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ABSTRACT

Driver fatigue, feelings of emotional distress and impairment as a result of stressful events can pose
significant risks of road safety. This research paper proposes a deep learning-based pose estimation

Received 12 December 2024 system, which aims to identify unsafe driver states, by quantifying the driver's posture, head

Accepted 07 August 2025 orientation, and their gesture movements. The developed model is trained in a diverse range of
Keywords driving situations and identifies physiological and behavioural markers associated with fatigue

driving. Unlike existing methods, it integrates pose estimation in conjunction with emotional and
Deep Learning motion cues, allowing it to function reliably even during low-lighting or partially obscured
Driver Monitoring conditions.
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1. Introduction

Driver fatigue remains a critical concern influencing
road safety worldwide. Fatigue impairs situational
awareness, decision-making, and reaction time, leading to
a higher risk of accidents [ 1]. Statistics highlight its impact,
with drivers who sleep fewer than four hours being 10.2
times more likely to be involved in crashes. In Australia,
fatigue accounts for 20% of serious traffic accidents and
30% of fatalities, as reported by the Transport Accident
Commission (TAC) [2]. Long-distance rural driving
further exacerbates fatigue-related incidents, emphasizing
the need for effective detection and intervention systems

[3].

Fatigue detection relies on two primary methodologies:
classical machine learning and deep learning approaches.
Classical techniques, such as Histogram Oriented Gradient
(HOG) [4] and Support Vector Machines (SVM) [5],
incorporate features like Eye Aspect Ratio (EAR) [6] and
Mouth Aspect Ratio (MAR) [7] to identify drowsiness
indicators such as eye closure and yawning. While
functional in controlled environments, these methods lack
adaptability to diverse conditions like variable lighting or

facial occlusions, limiting their real-world applicability [8].
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Deep learning advancements address challenges by
leveraging high-capacity models capable of processing
large datasets. Residual Channel Attention Networks
(RCAN), for instance, utilise attention modules to enhance
landmark detection accuracy but demand significant
computational resources [9], [10], [ 11]. Recent innovations,
such as SRNet-FR with integrated Ghost modules and
SimAM, demonstrate improved adaptability and efficiency,
achieving 99.03% accuracy with minimal parameters, even
under challenging circumstances [12], [13].

Emerging trends incorporate physiological signals
alongside visual analysis for enhanced fatigue detection
accuracy. Electroencephalography (EEG) and functional
near-infrared  spectroscopy  (fNIRS) paired with
behavioural observations reveal critical performance
decline after extended driving periods [14]. Lightweight
models like You Only Look Once (YOLO) [15] and
PyTorch-based frameworks such as ResNet [16] and
EfficientNet [17] offer promising solutions for real-time
applications, balancing computational efficiency with
robust detection capabilities under dynamic conditions
[16], [17], [18], [19], [20].

This research investigates the potential for YOLO for
real-time detection of driver fatigue, and compares its
performance against ResNet [19] and EfficientNet [17].
ResNet and EfficientNet are only included as comparison
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due to their known classification accuracy and scalability.
[24].

2. Methodology

This research investigates driver fatigue detection using
three efficient deep learning models: YOLO, ResNet, and
EfficientNet.

2.1.  You Only Look Once (YOLO)

YOLO is a compact but popular model for object
detection as it offers high processing speed and strong
accuracy [15]. Its single-stage architecture combines
feature extraction with classification, thereby reducing
computational load [18]. Speed is critical in applications
involving real-time data processing, as decisions must be
made quickly during real-time interactions with drivers,

who at any moment could be found in dangerous situations.

YOLO performs well even in suboptimal settings, such
as low light, and when some degree of facial obstruction is
present. Its grid method of detection ensures that even with
little visual information, the visual content can still be
processed effectively [21]. This study utilizes the most
recent version, YOLOv11, which has the best baseline
detection in terms of accuracy and processing speed, so
that is the model selected for this study.

2.2. ResNet

The chosen model for this study is ResNet50, because
of its 50 layers structure with residual connections that
allow the network to learn complex features including
facial expressions, posture, all while addressing the
vanishing gradient issue [19]. It is also able to deliver
stronger feature extraction compared with smaller models
like ResNetl8 and ResNet34, and less computationally
intensive than ResNetl0l or ResNetl52. Overall,
ResNet50 strikes an appropriate balance making it a
feasible option for recognizing fatigue-related cues in the
performance of driver behaviour monitoring applications.

