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Abstract Keywords
Driving demands full attention and focus, as any decrease in these could lead to Drowsy drivers,
accidents. Drowsiness, a condition that reduces a motorist's alertness, poses a significant ~ Object detection,
risk, with delayed detection often resulting in accidents. Traditional methods for YOLOVvSs,
detecting drowsiness typically rely on sensors or invasive monitoring, which may not Non-intrusive
always be practical in everyday situations. This research aims to develop an intelligent

algorithm for detecting drowsy drivers and preventing road accidents. The study adopts a

physiological approach, utilizing computer vision and deep learning techniques to

monitor and identify signs of drowsiness in real-time. The proposed method employs

camera-based monitoring to detect symptoms such as yawning, heavy eyelids, and closed

eyes from a large dataset of images of drowsy drivers. By using the advanced object

detection model YOLOVSs, the system takes advantage of its real-time, high-accuracy

facial landmark detection to analyze and assess the drowsiness levels of individuals. The

model’s performance, with precision at 0.895, recall at 0.914, and an F1 score of 0.9,

demonstrates its effectiveness in accurately identifying drowsiness across various

environmental conditions. This non-intrusive, efficient approach provides a viable

solution for real-time, low-cost drowsiness detection, offering promising applications in

driver’s safety and autonomous vehicle technology.

1. INTRODUCTION

Researchers have defined drowsiness in various ways, generally describing it as a biological state where the
body transitions from wakefulness to sleep. It is characterised as a condition of sleepiness requiring rest, leading
to symptoms that significantly affect performance. Additionally, drowsiness is understood as an inclination to
fall asleep and a state in which awareness decreases due to sleep deprivation or fatigue. A common factor across
these definitions is that drowsiness is primarily caused by lack of sleep, exhaustion, or fatigue [5], [9], resulting
in reduced alertness - posing a serious risk to drivers, other road users, and property. The American National
Highway Traffic Safety Administration (NHTSA) estimates that drowsy driving is responsible for
approximately 100,000 accidents each year, leading to over 1,550 fatalities, 71,000 injuries, and $12.5 billion in
property damage [11]. Moreover, the U.S. National Safety Council indicates that a significant percentage of
drivers admit to falling asleep behind the wheel at least once a month, with 4% of these cases resulting in
accidents. Research by the American Automobile Association (AAA) Foundation for Traffic Safety estimates
that 320,000 drowsy driving crashes occur annually - more than three times the officially reported number. Of
these, 109,000 crashes resulted in injuries, while approximately 6,400 were fatal. Researchers suggest that the
true prevalence of drowsy driving fatalities may be over 350% higher than reported [1]. These figures are
concerning, especially considering that a recent study found that 60% of adults admitted to driving while
fatigued, and 37% acknowledged having fallen asleep at the wheel.

Drowsiness stages are generally classified into three categories: awake, non-rapid eye movement (NREM) sleep,
and rapid eye movement (REM) sleep. NREM sleep is further divided into three distinct stages [13]: I: The
transition from wakefulness to sleep, often associated with drowsiness, II: Light sleep, where heart rate and
body temperature decrease, and Ill: Deep sleep, essential for physical and mental restoration. One of the
primary challenges in developing an effective drowsiness detection system is acquiring accurate drowsiness
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data. For safety reasons, inducing drowsiness in real-world driving conditions is not feasible, making it difficult
to collect reliable data. As a result, drowsiness detection systems must be designed based on how drivers
naturally enter a drowsy state, ensuring the accuracy and effectiveness of detection methods. Driver fatigue can
be detected early, allowing for timely alerts that can help prevent potential accidents [5]. Drowsy drivers exhibit
various signs, including frequent yawning, constant eye closure, and drifting out of their lanes.

