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Abstract: Drowsiness detection plays a critical role in preventing road accidents and ensuring driver safety.
This paper explores the use of Convolutional Neural Networks (CNNs) for real-time drowsiness detection
by analyzing facial features such as eye closure and yawning. The proposed system processes live video
frames, detects driver fatigue, and generates real-time alerts. The model is trained on labeled datasets of
drowsy and non-drowsy facial expressions and achieves high accuracy through deep learning techniques.
The system is designed for the integration in vehicles, mobile applications, and cloud-based monitoring
platforms to enhance road safety.

Index Terms - Drowsiness detection, CNNs (Convolutional Neural Networks), Real-time monitoring,
Facial features, Driver safety.

|. INTRODUCTION

Road safety remains a pressing global concern, with driver drowsiness identified as a leading cause of
vehicular accidents. Fatigue impairs reaction times, decision-making, and awareness, posing significant
risks to drivers, passengers, and pedestrians. In India alone, thousands of accidents annually are attributed to
drowsy driving, underscoring the need for innovative, accessible solutions. The "Drowsiness Detection
Using CNN" project introduces a Web application designed to monitor driver alertness in real-time using
Convolutional Neural Networks (CNNSs), a powerful deep learning technique for image analysis.

This application leverages smartphone camera or any web camaras to capture and analyse facial
features—such as eye closure duration, blink frequency to detect signs of drowsiness. Upon detection, it
issues immediate alerts to the driver and logs events for further analysis, offering a proactive approach to
accident prevention. This project aims to enhance driver safety, reduce accident rates, and provide a scalable
solution adaptable to diverse driving environments.

Drowsiness while driving is a significant cause of road accidents worldwide. Fatigue reduces reaction
time, increases error rates, and leads to severe crashes. This project aims to implement a deep learning-
based solution using CNN to detect drowsiness based on facial expressions, particularly eye closure and
yawning.

Background & Significance

According to global road safety reports, driver fatigue contributes to a significant percentage of road
accidents. A vision-based approach using CNNs leverages real-time video feeds from cameras to analyse
facial expressions, eye blinks, and mouth movements to detect drowsiness. This method is cost-effective
and can be integrated into existing vehicle systems or mobile applications.
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Role of CNN in Drowsiness Detection

Convolutional Neural Networks (CNNs) are widely used in image processing and feature extraction
tasks. In drowsiness detection, CNNs can identify eye states (open or closed) to determine fatigue levels.

Detect yawning patterns, which indicate drowsiness.

Il. LITERATURE SURVEY
Literature Survey on Drowsiness Detection Using CNN

Drowsiness detection has been a critical area of research due to the rising number of road accidents
caused by driver fatigue. Various methods have been developed to identify drowsiness in real-time,
including physiological signal monitoring, vehicle-based behavioral analysis, and computer vision-based
approaches. While traditional techniques such as EEG (Electroencephalography) and heart rate monitoring
offer reliable results, they require additional hardware, making them less practical for everyday use.
Vehicle-Based monitoring systems, such as steering pattern detection and lane departure warnings, can
provide indirect indications of fatigue but may fail to detect early signs of drowsiness. With recent
advancements in artificial intelligence and deep learning, computer vision- based methods using
Convolutional Neural Networks (CNNs) have emerged as the most effective and non- intrusive approach for
real-time drowsiness detection.

A.Physiological Signal-Based Drowsiness Detection

One of the earliest approaches to drowsiness detection relied on physiological signals, such as brain
activity, heart rate, and muscle movement. EEG-based detection systems monitor changes in brain wave
patterns, which can accurately indicate fatigue levels. Studies have shown that EEG signals can detect
drowsiness before it becomes visible in facial expressions or behaviour, making it one of the most precise
techniques. For instance, Kumar et al. (2021) [4] developed an EEG-based fatigue monitoring system that
achieved 95% accuracy in laboratory conditions. However, the requirement of wearing electrodes and
specialized hardware makes EEG-based methods impractical for real-world driving applications. Similarly,
heart rate and muscle activity monitoring through EMG (Electromyography) or PPG (Photoplethysmogram)
sensors provide valuable insights into fatigue levels, but these methods suffer from inconvenience,
discomfort, and susceptibility to external influences such as stress and physical movement.

