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Abstract

Driving under fatigue, stress, or emotional impairment poses significant risks to road safety. This paper proposes a
custom pose estimation framework designed to detect driver states, such as fatigue and stress, by analyzing body
posture, head pose, and gesture dynamics. Using a novel deep learning approach trained on diverse driving scenarios,
the model identifies physiological and behavioral markers associated with impaired states. Unlike existing methods,
this system integrates pose estimation with emotional and movement analysis, enabling robust performance in
challenging conditions, including poor lighting and occlusions.
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1. Introduction

Driver fatigue is a critical factor contributing to road
accidents worldwide, impairing driver attention,
decision-making capabilities, and reaction time.
According to studies [1], drivers who are deprived of
more than four hours of sleep are 10.2 times more likely
to cause accidents. In Australia, fatigue is classified as
one of the Fatal Five contributory causes of road
crashes, alongside speeding, alcohol, distractions, and
seatbelt non-compliance. The Transport Accident
Commission (TAC) suggests that 20% of serious road
crashes and 30% of fatal crashes in Australia are related
to driver fatigue [2]. Fatigue-related crashes are
significantly more common on rural roadways and
during extended driving periods, especially at night [3].
Real-time monitoring and timely warnings can
significantly reduce fatigue-related incidents and
improve road safety.

Current driver fatigue detection methods can be
categorized into traditional machine learning and deep
learning approaches. Traditional methods, such as the
Histogram Oriented Gradient (HOG) [4] feature
descriptor combined with Support Vector Machines
(SVM) [5], rely on visual cues like the Eye Aspect Ratio

(EAR) [6] and Mouth Aspect Ratio (MAR) [7] to identify
drowsiness through eye closure and yawning. While
effective in controlled environments, these methods lack
adaptability to varying lighting conditions, diverse facial
features, and head postures. Additionally, they are
computationally less efficient and unsuitable for real-
time applications in dynamic driving environments [8].
Deep learning approaches leverage advanced neural
network architectures to enhance accuracy and
robustness. For instance, the Residual Channel Attention
Network (RCAN) [9] combines facial landmark detection
with attention mechanisms to classify the states of the
eyes and mouth more accurately. However, these
methods require heavy computational resources and large
datasets to generalize well across different driving
conditions and demographics [10]. Moreover, non-
intrusive fatigue detection systems remain sensitive to
challenges such as poor lighting, facial occlusions (e.g.,
sunglasses and masks), and varying driver behaviors,
which can reduce detection accuracy in real-world
scenarios [11].

Recent advancements, such as lightweight driver fatigue
detection methods based on facial analysis, have been
proposed to address these challenges. By directly
extracting the eye and mouth regions using facial key
points, these methods eliminate the need for manual
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parameter adjustment and adapt to changes in head
posture [12]. For example, a facial ROI state recognition
network (SRNet-FR) with the integration of Ghost
module and SimAM achieves an accuracy of 99.03%
with a parameter size of only 0.61M, meeting practical
real-time requirements even under conditions of partial
occlusion and low lighting [13].

In addition to visual analysis, emerging studies have
explored physiological signals for fatigue detection. For
example, a novel study utilized electroencephalography
(EEG) and functional near-infrared spectroscopy
(fNIRS) to monitor driver fatigue during seven-hour
simulated driving experiments [14]. Results showed a
significant link between behavioral data and
hemodynamic changes in the prefrontal lobe after four
hours, indicating key periods of performance decline.
Although limited by a small sample size, the findings
align with established fatigue standards and suggest
physiological methods can complement visual fatigue
detection systems.

To address the challenges of driver fatigue detection,
computer vision models utilizing deep learning have
emerged as efficient and reliable solutions. Among these
models, You Only Look Once (YOLO) [15] stands out
due to its speed and accuracy. YOLO is a real-time object
detection system that processes images in a single pass,
making it significantly faster than other detection models
that require multiple passes. YOLO has gained popularity
for its versatility and robustness in various computer
vision applications, from autonomous driving to
surveillance and beyond [16][17]. For driver fatigue
detection, YOLO can handle varying lighting, partial
occlusions, and diverse behaviors, making it a practical
choice. Its lightweight design, optimized for real-time
applications, excels at object detection tasks while being
open-sourced, enabling broad accessibility and
adaptability for diverse implementations, such as
detecting the fatigue level of drivers. [18].

In addition to YOLO, PyTorch-based models such as
ResNet and EfficientNet have emerged as strong
benchmarks for fatigue detection. ResNet, with its skip
connections, mitigates the vanishing gradient problem,
allowing deep networks to capture intricate patterns like
eye closure and head nodding [19]. EfficientNet, using a
compound scaling approach, optimizes performance and
computational efficiency, making it suitable for resource-
constrained environments [20]. Both models have been
successfully applied in detecting fatigue indicators like
yawning and reduced alertness, providing a different
perspective to YOLO [21][22].

