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ABSTRACT

This research presents a pioneering real-time vehicle horn detection and alert system designed to enhance
road safety for deaf drivers navigating the complex auditory landscapes of urban environments, such as
Colombo, Sri Lanka. The system leverages cutting-edge technologies, including two INMP441 MEMS
microphones strategically positioned to capture audio signals within a 10-meter radius around the vehicle.
These signals are processed using a Convolutional Neural Network (CNN), meticulously trained on a
comprehensive feature set comprising Mel-Frequency Cepstral Coefficients (MFCCs), spectral contrast,
and zero-crossing rate, achieving a classification precision of 92.3%. To provide precise directional
awareness—an essential component for deaf drivers—the system employs the Time Difference of Arrival
(TDOA) algorithm, yielding a localization accuracy of 91.5% with an average angular error of just 4.2
degrees.

Integration with Internet of Things (IoT) platforms, specifically the ESP32 and Raspberry Pi, facilitates
seamless communication via Wi-Fi (using MQTT with 100 ms latency) and Bluetooth (50 ms latency),
delivering multi-modal alerts to the user. These alerts include visual notifications displayed through a
custom-designed mobile application and haptic feedback transmitted via a wristband, ensuring immediate
and intuitive responses to detected horns. Extensive field testing conducted across 50 trials in Colombo’s
peak traffic conditions (85 dB noise levels) demonstrated a robust detection accuracy of 94.2%, alongside
a significant reduction in response time by 1.2 seconds compared to traditional visual-only systems. An
adaptive noise filtering mechanism further bolsters reliability by reducing false positives by 15%,
addressing one of the primary challenges in urban noise environments.

This system represents a scalable, innovative assistive technology tailored to the needs of the hearing-
impaired community, particularly in regions with high traffic density and noise pollution. Its implications
extend beyond immediate safety enhancements, contributing to the broader discourse on inclusive
transportation solutions.

Keywords: vehicle horn detection, deaf drivers, machine learning, 10T, sound localization
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1 INTRODUCTION

1.1 Background & Literature Survey

The safety of deaf drivers in urban environments is a pressing concern, as they are inherently
unable to perceive auditory cues critical for road navigation—most notably, vehicle horns. Horns
serve as immediate warnings for a variety of hazards, including overtaking maneuvers, emergency
vehicle approaches, and pedestrian crossings. In Sri Lanka, this issue is particularly acute, with the
Department of Census and Statistics reporting over 300,000 hearing-impaired individuals as of
2023 [4]. Colombo, the nation’s commercial hub, exemplifies the challenge: its dense traffic,
frequent congestion, and noise levels averaging 85 dB during peak hours create a chaotic
soundscape where auditory signals are both vital and difficult to isolate. For deaf drivers, reliance
on visual cues alone—such as rearview mirrors or basic dashboard indicators—often proves
inadequate, lacking the immediacy and directional specificity required to respond effectively to

dynamic threats.

Traditional assistive solutions have attempted to bridge this gap, but their limitations are evident.
Rearview mirror notifications and dashboard lights, for instance, provide binary alerts without
context, failing to indicate the source or urgency of a horn. These systems also struggle in high-
noise urban settings, where distinguishing a horn from ambient sounds like engines or construction
noise is a significant challenge. The need for a more sophisticated, reliable, and tailored solution
is clear, particularly in a country like Sri Lanka, where road safety statistics highlight over 2,500

annual traffic fatalities, many linked to delayed hazard recognition.

The advent of modern technologies offers promising avenues for improvement. Machine learning,
with its ability to classify complex patterns, and 10T, with its capacity for real-time connectivity,
have revolutionized assistive systems across domains. In the context of deaf driver safety, prior
research provides a foundation but falls short of a holistic solution. Beritelli and Casale [1]
developed an emergency signal recognition system using basic audio processing techniques,
achieving an accuracy of 88% in controlled environments. Their approach, while innovative,

lacked sound localization, rendering it less effective in scenarios requiring directional awareness—



such as identifying whether a horn originates from the left, right, or rear. Zhao et al. [3] advanced
the field with a TDOA-based sound localization method, reporting 95% accuracy in lab settings
with minimal noise interference. However, their system’s untested performance in real-world
urban conditions raises questions about its practical deployment, especially in noise-heavy
environments like Colombo. Meanwhile, Sharma [2] explored machine learning for predictive
maintenance in driver-assistance systems, achieving 90% precision, but their focus on long-term
system health rather than immediate hazard detection leaves a critical gap for deaf drivers needing

real-time alerts.

This research addresses these deficiencies by proposing a novel system that integrates machine
learning, sound localization, and 10T into a cohesive, real-time vehicle horn detection and alert
framework. The system employs a CNN to classify horn sounds with high precision amidst urban
noise, TDOA to pinpoint their direction, and 10T to deliver multi-modal alerts (visual and haptic)
tailored to deaf drivers’ needs. By testing this solution in Colombo’s challenging traffic conditions,
it aims to offer a practical, scalable advancement over existing technologies, contributing to the
global push for inclusive transportation.
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Figure 1 - Urban Traffic Noise Profile in Colombo

1.2 Research Gap

The literature reveals a fragmented landscape of assistive technologies for deaf drivers, with no
single system fully addressing the triad of real-time detection, directional localization, and noise-
robust multi-modal feedback. Beritelli’s work [1] excels in detection but omits localization,
limiting its utility in multi-directional traffic scenarios. Zhao’s TDOA approach [3] offers
localization but falters in untested noisy conditions, while Sharma’s predictive focus [2] neglects
immediate alerts. Table 1 synthesizes these gaps, contrasting prior studies with the proposed

system’s comprehensive feature set.



