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Driver drowsiness is a major factor that contributing to road accidents.
Several researches are ongoing to detect driver drowsiness, but they suffer
from the complexity and cost of the models. This paper introduces a hybrid
artificial intelligence (Al)-driven framework integrating deep learning (DL)
and machine learning (ML) models for real-time drowsiness detection. The
system utilizes a robust DL model to classify driver states based on facial
images and support vector machine (SVM) model is trained to develop a
cost-efficient yet robust facial landmark detector to extract key features such
as eye aspect ratio (EAR) and mouth aspect ratio (MAR). We also introduce
a multi-stage decision fusion mechanism that combines convolutional neural
network (CNN) probability scores with EAR/MAR thresholds to enhance
detection reliability and reduce false positives. Experimental results
demonstrate that the proposed model achieves 98% accuracy and F1-score,
significantly outperforming traditional DL approaches. Additionally, the

SVM-based landmark predictor shows improved efficiency with lower mean
squared error (MSE) without having higher computational requirements.
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1. INTRODUCTION

The road safety remains a significant concern worldwide due to increasing traffic congestion and the
growing number of vehicles on the roads [1], [2]. One of the major causes of road accidents is driver fatigue
and drowsiness, which reduces alertness, slows down reaction time, and impairs decision-making ability [3],
[4]. Several methods have been developed to detect driver drowsiness using physiological signals, behavioral
patterns, and facial expressions also based on focused on monitoring steering patterns, lane deviation, and
head movements [5], [6]. However, these approaches often produce false positives because external factors
like road conditions, weather changes, and vehicle types can influence driving behavior. Common approach
of physiological monitoring, which includes electroencephalography (EEG), heart rate variability (HRV), and
eye-tracking sensors are highly accurate in controlled environments but are expensive, intrusive, and
impractical for real-world applications because they require specialized hardware [7]. The work carried out
by Vicente et al. [8] and Sahayadhas et al. [9] explored HRV and combined physiological and behavioral
measures for drowsiness detection, achieving improved accuracy in controlled settings. However, real-time
applicability is limited due to sensor placement issues and physiological variability. Shahbakhti et al. [10]
enhanced EEG-based detection by integrating eye blink features with band power analysis, but EEG signals
remain highly susceptible to noise and movement artifacts. Similarly, Fujiwara et al. [11] developed a self-
attention autoencoder using electrocardiography (ECG) R-R intervals, demonstrating high sensitivity, but
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real-world monitoring remains challenging due to motion-induced distortions. Advancements in deep

learning (DL) and machine learning (ML) have significantly improved facial-based drowsiness detection.

Bai et al. [12] proposed a spatial-temporal graph convolutional neural network (CNN) to address illumination

changes and occlusions, but its high computational cost limits real-time feasibility. Florez et al. [13]

evaluated CNN architectures such as InceptionV3, VGG16, and ResNet50V2, achieving 99.71% accuracy on

the NITYMED dataset, yet its focus on nighttime driving restricts generalization. Maior et al. [14] utilized
eye aspect ratio (EAR) with ML classifiers, performing well on the DROZY dataset, but lacked real-time
adaptability. Other approaches, such as fuzzy logic-based feature detection by AlKishri et al. [15] and
support vector machine (SVM)-based drowsiness detection by Shukla et al. [16], demonstrated
improvements but were outperformed by CNN-based models on larger datasets. To further enhance
efficiency, Biswal et al. [17] developed an loT-based real-time facial landmark detection system, though
deployment challenges remain. Lamaazi et al. [18] introduced edge-based drowsiness detection, ensuring
privacy and reduced latency, but edge computing limitations constrain DL model complexity. Zhang et al.

[19] tackled this by implementing federated transfer learning, enabling distributed training while preserving

privacy. Ahmed et al. [20] improved accuracy using a dual InceptionVV3 model with facial subsampling, yet

high computational demands introduced inference delays, limiting real-time usability. Jebraeily et al. [21]

further optimized CNN models using genetic algorithms, enhancing performance but increasing

computational overhead. Efforts to optimize hardware efficiency have also been explored. Nguyen et al. [22]

developed a miniaturized EEG-based system with tiny neural networks, reducing processing delays but still

limited by EEG signal reliability in real-world driving. Mousavikia et al. [23] accelerated DL inference on

FPGA, achieving faster computation and lower power consumption, but FPGA-based implementations

require costly hardware modifications. Lastly, Madni et al. [24] leveraged transfer learning with eye

movement behavior analysis, combining visual geometry group (VGG)-16 with a light gradient-boosting
classifier, yet its real-world effectiveness requires further validation.

