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ABSTRACT

Driver drowsiness detection plays a pivotal role in modern intelligent transportation systems by
improving road safety and reducing accidents caused by sleepiness at the wheel. However, real-world
detection is challenging due to variations in driver behavior, lighting conditions, occlusions, and
environmental noise. To address these challenges, a hybrid optimization method combining Polar Fox
Optimization (PFO) and Genetic Algorithm (GA) is proposed to effectively fine-tune convolutional neural
network (CNN) hyperparameters for drowsiness detection. The tuned CNN models focus on two key
inputs—facial expressions and eye state classification—which are critical indicators of fatigue. The PFO-
GA optimizer autonomously adjusts parameters such as the learning rate, number of filters, kernel size,
and dropout rate, aiming to maximize detection performance. Using k-fold cross validation and standard
evaluation metrics, the optimized model achieved an accuracy of 93.4 %, precision of 93.49 %, recall of
93.4 %, Fl-score of 93.4 %, and AUC of 96.67 %, demonstrating strong reliability under real driving
conditions. An end-to-end automated pipeline covering preprocessing, model training, validation,
logging, and visualization is also implemented to ensure reproducibility and efficiency. By maximizing
the Fl-score, the PFO-GA framework balances false positives and false negatives, yielding timely and
accurate drowsiness alerts suitable for safety-critical applications.

Keywords: Driver Drowsiness Detection, Convolutional Neural Networks (CNN), Polar Fox Optimization
(PFO), Genetic Algorithm (GA), K-Fold cross-validation

INTRODUCTION

Driver fatigue is one of the leading contributors to road accidents worldwide, causing thousands
of deaths and injuries each year. Studies indicate that drowsiness impairs both cognitive and motor
functions, resulting in slower reaction times, poor decision-making, and an increased likelihood of
vehicle collisions [1]. Crashes associated with fatigue tend to be more severe than other types of
accidents due to delayed responses and diminished situational awareness. According to the National
Highway Traffic Safety Administration (NHTSA), drowsy driving accounts for approximately 23—-25% of all
road accidents in the United States, claiming over 4,000 lives annually [2]. Many drivers fail to accurately
gauge their own fatigue levels, which leads to reduced alertness and a higher probability of crashes.
These alarming statistics highlight the urgent need for reliable and efficient driver drowsiness detection
systems to mitigate fatigue-related incidents.

In response to this challenge, researchers have developed multiple detection strategies, broadly
classified into physiological, behavioral, and vehicle-based approaches. Physiological methods rely on
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biosignals such as electroencephalogram (EEG), electrooculogram (EOG), and heart rate variability (HRV)
to assess fatigue levels. Although these systems provide valuable insight into the driver’s physical state,
their practical application is limited by the invasiveness and discomfort caused by wearable sensors.
Moreover, their accuracy in real-world driving scenarios can be compromised by environmental factors
such as temperature changes and motion artifacts [3]. Behavioral approaches, on the other hand,
analyze visual cues including facial expressions, eye closure duration, yawning frequency, and head
movement patterns to determine signs of drowsiness. However, Vehicle-based approaches aim to study
driving habits, such as lane drifts, steering maneuvers, and braking patterns. With recent breakthroughs
in artificial intelligence and deep learning, the performance of these approaches has been significantly
enhanced, enabling real-time drowsiness detection with high accuracy [4], [5]. Deep learning
architectures, particularly CNNs, Recurrent Neural Networks (RNNs), and hybrid architectures, have
shown great promise in detecting drowsiness through image and video processing. Facial micro-
expressions and eye states can be very accurately identified using CNN-based models. The temporal
dependencies of drowsiness patterns can be understood through Long Short-Term Memory (LSTM)
networks and Transformer-based architectures. Multimodal approaches with behavioral and
physiological signals have been explored to achieve higher accuracy [6], [7]. Facial feature variability,
lighting conditions, occlusions, and computational costs are the issues that must be addressed and
implemented in real-world scenarios [8]. When drivers allow distractions, the chances of their being
involved in an accident are high; hence, it is important to examine the seriousness of the accident to
prevent it from happening [9]. With the use of the images recorded [10], the segments of the video
analyzed [11], and potholes detected on the route [12], one can learn about accidents that occur when
people are not wearing helmets.

Conversely, computer vision-based methods have gained prominence as non-intrusive and
scalable solutions for identifying driver fatigue. These approaches analyze visual cues such as facial
expressions, eye movement patterns, yawning frequency, and head orientation to assess real-time
drowsiness levels [13]. The introduction of deep learning has further improved their performance,
enabling precise and automated detection of fatigue. The integration of Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) allows for the extraction of both spatial and temporal
information from continuous video streams, thereby increasing the reliability of fatigue recognition
systems [14].

Despite these advancements, CNN-based models still encounter limitations related to variations
in illumination, facial occlusions, and inter-individual differences in facial structure. Object detection
algorithms such as YOLO have proven effective in minimizing road accidents by identifying relevant
objects in real-world images [15], [16]. More recently, Graph Convolutional Networks (GCNs) have
opened new research avenues by leveraging spatial dependencies among facial landmarks for
drowsiness analysis. Unlike traditional CNNs that primarily capture localized spatial information, GCNs
can model interrelationships among multiple facial regions, resulting in improved feature representation
and classification precision [17]. Furthermore, multi-modal fusion strategies have been introduced to
combine data from facial expressions, head pose, and blinking patterns, offering a more comprehensive
and robust understanding of driver fatigue across diverse driving conditions.