Models for detecting driver drowsiness have been developed over the years. To avoid mishaps, researchers
have proposed several models to identify sleepiness symptoms as soon as possible. The models for detecting
driver drowsiness are classified into two, these are invasive and non-invasive. These can be further categorized
into four, namely: image-based models, which use cameras to analyze the driver's facial expressions and
movements; biological-based models, which use sensors on the driver's body to monitor bio-signals; vehicle-
based models, which track the movement and behavior of the vehicle; and hybrid models, which combine two
or more of these models [16]. Several researchers have made significant efforts in the accident detection and
prevention schemes. Brief about their findings are referenced for inclusiveness. Invasive methods have utilized
for drowsiness detection. It involves the use of sensors attached to or worn by drivers [2], leveraging majorly
on loT technologies [3] to monitor physiological and biological indicators of drowsiness. An loT-based
drowsiness detection system was designed in [23], it utilized the Wemos D1 Pro Esp8266 microcontroller, the
MAX30102 sensor, and the Blynk application for real-time visualization. The system determines a driver's
drowsiness level by analyzing heart rate data collected via the detection device. In another scheme, an
innovative model was integrated into a real-world carriage system [8]. This system includes a wearable device
and an embedded unit equipped with GPS, accelerometers, and gyroscopes sensors, and are installed in a Smart
Box mounted on a bus. The wearable device constantly monitors the driver’s heart rate and relays alerts in case
of drowsiness to help prevent accidents. Also, if an accident occurs, the embedded system activates an alert
function which promptly relay the incident’s geolocation to a registered phone number via a mobile messaging
service. In a parallel instant, a prototype system was developed to detect driver’s drowsiness by analyzing facial
landmarks, specifically focusing on the eye region, eye aspect ratio, and closure patterns. When signs of
drowsiness are detected, the system issues an audible alert to the driver and notifies a third party [18]. An loT-
based vehicle monitoring and driver’s assistance framework was designed by [15]. It was aimed at enhancing
safety and smart fleet management. Their system incorporates a software algorithm for tracking of iris status,
alongside hardware components such as cameras, a GPS module, a GSM communication module, and a
microcontroller. These elements enable intelligent vehicle functionalities, including driver’s identification,
health monitoring, and over-speed detection. A "Stay Alert: Drowsiness Detection with l1oT Technology"
system designed by [14] facial recognition cameras, heart rate monitors, and accelerometers were integrated
into an loT network. This system continuously tracks physiological and behavioral indicators of drowsiness,
such as eye movement, blink frequency, heart rate variations, and head position changes. Physiological
monitoring schemes have also been proposed, utilizing signals such as electrooculogram (EOG) and
electrocardiogram (ECG) to provide valuable insights into the driver’s fatigue levels. But, a key restraint of
these methods is the need for the driver to wear electrodes, which may be discomforting and tiring [17].

The reviewed non-invasive studies focused on various algorithms that uses camera-based machine-learning
techniques for drowsiness detection [10]. a non-intrusive Advanced Driver Assistance System (ADAS) was
designed to detect and alert drivers experiencing drowsiness. The approach used involved analyzing 60-second
sequences of recorded facial images. To minimize false positives, they applied two alternative detection
solutions, utilizing recurrent and convolutional neural networks along with deep learning schemes to extract
numerical features from captured images, which are then processed using a fuzzy logic-based system. Two
methods were proposed in [12] with three scenarios for drowsiness alert systems. The first method utilized
facial landmarks to detect blinks and yawns based on adapted threshold values for each driver. The second
method employed deep learning techniques, using two adaptive deep neural networks based on MobileNet-V2
and ResNet-50V2. This approach processes video frames to automatically learn driver’s activity features. By
leveraging transfer learning, the system addresses the challenge of limited training datasets, ensuring faster
training while keeping the benefits of deep neural networks. In the study carried out by [21], a deep-learning-
based driver drowsiness detection system for brain-computer interfaces (BCI) using functional near-infrared
spectroscopy (fNIRS) was adopted. Brain signals related with drowsiness were collected from 13 healthy
participants while they operated a car simulator. A continuous-wave fNIRS system focused on the prefrontal
and dorsolateral prefrontal cortices to measure brain activity. Deep neural networks (DNN) were used to
classify drowsy and alert states, while convolutional neural networks (CNN) processed color map images to
identify the most relevant channels for detecting brain activity over time. Their CNN-based model achieved an
outstanding average accuracy of 99.3%, demonstrating its capability to distinguish between drowsy and alert
states aptly. The study in [19] advanced various architectures for analyzing facial and drowsiness detection
performance using deep learning techniques. To assess the driver’s state, facial regions covering the entire face
were utilized. The face detection algorithms applied include: Viola-Jones, DLib, and YOLOv3. For grouping, a

A Publication of the Faculty Engineering, Osun State University, Osogbo, Nigeria

197



Uniosun Journal of Engineering and Environmental Sciences (UJEES), Vol. 7 No. 2, Sept. 2025
DOI: https//doi.org/10.64980/ujees.v7i2.452 Akinde et al.
Published: September 30, 2025

revised LeNet Convolutional Neural Network (CNN) architecture was used for drowsiness detection. The study
showed an approach to identifying a drowsy driver using an NIR camera. Among the face detection methods
evaluated, YOLOV3 outperformed Viola-Jones and DLib in terms of accuracy. The modified LeNet model was
used for taxonomy, achieving a system accuracy of 97% at 20 frames per second. But, in cases where the face
was partly occluded, such as by a hand, detection was impaired [19].

