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Abstract

Abstract:

Deaf and hard-of-hearing drivers face significant challenges in recognizing auditory signals
on the road, which are essential for safe and responsive driving. This project proposes an intelligent
assistive system that captures environmental sounds and classifies them in real time using high-
quality microphones and sound cards connected to a Raspberry Pi 4. A machine learning model,
built using a Convolutional Neural Network (CNN), is trained to distinguish between critical
warning sounds (such as sirens and horns) and irrelevant noise. When a warning sound is detected,
the system alerts the driver through a visual LCD screen and a vibration motor. This solution
enhances driving safety, independence, and situational awareness for the hearing-impaired
community.

sl

Gkl e dmand) <l LAY e Capal) 85 508 ciland pand) Cilawia g anall () siiladl 42 o
<l gaa) Jaily L3 Tae e el g jiall 138 - iy 4 slaiall 5 2aY) 2Ll (lasial 4y 55 juim e il
Sleny Aaie A sn ity 52l Ale Cighy Spe pladiuly iiall Ci gl b Ly s Ay
a8 Ol gl (g Saill CNIN 4S8 pladiiady o 3Ls) o5 V) alaill 23 ga3 c )i 2% Raspberry Pi 4
Alail) s g8 ¢ pdas O gen GHLEKT die Alall ) e elia saall 5 (G5 Y) 5 Y O jlica Jie) da Al
Al Adlu Juad e dall 13 Jeny 150 s Aije LCD il A e il gy
P - EYCTY DR EON BN P PR F e



K-y

8 )l ey s aadaly el g i (T ol s 30l caled o1l L ade 531 4 deal
seinall ) 5 Al atad | Adle g ) Llalg ) ala AT Y 6l dl aeall

L

o gal s Lo S ae ) Lgals gl LU jgs 5 e aal 5 6 piamy et Gl a5y M8
A alsd e 33 Y sl ol e ol 6 e S 8 g o caluig YT cadas 3 i )
enl) iy Lea ST aiiatd cals (Bl Slady) Vi s

*

.
& uall s il cillaad 8 clil) elie aaiul CiS e by 2Dl 8 sty comadll 8 AL S e b quad) il )
Gl il |

el yig eflileny CulS (g cliay Adaal JS o) laWl Gl e cliad Cudll 6 5e (e oS8 rlaill 12 Lol
Al

celandl ) ol sen i 285 W) Lo sy Mlise o ol (g by calS glial) (e IR (g0 L Adglal) el )

JS i el vie Lgaal aall 35 55 00 48U 58 Al ALY o cali paa Uy 1S | el cclindd celisn
Adsall

Adaad S 8 Ublo 130l 5 oA 488 5 eCan b il (S <l Jyjad) 50541 )

N e GRS |l (398 2D A e (St 5 ¢ il (55 ilS (RS

b g asall OS2 Bhall Jlany iy 5S31 g el (B 53 2815 el Je A dagd) jhaa 2 LaY) (ellibl )
T30 B (B lall (ulen B e 5 cdomaal) B W) 8 agle (ST 568 ) Jlan (L i 3 61308 (A 58) )
il 5 agilabuily aad )5y Gl el oY) aSILU  caSh Canll g S ) 3a 5 julial)

O 3 5all iy Al oaledl gl 5z Al £ 5 e 8 & sk bl A ) sl S ALY A8 pdial) A3 )

e e 55 (3 el il e g ool gial e oo jua e Qe 185

Ouall iiale | malidl e ST e | i Y g (a8 Y o) BB 8 ST A jall ) gef JIgha AL )
BIFT M ERRBEE

s Y 5 )l ) glea e g el 1S 5 el (3l a5 g Je ) ABaal )

dpb S il e JS ) al) JS e oS o 3 S e il Ggea g by daea I i€

D508 O 05 s ecllin (3 SGY 5SS blad (3 sha il aldiy) G 681 e <ilS B ke Gy ol g8 cilS AalS G
Audigh and g ja (e ally calall g o laiYl Ledie | o & ial slad Al  diled G Slady) 1aa | Qliall 3
A8 S 2025 dady — Al yS))

3 ] E




K-y

Ghlis 15l o 5aT s Y ol &b aaal)
Cblal) QU 4y 5 ecliaY) g aliady o ecilalliall 55 dleniy Al 4 2eal)
Sl 138 e il mg WIS 0pn )
Bohd ol 58 Canglly la¥! ol 5 el s ¥ 7 bl o (lale (e e 50 30l g5 Y
gl Gk B
Adalall 438 ) 5 el 1S5 o a5 ) claad S LS (e ol JsA) )
i e il S Al g 0 Aaie e saall 1S cpdll Gl ol |
(el sxitad )
Gl ) il 6 ja e (e
(Buay uar b (S el e
plall Cn (DB 8 50 j8 Aalaa s plae JS )
) Jend) 138 1 ja) 3 Sl 5 dgan i g anilall OIS A o il il
5l
Ol sl JS
ol b s o Ol 0 S
Sl 4 Y liial 5 Sy saoe L. 5_S]) sda (saal




K-y

38 Al ail 5 ¢ Ay bl Al gl ) lS il il o )
o sl 138 dal je JS A g0l e
| suspe 5 calall da i () se ) Gl cellanll g dpmiaill Sy ¢ ) Gl 5 I
ey suall B 8
Aglaall LeSibanzi s aball LeSslea Yol il 5 of Jaad) 13d S e
Lo sa )5S cpdll egaledl peall g copall 3l ¢ a5 54 )
Ay ol cilaal - s Aileh jrae
OSE aggan i 5 agalny | sl ol (A ¢Sl Ly g alall 5 jlie (Jualdl) 33l )
Jaall 138 S35 8 V) alls o]
A il )5S g dpraall caldaalll g agall s caxill oxe | sandd (pdll sl )
Dl 1 e 13 s A8 ¢ (Gauay
codzen i Q) a4l IS e pd Jdlea ol Sy Jiees e IS L)
Gaa adaad JSI 1500855 ¢ liial 5 elis (390 cqal siall Jandl 134 (saa]




Thanks, and Appreciation

Thanks, and Appreciation

In the name of Allah, the Most Gracious, the Most Merciful

All praise is due to Allah, by whose grace good deeds are completed, and who granted us the

strength and guidance to accomplish this modest work.

We, the authors of this dissertation, would like to express our deepest gratitude and heartfelt
appreciation to our esteemed supervisor, Dr. Cherif Hakima, for her continuous support,
valuable guidance, and constructive feedback throughout every stage of this research. Her
dedication, patience, and commitment to academic excellence have been a true source of

inspiration. We are truly honored to have worked under her supervision and are grateful for the
knowledge and insight she generously shared with us.

We would also like to extend our sincere thanks and appreciation to our respected professors:
Mr. Ghanabzia Ahmed, Mr. Sassi Zouheir, and Mr. Hamza Adaika, for their scientific
support, valuable advice, and insightful remarks that greatly contributed to the success of this
work. Their guidance and encouragement were essential throughout the research process.
Our heartfelt thanks also go to the honorable members of the defense committee, who honored
us by accepting to evaluate our work, devoting their time and effort, and providing us with
critical feedback that will undoubtedly enrich our research and guide us in future endeavors.
We further extend our gratitude to all the professors and staff members of the Department of
Electrical Engineering at the University of Echahid Hamma Lakhdar — El Oued, whose
teaching, encouragement, and support have significantly shaped our academic journey and
contributed to the successful completion of this dissertation.

To our beloved families, we owe profound gratitude. Their unwavering support, heartfelt prayers,
and constant belief in us gave us strength through every challenge. Their encouragement was a
constant source of motivation, and this achievement would not have been possible without them.
We are also grateful to our colleagues and friends for their cooperation, meaningful discussions,
and moral support throughout our studies. Their presence created a positive and collaborative
environment that made this journey more enriching.

We pray that this work will be a useful contribution to our field of study and serve as a
foundation for further academic and professional growth. Indeed, Allah is the bestower of

SUcCcCess.



