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Abstract: Driver drowsiness is a major cause of road accidents worldwide. This paper presents a real-time, non-intrusive
drowsiness detection system using deep learning and computer vision. A front-facing camera captures driver facial features,
and Convolutional Neural Networks (CNNs) are used to analyze eye state, blink rate, yawning, and head pose. The system
classifies the driver’s condition as alert or drowsy and triggers an immediate warning. Experimental results on benchmark
datasets show high accuracy and robustness under varying conditions. The proposed approach outperforms traditional methods
and demonstrates strong potential for integration into Advanced Driver Assistance Systems (ADAS) to enhance road safety.

Index Terms: Deep Learning, Drowsiness Detection, Object Detection, Mobile Nets, Single Shot Multibox Detector
Classification

I.INTRODUCTION

Road safety has become one of the most critical challenges in modern transportation systems. Every year, thousands of
accidents are reported due to driver fatigue and drowsiness, which significantly impair reaction time, decision-making ability,
and overall driving performance. According to studies by the World Health Organization (WHQ) and various traffic safety
boards, drowsy driving is a major contributor to highway accidents, often comparable to driving under the influence of alcohol.
Preventing such accidents is therefore of paramount importance for protecting human lives and reducing economic losses.
Traditional methods for detecting driver drowsiness often rely on physiological signals such as Electroencephalography (EEG),
Electrocardiography (ECG), or steering behavior analysis. While accurate, these approaches are either intrusive — requiring
wearable sensors or electrodes—or limited in their adaptability to real-world conditions. On the other hand, computer vision-
based techniques provide a non-intrusive and more practical solution by analyzing the driver’s facial cues, eye movement,
blinking rate, yawning patterns, and head posture through a camera installed in the vehicle.

With the rapid advancement of deep learning and Convolutional Neural Networks (CNNSs), automated feature extraction and
robust pattern recognition have become possible. Unlike traditional handcrafted features, CNNs can directly learn complex
visual features from raw images, making them highly effective in diverse and challenging driving conditions, such as varying
lighting, occlusions (e.g., glasses or beards), and differences in driver appearance. This makes deep learning a promising
technology for real-time driver drowsiness detection.

In this project, we propose a real-time drowsiness detection system using deep learning that continuously monitors the driver’s
face using a camera and processes the frames to classify the driver’s state as either “alert” or “drowsy.” The system focuses on
key facial attributes such as eye closure duration, yawning frequency, and head position, which are reliable indicators of fatigue.
Once drowsiness is detected, the system triggers an alert mechanism, such as an alarm or vibration, to re-engage the driver’s
attention and prevent accidents.

The proposed system has applications in Intelligent Transportation Systems (ITS) and Advanced Driver Assistance Systems
(ADAYS), contributing to safer driving environments. By leveraging deep learning, the model achieves high accuracy and
robustness, making it suitable for real-world deployment in vehicles.

Il. NEED OF THE STUDY:

Driver drowsiness is a major contributor to road accidents worldwide, leading to serious injuries, fatalities, and economic
losses. Traditional detection methods based on physiological signals or vehicle behavior are often intrusive, expensive, and
impractical for real-time use. With advancements in deep learning and computer vision, there is a need for a non-intrusive,
accurate, and real-time driver monitoring system. Such a system can analyze facial features like eye closure, blinking, and
yawning to detect fatigue effectively. Therefore, this study aims to develop an efficient deep learning-based solution to improve
road safety by enabling early detection of driver drowsiness and preventing potential accidents.
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2.1Population and Sample

The population of the study consists of driver video data collected from real-time driving scenarios and publicly available
datasets such as YawDD (Yawning Detection Dataset). These datasets include a wide range of driver behaviors under different
conditions, such as varying lighting, facial expressions, and head movements, providing a comprehensive source for analysis.

For this study, a subset of the data is selected as the sample based on data quality and relevance. Only video frames with clearly
visible facial features, such as eyes and mouth, are included to ensure accurate detection of drowsiness indicators like eye
closure, blinking, and yawning.

The collected dataset is divided into training and testing sets to evaluate the performance of the proposed deep learning model
in classifying driver states as “alert” or “drowsy.”

2.2 Data and Sources of Data

For this study, secondary data has been collected from publicly available driver drowsiness datasets such as YawDD (Yawning
Detection Dataset) and other online driving video repositories. These datasets contain video recordings and image frames of
drivers exhibiting various states such as alertness, fatigue, eye closure, and yawning.

