, the language is heavily used
learning, data mining and deep learning.

oftware Prototypes

low compared to compiled languages like C++ and Java. It might not
choice if resources are limited and efficiency is a must. However,
ou can use

st. If you

great language for creating prototypes. For example: Y
library for creating games) to create your game'’s prototype fir
rototype, you can use language like C++ to create the actual game.
guage to Teach Programming

used by many companies to teach programming to kids and newbies.
d capabilities. Yet, it's one of the

o-use syntax.

od language with a lot of features an

) guage to learn because of its simple easy-t

pencv Package
a general purpose programming language started by Guido van
“which became very of its

nd code readability. It enables the programmer to
es of code without reducing any readability.

r languages like C/C++, Python is ¢

d to othe
feature of Python is that it can be easily extend:
ally intensive code:

Ips us to write computation
per for it so that we can use these wrappe

antages: first, our code is as fa

popular in short time mainly b

rap
us two adv
the actual C++ code working in backgro J

ode in Python. This is how OpenCV-

riginal C++ implementation.
y makes the task
perations It

ound O
upport of Nump
library for numerical 0
\V array structures are conve
pperations you can do in Numpy,
cases number of weapons



other libraries like SciPy, Matplotlib which supports Numpy can be used with

this.
OpenCV-Python i i
S0 Op y 'S an appropriate tool for fast prototyping of computer vision
problemS-
4.1.4 Features of Anaconda Navigator

B

_ | a is a free and open source, easy to install distribution of Python and
R programming languages. Anaconda provides a working environment which

for scientific computing, data science, statistical analysis and machine

est distribution of Anaconda is Anaconda 5.3 and is released in October,
It has the conda package, environment manager and a collection of

open source packages long with free community support.

O ANACONDA DISTRIBUTION

Seree

Most Trusted

ANACONDA NAVIGATOR

Desidop Py




What is Anaconda Navigator?

Anaconda Navigator is a desktop graphical user interface (GUI) included in the

Anaconda distribution. It allows us to launch applications provided in the
Anaconda distribution and easily manage conda packages environments and
bhanne‘s without the 3 j Is a ' for




What is Anaconda Navigator?

Anaconda Navigator i 5 desktop gra

Phical user interface (GUI) included in the

i i in the
It allows g to launch applications provided in
nd easily mang

9e conda packages, environments a::
channels without the Use. Of  ommamaiiing  wawo s ‘

Anaconda distribution.




ual Studio Code

vterLab: This is an extensible working environment for interactive and

Jducible computing, based on the Jupyter Notebook and Architecture.

er Notebook: This is a web-based, interactive computing notebook

ynment. We can edit and run human- -readable docs while descnbmgm s

nalysis.

onsole: It is the PyQt GUI that supports inline Figs, proper
- with syntax highlighting, graphical calltips and more.

er is a scientific Python Development Environ

(er: Spyd
nced editing, interactive testing, C

rful Python IDE with adva

nection features.

Code: It is a streamlined code editor with support for

ions like debugging, task running and version control.

ultidimensional data visualizatic

eviz: This is used for m
related dataau

es relationships within and among

ge3:ltisa componant-baied data mlninq ‘
ata visualization and data an lyals ' ff
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CHAPTER 5
IMPLEMENATION DETAILS

a generalized way, we can say that the system testing is a type of testing in
: the main aim is to makg sure that system performs efficiently and
seamlessly. The PrOCESS épplied to a program with the main aim to
sscover an unprecedented error, an error which otherwise could have
samaced the future of the software. Test cases which brings up a high
~oss oty of discovering and error is considered successful. This successful

sting, as already explained earlier, is the process of discovering all possible
-points in the finalized software product. Testing helps to counter the
king of sub-assemblies, components, assembly and the complete result.
software is taken through different exercises with the main aim of making
: that software meets the business requirement and user-expectations and
n't fails abruptly. Several types of tests are used today. Each test type

|
|
!
%
|
:
 1

-esses a specific testing requirement.

isting Techniques
st olan is a document which describes approach, its scope, its resources

| test ¢
nd the schedule of aimed testing exercises. It helps to identify almost other

jtem. the features which are to be tested, its tasks, how will everyone do
e tester is independent, the environment in which the '
of design plus the both the end criteria which
. d whatever kind of risk which requires

rgency planning. It can be also referred to as the record of the pmssei
lanning. Test plans are usually prepared with signification input from tes

h task, how much th
is taking place, its technique
ed also rational of choice of theirs, an

Neers.