Despite the feats by some researchers in driver’s drowsiness detection schemes, realising an optimal balance
between accuracy, practicality, and reliability is a challenge. Vehicle-based systems are often impacted by
external factors such as road conditions, while physiological methods, though highly accurate, rely on invasive
equipment like electrodes, making them impractical for everyday use. These constraints highlight the need for
efficient and non-intrusive method. This study thus aims to design a Driver Drowsiness Detection (DDD)
System that leverages computer vision and deep learning to precisely identify signs of drowsiness in real time
using a camera-based monitoring setup. This approach aims to maintain high accuracy across diverse eco-
friendly conditions while ensuring drivers’ comfort and removal of intrusive devices.

2. MATERIALS AND METHOD

The detection of a drowsy driver was achieved using object detection machine learning based model weaved
around deep learning paradigm, a powerful branch of artificial intelligence. This method involved training an
artificial neural network model with multiple layers to automatically learn and extract patterns associated with
drowsiness symptoms, such as yawning, heavy eyelids, and closed eyes, from a large dataset of drowsy driver
images [4], [7]. The process begins with acquiring image data captured by cameras of drowsy drivers in various
environmental, lighting, and positional conditions. These images were then pre-processed through tasks like
data cleaning, resizing, augmentation, class balancing, and validation. During training, the model learns to
detect and classify drowsiness symptoms by extracting key features from the pre-processed images. Post-
processing techniques, such as model fine-tuning, hyper-parameter tuning, and error analysis are applied to
optimize performance. The model is then tested on diverse datasets to evaluate its robustness in detecting
drowsy driver symptoms under varying conditions, ensuring its effectiveness in real-time monitoring [6], [7],
[19]. Figure 1 is the process flow illustrating the model:

Data Acquisition Image Rre- ’ Featur_e
processing Extraction
Object Detection » Model Evaluation " Post-processing
Drowsiness
Detection

Figure 1: Driver Drowsiness Detection Pipeline Flow

2.1 You Only Look Once Version 8 (YOLO v8)

The drowsiness detection system in this study utilizes the “You Only Look Once” version 8 (YOLO v8), a
cutting-edge single-stage object detection algorithm known for its speed and efficiency in real-time applications.
Built on a Convolutional Neural Network (CNN) and tailored for processing visual data [2], YOLO’s primary
advantage is its ability to detect objects in a single forward pass through the network, removing the need for
multiple processing stages. Unlike old two-stage detectors such as RCNN, YOLO parts an image into a grid,
where each section predicts bounding boxes and class chances for objects within its area. To refine detections,
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non-maximum suppression (NMS) was used, removing overlapping boxes to ensure each object is identified
only once. This streamlined method (Figure 2) enables YOLO to deliver rapid and precise forecasts, making it
highly apt for real-time driver drowsiness detection [6], [20] and [22].
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Figure 2: Architecture of YOLO v8.

The YOLO v8 algorithm as depicted in Figure 2.0 consists of 3 major blocks through which all processing is done
namely: the backbone, the neck, and the head.

i.  Backbone: The backbone, also known as the feature extractor, is essential for identifying meaningful patterns
from an input image of a drowsy driver. It starts by detecting basic elements like edges and textures in the initial
layers and gradually extracts features at various scales to enhance the accuracy of detection. Finally, it generates
a rich hierarchical representation of the input image, serving as the foundation for subsequent processing stages.

Ii.  Neck: The neck serves as a link between the backbone and the head, enabling feature fusion and improving
contextual awareness. By integrating feature maps from different stages of the backbone, it enhances the
network’s ability to accurately detect objects of various sizes. Next, it incorporates contextual information to
improve detection accuracy by accounting for the broader scene context. Lastly, the neck reduces spatial
resolution and dimensionality, optimizing computational efficiency and increasing processing speed.

lii. Head: The head is the concluding part of the network, tasked with generating the final outputs. It predicts
bounding boxes for potential objects in the image and assigns confidence scores to indicate the probability of an
object’s presence. Additionally, it classifies the detected objects within the bounding boxes according to their
respective categories.

