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Abstract: Fatigue-related impairment is a major contributing factor to road accidents; however, de-

tecting early visual indicators of driver tiredness remains challenging under realistic driving conditions. 

This study introduces an artificial intelligence–based system for distinguishing between alert and fa-

tigued drivers using facial images captured in natural driving environments. A total of 41,793 annotated 

facial images from the Driver Drowsiness Dataset (DDD) were used in the experiments. Although the 

dataset reflects realistic driving scenarios captured by dashboard-mounted cameras, the proposed sys-

tem was evaluated offline and not tested in live traffic environments. Deep visual features were ex-

tracted using the SqueezeNet architecture and subsequently classified using three supervised learning 

models: Artificial Neural Networks (ANN), Random Forests (RF), and Support Vector Machines 

(SVM). Among the evaluated classifiers, ANN achieved the highest performance with an accuracy of 

99.97%, followed by RF with 99.78% and SVM with 96.33%. The results indicate that combining 

lightweight deep feature extraction with classical machine learning classifiers can yield highly accurate 

fatigue detection while maintaining computational efficiency. The proposed framework provides valu-

able insights into the development of efficient, real-time driver fatigue monitoring systems with poten-

tial applications in accident prevention and road safety enhancement. 

Keywords: Artificial neural networks; Deep feature extraction; Driver drowsiness dataset; Driver fa-

tigue detection; Embedded vision systems; Machine learning classification; Road safety; SqueezeNet. 

 

1. Introduction 

Driver tiredness has long been recognized as a key risk factor impacting road safety, as 
sleepy drivers exhibit delayed reflexes, diminished situational awareness, and impaired deci-
sion-making [1]. These behavioral changes considerably increase the likelihood of traffic ac-
cidents, particularly during long-distance travel and nighttime driving [2], [3]. With the rapid 
advancement of artificial intelligence (AI) and computer vision technologies, monitoring 
driver attention through visual signals has become an increasingly practical approach for en-
hancing real-time safety systems. Recent studies have demonstrated that facial dynamics—
such as eye closure duration, blinking frequency, yawning patterns, and head position—serve 
as key indicators of driver fatigue [4], [5]. Consequently, machine learning and deep learning 
techniques have attracted significant attention for their ability to extract subtle visual cues. 
Compared with traditional rule-based systems, AI-driven models can learn complex patterns 
directly from data and operate effectively across diverse drivers, lighting conditions, and en-
vironmental settings. 
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Various studies have attempted to detect driver drowsiness using convolutional neural 
networks (CNNs) [3], handcrafted features [6], video-based temporal modeling [7], and hy-
brid fusion approaches [8]. While these techniques have reported encouraging results, many 
of them rely on computationally intensive architectures or controlled laboratory conditions. 
As a result, their applicability in real-world driving environments remains limited. To bridge 
the gap between research prototypes and deployable fatigue-monitoring systems, there is a 
clear need for lightweight feature extractors combined with efficient classification algorithms. 

This paper advances the field by employing SqueezeNet, a compact neural architecture 
designed to minimize model size while preserving representational capacity, to extract deep 
facial features from a large-scale, realistic driving dataset [9], [10]. These features are subse-
quently classified using three widely adopted supervised learning methods: Artificial Neural 
Networks (ANN), Random Forests (RF), and Support Vector Machines (SVM). The pro-
posed approach aims to provide a practical solution for real-time driver fatigue detection by 
integrating a lightweight deep feature extractor with computationally efficient classifiers. 

This study evaluates the robustness of deep features extracted using the lightweight 
SqueezeNet architecture across multiple machine learning classifiers. Rather than conducting 
a competitive comparison among classifiers, the objective is to assess whether compact deep 
representations can maintain effective performance under different classification paradigms. 

2. Literature Review 

Driver fatigue detection has evolved from early handcrafted-feature approaches toward 
data-driven machine learning and deep learning methods. Traditional techniques based on 
eye or head movement cues are computationally efficient but sensitive to variations in illumi-
nation, facial appearance, and camera viewpoints [11], [12]. Recent studies predominantly 
employ convolutional neural networks to extract discriminative facial representations from 
images or video sequences, enabling improved robustness under diverse driving conditions. 
These methods demonstrate strong performance but often rely on deep architectures and 
complex processing pipelines. 