TABLE OF CONTENTS

TABLE OF CONTENTS

LIST OF FIGURES ...ttt e s I
LIST OF TABLES ...ttt Il
LIST OF ABBREVIATIONS ... .ottt v
GENERAL INTRODUCTION. ....ccititiiiiie ittt eennnne e 1
CHAPTER I: LITERATURE REVIEW

LI INTRODUCTION ...ttt ettt e e 3
1.2 OVERVIEW OF PREVIOUS SYSTEMS AND STUDIES ........cccooeiiiiiieeeccee 3
L.3INTRODUCTION TO AUDIO SIGNALS ... .ottt 6
[.3.1 HUMAN AND VEHICULAR SOUND SOURCES ........ccoooiiiiieiiiie e 7
[.3.2 ANALOG-TO-DIGITAL CONVERSION (ADC) .....utiiiiiiiieiiiieiee e 7
[.4 CONCLUSION ...t 10

CHAPTER II: FREQUENCY-DOMAIN ANALYSIS FOR SOUND
CLASSIFICATION

IT.1 INTRODUCGTION ....ooiiiiiiiiiiiiiiii s 11
I1.2 FREQUENCY-DOMAIN ANALYSIS METHODS FOR VEHICLE HORN SOUND

CLASSIFICATION ...ttt 11
[1.2.1 FAST FOURIER TRANSFORM (FFT) ..ottt 11
[1.2.2 SHORT-TIME FOURIER TRANSFORM (STFT)....cctiiiiiiiiieiiiieseesee e 12
I1.2.3 SPECTROGRAM ...ttt 12
[1.2.4 MEL-FREQUENCY CEPSTRAL COEFFICIENTS (MFCCS).....ccccoiiiiiieiiiieiieneeines 14
I1.2.5 MEL SPECTROGRAM .....ooiiiiiiiii e 15
[1.2.6 WAVELET TRANSFORM .....coiiiiiiiiiiii i 15

IL.3 ARTIFICIAL INTELLIGENCE Al ....ooiiiiiiii e 16



TABLE OF CONTENTS

TL3. 1 DIFINTION ..ttt ettt e e e e 16
I1.3.2 MACHINE LEARNING (ML)....utiiiiieiiiie e 17
[1.3.3 DEEP LEARNING DL .....oiiiiiiiiiiiici et 18
[1.3.4 THE RELATIONSHIP BETWEEN ARTIFICIAL INTELLIGENCE, MACHINE

LEARNING AND DEEP LEARNING.......cooiiiiiiiiiice e 19
I1.3.5 THE DIFFERENCE BETWEEN DEEP LEARNING AND MACHINE LEARNING .....20
TT.4 CONGCLUSION ...ttt etk e et e e e e 21

CHAPTER III: DESIGN OF A SMART DEVICE FOR ASSISTING DEAF
DRIVERS

IL.1T INTRODUCGCTION ..ottt ettt ettt e et nnn e e n e e 23
II.2 GENERAL ARCHITECTURE OF THE PROPOSED SYSTEM .......ccooiiiiiiiiiiiiicie, 23
II.3 SYSTEM COMPONENTS ...ttt 24
11I.4 PROGRAMMING ENVIRONMENT AND REQUIRED LIBRARIES ...........cccoovveiiinnne 26
IL.5 STAGES OF THE PROUJECT ....ooiiiiiieiiic ettt 27
I11.5.1 SOUND COLLECTION PHASE .......ooiiiii s 27
II1.5.2 FEATURE EXTRACTION STAGE ...t 28
I11.5.3 MODEL TRAINING AND TRANSFORMATION PHASE ..o, 31
II.5.4 TESTING MODEL......cooiiiiiiiiiiii s 34
1.6 SYSTEM SETTINGS OF RASPBERRY Pl ....oooiiiiiiiiiii 36
IIL.7 CONCLUSION. ... .ottt 38

GENERAL CONCLUSION ..ottt 39



LIST OF FIGURES

LIST OF FIGURES
CHAPTE I: LITERATURE REVIEW

Figure 1.1: A continuous analog signal converted into a digital signal through sampling ..8

Figure 1.2: An example of how aliasing occurs when the sampling rate is insufficient .....8
CHAPTER II: FREQUENCY-DOMAIN ANALYSIS FOR SOUND
CLASSIFICATION.

Figure I1.1: A segment of time-domain data projected onto the frequency domain ......11
Figure I1.2: This image illustrates the STFT ProCeSS.. ........ccovveiiieniiiiiieiee e 12
Figure I1.3: Detection of a Strong Seismic Signal in the 4-8 Hz Band at Station EDM

= A (U 1717 ) TP 13
Figure I1.4: Mel SPECITOGIaAM.....cueiiiiiiiiiiiie ittt 15
Figure TL5: AL WWOTK....oouiiiiiiie ittt 17
Figure T1.6: ML WOTK.. ...ooiiiiiie ettt e e e e enes 18
Figure IL7: AL, ML @Nd DL.. ...ccovviiiiiiiec ettt 19
Figure T1.8: The CNN COMPONENES........cciiiieiiiiieeiieeesieeeeeeesieressteeeesraeeesneaeesnreeesneeeas 21

CHAPTER III: DESIGN OF A SMART DEVICE FOR ASSISTING DEAF
DRIVERS

Figure III.1: A Smart Assistive System for Individuals with Hearing Impairments ........ 24
Figure II1.2: COlleCt WAV SOUNGS . ......vveiiiieiiiee ettt e e srae e e e ennee e 28
Figure II1.3: : The shape of the two files obtained after the categorization process.. ....... 28
Figure I11.4: Extraction code for mel Spectrogram... ........ccccvevveiieenieeniee e 30
Figure II1.5: The result for mel Spectrogram...........coocveviieiiiiiie i 31
Figure I11.6: Download the necessary libraries for Model............ccccooevviiiiinie e, 31
Figure TI1.7: COOE traiNING.. ...ccvieiieiiieeiie ettt e et ee e 32
Figure TI1.8: ReSUlt OBLaINed . ........cooiiiiiiiie e 32
Figure II1.9: The curves represented by the model's accuracy and loss ratios ................. 33
Figure TIL10: FUI COOR . ...ovviiiiieie e 35
Figure II1.11: Result VEhICUle DELECLE. . ........covuieiiieiie e 35



LIST OF FIGURES

Figure I11.12
Figure 111.13
Figure 111.14
Figure III.15
Figure I11.16
Figure II1.17

T Result NO VENICUIE DALECTE.. ...eeeeee e

- Install Raspberry pi operating SYStem... .......cceiieriiiiieiiieee e

.. Install Raspberry pi operating SYSteM.. .......cccovvuieiiiiiieiiieriee e

. CoNNect @ Card @ MICIO SD .. ...t

.. Connect Raspberry Pito t
: Image of the entire project

DB SCIBEN.. et



LIST OF TABLES

LIST OF TABLES

CHAPTER I: LITERATURE REVIEW
Table 1.1: Bit Length and their number of levels and step size for a 5V reference range...9

CHAPTER III: DESIGN OF A SMART DEVICE FOR ASSISTING DEAF

DRIVERS
Table II1.1: Component of the smart Device for Deaf Drivers.. .........ccccoevvveviieeiieneennn. 24



List of abbreviations

List of abbreviations

Al : Artificial Intelligence.

AAC: Augmentative and Alternative Communication.
ACVA: Assistive Communicative Vibrating Aid.
HL: Hearing Loss.

DHH: Deaf or Hard of Hearing.

ADC: Analog-to-Digital Conversion.

FFT: Fast Fourier Transform.

STFT: Short-Time Fourier Transform (STFT).
MFCCs: Mel-Frequency Cepstral Coefficients.
MFC: Mel-Frequency Cepstrum.

WT: Wavelet Transform.

ML.: Machine Learning.

DL.: Deep Learning.

CV: Computer Vision.

SD: Smart Device.

CNN: Convolutional Neural Network.



General introduction

General

introduction



General introduction

With the rapid development of smart technologies and the increasing need for driver assistance
systems, technologies directed at people with special needs, especially the hard-of-hearing and
deaf, have become essential to ensure their safety and improve the quality of their driving. The
topic of this note is to design a smart system to help hard-of-hearing and deaf drivers recognize
important ambient sounds while driving, such as sirens and car horns, by converting audio signals

into visual and haptic alerts in real time.

The importance of this research stems from the fact that it contributes to supporting a segment
of society that may face real difficulties while driving due to their inability to hear warning sounds
that could save lives or prevent accidents. Providing a system that helps these drivers to perceive
their auditory environment in an alternative way enhances safety and social inclusion, and reduces

the risk of traffic accidents.

The motivations for choosing this topic are the desire to employ artificial intelligence and
modern technologies, such as machine learning and audio signal processing, to create a practical
and effective solution that serves a group that suffers from real difficulties in daily life. The fact
that this system can be implemented on low-cost hardware such as the Raspberry Pi makes it more

realistic and widely applicable.

This note consists of three main chapters:

The first chapter: In this chapter, we will provide an overview of previous studies and existing
systems that aim to support hearing-impaired individuals, particularly in the context of driving.
This literature review summarizes key findings, technological approaches, and identified gaps in

the development of assistive technologies.

The second chapter: In this chapter, we will explore the basics of audio signal processing and the
key frequency-domain techniques used to extract meaningful features from sound.
These methods are essential for enabling artificial intelligence systems to classify and interpret
environmental sounds such as sirens and car horns, especially in assistive applications for hearing-

impaired individuals.



The third chapter: In this chapter, we will present the preparation and design of the proposed
smart system, which includes its hardware and software components, as well as the stages of data
collection, model training, testing, and implementation on the Raspberry Pi board.
The aim of this chapter is to explain the steps involved in building a system capable of recognizing
road-related sounds—such as car horns, sirens, and engine noises—and converting them into visual
and haptic alerts, thereby supporting hearing-impaired drivers and enhancing their safety while
driving.

