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Abstract: Driver drowsiness is one of the major reasons behind road accidents, emphasizing the need for accurate 
and efficient fatigue detection systems which can help monitor practical in-vehicle environments. While significant 
progress has been made in visual fatigue detection based on deep learning, many previous studies have been 
performed using a single dataset for training or controlled environments for testing. In this paper, we examine the 
reliability of lightweight driver-monitoring architectures for vision-based driver drowsiness detection based on 
three heterogeneous public datasets (YawDD, DDD, and NTHU-DDD) which cover different lighting conditions, 
facial characteristics, and head poses as encountered in driving scenarios. Among the considered architectures, 
SSD-MobileNetV2 was the most consistent, yielding an accuracy of 92%, precision of 93%, recall of 92%, and 
F1-score of 92% while also being computationally lighter than the other considered architectures. Reliability of 
the proposed architecture was statistically validated using the McNemar Test and 95% confidence intervals. Our 
results show that SSD-MobileNetV2 could be a promising baseline for future lightweight driver-monitoring 
systems for heterogeneous driving environments. 
 
Keywords: Driver drowsiness detection; Edge-based inference; Embedded driver monitoring; IoT-ready safety 
systems; Lightweight deep learning; Intelligent transportation systems; In-vehicle monitoring; Vision-based driver 
monitoring; SSD-MobileNetV2. 
 
1. Introduction  
 

Transportation safety remains a major global concern due to the high number of traffic accidents and fatalities 
reported annually. As reported by the World Health Organization (WHO), the road traffic accidents are among the 
top causes of mortality in the age group from 5 to 29 years old. The main reason for road traffic accidents is driver 
fatigue. It was estimated that in 2023, about 1.19 million people worldwide died due to road traffic accidents [1]. 
Driver fatigue leads to decreased alertness and slowed reactions, which result in higher risk of accidents and poor 
performance especially at night and while driving for a long period of time [2], [3]. Although traditional methods 
of addressing driver fatigue including rest stops, safety campaigns [4], and technology-enabled learning systems 
were proposed, there is a great need for effective systems of fatigue detection [5]. 

Deep learning methods recently developed for the visual detection of driver drowsiness have been successful 
by analyzing eye movement, facial expressions, and head pose [6]. Yet, the performance of these models depends 
heavily on dataset quality, environment variation, and architectural complexity [6], [7], [8]. Some of the most 
common issues include changes in lighting conditions, facial features, camera view angles, head motion, and 
resolution, which may cause instability of models during driving operations. Thus, assessing the stability of such 
models under different driving conditions is an important requirement for ITS applications. 

In this research work, three different but related publicly available datasets, namely, YawDD, DDD, and NTHU-
DDD, are used. YawDD provides different head poses and eye-state information, whereas DDD gives fatigue-
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related information [9], In addition, NTHU-DDD dataset consists of different fatigue states and also covers night 
time driving conditions [10]. Thus, by combining these datasets, we can have a heterogenous evaluation 
environment. 

For this investigation, three representative deep learning models are considered in order to establish a reliable 
benchmark model that can detect drowsiness in drivers in real time. The first one is YOLO11n, known for its real-
time inference capabilities [6], the second one is Resnet50, famous for its excellent feature extraction; and the third 
one is SSD-MobileNetV2, known for its tradeoff between computational efficiency and detection accuracy [11].  

However, even after considerable advancements in the use of deep learning techniques for detecting driver 
drowsiness, some issues related to robustness in various heterogeneous driving environments and implementation 
on constrained automotive platforms still remain important concerns for intelligent transportation systems. In terms 
of intelligent transportation systems, detection of driver drowsiness should not be seen only as a problem of 
computer vision but rather an integral part of intelligent transportation safety and accident prevention systems [12]. 
Lightweight and reliable designs are crucial for real-time implementation on embedded and edge computing 
automotive platforms. 

The study stands out in that it critically analyzes SSD-MobileNetV2 as a possible baseline model for real-time 
drowsiness detection of drivers through an evaluation of three different public datasets (YawDD, DDD, and 
NTHU-DDD). Additionally, McNemar’s Test and 95% Confidence Interval have been used to enhance the 
reliability analysis of the tested models. The results of this study will form a solid foundation for future research 
on IoT-enabled driver monitoring systems.  
 