This study evaluates YOLO for real-time driver fatigue
detection, benchmarking it against ResNet [23] and
EfficientNet [20]. ResNet and EfficientNet were included
for comparison due to their known classification accuracy
and scalability, as they effectively utilize residual
connections and compound scaling approaches [23][24].

2. Methodology

This study evaluates driver fatigue detection using three
lightweight models: YOLO, ResNet, and EfficientNet.

2.1. You Only Look Once (YOLO)

YOLO is a lightweight, widely used object detection
framework known for its high-speed inference and
accuracy [15]. Its single-stage architecture integrates
feature extraction and classification, optimizing both
computational efficiency and model performance [25].
This design eliminates the need for multiple passes
through the data, significantly reducing latency compared
to multi-stage models, making it particularly suitable for
fast decision-making in safety-critical applications like
driver monitoring. YOLO excels in challenging
conditions, such as low-light environments or partial
occlusions, its grid-based detection approach ensures
effective feature extraction even from limited or obscured
visual data [26]. YOLOv11 is chosen for its latest version
and varied configurations: YOLOv1ln, YOLOvlls,
YOLOv1lm, YOLOv11, and YOLOv11x [25]. For this
study, YOLOv1l was selected for its balance of
computational efficiency and detection accuracy.

2.2. ResNet

ResNet50 was chosen for this study because its 50-layer
structure with residual connections effectively captures
detailed patterns in facial expressions and poses, while
mitigating the vanishing gradient problem [23]. It offers
better feature representation than ResNetl8 and
ResNet34 without the high computational demands of
deeper models like ResNet101 and ResNet152. This
makes it suitable for detecting fatigue-induced behaviors
in driver monitoring systems.

2.3. EfficientNet

EfficientNet_BO was selected for this study due to its
lightweight architecture and computational efficiency. As
the baseline model in the EfficientNet family, it uses
fewer layers, narrower channels, and processes images at
a resolution of 224x224 pixels, making it ideal for
resource-constrained environments like embedded
systems or edge devices [20]. Its efficiency is suitable for
driver fatigue detection applications requiring real-time
monitoring and quick decisions [27], enabling continuous
processing of cues like yawning or eye closure without
straining system resources.

2.4. Data Processing and Training

To compare and verify performance between the models,
a standardized dataset was utilized throughout the study.
A publicly accessible dataset from Roboflow [28] was
used and reorganized into two categories: safe driving
and dangerous driving, as shown in Fig. 1 and Fig. 2,
respectively.
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The dataset consists of 3544 images and is divided into
three subsets: 70% (2496 images) for training, 20% (713
images) for validation, and 10% (335 images) for testing.
This method in machine learning defines dataset
partitions, ensuring balanced and fair distribution for
models. It provides ample training data while maintaining
enough validation and test samples to consistently assess
model performance. Mathematically, this is represented
as:

N = Nirgin + Nygy + Niest

where N is the total number of images, Nirain» Nyai
N,ese are the number of training, validation, and testing
samples, respectively. The dataset split evenly represents
both classes to prevent bias during training and
evaluation [29].

Fig. 2 Dangerous
Driving

Fig. 1 Safe Driving

YOLOv11, ResNet, and EfficientNet were trained on the
same dataset for 25 epochs to ensure fair comparison. The
models classified images into two categories using pose
estimation and visual features. YOLOv1ls used a
lightweight setup with a batch size of 32, image size of
640 pixels, and two data loading workers for efficiency.
Validation measured precision, recall, and F1-score, with
optional prediction saving for further analysis.

ResNet and EfficientNet models were fine-tuned on the
dataset, with final layers adjusted for two output classes.
Training used the Adam optimizer (learning rate 0.001)
and cross-entropy loss. Images were resized to 224x224
pixels, with a batch size of 32.

The dataset preparation and split aimed to capture and
minimize overfitting in the dataset, while the validation
and test sets provided unbiased metrics for evaluating
generalization abilities of the model. Performance
metrics such as precision, recall, and F1-score were
planned for evaluation post-training to measure the
effectiveness of each model in detecting driver states
defined mathematically as:

TP

p P -
recision TP + FP

Driver State Monitoring Using

TP

Recall = m

Precision = Recall
Fl1=2+%

Precision + Recall

where TP, FP, and FN denote true positives, false
positives, and false negatives, respectively. These
formulations are standard in evaluating classification
models, providing clear criteria for assessing
performance. In the context of driver state detection, such
metrics are crucial for determining the effectiveness of
models in identifying various driver behaviors [30].