Table 1 - Research Gap

Research RealTime Detection | Localization | Noise Robustness | Deaf Driver Focus|  Year Key Limitation
0 Beritelli Yes No Partial No 2021 No directional awareness
| Sharma No No Yes No 2024 Predictive focus only
2 Zhao Yes Yes No No 2023 Lab-only testing
3| Proposed System Yes Yes Yes Yes 2025 Comprehensive solution

This gap analysis underscores the need for an integrated solution. The proposed system not only

detects horns in real time but also localizes them with precision (£5°), ensures robustness in 85 dB

urban noise, and targets deaf drivers with tailored alerts—features absent or incomplete in prior

work. Figure 2 visualizes this comparison, highlighting the proposed system’s unique position.

Zhao Sharma Beritelli

Proposed System

Real-Time Detection

Comparative Feature Matrix

Localization

Figure 2 - Comparative Feature Matrix

Noise Robustness

Deaf Driver Focus




2 RESEARCH PROBLEM

Deaf drivers face a distinct disadvantage in urban traffic due to their inability to hear vehicle horns,
which are universally relied upon to signal imminent dangers—overtaking vehicles, emergency
responses, or pedestrian crossings. In Sri Lanka, this vulnerability is magnified by the country’s
traffic dynamics. Colombo, with its population of over 5 million and vehicle density exceeding
300 per square kilometer during peak hours, generates noise levels up to 85 dB, drowning out
subtle auditory cues. National traffic data indicate that horn usage peaks between 7-9 AM and 4-6
PM, correlating with accident spikes, yet deaf drivers must depend solely on visual observation,

which is often obscured by congestion or limited to line-of-sight.

Traditional assistive technologies fall short in this context. Dashboard lights or mirror-based alerts
provide binary “on/off” signals without directional context—crucial for discerning whether a horn
comes from an overtaking truck on the right or an ambulance behind. Moreover, these systems
lack noise differentiation, frequently triggering false positives in urban settings where horns blend
with engine rumble, construction noise, or street vendors. This unreliability delays reaction times,
with studies suggesting visual-only systems extend response latency by up to 2 seconds compared

to auditory perception—a critical margin in collision avoidance.

The research problem thus centers on developing a system that not only detects vehicle horns in
real time but also localizes their source with high accuracy and delivers intuitive, multi-modal
alerts to compensate for auditory loss. This solution must perform robustly in high-noise
environments like Colombo, where the sound pressure level (SPL) fluctuates unpredictably, and
address the specific needs of deaf drivers for directional awareness and rapid response. By
overcoming these challenges, the project aligns with global efforts toward intelligent
transportation systems (ITS) that prioritize inclusivity, reducing the safety disparity faced by the

hearing-impaired on the road.
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3 RESEARCH OBJECTIVES

3.1 Main Objective

The overarching goal of this research is to design, implement, and validate a real-time vehicle horn
detection and alert system that harnesses machine learning and 10T technologies to enhance road
safety for deaf drivers in urban environments. This objective seeks to bridge the accessibility gap
by providing a reliable, context-aware solution that mitigates the risks posed by auditory

inaccessibility.

3.2 Specific Objectives

1. Data Collection and Preprocessing: To gather a diverse dataset of urban audio samples,
including horn sounds and ambient noise, from Colombo’s traffic conditions, and preprocess them
into a format suitable for machine learning. This involves recording 50 unique samples locally and
augmenting them with 350 from Edge Impulse, ensuring coverage of various horn types (e.g., car,

truck, motorcycle) and noise levels (70-90 dB).

2. CNN Development: To create and train a Convolutional Neural Network capable of classifying
horn sounds with high accuracy in noisy urban settings. The CNN will leverage advanced audio
features (MFCCs, spectral contrast, zero-crossing rate) to distinguish horns from background

noise, targeting a precision above 90% based on iterative training and validation.

3. Sound Localization: To implement and refine the TDOA algorithm for pinpointing the direction
of horn sources within a 10-meter radius, achieving a localization accuracy of at least 90% and an
angular error below 5°. This ensures deaf drivers receive precise directional cues, critical for multi-

lane or intersection scenarios.

4. 10T Integration: To integrate 10T hardware (ESP32, Raspberry Pi) and software (Flutter app,
wristband) to deliver real-time, multi-modal alerts—visual (directional arrows on the app) and
haptic (vibration patterns on the wristband). This objective aims to reduce response time by at least

1 second compared to visual-only systems, enhancing user responsiveness.



These objectives collectively form a structured roadmap, visualized in Figure 4, guiding the project
from foundational data acquisition to practical deployment, with each step building toward the
ultimate goal of improved safety.

Noise Labeling

Microphone Input

\ Data Collection

Signal Filtering

Training CMNM on Siren/Horn/Neise

\ Model Evaluation & Tuning

Preprocessing Audic Spectrograms CMM Model Development

Time Difference of Arrival (TDOA) Sound Localization

"

Direction Estimation {Left/Right)

Microcontroller Communication

Vibration/Haptic Feedback

|oT Device Integration

Color-coded Warnings

Split-screen Ul Real-time Driver Alert System

Low-latency Response

Safety for Deaf Drivers

Figure 4 - Objective Workflow



4 METHODOLOGY

4.1 Requirements Gathering and Analysis

The system’s requirements were meticulously gathered through a multi-stakeholder approach to
ensure alignment with real-world needs. Structured interviews were conducted with 10 deaf drivers
from Colombo, aged 25-45, who provided insights into their daily driving challenges—particularly
the lack of directional horn awareness and the inadequacy of existing visual aids. Traffic
authorities, including officers from the Colombo Metropolitan Police, highlighted peak-hour horn
usage patterns and noise levels, corroborated by data showing SPLs ranging from 70 dB (off-peak)
to 85 dB (rush hour). SLIT faculty with expertise in 1oT and machine learning emphasized
technical priorities: real-time processing (<1s latency), localization precision (x5°), and noise
robustness (85 dB threshold).

This process identified three core requirements: (1) accurate horn detection in real time, (2) precise
source localization, and (3) effective multi-modal alerts. Secondary needs included low power
consumption (for portability) and scalability (for broader adoption). Figure 5 summarizes these
inputs, showing a 40% emphasis on detection, 30% on localization, and 20% on noise handling,
with 10% for miscellaneous factors like cost and usability.