Finally, this work concludes with a general conclusion that presents the main results obtained
and highlights the significance of the proposed system. The conclusion emphasizes how such a
solution can contribute to improving road safety for hearing-impaired drivers, promoting their

autonomy, and encouraging further research and innovation in the field of assistive.
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Chapter I: Literature Review

L.1 Introduction:

Deaf and hard-of-hearing (DHH) individuals encounter substantial challenges in daily
life, particularly in contexts where auditory cues play a critical role—such as driving, education,
and social interaction. These challenges can affect not only safety but also independence and
quality of life. In response, assistive technologies have emerged as powerful tools to bridge the
communication gap, enhance situational awareness, and foster greater social inclusion for
individuals with hearing impairments.

This chapter presents a comprehensive review of recent advancements in this field, with a
particular focus on intelligent systems designed to support DHH users in mobility and safety-
critical environments. Notable solutions include wearable devices, smart gloves, auditory alert
systems, and multimodal feedback technologies powered by artificial intelligence and the Internet
of Things (1oT).

Given that many of these systems rely on the ability to detect, analyze, and interpret
environmental sounds such as vehicle horns or emergency sirens, a foundational understanding of
audio signals is essential. Thus, this chapter also introduces the fundamental concepts of audio
signal representation and processing. It covers the nature of analog and digital audio signals, the
frequency ranges of human and vehicular sounds, and the principles of analog-to-digital conversion
(ADC), which enable sound signals to be used effectively in Al-based classification models. By
integrating technological innovation with signal processing theory, this chapter provides both a
practical and theoretical foundation for designing inclusive and intelligent driving assistance
systems for the DHH community.

1.2 Overview of previous systems and studies:

With the increasing demand for assistive driving technologies tailored to the needs of
hearing-impaired individuals, a wide array of research efforts has emerged, aiming to bridge the
gap between traditional auditory-based alert systems and alternative sensory channels such as
visual or haptic feedback.

In one notable initiative, researchers developed the SI-LERT system (Assistive Device for
Hearing Impaired Drivers), designed to help deaf drivers detect emergency vehicles. This device
uses a Raspberry Pi 4 and a USB microphone to recognize sirens, sending a signal over WiFi to an

ESP32 microcontroller embedded in a smart glove. Upon detection, the glove activates micro-
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vibrators and displays an emergency vehicle image on an OLED screen, offering a dual feedback
mechanism. While promising, the system requires further development, particularly regarding the
size and diversity of the dataset used [1].

Similarly, another study proposed a solution to detect auditory cues and identify their
direction using an Arduino Uno board integrated with MATLAB, which is compatible with
Arduino and allows sound signal acquisition and analysis. This device was designed to detect
horns, ambulance sounds, and sirens, which often lack visual signals. The aim was to help deaf
drivers perceive where sounds originate, thus improving their awareness on the road [2].

Expanding on wearable technologies, researchers developed a wearable assistant device
capable of detecting emergency vehicle sirens using edge computing. They introduced an
EfficientNet-based fuzzy rank ensemble model implemented on an Arduino Nano 33 BLE Sense
board. The system classified seven types of audio inputs—three types of sirens and four
vocalizations—using data from the CREMA-D and Large Scale Audio datasets, totaling 8756 files.
Features were extracted using Short-Time Fourier Transform (STFT) to create spectrograms, and
upon detecting sirens, the device vibrated and displayed alerts on an OLED panel. The model
achieved 97.1% accuracy offline and 95.2% on the edge device [3].

In the domain of communication, hearing-impaired individuals often rely on sign language
as a primary mode of interaction. However, communication with non-sign language users remains
difficult in the absence of interpreters. To address this, some studies focused on Al-based systems
that recognize body gestures such as hand movements and translate them into speech or text using
programmable interfaces and learning algorithms. These systems allow users to customize their
sign language libraries, making them more inclusive and adaptive to personal needs [4].

To facilitate communication in group environments like classrooms or workplaces, the
ACVA (Assistive Communicative Vibrating Aid) was proposed. This wearable bracelet includes
an OLED display and a vibration module, and converts clap gestures into WiFi-based broadcast
signals. It aims to bridge the gap between augmentative and alternative communication (AAC) and
natural behavioral interactions, thereby helping hearing-impaired users draw attention effectively
[5].

Further advancing gesture recognition, researchers developed a smart speaking glove for one-
handed deaf or mute users communicating in Arabic Sign Language. The glove integrates flexible

sensors and a six-dimensional motion tracking unit to convert hand gestures into corresponding
4
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text and speech outputs. The device was tested in cooperation with the Zawia Center for the Deaf
and Dumb, focusing on common phrases such as greetings and food-related signs. The glove
showed strong performance in mechanical and electrical evaluations [6].

Another study introduced Vibe, a multimodal mobile-based alert system for the deaf and hard
of hearing. Vibe gathers sound data from the environment via wall-mounted or mobile
microphones, and translates it into visual, tactile, or auditory alerts based on the user’s preference.
Its design was guided by user personas and structured scenarios to ensure usability. The project
developed the system architecture and specifications as a foundation for a working prototype [7].

To better understand the impact of hearing loss (HL) on driving behavior, one PhD thesis
presented a three-part study including a questionnaire, driving simulator, and field test. The study
concluded that HL does affect road safety and mobility, particularly under complex driving
conditions. Drivers with HL exhibited more visual attention behaviors such as frequent mirror-
checking and scanning, and responded positively to tactile feedback integrated into GPS systems,
which helped them navigate more safely [8].

On the social and economic side, the rise of the gig economy has provided new job
opportunities for the DHH community. A study on DHH Uber drivers revealed that many benefit
from features in the Driver app that allow them to declare their hearing status. Though only 1.1%
of drivers enabled the DHH feature, internal data showed that DHH drivers generally spent more
hours on the road. Understanding how DHH drivers interact with app accessibility features offers
insights into improving technology for broader inclusion [9].

In domestic applications, an Arduino-based system was proposed to help deaf mothers
monitor infants. The device uses a microphone module and moisture sensor, transmitting alerts via
a 434 MHz RF module to a receiver with a vibrator, notifying the mother when the baby cries or
wets the bed. This project supports hearing-impaired caregivers in home environments [10].

More ambitiously, researchers proposed an integrated assistive device for individuals with
visual, auditory, or vocal impairments using Raspberry Pi and Google APIs. The system converts
text to speech, images to sound, and speech to text, depending on user needs. It combines a camera,
microphone, LCD display, and software libraries to provide all-in-one accessibility, enabling users
to read, speak, or listen through digital interaction [11].

Focusing again on driving challenges, several reports highlighted that deaf drivers may have

difficulty hearing essential traffic sounds like sirens and horns. They may also face communication
5
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issues with law enforcement or difficulty interpreting GPS instructions relying on voice. Some
proposed solutions include vibration-based alert systems, modified vehicles, or training with
professionals who understand the needs of deaf drivers. These accommodations can enhance
confidence and safety behind the wheel [12].

Additionally, haptic feedback systems have gained interest in supporting the DHH population.
A comprehensive PRISMA-based literature review categorized current haptic devices and
identified trends in tactile communication research. The review found that haptic devices could
supplement or replace auditory information for people with limited hearing, thus offering a
promising direction for further study in assistive technologies and human-computer interaction
[13].

Finally, recent work introduced an loT-based horn detection and classification system to
assist both deaf and distracted drivers. By recognizing the direction and intensity of honking
sounds, the system uses machine learning models with majority voting to display alerts on the
dashboard. The study reported 95% accuracy using a dataset of 600 audio files, demonstrating its

practicality for four-wheel vehicles and its potential in reducing accidents [14].

To further understand how these systems interpret environmental sounds, it is essential to
explore the fundamental nature of audio signals and their processing for use in Al classification
systems.

1.3 Introduction to Audio Signals:

With the growing reliance on intelligent systems for assistive driving, particularly for
individuals who are deaf or hard of hearing (DHH), understanding the structure and properties of
audio signals becomes foundational. These systems rely on accurate interpretation of
environmental sounds—such as horns, sirens, and engine noise—to provide timely and effective
feedback through visual or haptic channels.

