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ABSTRACT

Driver fatigue is a leading cause of road accidents worldwide, contributing to an estimated 20% of all traffic
fatalities. Existing single-modality detection systems, which primarily rely on visual cues like eye closure, suffer
from poor robustness under real-world conditions (e.g., low lighting, occlusions) and high false-positive rates
due to a lack of personalization. This paper presents IntelliDrive+, a novel multi-modal fatigue detection
system that integrates visual, vocal, and vehicle behavioral data to achieve accurate, real-time driver state
monitoring. The system employs a hybrid deep learning architecture combining Vision Transformers (ViTs) for
global spatial feature extraction and Convolutional Neural Network-Long Short-Term Memory (CNN-LSTM)
networks for temporal sequence modeling. A key contribution is an adaptive online learning module that
personalizes detection thresholds to individual driver baselines, significantly reducing false alarms.
Implemented on resource-constrained edge devices (NVIDIA Jetson Nano), the prototype achieves 94%
classification accuracy, an average latency of 200 ms, and an 85% user-perceived alert relevance rate. This
work establishes a robust, scalable framework for intelligent, human-centered fatigue monitoring, advancing
both road safety and personalized well-being.

Keywords— Driver Fatigue Detection, Multi-Modal Fusion, Vision Transformers, CNN-LSTM, Edge
Computing, Adaptive Alert System, Intelligent Transportation Systems.

I.INTRODUCTION 2. RELATED WORK

Early driver fatigue detection focused on intrusive
physiological measures like EEG and ECG, which,
while accurate, are impractical for consumer
vehicles. The research community subsequently
shifted to vision-based methods, establishing
PERCLOS as a gold standard metric. With the
advent of deep learning, Convolutional Neural
Networks (CNNs) achieved high accuracy in eye-
state classification. However, literature consistently
documents a "robustmess problem" with vision-only
systems, where performance degrades due to
lighting changes, occlusions, and individual
differences in facial features [1].

Global transportation safety is critically threatened by
driver fatigue. According to the World Health
Organization (WHO), approximately 1.3 million people
die annually from road traffic crashes, with drowsy
driving responsible for up to 20% of these incidents.
Unlike mechanical failures, fatigue-related accidents
often lack evasive maneuvers, resulting in severe
outcomes. Traditional countermeasures, such as
regulated driving hours, are insufficient for real-time
intervention.

Existing driver monitoring systems predominantly rely
on a single modality, most commonly computer vision-
based techniques that track metrics like PERCLOS
(Percentage of Eyelid Closure). While non-intrusive,
these vision-only  systems are vulnerable to

10 overcome these limitations, researchers have
explored sensor fusion. Studies have shown that
combining visual data with physiological signals
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environmental factors (poor lighting, sunglasses) and
individual physiological variances, leading to high
false-positive rates that cause users to disable the safety
feature. This "trust gap" highlights the need for a more
holistic and robust solution.

This paper introduces IntelliDrive+, a multi-modal
fatigue detection and adaptive alert system. It integrates
diverse data streams—visual (facial landmarks, head
pose), vocal (tone, pitch), and vehicle behavioral
(steering, speed) patterns—to create a context-aware
monitoring framework. By leveraging advanced deep
learning architectures, including Vision Transformers
(ViTs) and hybrid CNN-LSTM networks, combined with
an adaptive online learning mechanism, IntelliDrive+
provides accurate, personalized, and low-latency
fatigue detection suitable for real-world edge
deployment.

3.PROPOSED SYSTEM: INTELLIDRIVE+

IntelliDrive+ is designed as a modular, end-to-end system
for real-time driver fatigue detection, as illustrated in the
system architecture (Fig. 1). The core pillars of the
proposed solution are:

1. Multi-Modal Sensor Fusion: The system ingests
and synchronizes data from a driver-facing camera
(visual), a microphone (audio), and vehicle
interfaces (behavioral).

2. Advanced Deep Learning: A hybrid architecture
uses a ViT for spatial feature extraction from video
frames and an LSTM for temporal sequence
modeling of fatigue indicators. Feature vectors are
concatenated in a fusion layer for final
classification.