Stakeholder Input Summary

Other

10.5%

Real-Time Detection Noise Robustness

40.2% 19.5%

29.8%

Localization

Figure 5 - Stakeholder Input Summary



4.2 Feasibility Study

4.2.1 Schedule Feasibility

The project was scoped for a 12-month timeline, divided into distinct phases to ensure timely
completion within an academic year. Hardware setup (Months 1-3) involved sourcing and
assembling components; model development (Months 4-7) focused on CNN training and TDOA
coding; and testing (Months 8-12) included lab simulations and field trials. This schedule allowed

for iterative refinements, with buffer time for unexpected delays (e.g., equipment procurement).

4.2.2 Technical Feasibility

The system leverages accessible, cost-effective technologies: INMP441 microphones (1,500 LKR
each), ESP32 (3,000 LKR), and Raspberry Pi 4 (10,500 LKR). Software tools like Python and
TensorFlow are open-source, while my prior coursework in machine learning (e.g., neural
networks) and 10T (e.g., MQTT protocols) ensured technical proficiency. Cloud resources (Google

Colab) mitigated local hardware limitations, enabling efficient CNN training.

4.2.3 Economic Feasibility

With a total hardware cost of approximately 18,000 LKR and no licensing fees for software, the
prototype fits within a student budget, supported by SLIT lab resources. Scalability for mass
production could further reduce costs to 9,000 LKR/unit, making it viable for community

deployment.
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4.3 Technologies

4.3.1 Hardware

INMP441 MEMS Microphones: Chosen for their -26 dBs sensitivity and omnidirectional
pickup, ideal for capturing horns within 10 meters.

ESP32 Devkit VV1: Offers 80 mA power draw, dual-core processing, and Wi-Fi, suitable
for edge computing and MQTT communication.

Raspberry Pi 4: Provides 500 mA power, 4GB RAM, and Bluetooth, enabling robust

processing for larger datasets during testing.

4.3.2 Software

Python: Used for data preprocessing (Librosa library) and CNN implementation
(TensorFlow).

TensorFlow: Facilitates CNN training with GPU acceleration on Colab.

React Native / Flutter: Enables cross-platform mobile app development for visual alerts.

Bluetooth /MQTT: Ensures low-latency 10T communication (100 ms).

4.3.3 Tools

Google Colab: Free cloud platform for training the CNN on 400 WAV files.
Edge Impulse: Source of 350 pre-labeled audio samples, augmented with 50 local
recordings.

Real world sample audio recordings.
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Hardware: INMP441, ESP32, Raspberry Pi

Software: Python, TensorFlow, Flutter / React Mative

i ™

Tools: Google Colab, Edge Impulse, Real World Data

b -

Figure 7 - Technology Stack Overview

4.4 System Architecture

The system’s architecture is designed for efficiency and real-time performance. Two INMP441
microphones, mounted 1 meter apart at the vehicle’s rear (e.g., on the trunk), capture audio at 16
kHz within a 10-meter radius—sufficient to detect horns from adjacent lanes or trailing vehicles.
Signals are digitized and processed by either an ESP32 (for low-power edge deployment) or
Raspberry Pi (for enhanced computation during testing). The CNN classifies audio as Horn, Noise,
or No Event, while TDOA calculates the angle of incidence. Alerts are then transmitted via Wi-Fi
(MQTT) or Bluetooth to a Flutter-based mobile app (displaying directional arrows) and a

wristband (vibrating with distinct patterns—short for left, long for rear).
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This modular design allows flexibility: the ESP32 prioritizes portability, while the Raspberry Pi
supports debugging and larger datasets. Communication latency is minimized (50-100 ms),

ensuring alerts reach users within 0.6-0.8 seconds of detection.

Detected Left . Detected Right
4 : A
. m |
ST | v e 52

Behind the car

Horn Horn

5 - Sensor (Microphone)

Figure 08 - Microphone Placement Diagram
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Microphone Sensors

Capture horn sounds

v

Arduino Microcontroller

Process signals

v

Machine Learning Model

Classify horn vs. background
noise

v

TDOA Algorithm

Determine sound direction

v

Mobile App

Send alerts

v

Visual & Haptic Feedback

Figure 9 - System Architecture Diagram
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4.5 Algorithms and Techniques

4.5.1 Feature Extraction

Audio signals are transformed into 64x64 mel-spectrograms using Librosa, extracting 13 MFCCs
(300-4000 Hz, covering typical horn frequencies), 7-band spectral contrast (for texture), and zero-
crossing rate (for signal transitions). These features are optimized for edge devices, balancing
accuracy and computational load.

4.5.2 CNN Development

The CNN architecture comprises two convolutional layers (16 filters, 32 filters, 3x3 kernels),
followed by max-pooling (2x2) to reduce dimensionality, a flattened layer, and a 64-unit dense
layer with ReLU activation. The output layer uses softmax for three-class classification (Horn,
Noise, No Event). Training on 400 WAV files (15 epochs, batch size 32) achieved 92.3% accuracy,
with validation on a 20% holdout set confirming generalization.

4.5.3 TDOA Localization

The TDOA algorithm calculates the angle 6 = arccos(At-c/d), where At is the time difference
between microphone signals, ¢ = 343 m/s (speed of sound), and d = 1 m (mic separation). Cross-

correlation of signals determines At, yielding £5° precision in field tests.