2. Related Work 
 
2.1. Driver Drowsiness Detection in Intelligent Transportation System 

The driver drowsiness detection is now part of the intelligent transportation safety system because of its 
significance in lowering risks of accidents and facilitating real time monitoring of drivers. The choice of 
appropriate datasets is crucial in deep learning approach to driver drowsiness detection. Several public datasets 
have been widely used for fatigue detection research, including YawDD [6], [13], [14], [15], NITYMED [15], 
[16], Drozy [17], DDD [7], NTHU-DDD [10], [18], [19]. Each dataset provides different visual characteristics, 
driver fatigue behaviors, and environmental conditions. However, these datasets also present limitations that may 
affect model performance in real-time deployment scenarios. 

Researchers have evaluated various deep learning approaches using these datasets. Vijaypriya and Uma utilized 
the YawDD dataset with a Multi-Scale Convolutional Neural Network (MCNN) and achieved an accuracy of 
98.38% [18]. Zhang et al. evaluated a multi-granularity deep framework using the NTHU-DDD dataset and 
reported an accuracy of 90.05% with approximately 37 FPS, demonstrating suitability for real-time fatigue 
detection [19]. Devi et al. utilized the DDD dataset and achieved approximately 99% accuracy using a COOT-
optimized deep learning framework for real-time driver drowsiness detection [9]. 
 
2.2. Vision-Based Driver Monitoring 

Vision-based driver monitoring systems commonly utilize facial cues such as eye closure, yawning behavior, 
facial expressions, and head movement to identify fatigue conditions. In intelligent transportation systems, vision-
based driver monitoring plays an important role in improving road safety by enabling real-time observation of 
driver alertness, fatigue symptoms, and behavioral conditions during vehicle operation. Various vision-based 
monitoring approaches have been proposed to support real-time driver fatigue detection, including Convolutional 
Neural Networks (CNN) [20], [21], [22], Yolo [6], Resnet50 [23], [24], SSD [11], [25], Long Short-Term Memory 
(LSTM) [26], [27], [28] architectures.  

In his research, Jahan developed a CNN-based deep learning model to detect drowsiness based on eye conditions. 
This model showed increased accuracy in detecting fatigue, reaching 97.53% [8]. These approaches demonstrate 
that visual monitoring methods can effectively capture fatigue-related facial features and driver behavior patterns 
in real-time driving environments. 

 
Table 1. Comparative performance of vision-based driver-monitoring approaches for driver drowsiness 

detection 
Model Dataset Dataset Size 

(images/vide
os/samples) 

Optimiz
ation 

Accurac
y 

Precision Recall F1 
Score 

Ref 

COOT DDD - √ 99 98 - 98 [9] 
Resnet DDD 41.790 

images 
- 85.4 86.1 84.3 85.2 [29] 

Multi-layer 
perceptron 

NTHU 200 videos - 81 - - - [30] 

KNN NTHU - - 72.5 - - - [31] 
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MCNN NTHU - - 90.05 - - - [19] 
KNN NTHU - - 89.86 96.35 89.18 92.63 [18] 
Naïve Bayes NTHU - - 87.92 95.82 86.89 91.14 [18] 
MCNN + FSA NTHU - √ 98.26 99.45 98.10 98.77 [18] 
SVM YawDD - - 92.5 - - - [31] 
CNN YawDD - - 93.83 - - - [32] 
SDM algorithm + 
CNN 

YawDD - √ 89.55 - - - [33] 

KNN YawDD - - 87.69 77.27 86.82 81.77 [18] 
Naïve Bayes YawDD - - 83.42 70.41 82.52 75.99 [18] 
MCNN + FSA YawDD - √ 98.38 97.06 97.84 97.45 [18] 
MTCNN + DLIB YawDD 100 videos √ 79 - - - [34] 
DLIB + LSTM YawDD 100 videos √ 74 - - - [34] 
ConNN YawDD+NTHU 96.817 

images 
√ 98.81 - - - [35] 

Note: Dataset size values reported in previous studies vary depending on whether the datasets are represented as 
image frames, videos, or extracted samples, following the original experimental settings of each referenced study. 
 