An audio signal is a representation of sound that may exist in two primary forms: analog and
digital. Analog signals are continuous waveforms that vary smoothly over time, while digital
signals are sequences of discrete binary values derived from sampling and quantizing the analog
input. Audio signals typically span the frequency range of 20 Hz to 20,000 Hz, which corresponds

to the standard range of human hearing [15].
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1.3.1 Human and Vehicular Sound Sources:

Audio-based detection systems must account for a variety of sound sources. Among these,
the human voice is a significant element. Produced by the vibration of the vocal cords and shaped
by the vocal tract, its frequency varies with age and gender:

e Men: 85-180 Hz

e Women: 165-255 Hz

e Children: 250-400 Hz
Under conditions such as singing or shouting, vocal frequencies may exceed 1,000 Hz [16].
Vehicular sounds, both intentional and incidental, are also crucial in classification systems:

» Horn sounds vary with vehicle type:

e Cars: 250-4,000 Hz (typically 500-1,500 Hz)

e Trucks and buses: 100-500 Hz

e Bicycles: 2,000-5,000 Hz; electronic horns may reach up to 10,000 Hz [17]
» Non-honking sounds include engine and tire noise:

e Combustion engines: 20-1,000 Hz

e Electric motors: 100-5,000 Hz

e Tire-road interaction: 200-1,000 Hz [18]

1.3.2 Analog-to-Digital Conversion (ADC):
a) Sampling
Sampling is the process of measuring the amplitude of the analog signal at regular time

intervals. The sampling rate fs, measured in samples per second (Hz), determines the maximum
frequency that can be accurately represented. According to the Nyquist theorem, the sampling
rate must be at least twice the highest frequency in the analog signal:

fayquist = 2fmax
Where,

= fuyquist = Nyquist frequency

» fmax = The max frequency that appears in the signal
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Failing to meet this requirement results in aliasing, where the digitized signal deviates
significantly from the original. Figurel.l illustrates how a continuous analog signal is sampled and

converted into a digital signal [19].

111 I 13 i i 1 —
Analog input
110 = Digital output |
g :
s 100 . : "
- : Z
S 0l LR : : :
£ :
< otof : : -
000 = I } i i I i | .
0 0.1 0.2 03 0.4 05 06 0.7 0.8 0.9 1

Time (s)

Figure 1.1 A continuous analog signal converted into a digital signal through sampling [19].

When the sampling rate is too low, aliasing artifacts occur. These distortions cause the digital
output to misrepresent the frequency and shape of the original signal, leading to incorrect

interpretation in classification systems. This phenomenon is illustrated in Figurel.2 [19].

. L s
S ] | 4 L ]
- . o
Time —
Digital
output : s q»—l_
Time —

Figurel.2 An example of how aliasing occurs when the sampling rate is insufficient [19].
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b) Quantization
After sampling, each analog value is quantized—that is, approximated to the nearest
available digital level. The number of quantization levels depends on the bit resolution of the
ADC. For example, a 12-hit ADC offers 212 = 4096 distinct levels. The step size (resolution in
volts) is given by:
Step Size = Vrer / 2"

Where,

= VRet IS the reference voltage (e.g., 5V)

= nisthe bit depth.
Table I.1: Common ADC bit lengths with corresponding quantization levels and voltage step
sizes for a 5V reference.[19].

Bit Length Levels Step Size (5V Range)

256 19.53 mV
1024 4.88 mV
4096 1.22 mV
65536 76.29 pv

262144 19.07 pV
1048576 4.76 pV
16777216 0.298 pVv

c¢) Encoding and Storage
Finally, the quantized values are encoded into binary format and stored in digital audio file
types such as WAV, MP3, or FLAC.
> Lossless formats (e.g., WAV) retain full detail, ensuring high fidelity.
» Lossy formats (e.g., MP3) reduce file size at the cost of some detail.

Proper encoding ensures compatibility with classification algorithms and real-time applications.



Chapter I: Literature Review

1.4 Conclusion:

This chapter reviewed the current landscape of assistive technologies designed to support deaf
and hard-of-hearing (DHH) individuals, with a particular emphasis on solutions that enhance
safety, communication, and environmental awareness—especially in driving contexts. A wide
range of innovations has been explored, including wearable devices, smart gloves, haptic feedback

systems, and Al-enabled sound classification tools.

To support these systems, a foundational understanding of audio signals and their digital
representation was also introduced. The chapter discussed key technical principles such as analog
versus digital signals, human and vehicular sound frequency ranges, and the stages of analog-to-
digital conversion: sampling, quantization, and encoding. These concepts are crucial for
transforming real-world auditory information into usable data for intelligent classification and

response systems.
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Chapter IT: Frequency-Domain Analysis for Sound Classification

11.1 Introduction

This chapter provides an overview of key frequency-domain techniques used in audio signal
processing, with a focus on their role in intelligent sound recognition systems. It introduces
fundamental methods such as Fourier-based transforms and spectrogram analysis, which allow for the
extraction of time-frequency features from audio signals. In addition, the chapter outlines how these
features are integrated into artificial intelligence applications—particularly machine learning and deep
learning models—to enable tasks such as sound classification, speech recognition, and environmental
awareness.
I1.2 Frequency-Domain Analysis Methods for Vehicle Horn Sound Classification:
I1.2.1 Fast Fourier Transform (FFT):

Engineers frequently examine vibration in relation to frequency. A computing method called
the fast Fourier transform (FFT) breaks down a signal into its sine and cosine waves in order to
convert time-domain data into the frequency domain. Through this calculation, engineers can see

the frequency components of the signal instead of the total of those components.

Engineers can identify the excitation frequencies and amplitudes of a complicated signal with
the aid of the FFT. Additionally, it draws attention to amplitude and frequency variations as well

as harmonic excitation within the chosen frequency range [20].

A T P e
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Figure I1.1 A segment of time-domain data projected onto the frequency domain [20].
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I1.2.2 Short-Time Fourier Transform (STFT)

The STFT divides a long audio signal into small, overlapping time segments using a
windowing function—typically a Hann or Hamming window. Each segment is analyzed separately
using the Fourier Transform, which generates a localized frequency spectrum. By assembling the
spectra of all segments, the STFT creates a spectrogram: a 2D visualization of frequency (vertical

axis), time (horizontal axis), and amplitude (color intensity).
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Figure 11.2 This image illustrates the STFT process [21].
Several key parameters affect STFT performance:

e Window size balances time and frequency resolution.
e Window overlap improves continuity but increases computation.
e Window function type influences spectral leakage.

STFT is widely used in applications such as speech analysis, music processing, machine fault
diagnosis, medical signal monitoring (e.g., EEG, ECG), and telecommunications. Its ability to
capture time-localized frequency patterns makes it an essential tool in audio classification and
feature extraction systems [21].

I1.2.3 Spectrogram:

A spectrogram is a visual representation of the "loudness™ or signal strength of a signal across
time at different frequencies found in a specific waveform. One can observe how energy levels change
over time in addition to whether there is more or less energy at, say, 2 Hz vs. 10 Hz. Spectrophotograms
are frequently used in different fields to show the frequencies of sound waves captured by microphones

12
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and produced by people, machines, animals, whales, airplanes, etc. Spectrophotograms are being
utilized more and more in the seismic field to examine the frequency content of continuous signals
captured by a single seismometer or by a collection of seismometers in order to identify and describe
various earthquake or other earth vibration kinds.

In essence, spectrograms are two-dimensional graphs with colors standing in for a third dimension.
Along the horizontal axis, time moves from left (oldest) to right (youngest). The tic points along the
horizontal axis represent 1-minute intervals, and each of our sub-groups of spectrograms for
earthquakes and volcanoes displays 10 minutes of data. With the lowest frequencies at the bottom and
the highest at the top, the vertical axis symbolizes frequency, which is also referred to as pitch or tone.
The third dimension, color, represents the amplitude (or energy or "loudness™) of a certain frequency
at a given time; brighter hues up to red correspond to progressively greater (or louder) amplitudes,

while dark blues correlate to low amplitudes [22].

Strong signal between 4 - 8 Hz
: - -
215 s — -
: LS s
S0 D s
:J k\;"“. 3
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19:10 19:12 19:14

UTC Time (2013-10-1919:10:00
Time w—r

Figure I1.3 Detection of a Strong Seismic Signal in the 4-8 Hz Band at Station EDM EHZ (UW) [22].
The raw seismogram, which is shown above the spectrogram, has the same horizontal time axis
as the spectrogram (with the same tick marks) and a vertical axis that represents wave amplitude.
Seismograms, sometimes referred to as webicorder-style plots, are similar to this plot. Since it displays
both the raw waveforms for individual events and the strength or "loudness" at various frequencies,
the spectrogram-seismogram combo is a very powerful visualization tool. The frequency content of an

event can be important in determining the cause of a signal [22].
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I1.2.4 Mel-Frequency Cepstral Coefficients (MFCCs)

The mel-frequency cepstrum (MFC), which is based on a linear cosine transform of a log power
spectrum on a nonlinear mel scale of frequency, is a representation of a sound's short-term power
spectrum in sound processing.

An MFC is composed of a collection of coefficients known as mel-frequency cepstral coefficients
(MFCCs). They come from a nonlinear "spectrum-of-a-spectrum™ that is a kind of cepstral
representation of the audio sample. The MFC differs from the mel-frequency cepstrum in that its
frequency bands are evenly spaced on the mel scale, which more closely resembles the response of the
human auditory system than the normal spectrum’s linearly-spaced frequency bands. Better sound
representation, for instance, may be possible through frequency warping in audio compression, which
may lower the bandwidth needed for transmission and the amount of storage needed for audio signals.
MFCCs are often obtained in this way:

a. Take a signal's windowed extract and perform the Fourier transform on it.

b. Use triangle overlapping windows or, alternatively, cosine overlapping windows to map the
powers of the spectrum acquired above onto the mel scale.

c. Compile the power logs for every mel frequency.

d. Treat the list of mel log powers as a signal and take its discrete cosine transform.

e. The amplitudes of the resultant spectrum are known as the MFCCs.

