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Abstract
Driver fatigue is a major contributor to traffic accidents, yet reliable early warning remains challenging under real-world and 
embedded constraints. This study presents a camera-only driver-fatigue detection pipeline that couples lightweight face track-
ing (MediaPipe) with a single Vision Transformer (ViT) classifier (≈86M parameters) to infer alert vs. drowsy states from 
facial cues. The model is trained on a multi-source dataset of ∼4,000 images aggregated from seven public fatigue datasets 
and evaluated on a held-out test split, achieving 95.0% accuracy, 93.8% F1-score, and ROC-AUC of 0.986. On Raspberry 
Pi 5, end-to-end inference runs at 55.6 ms/frame (18.0 FPS). Compared with a detection-driven YOLO baseline using the 
same labeling protocol and test split, the proposed ViT improves accuracy (95.0% vs. 93.2%) and ROC-AUC (0.986 vs. 
0.979) while trading throughput (18.0 vs. 28.0 FPS), clarifying the accuracy–latency balance for deployment. Real-world 
validation with 12 participants (22–47 years) across day and night sessions (∼9 hours total) shows high agreement with 
manual annotations (92.8%), supporting operational feasibility. By combining a single-backbone ViT inference pipeline with 
explicit embedded benchmarking, matched baseline comparison, and in-vehicle validation, the proposed system provides a 
deployment-oriented evaluation package for camera-only fatigue monitoring under embedded ITS constraints.
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Vision Transformer-Based Driver Fatigue Detection in Real-Time 
Embedded Systems
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1  Introduction

Driver fatigue is a major traffic-safety risk: sleep deprivation 
and mental fatigue reduce attention, slow perception, and 
prolong reaction time, thereby impairing hazard recognition 
and decision-making. These effects become particularly 
critical in monotonous settings such as long-distance and 
nighttime driving. NHTSA’s Traffic Safety Facts research 
note reports 633 fatalities in U.S. crashes involving drowsy 
drivers in 2023 [1], underscoring the need for reliable early-
warning monitoring under real-world conditions.

Among available sensing modalities, camera-based 
fatigue monitoring is especially attractive for in-cabin 
deployment because it is non-contact while directly captur-
ing facial indicators such as eyelid closure, blink dynamics, 
mouth opening, and head pose variation [2–4]. However, 
deployment-ready visual systems remain difficult to real-
ize in practice. Many high-performing studies rely on tem-
poral or multi-stage hybrids such as CNN–LSTM [5] and 
3DCNN–LSTM [6], which increase integration overhead 
and complicate embedded real-time execution. In addition, 
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maintaining an effective accuracy–latency balance under in-
vehicle compute, memory, and power constraints remains 
challenging [7], and models validated only under laboratory 
conditions may not transfer cleanly to real driving. More 
concretely, many prior fatigue-detection studies do not jointly 
report measurable deployment indicators such as model size, 
end-to-end on-device latency/FPS on a stated embedded plat-
form, and controlled baseline comparisons under identical splits, 
making embedded feasibility difficult to assess objectively.

Vision Transformers (ViT) provide a promising alternative 
because self-attention enables a single backbone to capture both 
local facial cues and longer-range dependencies without relying 
on multi-stage temporal fusion [8]. Motivated by this, we develop 
a ViT-based fatigue-detection pipeline operating on monocular 
facial images, designed for real-time embedded deployment, with 
a single-backbone classifier and lightweight face tracking. On a ∼
4,000-image multi-source dataset, the proposed model achieves 
95.0% accuracy, 93.8% F1-score, and 0.986 ROC-AUC, while 
running end-to-end at 55.6 ms/frame (18.0 FPS) on Raspberry 
Pi 5. Under the same split and binary labeling protocol, the pro-
posed ViT pipeline also outperforms a detection-driven YOLO 
baseline in accuracy (95.0% vs. 93.2%) and ROC-AUC (0.986 
vs. 0.979), although at lower throughput (18.0 vs. 28.0 FPS). 
Accordingly, the study emphasizes explicit embedded bench-
marking through model size reporting (≈86M parameters), end-
to-end Raspberry Pi  5 runtime, and direct comparison with a 
YOLO-based baseline under a matched protocol.