Based on the researchers' model tests, using the DDD, NTHU-DDD, and YawDD datasets, or a combination of 
two datasets, yielded accuracy values ranging from 72.5% to 99%. However, the models achieving accuracy above 
90% have mostly undergone improvements, resulting in high accuracy. Only the CNN model trained on the 
YawDD dataset did not undergo model improvements, yet still achieved an accuracy of 93.83%. Overall, the 
results of this test indicate that models using combination techniques, such as MCNN + FSA and ConNN, tend to 
achieve better performance, particularly in terms of accuracy and the balance between precision and recall. 
Because this study evaluates lightweight architectures across three heterogeneous datasets without model-specific 
optimizations, the 92% accuracy represents a realistic, practically meaningful performance level for IoT-ready, 
real-time driver-monitoring systems. These comparative results indicate that lightweight driver-monitoring 
architectures can provide sufficiently stable performance for practical transportation safety applications, 
particularly under heterogeneous driving conditions. 
 
2.3. Lightweight Deep Learning for Edge Deployment 

Lightweight deep learning architectures are increasingly important for embedded automotive systems and 
edge-based driver monitoring platforms due to latency and computational constraints. When choosing a deep 
learning model to detect driver fatigue, it is necessary to balance inference speed, computational efficiency, and 
detection accuracy. 

In real-time transportation monitoring systems, computationally efficient architecture such as YOLO11n are 
advantageous because they enable fast inference under limited computational resources. However, it does not 
perform as effectively in detecting small or overlapping objects, which can make it harder to identify subtle facial 
features that indicate fatigue [6]. Resnet50 achieves high accuracy and is effective across a wide range of data, 
although it requires greater computational resources [23], studies on image authenticity detection demonstrated 
that Resnet achieves consistent and stable performance across heterogeneous datasets. SSD architectures offer a 
balance between speed and accuracy; however, they are less effective at detecting small objects [11]. Therefore, 
the selection of the appropriate lightweight architecture must be tailored to the specific requirements of real-time 
driver monitoring and available hardware resources. 
 
2.4. Cross-Dataset Generalization Challenges 

One of the main challenges of deep learning driver drowsiness detection is the limited cross-dataset 
generalization. Previous work has often evaluated their models on a single dataset collected in a controlled 
environment, resulting in models that perform well on particular benchmarks but with less robustness to different 
visual environments. Different illumination, facial features, camera angles, head poses and fatigue expressions of 
different datasets usually lead to the performance degradation of the models when they are confronted with unseen 
driving conditions. 

This limitation becomes more and more important for real-world in-vehicle monitoring systems where the visual 
conditions are dynamic and unpredictable. Hence, it is necessary to evaluate lightweight architectures on 
heterogeneous datasets, such as DDD, NTHU-DDD, and YawDD, to verify the model stability, robustness, and 
practicality for intelligent transportation safety systems. 
 
2.5. Research Gap and Contribution 

Even though many deep learning approaches have been suggested for detecting drowsy drivers, almost all of 
them were evaluated using only one data set in experimental settings. Therefore, there is a lack of research on how 
robust these lightweight models are to variations in real-world driving scenarios. Also, the importance of efficient 
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computation and reliable performance under real-world conditions is not emphasized enough in current literature. 
From previous comparative evaluations and optimizations of lightweight machine learning and deep learning 

models, it has been shown that there is a need to balance between performance and computational efficiency in 
intelligent systems [36], [37]. Past comparative studies of computer vision applications have shown that 
lightweight and hybrid models can still perform strongly in terms of classification ability while lowering 
computation costs in embedded systems applications. There is however a lack of such studies that focus on 
heterogeneous driver monitoring and transportation safety edge applications. 

Thus, this paper analyzes the effectiveness of three selected lightweight models namely YOLO11n, ResNet50, 
and SSD-MobileNetV2 under three heterogeneous publicly available datasets such as DDD, NTHU-DDD, and 
YawDD that cover a wide variety of illumination, facial features, and pose of the head. Moreover, a statistical 
evaluation method based on McNemar’s Test and 95% confidence interval estimation is performed to improve the 
credibility of the analyzed models. The results are supposed to contribute significantly to the design of future driver 
monitoring systems. 
 
