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ABSTRACT

Driver fatigue is a primary contributor to traffic accidents in various countries. To address this issue, the
research developed a computer vision system using facial feature recognition and blink rate monitoring
to promptly detect signs of driver fatigue. While facial recognition technology has proven effective in
fatigue detection and mask compliance, it faces challenges in adapting to diverse environmental
conditions and ensuring efficient device utilization. The study integrated YOLOV5 into machine
learning to enhance fatigue detection using a Raspberry Pi 4, demonstrating significant improvements
in driving safety through real-time object identification. The research documented significant outcomes
from training the YOLOv5 model, with consistent reductions in bounding box prediction losses, object
detection, and classification throughout the training process. Precision and recall metrics showed steady
increases, while Mean Average Precision (mAP) scores indicated progressive gains, confirming the
model's ability to accurately predict labels with minimal bounding box overlap. Precision-recall and
recall-recall curves for "focused" and "microsleep" drivers illustrated how the YOLOvV5 model adjusted
its performance based on varying confidence levels in object recognition. In summary, this study
underscores the effectiveness of YOLOV5 in enhancing driving safety by efficiently detecting and
identifying potential signs of driver fatigue in real-time scenarios.
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INTRODUCTION

The study investigates driver fatigue (Alkinani et al., 2020a; Biswal et al., 2021; Dey et al.,
2019a; Shang et al., 2023; Sharma et al., 2022; Sun et al., 2020), consistently identified as a
primary cause of traffic accidents (Akrout & Mahdi, 2023; Alkishri et al., 2022; Budiarti et
al., 2023; Dey et al., 2019b; Junaedi & Akbar, 2018; T. Li et al., 2022; Wang et al., 2017) in
various countries, including the United States, Australia, India, and Indonesia. In Indonesia,
the complex and often irregular road conditions significantly impact driver vigilance, thereby
increasing accident risks. Consequently, enhancing public awareness of safe driving practices
and implementing effective technological solutions are crucial for mitigating accident rates
(Chakraborty & Aoyon, 2014). One advanced technological solution under development is a
computer vision (Chakraborty & Aoyon, 2014; Junaedi & Akbar, 2018; Reddy Chirra et al.,
2019; Valsan A et al., 2021) system designed to detect signs of driver fatigue (Alkishri et al.,
2022; Mangshor et al., 2020), such as facial feature recognition (Alkinani et al., 2020b; Ed-
Doughmi et al., 2020; Elleuch et al., 2015; Gawande & Badotra, 2022; Hollosi et al., 2024;
Wan et al., 2019) and blink rate monitoring (Gawande & Badotra, 2022; Holl6si et al., 2024;
Reddy Chirra et al., 2019; Sowmyashree & Sangeetha, 2023). Its objective is to promptly
identify potential distractions (Akrout & Mahdi, 2023; Alkinani et al., 2020b; Hollosi et al.,
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2024; Shariff et al., 2023) or drowsiness (Adochiei et al., 2020; Alkishri et al., 2022;
Chakraborty & Aoyon, 2014; Junaedi & Akbar, 2018; Murthy et al., 2022; OZTURK et al.,
2022; Reddy Chirra et al., 2019; Sowmyashree & Sangeetha, 2023; Valsan A et al., 2021) that
may lead to decreased driver alertness (Akrout & Mahdi, 2023; Valsan A et al., 2021).