2.3.  EfficientNet

EfficientNet BO is selected for the study because of its
lightweight and streamlined architecture, and strong
computational efficiency. The EfficientNet family of
models has EfficientNet B0 as the first entry point. The
design has fewer layers, narrower channels, and image
processed with a resolution of 224x224. These properties
make EfficientNet BO ideal for distributed resource-
constrained environments, such as edge devices or
embedded devices [17]. Furthermore, its efficiency and
architecture is suitable for real-time driver fatigue
detection, enabling continuous tracking of indicators like
yawning and eye closure without overloading system
resources [20].
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2.4.  Data Processing and Training

To ensure a fair and consistent performance assessment
across the models, a uniform dataset was used throughout
the study. A publicly available dataset from Roboflow [22],
is selected, and then altered to have two different
categories: safe driving and dangerous driving, as shown
in Figure 1 and Figure 2.

In this study, safe driving is defined by behaviours such
as a steady head posture, no signs of yawning, and open
eyes. In contrast, dangerous driving includes indicators
such as yawning, tilting of the head or eye closure, which
are visually labelled based on these specific behavioural
markers. This distinction ensures that the dataset captures
critical fatigue-related cues that are easily identifiable
during real-time monitoring.

The Roboflow dataset contains a total of 3,544 images.
This dataset is then separated into three groups: 10% (335
images) for testing, 20% (713 images) for validation and
finally, 70% (2,496 images) used for training. This
commonly used strategy in machine learning aims to
balance the data ratio in each partition, allowing sufficient
data for training while ensuring enough data remains for
unbiased validation and evaluation of the models. This
dataset balancing can be represented mathematically as:

Niotar = Nerain + Npar + Niest

Where Ni,:q represents the total number of images,
Nirain > Npai s Neest are the number of training,
validation, and test samples respectively. The dataset split
represents both classes (safe and dangerous driving) to
prevent any bias during training and evaluations [23].

Figure 2 User Driving
Dangerously

Figure 1 User Driving
Safely

To ensure that all models are fairly evaluated, each
model, YOLOv11, ResNet, and EfficientNet, are trained
under the same dataset for a total of 25 epochs. Each of the
models is split into two classes, safe driving, and
dangerous driving by utilizing pose estimation and visual
features. YOLOv11 used a batch size of 32, with image
size adjusted to keep it lightweight. It has a batch size of
32, and an image size of 640, including 2 data loading
workers to maximize efficient training. Each of the models
are validated to generate performance metrics. The metrics
include precision, recall, and Fl-score. with optional
prediction saving for further analysis.

The ResNet and EfficientNet models are both fine-tuned,
with their final layers restructured to classify the two driver



states. The training was conducted using the Adam
optimizer, with a constant learning rate of 0.001. The
model updates were guided by cross-entropy loss. All
images were resized to 224x224 pixels to fit the
architectural input constraints. A batch size of 32 was used
during training to balance stability of learning and
computational requirements.

The dataset is structured to help mitigate overfitting and
maintain consistent model performance. An appropriate
training-validation-testing split was utilized to deliver
accurate, unbiased assessments of how well each model
generalizes unseen data. Tests were quantified by post-
training by measuring the models' precision, recall, and F1
scores, which serve as standardized metrics for measuring
the models' performance in determining the driver states.
Each metric is mathematically defined as follows:

Precision
True Positives (TP)

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

Recall
True Positives (TP)

~ True Positives (TP) + False Negatives (FN)

Precision * Recall

F1=2
* Precision + Recall

These calculations are standard in classification tasks as
they provide a sensible way to measure a model's
performance. When applied to driver state detection, these
metrics are particularly valuable in determining how well
a model can distinguish the accuracy of behavioural
conditions behind the wheel [24].

Mean Average Precision (mAP) and additional
evaluation metrics including accuracy, precision, recall,
and F1-score were the principal evaluation metrics in this
study. All metrics that are used to provide an evaluation of
each model's ability to correctly detect driver states under
various conditions. The mAP is a standard metric that
averages precision across multiple thresholds, giving
precise model performance results. Models are also
compared in terms of their computational efficiency, with
considerations for real-time processing in driver
monitoring systems. All models used the same
experimental setup for training and testing. This evaluation
framework outlines the potential strengths of each model
with respect to classification accuracy, computational cost,
and ability to operate at real-time speeds in a driver
monitoring device.