4.5.4 Adaptive Noise Filtering

An adaptive threshold (Tadapt = pnoise + 2onoise) dynamically adjusts based on real-time noise
statistics (mean p and standard deviation o), reducing false positives by 15% in 85 dB conditions

compared to a static threshold.
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Accuracy

CNN Training and Validation Curves

Accuracy Loss
—— Training Accuracy —— Training Loss
0904 Validation Accuracy 0.7 —— Validation Loss
0.85 - 067
0.80 - 0.5 1
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Figure 10 - CNN Training and Validation Curves

Deaf Connect Connected to MQTT

Left Side Right Side

A Home >> Explore

D eaf Connect Connected to MQTT

Detected Alert

é Right Side
Go Left Side

Alert: 3s

ﬁ Home > Explore

Figure 11 - Mobile App Interfaces
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4.6 Evaluation Metrics

The system’s performance is assessed using five metrics:
e Accuracy: (True detections) / (Total events), measuring overall correctness.
e Precision: (True positives) / (True positives + False positives), focusing on horn detection
reliability.
e F1 Score: 2*(Precision*Recall) / (Precision + Recall), balancing precision and recall.
e Localization Error: |0true — Ocalc| (degrees), quantifying directional accuracy.

e Response Time: Time from detection to alert (seconds), assessing system speed.

These metrics provide a comprehensive evaluation framework, visualized in Figure 12, ensuring

both technical and user-centric outcomes are quantified.

Evaluation Metrics Formulas

Accuracy: True detections / Total events

Precision: TP / (TP + FP)

F1 Score: 2 * (Precision * Recall) / (Precision + Recall)

Localization Error: |6_true - 6_calc| (degrees)

Response Time: Detection to alert (s)

Figure 12 - Evaluation Metrics Formulas
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5 TESTING AND IMPLEMENTATION AND RESULTS AND DISCUSSION

5.1 Results

Testing was conducted over 50 trials in Colombo’s peak traffic conditions (85 dB, 8-10 AM and
4-6 PM), using a prototype mounted on a test vehicle driven by 10 deaf volunteers. Horns were
simulated at 5-10 meters across left, right, and rear directions, with ambient noise (e.g., engines,

horns, street sounds) recorded concurrently.

5.1.1 Detection and Classification

The CNN achieved a detection accuracy of 94.2% (47/50 correct) and precision of 92.3%, with

perfect horn detection (100% precision). Table 2 details per-class performance, showing robust

differentiation despite noise overlap.

Table 2 - Classification Performance

Class Precision (%) | Recall (%) | F1 Score Samples | True False
Positives Positives
Horn 100.0 96.0 0.98 50 48 0
Noise 98.0 95.0 0.96 50 47 1
No Event 92.0 90.0 0.91 50 45 3
Average 96.7 93.7 0.95 150 140 4
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Confusion Matrix
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Noise
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Figure 13 - Confusion Matrix

Precision-Recall Curve for Horn Sound Classification
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0.8
s
X 0.6
(v}
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a
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Figure 14 - Precision-Recall Curve for Horn Classification
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Class-wise Accuracy Bar Chart
94.8%

100 96.2%

90.5%
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Accuracy (%)

40

20

Horn Noise No Event

Figure 15 - Class-wise Accuracy Bar Chart

5.1.2 Localization Accuracy

TDOA localized horns with 91.5% accuracy (46/50 within +5°), averaging a 4.2° error. Table 3
shows error distribution, with 60% below 2°, indicating high precision.

Table 3 - Localization Error Distribution

Error Range (°) Frequency (%) Cumulative Frequency (%) | Common Error Source
0-2 60 60 High signal clarity
2-5 30 90 Minor noise interference
5-8 10 100 Overlapping sounds
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5.1.3 Noise Filtering Impact

The adaptive filter reduced false positives from 12% (static threshold) to 5% at 85 dB, a 15%

improvement, validated across varying noise levels (70-90 dB).

Table 4 - False Positive Rates

Method Noise Level (dB) False Positives (%) Samples Tested Reduction (%)
0 Static Threshold 70 8 50
1 Static Threshold 85 12 50
2 Static Threshold a0 14 50
3 Adaptive Filter 70 3 50 62.5
4 Adaptive Filter 85 5 50 58.3
5 Adaptive Filter a0 6 50 57.1

5.1.4 Response Time and User Feedback

ESP32 latency averaged 0.8 seconds, Raspberry Pi 0.6 seconds, compared to 2.0 seconds for

visual-only systems—a 1.2-second gain. VVolunteers rated usability 4.7/5, praising haptic feedback

clarity.
Table 5 - Hardware Comparison
Platform Power (mA) Latency (s) Memory (KB) Cost (§) Processing Speed (MHz) | User Rating (1-5)
ESP32 80 0.8 20 10 240 4.6
Raspberry Pi 500 0.6 1024 35 1500 48
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Figure 16 - Response Time Comparison

5.2 Research Findings

The system surpasses Beritelli’s 88% accuracy [1] with 94.2% detection and 91.5% localization
accuracy, validated in real-world urban noise—unlike Zhao’s lab-only 95% [3]. The 15% false
positive reduction via adaptive filtering highlights its noise resilience, a critical edge over prior

work.

5.3 Discussion

The CNN’s near-perfect horn detection (Figure 17) and TDOA’s precise localization align closely
with actual events, as seen in 47/50 correct trial predictions. The adaptive filter’s performance
(Figure 18) mitigates urban noise challenges, reducing errors from overlapping sounds (e.g., horns
vs. sirens). User feedback underscores practical impact: a 1.2-second response gain translates to
16 meters of braking distance at 50 km/h, potentially averting collisions. Limitations include

single-source localization; multi-horn scenarios require future refinement.
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Figure 17 - Actual vs. Predicted Horn Detection
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Figure 18 - Noise Filter Performance

5.4 Summary of Student’s Contribution

Fernando W.T.R.P. (IT21278280) independently executed all project phases:

Collected 50 Colombo audio samples (10 hours of recordings) and preprocessed 400 WAV
files, normalizing amplitudes and segmenting into 2-second clips.

Developed and trained the CNN (15 epochs, 92.3% accuracy) and TDOA algorithm (£5°
precision) using Python and TensorFlow.

Designed the 10T system, integrating ESP32/Raspberry Pi with a Flutter app (50-hour
coding effort) and wristband (custom vibration patterns).