To address the challenges of model optimization, a hybrid optimization framework combining
Polar Fox Optimization (PFO) and the Genetic Algorithm (GA) is proposed. This framework automatically
fine-tunes crucial CNN hyperparameters, including the learning rate, filter count, kernel size, and
dropout rate. A specialized CNN architecture was developed for both facial expression and eye-state
classification—key indicators of drowsiness—and optimized through the PFO-GA process. The model’s
robustness was validated using k-fold cross-validation and multiple evaluation metrics to ensure
consistent performance. By maximizing the F1l-score, the system effectively reduced both false positives
and false negatives, thereby improving the accuracy of drowsiness alerts. Additionally, a fully automated
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end-to-end training pipeline was implemented, encompassing data preprocessing, model training,
validation, performance logging, and visualization, which enhanced both reproducibility and overall
efficiency.

The subsequent sections of this work are organized as follows: Section 2 examines the current
literature on the detection of driver sleepiness. Section 3 presents our suggested model along with its
essential components. Section 4 delineates experimental findings and a comparative evaluation with
established methodologies. Ultimately, Section 5 culminates with insights and prospective research
avenues.

RELATED WORK

The study on driver drowsiness detection has progressed considerably through the use of
sophisticated deep learning methods, multi-sensor integration, and attention-based mechanisms,
thereby improving detection precision and reliability. Different methodologies have been investigated to
address the real-time monitoring challenge of drivers' vigilance, with a strong focus on physiological,
behavioral, and vehicular data. One utilizes ECG and auto encoders with self-attention for R-R interval
analysis, a crucial measure of heart rate variability that can indicate drowsiness. This approach provides
a robust physiological monitoring system [18]. The Deep Alert Driver Vigilance System is another system
that utilizes deep neural networks to identify facial features and patterns in eye movements for the
detection of effective micro sleep and drowsiness-related cues [19]. Transfer learning has also been
utilized, where pre-trained deep learning models were fine-tuned to enhance drowsiness detection with
minimal computational burden. Thus, deployment is feasible in embedded automotive platforms [20].
Several approaches to classify distraction driver detection systems using various data mining techniques
have been proposed [21], and a corresponding mechanism has been developed [22].

Multi-sensor fusion has also been researched, where vision-based monitoring inputs are
combined with heart rate sensor inputs and steering pattern inputs to enhance detection robustness,
particularly in heavy vehicle applications involving prolonged driving, as it increases the likelihood of
fatigue [23]. Due to the voice recognition [24], self-motivation in driving [25], and predicting the
weather condition using NN [26]. By observing the driver's facial expressions, the system can easily
identify stress [27], and an ML model [28] was developed.

This modality fusion technique significantly enhances system precision by minimizing
dependence on a single modality and mitigating limitations such as occlusions or insufficient lighting
conditions [29]. These advancements collectively enhance road safety by promoting preventive
interventions and alerts, thereby reducing accident hazards associated with driver sleepiness. The
combination of sophisticated Al algorithms, physiological data, and embedded systems marks a
paradigm towards intelligent transportation systems, laying out opportunities for real-time, effective,
and precise driver alertness monitoring. In addition to drowsiness detection, RF technology with lane
detection is investigated for highway cruise control, enhancing lane-keeping quality and driver
monitoring precision [30]. Potholes are also detected using machine learning (ML) models [31]. A novel
framework was employed to enhance object detection performance using the YOLO algorithm for
various detection applications [32].In addition, a hybrid deep learning model that integrates CNNs with
ConvLSTM and YOLO (You Only Look Once) shows better performance in proactive risk prediction by
observing both spatial and temporal driving habits [33]. This multimodal fusion technique significantly
enhances the accuracy of hazard detection, providing real-time notifications that enable drivers to make
timely interventions.

Although the systems are remarkable in terms of accuracy and dependability, they also suffer
from issues such as low-light performance problems, occlusions, and data synchronization complexities
in multi-sensor systems. Overall, these advancements in Al-based driver monitoring offer promising
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solutions for enhancing road safety, reducing accidents, and paving the way for intelligent
transportation systems.