Speech recognition systems, such those that can automatically identify numbers spoken into a
phone, frequently use MFCCs as features. Applications for music information retrieval, including
genre classification and auditory similarity metrics, are also increasingly using MFCCs [23].

I1.2.5 Mel Spectrogram

The Mel spectrogram is a time-frequency representation of audio that maps frequencies to the Mel
scale, which reflects human auditory perception of pitch [24]. It is computed by applying a Short-Time
Fourier Transform (STFT) to the signal, followed by a Mel filter bank and logarithmic scaling [25].
Unlike linear spectrograms, it provides a perceptually meaningful frequency axis, making it ideal for
applications such as speech recognition, sound classification, and music analysis [26],[27]. Its
compact and informative format is especially useful in deep learning models like CNNs for audio-

based tasks.
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Figure I1.4 Mel Spectrogram [28].

I1.2.6 Wavelet Transform:

Wavelet Transform

The Wavelet Transform (WT) is a powerful technique used to analyze non-stationary audio

signals by providing a time-frequency representation that captures both rapid and slow variations
within the signal. Unlike the Fourier Transform, which offers global frequency information, the
WT uses scaled and shifted versions of a localized wavelet function—known as the “"mother
wavelet"—to extract features at multiple resolutions.
In the context of vehicle sound classification, WT can effectively decompose complex horn or
engine signals into sub-bands that reflect different frequency behaviors over time. For instance,
sudden bursts from a honking sound may be isolated in higher-frequency bands, while low-
frequency engine hums are represented in lower bands. This multiresolution capability makes
wavelet analysis particularly useful for distinguishing overlapping or temporally varying sound
events.

By selecting appropriate wavelet functions and thresholding techniques, irrelevant noise can
be filtered out, and only the significant components of the signal—such as the spectral signature of

a car or truck horn—can be retained for further classification using machine learning models [29]

Among the various frequency-domain analysis techniques, Mel Spectrograms stand out as one of
the most effective tools for audio and speech-related tasks. Unlike other methods such as FFT or STFT,
which provide general spectral information, Mel Spectrograms are designed to reflect the nonlinear

characteristics of human auditory perception by applying a Mel scale filter bank to the frequency axis.
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This makes them particularly well-suited for tasks like horn sound classification, where capturing
subtle differences in timbre and tone is essential. Their detailed time-frequency representation and
strong performance in applications such as speech recognition, speaker identification, and
environmental sound classification make Mel Spectrograms a preferred choice in modern audio
analysis systems.

I1.3 Artificial intelligence Al

Once features have been extracted from audio signals using frequency-domain techniques,
the next step involves classifying these features using artificial intelligence methods. This section

provides a foundation in Al concepts relevant to sound classification.

I1.3.1 Defintion:

The art and science of developing computer programs and systems that can carry out intricate
activities that are comparable to those completed by humans—and occasionally even
outperforming human cognitive capacities in particular domains—is referred to as "Atrtificial
Intelligence™ [30].

A variety of contemporary approaches and methodologies, including machine learning,
artificial neural networks, voice and image recognition, and other technologies, are frequently used
in the construction of these systems and applications [31].

In a variety of scientific, social, industrial, economic, medical, and other domains, artificial
intelligence seeks to enhance and expand automated performance and production as well as offer
intelligent answers to both big and little issues. In addition, it is a fascinating area of study for
academics, scientists, engineers, and businesspeople, and it has promise for raising living standards
across a range of civilizations [32].

%+ How does Artificial intelligence (Al) work :

In order to comprehend how artificial intelligence (Al) functions, one must study a variety of
Al domains, including machine learning, deep learning, neural networks, natural language
processing, computer vision, and cognitive computing. These domains allow Al systems to process
and interpret large amounts of data, facilitating intelligent decision-making [33]. Al functions by
using particular algorithms that gather data and gradually improve their performance. These

algorithms serve as the basis for managing intricate business tasks and online transactions.
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The diagram shown in Figure I1.5 illustrates how does Artificial intelligence (Al) Work:

Artificial Intelligence

L
@ =
Cognitive Computer Machine Neural Deep Natural Language
Computing Vision Learning Networks Learning Processing

Figure I1.5: Al Work [33].
I1.3.2 Machine Learning (ML)

As a branch of artificial intelligence, machine learning focuses on creating models and
algorithms that let computers learn from data and make judgments or predictions without explicit
programming. This type of statistical analysis makes predictions or judgments by analyzing big
datasets, finding patterns and correlations, and using algorithms and models. [33].

Reinforcement learning, supervised learning, and unsupervised learning are a few popular
categories of machine learning algorithms. The system is taught using labeled data in supervised
learning, where the right response is given. Unsupervised learning requires the algorithm to
discover patterns and associations on its own after being taught on unlabeled data. Reinforcement
learning involves giving the algorithm feedback in the form of incentives or penalties, which allows
it to learn via trial and error [34].

There are several uses for machine learning in a variety of industries, including as marketing,
banking, and healthcare. It is employed for applications including anomaly detection, natural
language processing, picture and audio recognition, and predictive modeling [36].

R/

%+ How does Machine Learning (ML) work

One of the main components of machine learning is the ability to generalize from the training
data to unseen data, which is achieved by training machine learning algorithms on a dataset to

produce a model that can perform tasks or make predictions based on new input data. During the
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training process, the algorithm learns patterns, relationships, and features from the training dataset.

After receiving new, unseen data as input, the model can use the learned patterns to perform the

desired task or make predictions [37].

The diagram shown in Figure I1.6 illustrates how does Machine Learning (ML) work:
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Figure I1.6 ML Work [37].

% Machine Learning Components :

Machine learning typically involves three main components:

a.

Model: A machine learning system's model is a mathematical depiction of the connection
between its inputs and outputs. The method used for the specific purpose informs the model's
architecture, and it is trained on a dataset to identify patterns and correlations [38].

Algorithm : The machine learning system uses an algorithm, which is a collection of guidelines
or processes, to learn from the data and use that knowledge to generate predictions or choices.
The kind of issue being handled and the properties of the data are taken into consideration while
selecting the method [38].

Data : The machine learning system learns and makes predictions or choices using this raw
input. The machine learning system's performance depends on both the amount and quality of
the data [39].

I1.3.3 Deep learning DL

Deep learning is a branch of machine learning that models and resolves complicated issues

using multi-layered artificial neural networks. It can learn to identify patterns in data without
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explicit programming since it is modeled after the composition and operations of the human brain.
Numerous applications, such as computer vision, natural language processing, speech
recognition, and gaming, have seen notable breakthroughs because to deep learning. Additionally,
it has demonstrated cutting-edge performance in a variety of difficult tasks, including language
translation, picture and speech recognition, and gaming [35].
I1.3.4 The Relationship between Artificial intelligence, machine learning and deep learning
An outline of advancements in deep learning, machine learning, and artificial intelligence is
given in this section. It has useful information for anyone who are interested in these subjects.
Figure I1.7 shows the main differences between these three scientific disciplines [40].

Artificial Intelligence

Machine Learning

Deep Learning

Figurell 7 Al, ML and DL[40].
e Artificial Intelligence (Al)

One essential element of computer science is artificial intelligence (Al) [41],[42]. The
ability of computers to do activities like teaching, logical thinking, self-correction, and self-
programming—tasks that are often associated with human intelligence—represents a scientific
accomplishment. Making it possible for computers to carry out activities that were previously
completed by people is the main goal of artificial intelligence [43]. Al is essential to many
scientific and practical domains, and its impact is seen in daily life across a range of sectors,
including industry, agriculture, and health. Surgeons, for example, use robots to carry out
extremely precise procedures. Learning, pattern recognition, reasoning, problem-solving,
visual perception, and language understanding are among the skills that Al has the potential to

improve [40].
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Machine Learning (ML)

A subset of artificial intelligence, machine learning entails creating IT systems that can
recognize patterns and connections in data without the need for explicit programming [44],
[45]. Machine learning has shown itself to be quite helpful over time in a number of fields,
including research, business, and enhancement [46],[47]. Automatic knowledge generation,
algorithm training, connection discovery, and pattern recognition are among its capabilities.
Predictions and process optimization can be achieved by applying the patterns and correlations
found by machine learning to previously unexplored datasets [40].

Deep Learning (DL)

A subfield of machine learning called "deep learning™ aims to develop models that can
solve challenging real-world issues at a level that is similar to that of the human brain. Artificial
neural networks and simulation-based learning strategies are used to do this [48], [45]. Deep
learning models can analyze and understand enormous volumes of data to provide precise
predictions and judgments because they are made to resemble the composition and operations
of the human brain. These models may handle complex and difficult issues in a variety of
disciplines by using deep neural networks with numerous layers to extract complex patterns
and representations from the data [40].