In this research project, YOLO v8s is the specific variant of the YOLO model used for driver drowsiness detection due to
its lightweight nature and optimized speed. Compared to the other YOLO v8 variants such as YOLO v8l, and YOLO
v8X, YOLO v8s is specifically designed for faster inference while maintaining sufficient accuracy. Its smaller model size
allows it to operate efficiently on devices with limited computational resources, such as mobile processors or edge
devices, ensuring that the systems can process live video data in real-time. This is particularly important in driver
drowsiness detection, where quick identification of symptoms like eyelid movements of facial expressions can be
captured. The fast inference time provided by YOLO v8s minimizes latency, making it highly suitable for safety-focused
applications where even a slight delay in detection could be hazardous [22]. On the other hand, larger models like YOLO
v8x, or YOLO v8l while providing better accuracy, require more computational power and longer training and
processing times, which can slow down the system in real-time applications. Thus, YOLO v8s achieves an ideal balance
between speed, efficiency, and detection accuracy, making it the most suitable option for real-time driver drowsiness
detection.

2.2 Data Acquisition

A dataset comprising 18,140 images of drivers was collected, featuring different states of a driver such as “happy”,
“Neutral”, “Eyes closed”, “Heavy Eyes”, “Yawn” and “Bent Neck”. These images were sourced from diverse online
platforms, including Roboflow, Kaggle, Google Datasets, and YouTube. Figure 3.0 depicts various samples from the
dataset collection and Table 1.0 shows class distribution by image.
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(e:)
Figure 3: Samples of the acquired dataset

Table 1: Class Distribution by Images

Class Images Total Percentage (%)
Drowsy Symptoms Eye Closed 3299
Bent Neck 11 10104 55,700
Heavy Eyes 3908
Yawn 2886
Non-Drowsy Happy 111
Symptoms Neural 7925 8036 44,300

2.3  Data Cleaning and Structuring

To properly prepare the data for further use, the 18,140 images were adequately cleaned and sorted into
different sections based on the condition of the driver by removal of blurred images or images of low
resolution, irrelevant images that did not depict any drowsy symptoms, etc. Moreover, due to the minimal
representation of the "Bent Neck" category (11 images), it was appropriately excluded from the dataset to
avoid negatively affecting the dataset. The remaining data was re-organized into four symptom categories:
"yawn", "eyes closed", and "heavy eyes" indicating drowsiness while the "eyes opened" category
predominantly represented non-drowsiness. This is because the initial "neutral" and "happy" sections were
merged to collectively represent non-drowsy symptoms.

The inclusion of the non-drowsy symptoms i.e. negative (-ve) samples was essential for improving the
model's robustness and overall performance. By integrating these negative categories, the model was adept at
differentiating between drowsy and non-drowsy drivers significantly enhancing its generalization capabilities
and detection accuracy.

2.4  Labeling/ Annotation

The dataset of 18, 140 images was carefully labeled in the YOLO format using the Labeling software
application as shown in Figure 4.0. The software is an open-source graphical annotation tool that facilitates
the labeling and annotation of images with bounding boxes. Each time a label or annotation is created using
the software, it automatically exports the parameters of the labeled objects to a .txt file for storage. For every
annotated image, the associated class ID, along with the x and y coordinates, width, and height of the
bounding box, was documented in a ".txt" file. These details provided the precise information required to
define the bounding boxes, enabling the model to accurately identify and localize objects within the image.
Table 2 entails explanation of each of the data label.
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Table 2: Data Labels and Description

Data Labels Description of Data Labels

Class ID: This parameter designates the category or label of the object detected in the image. Since
the model aims to differentiate between drowsy and non-drowsy drivers, as well as various
facial indicators, the class indicates which category the detected expression falls into. For
example, a detected expression could be labeled as "drowsy" or "not drowsy," depending
on the classification model's output.

X-coordinate | This parameter represents the x-coordinate of the top-left corner of the bounding box
surrounding the detected object. It specifies the horizontal position of the bounding box's
starting point, measured in pixels from the left edge of the image.

Y-coordinate | This parameter represents the y-coordinate of the bounding box's top-left corner, specifying
the vertical position where the bounding box starts. It is measured in pixels from the top
edge of the image.

Width This parameter denotes the width of the bounding box, indicating how wide it is starting
from the x-coordinate. The width is measured in pixels and helps determine the horizontal
span of the detected object.

Height This parameter represents the height of the bounding box, specifying how tall it is starting
from the y-coordinate. The height is measured in pixels and aids in determining the vertical
span of the detected facial expression.

@
Figure 4: Samples of the annotated (i.e. labelled) dataset.