Table 1. Literature Review

Ref | Year Models Used Results Limitations
Various ML & DL models | Overview of existing Lacks experimental results:
[34] | 2023 | (CNN, SVM, LSTMs, | techniques and their P . o
. focuses on literature review
Random Forest) effectiveness
CNN + LSTM Hybrid | Improved accuracy compared | Requires high
[35] | 2024 . .
Model to traditional approaches computational resources
36] | 2024 Quantum SVM, Quantum | Claims enhanced accuracy and | Implementation complexity;
Neural Networks efficiency lacks real-world validation
High accuracy in detecting
[37] | 2024 | Vision Transformer (ViT) | drowsiness using vision-based Needs. Iarge—sca!e qata for
effective generalization
features
Various tested ML Evaluate reeulatory compliance Limited scope; focuses on
[38] | 2021 | models (SVM, RF, .g y P policy rather than new
. and effectiveness . .
Decision Trees) detection techniques
39] | 2023 Convolutional Neural | Effective in detecting | Prone to false positives in
Network (CNN) drowsiness and distraction real-world conditions
support Vec.tc.)r Machine Detects drowsiness based on | Performance varies with
[40] | 2023 | (SVM), Decision Trees, . S .
KNN behavioral patterns individual differences
Deep Neural Networks | . . . . . .
(41] | 2023 | (DNNs)  for  biosignal ngh. .accuracy in controlled Requ.|re§ intrusive biosignal
. conditions monitoring
classification
CNN, RNN, LSTM, and Combares the performance of EEG data collection s
[42] | 2024 | Autoencoders applied to | . P P complex and not easily
different DL models
EEG data deployable
CNN, LSTM, Transfer | Promising accuracy in | Requires large labelled
[43] | 2024 . - .
Learning predicting drowsiness datasets
[44] | 2023 Dilated Convolutional | Higher accuracy in eye state | Performance is dependent
Neural Network (DCCNN) | recognition on dataset quality
(45] | 2024 | CNN + Genetic Algorithm OPtIrT]IZGd CNN . érchltecture Corppytat'lonally expensive
with improved efficiency optimization
Lightweight CNN, Facial | Real-time, cost-effective | Limited accuracy under
[46] | 2023 . . .
Landmark Detection solution extreme conditions
[47] | 2023 SVM, Random Forest, | High accuracy with behavior- | Limited generalization to
Decision Trees, KNN based feature extraction real-world settings
. . . Performance is affected by
E E -
48] | 2024 CNN, Eye Aspect Ratio | Effective mobile-based smartphone camera quality

(EAR)

drowsiness detection

and lighting

In Table 1, a comprehensive review of the existing literature was conducted to provide an
understanding of the current research landscape. This in-depth analysis enabled us to identify several
critical gaps, which are outlined below, that facilitate further exploration of potential solutions.

GAPS identified
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1.Manual and Suboptimal CNN Hyperparameter Tuning: Most existing CNN-based drowsiness
detection systems rely on manual or trial-and-error methods for selecting hyperparameters, such as the
learning rate, number of layers, and batch size, resulting in suboptimal model performance and
prolonged training times.

2.Inadequate Model Generalization across Drivers: Current models tend to overfit specific datasets
and fail to generalize across drivers with different facial structures, lighting conditions, or driving
environments due to insufficient validation mechanisms.

3.Poor Precision and Recall in Drowsiness Detection: Detection systems often struggle with high
false-positive or false-negative rates due to weak feature extraction and imbalanced training, which limit
the system's ability to reliably differentiate between drowsy and alert states.

METHODOLOGY

OBJECTIVES

1. Automate the CNN hyperparameter tuning process using the Polar Fox Optimization—Genetic
Algorithm (PFO-GA), enhancing model performance and reducing manual intervention.

2. To implement k-fold cross-validation and comprehensive performance metrics (accuracy,
precision, recall, and Fl-score) to ensure robust model generalization across varied driver
datasets and environmental conditions.

3. To design an optimized CNN architecture that maximizes precision and recall, enabling early and
reliable detection of driver drowsiness with minimal false alarms.

DATASET

The dataset used for drowsiness detection is taken from Kaggle [49]. It provides a diverse
collection of images capturing different states of drivers, including natural and drowsy conditions,
making it suitable for developing deep learning (DL) and machine learning (ML) models for drowsiness
detection. The dataset consists of a total of 7,342 images, categorized into two classes:

o Drowsy: 3,566 images (2,809 for training, 757 for testing)
. Natural: 3,776 images (3,050 for training, 726 for testing)

The images used to train the model are located in the training folder, while the images used to
evaluate the model's performance are located in the testing folder. These two primary folders make up
the dataset. All images have undergone preprocessing steps, including image framing from videos, face
region detection, grayscale conversion, and resizing to 48x48 pixels. These steps enhance feature
extraction and computational efficiency. The dataset is valuable for researchers and developers aiming
to build accurate drowsiness detection models.

PROPOSED MODEL

Data Preparation

The images are loaded, and meaningful features, such as edges, curves, and textures, are
extracted using image processing techniques or pre-trained models. Self-normalizing Neural Networks
(SNNs) utilizing the SELU activation function, which automatically normalize pixel values during training.
Instead of applying manual normalization before feeding images into the model, SNNs maintain the
mean and variance of activations within an optimal range as data passes through the network. This self-
normalization occurs when inputs are correctly initialized and passed through dense layers with SELU
activations, ensuring stable learning without the need for explicit normalization layers. As a result, this
technique enhances model robustness to the varying lighting conditions and contrast levels commonly
found in real-world lane detection scenarios.
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Initialization

Potential solutions are randomly initialized, and a CNN model uses each solution's
hyperparameters to compute a fitness value (e.g., validation accuracy) and the top-performing
candidate's best set of hyperparameters.