3.
3.1

Results and Discussion
Simulation and Performance Analysis

In this section, a comparative analysis of YOLOvI11,
ResNet, and EfficientNet models are presented for the task
of fatigue detection. All models are trained under identical
conditions, to ensure a fair evaluation. The experiments
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were conducted on a computer with an NVIDIA GeForce
RTX 4060 GPU, an Intel Core i7-12560H CPU at 2.50
GHz, and 16 GB of RAM, reflecting a typical high-
performance computing setup.

Table 1 provides a summary of the performance of
YOLOv11, ResNet, and EfficientNet in detecting states of
alert or fatigue. Key performance metrics such as precision,
recall, and F1-score are measured and recorded on the test
data after training to assess each model’s ability in
performing this task.

Table 1 A Comparison of the Performance Metrics of
Resnet, EfficientNet, and YOLOv11

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

Compared to ResNet and EfficientNet, which are also
evaluated in this study, YOLOvI1l produced the best
accuracy and F1-score. This advantage is likely a result of
YOLOvI1l1's one-stage detection model which extracts
features and classifies data at the same time in one single
forward pass, resulting in predictions that are fast and
highly accurate with minimal time difference. ResNet and
EfficientNet, although both very sophisticated designs,
produced lower recall and F1-scores.

One of the factors that may have contributed to the
varying performance of the models is the input resolution.
YOLOvl1l for instance was trained with an image
resolution of 640 x 640, allowing it to retain more spatial
information. Compared to both ResNet and EfficientNet,
which used a lower resolution of 224 x 224. While a lower
resolution reduced computational load, it also limited the
models' ability to capture finer details, which may have
affected detection accuracy, particularly in cases of fatigue
or subtle driving behaviours.
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Figure 3 Epochs vs mAP for YOLOv11, ResNet and
EfficientNet

The training and validation accuracy plots for all three
models are illustrated in Figure 3. YOLOvVI1 exhibited
earlier stabilization in accuracy, which potentially
indicates that its convergence was faster than that of
ResNet and EfficientNet models. As indicated in the
confusion matrices in Figure 4 (YOLOvI11) , Figure 5
(ResNet) and Figure 6 (EfficientNet), YOLOv11 had the
highest true positive rates for both driving classes, and had
the fewest false negatives in the Dangerous Driving class,
an important consideration for safety-sensitive
applications. ResNet and EfficientNet had slightly more
false negatives, which may be related to design limitations
that restricted the models' ability to capture limited spatial
detail.

As demonstrated in Table 1, YOLOv11 achieved a mean
Average Precision (mAP) that surpassed both ResNet and
EfficientNet. ResNet and EfficientNet performed well in
terms of accuracy and F1-score but lacked in mAP due to
their challenges in balancing precision and recall at a range
of confidence levels. This performance gap can be
associated with their lower input resolution which led to
loss of important spatial features and limited their
sequential architecture when adapting over different
thresholds. YOLOV11, on the other hand, utilizes a grid-
based detection approach and an end-to-end design to
retain spatial detail and shows consistent high confidence
performance for all detection cases.
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Figure 4 YOLOv11 Output Confusion Matrix
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Figure 6 EfficientNet Output Confusion Matrix

4. Conclusion

The comparative investigation presented in this research
establishes the potential of deep learning models for
improving driver monitoring systems. Although
YOLOvIl generally produced the top performance
metrics across all categories, its superiority should be
interpreted relative to a balance of speed, accuracy, and
input resolution. Moreover, ResNet and EfficientNet
provided viable options that consume fewer resources,
suggesting that the model selection should be based on the
intended application and the limits of the system to which
it will be integrated. Beyond performance values, this
study has established the relevance of assessing models in
the context of systems integration. The expected latency in
using the model, suitability for either embedded hardware
or computers, and the model's resistance to errors
presented by the environment like occlusion or low light
will determine the actual performance of the 'model' in the
field. Ethical concerns raised by the approved resolution
modes, such as driver privacy and driver data utilization,
will also need to be path followed as these systems move
closer to their utilization. Future research will include the
expansion to multi-class behaviour classifications,
temporal data analysis, and would benefit from
investigating hybrid models that include both visual and
biometric data streams for detecting driver state to address
the safety gap between human driving and autonomous
driving.
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