3. Adaptive Personalization: An online learning
module calibrates detection thresholds to an
individual driver's baseline (e.g., normal blink
rate, eye shape) during an initial 300-frame
calibration phase, minimizing false alarms.

4. Edge Computing Optimization: Models are
quantized to INT8/FP16 precision and optimized
using TensorRT, enabling low-latency (<200ms)
inference on edge devices like the NVIDIA Jetson
Nano.
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(e.g., from wearables) or vehicle telemetry improves
detection robustness [2]. Recent surveys in
Intelligent Transportation Systems (ITS) advocate
for hybrid systems. More recently, Vision
Transformers (Vils) [3] have emerged as a powerful
alternative to CNNs, demonstrating superior ability
to capture global dependencies in images, which is
valuable for understanding overall facial context.
Despite these advancements, critical gaps remain,
including the lack of practical multi-modal fusion
frameworks  optimized  for edge devices,
underutilization of vocal biomarkers, and an
absence of adaptive personalization mechanisms.

A. Feature Extraction

Key physiological and behavioral metrics are
computed from the raw data:

e Eye Aspect Ratio (EAR): EAR = (||p2-p6|| +
lIp3-p5l) / (2 * |pl-p4|]) calculates eye
openness. A low EAR sustained over
consecutive frames indicates eye closure.

e Mouth Aspect Ratio (MAR): MAR = (||p2-
pP3ID) / (|lp1-p4||) measures mouth openness,
where a high MAR indicates a yawn.

o Head Pose Estimation: Monitors pitch, yaw,
and roll angles to detect nodding or
inattention.

B. Adaptive Alert Mechanism

The system employs a multi-tier alert strategy
based on the classified fatigue level (Alert,
Mild Fatigue, Drowsy). Alerts escalate from
gentle voice prompts and visual GUI
warnings to critical audible alarms. Context-
aware recommendations, such as suggesting
nearby rest stops using GPS data, are also
provided to proactively manage driver safety.
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INTELLIDRIVE+ SYSTEM ARCHITECTURE
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4. METHODOLOGY AND IMPLEMENTATION e  NVIDIA Jetson Nano: 128-core Maxwell GPU,

4GB LPDDR4 RAM, ARM Cortex-A57 CPU.

A. Dataset Collection and Preparation This platform provides GPU acceleration for

A hybrid approach to data collection was employed to ensure deep learning inference.

diversity and robustness. o Raspberry Pi 4: 4GB RAM, Quad-core ARM
Public Datasets: Two standard public datasets were used as the Cortex-A72 CPU (no GPU acceleration for deep
foundation: learning). This platform represents a lower-cost,

CPU-only deployment scenario.
e NTHU-DDD (National Tsing Hua University Driver

Software Stack: The impl. tati d Python 3.10
Drowsiness Detection Dataset): Contains videos of 18 oftware Stac ¢ tmpementation used £ yinon @

the primary programming language. Key libraries

subjects performing various actions (normal driving, included:

yawning, slow blinking, eye closure) under different

lighting conditions (daylight, night, twilight) and with * OpenCV 4.8.0: Video capture, frame
different camera angles. manipulation, and image processing

o MediaPipe 0.10.0: Facial landmark detection

o YawDD (Yawning Detection Dataset): Focuses
(X & ) (468 points) and face mesh generation

specifically on yawning videos from multiple subjects,
with variations in gender, ethnicity, and facial hair. o TensorFlow 2.13.0: Model training and

j Te ‘Flow Lit Raspb Pi
Custom Data Collection: To supplement the public datasets and inference (TensorFlow Lite for Raspberry Pi)

address specific gaps (e.g., diverse facial morphologies, real- o TensorRT 8.5: GPU-accelerated inference on
world lighting challenges), custom data was collected using a Jetson Nano
driving simulator. Ten subjects (5 male, 5 female, age range 22-

e PyAudio 0.2.11: Real-time audio capture
45) participated in simulated driving sessions lasting 30-60

minutes, with self-reported fatigue levels recorded at regular * Librosa 0;1 0.0: Vocal feature extraction
intervals. The simulator included realistic driving scenarios (MFCCs, pitch, energy)
(highway, city, night) and secondary tasks to induce varying o pyttsx3 2.90: Text-to-speech for audio alerts