B. Vehicle-Based Drowsiness Detection

To avoid the inconvenience of physiological sensors, researchers have explored vehicle-based
drowsiness detection systems that analyse driver behaviour and vehicle movement. These systems typically
rely on steering wheel patterns, lane deviation monitoring, and reaction time analysis to infer fatigue. For
example, Tesla, BMW, and Volvo have integrated driver assistance systems that analyse steering behaviour
and issue alerts when erratic driving is detected. Smith et al. (2020) developed a steering-angle monitoring
system that achieved 88% accuracy in detecting drowsiness. While these methods are non-intrusive and
widely used in modern vehicles, they have significant drawbacks. They do not detect early-stage drowsiness
and often generate false alarms due to road conditions, driving style variations, or environmental factors.
Additionally, these methods are ineffective for detecting microsleeps, which occur when a driver briefly
falls asleep without noticeable behavioural changes.

C.Computer Vision-Based Drowsiness Detection Using CNN

With advancements in deep learning, computer vision-based approaches using CNNs have become the
most effective method for real-time drowsiness detection. These systems analyse facial features, eye
movement, blinking patterns, and yawning frequency to identify signs of fatigue [1]. CNN models are
particularly well-suited for image recognition tasks, making them ideal for processing live video feeds from
cameras mounted in vehicles. Unlike physiological or vehicle- based systems, CNN-based models provide
direct, real- time monitoring of the driver’s face without requiring additional sensors [4].

Several studies have demonstrated the effectiveness of CNN-based drowsiness detection. Lee et al.
(2022) developed a CNN model trained on a dataset of 50,000 images labelled as "drowsy" or "alert." The
model successfully detected drowsiness with 96.2% accuracy, outperforming traditional methods. Similarly,

[JCRT2511516 ‘ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ’ e375


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 11 November 2025 | ISSN: 2320-2882

Patel and Gupta (2023) proposed [6] a hybrid CNN-RNN model that analysed sequential frames to improve
detection accuracy, reducing false positives.

Hybrid Approaches for Improved Drowsiness Detection to enhance detection accuracy; researchers have
explored hybrid drowsiness detection systems that combine multiple techniques. Some systems integrate
CNNs with physiological monitoring to provide multi-modal analysis, leveraging both facial cues and
biological signals. For example, Kumar et al. (2023) developed a CNN-based system combined with EEG
sensors, [4] achieving 98% accuracy in detecting drowsiness. Other studies have combined CNN models
with Recurrent Neural Networks (RNNs) to analyse temporal changes in facial expressions [2], reducing the
chances of false alarms caused by brief eye Closures or yawns.

1. METHODOLOGY

The methodology for drowsiness detection using CNN involves several key steps to ensure accurate and
real-time detection of driver fatigue. First, a dataset of images or videos is collected, containing both alert
and drowsy driver states. These images are then pre- processed by converting them to grayscale, resizing
them, and normalizing pixel values to improve model efficiency. Facial features such as eyes and mouth are
detected using techniques like Haar cascades or Dlib’s facial landmark detection.

Once the features are extracted, a Convolutional Neural Network (CNN) is trained to classify images as
Either drowsy or alert. The CNN model consists of multiple layers, including convolutional layers that
detect patterns, pooling layers that reduce data complexity, and dense layers that classify the driver’s state.
The model is trained using labeled data, optimized using an algorithm like Adam, and evaluated based on
accuracy and loss metrics.

For real-time detection

The system captures live video frames from a camera, preprocesses them, and passes them through the
trained CNN model. If drowsiness is detected, an alert is triggered through sound, visual warnings, or
vibrations to wake the driver. The system continuously monitors the driver’s condition, ensuring safety
while driving. This deep learning-based approach helps in reducing accidents caused by driver fatigue by
providing timely alerts and intervention.

A. Gathering and Preparing Data

The first step is gathering a large dataset of images and videos containing both drowsy and alert faces.
These images are labelled as either:

e Drowsy — Includes closed eyes, yawning, and fatigued expressions.
e Alert — Normal open eyes and attentive facial expressions.

Sources of Data:
e Open-source datasets from Kaggle, MRL Eye Dataset, and NTHU Drowsy Driver Dataset.
e Custom images captured through webcams for real-world testing.

B. Data Augmentation:

To improve the dataset and the generalization of the model, a variety of augmentation approaches were
used as random rotations, flips, brightness modifications and scaling. This stage was especially helpful in
guaranteeing the model’s resilience in various crowd densities and illumination scenario. We used occlusion
augmentation, which partially obscures objects in some training photos, to better mimic real-world settings.