The main contributions of this work are threefold: (1) a 
camera-only, single-backbone ViT fatigue-detection pipeline 
with lightweight MediaPipe-based face tracking for real-time 
embedded deployment; (2) a harmonized multi-source data-
set of approximately 4,000 images from seven public data-
sets under a unified binary label space (alert vs. drowsy); 
and (3) explicit embedded benchmarking via Raspberry Pi 
5 deployment, a matched YOLO-based baseline comparison, 
and real-world in-vehicle validation with manual-annotation 
agreement analysis. Importantly, the contribution should be 
understood as a deployment-oriented system and evaluation 
contribution rather than as the proposal of a new transformer 
architecture or learning algorithm. By combining embedded 
ViT-based inference, justified binary label-space harmoniza-
tion, matched baseline evaluation, and in-vehicle validation 
within a single reproducible protocol, the study supports 
objective assessment of accuracy, latency, and operational 
feasibility for embedded intelligent transportation systems.

2  Literature Review

Existing driver-fatigue detection studies can be broadly 
grouped into three categories: physiological signal-based, 
vehicle behavior-based, and vision-based approaches. 

Because prior studies use different datasets, label defini-
tions, evaluation metrics, and hardware settings, the follow-
ing review is intended as a qualitative positioning of sensing 
modalities, model families, and deployment characteristics 
rather than a direct numerical ranking across papers.

Physiological methods, particularly EEG-based systems, 
have shown strong correlations between fatigue and spec-
tral changes. Lal and Craig [9] linked increased theta/delta 
activity with fatigue transitions, and strong performance 
has been reported within study-specific EEG protocols, for 
example, 94.3% in a multistage EEG analysis setting [10]. 
Continuous monitoring has also been explored in wearable 
settings [11]. Despite their effectiveness, electrode-based 
sensing and specialized hardware reduce user comfort and 
limit practical automotive deployment, motivating non-
invasive alternatives.

Vehicle behavior-based methods infer fatigue indirectly 
from driving dynamics such as lane deviation, steering vari-
ability, and pedal usage. Doudou et al. [12] reviewed vehicle-, 
video-, and physiology-based fatigue detection approaches 
and highlighted their trade-offs. Vehicle-based systems can 
operate in real time, for example, through wavelet features 
and ANN-based lane-deviation analysis [13], but they may 
remain sensitive to road geometry, traffic conditions, and 
other external factors. Vision-based approaches, by contrast, 
directly analyze facial cues such as blink behavior, eyelid 
closure, yawning, and head movement, making them espe-
cially suitable for in-cabin monitoring.

2.1  CNN-Based Visual Fatigue Detection

CNN-based pipelines and CNN–RNN extensions have 
dominated vision-based fatigue detection. Guo and Markoni 
[14], for example, reported 84.85% accuracy on NTHU 
using a CNN–LSTM model. More broadly, many prior 
visual systems rely on CNN backbones, CNN–RNN com-
binations, or multi-sensor fusion [15–17]. These approaches 
have produced competitive results, but they often depend 
on temporal fusion, auxiliary sensing, or multi-component 
processing pipelines.

2.2  Hybrid Architectures (CNN–LSTM / Multi-Stage / 
CNN–Transformer)

Hybrid designs typically combine multiple signals, process-
ing stages, or architectural blocks to improve performance. 
In physiological settings, for example, Sahayadhas et al. 
[18] reported up to 96.7% accuracy within a frequency-
based EEG/ECG/EMG setting, while Khushaba et al. [19] 
reported 95–97% using wavelet-derived EEG features 
and fuzzy-logic classification under their own evaluation 
protocol. In vision settings, hybrid CNN–Transformer or 



1 3

International Journal of Intelligent Transportation Systems Research

CNN–temporal pipelines combine convolutional locality 
with attention-based global context. Although effective, 
such designs generally increase sensing, preprocessing, and 
integration complexity. Importantly, many studies still do 
not report end-to-end deployment indicators such as param-
eters, FLOPs, latency, or FPS on the target device, which 
complicates fair embedded benchmarking. Since this work 
targets stable real-time execution on Raspberry Pi  5, we 
intentionally adopt a single-backbone ViT pipeline with 
a simpler inference path; hybrid variants remain relevant 
future directions when paired with embedded optimization 
or hardware acceleration.

2.3  Transformer-Based Approaches (ViT/attention)

Recent studies have explored transformer backbones for driver 
drowsiness detection to leverage global facial context through 
self-attention. Hassan et al. [6] reported a real-time trans-
former-based approach, Jarndal et al. [20] proposed a real-time 
ViT-based system with deployment-oriented considerations, 
and Azmi and Zaman [17] further examined ViT-based driver 
drowsiness detection. These studies suggest that transformer 
architectures can be competitive for visual fatigue analysis.