Despite advancements in physiological, behavioral, Al-based drowsiness detection, existing
approaches face several limitations that reduce their effectiveness for real-time driver monitoring in real-
world conditions. One major challenge is that many DL-based models are trained on limited datasets, that do
not adequately represent variations in lighting, facial orientations, or ethnic diversity, or environmental
factors. As a result, these models struggle with occlusions (e.g., glasses, masks, poor lighting) and head
movements. Additionally, many studies use either DL or feature-based approaches independently, without an
integrated fusion mechanism that combines both methodologies for enhanced accuracy. Lastly, the existing
models often prioritize accuracy over computational efficiency, which are not suitable for real-time
deployment in automotive applications where resource-efficient processing is essential.

This paper introduces a hybrid Al-driven framework that integrates DL-based image classification
with a lightweight yet robust SVM-based facial landmark detector to enhance accuracy while maintaining
computational efficiency for real-time driver monitoring. The articulation of research gap is as follows: The
detection of driver drowsiness has drawn a lot of interest lately, but many of the current techniques have
drawbacks, including large false positive rates, insensitivity to occlusions, and poor accuracy in practical
settings. Eye closure (EAR) and yawning (MAR), two independent facial metrics that are sensitive to fleeting
facial alterations and ambient conditions (such as lighting and occlusions), are commonly used in simple
threshold-based drowsiness detection systems. Furthermore, a lot of DL-based systems don't integrate multi-
modal data sources or incorporate different face signals to make better decisions.

In order to overcome these difficulties, this study suggests a hybrid Al-driven architecture that
incorporates a multi-stage decision fusion mechanism, ML-driven facial landmark tracking, and DL-based
facial state prediction. The main contributions are:

- Multi-stage fusion approach: to reduce false alarms brought on by fleeting facial changes, we incorporate
EAR, MAR, and the CNN-based probability score into a counter-based decision fusion system. This
method guarantees that an alert will only be triggered by persistent signs of drowsiness, such as extended
eye closing, frequent yawning, or poor confidence in the CNN forecast.

- Adaptability to environmental variability: by combining several indications that can identify tiredness
through various aspects of facial behavior, the model successfully manages occlusions (such as masks or
sunglasses) and changing illumination conditions.

- Real-time performance: the system is appropriate for practical implementation in embedded systems for
driver monitoring since it delivers real-time accuracy (98%) and robustness with low computational cost.

- Increased accuracy and robustness: the suggested fusion methodology guarantees sustained detection, in
contrast to other techniques that depended on a single metric or threshold, making the system for real-time
sleepiness detection more dependable and accurate. The novelty of the proposed system is the integration
of a light-weight facial landmark detection module with a robust DL-based prediction model, which
enables accurate drowsiness detection under complex real-world conditions using facial features.
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2. METHOD

This section presents the system design and implementation procedures for the proposed hybrid Al-
driven framework inspired from the findings of our prior work [25]. The system integrates DL-based image
classification with a lightweight SVM-based facial landmark detector for accurate and real-time driver
drowsiness detection. In order to ensure real-time detection, the framework considers both DL predictions
and facial landmark tracking operate simultaneously. The workflow of the proposed integrative system is
shown in Figure 1.

As shown in Figure 1, the input to the proposed framewok is the real-time video feeds aptured from
a driver-facing camera. Each video frame is extracted sequentially, with every third frame sampled to reduce
computational load while maintaining detection efficiency. The extracted frames are resized to match the
input size of the DL model and then processed in parallel threads i.e., one for DL-based drowsiness
classification and the other for SVM-based facial landmark detection. The DL module implements
efficientNet CNN model classifies each frame as drowsy or alert by analyzing facial features.
Simultaneously, the SVM-based landmark detector facial landmarks for a given frame. The system then
computes EAR and MAR feature to measure eye closure and yawning frequency, which are critical
indicators of drowsiness. In order to ensure detection reliability, the system employs a multi-stage decision
fusion mechanism, which combines DL-based probability scores with EAR and MAR thresholds. If
drowsiness indicators persist for consecutive frames, an alert is generated, and promp driver to take action.
Additionally, the alert data is stored in a cloud-based system, which enables post-drive review via a web
application. This approach ensures that drivers can analyze their drowsiness history and make necessary
adjustments to their driving behavior. The proposed framework is designed to be computationally efficient,
resource-friendly, and scalable, thereby making it suitable for real-world deployment scenario with very
minimal false positives and negatives.
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Figure 1. lllustrates workflow of proposed integrative system