3. Methodology  
 
3.1. Research Framework 

 
Figure 1. Methodological Pipeline 

 
Figure 1 shows the entire framework that was employed in this study to detect driver drowsiness using 

lightweight deep learning frameworks. The process started with acquiring data from different public sources 
including DDD, NTHU-DDD, and YawDD, followed by frame extraction to get the images of drowsy and non-
drowsy drivers. This was followed by pre-processing, which involved resizing and normalizing of images. 

In order to ensure model robustness and avoid overfitting, augmentation methods such as flipping, zooming, 
and rotation were used. Three light models, namely YOLO11n, Resnet50, and SSD-MobileNetV2, were 
subsequently trained based on optimized values of hyperparameters. Lastly, model performance was evaluated via 
confusion matrix analysis for robustness and reliability testing under heterogeneous driving scenarios. 
 
3.2. Dataset Description and Preparation 

The initial step is to collect a dataset, which is specifically created for detecting the state of drowsiness in 
drivers. The dataset used in the current study includes a variety of images, which can vary in terms of various 
factors like driving condition, fatigue level, illumination, and facial pose. In this research, three heterogeneous 
datasets have been used, which have been collected from Kaggle, including Driver Drowsiness Dataset (DDD) 
[38], NTHU-DDD [39], and YawDD [40]. These datasets include images and videos of drowsy and non-drowsy 
drivers. This dataset will be split into two distinct subsets, including the training set and the validation set. The 
training set will be used to train deep learning algorithms, such as YOLO11n, Resnet50, and SSD-MobileNetV2. 

The result of the integration of the three datasets led to an increase in the variability of the combined dataset. 
Thus, data augmentation was done to ensure that there is still good quality and variability of the data and avoid 
overfitting. Below is the number of datasets created through data augmentation for testing the three models: 
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Table 2. Distribution of image samples across drowsy and nondrowsy classes 
Dataset Drowsy Nondrowsy Total 
DDD 83 83 166 
NTHU-DDD 84 84 168 
YAWDD 83 83 166 
Total dataset 500 

 
3.3. Lightweight Deep Learning Architectures 

In this research work, three lightweight deep learning models such as YOLO11n, Resnet50, and SSD-
MobileNetV2 are considered in order to develop a reliable baseline model for drowsiness detection among drivers 
in real-time scenarios by implementing intelligent transportation safety systems. These three lightweight models 
have been selected on account of their varying design aspects that are important for embedded vision applications 
for monitoring of drivers. All three models are pre-trained with the help of initial weights before training. 

The selection of YOLO11n is based on its light-weighted architecture and real-time object detection feature, 
making it feasible to deploy in an embedded monitoring system where computation power is limited. With its 
ability to do fast inference, it can be deployed in a transportation safety system that requires instant driver state 
detection. But previous research revealed that lightweight YOLO-based architecture faces difficulties in detecting 
facial fatigue due to visual challenges [6]. 

The Resnet50 network was used as a representative deep residual learning architecture, which can extract high-
level visual features and maintain stable performance on different datasets [23]. The residual learning algorithm 
provides deep feature representation, which is advantageous for identifying fatigue characteristics of faces. 
However, the architecture consumes more computational resources than lightweight embedded systems. 

SSD-MobileNetV2 integrates the Single Shot Detector (SSD) structure and the efficient MobileNetV2 model, 
which is the combination of computational efficiency and high detection accuracy [11]. This architecture is suitable 
for real-time deployment scenarios, and at the same time, it ensures the stable detection performance despite the 
different conditions of driving. Previous research indicated that SSD-based lightweight structures work well in 
real-time driver monitoring systems [25]. 

The comparison of these architectures enables evaluation of the trade-off between accuracy, computational 
efficiency, and deployment feasibility for intelligent transportation safety systems and embedded driver-
monitoring environments. 
 
3.4. Model Training Configuration 

The tested architectures, which include YOLO11n, Resnet50, and SSD-MobileNetV2, were initialized and 
trained under similar experimental conditions to ensure a fair comparison between them. The experiments were 
performed using Google Colab with NVIDIA Tesla T4 GPU support. 

Prior to training, all image samples were resized to 640×640 pixels and normalized for consistent inputs to the 
models. The dataset from DDD, NTHU-DDD, and YawDD was split into train and validation sets in an 80:20 
proportion. In order to make the models more robust to noise and minimize overfitting, data augmentation 
including flips, zooms, and rotations was used while training the models. 