fatigue levels.
o Tkinter: Desktop GUI development
Data Preprocessing: All video frames were resized to 640x480

ixels to bal detail and ] iency. F
pixels 1o balance detail and processing efficiency. Frames were and algorithm prototyping, a desktop system with Intel

normalized to the range [0,1] and augmented using random Core i7 CPU. 32GB RAM. and NVIDIA RTX 3060 GPU
brightness adjustments (£20%), slight rotations (£5 degrees), (12GB VRA M) was used ’

and horizontal flips (for symmetry). Audio data was resampled

to 16 kHz and segmented into 30-millisecond windows with 10- ~ D. Evaluation Metrics

millisecond overlap for MFCC extraction. Vehicle telemetry was — The system was evaluated using four categories of
resampled to match the video frame rate (30 Hz) using linear metrics:

interpolation.

Desktop Development Environment: For model training

Detection Performance Metrics:

B. M Traini
odel Training e  Accuracy: Overall proportion of correct

classifications (True Positives + True Negatives)
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Training Configuration: The hybrid ViT-CNN-LSTM model
was implemented using TensorFlow 2.13 with Keras APIL. The
ViT component was initialized with pre-trained weights from
ImageNet (transfer learning) and fine-tuned on the fatigue
dataset. The CNN backbone (MobileNetV2) was similarly pre-
trained and fine-tuned. The LSTM layers (128 units, 2 layers)
and dense layers (256 units, then 128 units, then output) were
trained from scratch.

The dataset was split into 70% training, 15% validation, and
15% testing. Five-fold cross-validation was employed to ensure
robustness and prevent overfitting. Training used the Adam
optimizer (learning rate 0.0001, f1=0.9, p2=0.999) with
categorical cross-entropy loss. Batch size was 32, and training
continued for up to 50 epochs with early stopping (patience of 5
epochs) based on validation loss.

Model Optimization for Edge Deployment: The trained model
was optimized for inference on resource-constrained edge
devices using two complementary techniques:

1. Quantization: Model weights were converted from 32-
bit floating point (FP32) to 16-bit floating point
(FP16) and then to 8-bit integer (INTS) using post-
training quantization. INTS quantization reduced
model size by approximately 75% (from 150MB to
38MB) with minimal accuracy loss (<1%
degradation).

2. TensorRT Conversion: The quantized model was
converted to NVIDIA TensorRT format, which applies
layer fusion, kernel auto-tuning, and GPU-specific
optimizations. TensorRT inference was 3-5x faster than
the native TensorFlow model on the Jetson Nano.

C. Hardware and Software Implementation

Target Edge Platforms: The system was deployed and tested on
two representative edge devices:

5.EXPERIMENTAL RESULTS AND
EVALUATION

The IntelliDrive+ prototype was evaluated based on detection
performance, system latency, and user acceptance.

A. Detection Performance

The system achieved a classification accuracy of 94% on the
test dataset. The adaptive personalization module reduced false
positive rates by approximately 30% compared to a non-
personalized threshold-based system, particularly for users with
non-standard facial features.

B. Real-Time Performance

End-to-end latency (from frame capture to alert trigger)
averaged 200 ms, meeting the real-time requirement for in-
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/ Total Samples

Precision: True Positives / (True Positives +
False Positives) — critical for minimizing false
alarms

Recall (Sensitivity): True Positives / (True
Positives + False Negatives) — critical for not
missing actual fatigue

FI1-Score: Harmonic mean of precision and
recall: 2 x (Precision % Recall) / (Precision +
Recall)

Real-Time Performance Metrics:

Frame Rate (FPS): Number of frames processed
per second

End-to-End Latency: Time from frame capture
to alert generation (milliseconds)

Memory Usage: Peak and average RAM
consumption (MB)

CPU/GPU  Utilization:
computational resource usage

Percentage  of

User Experience Metrics:

False Positive Rate: Number of incorrect alerts
per hour of driving

Alert  Relevance Score:  User-perceived
appropriateness of alerts (1-5 scale)

System Usability Score: Overall ease of use and
interface clarity

Robustness Metrics:

Lighting Robustness: Detection accuracy under
different lighting conditions (day, night, twilight,
tunnel)

Occlusion Robustness: Detection accuracy with
sunglasses, hats, or partial face occlusion

Table I: Summary of Key Performance Metrics

Metric Value
Classification Accuracy 94%
Average Latency 200 ms
False Positive Reduction (vs. static) ~30%
User Alert Relevance Score 85%
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vehicle deployment. Frame processing was maintained at 25-30
F'PS on the Jetson Nano platform after model optimization.