2.5 Data Preparation
To adequately prepare the data for training, the following preparatory measures were put in place:

i. Class Balancing: To ensure accurate classification by the model, it was essential to achieve a
balanced representation of all classes. This balance enhances the model’s efficiency by ensuring an
even distribution of weights across the different class categories (i.e., yawn, eyes closed, eyes opened
... etc). Figure 5.0 depicts the class distribution of the dataset.

= Yawn ™ fyesClosed, ™ Heavyfves ™ EvesQpened ™ Drowsy ® Not Drowsy

Figure 5: Class distribution of the dataset.
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ii. Label File Modification: All bounding box annotations in the .txt files were formatted consistently
as class_ID, x, y, width, and height to maintain uniformity across the dataset. Also, extra blank lines
identified within the label files were removed to prevent potential errors during training. This change
ensured that all label files adhered to the expected YOLO format.

2.6  Data Pre-Processing and Augmentation

Following data cleaning, structuring, and preparation phase, the entire dataset was uploaded to the Roboflow
Workspace, a platform made to streamline computer vision workflows. Roboflow enabled the pre-
processing and increase of the driver drowsiness dataset, ensuring that it was optimized for training the
YOLO v8 model. The platform’s robust tools enabled efficient handling of large datasets, while its pre-
processing abilities ensured constancy and quality across all images. The specific pre-processing and
structuring methods are stated below:

2.6.1 Pre-processing techniques
i.  Auto-Orientation: This step automatically corrected the orientation of images regardless of the
original orientation during capture while making sure that they were properly aligned for accurate
detection during training.
ii. Image Resizing: All images were resized to a resolution of 640 x 640 pixels to align with YOLO v8
training standards and to ensure uniform dimensions across the dataset while facilitating quicker GPU
training and preserving the critical details of each image.

2.6.2 Augmentation techniques
i.  Vertical Flips: Images were flipped vertically to increase variability and improve the model’s ability
to generalize. It is mathematically represented as eq.1:

x [1 0 0] x
y=|0 -1 o|*y 1)
1 lo o 1 1

X=y', X=y

ii.  Rotation: This technique was used to alter the orientation of images by rotating them at specified
angles. This process generated new training data instances introducing variations in the images'
positioning. By including rotated images in the dataset, the model learned to recognize objects
regardless of their orientation, improving its ability to handle different perspectives and angles. The
process is represented by the egs.2 and 3 below:

x2 = cos(B) * (x1 —x) —sin(8) * (yl —y) +x )

y2 =sin(@) * (x1 —x)—cos(8) »(y1 —y) +y (3)

iii. Shear: This method distorted the images slightly along a given axis, introducing variation and
helping the model become resilient to minor distortions in real-world settings. Mathematically, it is
described in eq 4:

xyy™ = [10 k1]xy (4)

where:
x" =x + k*y (the new x - coordinate)

x" = y (unchanged y - coordinate)

iv. Gaussian Blur: smooths images and reduces noise. This augmentation helps the model learn to
identify important features even when images are slightly blurred or have low detail. It also simulates
scenarios where the input data might be captured with poor focus. It is mathematically depicted in
equation 5:
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v. Median Blur: Median filtering is especially effective at removing "salt and pepper" noise (random
bright or dark pixels) while keeping the edges in an image. This technique is helpful for improving
the model’s performance in detecting features in noisy or degraded milieus. Mathematically, it is
represented as eq.6:

New Value = Median (Window Values) (6)

vi. To Gray: Converting images to grayscale removed color information, forcing the model to rely on
texture, shape, and intensity patterns. This augmentation ensured the model should perform well even
in settings where color data was unavailable or unreliable, such as low light conditions.

vii. Contrast Limited Adaptive Histogram Equalization (CLAHE): This enhances contrast in low-
contrast images. This helps the model to detect subtle details that may be obscured in poorly lit or
overexposed images. It also prepares the model to handle variations in lighting and exposure in real-
world scenarios.The training batch image collage in the Figure 6 depicts some of the augmentation
techniques applied. Following data pre-processing and augmentation, the original dataset of 18,129
images was successfully expanded to 20,927 images.

Figure 6: A training batch collage containing few augmentation techniques applied.

2.6.3 The Train-Test Split
The dataset, comprising 20, 927 images, was divided into three subsets using a ratio of 90:5:5. This split
ensured an effective allocation of data for model training, validation, and testing,

i.  Training Set (90%): The training set containing 18,835 images was the largest subset and was used
to train the YOLO v8 model. It provided the model with sufficient examples to learn patterns,
features, and relationships between the input data and corresponding labels.

ii. Validation Set (5%): The validation set, comprising 1,046 images, was used during training to
assess the model's performance on unseen data. It played a crucial role in tuning hyperparameters,
detecting overfitting, and ensuring the model could generalize well to new data.

iii. Testing Set (5%): The testing set, which also contained 1,046 images, was kept aside for the final
evaluation of the model after training. It offered an unbiased measure of the model's accuracy,
robustness, and capability to handle real-world data across various environmental conditions.