Evaluations of facial recognition technology have demonstrated its efficacy across various
applications, including surveillance, drowsiness detection, and mask compliance, emphasizing
accuracy and operational efficiency. In addition to technological advancements, driver
behavior influenced by driving style, experience, and emotional state also plays a pivotal role
in road safety (Akrout & Mahdi, 2023; Alkinani et al., 2020b; Chakraborty & Aoyon, 2014;
Holl6si et al., 2024; Yu et al., 2021; Zaman et al., 2023; Zhao et al., 2020). A significant
challenge in implementing this technology lies in accurately detecting and interpreting human
emotions, a critical aspect in the fields of computer vision and artificial intelligence. High
accuracy in recognizing drivers' facial expressions is essential to effectively identifying fatigue
or other impairments that could jeopardize road safety (Alkishri et al., 2022; Kim et al., 2019;
Shang et al., 2023; Shofiah, Pradana, et al., 2024; Sun et al., 2020). However, the development
of this technology faces challenges such as adapting to diverse environmental conditions (Z.
Lietal., 2018; Shofiah, Sediyono, et al., 2024) and the necessity for cost-effective and efficient
processing devices (Murthy et al., 2022). Real-time models employed for detecting driver
drowsiness necessitate continuous monitoring of driver behavior to identify critical moments
when vigilance levels decline (Adochiei et al., 2020; Alkishri et al., 2022; Cui et al., 2021; Ed-
Doughmi et al., 2020; Hollési et al., 2024; Junaedi & Akbar, 2018; Mangshor et al., 2020;
Rudrusamy et al., 2023; Sharan et al., 2019; Sun et al., 2020; Valsan A et al., 2021; Zaman et
al., 2023). With documented accuracies reaching up to 82% (Shen et al., 2018) indoors and a
positive detection rate of 72.8% (Said et al., 2018) outdoors within a 1-2 meter range, this
technology has demonstrated its efficacy in enhancing driver and road user safety. Ongoing
efforts focus on developing detection systems that are affordable, portable, safe, fast, and
accurate, aiming to significantly reduce accidents caused by driver fatigue under varying
traffic conditions. Furthermore, current research integrates YOLOV5 in machine learning to
enhance the accurate and efficient detection of fatigue signs, alongside exploring the
implementation of vibrating cushions as a physical solution to awaken drowsy drivers, thereby
improving responsiveness and safety on roadways.

METHOD

This study involved collecting data using cameras and sensors to monitor drivers, capturing
facial expressions, eye movements, head positions, and other relevant details (See in Figure 1).
The data underwent preprocessing steps including image normalization, face detection, and
feature extraction during the model training on Roboflow. The YOLOvV5 model, enhanced with
techniques like mish activation, mosaic data augmentation, and self-adversarial training, was
used to improve performance and efficiency. YOLO works by dividing an image into an S x S
grid, with each grid cell responsible for detecting objects whose centers fall within it, predicting
bounding boxes and confidence scores.
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Figure 1. The circuit diagram for the Driver Detection System using Raspberry Pi 4 and USB
Webcam with YOLOV5, featuring an added drowsiness alert pillow

The YOLOV5 project utilized an HP Pavilion Gaming 15-dk0000 laptop with specifications
including Intel Core i5-10300H, AMD Ryzen 5 5600H, and Intel Core i5-9300H CPUs, 8 GB
DDR4 RAM, and a 512 GB PCle NVMe SSD. It featured a Full HD display and operated on
Windows 10 Home, supported by an NVIDIA GeForce GTX 1650 GPU. These components
were crucial for effectively training and deploying the YOLOvV5 model for object detection
tasks. Researchers developed a tool utilizing machine learning and a Raspberry Pi 4 as a mini-
computer to alert drivers during microsleep events, employing YOLOVS5 for object training and
recognition. The Raspberry Pi 4, along with technologies like TensorFlow Lite or ONNX, is
being considered for use in various projects. Various sample tests were conducted to evaluate
differences in lighting conditions, device positioning, distinct objects, and time periods. The
results showed that the YOLOv5-based detection tool was accurate in identifying microsleep.
A qualitative research methodology, incorporating phenomenological research to understand
drivers' experiences and behaviors and grounded theory to develop a framework for interpreting
the data, was employed to measure the tool's accuracy.

RESULT AND DISCUSSION

Before training the model, preprocessing and augmentation were applied to the dataset. Suitable
methods such as resizing, normalization, grayscale conversion, among others, were selected. A new
version of the dataset was created by clicking on "Versions™ in the Roboflow project sidebar.