C. User Validation

Informal user acceptance testing (n=10) yielded an 85%
positive response regarding alert relevance and timing. Users
reported that the multi-tier alerts were effective without being
overly intrusive.

6.0UTPUT

ead. Your attention is your best

INTELLIDRIVE + FATIGUE MONITOR

@ STOP MONITOR

Id SESSION METRICS

W
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7.Future Work

Several directions for future enhancement are identified:

1. Full Multi-Modal Integration: The current prototype
focuses primarily on visual and vehicle data, with limited
vocal integration. Future work will fully integrate all
proposed modalities, including physiological sensors (heart
rate from a steering wheel sensor or wearable) and more
sophisticated vocal analysis.

2. Longitudinal Real-World Validation: A large-scale,
long-term study is planned with a commercial fleet
operator. This will involve 50-100 drivers over 6-12 months
of actual on-road driving, collecting data on real fatigue
events, system performance, and user acceptance in
authentic conditions.

3. Mobile Application Development: The system will be
ported to Android and iOS platforms using TensorFlow
Lite, enabling drivers to use their existing smartphones for
fatigue detection without additional hardware. This could
dramatically increase accessibility and adoption.

4. Semi-Autonomous Vehicle Integration: As vehicles
become increasingly automated, there is a growing need for
systems that monitor driver readiness for handover from
automated to manual control. IntelliDrive+ will be
extended to provide real-time driver state assessment for
this critical safety function.

5. Explainable AI (XAl): Deep learning models are often
"black boxes," which can reduce trust in safety-critical
applications. Future work will incorporate explainable Al
techniques (e.g., attention visualization, saliency maps,
LIME, SHAP) to provide drivers and developers with
insights into why specific alerts were triggered.

6. Federated Learning for Privacy-Preserving
Improvement: While the system currently operates
completely offline, there is value in aggregating learning
across many vehicles without compromising privacy.
Federated learning—where model updates are computed
locally and only anonymized gradients are shared—will be
explored as a mechanism for continuous, privacy-
preserving improvement of the detection model.

7. Enhanced Context-Awareness: Future versions will
integrate richer contextual information including time of
day, weather conditions, driving history (hours driven, rest
breaks), and calendar data (e.g., driver's sleep schedule) to
Sfurther personalize and improve detection.
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8. Multi-Language and Multi-Cultural Support: The voice
alert system will be extended to support multiple languages

and culturally appropriate alert styles, enabling deployment
in diverse geographic regions

8.CONCLUSION

The fatigue detection system developed in this project provides
a practical and efficient solution to address the growing issue
of driver drowsiness and road safety. By utilizing facial
landmark analysis and key visual indicators such as Eye
Aspect Ratio (EAR) and Mouth Aspect Ratio (MAR), the
system is capable of identifying early signs of fatigue,
including prolonged eye closure and yawning. The
implementation using MediaPipe enables accurate real-time
detection, while TypeScript ensures a structured and scalable
application environment.

Unlike complex machine learning-based approaches, this
system adopts a rule-based method, making it lightweight,
cost-effective, and suitable for real-time applications on
standard devices. It successfully demonstrates how simple yet
effective techniques can be used to build a reliable driver
monitoring system. However, the system also has certain
limitations, such as sensitivity to lighting conditions, face
occlusion, and dependency on camera quality.

Overall, this project highlights the importance of integrating
technology into road safety solutions and lays a strong
foundation  for  future enhancements. With  further
improvements such as multi-modal data integration and Al-
based models, the system can be made more robust, accurate,
and adaptable to real-world conditions, ultimately
contributing to safer driving experiences and reduced accident
rates.
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