Deep learning is a branch of machine learning that relies on building models composed of
multiple layers of neural networks, aiming to automatically learn complex data representations.
Among the most prominent and powerful deep learning models are Convolutional Neural
Networks (CNNSs), which have proven to be highly effective in handling spatially structured
data such as images and audio. CNNs are based on the concept of gradually extracting features
through multiple layers of convolution and pooling, enabling them to recognize fine and
abstract patterns in data without the need for manual feature engineering.

I1.3.5 Convolutional Neural Network (CNN or ConvNet)

Convolutional neural networks (CNNs) are artificial intelligence systems based on multi-
layer neural networks that can identify, recognize, and classify objects as well as detect and
segment objects in images. In fact, CNN or ConvNet is a popular discriminative deep learning
architecture that could be learned directly from the input object without the obligation for

human feature extraction. This network is frequently used in visual identification,
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medical image analysis, image segmentation, NLP, and many other applications since it is
specifically designed to deal with a range of 2D shapes . It is more effective than a regular
network since it can automatically identify key elements from the input without the need for

human participation [49].
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Figure I1.8: The CNN Components [49].
I1.4 Conclusion
This chapter presented a structured overview of fundamental techniques in audio signal
processing, with a particular focus on frequency-domain methods and their role in intelligent sound
classification systems. Key transformations such as the Fast Fourier Transform (FFT), Short-Time
Fourier Transform (STFT), spectrograms, Mel spectrograms, MFCCs, and Wavelet Transform
were introduced as powerful tools for extracting time-frequency features from complex and non-

stationary audio signals.

These techniques enable the analysis of environmental sound signals—such as vehicle
horns—by generating representations that reveal meaningful internal patterns suitable for
automatic processing. The chapter also discussed how these features can be integrated into artificial
intelligence approaches, particularly machine learning and deep learning, to build accurate and

adaptive sound classification systems.
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In the next chapter, we will develop an intelligent system that analyzes vehicle sounds using
Mel spectrogram features, which will be transformed into image-like inputs for a Convolutional
Neural Network (CNN). This system aims to support hearing-impaired drivers by enhancing their

awareness of surrounding traffic sounds during driving.
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Chapter I11: Design of a Smart Device for Assisting Drivers with Hearing Impairments.

I11.1 Introduction:

This chapter presents the practical implementation of an intelligent assistive system designed
to support drivers with hearing impairments. The system aims to detect critical traffic sounds, such
as vehicle horns and emergency sirens, and translate them into visual and tactile signals. By
combining embedded hardware components with artificial intelligence techniques—specifically
Mel Spectrogram analysis and Convolutional Neural Networks (CNNs)—the system enhances
situational awareness for the driver. This chapter details the overall system architecture, key
components, software environment, data processing stages, and the deployment process on a
Raspberry Pi.

I11.2 General Architecture of the Proposed System:

The proposed intelligent system is designed to assist drivers with hearing impairments in
perceiving critical environmental sounds—such as sirens and car horns—through non-auditory
means, ensuring safe and effective driving. This system is based on a pre-trained artificial
intelligence model that utilizes Mel Spectrogram and Convolutional Neural Networks (CNNs) and
is deployed on a Raspberry Pi 4 board.

The system operates by continuously capturing ambient audio through a built-in microphone.
The captured sounds are then converted into spectral representations using Mel Spectrogram
methode. These representations are analyzed by the Al model to determine the presence of nearby
vehicles. Upon detection, the system sends two types of alerts to the driver: a tactile signal via a
vibration motor embedded in the steering wheel and a visual message, such as "Vehicle Detected",
displayed on an LCD screen.

Figure 111.1 illustrates the architecture of the proposed smart system, highlighting the integration

of its various components to fulfill its assistive function.
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Figure 111.1 A Smart Assistive System for Individuals with Hearing Impairments.

111.3 System Components:
The system is built using a set of key electronic and technological components, summarized in

the following table:
Table I11.1: Component of the smart Device for Deaf Drivers

Components Function

Raspberry Pi 4 Model B

The Raspberry Pi 4 Model B is a powerful single-board computer
equipped witha  Broadcom BCM2711 quad-core Cortex-A72 (ARM v8)
64-bit SoC, available with 2GB, 4GB, or 8GB of RAM. It features dual-band
2.4GHz and 5GHz wireless LAN, Bluetooth 5.0, two USB 3.0 ports, two USB
2.0 ports, Gigabit Ethernet, dual micro-HDMI ports supporting up to 4K
display, a USB-C power connector, a 3.5mm audio/video jack, and a 40-pin
GPIO header. With significantly enhanced processing power, memory, and
connectivity compared to its predecessors, the Raspberry Pi 4B is widely used
in advanced DIY projects, educational tools, prototyping, and embedded
systems.
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USB Sound Card

Mic_Only Headset_Jack

Vibration Motor

7-Inch LCD Screen

The USB Sound Card is an external audio interface that provides sound
input and output capabilities through a USB connection. It typically includes
a headphone jack and a microphone input, enabling audio capture and
playback without relying on the computer’s built-in sound hardware. USB
sound cards are compact and plug-and-play, making them ideal for use in
embedded systems such as the Raspberry Pi, especially when high-quality or
additional audio input/output is needed. In the context of a smart system, the
USB sound card plays a crucial role in capturing environmental audio for
further processing by the artificial intelligence model.

The Mic-Only Headset Jack is an audio interface designed specifically
for connecting a mono or stereo microphone input through a 3.5mm audio
jack. Unlike standard headphone jacks, this component is dedicated solely to
capturing audio signals, making it ideal for voice input in embedded systems
and smart devices. When used with a USB sound card or directly with a
Raspberry Pi that supports microphone input, the Mic-Only Headset Jack
enables clear and focused audio capture, which is essential for applications
such as voice recognition, environmental sound analysis, or real-time audio
processing in assistive technologies.

This motor is mainly designed to generate strong vibrations.It works by
spinning an eccentric (unbalanced) weight attached to its shaft. As the shaft
spins, the off-center weight creates a wobbling force, which feels like a
vibration.

A 7-inch LCD (Liquid Crystal Display) screen is a flat-panel display that uses
liquid crystals to produce images. With a resolution of 1024x600 pixels, it
offers clear and sharp visuals suitable for various applications. These screens
are commonly used in embedded systems, portable devices, and as user
interfaces in industrial equipment. They can display information, videos, or
serve as touch interfaces when equipped with a touch-sensitive layer.
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The integration of these components enables the system to translate auditory signals into clear
visual and tactile notifications, enhancing situational awareness for drivers with hearing
impairments and supporting timely decision-making while driving.

I1.4 Programming Environment and Required Libraries:

The development of the smart assistive device for drivers with hearing impairments was
carried out using the Python programming language due to its flexibility and the wide availability
of open-source libraries suitable for artificial intelligence and signal processing tasks. The
implementation was done in a cloud-based environment using Google Colaboratory (Google
Colab), which offers the power of Jupyter notebooks with access to high-performance

computational resources such as GPUs and TPUS.

Google Colab was particularly useful for this project, providing the following advantages:
e Writing, executing, and debugging Python code for audio signal processing.

o Extracting Mel spectrograms using the librosa library for sound classification.

e Training deep learning models with TensorFlow or Keras, using free GPU acceleration.
o Easy team collaboration via Google Drive integration.

e Avoiding the need for local hardware setup, which is especially beneficial for machine learning

projects requiring substantial computational resources.
Libraries Used:

A range of Python libraries were employed to perform various tasks throughout the

development process. The following is a summary of the key libraries and their functions:

e 0s: A built-in Python module used for interacting with the operating system, including file and

directory management.

e« numpy: A fundamental library for numerical computations, particularly useful for array

manipulations and data preprocessing.

o librosa: Specialized in audio and music signal processing. It was used to extract features like

Mel spectrograms from audio signals.
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o librosa.display: A submodule used to graphically visualize audio signals such as waveforms

and spectrograms.

o matplotlib.pyplot: A plotting library used to visualize audio features and model outputs via

graphs and charts.

o tensorflow: An open-source deep learning framework developed by Google, used to design

and train the neural network model for sound classification.

o tensorflow.keras: A high-level API within TensorFlow that simplifies model development,

compilation, and training workflows.

o tensorflow.keras.layers: Provides essential neural network layers like Dense and Conv2D,

used in defining the model architecture.

o sklearn.model_selection.train_test_split: A function from the Scikit-learn library used to

split the dataset into training and testing subsets.

o sklearn.preprocessing.LabelEncoder: Converts categorical text labels (e.g., "Horn",

"Engine") into numerical values for model compatibility.

e time: A standard library module used to measure execution time and monitor the duration of

various operations.

e sounddevice: Facilitates real-time audio input and output with low latency, ideal for capturing

ambient sounds.

o playsound: A simple module used for playing back recorded or processed audio clips, aiding

in result verification and user feedback.