2.6.4 Model Building

The driver drowsiness detection model was developed on the Google Colab platform, utilizing an Intel®
Core™ i5-7300U CPU @ 2.60GHz in conjunction with the Tesla T4 GPU accelerator. The Tesla T4 is
equipped with 16 GB GDDR6 VRAM and is powered by 2560 CUDA cores with a boost clock of 1.59
GHz. This GPU was chosen for its high performance in deep learning tasks, offering fast computation due to
its Turing architecture and support for CUDA 12.2. The deep learning model was developed using transfer
learning, a potent approach that utilizes pre-trained models to accelerate the training process. Transfer
learning enabled the pre-trained model to benefit from the knowledge embedded in models before trained on
large datasets. This pre-existing knowledge allowed the model to quickly adapt to a new custom dataset with
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minimal computational cost and reduced training time. By fine-tuning the final layers, the model was
tailored to detect driver drowsiness even with the limited dataset.

However, before training the model, certain hyper-parameters were selected and these are shown in Table 3.
Properly setting these hyper-parameters was crucial since they knowingly influenced the model's ability to
learn from the data and converge to an optimal solution. In addition, the settings determined how quickly the
model learned, how well it generalized to new data, and how effectively it avoided overfitting, thus playing
a pivotal role in achieving accurate and reliable predictions.

Table 3: Hyper-parameters used and their respective values.

Number of 100 Total number of complete passes through the network for every iteration
Epochs.

Learning Rates  0.01 Controls the step size for updating the weights during training.

Input images 640x640 The resolution of the input images

sizes.

Total number of 6 The resolution of the input images

images

Batch sizes SILU Sigmoid Linear Activation Function also known as Swish.

Momentum 0.9 Control input of the previous gradient to the current update, helping

smoothen training and accelerate convergence.

Optimizer SDG Stochastic Gradient Decent.

Workers 8 The number of workers for data loading.

Pre-trained 349 Loaded weights from YOLO v8s model.

weights

Layers 168 Total number of trainable and non-trainable parameters used in the

YOLO v8 model architecture.

Parameters 11,127,906 Total number of trainable and non-trainable parameters used in the
YOLO v8 model architecture

loU Threshold 0.07 Intersection over Union threshold for detection during training.

Maximum 300 Maximum Number of Detection per images.

Detections

Weight Decay 0.005 Regularization term added to lost role to avert overfitting by penalizing
large weights.

Warmup 3.0 Number of Initial of Epochs with a gradually increasing rate to stabilize

Epochs early training

Patience 100 Early Stopping Patience.

3. RESULTS AND DISCUSSION

The performance of the model was assessed using several key evaluation metrics, which include: Precision,
Recall, F1 Score, loU Intersection over Union (loU), and Mean Average Precision. These metrics provided
insights into how effectively the model had learned from the training data. Table 4.0 highlights the
description of each metric and its significance.
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Table 4: Model evaluation metrics

Metric Values
Precision 0. 0.895
Recall 0.914
Map@50 0.763
Map@50-95 0.952
F1-Score 0.900
Box Loss 0.732
Class loss 0.400

3.1  Precision: measures the accuracy of the model’s positive predictions. Specifically, it quantifies how
many of the instances that the model flagged as indicating drowsiness (positive detections) are actually
correct. The precision value of 0.895 as shown in Figure 7 indicates that for 89.5% of the times the model
detected drowsiness, the driver was indeed drowsy (i.e., True Positive) leaving an error rate of about 10.5%
(False Positives). Mathematically, it is calculated using eq.7:

True Positives (TP) (7)
True Positives (TP)+False Positives (FP)

Precision =

Precision during Training

0.900

0.875

0.850

0.825

precision

0.800

0.775

0.750

0.725 -

o 20 40 60 80 100
Epoch

Figure 7: Precision curve during training evaluation metrics.