@ robofiow
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Figure 2. Dataset preparation for Roboflow projecf

The dataset (Figure 2) was then divided into train, validation, and test sets. The implementation
of YOLOVS5 in this research demonstrated strong capabilities in real-time object detection,
particularly in detecting driver fatigue indicators such as "microsleep” and "focus". The training
process involved using 2048-sized input images with a batch size of 16, trained for 100 epochs
using the initial weights from yolov5s.pt. The training results indicated that YOLOVS5 achieved
commendable performance in recognizing critical object classes crucial for road safety.
Utilizing Comet for visualizing training outcomes facilitated efficient monitoring and analysis
of model performance. Thus, the use of YOLOV5 provided an effective solution in enhancing
driving safety by accurately and real-time detecting and identifying potential driver fatigue
indicators.
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Figure 3. Visualizations of various training metrics for the YOLOv5 model

The training results of the YOLOvV5 model (Figure 3) indicated significant improvements over
time across various metrics. Losses in bounding box prediction, object detection irrespective of
class, and object classification consistently decreased throughout the training epochs. This
reflected the model's enhanced ability to accurately predict object boundaries, detect objects
regardless of their class, and classify them into correct categories such as "microsleep” or
"focused”. Additionally, precision and recall metrics showed steady improvements, indicating
the model's increasing accuracy in identifying objects with minimal overlap with actual
bounding boxes. Validation data also exhibited similar trends to the training data, albeit with
smaller fluctuations, demonstrating the model's robust performance across different datasets.
Mean Average Precision (mAP) scores at loU thresholds of 0.5 and across 0.5 to 0.95 also
showed progressive increases, highlighting the model's consistent enhancement in predicting
correct labels with minimal bounding box overlap. Overall, these training outcomes
underscored the YOLOvV5 model's effective progression in both object detection and
classification tasks throughout the training process.

Precisien-Confidence Curve

Recall-Confidence Curve

— fokus
microsieep
= all classes 1.00 at 0.876

— fokus
microsleep
— all classes 0.94 at 0.000

0.8 | e

06

&
Recall

0.2

0.0

0.0

0.2 0.4
Confidence

0.6

08

0.4

0.2

00

0.0

02

0.4 0.6
Confidence

0.8

(@) (b)
Figure 4. (a) precision-recall (precision-confidence curve) and (b) recall-recall (recall-
confidence curve) in the context of focus drivers and microsleep drivers

The precision-recall and recall-recall curves for "focus™ and "microsleep™ drivers (Figure 4)
depicted the model's behavior based on varying confidence levels in object recognition. For
"focus"” drivers, the model exhibited high recall at low confidence levels but experienced a
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gradual decline as confidence increased, indicating proficient identification under lower
certainty conditions. Conversely, the "microsleep™ curve followed a similar trend, albeit with
slightly lower recall performance at comparable confidence levels. At a confidence level of
0.000, the model achieved a recall of 0.94 across all classes, demonstrating its ability to
accurately detect all positive instances even at minimal confidence. Overall, these graphs
provided insights into how the YOLOv5 model adapted its performance relative to confidence
levels in distinguishing between focused and microsleeping drivers (Figure 5).

Figure 5. Capture focused and microsleeping drivers by YOLOvV5

The implementation of the YOLOV5 model in this research has proven to be a powerful solution
for real-time detection of driver fatigue indicators, such as "microsleep” and "focus," offering
significant potential to enhance road safety. Throughout the training process, the model
exhibited consistent improvements in key performance metrics, including precision, recall, and
loss reduction. This reflects its growing accuracy in detecting objects, predicting bounding
boxes, and classifying them into the correct categories. Precision-recall curve analysis further
revealed that YOLOVS5 performs effectively at various confidence levels, with impressive recall
even at low confidence thresholds, making it highly reliable for critical detection tasks. The
findings affirm the model’s suitability for real-time driver monitoring systems, capable of
providing timely alerts and interventions to prevent accidents caused by driver fatigue. Future
research could further optimize the model's performance, test its robustness in real-world
conditions, and explore ethical considerations regarding privacy, paving the way for safer, more
responsive vehicle systems.

CONCLUSION

This research demonstrates the efficacy of the YOLOv5 model in detecting driver fatigue
indicators in real-time. Through comprehensive training and evaluation of performance metrics,
the model consistently improved its detection and classification capabilities. The precision-
recall curves revealed that the model balances precision and recall effectively across various
confidence levels, with particularly strong performance at low confidence thresholds. These
findings affirm YOLOV5's potential application in real-time driver monitoring systems to
enhance road safety. However, future research should focus on optimizing the model, testing
its performance in diverse real-world conditions, and exploring its integration with existing
vehicle safety systems. Additionally, ethical considerations surrounding driver privacy must be
addressed to ensure responsible deployment of such technologies.
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