2.1. Dataset description

This study created a custom dataset by scraping 6,000 images from sources like Google and Bing,
and adding 12,000 images from Kaggle. The images were manually reviewed, and 10,444 relevant images
were selected, excluding those with yawning to focus on facial features like eye closure and head position.
The images were resized to 224x224 pixels and split into training, validation, and testing sets in a 80:10:10
ratio, with random shuffling to avoid order bias. The dataset consist of training set of 4,284 and drowsy set
consists of 4,077 images whereas there are 531 images for active state and 509 images for drowsy state for
validation dataset. Finally, testing images consists of 532 images for active state and 511 images for drowsy
state.

2.2. DL based driver drowsiness prediction

The proposed system employs EfficientNetV2B0, an optimized DL architecture designed for
efficient feature extraction and classification. EfficientNetVV2BO0 is a lightweight CNN that applies mobile
bottleneck convolutions (MBConv) and inverted residual blocks to achieve optimal accuracy with minimal
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computational cost. In the proposed work, this learning model is enhanced with additional custom layers to
improve drowsiness detection accuracy and fine-tuned for binary classification (drowsy vs. active) using a
two-phase training strategy to balance model generalization and task-specific adaptation. Table 1 summarizes
the custom DL model adopted for driver drowsiness prediction using facial image.

In the proposed system, driver drowsiness prediction is formulated as a binary classification
problem, where the model determines whether a driver is drowsy (Y=1) or alert (Y=0) based on facial
images. For a given image X, the model computes the probability of drowsiness using the sigmoid activation
function, such that P(Y = 1|X) = c(WTf(X) + b), where, W and b are the trainable parameters called
weights and bias, respectively, f(X) represents the feature vector extracted from the final dense layer, where
o(z) ensures that the output is a probability score in the range [0,1]. The model is trained using the binary
cross-entropy loss function, which is defined as:

[£ = —< 2N, [yilog() + (1 — yp) log(1 — $,)]] (1)

Where, y; represents the ground truth label (1 for drowsy, 0 for alert), ¥, is the predicted probability
and N is the total number of the training samples. The training strategy incorporates data augmentation and a
two-phase learning process to enhance model generalization and performance. In the initial training phase
(feature extraction phase), the base layers of the DL model are frozen to retain the pre-trained features from
ImageNet, while only the custom layers (dense, dropout, and output layer) are trained. The model undergoes
20 epochs of training with an initial learning rate of 0.001. In the fine-tuning phase (task-specific adaptation
phase), the last 20 layers of DL model (EfficientNetV2BO0) are unfrozen to allow task-specific adjustments
while leveraging pre-trained knowledge. In order to optimize model performance, the following
hyperparameters were fine-tuned as illustrated in Table 2.

Table 1. The architectural details of the custom DL

Layer type Input shape Filter size  Number of layers  Qutput shape
Input layer (224, 224, 3) 1 (224, 224, 3)
Stem Conv2D (Base) (224, 224, 3) 3x3 1 (112,112, 32)
MBConvl_3x3 (Base) (112, 112, 32) 3x3 1 (112, 112, 16)
MBConv6_3x3 (Base) (112, 112, 16) 3x3 2 (56, 56, 24)
MBConv6_5x5 (Base) (56, 56, 24) 5x5 2 (28, 28, 40)
MBConv6_3x3 (Base) (28, 28, 40) 3x3 3 (14, 14, 80)
MBConv6_5x5 (Base) (14, 14, 80) 5x5 3 (7,7,112)
MBConv6_3x3 (Base) (7,7,112) 3x3 4 (7,7,192)
Conv2D (Custom) (7,7,192) 3x3 1 (7,7,128)
GlobalAveragePooling2D (7,7,128) 1 (128)
Dense layer (128) 1 (1024)
Dropout (1024) 1 (1024)
Dense layer (1024) 1 (128)
Output layer (Dense) (128) 1 1)
Table 2. The details of hyperparameter optimization
Hyperparameter Value Purpose
Batch size 32 Ensures stable training and prevents memory overload
Optimizer Adam Adaptive learning rate for efficient weight updates
Initial learning rate 0.001 Faster convergence in the initial training phase
fine-tuning learning rate  0.0001 Prevents sudden weight changes during fine-tuning
Dropout rate 0.5 Reduces overfitting in dense layers
Total epochs 50 20 for initial training + 30 for fine-tuning