Taken together, the literature suggests five derived require-
ments for an embedded fatigue-detection system: (R1) non-
contact, camera-only sensing for practical in-cabin use; (R2) 
a low-complexity inference path that avoids physiological 
instrumentation and multi-stage or temporal-fusion overhead; 
(R3) explicit deployment reporting through measurable indi-
cators such as model size and device-level latency/FPS; (R4) 
evaluation under a unified label space with a matched base-
line protocol; and (R5) evidence beyond laboratory-only set-
tings. These requirements directly inform our design: R1 is 
addressed through a monocular image pipeline, R2 through a 
single-backbone ViT with lightweight MediaPipe face track-
ing, R3 through reporting both model size (≈86M parameters) 
and Raspberry Pi 5 runtime, R4 through harmonizing seven 
public datasets into a binary alert/drowsy label space and com-
paring against a YOLO baseline under the same split and eval-
uation protocol, and R5 through real-world in-vehicle testing 
with manual-annotation agreement analysis. Overall, unlike 
hybrid or transfer-heavy fatigue-detection pipelines, the pro-
posed method prioritizes architectural simplicity, deployment-
oriented embedded feasibility, and a reduced inference path.

3  Materials and Methods

This section describes the datasets, preprocessing and label-
ing strategy, ViT-based model design, training protocol, 
and real-time embedded integration used for driver-fatigue 
detection.

3.1  Datasets

We analyzed seven open-access driver-fatigue datasets: 
YawDD, NTHU Drowsy Driver, UTA-RLDD, Kaggle 
Drowsiness Detection, DROZY, DFAT, and EyeClose-Vid-
eos [21–27]. These sources include both image data and 
video data converted through frame extraction and were 
inspected for data size, resolution, label quality, and facial 
visibility. Because the proposed model operates on single-
frame inputs, we selected approximately 4,000 suitable 
samples from the seven datasets and mitigated class imbal-
ance through balanced sampling to obtain an approximately 
balanced two-class set (drowsy vs. alert) across sources. 
Samples were obtained either directly from labeled images 
or from videos at fixed intervals. A compact dataset-level 
overview is provided in Supplementary Table 6.

The seven public datasets cover heterogeneous view-
points, illumination conditions, and subject appearance; 
however, most do not consistently report demographic 
metadata (e.g., age, ethnicity) or detailed behavioral con-
text, which prevents fine-grained demographic stratification 
using public annotations alone. To partially address this 
limitation, we report the characteristics of our real-world 
cohort (12 participants, 22–47 years; day/night driving) and 
explicitly discuss low-light operation as a key limitation for 
camera-only systems. Accordingly, the aggregated data-
set includes both daylight/indoor and lower-light scenes, 
although low-light labels are not uniformly available across 
sources.

Low-resolution facial images collected from university 
student volunteers were used only for embedded real-time 
testing; no personal data or biometric records were col-
lected, and ethical committee approval was not required.

3.2  Data Preprocessing and Labeling

To ensure consistency across sources, all images were 
converted to RGB, resized to the ViT input resolution 
(224 × 224), and normalized using the standard ViTIm-
ageProcessor associated with the selected google/
vit-base-patch16-224 model. This step applies 
the model-specific pixel-value scaling and channel-wise 
normalization expected by the pre-trained ViT backbone. 
Separate brightness/contrast jitter was used only as data 
augmentation during training and was not treated as the nor-
malization procedure itself.

We initially defined fine-grained labels such as “eyes 
closed/open,” “head down/up,” and “mouth open/closed.” 
However, this granularity did not yield stable gains because: 
(i) several fine-grained states were severely underrepre-
sented, and (ii) single-frame ambiguity between adjacent 
states (e.g., brief blinks vs. sustained closure, transient head 
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movements vs. sustained drowsiness) increased label noise 
and inter-class overlap. In addition, fine-grained definitions 
were not fully consistent across the merged public datasets, 
reducing inter-source coherence. Therefore, we adopted a 
binary labeling scheme (drowsy vs. alert) aligned with the 
practical early-warning objective and more stable training 
under heterogeneous sources. The effect of this label-granu-
larity decision is quantified in Section 4 (Experiment 3) by 
comparing behavior before and after label refinement.

3.3  Model Architecture—Vision Transformer (ViT)

The core model is a Vision Transformer (ViT) classifier 
(Fig. 1). In our implementation, we used the Hugging Face 
google/vit-base-patch16-224 configuration 
(224×224 RGB) with 12 encoder layers. Input images are 
divided into fixed-size patches, embedded with positional 
information, and processed by the Transformer encoder; the 
final [CLS] representation is mapped to a binary prediction 
(alert vs. drowsy) by an MLP head. The model was opti-
mized with AdamW, trained with binary cross-entropy, and 
exported to ONNX for embedded inference.