FPO Optimization Loop

In the FPO optimization cycle, the algorithm continually optimizes hyperparameter solutions
within a predetermined number of iterations (t £ Tmax). The candidate solutions are modified with each
iteration based on the FPO equation, which mimics natural processes such as light absorption and
energy transfer in the Fenna—Matthews—Olson system. The modified solutions are subsequently
assessed using trained CNN models and evaluated based on their performance, typically in terms of
training accuracy. If any new solution is better than the current best (XBest), it replaces it, thus providing
continuous improvement towards an optimal hyperparameter set.

GA Tuning Loop

In the GA tuning loop, candidate hyperparameter sets are evolved using principles inspired by
natural selection. First, solutions with high fitness are selected as parents for reproduction. These
parents undergo crossover, combining parts of their configurations to create new offspring solutions.
Finally, these new candidates replace the least fit solutions in the population, ensuring that each
generation moves closer to an optimal set of hyperparameters. Figure 1 illustrates the sequential
process for applying PFO + GA, followed by hyperparameter tuning of the CNN for the final classification.
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Figure 1. PFO + GA + CNN architecture

i
B

Model Training

The final CNN model is trained using the optimal hyperparameters identified through the FPO-
GA optimization process. This fine-tuned configuration trains the lane detection model to achieve high
accuracy and generalization. Early stopping is employed by monitoring the validation loss during
training; if no improvement is observed over a set number of epochs, training halts to prevent
overfitting. Once the model achieves optimal performance, it is saved as FPO_GA_CNN_Model for
future use in real-world lane detection applications.

Model Evaluation
Perform K-Fold Cross Validation:

Evaluate model stability using K-fold CV (e.g., K=5, 10, 15). The data is split into K parts, each used
once as a test set.

Algorithm: PFO + GA + CNN

Step1: pata Preprocessing

i. Load dataset D and extract features.
ii. The pixel values can be normalized in the range of [0,1] as:
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a X =
255
b. This helps with convergence during training.
where X: Original image pixel value, X': Normalized image pixel value
iii. Resize images to a fixed size (H, W, C)=(128,128,3).
iv. For categorical classification, we one-hot encode the class labels
v. Next, this dataset is divided into training (80%) and testing (20%) sets.
Step 2: Initialize Population for PFO-GA
A. Randomly generate PP solutions (each representing a CNN hyperparameter set):
Xi = {Fi'kiJ Dri’ n;, Bl}
Where F;is Filter size, k; is Kernel size, D,.is Dropout rate, n;is the number of
neurons,
B; is Batch size
B.Return the fitness, which can be calculated as the accuracy of the CNN trained with

those parameters:
CptCn
Cp+Cn+lp+in
C. Choose the best solution, Xbest, with the maximum accuracy.

Acc =

The use of random initialization helps prevent premature convergence of PFO and GA
on suboptimal paths.
Step 3: Perform Polar Fox Optimization (PFO)

For each iteration t (from 1 to Tmax):

A. Using the PFO equation to update each solution:

Xt =Xt ta (Kfer —XH)+ B - €
Where:Xitis the solution at iteration ¢, Xl-”lis the Best solution found at iteration ¢,
Tmax is the Maximum number of iterations for PFO. The a parameter controls the
movement of foxes towards the best solution, B adds random exploration, € is a
positive constant-sized small perturbation, which can be determined from the context
of diversification
B. Evaluate updated solutions using CNN training and accuracy computation.
C. If a better solution exists, update Xpest.

PFO balances exploration (searching the entire environment) and exploitation (locally

converging on environmental optima), emulating the movement of actual Arctic foxes.
Step4: Use Genetic Algorithm (GA) for Tuning

A. Selection: The selection of the parent is based on fitness (accuracy ranking).

B. Crossover: Create new offspring with:

X — Xparentl +Xparent2
mutated 2

Xparent1, Xparent2 are Selected parents based on fitness, Xy tqreq is the offspring
created via crossover and mutation.
Mutation: Change the offspring to avoid an early convergence:

Xmutated = Xchild
Where § is a random perturbation.

C. Replace the worst solutions with new offspring.
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GA enhances exploration by introducing diversity while leveraging the best solutions.
Step 5: Train the Final Optimized CNN Model
i.  Train the CNN with the optimized hyperparameters on the full training set

Dtrain.
ii. Use early stopping to prevent overfitting.
iii. Finally, save the trained model as PFO_GA_CNN_model. h5.

Training the CNN with optimal parameters ensures higher accuracy and efficiency.
Step 6: Cross-Validation and Evaluation
i Perform K-Fold Cross-Validation (K=5, 10, 15).

ii. Compute evaluation metrics:

Cp+C
a. Accuracy: Acc=—2F2—"—

CptCntlp+ly

.. c

b. Precision: Pre =—2

Cptip

Cp
c. Recall: Rec=
Cptin

PrexRec
d. F1Score: F1 =2

Pre+Rec

Where, C,: Correctly predicted positive cases, Cy,: Correctly predicted negative
cases, I,: Incorrectly predicted positive cases, I,: Incorrectly predicted negative cases.