Conducted 50 field trials over 3 months, analyzing results with statistical tools (e.g.,

confusion matrices, F1 scores).
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Contribution Breakdown

Testing

Data Collection

IoT Design

Model Development

Figure 19 - Contribution Breakdown
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6 CONCLUSION

This research delivers a robust, innovative system achieving 94.2% detection accuracy, 92.3%
precision, and 91.5% localization accuracy, validated through 50 trials in Colombo’s 85 dB traffic.
By integrating CNN classification, TDOA localization, and 10T alerts, it significantly enhances
safety for deaf drivers, reducing response times by 1.2 seconds and false positives by 15% via
adaptive filtering. Future work includes multi-source localization (handling overlapping horns),
ADAS/V2X integration (for smart city compatibility), testing in diverse climates (e.g., rain, rural

areas), and a solar-powered ESP32 variant (extending battery life to 24 hours).

Multi-Source Localization
(Enhancing data integration from diverse sources)

lExpand data integration

ADAS Integration
(Integrating with Advanced Driver Assistance Systems)

lADAS system integration and testing

Diverse Testing
(Expanding testing across varied environments and conditions)

lTesting with energy-efficient solutions

Solar Power Integration
(Exploring solar power for energy efficiency)

iExploring safety improvements via solar power

Enhanced Safety
(Improving decision-making for driver safety)

Figure 20 - Future Work Roadmap
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7/ COMMERCIALIZATION OF THE PROJECT

The successful development and validation of the real-time vehicle horn detection and alert system
open significant avenues for commercialization, converting this academic research into a practical,
market-ready product tailored for deaf drivers in Sri Lanka, with potential for broader regional
impact. This section delves into the commercialization prospects, covering target markets, cost
analysis in Sri Lankan Rupees (LKR), scalability considerations, and strategies for market entry,
positioning the system as a pioneering assistive technology within the local economy.

7.1 Target Markets

The primary target market consists of deaf and hard-of-hearing drivers in Sri Lanka, where the
Department of Census and Statistics [4] estimates over 300,000 hearing-impaired individuals as
of 2023. With approximately 1.5 million registered vehicles nationwide, and assuming 5% of
drivers are hearing-impaired (a conservative estimate aligned with global trends), this suggests a
potential user base of 75,000 drivers locally. Key secondary markets include driving schools
training deaf learners, government bodies such as the Department of Motor Traffic aiming to
enhance road safety inclusivity, and insurance providers like Sri Lanka Insurance Corporation,

which could offer premium reductions for vehicles equipped with safety devices.

Beyond Sri Lanka, the system targets South Asian markets like India (with an estimated 63 million
hearing-impaired individuals) and urban centers in Bangladesh and Pakistan, where traffic noise
and hearing impairment prevalence mirror Colombo’s conditions. Additional opportunities lie
with automotive manufacturers in Sri Lanka, such as Micro Cars or DIMO (agents for Tata and
Toyota), who could integrate the system as an optional safety feature, tapping into the growing
demand for Advanced Driver Assistance Systems (ADAS). The system’s versatility also appeals

to elderly drivers experiencing hearing loss, expanding its demographic reach.
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7.2 Cost Analysis and Pricing

The prototype’s hardware cost totals approximately 18,000 LKR per unit: INMP441 microphones
(1,500 LKR x 2 = 3,000 LKR), ESP32 Devkit V1 (3,000 LKR), Raspberry Pi 4 (10,500 LKR),
and wristband components (1,500 LKR). Software development relies on open-source platforms
(Python, TensorFlow, Flutter), incurring no licensing costs, though cloud training on Google Colab
during development added a nominal 3,000 LKR/month. My 12-month effort (approximately
1,000 hours) is a sunk cost but reflects expertise that can be scaled through production automation.

For commercial production, bulk procurement could lower hardware costs to 9,000 LKR/unit (e.g.,
ESP32 at 1,800 LKR, microphones at 900 LKR each). Assembly, packaging, and quality testing
might add 3,000 LKR/unit, resulting in a manufacturing cost of 12,000 LKR. Applying a 50%
profit margin and factoring in distribution/marketing (20% of cost, or 2,400 LKR), the retail price
could range from 21,000 to 24,000 LKR per unit—competitive with local automotive accessories
like reverse sensors (15,000-30,000 LKR). A subscription model for app enhancements (e.g.,
traffic alerts) at 600 LKR/month could provide recurring revenue, boosting long-term viability.

7.3 Scalability and Production

Scalability leverages Sri Lanka’s existing electronics ecosystem. The system’s modular design—
microphones, processor, alert devices—facilitates mass production through partnerships with local
manufacturers like MAS Holdings or Munchee Electronics, known for PCB assembly. Software
scalability is supported by open-source frameworks, with over-the-air (OTA) firmware updates
via Wi-Fi/Bluetooth minimizing maintenance costs. A solar-powered ESP32 variant, proposed in
Section 6, could reduce reliance on batteries, cutting operational costs by 1,500 LKR/unit annually

and appealing to environmentally conscious buyers.

Initial production could begin with a pilot batch of 1,000 units, targeting Colombo and Kandy,
costing 12 million LKR (12,000 LKR/unit). Feedback from this phase would refine design and
pricing. Scaling to 10,000 units/year requires a modest facility (e.g., 500 sq.ft., 300,000
LKR/month rent) and 5-10 staff (salaries at 50,000 LKR/month each), totaling an initial investment
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of 15 million LKR. Funding could be sourced from the National Research Council Sri Lanka

(grants up to 10 million LKR) or SLIIT’s Entrepreneurship Cell incubator program.