We initialized the network with ImageNet pre-trained 
weights and fine-tuned it on the prepared fatigue dataset 
to improve generalization under limited task-specific data. 
Although smaller ViT variants may offer lower memory use 
and latency, ViT-Base was selected to maintain sufficient 
representation capacity for the heterogeneous multi-source 
corpus; combined with MediaPipe-based face cropping and 
ONNX deployment, this choice remained compatible with 
real-time Raspberry Pi 5 operation. The model configura-
tion corresponds to ViT-Base (ViT-B/16) and is summarized 
in Table  1: 196 patches (14 × 14), embedding dimension 
768, 12 encoder layers with 12 attention heads, MLP dimen-
sion 3072, and ∼86M parameters.

3.4  Feature Extraction and MediaPipe Integration

For efficient real-time operation, we use a two-stage 
pipeline. First, MediaPipe Face Detection (BlazeFace; 
model_selection=0) localizes the facial ROI, reduc-
ing background clutter and unnecessary computation. The 
detected face is then cropped using the relative bounding 
box, converted to RGB, resized to 224 × 224, and normal-
ized with the same ViTImageProcessor-based prepro-
cessing used during training. The processed crop is passed to 
the exported ONNX model for inference via ONNX Runtime 
on Raspberry Pi 5.

This design focuses inference on the facial ROI rather than 
the full frame, improving efficiency under embedded con-
straints. MediaPipe landmarks were retained only for optional 
diagnostics or simple rule-based checks, while the final alert/
drowsy decision was produced by the ViT classifier.

3.5  Model Training

The compiled dataset was partitioned into training, vali-
dation, and test subsets. The Vision Transformer model 

Table 1  ViT hyperparameter configuration
Feature Value
Patch size 16×16
Input size 224×224 RGB
# patches 14×14=196
Embed dim. 768
Layers 12
Heads 12
Hidden size 768
MLP dim. 3072
Params ∼86M
Pre-training IN-21k → IN-1k

Fig. 1  Architectural structure of the 
Vision Transformer model
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was trained using AdamW with a batch size of 32, an ini-
tial learning rate of 1 × 10−4, dropout of 0.1, and weight 
decay of 1 × 10−4 under a fixed random seed of 42. To 
improve optimization stability, the learning rate was sched-
uled using ReduceLROnPlateau with a reduction factor of 
0.1, patience of 3 epochs, and a minimum learning rate of 
1 × 10−6. Training was run for up to 20 epochs with early 
stopping based on validation loss (patience = 5), and the 
final reported test result for each experiment was obtained 
from the checkpoint selected by the lowest validation loss.

Final model training was implemented in TensorFlow 
with NVIDIA GPU support, whereas PyTorch was used 
during the prototyping stage. Detailed optimizer, scheduler, 
and reproducibility settings are reported in Supplementary 
Table  8. A compact summary of the hardware platform, 
device operating system, and software-library versions used 
for both training and embedded inference is provided in 
Supplementary Table 9.

3.6  Real-Time System and Hardware Integration

We integrated the proposed model into an in-vehicle pro-
totype built on Raspberry Pi 5, using a dashboard-mounted 
wide-angle camera to preserve facial visibility across typi-
cal head poses. For portability, the system was powered by 
a 5  V/3 A power bank. A Python-based application cap-
tures video frames via OpenCV, performs face detection 
using MediaPipe, and executes the exported ONNX model 
through ONNX Runtime on Raspberry Pi 5. The application 
is launched automatically at boot via a startup script.

During testing, system status was monitored remotely 
via SSH, and the Raspberry Pi was connected to the vehi-
cle audio system over Bluetooth to deliver warning sounds 
through the speakers. When fatigue is detected, the system 
triggers an audible alarm and maintains the warning while 
drowsy predictions persist, using simple temporal thresh-
olding to reduce nuisance alarms. Figure 2 shows the exter-
nal casing and internal hardware layout of the prototype.

All components were optimized for real-time operation 
under Raspberry Pi resource constraints through resolution 
control and runtime-level optimization where applicable. 
The resulting prototype functions as a standalone embed-
ded device using only camera input and does not require an 
external server. For clarity, TensorFlow/PyTorch was used 
during model development, whereas the embedded deploy-
ment pipeline on Raspberry Pi 5 used OpenCV, MediaPipe, 
Python, and ONNX Runtime.