3.2 Recall: quantifies the model's ability to detect all actual instances of driver drowsiness. Contrariwise,
it tells us how many of the truly drowsy drivers were correctly identified by the model. As shown in Figure 8,
the model initially experienced a stochastic start due to its early phase of learning, where it was still trying to
learn the underlying features across various categories. However, over time, the model stabilized, and its
performance steadily improved, culminating in the final result. With the recall value of 0.914, the model
successfully detected drowsiness 91.4% of the time when the driver was actually drowsy, the model
successfully detected and flagged drowsiness. However, this also implies that 8.6% of the time, when the
driver was indeed drowsy, the system failed to detect it (i.e. False Negatives). It is mathematically expressed
as eq. 8 below:

True Positives (TP
Recall = — IP) - (8
True Positives (TP)+False Negatives (FP)
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Recall during Training

0.94 4 —e— Recall: 0.914

0.92

B T R PRy
0.90
?E 0.88
0.86
0.84
0.82

o 20 40 60 80 100

Epoch

Figure 8: Recall curve during training evaluation metrics.

3.3 F1-Score: is the harmonic mean of precision and recall, offering a balanced measure of a model’s
ability to accurately identify positive instances while minimizing both false positives and false negatives. It
ranges from 0 to 1, where a score of 1 indicates perfect precision and recall. The F1-score is calculated by
using a decision boundary to classify predicted probabilities into distinct classes. In this scenario, the model
correctly classifies an instance as belonging to a positive class if its predicted probability exceeds the
threshold of 0.376. The overall score of 0.9 as indicated in Figure 9 shows that the model is highly effective
in detecting drowsy drivers (high recall) and reducing false alarms (high precision) at the threshold of 0.376.
Mathematically, it is calculated using eq. 9:

Precision= Recall
F1 Score = 2 » ——— " 2500 9)

Precision+ Recall

Fl-Confidence Curve

1.0

e —_—

0.0 - -
0.0 0.2 0.4
Confidence

Figure 9: F1 Score - Confidence Curve During Training.

3.4  Mean Average Precision (mAP)@50: indicates the calculated value at an Intersection over Union
(loU) of 0.50 (i.e. 50%). This implied that when the model predicts drowsiness or a symptom like a yawn,
eyes closed, heavy eyelids, etc, such is taken as precise detection if the predicted area overlaps with the
ground truth by at least 50%. From the driver drowsiness model, the mAP@50 of 0.952 showed that the
model is 95.2% accurate in identifying and localizing driver drowsiness and its signs with a good degree of
overlap where a symptom is present. From Figure 10, it can be observed that at the beginning of the training,
the mMAP@50 experienced an abrupt increase and at some point from 40 epochs, the value stabilized and was
on a constant increase afterward until it got to 100 epochs as shown in eqg. 10.

1
mA Pso = gZ?o(Rso —R) * Psg (10)

where: Rso is the recall at an loU threshold of 50%
Pso is the precision at an loU threshold of 50%.

n signifies the number of classes (i.e 6) the model is detecting.
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Mean Average Precision at Intersection Over Union of 50% during Training

—e— mMAP@50: 0.952

o 20 40 60 80 100
Epoch

Figure 10: mAP@50 During Training

3.5 mMAP@50-95: provides a stricter evaluation of the model’s detection performance. The value of 0.763
indicates that, on average, the model performs well across a wide range of Intersections over Union (loU)
thresholds, meaning it can accurately detect drowsiness symptoms not only when the bounding box
localization is precise (at 50% overlap) but also when the localization is less perfect (e.g at 70%, 80%, and
higher IoU values). This shows the model’s robustness in handling varying degrees of overlap. Furthermore,
from Figure 11, it can be observed that the mAP@50-95 steadily increased with each complete pass of the
entire training dataset (i.e. 18, 835 images) through the YOLO model. This indicates that as the model (eq.
110was exposed to more data, it improved its ability to detect drowsiness symptoms with increasing
precision across multiple loU thresholds, further validating the effectiveness of the model in real-world
scenarios.

1w
mA Psg_g5 = EES(?SSR(RSO—QE —R) * P5g_gs (11)

where: Rsp - g5 is the recall between an loU threshold of 50 — 95% Psp - g5 is the precision between an loU
threshold of 50 - 95% n represents the number of classes, that is, the model is detecting.