7.4 Market Entry Strategies

A tailored strategy ensures market penetration:

e Partnerships: Collaborate with the Sri Lanka Deaf Association to build credibility, offering
100 pilot units at a subsidized 15,000 LKR each to gather user testimonials and refine
features.

e Government Support: Pitch to the Ministry of Transport and Civil Aviation for subsidies
(e.g., 5,000 LKR/unit) or regulatory mandates, emphasizing the system’s 94.2% accuracy
and 1.2-second response improvement, potentially securing 3 million LKR in initial
backing.

e Digital Marketing: Launch a localized campaign via social media (e.g., Facebook,
WhatsApp) and a website, targeting Sri Lankan drivers with a 1.5 million LKR budget,
highlighting safety and affordability.

e Automotive Integration: Partner with Micro Cars or DIMO to integrate the system into 50
test vehicles as an OEM feature, costing 1.2 million LKR for prototyping, with potential
bulk orders reducing unit costs to 10,000 LKR.

e Certification: Obtain local (e.g., SLS) and international (CE, ISO 9001) certifications for

600,000 LKR, ensuring compliance and export readiness.

7.5 Challenges and Mitigation

Challenges include regulatory delays (e.g., Sri Lanka Standards Institution approvals), competition
from imported ADAS devices (priced at 30,000-50,000 LKR), and cost sensitivity among rural
users. Mitigation strategies involve fast-tracking local certifications (6-month process),
differentiating through deaf-specific features (e.g., haptic feedback), and offering installment plans
(e.g., 2,000 LKR/month for 12 months). Future V2X integration could counter emerging tech

threats, maintaining relevance.
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7.6 Economic and Social Impact

At scale, selling 10,000 units annually at 21,000 LKR each could generate 210 million LKR in
revenue, with a 90 million LKR profit after costs. This could create 20-30 jobs (assembly, sales)
at 1.2-1.8 million LKR/year in wages, boosting local employment. Socially, it reduces accident
risks for deaf drivers, enhances mobility, and positions Sri Lanka as a leader in assistive tech
innovation. Export potential to India could add 50 million LKR/year in royalties, amplifying
economic benefits.

This commercialization plan leverages Sri Lanka’s market dynamics and resources, balancing

affordability with impact, and paves the way for a sustainable assistive technology enterprise.
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9 APPENDICES

9.1 Data Collection and Pre-processing

DATA COLLECTED

16m7s

Dataset

Training (771) Test (199)

SAMPLE NAME LABEL
2 sound_horn_car Horn
14_sound_horn_car Horn
10_sound_horn_car Horn
6_sound_horn_car Horn
8_sound_horn_car Horr

5_sound_horn_car Horn

TRAIN / TEST SPLIT

80% /20% @

Feb 22 2025, 1 1s H

Feb222025,1... 1s

Feb 222025,1.. 1s

Feb 22 2025,1.. 1s

Feb 22 2025, 1 1s

Feb 222025,1.. 1s

Collect data

Connect a device to start building your dataset.

14_sound_horn_car

0:00 / 0:00

Mel-filterbank energy features
Frame length @

Frame stride ®

Filter number @

FFT length ®

Low frequency ®

High frequency @

Normalization

Noise floor (dB) @

9 sound _noise No Event Feb 22 2025,0.. 1s
99 sound_noise No Event Feb222025,0.. 1s
98_sound_noise No Event Feb222025,0... 1s
Metadata ?
91 sound noise No Event Feb 22 2025,0... _1s
—
Raw features Label DSP result
-536.1373, -322.2153, -311.4004, -246.2124, -459.8708, -292.. Horn Mel Energies (DSP Output)
Parameters

0.02
0.01
32

512

Click to set

-52
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Time [sec]

FFT Bin Weighting
=
)
=
£
g
<
3 0
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FFT Bin Index
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Processed features
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9.2 Training the Model

Neural Network settings

Training settings

Number of training cycles @ 100

Use learned optimizer ®

Learning rate @ 0.005

Training processor @ CcPU v
Advanced training settings -

Audio training options

Data augmentation ®

Neural network architecture

Training output

Model

LN

Model version: @ | Quantized (int8) «

Last training performance (validation set)

ACCURACY LOSS
95.5% 0.10
Confusion matrix (validation set)
HORN NO EVENT NOISE
F1 SCORE 0.96 098

Metrics (validation set)

METRIC VALUE
Architecture presets @ 1D Convolutional (Default) 2D Convolutional Area under ROC Curve @ 1.00
Weighted average Precision @ 0.95
Input layer (1,568 features|
= il ) Weighted average Recall @ 0.95
Weighted average F1 score @ 0.95 o
Reshape layer (32 columns) ‘
Neural network architecture P— VALMIE
Architecture presets® 1D Convolutional (Default) 2D Convolutional Area under ROC Curve @ 1.00
Weighted average Precision @ 0.99
Input layer (3,168 features)
Weighted average Recall @ 0.99
Weighted average F1 score @ 0.99

Reshape layer (32 columns)

2D conv / pool layer (8 filters, 3 kernel size, 1 layer)

Dropout (rate 0.5)

2D conv / pool layer (16 filters, 3 kernel size, 1 layer)

Dropout (rate 0.5)

Flatten layer

Add an extra layer

utput layer (3 classes)

Save & train Y

Data explorer (full training set) @

Horn - correct
No Event - correct
Noise - correct

Horn - incorrect

No Event - incorrect g
Noise - incorrect

000000

On-device performance @

INFERENCING ...
129 ms.

=

Engine: @ (EON"‘ Compiler (RAM optimized) -]

o

PEAK RAM USA...