4  Results and Discussion

This section reports (i) model experiments conducted during 
development, (ii) prototype integration and real-world tests, 
and (iii) an overall discussion of strengths and limitations.

4.1  Model Experiments and Ablation Validation

We conducted three controlled experiments as an ablation-
style validation to identify a model that generalizes reli-
ably while remaining feasible for embedded deployment. 

Fig. 2  External casing and internal 
hardware layout of the embedded 
in-vehicle prototype
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Specifically, the study isolates the effect of: (i) adding an 
auxiliary graph-attention branch, (ii) removing this auxil-
iary branch while retaining fine-grained labels, and (iii) 
preserving the same ViT backbone while refining the label 
space to a balanced binary alert/drowsy scheme.

In Experiment  1, we evaluated a hybrid ViT+Graph 
Attention Network (GAT) configuration, in which Medi-
aPipe facial landmarks were represented as a graph to cap-
ture structural relationships among facial regions. Although 
the model converged rapidly on the training set, reaching 
training accuracy above 95%, validation accuracy fluctu-
ated and remained consistently below training performance, 
indicating overfitting and unstable generalization (Fig. 3). 
The auxiliary branch also increased integration complexity 
and runtime overhead, which is undesirable for real-time 
embedded deployment.

In Experiment  2, we simplified the pipeline to a pure 
ViT classifier without any auxiliary network. This reduced 
architectural complexity and improved overall consistency 
compared with Experiment  1; however, a non-negligible 
train–validation gap and occasional validation instability 
were still observed (Fig.  4). These results suggested that 
architecture simplification alone was insufficient and that 
the learning target itself required refinement.

In Experiment 3, we retained the same ViT architecture 
but revised the labeling strategy from fine-grained states to 
a balanced binary scheme (alert vs. drowsy). This refine-
ment better matches the practical early-warning objective 
and improves label consistency across data sources. After 
label refinement, the training and validation curves became 
substantially more stable (Fig. 5), and the model achieved 
the strongest and most consistent performance among the 
three experiments. Table 2 reports validation accuracy and 

test accuracy at the checkpoint selected by the lowest vali-
dation loss for each experiment.

Taken together, these ablation results show that removing 
the auxiliary GAT branch and adopting a balanced binary 
label space improve both training stability and test perfor-
mance, supporting the selection of the final single-backbone 
ViT design for embedded deployment.

To provide an explicit embedded benchmark, we report 
the model size of the final ViT configuration (≈86M param-
eters), its end-to-end Raspberry Pi 5 latency/FPS, and direct 
comparisons with a YOLO-based baseline and a lightweight 
MobileNetV2 baseline under the same evaluation settings. 
The overfitting observed in the ViT+GAT setting is attrib-
uted mainly to the limited information content of the facial-
landmark graph relative to appearance cues and to the added 
optimization difficulty of the auxiliary branch. For these 
reasons, we prioritized the single-backbone ViT pipeline 
as the most stable and practically deployable solution. To 
further assess embedded accuracy–efficiency trade-offs, we 
additionally evaluated post-training INT8 quantization on 
the same held-out test split and Raspberry Pi 5 setup (Sup-
plementary Table 7) and repeated the experiments over five 
random seeds, reporting accuracy, F1-score, and ROC-AUC 
as mean ± standard deviation (Supplementary Table 10).

4.2  Prototype Integration and Real-Time Tests

We integrated the refined ViT model into the embedded 
prototype and evaluated it in a real vehicle across daytime/
nighttime sessions, multiple drivers, and diverse road types 
(urban/highway). The system ran continuously on Rasp-
berry Pi 5 and monitored the driver’s face via the on-board 
camera. Figure 6 shows the in-vehicle setup and a snapshot 
of system operation.

Fig. 3  Training and validation loss/accuracy curves for the ViT+GAT model. Training stopped early at epoch 14, while the checkpoint selected for 
evaluation corresponded to the lowest validation loss at epoch 9
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Because missed-fatigue cases are safety-critical, we 
report accuracy, precision, recall, F1-score, and ROC-
AUC. Table 3 compares the proposed ViT pipeline with a 
lightweight MobileNetV2 classifier and a YOLO-based 

detection-driven baseline under the same face-crop input, 
binary label space, and evaluation split. MobileNetV2 pro-
vides the highest throughput (31.5 FPS) and YOLO also 
remains faster than ViT (28.0 FPS), whereas the proposed 
ViT achieves the strongest classification performance over-
all, including the highest ROC-AUC (0.986) and drowsy-
class sensitivity of 94.6%.