5.1.1 UNIT TESTING

in unit testing, the design of the test Cases is involved that helps in the validation
of the internal program logic. The validation of all the decision branches and
internal code takes place. After the individual unit is completed it takes place.
plus it is taken into account after the individual united is completed before
integration. The unit test thus performs the basic level test at its component
otage and test the particular business process, system configurations etc. The
unit test ensures that the particular unique path of the process gets performed

precisely to the documented specifications and contains clearly defined inputs
with the results which are expected.

5.1.2 INTEGRATION TESTING

These tests are designed to test the integrated software items to

ermine whether if they really execute as a single program or application. The
ting is event driven and thus is concerned with the basic outcome of field.
Integration tests demonstrate that the components were individually
isfaction, as already represented by successful unit testing, the components
apt and fine. This type of testing is specially aimed to expose the issues

come-up by the components combination.

.1.3 FUNCTIONAL TESTING
functional tests help in providing the systematic representation that
nctions tested are available and specified by technical requirement,

umentation of the system and the user manual.

1.4 SYSTEM TESTING |
testing, as the name suggests, is the type of_
at the software system meet the business requiremer



5' . .
o white box testing IS the type ORISR A Which the internal components of

o system software IS 0pen GG SN Be Protessed by the tester. it is therefore
| | complextype Of lesting process. All the data structure, com«pc;nents etc arz
l by the tester himself to find out a possible bug or error. It is use;‘ din
‘ on in which the black box is incapable of finding out a bug. '.t st o

woe of testing which takes more time to get applied.

. 5 WHITE BOX TESTING

1 6 BLACK BOX TESTING

~ nack box testing s the type of testing in which the internal components of
the software is hidden and only the input and output of the system is the key for
he tester to find outa bug. Itis therefore a simple type of testing. A programmer

N

with basic knowledge can also process this type of testing. It is less time
onsuming as compared to the white box testing. It is very successful for
pftware which are less complex are straight-forward in nature. It is also less

ystly than white box testing.

.7 ACCEPTANCE TESTING
er Acceptance Testing is a critical phase of any project and requires
ynificant participation by the end user. It also ensures that the system meets

e functional requirements.

e e
s e




CHAPTER 6
RESULT& DISCUSSIONS

of emotion is i
d recognition is increasingly relying on deep learning

have s i
hown promising results. As this technology advances,
p countless

rchers

The fiel
a|gorithms, which
itis expected that more dependable systems will emerge, opening u
applications
mvgstigated severa
Mion recognition. The study employed Tensor Flow to train
eving an accuracy rate of 92.88%. With the same architecture, there is
tem in the future.

ds great

across various industries. In a recent study, resea

| databases and utilized LSTM to tackle the challenge of
the model,

| to develop a real-time emotion recognition sys

tia
Jll, the use of deep learning algorithms in emotion recognition hol
of this study demonstrate the

mise for future advancements, and the results

ential for accurate and efficient models
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CHAPTER 7
CONCLusION

eep eaming's use ©f speech and face o identify emotions

has shown

‘ : a number of
ons, including customer service, mental health monitoring, and human-

P
em\“,mging results recently and has the Potential to revolutionise

~ati
appll\ ; 7
bobot nteraction. Deep learning models are able to fearn to extract pertinent

qures from speech and facial data and classify emotions with high accuracy,
g the detection of emotions in

nabli” real-time and under various
ircumstances.Even so, there are still a number of issues to be resolved, such

s the scarcity of datasets, data variability, feature extraction, interpretability,
.nd ethical and privacy issues. A multidisciplinary strategy combining
Bevelopments in deep learning, signal processing, psychology, ethics, and
srivacy will be necessary to address these problems.

conclusion, speech and face emotion detection in deep learning has
.normous potential for enhancing human-machine interaction and
mprehending human emotions. We can anticipate seeing more advanced
and precise models that can 25ecognize a wider range of emotionsandbewe:i _
2 growing number of applications as research and development oulhsipc ¢
ontinues, while also addressing the ethical and privacy issues raimdbi&
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from kera
from kera:
from kera:




rames_Per.

# Cre
frames

stream.sta
start_time =
current_ti

def mel_spe







y= TimeDistributed(MaxPooli
addin9='same')v name="MaxPoo
P y = TimeDistributed(Dro

# Second LFLB (local
y= TimeDistributed
padding='same')- nai
TimeDistri

padding=' }
y = TimeDi

padding='sa
y = Time

# Flat
y = Timi

# LSTN
ya
name='LS




predict speech emotion over
def predict_emotion_ T
chunk_size=49100, p!

# Read audio file
y, S0 % librosa.cor

# Split audio sig
chunks = self.fram

# Reshape chu
chunks = chunks:

4 7-normalizatior
y = np.asarray(lis

# Compute mel sp:
mel_spect = np.asarr

if predict_pr
predict = ¢
else:

Export emotions




def pr mii(7l|0nb_tO__CSV(Se|f. predictions, filename, mode="w').