To address deployment constraints, several studies have explored lightweight models, 
transfer learning, and embedded-oriented designs, frequently combined with explicit face de-
tection or region-of-interest extraction. While such pipelines improve accuracy, they increase 
system complexity and computational overhead [13]. Moreover, limited attention has been 
given to evaluating whether compact deep feature representations remain robust across dif-
ferent classification paradigms when face detection is omitted. Table 1 summarizes repre-
sentative state-of-the-art studies and highlights this methodological gap, which motivates the 
present work. 

Dua et al. [14] proposed a driver drowsiness detection system using four deep learning 
models—AlexNet, VGG-FaceNet, FlowImageNet, and ResNet—to analyze RGB video 
data. The models extracted features related to facial expressions, hand movements, head 
movements, and behavioral cues, which were categorized into four classes: no drowsiness, 
blinking, yawning, and head nodding. A SoftMax classifier achieved an accuracy of 85%. 

Nasri et al. [15] introduced DistractNet, a CNN-based model for detecting driver dis-
traction, trained on the State Farm Driver Distraction Dataset, which contains 22,424 images 
across 10 activity classes. The model was compared with several pre-trained networks, includ-
ing ResNet-50, GoogLeNet, InceptionV3, and AlexNet, and achieved the highest accuracy 
of 99.32% [10]. In a related study, the same authors proposed a CNN-based approach for 
detecting and predicting driver sleepiness using facial features extracted from the Real-Life 
Drowsiness Dataset (RLDD), achieving a classification accuracy of 96%. 

Magán et al. [16] developed an Advanced Driver Assistance System (ADAS) to detect 
driver drowsiness using 60-second video sequences in which the driver’s face is visible. Two 
alternative solutions were proposed: one combining recurrent and convolutional neural net-
works, and another using deep feature extraction followed by a fuzzy logic–based classifier. 
Both approaches achieved similar accuracy levels, approximately 65% on training data and 
60% on test data. 

Hossain et al. [17] evaluated multiple CNN architectures, including Simple CNN, VGG-
16, ResNet50, and MobileNetV2, for detecting driver distraction. Their dataset comprised 
102,150 images across ten classes. Experimental results showed that MobileNetV2 achieved 
the highest accuracy of 98.12%, followed by Simple CNN at 97.45% and ResNet50 at 94.50%. 
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Ahmed et al. [3] presented a real-time driver drowsiness detection system based on machine 
learning techniques using eye and mouth features as primary indicators. Their dataset con-
sisted of 2,900 images with four extracted features, and the proposed CNN model achieved 
an accuracy of 97.23%.  

Andrean et al. [2] investigated driver drowsiness detection using facial features extracted 
from a dataset containing 22,348 images of drowsy drivers and 19,445 images of alert drivers. 
The study compared the Haar Cascade and YOLO-face segmentation methods, followed by 
decision-tree–based eye-focused classification. YOLO-face segmentation produced higher-
quality regions of interest, achieving an accuracy of 98.54%, compared with 98.03% for Haar 
Cascade. 

Table 1. Summary of previous related studies in the literature. 

References Dataset Records Class Methods Accuracy 

Dua et al., [14] 
National Tsing Hua Univer-
sity(NTHU)-driver drowsi-
ness standard video datasets 

200 training video clips 
from 25 subjects and 

50 testing clips from 6 
subjects 

2 SoftMax 85.00% 

Nasri et al., [1] 
State Farm Distracted Driver 

Detection | Kaggle 
22,424 10 

DistractNet  

ResNet-50  

GoogLeNet  

InceptionV3  

AlexNet 

99.32% 

98.16% 

97.26% 

98.02% 

98.44% 

Nasri et al., [15] 
Real-Life Drowsiness Dataset 

RLDD 
41,793 2 CNN 96.00% 

Magán et al., 
[16] 

Yawning Detection Video 
Dataset 

30 individuals 

18 subjects’ videos used 
for training, 6 subjects 
for validation, 6 sub-

jects for testing 

2 CNN 65.00% 

Hossain et al., 
[17] 

StateFarm Distracted Driver 
Detection Dataset 

22,424 10 

CNN 

ResNet50 

MobilNetV2 

97.45% 

94.50% 

98.12% 

Ahmed et al., [3] 
Annotated Drowsiness De-

tection Dataset 
2900 4 CNN 97.23% 

Andrean et al., 
[2] 