Figure  7 presents a representative confusion matrix of 
the ViT classifier on the held-out test split. Because Table 3 
reports classification performance as mean ± standard devi-
ation over repeated runs, the confusion matrix is presented 
for qualitative error analysis rather than as an exact numeri-
cal reconstruction of the averaged metrics. We further ana-
lyze ROC and PR curves to assess threshold-dependent 

Table 2  Ablation-style validation experiments used to select the final 
embedded-feasible model design. Each experiment was trained for up 
to 20 epochs, with early stopping based on validation loss. Validation 
and test accuracy are reported at a single checkpoint selected by the 
lowest validation loss
Exp. Setup Selected 

epoch
Val. 
(%)

Test 
(%)

Exp1 ViT+GAT hybrid Ep9 93.33 91.20
Exp2 Pure ViT, fine-grained labels Ep10 93.17 92.85
Exp3 Pure ViT, balanced binary 

labels
Ep18 96.75 95.00

Fig. 5  Training and validation loss/accuracy curves for the final pure ViT model with balanced binary labels. Label refinement yields the most 
stable convergence among the three evaluated settings

 

Fig. 4  Training and validation loss/accuracy curves for the pure ViT model with fine-grained labels. Removing the auxiliary GAT branch improves 
stability, although a residual train–validation gap remains
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discrimination. Figure 8 reports ROC-AUC values of 0.986 
(ViT) and 0.979 (YOLO), and Fig.  9 presents the corre-
sponding precision–recall curves.

For real-world evaluation, 12 participants (22–47 years) 
drove in both daytime and nighttime sessions, totaling 
approximately 9 hours of video. In prototype operation, 
the alert logic was triggered when eye closure persisted for 
more than 2 s. Yawning-related cues were observed during 
manual review, but they were not used as a separate hard 
threshold in the prototype alert logic. System outputs were 
verified by manual annotation, and the protocol summary is 
given in Table 4. To quantify illumination effects, Table 5 
further reports manual-annotation agreement stratified 
by daytime and nighttime, together with 95% confidence 
intervals. As expected, nighttime agreement is lower due to 
reduced cue visibility, while the confidence intervals make 
the uncertainty explicit and the overall agreement remains 
92.8%.

Table 3  Head-to-head comparison of the proposed ViT, MobileNetV2, and YOLO baselines on Raspberry Pi 5. Classification metrics, latency, and 
FPS are reported as mean ± standard deviation across repeated runs, whereas Params (M) is reported as a fixed model property
Metric ViT MNetV2 YOLO
Accuracy (%) 95.0 ± 0.2 92.2 ± 0.3 93.2 ± 0.3
Precision (%) 93.2 ± 0.3 90.5 ± 0.3 91.6 ± 0.3
Sensitivity/Recall (%) 94.6 ± 0.3 91.8 ± 0.3 92.2 ± 0.3
F1-score (%) 93.8 ± 0.3 91.0 ± 0.3 91.9 ± 0.3
ROC-AUC 0.986 ± 0.002 0.951 ± 0.003 0.979 ± 0.002
Params (M) 86.0 3.5 7.2
FPS 18.0 ± 0.2 31.5 ± 0.3 28.0 ± 0.3
Latency (ms/frame) 55.6 ± 0.7 31.7 ± 0.4 35.7 ± 0.5

Fig. 8  ROC curves on the held-out 
test split comparing the proposed 
ViT pipeline and the YOLO-based 
baseline (ROC-AUC: 0.986 vs. 
0.979)

 

Fig. 7  Confusion matrix of the proposed ViT classifier on the held-out 
test split (drowsy vs. alert)

 

Fig. 6  The prototype device facing 
the driver in the vehicle and a 
snapshot of the system’s operation 
while the vehicle is in motion
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Overall, the proposed ViT pipeline remains embedded-
feasible (Table 3) and performs robustly under real driving, 
with low missed-fatigue and high manual agreement. Most 
false alarms were associated with benign behaviors such as 
frequent blinking or brief mirror-check head movements; 
mitigation strategies are discussed in Section 4.4. Low-light/
night conditions remain a key limitation for camera-only 
operation, and practical mitigation directions include IR/NIR 
imaging and illumination-aware training. While we did not 
run a formal user study, frequent false alarms may still cause 
alarm fatigue; production systems should therefore incorpo-
rate conservative thresholds, temporal confirmation, alert-
rate limiting (cooldowns), and optional personalization.