# Write emotion in filename
with open(filename, mode) as f.
if mode == ‘W'
"EMOTIONS"+\n')

for emotion in predictions:
s_write(str(emotion)+'\n')

f.close()

web application

#!/usr/bin/python:%
# -*- coding: utf-8 -*-

¢ write(

44 General imports ###

from __future__ import division
import numpy as np

import pandas as pd

import time

import re

import 0S

from collections import Counter

## Flask imports

import requests
from flask import Flask, render_template, session, request, redirect, flash,

Response

## Audio imports #H#
from speechEmotionRecognition import *

# Flask config

app = Flask(__name__)

app.secret_key = b'(\xee\xOO\xd4\xce"\xcf\xe8@\r\xde\xfc\xde\xOSW'
app.config[‘UPLOAD_FOLDER'] = '/Upload'
path=r"D:\Gowtham\Project\Speech_Emotion\Speech__Emotion\Speech__Emot
|on_Detection-using-LSTM-model-main\Speech Emotion Detection In

Flask\Upload"

@app.route('/', methods=[GET'])
def index():




return render_temp

# Audio Index

@app.route(/audio_|

def audio_index():
return render_te

# Audio Recordin

@app.route(/au
def audio_recordir

# Instanciate
SER = speechEm

# Voice Record
rec_duration =
rec_sub_dir

# Send Fla
flash("The
analysis of

0s.path,
model-ma
Emotion Dete

# Instanciaté

# Voice Record
rec_sub_dir = 0s.p




4 predict emotion in voice at each time step

step = 1#inS6C .
ample_rate = 16000 # in kHz
~ emotions, timestamp = SER.predict_emotion_from_file(rec_sub_dir,
ChUnkﬂstepzstep*sample__rate) m el

4 Export predicted emotions to .txt format
5ER‘prediction_to_csv(emotions,
OS_pam_join(r"C:\Users\DELL\Music\Speech_Emotion__Detecﬁon-using—LSTM-
mocje|.main\Speech_Emotion_Detection-using-LSTM-rnodel-main\Speer;h
Emotion Detection In Flask\static","js", "audio_emotions.txt"), mode="w’)
5ER_prediction_to_csv(emotions,
Os‘path.join(r“C:\Users\DELL\Music\Speech_Emotion_Detection-using—LSTM-
model-main\Speech_Emotion_Detection-using-LSTM-model-main\Speech
Emotion Detection In Flask\static","js", "audio_emotions_other.ixt"), mode=a’)

4 Get most common emotion during the interview
major_emotion = max(set(emotions), key=emotions.count)

# Calculate emotion distribution
emotion_dist = [int(100 * emotions.count(emotion) / len(emotions)) for emotion
in SER._emotion.values()]

# Export emotion distribution to .csv format for D3JS
df = pd.DataFrame(emotion_dist, index=SER._emotion.values(),
columns=[‘VALUE']).rename__axis('EMOTION')

df.to_csv(os.path.join(r'D:\Gowtham\Project\Speech__Emotion\Speech_Emotio
n\Speech_Emotion__Detection-using-LSTM-modeI-main\Speech Emotion
Detection In Flask\static', 'js','audio_emotions_dist.txt'), sep=",")

df_other =
pd.read_csv(os.path.join(r"D:\Gowtham\Project\Speech_Emotion\Speech_Em
otion\Speech_Emotion_Detection-using-LSTM-model-main\Speech Emotion
Detection In Flask\static","js", "audio_emotions_other.txt"), sep="")

major_emotion_other = df_other.EMOTION.mode()[O]

emotion_dist_other = [int(100 ” |en(df_other[df__other.EMOTION==emotion]) /
len(df_other)) for emotion in SER._emotion.values()]

# Export emotion distribution to .csv format for D3JS
df_other = pd.DataFrame(emotion__dist__other, index=SER._emotion.values(),
co|umns=['VALUE']).rename__axis(‘EMOTION‘)

df_other.to__csv(os.path.join(r'D:\Gowtham\Project\Speech_Emotion\Speech_
Emotion\Speech_Emotion_Detection-using-LSTM-modeI-main\Speech
Emotion Detection In Flask\static', 'js'.'audio_emotions_dist__other.txt'), sep=",")



#emotion_dist__o e
return render_templa
emo_other=major__ otio
prob_other:emotion__

if__name__ == i
app.run(debug=True)
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e 3 While using input as audio,the timer runs and gets the input

4T
I'he result of audio input
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input

5 The outcome of a video