29.9K

FLASH USAGE

56.5K
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9.3 TDOA Algorithm Implementation

# TDOA Algorithm Implementation (Cross-Correlation + Angle Estimation)
import numpy as np

import matplotlib.pyplot as plt

from scipy.signal import correlate

# Constants

mic_distance = 0.2 # Distance between microphones in meters (20 cm)
speed_of_sound = 343.0 # Speed of sound in air in m/s

sampling_rate = 48000 # 48 kHz

# Simulated audio signals (replace with real mic data in actual application)
duration = 0.01 # 10 milliseconds
t = np.linspace(0, duration, int(sampling_rate * duration), endpoint=False)

# Create a simulated sound wave (e.g., horn)
frequency = 1000 # Hz
source_signal = np.sin(2 * np.pi * frequency * t)

# Simulate the sound reaching Micl and Mic2 with a delay
# Let's say the source is closer to Micl than Mic2 by 0.0003s
delay_seconds = 0.0003

delay_samples = int(delay_seconds * sampling_rate)

micl _signal = source_signal
mic2_signal = np.pad(source_signal[:-delay_samples], (delay_samples, 0), mode='constant’)

# Cross-correlation to calculate time delay

correlation = correlate(mic2_signal, mic1_signal, mode="full’)
lags = np.arange(-len(micl_signal) + 1, len(mic2_signal))
lag_index = np.argmax(correlation)

time_delay = lags[lag_index] / sampling_rate

# Estimate angle of arrival

try:
angle_rad = np.arcsin(time_delay * speed_of_sound / mic_distance)
angle_deg = np.degrees(angle_rad)

except ValueError:
angle_deg = None # If value out of domain for arcsin

# Output results
print("Estimated Time Delay (TDOA): {:.6f} s".format(time_delay))
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if angle_deg is not None:
print("Estimated Angle of Arrival: {:.2f}°".format(angle_deg))
else:
print("Error: Time delay too large to estimate angle (out of bounds)")

# Plot the signals and correlation (optional for report)
plt.figure(figsize=(12, 6))

plt.subplot(2, 1, 1)

plt.title("Mic Signals")

plt.plot(t, micl_signal, label="Mic 1)

plt.plot(t, mic2_signal, label="Mic 2', alpha=0.7)
plt.xlabel("Time (s)")

plt.legend()

plt.subplot(2, 1, 2)
plt.title("Cross-Correlation™)
plt.plot(lags / sampling_rate, correlation)
plt.xlabel("Lag (s)")

plt.tight_layout()

plt.show()

Estimated Time Delay (TDOA): 0.000292 s
Estimated Angle of Arrival: 30.01°

Mic Signals
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9.4 Backend Implementation

View,

Text,

StyleSheet,

Vibration,

Dimensions,

Animated,

TouchableOpacity,

from " i
[ Client, Message } from
[ MaterialCommunityIcons }

LinearGradient } fronm
Animatable f

HomeScreen = () {
[hoernvalue, setHornValue] = useState
setTimestamp| = useState
setConnectionStatus |
LO ectin .
setAlertActive] = useStat
setAlertTimer] = useState<num
setlLastTimestamp] = useState
» setClient] = useState<Client | null
rientation, setOrientation] = useState
.width > D sions.get("v ") .height

dth, setWindowWidth] = useState
= usestate

= useState(
tate(

(t .
React, { useState, useEffect } from
[ view, Text, StyleSheet, Vibration
Client, Message } T
MaterialCommunityIcons } fr
[ LinearGradient } f
Animatable

HomeScreen = () {
[ lue, setHornValue]

mp, setTimestamp] = useState<number>(@);
atus, setConnectionStatus| = useState
setAlertActive] = useState«
setalertTimer] = usestate<numb

setLastTimestamp] = useState<n
, setclient] = useState<Client | null

. a79¢ sl
+ Math.random().toString(36).

mgttClient.onConnectionLost = (responseObject
setConnectionStatus(” " + responseObject.errorMessage);
console. log("Connection :", responseObject.errorMessage);
connectToMQTT(), 5000);
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HomeScreen
renderLands

{ fontsi scaleFont(12) }

.placeholderside

placeholderText, { fontSize: scaleFont(12) }]

radarOverlay}
.radarContainer}

styles.radarSweep,
{ transform: [{ rotate:

(@ esp32_microphone | Arduino IDE 23.4 - 5 "

File Edit Sketch Tools Help

TON_COOLDOWN)) {

staticisonDocument <1ex
["Horn"] v
["Timestam;

retries left=Xd\n", client. e(), retries);

f (lpublished)
serial.println("ERR: Failed to publish after retries”);

Output =6
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@ esp32_microphone | Arduino IDE 234
File Edit Sketch Tools Help

¢ DOIT ESP32 DEVKIT V1

esp32_microphone.ino  ei_run_classifierh &

367
368
269
370
371
372
373
374

291

393
394
395
296
397
398

Output

void setup() {
serial.begin(115200);
while (ISerial);
Serial.println("Horn Detection for Deaf Drivers Started");
serial.printf("Free heap at start: ¥%d bytes\n", heap_caps_get_free_size(MALLOC_CAP_8BIT));

setup_ wifi();
client.setServer(mqtt_server, mqtt_port);
reconnect();

Serial.printf("Model sample count: %d, frequency: X¥d Hz, arena size: %d bytes\n",
EI_CLASSIFIER_RAW_SAMPLE_COUNT, EI_CLASSIFIER FREQUENCY, EI_CLASSIFIER_TFLITE_LARGEST_ARENA SIZE);
uint32_t n_samples = EI_CLASSIFIER_RAW_SAMPLE_COUNT;
if (n_samples I= 22050) {
serial.println("WARNING: Expected sample count is 22050 for 500ms window");

}

uint32_t required_buffer_size = n_samples * sizeof(int16_t);

serial.printf("Required audio buffer size: % bytes\n", required buffer_size);

if (heap_caps_get free_size(MALLOC_CAP_B8BIT) < required buffer_size + EI_CLASSIFIER_TFLITE_LARGEST_ARENA_SIZE) {
serial.printIn("€RR: Insufficient heap for buffer and arena”);
ESP.restart();

}

if (Imicrophone_inference start(n_samples)) {
orintln("ERR: Could not start inference");
ESP.restart();

Serial

serial.printf("Free heap after inference start: %d bytes\n", heap_caps_get free size(MALLOC_CAP_88IT));

9.5 App Demo

Deaf Connect

Connected to MOTT

()

Left Side Right Side
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9.6 Testing Results

[web] Logs will appear in the browser console
web] Logs will appear in the browser console
[QEESOEIWIN Bridgeless mode is enabled

from Metro in React Native @.77! Please use React Native DevTools as your default tool. Tip: Type j in the terminal to open (requires g

loogle Chrome or Microsoft Edge).