Real-Life Drowsiness Dataset 
RLDD 

41,793 1 
YOLO-Face 

Haar Cascade 

98.54% 

98.03% 

 
As summarized in Table 1, prior studies demonstrate that deep learning–based ap-

proaches can achieve high accuracy, particularly when using large models, explicit face detec-
tion, or extensive preprocessing. However, these requirements often hinder real-time deploy-
ment in practical driving scenarios. Moreover, limited attention has been given to evaluating 
whether lightweight deep feature representations remain robust across different classification 
paradigms when explicit face detection or region extraction is omitted. This gap motivates 
the present study, which assesses the effectiveness of compact deep features extracted by 
SqueezeNet when combined with efficient machine learning classifiers under realistic driving 
conditions. 

3. Proposed Method 

In this study, classification was performed using cross-validation on the "Driver Drows-
iness Dataset." The classification process was conducted using machine learning algorithms, 
including ANN, RF, and SVM, with cross-validation. SqueezeNet image embedding was uti-
lized for the process. The methodology followed in the study is provided in Figure 1. The 
proposed framework follows a two-stage design consisting of deep feature extraction from 
original facial images and subsequent classification using machine learning models, without 
relying on data augmentation or end-to-end network retraining. 
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Figure 1. Illustrative conceptual diagram summarizing the main processing stages (Overview of the 
proposed driver fatigue detection framework) 

3.1. Dataset 

The Driver Drowsiness Dataset (DDD) was obtained directly from a publicly available 
Kaggle repository. As described by the dataset creators, the DDD was constructed from video 
recordings captured using dashboard-mounted cameras in real driving scenarios. Individual 
image samples were extracted from these videos using VLC software, after which facial re-
gions were automatically localized and cropped using the Viola–Jones algorithm [1], [18]. All 
images were subsequently resized to a uniform resolution of 227 × 227 pixels during dataset 
preparation. 

The DDD is publicly released only in the form of extracted image frames, while the 
original driving videos are not included in the dataset distribution. Consequently, the dataset 
authors do not explicitly provide detailed information on the original video resolution, frame 
rate, and frame sampling strategy. This limitation is inherited from the dataset and therefore 
applies to the present study. The dataset consists of 41,793 RGB facial images categorized 
into two classes: drowsy and non-drowsy. The class distribution, along with representative 
raw image samples from both categories obtained directly from the Kaggle repository, is il-
lustrated in Figure 2. These examples reflect the typical visual characteristics of the dataset, 
including predominantly frontal facial views and relatively controlled acquisition conditions. 

In the present study, no additional preprocessing steps were applied beyond the dataset’s 
original preparation. The images were used exactly as provided by the dataset authors, without 
further frame extraction, face detection, cropping, alignment, enhancement, or data augmen-
tation. Deep visual features were directly extracted from the provided images using the 
SqueezeNet architecture and subsequently classified using machine learning models (ANN, 
RF, and SVM). Due to its large scale and origin from real driving recordings, the DDD pro-
vides a realistic benchmark for evaluating driver fatigue classification methods at the frame 
level under practical data constraints. 
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3.2. Deep Feature Extraction Using SqueezeNet 

SqueezeNet was selected due to its compact architecture and favorable trade-off be-
tween model size and representational capacity. Its Fire module design enables efficient fea-
ture learning while maintaining strong discriminative power, making the network well suited 
for embedded and resource-constrained systems. SqueezeNet is a convolutional neural net-
work that employs Fire modules to significantly reduce the number of parameters while 
achieving performance comparable to larger architectures. Each Fire module first applies 1×1 
convolutional filters to reduce channel dimensionality, followed by a combination of 1×1 and 
3×3 convolutional filters to expand the feature representation. 

 

Figure 2. Class distribution and representative raw image samples from the Driver Drowsiness Da-
taset (DDD) 

3.2.1. Lightweight Architecture 

SqueezeNet contains approximately 1.2 million parameters, substantially fewer than 
those of ResNet-50 (approximately 25 million) or MobileNetV2 (approximately 3.4 million). 
Due to its compact size, SqueezeNet requires less memory and enables faster inference, mak-
ing it particularly suitable for embedded and in-vehicle applications with limited computa-
tional resources [19]. 

3.2.2. Preservation of Discriminative Facial Features 

Despite its relatively small size, the squeeze–expand architecture of SqueezeNet enables 
it to retain strong representational power. This property is especially beneficial for facial anal-
ysis tasks that require capturing subtle visual cues, such as eye narrowing, eyelid drooping, 
and micro-expressions associated with driver fatigue. As a result, SqueezeNet can effectively 
encode fatigue-related facial characteristics while maintaining computational efficiency [20]. 