2.3. ML based facial landmark prediction model

Facial landmark detection plays a crucial role in identifying key facial features such as the eyes and
mouth, which serve as indicators of driver vigilance. By accurately detecting these landmarks, the system can
compute essential metrics such as the EAR and MAR, which are fundamental in assessing drowsiness and
yawning frequency. Although various landmark detection methods exist, but dlib-68 [26], [27], a pre-trained
ML model, has been widely adopted due to its lightweight nature and reasonable accuracy across diverse face
orientations. However, dlib-68 is highly sensitive to occlusions and lacks adaptability to dynamic facial
changes, which affects its robustness in real-world driving scenarios. Therefore, the proposed study develops
a lightweight yet robust facial landmark detector utilizing a pre-trained CNN for feature extraction and SVM
for landmark prediction. The proposed approach integrates publicly available iBug 300-W face landmark
dataset [26], and custom dataset from the previous module used for drowsiness prediction. Since publicly
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available datasets often lack variations in dynamic conditions, the custom dataset is enriched with diverse
facial expressions, occlusions (e.g., masks, sunglasses), and different lighting conditions. Here, Dlib is
employed to generate ground-truth facial landmarks for each image in the our custom dataset, and then both
datasets (iBug 300-W and our custom image dataset) are combined into a single comprehensive dataset,
consisting two classes namely images and labels (containing facial coordinates). Then for training SVM
model, the dataset is split into training (80%), validation (10%) and testing (10%) subsets. Afterwards, the
study then performs feature extraction operation using a lightweight ResNet-18 model with pre-trained
ImageNet weights. Since ResNet-18 is not readily available in TensorFlow, we customize ResNet-50 by
reducing the number of layers and removing unnecessary bottleneck layers by replacing three convolutional
layers with two to maintain computational efficiency while preserving feature extraction capability. The
extracted deep features from ResNet-18 further serve as optimized input representations for training the SVM
model to predict landmark coordinates. Facial landmark detection is formulated as a regression problem,
where the goal is to predict the x and y coordinates of facial key points based on extracted features. In this
regard, for a given input image | the extracted feature vector F € RY from the CNN model serves as the input
to the SVM model that learns a function f:R® — R? that maps each input feature vector to a predicted
landmark coordinate such that: (}7 =f(F) =WF + b), where, ¥ = (%,9) represents the predicted facial
landmark coordinates and W and b are the weights and bias parameters. Since facial landmark prediction
involves learning a non-linear mapping, the training of SVM is carried out considering RBF kernel, which
helps to transform the feature space into a higher-dimensional representation, such that: K (F,-,F]-) =
exp (= ||F; — Fj||?), where, K(F;, F;) represents the similarity between two feature vectors, y is a tunable
hyperparameter that controls the width of the Gaussian kernel and ||Fi — Fj||2 is the squared Euclidean
distance between feature vectors. Another hyperparameter considered is the regularization parameter (c) that
controls the trade-off between achieving a low error on the training set and minimizing model complexity to
prevent overfitting. On the other hand, a tolerance factor ¢ is considered to specifies the margin of tolerance
for prediction errors in regression problems of facial coordinates prediction. Therefore, the objective function
for SVM based landmark prediction model is formulated is as follows:

[min |IW1|* + € £IL, max(0, Y, — ¥,| — &)] ()

Where, Y; and Y, are the ground-truth and predicted landmark coordinates, N is the number of training
samples and the term max(0, |Y; — ¥,| — €), enforces the tolerance margin, thereby ensuring that predictions
within & are not penalized. Once SVM model is trained then its is evaluated using the mean squared error
(MSE) on test dataset. The predicted landmarks are then used to compute EAR and MAR as follows:

EAR = [P2=Psl[+11Ps—Ps]l 3)

2X||Py=P4l|

Where, P;, P, denotes horizontal eye landmarks, P,, P, and P;, Pg are the vertical eye landmark, || P, - Pp|| is
the Euclidean distance between points P, and P,. Since the EAR remains nearly constant when eyes are open
and rapidly decreases during a blink, it serves as an effective indicator for eye closure detection.