Training parameters of all models were set up using the Adam optimizer with learning rate 0.01, batch size 16, 
and 50 epochs. For consistency, same training parameters were used in YOLO11n, Resnet50, and SSD-
MobileNetV2 so that performance difference between them could be due to architectural differences only. These 
parameters were chosen considering practicality as well as efficiency in terms of computational speed and 
reliability. 
 
3.5. Performance Evaluation 

Following the training phase, the model’s performance was analyzed based on confusion matrix criteria such as 
accuracy, precision, recall, and F1 score. These measures were adopted to analyze the performance of the evaluated 
architectures in discriminating between drowsy and non-drowsy drivers under various driving conditions. Recall 
and false negatives were particularly considered, because a failed identification of drowsiness could directly 
impact transportation safety systems. 

Besides the evaluation measures, statistical validation was performed using the McNemar Test and 95% 
Confidence Interval (CI). The McNemar Test was used to determine the statistical significance of differences in 
the performance of the examined systems, whereas the 95% confidence interval was utilized to measure the 
reliability and consistency of the achieved results. 

 
4. Results 

 
In this section, we will explore in depth the results of tests performed to evaluate the performance of models for 

detecting drowsiness. In order to establish a reliable baseline, three representative models were tested: YOLO11n, 
Resnet50, and SSD-MobileNetV2. The results obtained from each of these models give us valuable information 
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on how well they perform. 

 
    (a)                                  (b)                         (c)                                                            

Figure 2. Confusion matrix (a) YOLO11n, (b) Resnet50, and (c) SSD-MobileNetV2 
 
As shown in the confusion matrix in Figure 2, the YOLO11n algorithm was able to detect all drowsiness cases 

correctly (50/50), giving a perfect recall rate for the drowsy class. This indicates that the YOLO11n model is less 
prone to missing drowsiness, an aspect that is very important especially in critical areas where safety is paramount. 
However, 13 samples of non-drowsy were falsely categorized as drowsy, indicating over-detection. 

The performance of the Resnet50 model was found to be moderate when differentiating between the two states 
of drivers. Nevertheless, this model is prone to making false positive and negative predictions, which implies poor 
stability in classifying drivers under heterogeneous driving conditions. The training and validation losses illustrate 
that even though the former gradually reduces throughout the training process, the latter remains relatively unstable. 

On the other hand, SSD-MobileNetV2 showed better generalization ability compared to Resnet50. This is 
because SSD-MobileNetV2 made predictions with higher accuracy on both the drowsy and non-drowsy classes 
while committing fewer classification errors. Furthermore, the training and validation loss kept reducing 
throughout the training period, suggesting better generalization ability. It can be observed that SSD-MobileNetV2 
performs better under heterogeneous visual scenarios provided by DDD, NTHU-DDD, and YawDD datasets. 

From the results, it is clear that SSD-MobileNetV2 is the best in terms of generalization and stability whereas 
YOLO11n performs well in terms of precision. Despite its strengths, Resnet50 suffers from overfitting. Both 
architectures demonstrate practical applicability in terms of drowsiness detection but SSD-MobileNetV2 provides 
a better balance between stability and generalization. 

 
Table 3. Train and Validation Loss 

Epoch 
YOLO11n Resnet50 SSD-MobileNetV2 

Train Loss Val Loss Train Loss Val Loss Train Loss Val Loss 
1 1.6731 1.6633 0.9616 0.8708 1.5757  0.8071 
10 0.6028 1.0908 0.6894 0.6907 0.3438 0.2521 
20 0.4335 0.7331 0.6806 0.6636 0.1780 0.1344 
30 0.3190 0.4516 0.6212 0.6324 0.1364 0.0861 
40 0.2898 0.3930 0.6121 0.6009 0.0992 0.0585 
50 0.2004 0.7858 0.5823 0.5711 0.0822 0.0438 

 
Table 3 shows how the three architectures performed in the same experiments by comparing their training loss 

and validation loss values at different epochs (1, 10, 20, 30, 40, and 50). As the number of epochs increases, the 
training loss decreases for all three models. This shows that all three have learned the training data well. But each 
model is better or worse at generalizing to validation data. 