3.2.3. Compatibility with Classical Machine Learning Classifiers 

The final convolutional outputs of SqueezeNet provide compact, low-dimensional fea-
ture embeddings that integrate effectively with conventional machine learning classifiers such 
as ANNs, RFs, and SVMs. Unlike larger architectures, whose high-dimensional feature vec-
tors often require additional dimensionality reduction, SqueezeNet embeddings can be used 
for classification without further processing. 

 
In this study, SqueezeNet was employed as a pretrained lightweight deep feature extrac-

tor. Deep features were extracted from the final global average pooling layer (avgpool), which 
captures high-level semantic representations of facial characteristics relevant to driver fatigue. 
The resulting feature vector had a dimensionality of 1000 features per image. Prior to classi-
fication, the extracted features were normalized using standard feature normalization to en-
sure consistent scaling and to improve classifier stability. These normalized feature vectors 
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were subsequently used as input to the ANN, Random Forest, and Support Vector Machine 
classifiers. 

3.3. Training Models 

After extracting deep feature embeddings with SqueezeNet, three supervised learning 
algorithms were used to classify facial images into drowsy and non-drowsy categories: ANN, 
RF, and SVM. ANN was employed in this study as a nonlinear classifier to model the complex 
relationships present in the deep feature embeddings extracted by SqueezeNet. The extracted 
features form high-dimensional representations in which class boundaries are not strictly lin-
ear, making ANN suitable for capturing subtle variations between drowsy and non-drowsy 
facial patterns. Figure 3 illustrates a conceptual structure of the ANN used for binary fatigue 
classification, consisting of an input layer, one or more hidden layers, and an output layer. An 
ANN is composed of interconnected processing units, known as artificial neurons, where 
each neuron processes incoming signals through weighted connections and activation func-
tions before propagating the output to subsequent layers, enabling effective information flow 
through the network [21], [22]. This layered structure allows ANN to learn nonlinear decision 
boundaries and adapt to complex feature interactions, which are common in facial fatigue 
analysis tasks [23], [24]. 

 

Figure 3. Conceptual illustration of the ANN structure used for binary classification (drowsy vs. 
non-drowsy). 

RF was employed in this study as an ensemble-based classifier to evaluate the robustness 
of the deep feature embeddings extracted by SqueezeNet. The extracted features exhibit var-
iability across samples, and RF effectively handles this variability by aggregating the predic-
tions of multiple decision trees trained independently on randomly selected subsets of the 
data and features. Figure 4 illustrates a conceptual representation of the Random Forest de-
cision mechanism based on majority voting. By combining multiple weak learners, RF reduces 
the risk of overfitting and improves generalization performance, particularly in high-dimen-
sional feature spaces. This ensemble strategy increases model diversity and robustness across 
different data distributions [22], [25], [26], making RF well suited for classifying drowsy and 
non-drowsy facial representations in this study. 

SVM was employed in this study using a radial basis function (RBF) kernel due to its 
effectiveness in modeling nonlinear class boundaries. The deep feature embeddings extracted 
by SqueezeNet exhibit complex and non-linearly separable distributions, which linear decision 
boundaries cannot adequately handle. Figure 5 illustrates a nonlinear decision boundary 
formed by an RBF-based SVM, where samples from one class can be enclosed within a flex-
ible boundary to achieve effective separation. By applying the RBF kernel, SVM implicitly 
maps the input feature vectors into a higher-dimensional space, allowing the classifier to form 
flexible, nonlinear decision boundaries that better separate drowsy and non-drowsy facial rep-
resentations [25], [27]. This property makes RBF-based SVM particularly suitable for facial 
fatigue detection, where subtle visual cues may vary across subjects and illumination condi-
tions. 
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Figure 4. Conceptual illustration of the RF classification mechanism based on majority voting. 

 

Figure 5. Illustrative example of the SVM with RBF kernel for decision boundary for binary classifi-
cation. 

3.4. Performance Metrics and Confusion Matrix 

To evaluate the classification performance of the proposed framework, a confusion ma-
trix was first used to analyze the predictions for each class. The confusion matrix provides a 
comprehensive overview of the relationship between predicted labels and ground-truth labels, 
enabling detailed interpretation of correct and incorrect classifications for drowsy and non-
drowsy samples [28], [29]. A schematic illustration of the confusion matrix used in this study 
is shown in Figure 6. 