C. Install and Import Dependencies

To implement a Drowsiness Detection system, import and install the necessary dependencies using the
python and a virtual environment. By Utilize the following commands:

pip install OpenCV pip installs streamlit import os

import NumPy as np
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import imageDataGenerator

from TensorFlow. keras. models import Sequential import kagglehub
import matplotlib. pyplot as plt import NumPy as np

D. Importing Dataset

The Dataset important in the accuracy and efficiency of the model. For this project used the dataset from
the Kaggle dataset contains facial expressions (eyes, mouth) images with labelling of each image. The
dataset name is “Driver Drowsiness Detection” which contains train, validation and test images.

E. CNN Architecture

The CNN model takes images of faces as input and goes through several steps to decide if the person is
drowsy or alert. The main steps include

1. Taking Input — The model receives an image of a person’s face (grayscale, 64x64 pixels).

2. Feature Extraction — The model looks for important details like eye closure, yawning, and facial
movements

3. Pooling (Size Reduction) — The model removes unnecessary details and keeps only the important
features. Classification — The final part of the CNN decides if the person is drowsy (1) or alert (0) based on
the extracted features.

The Architecture of Convolutional Neural Networks

Input

Convolution Pooling Fully Connected ~ Output

Feature Extraction Classification

e

209009

Fig. 1. CNN Architecture

F. Model Training

The training process of CNN Model was done 100 epochs on image input size of (64,64), The CNN has
trained on the custom dataset of Drowsiness detection [7]. The below code to train the model:
history=model.fit (X_train, y_train, epochs=100, validation_data = (X_test, test), batch_size=32)

The model is trained on a large dataset of labelled facial Image using TensorFlow/Keras. The following
Hyper parameters are optimized:

e Learning rate: 0.001
e Epochs: 100

IV ALERT MESSAGE SYSTEM

The Drowsiness Detection is possible When we will Use Convolutional Neural Networks, Whenever
Drowsiness is Detected this will give alert to the Driver in different ways Normal alert on just closed eyes
and alarm alert on continuously drowsy.

A. Moderate Drowsiness

"Drowsiness detected! Stop driving and take a break.” "Frequent eye closure detected! Please rest before
continuing."

"Attention: Signs of fatigue detected. Refresh yourself!"

B. Severe Drowsiness

"ALERT! You are too drowsy to drive safely! STOP NOW!"

"CRITICAL WARNING! Eyes closed for too long. Pull over immediately!"
"DANGER! Microsleep detected! Stop driving to avoid accidents!"
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V. TESTING

The "Drowsiness Detection Using CNN" system undergoes rigorous testing to ensure reliability,
accuracy, and usability on laptops running Windows, macOS, or Linux. This section details test cases for
key functionalities—drowsiness detection, alert generation, data logging, admin dashboard, and
deployment— excluding user authentication to focus on core operational features. Testing verifies that the
system performs effectively under various conditions, meeting functional and non-functional requirements
outlined in the System Analysis.

VI.RESULTS
Face Recognition Drowsiness Detection

Drowsiness Detection System

Drowsiness Detection System

Drowsiness Alert

Drowsiness Detection System
DrGwsin@es Alert!!! ,

VIl. CONCLUSION

Drowsiness detection is a crucial application in ensuring road safety, reducing accidents, and
preventing fatigue-related hazards. This project successfully implemented a CNN-based real-time
drowsiness detection system using computer vision and deep learning. By analysing eye closure and
yawning patterns, the system effectively identifies early signs of drowsiness and alerts users before it leads
to dangerous situations.

Through extensive dataset training, optimization, and real-time processing, the system achieves high
accuracy in detecting drowsiness across different conditions. Various deployment strategies - including
standalone, cloud-based, and edge Al deployment - offer flexibility based on the use case. The integration
with 10T and mobile applications further enhances real-world usability, making the system suitable for
individual users, fleet management, and automotive industries.

In conclusion, this project demonstrates a practical, scalable, and effective approach to drowsiness
detection, contributing to accident prevention and improved driver safety. Future innovations in deep
learning, Al, and 10T integration will continue to advance the capabilities of such systems, making them
even more reliable and widely applicable.
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VIIl. FUTURE SCOPE

e Enhancing accuracy under different lighting conditions.
Integration with automotive safety systems.

Deploying a mobile application for real-time monitoring.
Using Al-powered speech recognition for fatigue analysis.
Exploring multi-modal biometric approaches.

If drowsy detects Continuously Stops Vehicle.
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