The data includes visual information such as facial expressions, eye movements, and head pose, which are essential for
detecting drowsiness. Additional real-time video data may also be captured using a front-facing camera to enhance the dataset.
The collected data is preprocessed by extracting frames, removing noise, and standardizing image formats. The final dataset is
then divided into training and testing sets to evaluate the performance and accuracy of the proposed deep learning model.

2.3 Theoretical framework

The study is based on a supervised deep learning framework consisting of dependent and independent variables. The dependent
variable is the driver’s state, which is classified as either “alert” or “drowsy.”

The independent variables include visual features extracted from driver images and video frames, such as eye state
(open/closed), blink rate, yawning frequency, and head pose. These features are obtained from datasets like YawDD (Yawning
Detection Dataset) and real-time video input.

A Convolutional Neural Network (CNN) is used to learn the relationship between input visual features and the output driver
state. The model automatically extracts spatial features from facial images and identifies patterns associated with drowsiness.

Thus, the framework establishes a relationship where input visual cues (independent variables) are processed through a deep
learning model to predict the driver’s condition (dependent variable).

I1l. RESEARCH METHODOLOGY

This study adopts an experimental approach to develop a real-time driver drowsiness detection system using deep learning.
The methodology includes data collection, preprocessing, model development, training, and evaluation.

Main motive of this paper to provide a method which gives more accuracy in different conditions. For this, method is divided
into subparts that work efficiently. The proposed method implement on dataset includes 1400 images taken from Kaggle which
includes different conditions. The following steps are used to solve the issues of driver drowsiness as shown in figure 1.
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Stepl: First step of methodology after loading dataset in machine is testing and training. Most common split ratio of training
and testing is 80% and 20% respectively for dataset of images more than 1000. But chances of over fitting are very high to
achieve more accuracy. To overcome this situation, k-fold cross validation method is used which gives 1078 images as training
and 3022 images for testing which eliminates over fitting chances.

Step 2: Next Step of methodology to detect eyes and mouth region for further process. As earlier mention in paper, driver
looked at different angle so concerned regions sometimes lost. To overcome this problem, detection of eyes and mouth region
done based on nose coordinates. Some of sample figures are mentioned below for reference how interested region is detected.

Fig. 2. Detection of Eyes Region

The region is segmented with Convolutional Neural Network (CNN) model based on pre-trained model of human Eye, mouth
and face. The trained CNN model uses the Images pre-processed by Tensor Flow library. Method uses CNN python libraries
to detect eyes and mouth region without any manual image processing. The trained model can be applied to different images
with different features and values. Class feature of Tensor Flow to differentiate between closed, open and other facial
expressions. We use an open-source library named OpenCV for training And analyzing images.

Step 3: Model takes a trained Convolutional Neural Network (CNN) and converts the weights into simplex and maxpooling
layers. The Sequential model is a higher-level neural network architecture that implements sequence learning. The model takes
a sequence of zero or more random inputs and predicts a single output, which can be used as an input to subsequent layers in
the network. Model fit over a training set of 30 epochs with validation data that are generated based on the output of that model.
The validation steps are chosen to yield the best training accuracy, while minimizing time and memory usage. The final model
is then flattened, dropped outed, and trained on the given dataset.
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Fig.3. Working of CNN with ReLU
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This model has 3 convolutions, 4 max pooling and 1 flatten on top of the previous layers. The final output of this model is a
dense vector with 64 dimensions per class. In a CNN, ReLU is usually applied after the convolutional and pooling layers. The
output of the convolutional layer is passed through the ReLU activation function, which sets all negative values to zero and
leaves positive values unchanged. This helps to eliminate any negative values that might arise in the output of the convolutional
layer, which can hinder the performance of the network. The use of ReLU with CNNs has been shown to improve the accuracy
of the final results, especially in image recognition tasks.

Region of interest selection

This study uses Haar cascade classifiers to detect, locate and extract the face and eye regions for drowsiness detection
preprocessing. Haar cascade is a technique based on machine learning, where essential features are gained from a portrait, or
integral image, and categorized utilizing AdaBoost34. The algorithm scans an image over different intervals, and identifies
elements depending on pre-instructed features. The classifier scans parts of an image over different intervals, employing
predefined features. In this case, face or eyes, it seeks special features such as the bridge of the nose is lighter than the eyes,
the eyes are darker than the cheeks and the forehead is lighter than the eyes. Because of the classification algorithm, face is
extracted and from the extracted face box, eye regions are extracted. This step is performed to reduce probabilistic and
computational cost of false positives. The shape of a human eye can be described by a set of points. The relative position of
these points defines how open or closed the eye is. So as to measure how open an eye is, it’s essential to know which 2D
landmarks to use around the eyes35. There are some important points p1 to p6 are the 2D facial landmarks of the eye as shown
in Fig. 5. The eye’s state, open or close, is detected by calculating the Eye Aspect Ratio (EAR) as shown in Eq. (1). The vertical
distances between the eye landmarks are summed up and placed in the numerator, whereas those placed horizontally are in the
denominator. A lower EAR value refers to a closed eye, while a higher value refers to an open eye. An EAR score less than
0.25 would define the eye as closed whereas an EAR that scores above will define the eye as open.
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(a) Close-Eyes Images for MRL Dataset