The YOLO11n model's training loss steadily dropped from 1.6731 at epoch 1 to 0.2004 at epoch 50. But its 
validation loss did not decrease as much. The validation loss decreased from 1.6633 (epoch 1) to 0.3930 (epoch 
40), then increased to 0.7858 (epoch 50). This indicates that the model is overfitting: it adapts too closely to the 
training data and performs worse on the validation data. 

Meanwhile, Resnet50 showed a steady downward trend. Train loss decreased from 0.9616 (epoch 1) to 0.5823 
(epoch 50), and validation loss also reduced from 0.8708 to 0.5711 at the same epoch. This indicates that the 
training process is proceeding smoothly and the model has sufficient generalisation capabilities, although the 
model still exhibits limited generalization capability compared to SSD-MobileNetV2. 

On the other hand, the SSD-MobileNetV2 model shows the best performance. Train loss decreases sharply from 
1.5757 at epoch 1 to just 0.0822 at epoch 50. The validation loss also followed a positive trend, dropping 
dramatically from 0.8071 to 0.0438. This shows that SSD-MobileNetV2 not only learns well from the training 
data but also generalises well to the validation data, without any signs of overfitting. Based on these results, SSD-
MobileNetV2 demonstrated the most balanced and stable overall performance in this training scenario. 

All reported evaluation metrics were calculated based on binary classification performance across the drowsy 
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and non-drowsy classes. 
 

Table 4. Results of testing three models 
Model Accuracy Precision Recall F1 Score 
YOLO11n 
Resnet50 
SSD-MobileNetV2 

88.18 
74 
92 

90.62 
75 
93 

88.18 
74 
92 

88.14 
74 
92 

 
The test results for the three models in Table 4 show significant differences across several important metrics, 

including accuracy, precision, recall, F1 score, and processing time. YOLO11n demonstrated strong precision 
performance, with a precision of 90.62%. The high precision value indicates that YOLO11n produces relatively 
few false-positive predictions. But YOLO11n achieved only 88.18% accuracy, lower than SSD-MobileNetV2. 
The recall rate for YOLO11n was 88.18%, indicating that the model can detect existing objects, but it is still 
slightly behind SSD-MobileNetV2. The YOLO11n F1 score of 88.14% indicates a good balance between precision 
and recall. YOLO11n demonstrated relatively stable detection capability under heterogeneous driving conditions, 
although its overall performance remained below SSD-MobileNetV2. However, its overall stability and processing 
efficiency remained lower than SSD-MobileNetV2 for practical embedded deployment scenarios. 

Resnet50 is more unstable in comparison to others regarding different performance measures, meaning that it 
is probably not the most appropriate architecture for real-time applications. Resnet50 can only give 74% of correct 
predictions, meaning that this network has a very high percentage of errors. Also, in terms of precision, recall, and 
F1 score, this network performs at 74%, implying that this neural network performs worse in object detection 
compared to other networks. While having relatively reasonable processing time, Resnet50 cannot be used in real-
time applications because of poor accuracy and stability. 

SSD-MobileNetV2, on the other hand, was the best-performing network across almost all measures. SSD-
MobileNetV2 had the highest accuracy of 92%. The SSD-MobileNetV2 model also performed extremely well 
when it comes to precision and recall, achieving values of 93% and 92% respectively. These numbers demonstrate 
that the SSD-MobileNetV2 is capable of object detection and classification with high accuracy.   

Figure 3 shows that SSD-MobileNetV2 achieved the shortest overall processing duration among the evaluated 
architectures, requiring approximately 0.0058 hours (about 21 seconds), compared to YOLO11n (0.068 hours) and 
Resnet50 (0.0233 hours). The processing time is measured based on the same experimental setup using Google 
Colab with NVIDIA Tesla T4 GPU support. The numbers presented above show the total processing time during 
the experimental evaluation period and not the inference latency time for individual images. The results show that 
SSD-MobileNetV2 has less computational overhead and higher computational efficiency compared to the other 
models tested. The proposed architecture demonstrates potential for future embedded transportation safety 
applications. 

Given the same experimental environment, the reported values should be interpreted as relative indicators of 
the computational workload rather than real-time inference latency measurements. The actual deployment 
performance in real transportation systems may be dependent on embedded hardware specifications, camera 
resolution and streaming conditions. Future studies should evaluate the inference latency at frame level, FPS 
performance and energy efficiency on embedded automotive platforms such as NVIDIA Jetson or edge-based IoT 
devices. 