Mean Average Precision at Intersection Over Union of 50% - 95% during Training

—&— mAP@50-95: 0.763 l e
|

0.750 A -0,

0.725

0.700 A

MAP@50-95
o
@
~
w

o
-]
1]
=]

0.625 -

0.600

0.575

0 20 40 60 80 100
Epoch

Figure 11: mAP@50-95 During Training

3.6  Confusion Matrix: A confusion matrix is a diagram, as in figure 12, used to assess the performance
of a model's classification, particularly in terms of accuracy, precision, recall, and F1 score. With confusion
matrix, possible scenarios driver’s status while driving could be described. Some of this instances are as
follows: True Positive (TP), which is the number of instances correctly predicted as positive, where the
model exactly identifies a drowsy driver; False Positive (FP), this is the number of instances incorrectly
predicted as positive (e.g the model mistakenly labels a non-drowsy driver as drowsy); True Negative (TN),
implying the number of instances correctly predicted as negative (e.g. the model correctly identifies a non-
drowsy driver); and the False Negative (FN), this indicate the number of instances wrongly classified as
negative (for instance, the model does not recognize a drowsy driver.
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Figure 12: Confusion matrix of the model after training.

From figure 12, the model correctly predicted 302 cases of yawning symptoms but falsely classified 5
background images as yawning. In the drowsy class, the model accurately identified 271 cases. But it
misclassified 1 instance of eyes closed, 5 instances of eyes open, and 9 background images as drowsy. For
the eyes closed symptom, the model correctly predicted 271 instances but made an error by classifying 1
instance as heavy eyes and 8 instances as background images. In the case of heavy eyes, the model rightly
identified 180 cases but misclassified 3 instances as eyes open and 4 as eyes closed. Also, it predicted 304
instances of eyes open correctly but misread 5 instances as heavy eyes, 1 as drowsy, and 24 as background
images.

Finally, in the non-drowsy sort, the model correctly predicted 298 instances but wrongly classified 4 cases as
drowsy and 14 instances as background. Figure 13 shows the results of samples of the model's performance
on some of the image frames.

Figure 13: Samples of the model's performance on some of the image frames.

In brief, towards the achievement of the developed object detection machine learning based model capable of
precisely finding and extracting facial features and signs of drowsiness such as yawning, heavy eyelids, or
closed eyes from a driver’s face using images and video footage captured by a camera, figure 12 showed the
level. From figure 12, the model correctly predicted 302 cases of yawning symptoms but falsely classified 5
background images as yawning. In the drowsy class, the model precisely identified 271 cases. But, it
misclassified 1 instance of eyes closed, 5 instances of eyes open, and 9 background images as drowsy. For
the eyes closed symptom, the model correctly predicted 271 instances but made an error by classifying 1
instance as heavy eyes and 8 instances as background images. In the cases of heavy eyes, the model rightly
identified 180 cases but misclassified 3 instances as eyes open and 4 as eyes closed. Also, it predicted 304
instances of eyes open correctly but misread 5 instances as heavy eyes, 1 as drowsy, and 24 as background
images.

Besides, the enhancement of the accuracy of the model for facial features recognition linked with drowsiness,
focusing on reducing false positives and false negatives to ensure reliable performance. The obtained
precision value of 0.895 (89.5%) as shown in figure 7 showed that for 89.5% of the times the model detected
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drowsiness, the driver was indeed drowsy (i.e. True Positive) leaving an error rate of about 10.5% (False
Positives). Similarly, with the recall value of 0.914, the model successfully detected drowsiness 91.4% of the
time when the driver was actually drowsy, the model successfully detected and flagged drowsiness.
However, this also implies that 8.6% of the time, when the driver was indeed drowsy, the system failed to
detect it (i.e. False Negatives).

The overall score of 0.9 as indicated in figure 9 showed that the model is highly effective in detecting drowsy
drivers (high recall) and reducing false alarms (high precision) at the threshold of 0.376. Also, the value of
mAP@50 (i.e. 0.952) showed that the model is 95.2% accurate in identifying and localizing driver
drowsiness and its signs with a good degree of overlap where a symptom is present.

4. CONCLUSION

The novelty of this research lies in addressing the significant limitations of existing state-of-the-art driver
drowsiness detection systems. While most systems merely determine whether a driver is drowsy or not, they
fail to identify the underlying symptoms that justify this classification. To bridge this gap, this study
developed a monitoring method using YOLO v8 to build a custom object detector model tailored specifically
for detecting driver drowsiness symptoms such as yawning, closed eyes, and heavy eyelids, and determining
whether the driver is drowsy or not.

The model was enhanced to effectively generalize across various scenarios by applying a range of data
augmentation techniques, such as horizontal and vertical flips, rotations, and other transformations. This
approach ensured the model's robustness to different environmental conditions and viewpoints. This
innovative approach not only reduces computational costs and training time but also provides an efficient and
reliable solution for the early detection of driver drowsiness. So, it mitigates the risk of severe accidents,
reduces substantial economic losses, and enhances public health and safety.
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