 

Figure 6. Confusion matrix structure for binary driver fatigue classification. 
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Based on the confusion matrix, four fundamental quantities are defined: true positives 
(TP), true negatives (TN), false positives (FP), and false negatives (FN). These quantities form 
the basis for computing standard performance metrics that quantitatively assess classification 
effectiveness. Using TP, TN, FP, and FN, several widely adopted evaluation metrics were 
calculated, including accuracy, precision, recall, and F1-score. Accuracy measures the overall 
correctness of the classifier, while precision and recall focus on the reliability and complete-
ness of positive predictions, respectively. The F1-score provides a balanced measure by com-
bining precision and recall, which is particularly useful when class distributions are not per-
fectly balanced [30], [31]. The mathematical formulations of the evaluation metrics used in 
this study are defined as follows: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

F1 − score =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (4) 

 
These metrics were computed for each classification model to provide a consistent and fair 
comparison of their performance. 

3.5. Data Splitting and Cross-Validation Strategy 

Cross-validation is a commonly used technique for evaluating the performance of ma-
chine learning models. In conventional evaluation settings, a dataset is split into training and 
test subsets. In contrast, cross-validation partitions the dataset into multiple smaller subsets 
and iteratively uses some of these subsets for training while reserving the remaining subset 
for testing. This process allows the model performance to be evaluated across different data 
partitions, leading to a more reliable overall performance estimate [32], [33]. 

In this study, the dataset was divided into 10 mutually exclusive folds, with class distri-
bution preserved in each fold via stratified sampling. During each iteration, nine folds were 
used for training, and the remaining fold was reserved for testing, ensuring no overlap be-
tween training and testing samples. This procedure was repeated ten times, and the perfor-
mance metrics were averaged across all folds. Such a validation protocol helps reduce bias 
caused by random partitioning and provides a more stable estimate of model performance. 
Since subject-level or video-level identifiers are not available in the publicly released DDD 
dataset, stratified 10-fold cross-validation was conducted frame-wise using the available image 
samples. Although images extracted from the same video may exhibit visual similarity, this 
evaluation protocol is consistent with prior studies that use the DDD dataset and allows for 
fair comparison under the same data constraints. 

4. Experimental Results 

4.1. Setup and Model Configuration 

A comprehensive set of experiments was conducted to evaluate the effectiveness of the 
proposed driver fatigue detection framework. The complete dataset, consisting of 41,793 fa-
cial images, was first processed using the SqueezeNet architecture for deep feature extraction. 
The resulting feature embeddings were then classified using three supervised ML models: 
ANN, RF, and SVM. 

To ensure that the reported results were not influenced by sampling bias, all experiments 
were evaluated using stratified 10-fold cross-validation. In this validation scheme, the dataset 
was divided into 10 mutually exclusive folds, preserving the class distribution within each 
fold. During each iteration, nine folds were used for training, and one-fold was reserved for 
testing. Performance metrics were computed exclusively on unseen test samples, and the final 
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results represent the average performance across all folds. The evaluation metrics included 
accuracy, precision, recall, and F1-score. 

The internal parameter configurations of the three classifiers are summarized in Table 2. 
These parameter settings were intentionally selected based on commonly adopted configura-
tions reported in the literature, aiming to balance computational efficiency and classification 
performance. Extensive hyperparameter tuning was deliberately avoided to reduce the risk of 
overfitting and to ensure a fair and reproducible comparison across models. 

For the ANN classifier, a single hidden layer with 100 neurons was employed, using the 
ReLU activation function and the Adam optimization algorithm, with a maximum of 200 
training iterations. The RF classifier was configured with 500 decision trees, considering five 
attributes at each split and enforcing a minimum node size of five samples. The SVM classifier 
utilized a RBF kernel with a regularization parameter of C = 1.0, epsilon (ε) = 0.10, automatic 
kernel scaling, a numerical tolerance of 0.001, and a maximum of 100 iterations. 

Table 2. Parameter settings used for the classification models. 