 

 
Figure 3. Total experimental processing duration under identical GPU-based evaluation settings 

 
In order to further prove the statistical significance of the differences in performances between YOLO11n, 

Resnet50, and SSD-MobileNetV2, two statistical tests were performed; these include the McNemar significance 
test and the calculation of 95% confidence intervals of accuracy. These tests evaluate not only the numerical 
superiority of each model but their statistical significance as well. 

The McNemar test is a non-parametric test commonly used to evaluate whether two classifiers differ 
significantly in their error distributions when applied to the same dataset [41]. Several deep learning evaluation 
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studies recommend it because it directly compares disagreement cases rather than aggregate accuracy. 
  
 
                                                                                                                
                                                                                    (1) 

Where: 
b = cases misclassified by model A but correctly classified by model B 
c = cases misclassified by model B but correctly classified by model A 
H0 = There is no significant difference between the two models 
Significance threshold: p<0.05 
 

Table 5. McNemar Test 
Model χ² p-value Significant? 
SSD vs Resnet50 4.00 0.045 Yes 
SSD vs YOLO11n 1.25 0.26 No 
YOLO11n vs Resnet50 0.516 0.47 No 

 
 
 
 
 
 
 
 
 
 
 

Figure 4. Significance Comparison 
 
To quantify the statistical certainty of accuracy values, 95% confidence intervals (CI) were computed using the 

binomial proportion formula [42]. 
 
 
                                                                                             
                                                                                      (2) 
Where: 
p = accuracy 
n = total test samples 
1.96 = z-score for 95% confidence 
 

Table 6. Confidence Interval (CI 95%) 
Model Accuracy CI 95% 

SSD-MobileNetV2 92% 86.7% - 97.3% 
YOLO11n 88.18% 82.1% - 94.2% 
Resnet50 74% 65.8% - 82.2% 

 
The statistical analysis reveals that SSD-MobileNetV2 is significantly better than Resnet50 (p = 0.045), whereas 

the differences in the accuracy rates of SSD-MobileNetV2 compared to YOLO11n (p = 0.26) and YOLO11n 
versus Resnet50 (p = 0.47) are not statistically significant. Moreover, based on the results of 95% confidence 
interval analysis, it can be stated that SSD-MobileNetV2 demonstrates the narrowest interval (86.7% - 97.3%), 
which is evidence of higher stability and reliability of the algorithm. 

Generally, SSD-MobileNetV2 emerges as the best-performing among all three in terms of overall performance 
metrics including accuracy, precision, recall, F1 Score and time. Performance of SSD-MobileNetV2 was equal to 
that of various previously reported light-weight driver monitoring systems [32]. On the other hand, YOLO11n 
shows strengths in specific situations where precision is of utmost importance, but it is less stable in comparison 
with SSD-MobileNetV2 as a baseline. In case when efficiency and high performance are the primary goals, then 
SSD-MobileNetV2 is the model of choice. As mentioned above, application of hybrid methods like COOT, MCNN 
+ FSA, and ConNN proved to be more efficient in obtaining higher accuracy (above 90%) and achieving the 
required balance between precision and recall [9], [18], [35]. Thus, it could be stated that more advanced 
combination techniques result in greater gains in comparison with traditional models like YOLO11n, Resnet50, 
and SSD-MobileNetV2. 
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The superior performance of SSD-MobileNetV2 in the present work can be attributed to its lightweight structure, 
which allows for efficient feature extraction along with a low computational complexity and stable detection 
capacity in different driving environments. The architecture showed higher consistency in performance on the 
integrated DDD, NTHU-DDD, and YawDD datasets, thereby suggesting that it had superior generalization 
capabilities under different conditions of illumination, facial appearance, and head orientations often witnessed in 
practical driving situations. Such an architectural advantage makes SSD-MobileNetV2 a suitable baseline 
framework for embedded driver monitoring systems. 
 