The images in the dataset are preprocessed by resizing them to a fixed shape of (128, 128, 3)
and normalizing their pixel intensities to the [0, 1] range, which supports quicker convergence. One-hot
encoding is applied to the class labels, and the dataset is then divided into training and test sets. When
an input is provided as an image, it undergoes a systematic pipeline to be classified correctly via a hybrid
optimization-augmented CNN model. To enhance the performance of the CNN, a hybrid approach
combining Polar Fox Optimization (PFO) and Genetic Algorithm (GA) is employed. It begins with the
random generation of sets of CNN hyperparameters, which are ranked according to model accuracy.
PFO progressively optimizes these parameters by replicating the behavior of the Arctic. GA then
continues to maximize diversity using selection, crossover, and mutation. After the optimal
hyperparameters are discovered, the CNN is trained with these hyperparameters and saved as a model.
Regarding evaluation, the model is validated under K-Fold Cross-Validation, and its performance is
assessed through accuracy, precision, recall, and F1l-score. Ensure the model has excellent predictive
performance and generalizes well to new images.

RESULT ANALYSIS

Figure 2 presents the comparative results between the standard CNN model and the PFO-GA
optimized CNN for facial images in drowsiness detection. Each row includes the original image, the true
class label, and predictions from the CNN and the PFO-GA-optimized CNN. Prediction confidence scores
were also displayed. These visual comparisons highlight how the PFO-GA optimized model improves
classification reliability, particularly in ambiguous or borderline cases.

The instances shown in Figure 2 show that the PFO-GA optimized CNN model outperforms the
baseline CNN in all cases, particularly among the misclassified ones. For instance, on the second row, the
baseline CNN misclassifies a 'DROWSY' sample as 'NATURAL' with a confidence of 0.73. In contrast, the
PFO-GA model correctly classifies it as 'DROWSY' with a higher confidence of 0.89. Similarly, for both
'NATURAL' instances in the second-to-last and last rows, the CNN model misclassifies them as 'DROWSY.'
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In contrast, the PFO-GA model correctly classifies them as 'NATURAL' with confidence levels of 0.98 and
0.99, respectively. These observations further solidify the usefulness of applying the PFO-GA hybrid
optimization method in fine-tuning the hyperparameters of the CNN, thereby improving the model's
robustness and accuracy.

Original True Class CNN Output PFO_GA Output

¥
T

DROWSY (0.76) DROWSY (0.58)

DROWSY

! d
NATURAL (0.73) DROWSY (0.89)

53

DROWSY (0.53) DROWSY (0.76)

o '
.

DROWSY (0.60) NATURAL (0.98)

DROWSY

NATURAL

DROWSY (0.61)  NATURAL (0.99)

Figure 2: Performance between Baseline CNN and PFO-GA Optimised CNN on Facial Drowsiness
Detection.

The CNN model with the specified hyperparameters is validated across various folds, and the
corresponding evaluation metrics are recorded. In Table 2, we can see the outcomes of k-fold cross-
validation with k =5, 10, and 15.

Table 2. PFO-GA ON CNN Evaluation Metrics

Total Folds | Accuracy | Precision | Recall | F1Score | ROCAUC

5 0.934 0.935 0.934 0.934 0.967
10 0.925 0.928 0.925 0.925 0.965
15 0.929 0.931 0.929 0.929 0.966

The results in Table 2 demonstrate that the Hybrid PFO-GA approach significantly enhances CNN
performance across multiple evaluation metrics. The model maintains high accuracy, precision, and
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recall across different cross-validation folds, reinforcing the effectiveness of meta-heuristic optimization
in CNN hyperparameter tuning. To test the stability and generalization capability of the model proposed,
k-fold cross-validation was done using varying values of k (5, 10, and 15). The obtained accuracies
are depicted in Figure 3, drawn from Table 2.

Accuracy

0.936
0.934 -
0.932 -

0.93 - 0.929
0.928 -
0.926 - 0.925
0.924 -
0.922 -

0.92

0.934

Range

S5 10 15

Folds DOAccuracy

Figure 3: Evaluation metrics of PFO+GA ON CNN

From Figure 3, it can be observed that the accuracy decreased slightly with the increase in folds,
standing at 92.5 for 10 folds and 92.9 for 15 folds. It appears that 5-fold cross-validation yielded the best
results for training and validation on the dataset.

Evaluation Metrics
0.98
0.97 -
0.96
0.95
]
094 1 0.935 0.934 0.934
L 003 | EEEOSS Ok = pEgo 523 0.929
0.92 - j!fr,:"
0.91 3}2:“
0.9 - =H
Precision Recall F1 Score
Metrics
m5 @810 oils

Figure 4: Evaluation metrics of PFO+GA ON CNN
Figure 4 represents the evaluation metrics of PFO+GA. By leveraging the strengths of PFO and
GA, this method enables CNNs to achieve superior classification accuracy while minimizing the need for
manual hyperparameter tuning. The domain with extensive hyperparameter tuning is impractical due to
high computational costs.