MAR = [1P2—=Pg||+|[Ps—=P7|+]1P4—Psl| 4

2x||P1—Ps|

Where, P1, P5 — horizontal mouth corner points, P2, P8 — vertical upper and lower lip points (outer), P3,
P7 — vertical upper and lower lip points (middle), P4, P6 — vertical upper and lower lip points (inner), and
[Pa—Pb| represents the Euclidean distance between two points.

2.4. Multi-stage decision fusion mechanism

To ensure accurate and reliable drowsiness detection, the proposed system implements a multi-stage
decision fusion mechanism that combines DL-based predictions with geometric thresholding techniques. This
approach minimizes false positives and false negatives by integrating the CNN probability score with EAR
and MAR. The system continuously monitors EAR, MAR, and the CNN probability score. If any of these
metrics exceed their predefined thresholds for a specified number of consecutive frames, an alert is triggered.
The predefined threshold values and conditions for decision fusion are summarized in Table 3. Here, EAR is
used to determine prolonged eye closure, MAR is used to detect yawning, and the CNN probability score
assesses the overall likelihood of drowsiness based on facial feature analysis. These combined indicators
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ensure that temporary distractions or brief blinks do not mistakenly trigger alerts, thereby improving the
system’s robustness.

In addition, a counter-based approach is implemented to track the number of consecutive frames
where EAR, MAR, or CNN probability exceed their respective thresholds. Each counter is updated per
frame, ensuring that only sustained indicators of drowsiness lead to an alarm. This prevents false alarms
caused by momentary changes in facial expression, lighting conditions, or brief head movements. If any of
these counters surpass their defined limit, the system generates an alert and logs the event for further
analysis.

Table 3. Multi-stage decision fusion thresholds

Metric Purpose Threshold  Consecutive frames Evaluation criteria
EAR Detects prolonged eye closure 0.26 15 Trigger alert if EAR <0.26 for 15
consecutive frames
MAR Identifies yawning frequency 0.05 20 Record yawn if MAR >0.05 for 20
consecutive frames
CNN probability ~ Measures overall likelihood 0.35 15 Trigger alert if CNN probability <0.3
of drowsiness for 15 consecutive frames

3. RESULTS AND DISCUSSION
The design and development of the system was carried out using the Python programming language,
and the execution of the model was done on the Anaconda distribution on a Windows 10 machine.

- Threshold selection and justification: both statistical analysis and empirical experimentation were used to
determine the criteria for CNN probability, EAR, and MAR. Several threshold values were examined in
the early phases of model building to assess their effects on false positives and false negatives. Based on
an optimization procedure meant to reduce detection mistakes, these thresholds were chosen. For each of
the indicators (EAR, MAR, and CNN probability), we performed a receiver operating characteristic
(ROC) curve analysis in order to statistically support the values. Through these evaluations, we were able
to choose thresholds that offered the best possible balance between true positive rate (TPR) and false
positive rate (FPR). In our test dataset, the best criteria for attaining low false-positive rates and good
accuracy were found to be EAR=0.26, MAR=0.05, and CNN probability=0.35. In order to make sure our
model's performance was in line with the most advanced techniques in this field, we also examined
empirical research that had employed comparable thresholds for facial landmarks and drowsiness
detection and modified those results.

- Threshold evaluation: a cross-validation procedure was used to further refine the assessment of these
thresholds. We confirmed that the chosen thresholds produced the best possible trade-off between
sensitivity and specificity by examining precision-recall curves. The validation phase's empirical data
verified that the thresholds selected were appropriate for real-world situations where prompt and precise
identification of driver fatigue is essential.

The performance evaluation of the suggested drowsiness prediction model is shown in Figure 2.

One of the main justifications for choosing EfficientNetV2BO0 is its compound scaling approach, which

judiciously maximizes the model's depth, width, and resolution. This allows for high accuracy scaling of the

model without a significant increase in computational complexity. Since driver drowsiness detection is a real-
time process where accuracy and speed are crucial, EfficientNetV2BO0 offers a great balance between the two.