4.3  System Strengths

The prototype demonstrates practical feasibility for real-
time, in-vehicle fatigue monitoring. The end-to-end pipeline 
runs on Raspberry Pi 5 with timely alert delivery through 
the vehicle audio system. Robust facial ROI acquisition 
is maintained under natural head-pose variation using the 

wide-angle camera and MediaPipe tracking, while auto-
mated startup and remote monitoring support integration-
oriented testing across drivers and scenarios.

For deployment, privacy-preserving operation is essen-
tial. The proposed system supports on-device inference with-
out routine raw-video storage or cloud transmission. Where 
diagnostic recordings are required, anonymization, access 
control, and explicit consent should be applied. Because 
commercial driver-monitoring systems typically rely on 
proprietary datasets and undisclosed protocols, direct prod-
uct-level benchmarking is not feasible; instead, we provide 
reproducible evidence through embedded runtime, matched 
baseline comparison, and real-world validation.

4.4  System Limitations

The present results also make the prototype’s main limitations 
more concrete. First, the real-world evaluation remains lim-
ited in scale, comprising 12 participants and approximately 
9 hours of driving data. Second, illumination sensitivity is 
measurable: manual-annotation agreement decreases from 
93.5% in daytime driving to 91.0% at night, although the 
overall agreement remains 92.8% (Table 5). Third, nuisance 
alerts are still possible. Across five evaluation runs on the 
held-out test split, the proposed ViT achieved 93.2 ± 0.3% 
precision and 94.6 ± 0.3% sensitivity/recall for the drowsy 
class (Table  3), indicating relatively few missed-fatigue 
cases overall, although false alarms can still arise during 
benign behaviors such as frequent blinking or brief mirror-
check head movements. Finally, although the embedded 
runtime of 55.6 ms/frame (18.0 FPS) on Raspberry Pi 5 is 
real-time, it leaves less throughput margin than lighter base-
lines such as MobileNetV2 (31.5 FPS) and YOLO (28.0 
FPS). Taken together, these results indicate that low-light 
robustness, false-alarm mitigation, broader real-world vali-
dation, and further deployment optimization remain impor-
tant next-step priorities before production-level integration.

Table 4  Test scenario details
Test Parameter Value
Number of participants 12
Age range 22–47
Total recording duration ∼9 h
Day/night sessions Both
Operational alert criteria Eye closure > 2 s
Manual-annotation agreement 92.8%

Table 5  Real-world evaluation protocol and manual-annotation agree-
ment, stratified by illumination condition, with 95% confidence inter-
vals
Condition Agreement (%) 95% CI N
Daytime 93.5 [90.6–95.5] 390
Nighttime 91.0 [85.3–94.6] 150
Overall 92.8 [90.3–94.7] 540

Fig. 9  Precision–recall curves 
on the held-out test split for the 
proposed ViT pipeline and the 
YOLO-based baseline
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5  Conclusion

This work presented a camera-only, real-time driver-fatigue 
detection pipeline for embedded deployment using a single 
Vision Transformer (ViT) classifier with lightweight face 
tracking. On a multi-source dataset of ∼4,000 images from 
seven public datasets, the model achieved 95.0% accu-
racy, 93.8% F1-score, and 0.986 ROC-AUC. On Raspberry 
Pi  5, the end-to-end pipeline operated at 55.6  ms/frame 
(18.0 FPS). Under the same split and binary labeling pro-
tocol, the proposed method outperformed a YOLO-based 
baseline in both accuracy (95.0% vs. 93.2%) and ROC-
AUC (0.986 vs. 0.979), while operating at lower throughput 
(18.0 vs. 28.0 FPS). Real-world evaluation with 12 partici-
pants across day/night driving scenarios (∼9 hours) yielded 
92.8% agreement with manual annotations.

These findings position the work as a deployment-ori-
ented system and evaluation contribution rather than as a 
new transformer architecture or learning algorithm. Its main 
value lies in jointly integrating embedded ViT-based infer-
ence, justified binary label-space harmonization, matched 
baseline benchmarking, and in-vehicle validation within 
a reproducible evaluation setting for embedded intelligent 
transportation systems.

The results suggest that a simpler inference path and a 
harmonized binary label space can improve generalization 
while remaining feasible for embedded deployment. The 
prototype also supports privacy-preserving in-cabin moni-
toring through on-device inference without routine cloud 
processing or raw-video transmission. The main limita-
tions are reduced robustness under low-light conditions, 
occasional false positives during benign driver behaviors, 
and the limited scale of real-world validation. Future work 
will focus on illumination-aware training, IR/NIR support, 
lightweight temporal stabilization, and broader real-world 
testing before production-level use.