Model Parameters 

ANN Hidden layer neurons: 100; Activation: ReLU; Optimizer: Adam; Maximum iterations: 200 

RF Number of trees: 500; Features per split: 5; Minimum samples per node: 5 

SVM 
Kernel: RBF; Cost (C): 1.0; Epsilon (ε): 0.10; Gamma: auto; Tolerance: 0.001; Maximum 

iterations: 100 

4.2. Quantitative Performance Results 

The quantitative performance results obtained from the stratified 10-fold cross-valida-
tion are presented in Table 3. Overall, all three classifiers achieved strong performance when 
trained on the deep feature embeddings extracted by SqueezeNet. Among the evaluated mod-
els, the ANN classifier achieved the highest accuracy of 99.97%, followed closely by the RF 
classifier at 99.78%. The SVM classifier achieved an accuracy of 96.33%, which, although 
lower than those of ANN and RF, remains competitive given the complexity of the fatigue 
classification task. The precision, recall, and F1-score values across all models were consist-
ently high, indicating balanced classification performance. 

Table 3. Performance metrics obtained for all classification models. 

Model Accuracy Precision Recall F1-Score 

ANN 99.97% 99.98% 99.97% 99.98% 

RF 99.78% 99.71% 99.88% 99.79% 

SVM 96.33% 95.58% 97.66% 96.61% 

4.3. Confusion Matrix Analysis 

To gain deeper insight into the classification behavior of each model, confusion matrices 
were generated for ANN, RF, and SVM, as illustrated in Figure 7.  

The ANN classifier achieved the lowest number of misclassifications, correctly classify-
ing 41,782 out of 41,793 samples, with only 11 incorrect predictions. The RF classifier fol-
lowed closely, producing 41,701 correct classifications and 92 misclassifications. In contrast, 
the SVM classifier correctly classified 40,261 samples and misclassified 1,532. The compara-
tively higher error rate observed with the SVM classifier was primarily due to borderline cases 
in which fatigue-related facial cues were subtle, partially occluded, or inconsistently expressed. 
In contrast, ANN and RF demonstrated greater robustness in handling such variations, con-
tributing to their superior overall performance. 

The experimental results indicate that compact deep feature embeddings extracted by 
SqueezeNet can be highly effective when paired with classical machine learning classifiers. 
The consistently strong performance across ANN, RF, and SVM highlights the robustness 
and discriminative power of the extracted deep features across different learning paradigms. 
It is important to emphasize that the purpose of employing multiple classifiers was not to 
conduct a competitive comparison among machine learning algorithms, but rather to assess 
the robustness and effectiveness of the SqueezeNet-extracted features across diverse 
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classification strategies. The superior performance of ANN suggests its advantage in model-
ing complex nonlinear relationships within the deep feature space, while the strong perfor-
mance of RF further supports the generalizability of the proposed framework. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 7. Confusion matrix results for each model (a) SVM; (b) RF; (c) ANN. 

5. Discussion and Comparison 

5.1. Discussion of Results 

The findings of this study demonstrate that deep feature extraction using a lightweight 
architecture can effectively support accurate driver fatigue classification under realistic driving 
data conditions. Among the evaluated classifiers, ANN achieved the highest performance, 
followed closely by RF, while SVM showed competitive but comparatively lower accuracy. 
These results indicate that although SqueezeNet provides compact and discriminative feature 
embeddings, different classifiers exploit these representations in distinct ways. 

The superior performance of ANN can be attributed to its ability to learn nonlinear 
decision boundaries in the high-dimensional deep feature space, enabling it to capture subtle 
fatigue-related facial cues, such as partial eye closure, reduced facial muscle tension, and mi-
cro-expressions, which may appear inconsistently across drivers. The RF classifier also per-
formed well, suggesting that ensemble-based decision rules are effective for handling diverse, 
high-dimensional embedding features. In contrast, the SVM classifier, while effective overall, 
showed greater sensitivity to ambiguous or borderline samples, particularly when fatigue-re-
lated facial cues were weak or partially occluded. 

5.2. Comparison with Previous Studies and Practical Implications 

A quantitative comparison with prior studies using the same Driver Drowsiness Dataset 
(DDD) is provided in Table 4. Previous works reported accuracies ranging from approxi-
mately 96% using conventional CNN architectures to 98.54% with YOLO-Face–based pipe-
lines and up to 100% using deeper transfer-learning models such as ResNet50V2. The pro-
posed SqueezeNet-based feature extraction combined with ANN achieved 99.97% accuracy, 
matching or closely approaching the best reported results while using significantly fewer pa-
rameters. 