The comparison with other models are as follows:

- ResNet: because of its deep architecture and residual connections, ResNet tends to demand greater
processing resources even if it is popular and has shown success in DL applications. ResNet might not be
as effective as EfficientNetV2BO0 in real-time applications such as sleep detection in terms of compute
cost and inference time, which is crucial for guaranteeing low-latency answers.

- MobileNet: compared to more sophisticated models, MobileNet is faster and better suited for devices with
less resources, but it also loses some accuracy. For this work, EfficientNetV2B0 was chosen over
MobileNet due to the requirement for high accuracy in identifying small indicators of drowsiness, such as
slight eye closes or changes in head position.

- Vision transformers (ViT): particularly when working with big datasets, vision transformers have
demonstrated exceptional performance in picture classification tasks. To function at their best, they are
said to need a lot of data and a lot of processing power. EfficientNetV2BO0 offers a better option than
vision transformers because the study's dataset is relatively small and its objective is to obtain effective,
real-time performance.

The confusion matrix, displayed in Figure 2(a), demonstrates the model's accuracy in identifying the
driver's status as either active or sleepy. The model has a high true positive and true negative rate, with few
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false positives and false negatives, according to the confusion matrix. The accuracy of the suggested
improved EfficientNet is contrasted with that of other popular CNN architectures, such as DenseNet121,
VGG-16, and EfficientNet, in Figure 2(b). As demonstrated, the suggested model outperforms competing
architectures by a significant margin and attains the maximum accuracy. The proposed model retains a high
F1-score, guaranteeing that both precision and recall are optimized and verifying its robustness in detecting
drowsiness, as shown in the comparative study of the F1-score in Figure 2(c). Because of its effectiveness
and performance balance, EfficientNetV2B0 was selected as the foundational model for driver drowsiness
detection in this investigation. EfficientNetV2BO0 is a lightweight CNN architecture that uses inverted
residual blocks and mobile bottleneck convolutions (MBConv) to achieve good performance at low
computational cost. For real-time applications, this paradigm is perfect, especially in resource-constrained
settings like embedded systems or mobile devices, which are common applications for driver monitoring
systems. EfficientNetVV2BO0 is a good option for this application since it provides the best possible balance of
speed, accuracy, and efficiency for detecting driver sleepiness. The analysis in Figure 2 demonstrates that the
proposed DL model outperforms other DL models, achieving 98% accuracy and F1-score. The confusion
matrix confirms that the model effectively distinguishes between drowsy and active states, with minimal
misclassifications. When comparing with DenseNet121, VGG-16, and EfficientNet, the fine-tuned
EfficientNet exhibits superior performance with reduced false positives, ensuring robust drowsiness detection
across diverse facial variations and environmental conditions. Figure 3 demonstrates performance analysis of
the proposed SVM based facial landmark detection.
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Figure 2. Performance evaluation of the proposed drowsiness prediction model, including: (a) confusion
matrix, (b) comparative analysis of accuracy, and (c) comparative analysis of F1-score
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The effectiveness of the SVM-based facial landmark prediction model is assessed in Figure 3. The
model's ability to correctly anticipate important facial features including the eyes, nose, and mouth is seen in
Figure 3(a), where the predicted landmarks are displayed on a sample image. The model's ability to handle
variations in face expressions is demonstrated by the good alignment between the predicted and actual facial
landmarks. The MSE analysis for the test and validation datasets is shown in Figure 3(b). High accuracy in
face landmark prediction is indicated by the low MSE values for both datasets, which are 0.00398 for
validation and 0.00397 for testing. Last but not least, Figure 3(c) contrasts the processing times of the
suggested SVM model and Dlib. It demonstrates that, despite a minor computational time increase (0.320s
vs. 0.280s) for the SVM-based model, this small delay is compensated for by the enhanced accuracy and
robustness under various facial conditions.

The next Figure 4 shows analysis with respect to real-time testing of the proposed drowsiness
detection model on a subject under different conditions. The first image indicates an alert state, where the
model correctly identifies no signs of drowsiness. The second image signaling a yawning event and system
triggers an alert without wake up. On the other hand, the third image classifying the subject as awake.