Appendix A Supplementary Material

We performed post-training INT8 quantization on the 
final ViT-B/16 model after training convergence. The quan-
tized model was evaluated on the same held-out test split, 
preprocessing pipeline, binary label space distinguishing 
alert and drowsy states, and Raspberry Pi 5 runtime setup 
used in the main manuscript.

Table 6  Compact overview of the seven public datasets used in this study
Dataset Type Key characteristics
YawDD Vid. In-vehicle fatigue/yawning cues; frame extraction; facial visibility screening.
NTHU Vid. Heterogeneous fatigue behaviors; viewpoint/illumination diversity.
UTA-RLDD Vid. Realistic RGB driving data; screened for single-frame suitability.
Kaggle DD Img. Close-up fatigue cues; mixed acquisition conditions.
DROZY Multi. Controlled drowsiness recordings; visual component only.
DFAT Img./Frm. Heterogeneous fatigue samples; binary relabeling-compatible subset used.
EyeClose-Videos Vid. Eye-closure-centered cues; usable frames retained.

Table 7  Post-training INT8 quantization results for ViT-B/16 on Raspberry Pi 5
Model Format Acc. F1 AUC MB ms FPS
ViT-B/16 FP32 95.0 93.9 0.986 330–345 55.6 18.0
ViT-B/16 INT8 94.5 93.3 0.983 85–95 42.0 23.8
Note: The FP32 row reports the selected final checkpoint used for the FP32-versus-INT8 comparison, whereas Tables 3 and A5 report mean ± 
standard deviation over five fixed random seeds
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Table 8  Training hyperparameters and reproducibility settings
Setting Value
Random seed 42
Optimizer AdamW
Initial learning rate 1 × 10−4

β1
0.9

β2
0.999

ϵ 1 × 10−8

Weight decay 1 × 10−4

Batch size 32
Dropout 0.1
Scheduler type ReduceLROnPlateau
Scheduler parameters factor = 0.1, patience = 3, min_lr = 1 × 10−6

Early stopping patience 5
Maximum epochs 20
Checkpoint selection Best validation loss
Final training framework TensorFlow
Prototyping framework PyTorch

Table 9  Hardware, OS, and software environment used for training and embedded inference
Stage Hardware / OS Software versions
Training Intel Core i9-12900K, NVIDIA RTX 3090, 64 GB RAM, Ubuntu 22.04 

LTS
TensorFlow 2.13, CUDA 11.8, cuDNN 
8.6, Python 3.10

Prototyping Intel Core i7-12700H laptop, 32 GB RAM, Ubuntu 22.04 LTS PyTorch 2.1, Python 3.10
Embedded inference Raspberry Pi 5 (8 GB RAM), Raspberry Pi OS 64-bit (Bookworm) ONNX Runtime 1.17.1, OpenCV 4.8.0, 

MediaPipe 0.10.14, Python 3.11.2
Input device Raspberry Pi Camera Module 3 Wide RGB face crop, 224 × 224 input

Table 10  Repeated evaluation under five fixed random seeds for the ViT, MobileNetV2, and YOLO models on the same held-out test split. Seed 
rows report raw results; the Overall row reports mean ± standard deviation across the five runs
Model Seed Acc. (%) F1 (%) AUC
ViT 42 94.8 93.6 0.985
ViT 123 95.1 94.0 0.987
ViT 256 94.9 93.8 0.986
ViT 512 95.3 94.2 0.988
ViT 1024 94.7 93.5 0.984
ViT Overall 95.0 ± 0.2 93.8 ± 0.3 0.986 ± 0.002
MobileNetV2 42 92.1 90.9 0.949
MobileNetV2 123 92.4 91.2 0.953
MobileNetV2 256 92.0 90.8 0.948
MobileNetV2 512 92.5 91.3 0.954
MobileNetV2 1024 91.9 90.7 0.951
MobileNetV2 Overall 92.2 ± 0.3 91.0 ± 0.3 0.951 ± 0.003
YOLO 42 93.1 91.8 0.978
YOLO 123 93.4 92.1 0.980
YOLO 256 93.0 91.7 0.977
YOLO 512 93.5 92.2 0.981
YOLO 1024 92.9 91.6 0.977
YOLO Overall 93.2 ± 0.3 91.9 ± 0.3 0.979 ± 0.002
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