Table 3. Comparison with Previous Models

[Ref] Model Used Accuracy
[20] | CNNs, VGG16, VGG19, GAN, MLP Accuracy < 90%
[34] | CNN, LSTM, GRU, CNN-LSTM 89.4%

[32] | SVM, RF, AdaBoost, KNN, MLP 90.31%
[36] | DCCNN 91.25%
[50] | VGG16, VGG19, AlexNet 91.34%
[51] | CNN, CNN-LSTM 92.84%
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| | PFO+GA + CNN 93.4%

Table 3 summarises the performance of various driver drowsiness detection models from
different research studies. The models are evaluated primarily based on their accuracy. As Table 3
illustrates, some of the models in the literature fall short of the proposed model's accuracy rate of 93%.
This underscores the competitiveness and robustness of the proposed approach in detecting real-time
drowsiness.

CONCLUSION

This work efficiently addressed some key challenges of driver drowsiness detection systems by
hybridizing Polar Fox Optimization (PFO) and Genetic Algorithm (GA) to undertake automated CNN
hyperparameter tuning. The PFO-GA eliminates the time-consuming, trial-and-error-based parameter
selection procedure, resulting in significant time savings in the optimization process for key
hyperparameters, such as learning rate, number of filters, kernel size, and dropout rate. This automated
tuning process takes special care in solving the problem of manual and non-optimal CNN
hyperparameter tuning, resulting in more efficient and precise model structures. Furthermore, using k-
fold cross-validation and comprehensive performance metrics ensures robust model generalization
across various driver datasets and diverse environmental conditions. This drastically reduces the risk of
overfitting, enabling the model to learn and adapt to various facial structures, illumination conditions,
and driving styles of drivers, thereby eliminating the common generalization challenges of traditional
methods.

Additionally, the enhanced CNN architecture proposed via the PFO-GA approach showed
markedly improved precision and recall, with notable results of 93.4% accuracy, 93.49% precision, 93.4%
recall, 93.4% F1l-score, and 96.67% AUC. These findings validate the model's ability to effectively
differentiate between drowsy and alert states, thereby reducing false alarms and enhancing the early
detection of drowsiness. Generally, this study presents a holistic solution to the key issues of manual
tuning, poor generalization, and low detection reliability, opening the way for more effective and
responsive driver drowsiness detection systems. Additional work would involve investigating the fusion
of multimodal information, such as heart rate and driving behavior, to enhance the robustness and
accuracy of detection.

REFERENCES

1.Keila M, Klumppb M. Human-centered operations in transportation: New foundations for driver
safety by a review regarding attention and chronotype. Procedia Computer Science.
2025;253:209-16.

2.Wei F, Yang J, Wang Y, Lin L, Zhang H. Prior knowledge-guided multi-information graph
convolutional network for driver drowsiness detection. Expert Systems with Applications. 2025
Mar 3:127028.

3.M. H. Kaur and J. P. Ramesh, "Wearable-based driver fatigue monitoring: Challenges and
solutions," Sensors and Actuators A: Physical, vol. 338, pp. 1-15, 2023.

4. SunY, Wang R, Zhang H, Ding N, Ferreira S, Shi X. Driving fingerprinting enhances drowsy driving
detection: Tailoring to individual driver characteristics. Accident Analysis & Prevention. 2024 Dec
1,208:107812.

SGS Engineering & Sciences Vol. 1 No.4. LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Latreche |, Slatnia S, Kazar O, Harous S. An optimized deep hybrid learning for multi-channel
EEG-based driver drowsiness detection. Biomedical Signal Processing and Control. 2025 Jan
1;99:106881.

Kumar A, Kavipriya G, Amutha S, Dhanush R. Yawning Detection for Cognitive Distraction in
Drivers Using AlexNet: A Deep Learning Approach. Procedia Computer Science. 2025 Jan
1;252:63-72.

Damsara KD, de Barros AG. A Systematic Review on User Acceptance of Advanced Driver
Assistance Systems (ADAS). Transportation Research Procedia. 2025 Jan 1;82:3472-82.

Yasaswini L, Mahesh G, Shankar RS, Srinivas LV. ldentifying road accidents severity using
convolutional neural networks. International Journal of Computer Sciences and Engineering.
2018 Jul 6;6(7):354.

Sahnkar RS, Raminaidu CH, Ravibabu D, Gupta VM. A survey to raise the awareness of road
accidents due to not-wearing helmet. Int. J. Ind. Eng. Prod. Res. 2020 Sep 10;31(3):367-77.
Reddy SS, Gupta VM, Srinivas LV, Swaroop CR. Methodology for eliminating plain regions from
captured images. Int J Artif Intell ISSN.;2252(8938):1359.

Shankar RS, Raminaidu C, Rajanikanth J, Raghaveni J. Frames extracted from video streaming to
recognition of face: LBPH, FF and CNN. InAIP Conference Proceedings 2023 Dec 15 (Vol. 2901,
No. 1). AIP Publishing.

Mahesh G, Shankar RS, Rao VM. An object detection framework and deep learning models used
to detect the potholes on the streets. In2024 International Conference on Advances in Modern
Age Technologies for Health and Engineering Science (AMATHE) 2024 May 16 (pp. 1-7). IEEE.

C. Tao, Y. Zheng, H. Wang, Y. Qiu, and D. Stojanovic, "Computer vision-based fatigue detection:
Challenges and opportunities," Pattern Recognition Letters, vol. 108, pp. 19-28, 2024.