We expand the performance analysis to include sensitivity, specificity, and AUC-ROC in addition to
precision and recall in order to give a thorough assessment of the suggested approach. These measures
provide a more impartial evaluation of the model's performance, especially when it comes to binary
classification tasks like detecting driver drowsiness. The major performance indicators for the suggested
model are compiled in the accompanying table (Table 4), which also contrasts them with those of other
cutting-edge DL models currently in use.

The suggested model successfully balances precision (0.98), recall (0.98), sensitivity (0.98), and
specificity (0.98), as demonstrated in Table 4, demonstrating its resilience in accurately identifying both alert
and drowsy states. The model's outstanding ability to discriminate between the two classes is further
evidenced by its AUC-ROC score of 0.99. The suggested model performs better than other industry-leading
techniques like DenseNet121, VGG-16, and efficientNet in every important performance indicator,
demonstrating its exceptional efficacy in detecting driver drowsiness.

Key findings of this study are as follows: a hybrid Al-driven framework for real-time driver
drowsiness detection is presented in this paper, with an astonishing 98% accuracy rate in differentiating
between active and drowsy states. A strong and dependable solution is provided by the multi-stage decision
fusion technique, which combines facial landmark detection with DL-based facial analysis. The approach
lowers false alarms and guarantees that only persistent sleepiness indicators cause alerts by combining CNN
probability ratings, EAR, and mouth aspect ratio (MAR). The suggested approach is now at the forefront of
driver safety technology thanks to these findings.

When compared to earlier research, our method overcomes the shortcomings of earlier techniques
by recognizing environmental changes and facial occlusions, which frequently make it more difficult to
detect drowsiness in real-world situations. Our model uses a more dynamic fusion approach, including both
facial geometry information and DL predictions, in contrast to conventional systems that just use basic
thresholds or certain facial traits. Under a variety of driving circumstances, this hybrid method improves
accuracy and resilience. In summary, this study shows how Al-powered systems might enhance driver safety
by precisely identifying tiredness in real time. As technology develops, it may be able to significantly reduce
driver fatigue-related collisions, ultimately making roadways safer everywhere.
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Figure 3. Performance evaluation of the proposed SVM based landmark prediction, including: (a) predicted
facial landmark, (b) MSE analysis, and (c) processing time analysis
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Figure 4. Demonstrates real-time testing of the proposed drowsiness detection model

Table 4. Comparison of performance metrics for different models

Model Precision  Recall  Sensitivity  Specificity F1-Score  AUC-ROC
Proposed model 0.98 0.98 0.98 0.98 0.98 0.99
DenseNet121 0.94 0.96 0.95 0.94 0.95 0.97
VGG-16 0.92 0.94 0.93 0.92 0.93 0.96
EfficientNet 0.95 0.97 0.96 0.95 0.96 0.98

4. CONCLUSION

This study suggested a hybrid Al-driven architecture that combines a multi-stage decision fusion
mechanism with DL-based predictions for real-time driver sleepiness detection. Through the integration of
facial landmark monitoring with a ML-based facial landmark prediction model, the suggested system
achieved a high detection accuracy of 98%, providing dependable categorization between drowsy and active
states. Additionally, the counter-based method of tracking successive frames guarantees that an alert is only
triggered by persistent signs of drowsiness, minimizing false alarms brought on by fleeting head movements
or changes in facial expression. The device notifies the driver in real time when an alert is set off, and all
instances of drowsiness are recorded for study after the drive.

Future research must address a few shortcomings, even if the suggested approach has great accuracy
and resilience in controlled settings. First, harsh environmental conditions like intense glare, poor lighting, or
severe weather might alter the model's performance by affecting the accuracy of landmark prediction and the
visibility of facial features. Furthermore, the system is primarily dependent on facial landmark detection,
which may have trouble detecting occlusions (such as long hair, sunglasses, or face masks). To improve the
model's resilience in these difficult circumstances, more investigation is required. Future directions for the
system could include adding more sensors, including eye-tracking devices or in-car cameras, to better
identify indicators of tiredness when face occlusions are present. In order to facilitate real-time deployment in
automotive systems, the model can also be tuned for quicker processing. The creation of adaptive rule-based
systems that dynamically modify detection thresholds in response to current environmental conditions, such
lighting or the driver's position, may be the subject of future study. Furthermore, broadening the dataset to
encompass more varied and authentic driving scenarios, including nighttime or extended rides, may improve
the model's capacity for generalization.
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