These tools and libraries collectively formed the foundation for programming the smart device and
optimizing its performance to detect and respond to relevant environmental sounds effectively.
II1.5 Stages of the project:
I11.5.1 Sound collection phase:

In this stage, we will collect the sounds that we will later train the model with, and the obtained

set of sounds will go through several stages to be ready for the training process, we will include
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our own sounds for the set and we will use URecorder to record the sounds in Wav format as shown
in the following figure:

We categorize the sounds we collected into two parts: the first is the presence of a vehicle with
horn sounds (car, ambulance, truck, and motorcycle) and the second is the absence of a vehicle
(road noise and vehicle engines).
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Figure II1.3: The shape of the two files obtained after the categorization process.
I11.5.2 Feature extraction stage:
After we have collected the sounds, the feature extraction phase comes to the mel

spectrogram.

28



Chapter I11: Design of a Smart Device for Assisting Drivers with Hearing Impairments.

% Extraction code for mel spectrogram:

import librosa

import librosa.display

import matplotlib.pyplot as plt
import numpy as np

import 0s

import shutil

son_folder = */content/dr
route fina folder = “/co

# Nutnit haer
# | | |

output_path mel = */content/drive
0s.makedirs(os.path. join(output path mel, "vehicle"), exist ok=True)
0s.makedirs(os.path. join(output _path mel, “non vehicle"), exist ok=True)

n ff
hop length = 512 #
n_mels = 128 # Number of M

H rd3 AN - ananata Mal enarénannam and eaun +
Enny an + ananpato nartnnonram na ¢ o 11
# runction 10 pgenerate MeL Spectrogram ana Save 11

def process and save mel spectrogram(audio path, label, index):
audio data, sample rate = librosa.load(audio path)
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f Generate Mel spectrogran (R C)
mel spectrogran = librosa.feature.melspectrogran(y=audio data, sr=sample rate, n fft=n fft, hop length=hop length, n mels=n mels)
mel spectrogran db = librosa.amplitude to db(mel spectrogram, ref=np.max)

olt Fgure(Figsize=(2.4, 2.24), dpi-109)
plt.axis('off')
librosa.display.specshow(mel spectrogram db, sr=sample rate, hop_length=hop length)

4

# Save the Mel spectroeram 1n the approoriate tolder

al I Ul

save path = os.path.]oin(output_path_mel, label, "{index} {os.path.basename(audio path).replace(".uav’, "')}.]
plt.savefig(save path, bbox inches="tight', pad inches=0)
plt.close()

rln alatad £31ac 1CO nlAa
-NRIATA0 TIPS (N T n
Lie-related TLIES (JUN TULLEI

r audio file in os.listdir(son folder):
if audio file.endswith('.uav'):
audio path = os.path. join(son folder, audio file)
process and save mel spectrogram(audio path, "vehicle®, index)
index += 1

-d‘;ﬁ r1lies (ROUT

ETNA fnldarn)
FINA folde

or audio file in os.listdir(route fina folder):

if audio file.endswith('.wav’):
audio path = os.path.join(route fina folder, audio file)
process_and save mel spectrogram(audio path, "non_vehicle”, index)
index += 1

Figure II1.4: Extraction code for mel spectrogram.
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% The result for Mel-spectrogram:
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a8, L Al Azduall a @ oo S Line Ayl dxiuall cals
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Figure II1.5: The result for mel spectrogram.
I11.5.3 Model training and transformation phase:

e Install the necessary libraries:

We download the libraries needed for Model, as shown in Figure II1.7:
v+ B R P00

© # Lol olotell ands (L 5 deally 2100 85 pd 13) Colab)
!pip install librosa tensorflow numpy matplotlib scikit-learn

Requirement alreagy satistled: TENSOrtloW 1M /USr/1OC3L/l1b/pyTnons.11/d1ST-packages (2.18.9) F
Requirement already satisfied: numpy in /usr/local/lib/python3.11/dist-packages (2.8.2)

Requirement already satisfied: matplotlib in /usr/local/lib/python3.11/dist-packages (3.10.8)

Requirement already satisfied: scikit-learn in fusr/local/lib/python3.11/dist-packages (1.6.1)

Requirement already satisfied: audioread»>=2.1.9 in /usr/local/lib/python3.11/dist-packages (from librosa) (3.8.1)

Requirement already satisfied: numba»=8.51.8 in /usr/local/lib/python3.11/dist-packages (from librosa) (8.68.8)

Requirement already satisfied: scipy»=1.6.8 in fusr/local/lib/python3.11/dist-packages (from librosa) (1.14.1)

Requirement already satisfied: joblib»=1.8 in /usr/local/lib/python3.11/dist-packages (from librosa) (1.4.2)

Requirement already satisfied: decorator»=4.3.8 in fusr/local/lib/python3.11/dist-packages (from librosa) (4.4.2)

Requirement already satisfied: soundfile»>=8.12.1 in fusr/local/lib/python3.11/dist-packages (from librosa) (8.13.1)

Requirement already satisfied: pooch»=1.1 in /usr/local/lib/python3.11/dist-packages (from librosa) (1.8.2)

Requirement already satisfied: soxr>=0.3.2 in fusr/local/lib/python3.11/dist-packages (from librosa) (8.5.8.post1)

Requirement already satisfied: typing_extensions»=4.1.1 in /usr/local/lib/python3.11/dist-packages (from librosa) (4.13.2)

Requirement already satisfied: lazy_loader>=8.1 in /usr/local/lib/python3.11/dist-packages (from librosa) (8.4)

Requirement already satisfied: msgpack>=1.8 in fusr/local/lib/python3.11/dist-packages (from librosa) (1.1.8)

Requirement already satisfied: absl-py»=1.8.@ in fusr/local/lib/python3.11/dist-packages (from tensorflow) (1.4.8)

Requirement already satisfied: astunparse»=1.6.@ in fusr/local/lib/python3.11/dist-packages (from tensorflow) (1.6.3)

Requirement already satisfied: flatbuffers»=24.3.25 in /fusr/local/lib/python3.11/dist-packages (from tensorflow) (25.2.18@)

Requirement already satisfied: gast!-0.5.0,!=0.5.1,!=0.5.2,>=8.2.1 in /usr/local/lib/python3.11/dist-packages (from tensorflou) (08.6.8)
Requirement already satisfied: google-pasta»=8.1.1 in /usr/local/lib/python3.11/dist-packages (from tensorflow) (8.2.8)

Requirement already satisfied: libclang»=13.0.8 in fusr/local/lib/python3.11/dist-packages (from tensorflow) (18.1.1)

Requirement already satisfied: opt-einsum»>=2.3.2 in fusr/local/lib/python3.11/dist-packages (from tensorflow) (3.4.8)

Requirement already satisfied: packaging in /usr/local/lib/python3.11/dist-packages (from tensorflow) (24.2)

Requirement already satisfied: protobuf!-4.21.8,!-4.21.1,1-4.21.2,!-4,21.3,!-4.21.4,!=4.21.5,¢6.0.8dev,>=3.28.3 in /usr/local/lib/python3.11/dist-packages (fron

0

Figure II1.6: Download the necessary libraries for Model.
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e Training the model:

After we get all the 1600 sounds we need, we move 20% of them Test and 80% of them
Train.

[ 1 EPOCHS = 25 # (5135l was 414035 4
BATCH_SIZE = 32 # wiyju5 ssbs S o5 asiidl pas

aSal) pSa) wyaddl Ol jgd dus

print("\ngdsaitl wojyas sas...")
start_time_train = time.time()

# z3gaidl wojyas
history = model.fit(
X_train,
y_train,
batch_size=BATCH_SIZE,
epochs=EPOCHS,
validation_data=(X_val, y_val) # s13Y1 Zi30 ;a1 gaaill olslay pl assiel

end_time_train = time.time()
print(f"\n5 wyusitt jas<l {end_time_train - start_time_train:.2f} Z,515.")

Figure II1.7:. Code training.

e The result obtained:

1yl

el s en, .