(b) Open-Eyes Images for MRL Dataset

(¢) Drowsy Images for NTHU-DDD Dataset

(d) Not-Drowsy Images for NTHU-DDD Dataset
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Mathematical Model
A Convolutional Neural Network (CNN) is used to classify the driver’s state. The model learns a mapping function:
y=f(x;0)y = f(x; \theta)y=f(x;0)
where:
e XXX = input image/frame (driver face)
e yyy = output class (alert/drowsy)
e  O\thetab = model parameters
The loss function used for classification is Binary Cross-Entropy:
L=—[ylog/oiy")+(1-y)logloj1-y")]L = -[y \log(\hat{y}) + (1 - y) Mlog(1 - \hat {y})]L=—[ylog(y")+(1-y)log(1-y")]
Model parameters are updated using gradient descent:

0=0-—nVL(0)\theta = \theta - \eta \nabla L(\theta)0=0-nVL(0)

where n\etan is the learning rate.
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System Workflow Diagram
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Explanation of Method

The system continuously captures video and processes each frame through a CNN model trained on datasets such as YawDD
(Yawning Detection Dataset). The model automatically learns discriminative features without manual intervention. Based on
prediction probability, the system classifies the driver’s condition and activates an alert mechanism if drowsiness is detected.

IV. RESULTS AND DISCUSSION

In this study, the proposed approach aimed to develop e a new CNN-based driver drowsiness detection system using a dataset
of frontal face images. The dataset consisted of 1400 images with a balanced ratio of normal images and drowsy images. The
images were preprocessed to resize them to 145x145 pixels and normalize the pixel values. We trained and evaluated the
proposed CNN model using Keras with the Tensor Flow backend. The model consisted of three convolutional layers, each
followed by a max pooling layer, and two fully connected (dense) layers. The proposed approach uses ReL.U activation function
for the convolutional layers and the SoftMax activation function for the output layer. The model was trained with a batch size
of 39 and for 30 epochs, using the Adam optimizer and categorical cross-entropy loss function. CNN model was able to achieve
an accuracy of 94.95%, which is better than other existing techniques for driver drowsiness detection.

The proposed real-time driver drowsiness detection system using deep learning was extensively evaluated using benchmark
datasets such as YawDD (Yawning Detection Dataset) along with real-time video streams captured through a front-facing
camera. The Convolutional Neural Network (CNN)-based model was trained to classify driver states into two categories: “alert”
and “drowsy.” The experimental setup included training-validation splits and testing under different environmental conditions
to ensure robustness and reliability.
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Experimental Findings

e The CNN model successfully learns discriminative features such as eye closure duration, blink frequency, yawning
patterns, and head movements.

e The system performs consistently across different drivers, indicating good generalization ability.

e Real-time testing shows that the system can process video frames with minimal latency, making it suitable for practical
deployment.

e The use of deep learning significantly improves performance compared to traditional machine learning methods such
as SVM and decision trees.

Visual Interpretation
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The above visual samples represent different driver states used during training and testing. The model effectively distinguishes
between open and closed eyes, as well as normal and drowsy facial expressions.

The findings confirm that deep learning-based approaches provide a significant improvement over conventional techniques.
Unlike traditional systems that rely on handcrafted features or intrusive sensors, the proposed method automatically extracts
meaningful features directly from raw images, resulting in higher accuracy and robustness.
The system is particularly effective in handling:

e Variations in lighting conditions (day/night driving)

o Differences in facial appearance and driver demographics

e Minor occlusions such as glasses or slight head tilts
However, some limitations are observed:

e Performance may degrade under extreme lighting conditions or complete occlusion (e.g., sunglasses).

e Detection accuracy for borderline drowsiness states (micro-sleep) may be slightly lower.

e Real-time implementation requires sufficient computational resources, which can be challenging for embedded

systems.
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