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Hardware Architecture
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Software Architecture
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Covered Areas
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Sources of Audio Data

• Pre-existing Datasets

 UrbanSound8K: Contains environmental sound clips, including sirens.

• Manual Collection

 Emergency vehicles like ambulances, police cars, and fire trucks.
 Different scenarios (urban, rural, heavy traffic).

• Publicly Available Recordings

 Extract sounds from YouTube videos.
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Data Acquisition
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Deep Learning Model

• Architecture : Convolutional Neural Network (CNN) architecture

• Number of training cycles(epochs) : 300

• Training processor : CPU

• Add Data augmentation  
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Model Optimization Techniques

•  Quantization — Reduces size, improves speed

• used dropout — to prevent overfitting

• MFCC Features — Efficient audio representation
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ESP32 Nodemcu Board Processing
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Raspberry pi Board Processing

Siren_detection.py
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React Native App
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Notification System
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Impact & Benefits

❑Improves Road Safety for Deaf Drivers

❑Real-Time Detection and Alerting

❑Affordable IoT-based System

❑Scalable and Expandable

❑Visual + Haptic notification

❑Social and Technological Impact
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Continued Vehicle Horn 
Detection and Alert System
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Introduction

• Deaf drivers cannot hear vehicle horns, risking their safety.

• Existing systems don't help deaf drivers effectively.

IT21278280  |   Fernando W.T.R.P |   24-25J-132



265/28/2025

Research Question

How can we detect and classify horn sounds 
accurately?

What machine learning methods can separate horn 
sounds from background noise?

How can we determine the direction of the horn 

sound using microphones?

What’s the best way to alert deaf drivers using visual 

& haptic feedback?
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Research Gap and Novelty
Research Real-Time 

Detection
Localization Noise 

Robustness
Deaf Driver 
Focus

Year Key 
Limitation

Beritelli 2021 No directional 
awareness

Sharma 2024 Predictive 
focus only

Zhao 2023 Lab-Only 
testing

My System 2025 Comprehensiv
e Solution
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Raspberry Pi 4B 
Board

Pre-Trained 
ML Model

Mobile App
(React Native)

Firebase FireStore

(Cloud Database)

Sound 
Localization 

Algorithm

Benefits: 
• Real Time Synchronization across 

devices.
• Scalable & Secure Data Management

Alerts Logs
User Settings

Emergency Contacts

Capture Horn Sounds

Determine Sound 
Direction

Process Signals/Classify 
Horn

Send Alerts

Methodology
System Diagram

• Modular architecture
• User-friendly App

CNN

TDOA
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Specific and Sub Objective

Specific Objective

Develop a real-time horn detection system for deaf drivers
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Sub Objective

1 Set up Microphones to Capture Horn Sounds

100%
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2 Use Machine Learning to Classify Horn Sounds

Sub Objective

Horn Classification

• A pre-trained TensorFlow Lite model checks if the sound is a horn.

Mel Spectrogram: Convert audio to a frequency-time map (Mel spectrogram) with 
2048-point FFT, 512-sample hop, 512 Mel bands, 86 time steps.

Normalizes the spectrogram : 

Model Prediction:

Test Accuracy - 97% 
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3 Apply TDOA to find the horn's direction

100%

Sub Objective

The system figures out if the horn comes from the left or right 
using the time difference between the microphones.

Cross-Correlation: Compares left and right channel signals to find the time delay

Angle Calculation: 

Direction: 
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4 Build a Mobile App for Visual & Haptic Alerts

100%

Sub Objective
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Summary of Sub 
Objective 
Achievement

Data Collection and Pre-Processing

Training the Model

Accuracy Measures

Testing using an App

Evidences for Completion

100% Completion
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Technologies, Techniques & Algorithms
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Non-Functional Requirements

Standards/
Best Practices

Open-source Frameworks

Real-Time Response

Usability for Deaf drivers

Reliability and accuracy

Error Handling

Modular Design

Simple UI for Deaf Users
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Ethical, Legal, and Social Issues

Respects user privacy.

Does not store personal data.

Designed for safety and accessibility.

Supports equal access for deaf drivers.
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Proof of CompletionData Preprocessing

Build the CNN Model
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Proof of Completion

Test Accuracy - 97% 
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Proof of Completion
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Evidence of Completion
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Comprehensive Driver Behavior Monitoring System.

IT21219566   |   Thathsara S. M. K.   |   24-25J-132



445/28/2025

Background
❖Multimodal Approaches in Driver Behavior Analysis:

1. CNN for Visual Inputs
• Purpose: Process spatial information from video or image data.

• Model Architecture: CNNs for video sequences to capture spatiotemporal features.

2. RNN for Temporal Sensor Data
• Purpose: Handle sequential data such as time-series signals.

• Model Architecture: LSTMs (Long Short-Term Memory) for long-range temporal 
dependencies.
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System Diagram
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Data Collection
• Driver behavior data was collected from Google, Kaggle.

https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
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https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
https://www.kaggle.com/competitions/state-farm-distracted-driver-detection
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Data Preprocessing

❑ 10 Data classes

1. Normal driving

2. Texting on right hand

3. Talking on the phone right hand

4. Texting on left hand

5. Talking on the phone left hand

6. Operating the radio

7. Drinking / eating

8. Reaching behind

9. Hair and makeup

10. Talking to the passenger
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Model Training
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Model Accuracy
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Model Deployment
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Model Deployment
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Docker container that includes an HTTP 
interface to run the model.
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Database Configuration
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Mobile Application
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➢ LipAssist is a lip reading model designed to assist the deaf and hard-of-hearing community

➢ It uses deep learning to interpret lip movements and convert them into text.
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How can deaf drivers share emergency details effectively without 

spoken communication ?

What delays do deaf drivers face in getting help during 

emergencies ?
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Specific Objective

To create a real-time lip-reading tool that helps 
deaf drivers understand spoken instructions during 
emergencies, ensuring safety and clear 
communication.

Sub Objective

Communication Facilitation

lip reading model

Emergency scenarios

Offline Capability
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Input Predefined video

SYSTEM 
OVERVIEW

Validates upload         

Calls model service
Backend Server 

Load pretrained model    

  Process video frames     

  Predict spoken words

Lip Assist Inference Module Transcribed text Display Output

PreProcssiing
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Data collection 

Alignments

Dataset
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Word Type Examples

Command bin, lay, place, set

Color blue, green, red, white

Preposition at, by, in, with

Letter A to Z (excluding W)

Digit 0 to 9

Word Structure
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Alignment Data Visualization
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Video Frame Data Representation & Predictions
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Model Architecture Summary
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Backend Implementation
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Testing Using A WebApp
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