K. Knapik and B. Cyganek, "Yawning detection in thermal images for driver drowsiness analysis,"
Image and Vision Computing, vol. 88, pp. 99-110, 2019.

Reddy SS, Rao VR, Voosala P, Nrusimhadri S. You only look once model-based object
identification in computer vision. IAES International Journal of Artificial Intelligence (lI-Al). 2024
Mar;13(1):827-38.

Reddy SS, Rao VV, Sravani K, Nrusimhadri S. Image quality evaluation: evaluation of the image
quality of actual images by using machine learning models. Bulletin of Electrical Engineering and
Informatics. 2024 Apr 1;13(2):1172-82.

R. Lollett, S. Kamezaki, and Y. Sugano, "Multi-region facial feature fusion for improved
drowsiness detection," Journal of Computer Vision Research, vol. 36, no. 2, pp. 245-260, 2022.

P. Nguyen and H. Tran, "Hybrid deep learning approaches for robust drowsiness detection in
real-world driving conditions," IEEE Transactions on Neural Networks and Learning Systems,
2024.

Fujiwara K, lwamoto H, Hori K, Kano M. Driver drowsiness detection using rr interval of
electrocardiogram and self-attention autoencoder. IEEE Transactions on Intelligent Vehicles.
2023 Aug 25;9(1):2956-65.

Awachat S, Mundada K, Dewangan P, Ranjan C. DrowseGuard—DeepAlert Driver Vigilance
System. In2024 2nd World Conference on Communication & Computing (WCONF) 2024 Jul 12
(pp. 01-06). IEEE.

Shankar RS, Neelima P, Priyadarshini V, Chigurupati SR. An approach to classify distraction driver
detection system by using mining techniques. Indonesian Journal of Electrical Engineering and
Computer Science. 2022 Sep;27(3):1670-80.

SGS Engineering & Sciences Vol. 1 No.4. LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Reddy SS, Janarthanan M, Khan IU. RT-DETR with Attention-Free Mechanism: A Step towards
Scalable and Generalizable Traffic Sign Recognition. SGS-Engineering & Sciences. 2025 Jul
15;1(2).

Dutta S, Arora D, Tiwari S. Enhancing Driver Safety with Transfer Learning based Deep Learning
Models for Drowsiness Detection. In2024 International Conference on Electrical Electronics and
Computing Technologies (ICEECT) 2024 Aug 29 (Vol. 1, pp. 1-5). IEEE.

Shankar S, Raghaveni J, Rudraraju P, Sravya YV. Classification of gender by voice recognition
using machine learning algorithms. Journal of Critical Reviews. 2020 Jun;7(9):1217-29.

Akhila N, Shankar RS, Raju KC, Varma AH. Improved novel clustering technique for diverse and
self-motivated traffic data streams for the loT scenario. Int. J. Innovative Technol. Exploring
Eng.(IJITEE).. 2019;8(9):2837-41.

Gupta VM, Shankar RS, Murthy KV, Mahalakshmi CH. An approach for prediction of weather by
using feed-forward neural networks. InAIP Conference Proceedings 2023 Dec 15 (Vol. 2901, No.
1, p. 060011). AIP Publishing LLC.

Punuri SB, Kuanar SK, Mishra TK, Rao VV, Reddy SS. Decoding human facial emotions: a ranking
approach using explainable Al. IEEE Access. 2024 Oct 4.

Raminaidu C, Priyadarshini V, Swaroop CR, Shankar RS. Building accurate machine learning
models for predicting the habitability of exo-planets. In2023 5th International Conference on
Smart Systems and Inventive Technology (ICSSIT) 2023 Jan 23 (pp. 961-967). IEEE.

Kanagamalliga S, Nath SS, Nivetha T. Enhancing Heavy Vehicle Safety with Intelligent Driver
Behaviour Monitoring via Multi-Sensor Fusion and Embedded Systems. In2024 International
Conference on System, Computation, Automation and Networking (ICSCAN) 2024 Dec 27 (pp. 1-
5). IEEE.

Nalavade JE, Sachdeo R, Kale DR, Buchade A, Subhedar M, Shinde SK. Enhancing Road Safety: An
Intelligent Drowsiness Detection System Based on Deep Neural Networks. In2024 IEEE Pune
Section International Conference (PuneCon) 2024 Dec 13 (pp. 1-6). IEEE.

Reddy SS, Khan IU. Weather and Monsoon Resilient Pothole Detection: A YOLO Based Real-Time
Application for Diverse Road Conditions. SGS-Engineering & Sciences. 2025 May 7;1(1).

Shankar RS, Srinivas LV, Neelima P, Mahesh G. A framework to enhance object detection
performance by using YOLO algorithm. In2022 international conference on sustainable
computing and data communication systems (ICSCDS) 2022 Apr 7 (pp. 1591-1600). IEEE.
Kandasamy V, Swarnamalyaa M. Highway Cruise Control Using RF Technology with Driver
Monitoring and Auto Lane Detection. In2024 3rd International Conference on Artificial
Intelligence For Internet of Things (AlloT) 2024 May 3 (pp. 1-6). IEEE.