The primary evaluation metric for this study is mean
Average  Precision  (mAP), complemented by
classification accuracy, precision, recall, and F1-score.
These metrics provide an assessment of the model
performance in detecting driver states. All models
underwent training and evaluation under identical
conditions to ensure a fair comparison. This setup is an
assessment of the capability of different models in
classifying driver states, with a focus on their
computational efficiency, accuracy, and feasibility for
real-time applications.

3. Results and Discussion

3.1. Simulation and Performance Analysis

In this section, a comparative analysis of the YOLOv11,
ResNet, and EfficientNet models is presented for the task
of driver fatigue detection. The experiments were
executed on a system equipped with an NVIDIA GeForce
RTX 4060 GPU, an Intel Core i7-12560H CPU operating
at 2.50 GHz, and 16 GB of RAM.

The comparative performance of YOLOv11, ResNet, and
EfficientNet is summarized in Table 1. Performance
metrics such as precision, recall, and Fl-score were
evaluated post-training to assess the effectiveness of each
model in detecting driver states.

Table 1. Comparative performance Metrics of
YOLOvV11, Resnet and EfficientNet

Metrics | YOLOv11 Resnet EfficientNet
Loss 0.28 0.68 0.54
Accuracy 98.9% 96.85% 97.48%
Precision 98.7% 97.0% 97.4%
Recall 98.8% 96.7% 97.5%
F1-Score 98.8% 96.8% 97.5%
m_AP 98.09% 97.74% 96.85%
(Final)

YOLOv11 outperformed ResNet and EfficientNet in
terms of accuracy and F1-score. This may be attributed to
its single-stage detection framework, which integrates
feature extraction and classification which results in its
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precise predictions with minimal latency. In contrast,
ResNet and EfficientNet, despite their advanced
architectures, showed lower recall and F1-scores. This is
likely due to their reliance on sequential processing,
smaller input image sizes (224x224 vs. YOLOvll
640%640), and higher sensitivity to input resizing. These
factors reduced their ability to preserve spatial details
crucial for distinguishing fine-grained features,
particularly in complex scenarios such as detecting the
Dangerous Driving class.

Epochs vs mAP for YOLOv11, ResNet, and EfficientNet
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Fig. 3 Epochs vs mAP for YOLOv11, ResNet and
EfficientNet

Fig. 3 illustrates the training and validation accuracy
curves for all three models. YOLOv1l accuracy
stabilized earlier, indicating faster convergence
compared to ResNet and EfficientNet. Comparing Fig. 4,
Fig. 5 and Fig. 6 their confusion matrix reveal that
YOLOv11 achieved the highest true positive rates for
both driving classes and exhibited fewer false negatives
in the Dangerous Driving class, which is critical for
safety applications. ResNet and EfficientNet, on the other
hand, had slightly higher false negatives, potentially due
to architectural limitations in their ability to process
detailed spatial features.

Interestingly, as seen in Table 1, the mean Average
Precision (mAP) scores for ResNet and EfficientNet were
lower than those for YOLOv11. While the high accuracy
and F1-scores of ResNet and EfficientNet suggest strong
classification ability, their mAP scores reflect a limitation
in balancing precision and recall across varying
confidence thresholds. This can be attributed to a
combination of factors: the smaller input sizes used for
ResNet and EfficientNet led to a loss of critical spatial
features, and their sequential processing architectures
may struggle with optimizing precision and recall across
all confidence thresholds. In contrast, YOLOv11 grid-
based detection mechanism and end-to-end design allow
it to preserve spatial details effectively and maintain high
performance across varying thresholds.
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Fig. 4 Confusion Matrix for YOLOv11
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Fig. 6 Confusion Matrix for EfficientNet
4. Conclusion

This study compared the performance of YOLOv11,
ResNet, and EfficientNet for driver fatigue detection
using metrics such as accuracy, precision, recall, and F1-
score. YOLOv1l outperformed the other models,
achieving the highest accuracy (98.9%) and F1-score
(98.8%), attributed to its single-stage detection
framework and larger input resolution (640x640).
ResNet and EfficientNet, while achieving competitive
results with F1-scores of 96.8% and 97.5%, respectively,
were limited by smaller input sizes (224x224) and higher
sensitivity to image resizing, reducing their effectiveness
in distinguishing complex features. These findings
highlight YOLOv11 suitability for real-time driver
monitoring systems due to its notable classification
performance and computational efficiency. Future work
shall focus on testing these models in more diverse and
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real-world driving scenarios to further validate their
applicability.
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