(NOBRIDGE) Connected to MQTT broker

(NOBRIDGE) Message received - Horn: ©.73e469, Timestamp: 130768
(NOBRIDGE) Horn detected! {“hori 0.730469, "timestamp”: 130768}
(NOBRIDGE) Alert deactivated

(NOBRIDGE) Message received - Horn: 9.589844, Timestamp: 305811
(NOBRIDGE) Message received - Horn: ©.945313, Timestamp
(NOBRIDGE) Horn detected! {"horn": ©.945313, "timestamp”:
(NOBRIDGE) Alert deactivated

(NOBRIDGE) Connection lost: AMQISC@eeel

(NOBRIDGE) Disconnected from MQTT broker

(NOBRIDGE) Connected to MQTT broker

(NOBRIDGE) Connected to MQTT broker

(NOBRIDGE) received - Horn: ©.566406, Timestamp: 480786
(NOBRIDGE) received - Hor .566406, Timestamp: 480786
(NOBRIDGE) received - Horn: ©.578125, Timestamp: 5833@5
(NOBRIDGE) age received - Hori 578125, Timestamp: 583305
(NOBRIDGE) Message received - Horn: ©.542969, Timestamp: 626245

Message received - Horl .542969, Timestamp: 626245

Connection lost: AMQISCE@@OL OK.
Disconnected from MQTT broker
s node_modules\expo-router\node\render. (1 module)
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Lage : Noise, Value: U.8304638

Frees heap after classifier: 115212 bytes

Horn Detection for Deaf Drivers Started

Fres heap at start: 235728 bytes

Connecting to WiFi........ connected!

Connecting to MQTT... connected

Model sample count: 8000, frequency: 16000 Hz, arena size: 13427 bytes

WARNING: Expected sample count i1s 22050 for 500ms window

Regquired audic buffer size: 16000 bytes

Fres heap after inference start: 115584 bytes

Raw samples (first 16): -10496 -10512 -10464 -10496 -10480 -10464 -10496 -10480 -10480 -104%6 -10464 -10480 -10464 -10464 -10448 -10464
Free heap before classifier: 115534 bytes

Classifier ran successfully

Label: Horn, Value: 0.04296S

Horn walue: 0.042969

Label: No Event , Value: 0.027344

Label: Noise, Value: 0.929688

Fres heap after classifier: 115232 bytes

Raw samples (first 16): 16 0 -32 16 -32 -32 -96 -32 -64 -96 -96 -64 -64 -96 -128 -64

Qutput  Serial Monitor x

Not connected. Select a board and a port to connect automatically.

Free heap before classifisr: 115080 byteas

Classifier ran successfully

Label: Horn, Value: 0.007812

Horn value: 0.007812

Label: No Event , Valus: 0.%4%219

Label: Nolse, Value: 0.0429&9

Free heap after classifier: 115080 bytes

Raw samples (first 16): -16 -64 0 -16 -32 0 -64 -32 -48 -64 -16 -48 16 -16 80 16
Free heap before classifisr: 115080 byteas

Classifier ran successfully

Label: Horn, Value: 0.117188

Horn value: 0.117138

Label: No Ewvent , Valus: 0.343750

Label: Nolse, Value: 0.539062

Free heap after classifier: 115080 bytes

Raw samples (first 16): 48 48 32 48 64 32 96 64 %6 S6 96 %96 112 586 128 112
Fres heap before classifisr: 115080 bytes

Classifier ran successfully

Label: Horn, Value: 0.226562

Horn value: 0.226562

Label: No Event , Valus: 0.26%531

Label: Noise, Value: 0.503%906

Free heap after classifier: 115080 bytes

Raw samples (first 16): -48 -48 -32 -48 -48 -32 -96 -48 -96 -96 -80 -96 -80 -80 -80 -BO
Free heap before classifier: 115080 bytes

Classifisr ran successfully

Label: Horn, Values: 0.148438
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Label: No Event , Value: 0.0e&406

Label: Noise, Value: 0.785&25

Free heap after classifier: 115080 bytes
Raw samples (first 16): -%6 -80 -80 -96 -64 —-B80 -9%96 -64 -4 -96 -80 -&4 -64 -80 -%¢& -¢g4
Fres heap before classifier: 115080 bytes
Classifier ran successfully

Label: Horn, Value: 0.242188

Horn value: 0.242188

Label: No Event , Valus: 0.042%68

Label: Noise, Value: 0.714844

Fres heap after classifier: 115080 bytes

Raw samples (first 16): -176 -240 -160 -176 -128 -160 -128 -128 -20 -128 -43 -30 -3 -48 435 -

Free heap before clasgifier: 115080 bytes
Classifier ran successfully

Label: Horn, Value: 0.003%0&

Horn wvalue: 0.0039%906

Label: No Event , Valus: 0.003%0¢

Label: Noise, Value: 0.984375

Free heap after classifier: 1152956 bytes

Raw samples (first 16): 6928 13568 -5376 6928 13376 -5376 -3296 13376 3472 -3296 -32 3472 3504 -32 -9568 3504
Fres heap before classifier: 1145976 bytes

Classifier ran successfully

Label: Horn, Value: 0.73046%

Horn value: 0.730469

Label: No Event , Value: 0.000000

Label: Ncise, Valus: 0.269531

HORN DETECTED: 0.730469

Prediction sent to MOTT

Free heap after classifier: 113456 bytes

Raw samples (first 16): 56 -272 -784 %6 -1056 -784 -352 -1056 64 -352 1264 64 -112 1264 -240 -112
Free heap befors classifier: 115256 bytes
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