Sakthivel K, Kowsalya A, Durgadevi M, Dhaneswar RC. Hybrid Deep Learning for Proactive Driver
Risk Prediction and Safety Enhancement. In2025 International Conference on Multi-Agent
Systems for Collaborative Intelligence (ICMSCI) 2025 Jan 20 (pp. 1572-1577). IEEE.

Gupta A, Tiwari A, Chauhan AS, Gupta S. A Comprehensive Review of Driver Drowsiness
Detection Systems and Applied Technologies. In2024 |EEE International Conference on
Computing, Power and Communication Technologies (IC2PCT) 2024 Feb 9 (Vol. 5, pp. 1624-
1629). IEEE.

Ramzan M, Abid A, Fayyaz M, Alahmadi TJ, Nobanee H, Rehman A. A Novel Hybrid Approach for
Driver Drowsiness Detection using a Custom Deep Learning Model. IEEE Access. 2024 Aug 5.

De S, Gupta AK. A quantum machine learning framework for driver drowsiness detection using
biopotential signals and head movement analysis. In2024 IEEE International Conference for
Women in Innovation, Technology & Entrepreneurship (ICWITE) 2024 Feb 16 (pp. 461-466).
IEEE.

SGS Engineering & Sciences Vol. 1 No.4. LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.
49.

50.

Kumar PV, Swaroop BV, Reddy BT, Singh T, Duraisamy P. A Vision Transformer Approach for
Drowsiness Detection. In2024 |EEE Recent Advances in Intelligent Computational Systems
(RAICS) 2024 May 16 (pp. 1-7). IEEE.

Cai D, Li J, He L, Zhang Z, Hu Z, Ma B, Chen H. Analysis of Driver Drowsiness and Attention
Warning System Test (EU) 2021/1341. In2024 IEEE 4th International Conference on Digital Twins
and Parallel Intelligence (DTPI) 2024 Oct 18 (pp. 150-153). IEEE.

Jaspin K, Joshna GS, Lakshmi NP. Automatic Detection of Driver Drowsiness and Distraction for
Public Safety: Deep Learning Based Approach. In2024 International Conference on Knowledge
Engineering and Communication Systems (ICKECS) 2024 Apr 18 (Vol. 1, pp. 1-6). IEEE.

Kapoor A, Singh DP, Karn AK, Kumar A, Gola KK, Kanauzia R. Behavioral Characteristics-Based
Drowsiness Detection System Using Machine Learning. In2024 15th International Conference on
Computing Communication and Networking Technologies (ICCCNT) 2024 Jun 24 (pp. 1-7). IEEE.
Alguindigue J, Singh A, Narayan A, Samuel S. Biosignals monitoring for driver drowsiness
detection using deep neural networks. IEEE Access. 2024 Jul 4.

Hasan MM, Hossain MM, Sulaiman N, Islam MN, Khandaker S. Deep Learning Algorithms for
EEG-Based Driver Drowsiness Detection: A Comparative Investigation. In2024 IEEE 10th
Information Technology International Seminar (ITIS) 2024 Nov 6 (pp. 1-6). IEEE.

Kandwal S, Singh SN, Fatima |. Deep learning approaches for drowsiness prediction and
detection. In2024 11th International Conference on Computing for Sustainable Global
Development (INDIACom) 2024 Feb 28 (pp. 861-866). IEEE.

Sravya KR, Aparna C, Pujitha B, Krishnasai N. Detection of Drowsiness Using DCCNN. In2024
International Conference on Advances in Computing, Communication and Applied Informatics
(ACCAI) 2024 May 9 (pp. 1-6). IEEE.

Wu Q, Li N, Zhang L, Yu FR. Driver Drowsiness Detection Based on Joint Human Face and Facial
Landmark Localization With Cheap Operations. IEEE Transactions on Intelligent Transportation
Systems. 2024 Oct 8.

Q. Wu, N. Li, L. Zhang and F. Richard Yu, "Driver Drowsiness Detection Based on Joint Human
Face and Facial Landmark Localization With Cheap Operations," in IEEE Transactions on
Intelligent Transportation Systems, vol. 25, no. 12, pp. 19633-19645, Dec. 2024, doi:
10.1109/TITS.2024.3443832.

A. Ritesh, N. Jagatia and P. Deshmukh, "Driver Drowsiness Detection Using Machine
Learning," 2023 6th International Conference on Advances in Science and Technology
(ICAST), Mumbai, India, 2023, pp. 100-105, doi: 10.1109/ICAST59062.2023.10455018.

[Available Online:] https://www.kaggle.com/datasets/yasharjebraeily/drowsy-detection-dataset
Baig, Mirza & Ghareeb, Shatha & Diyan, Muhammad & Mustafina, Jamila. (2024). Drowsiness
Detection System using Mobile Application Development. 72-77.
10.1109/DeSE63988.2024.10912059.

Kumar GS, Hanumanthappa J, Raj CC, Kumar PN. Detection of Driver's Drowsiness in a Video
based on Deep Features. In2024 5th International Conference on Innovative Trends in
Information Technology (ICITIIT) 2024 Mar 15 (pp. 1-9). IEEE.

SGS Engineering & Sciences Vol. 1 No.4. LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index
https://www.kaggle.com/datasets/yasharjebraeily/drowsy-detection-dataset