Epoch 1/25

40/40 72s 2s/step - accuracy: 8.5696 - loss: 172.8896 - val_accuracy: 8.9375 - val_loss: @.3277
Epoch 2/25

40/40 T4s 2s/step - accuracy: 8.9859 - loss: 8.8718 - val_accuracy: 8.9875 - val_loss: 8.1819
Epoch 3/25

40/40 72s 2s/step - accuracy: 8.9928 - loss: 8.8347 - val_accuracy: 8.9986 - val_loss: 8.89568
Epoch 4/25

40/40 71s 2s/step - accuracy: ©.9941 - loss: 8.8198 - val_accuracy: 8.9937 - val _loss: 0.0199
Epoch 5/25

40/40 86s 2s/step - accuracy: ©.9948 - loss: 8.8235 - val _accuracy: ©.9875 - val loss: ©0.0641
Epoch 6/25

40/40 855 2s/step - accuracy: ©.9981 - loss: ©.8162 - val accuracy: 8.996%9 - val_loss: @.8449
Epoch 7/25

40/40 79s 2s/step - accuracy: 8.9979 - loss: 8.8876 - val_accuracy: ©.9969 - val_loss: 8.8232
Epoch 8/25

40/40 78s 2s/step - accuracy: 8.9978 - loss: 8.8866 - val_accuracy: 1.8888 - val_loss: 8.8893
Epoch 9/25

40/40 785 2s/step - accuracy: 8.9981 - loss: 8.8841 - val_accuracy: 8.9969 - val_loss: 8.8184
Epoch 18/25

48/48 73s 2s/step - accuracy: 8.9960 - loss: 8.8848 - val_accuracy: 8.9969 - val_loss: 0.0698

Crmrh A4 §9C

Figure II1.8:. Result obtained.
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e FEvaluation results on verification data:

[ ] 1loss, accuracy = model.evaluate(X val, y val, verbose=0)
print(f"\ngaxi’ olilsy s ara il aSL55:")
print(f" Loss (s luws !1): {loss:.4f}")
print(f" Accuracy (is.!1): {accuracy:.4f} ({accuracy*100:.2f}%)")

[¥]

Loss (s_ksal): ©.0213
Accuracy (%&d): (%99.37) ©.9937

a3~ 1! ) i3
330 —_an = aanl e

Figure I11.8:. Evaluation results on verification data.

e The curves represented by the model’s accuracy and loss ratios:

15l

Training and Validation Accuracy Training and Validation Loss
1.00 —— Training Loss
60 4 —— Validation Loss
0.95 1
50 F
0.90 q
. 40 A
=
T o085 "
g 930
£
0.80 1
20
0.75 1
- 10 4
—— Training Accuracy
0.70 1 —— Validation Accuracy 04

Figure II1.9:. The curves represented by the model's accuracy and loss ratios.

Save the entire form:

[] # (giaddt 3L+ o571 + Lidl) Jalsly gigaill his
model.save("simple audio_cnn_model.h5")
print("puls slaiy gisaill his a3 simple audio_cnn_model.h5")

# LY gdgaildl Juanil:
# loaded_model = keras.models.load model("simple_audio_cnn_model.h5")
# print("byinall gligaill Juand pi.")

4

WARNING:absl:You are saving your model as an HDFS5 file via “model.save()™ or “keras.saving.save_model(model)
adb el #isadl kis S simple_audio_cnn_model.h5

Figure II1.10:. Save the entire form.
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I11.5.4 Testing Model:
e Full code:

mama.py x

{target_sr}
_resample{y=—audio orig sr=sr, target_sr=t

amples = len{audi ata)
Ttar amples = int({duration * target_sr)
if current_samples target
audio _data = -pad(audio ( arget_samples - current_samples), mode="
elif current_sampl > T mples:
audio_data = audio_data[:target_samples]

mel_spectrogram — lib - s t , - ngth—hop_1
log_mel_ spectrogram

expected_width
current_width = al e[1]
if current_width
pad_width_spec = exp current_width
log_mel_spectrogram i [ _mel_spectrogram, 8, pad_width_. . mode=
2e1if current_width >
ectrogr _mel a < expected_width]

Cctrogram = s t gram[np . n e -x NPp-newaxis’]

ctrogram . mel_ gram.astype(np-float

log _mel_ sp trogram

nd_print{preprocess _=pec am)
— model .predict(preprocessed spectrogram)
probability horn — prediction[e][e]

print ("

record_ audio{duration - IPLE_RATE) :
primt(

data ( tion__ ; mplerate—fs, channels—1)
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A X4

audio_data_| samplerate_rec = record_audio()

spectrogram_to_predict = preprocess_audio{audio_data rec, samplerate_rec)
pPFdlCt _and_print(spectrogram_to predict)

Figure II1.11:. Full code.
The results that emerged at the end of the experiment:

Result Véhicule détecte:

/)
Users/ounz/AppData/Local/Programs/Python/Python312/python.exe c:/Users/ounz/Desktop/project/mama.py

I tens Lok futil/port. oneDNN custom operations are on. You may see slightly different numerical re
5ult5 due to floating-point round-off errors from different computation orders. To turn them off, set the environment variable ~TF_ENABLE_ON
EDNN_OPTS=8" .
sults due to floating-point round-off errors from different computation orders. To turn them off, set the environment variable “TF_ENABLE ON
EDNN_OPTS=0"
. : T tensorflow/core/platform/cpu_feature_guard. 8] This TensorFlow binary is optimized to use available CPU in
structions in performance-critical operations.
To enable the following instructions: AVX2 FMA, in other operations, rebuild Tensorflow with the appropriate compiler flags.
WARNING: abs1:Compiled the loaded model, but the compiled metrics have yet to be built. “model.compile metrics™ will be empty until you train

or evaluate the model.

Recording started...
Recording finished.
1/1 @s 417ms/step

> Vehicle detected (Car horn likely

Figure II1.12 Result VVehicule Détecte.
Result No Véhicule détecte:

1 I tensorflo
sults due to +loat1ng p01nt round-off e
EDNN_OPTS=8"

5-15 126. : oneDNN custom operations are on. You may see slightly different numerical re
sults due to floating-point round-off el rom differ i rders. M Ff, vir variable “TF_ENABLE ON
EDNN OPTS=@".

y u_feature_guard ] This TensorFlow binary is optimized to use available CPU in
ions in pi +ormanre crit operations.

To enable the following instructions: AVX2 FMA, in other operations, rebuild TensorFlow with the appropriate compiler flags.
WARNING:absl:Compiled the loaded model, but the compiled metrics have yet to be built. “model.compile metrics™ will be empty until you train
aluate the model.
ing started...
Recording finished.
1/1 @s 389ms/step

===> No vehicle detected (Likely road noise)

Figure II1.13: Result No Véhicule Détecte.
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I11.6 System Settings of Raspberry Pi:

To set up the Raspberry PI system we follow the following steps:

e We reformat a card micro SD.

e We download the operating system of Raspberry pi. It is Raspbian by Raspberry pi Imager
from the official website of Raspberry pi.

Install Raspberry Pi OS using
Raspberry Pi Imager

es e Raspberry Pi imager v1.8.1

' Raspberry Pi
Raspberry Pi Imager is the quick and easy way to install

Raspberry Pi OS and other operating systems to a microSD
card, ready to use with your Raspberry Pi.

CHOOSE cE CHOOSE 0S CHOOSE STORAGE

Download and install Raspberry Pi Imager to a computer
with an SD card reader. Put the SD card you'll use with
your Raspberry Pi into the reader and run Raspberry Pi
Imager.

Download for Windows

Download for macOS

Download for Ubuntu for x86

Figure II1.14: Install Raspberry pi operating system.

e We connect card a micro SD to the Raspberry pi.

Figure II1.15: Connect a card a micro SD.

First, we connect the keyboard and mouse to the USB ports. Then, we connect an HDMI cable
to display the system interface on the screen. Finally, we provide power to the Raspberry Pi using

a 5V power supply.
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Fig II1.16: Connect Raspberry Pi to the screen.

e We install the Raspbian operating system on the Raspberry pi and then adjust
the system settings.

e The tried-and-true modal app on the computer to Raspberry Pi:

Figure II1.17: Image of the entire project.
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I11.7 Conclusion:

In this final chapter presenting the work done, we built and trained a smart device design model
for a deaf driver on a Raspberry Pi using the Python programming language and Simple-audio-
CNN. By setting up the experiment environment by downloading the necessary libraries and tools,
then collecting and setting up the database of voices and training the model using the CNN
language in Google colab. After that, we converted the model to TF-Lite and optimized it in order
to reduce space and speed up processing in the Raspberry Pi, which is a small device with low
power consumption, and we obtained our classification model, after that we tested the model and

obtained very acceptable results up to 60%, which proves that it can be used.
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Conclusion



General Conclusion

In conclusion, we emphasize that the design and development of an intelligent system to assist
deaf drivers is an important step towards enhancing traffic safety and social inclusion for people
with special needs. Through this work, we were able to combine artificial intelligence, audio signal
processing, and microcomputing techniques to create a device capable of recognizing important

ambient sounds and converting them into real-time visual and haptic notifications.

The study started by defining the theoretical framework of the issue by reviewing the
characteristics of hearing impairment and its impact on driving vehicles, then the technical aspects
related to the representation and feature extraction of audio signals using tools such as FFT,
Spectrogram, and Mel Spectrogram. An integrated system was built based on a Raspberry Pi board,
an LCD display, and a vibration engine, supported by an Al model trained with powerful libraries
such as TensorFlow and Librosa to analyze and classify sounds.

The results of the tests conducted proved that the model is able to distinguish between different
sounds with an acceptable accuracy of up to 60%, which opens the way for future performance
improvements by increasing the number of samples, improving the quality of the recordings, and

using deeper and more complex models.

This project, despite its relative simplicity, is a promising basis for the development of
intelligent assistance systems for people with sensory impairments, and can be further developed
to include more advanced functions such as speech recognition, emergency communication, or

even integration into autonomous driving systems.

We hope that this MoU will highlight the importance of developing smart and accessible
solutions that ensure equal opportunities and take into account the needs of all segments of society,

including people with special needs, towards a more inclusive and safe environment for all.
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