5. Discussion 
 
The results of this study highlight the importance of computationally efficient architecture for driver monitoring 

systems in achieving stable performance under heterogeneous driving conditions. This aspect becomes 
increasingly important as modern vehicles are progressively integrated with intelligent transportation safety 
systems utilizing IoT and edge-computing technologies. Among the evaluated architectures, SSD-MobileNetV2 
demonstrated the most stable generalization performance across the YawDD, DDD, and NTHU-DDD datasets 
under varying lighting conditions, facial appearances, and head poses. 

These findings are consistent with previous studies showing that lightweight deep learning architectures can 
maintain stable classification performance while reducing computational overhead [37]. Previous comparative 
studies in computer vision have also demonstrated that lightweight and hybrid CNN-based architectures are 
capable of achieving scalable performance suitable for practical deployment environments [36]. In intelligent 
transportation systems, balancing computational efficiency and detection reliability is particularly important 
because embedded driver monitoring systems often operate under constrained hardware resources and dynamically 
changing visual conditions. Therefore, the lightweight MobileNetV2 architecture combined with a single-shot 
detection framework provides a promising baseline for future studies involving sequence modeling, sensor fusion, 
and edge-based transportation safety applications. 

 

 
Figure 5. Proposed practical deployment workflow of the SSD-MobileNetV2-based driver monitoring system 

for intelligent transportation safety applications. 
 

Figure 5 illustrates the proposed practical deployment workflow of the SSD-MobileNetV2-based driver 
monitoring system. An in-vehicle camera continuously captures the driver’s facial condition and transmits the 
visual data to an embedded AI processing unit for real-time analysis. The SSD-MobileNetV2 architecture analyzes 
fatigue-related features such as eye behavior, yawning activity, facial expressions, and head posture to estimate 
the driver’s alertness state. When drowsiness symptoms are detected, the system activates warning mechanisms 
including visual alerts and audible alarms to improve driver awareness and reduce accident risk. Due to its 
lightweight computational design, the proposed architecture is suitable for deployment on embedded and edge-
based transportation platforms with limited hardware resources. In fleet safety environments, the system may also 
support centralized driver monitoring and transportation safety management through IoT-enabled monitoring 
infrastructure. 

 
6. Conclusions  

 
This study evaluated the reliability of lightweight driver monitoring architectures for vision-based driver 

drowsiness detection, with three different heterogeneous public datasets used to reflect various driving conditions. 
From the experimental results, it can be seen that SSD-MobileNetV2 performed the best with respect to accuracy, 
precision, recall, and F1 score with less computational cost compared with other architectures. The statistical 
analysis of the experiment with the help of McNemar’s test and 95% confidence intervals also shows that the 
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model is reliable and stable. It appears that SSD-MobileNetV2 can be considered a good lightweight baseline 
architecture for driver monitoring system in intelligent transportation safety environments. 

Nevertheless, despite these promising results, there are certain limitations to the study such as use of open-
source datasets, lack of temporal modeling in frame-level analysis, and evaluation on only three representative 
lightweight networks. However, the study can serve as a significant stepping stone for future studies related to 
intelligent transportation safety. In addition, although three heterogeneous public datasets were utilized, the overall 
experimental scale is still relatively limited when considering real-world transportation environments. In real-
world deployment scenarios, model generalization can be affected by changes in traffic conditions, driver 
behavior, camera placement, weather conditions, and uncontrolled illumination. Therefore, additional validation 
in real-world driving scenarios and more complex transportation conditions is needed to evaluate the robustness 
and scalability of the proposed architecture. 

 
7. Future Work 

 
The future research directions would involve enhancing the SSD-MobileNetV2 architecture to enable practical 

implementation within embedded and IoT-enabled transportation platforms. Future research may involve 
comparisons with more advanced lightweight networks like MobileNetV3, EfficientNet, TinyML, temporal deep 
learning models, among others, to assess their computational efficiency and resilience when facing varying driving 
conditions. Furthermore, hybrid methods that utilize physiological parameters, vehicle telemetry, and/or driver 
behavior may be considered to enhance the accuracy of the algorithm in challenging driving situations. Real-world 
driving settings and automotive platforms would be essential in validating deployment feasibility and practicality 
of intelligent transportation systems, including frame-level inference latency, frames per second (FPS) 
measurements, memory consumption, and energy efficiency analysis on embedded and edge automotive platforms 
to better assess the performance of real-time implementations.  
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