Journal of Future Artificial Intelligence and Technologies 2026 (March), vol. 2, no. 4, Yasin, et al. 658 
 

 

The RF-based configuration also performed competitively with 99.78% accuracy, while 
the SVM-based approach achieved 96.33%, demonstrating that classical classifiers remain ef-
fective when paired with compact deep feature embeddings. Although near-perfect accuracy 
was achieved, potential overfitting cannot be entirely ruled out due to dataset homogeneity 
and controlled acquisition conditions. Nevertheless, the absence of data augmentation sug-
gests that the achieved performance primarily stems from the discriminative capacity of the 
extracted features. 

Overall, the lightweight nature of SqueezeNet, combined with low computational com-
plexity, makes the proposed framework well-suited for future real-time deployment in em-
bedded vehicle systems. Further validation on more diverse datasets encompassing different 
driving environments, vehicle types, and demographic variations would strengthen the ap-
plicability of the proposed approach in real-world scenarios. 

Table 4. Quantitative comparison of the proposed method with previous studies using the Driver 
Drowsiness Dataset. 

Study Dataset Method 
Accuracy 

(%) 
Remarks 

Nasri et al. [1] RLDD-derived 
images (basis of 

DDD) 

CNN (from 
scratch + TL) 

>96 Initial work by the dataset creators; ac-
curacy reported on the Kaggle dataset 

page. 

Andrean et al. 
[2] 

DDD YOLO-Face + 
Decision Tree 

98.54 Face detection combined with a classi-
cal classifier. 

Andrean et al. 
[2] 

DDD Haar Cascade + 
Decision Tree 

98.03 Slightly lower performance compared 
to the YOLO-Face pipeline. 

Proposed Study DDD SqueezeNet + 
ANN 

99.97 Best performance among classical ML 
classifiers using deep features. 

Proposed Study DDD SqueezeNet + 
RF 

99.78 Ensemble-based classifier with excellent 
performance. 

Proposed Study DDD SqueezeNet + 
SVM 

96.33 Competitive performance compared to 
earlier CNN-based approaches. 

5.3. Methodological Considerations and Limitations 

An important implication of these findings is that high fatigue-detection accuracy does 
not strictly require computationally intensive end-to-end deep learning models. Instead, com-
bining compact deep feature extractors with efficient classical machine learning classifiers can 
yield competitive performance while offering practical advantages for embedded vehicle sys-
tems.  

The evaluation was conducted using frame-wise cross-validation due to the absence of 
subject-level or video-level identifiers in the publicly available DDD dataset. Therefore, the 
reported results should be interpreted as a frame-level proof-of-concept evaluation of feature 
robustness rather than subject-independent generalization. This evaluation protocol is con-
sistent with prior studies using the same dataset and enables fair comparison under identical 
data constraints. 

Despite the promising results, several limitations remain. The dataset primarily consists 
of frontal facial images, and variations such as extreme head poses, the use of sunglasses, and 
low-light driving conditions may reduce classification performance. Furthermore, the analysis 
was performed on individual image frames rather than temporal sequences, meaning that dy-
namic fatigue indicators such as blink duration or yawning frequency were not explicitly mod-
eled. 

6. Conclusions 

This research introduced an efficient driver fatigue detection system that integrates 
SqueezeNet-based deep feature extraction with three supervised learning algorithms: ANN, 
RF, and SVM. When evaluated on a large, realistic driver dataset, the proposed system demon-
strated a strong ability to distinguish fatigue-related facial patterns. The ANN classifier 
achieved 99.97% accuracy, with RF producing results that were closely comparable. These 
findings indicate that compact convolutional feature extractors can capture critical facial 
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characteristics associated with driver fatigue without relying on large, computationally expen-
sive network architectures. The proposed framework is particularly suitable for future real-
time deployment in embedded vehicle systems, especially in environments with limited com-
putational resources. By combining lightweight deep feature embeddings with classical ma-
chine learning classifiers, the system can significantly reduce inference time while maintaining 
high classification accuracy. Future work will focus on extending the proposed framework by 
incorporating temporal modeling, multimodal inputs (such as steering behavior and physio-
logical signals), and domain adaptation techniques to improve robustness across diverse driv-
ing conditions and environmental contexts. These directions are expected to enhance further 
the adaptability and practical applicability of driver monitoring systems for modern transpor-
tation safety applications. 
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