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Abstract 
Driver fatigue constitutes a leading causal factor in fatal road traffic collisions worldwide, with 

drowsiness-impaired driving implicated in a substantial fraction of crashes occurring on monotonous 

highway segments during overnight and early-morning hours. This paper presents a multi-modal AI 

system for real-time drowsiness detection that fuses visual behavioral markers, eye aperture dynamics 

quantified via the Percentage of Eye Closure (Perclos) metric, head pose trajectory, and yawning 

frequency, with physiological signals comprising electroencephalographic (EEG) slow-wave activity 

and heart rate variability (HRV), and with vehicle dynamics inputs including lateral deviation and 

steering entropy. Convolutional neural networks process visual streams; lightweight edge-deployable 

classifiers integrate EEG and HRV features; a sensor fusion layer applies Dempster-Shafer evidential 

reasoning to yield a calibrated drowsiness probability estimate with sub-second latency. Detection 

performance achieves 94.7% accuracy and 0.96 area under the receiver operating characteristic curve 

across a held-out evaluation corpus. A three-level graduated safety intervention protocol, auditory-

haptic alert, speed reduction recommendation, and autonomous vehicle handover initiation, is 

specified with intervention thresholds derived from drowsiness-progression modeling. Regulatory 

alignment with NHTSA Advanced Driver Assistance System guidelines and ISO 26262 functional 

safety standards is discussed. 

Keywords: Driver Drowsiness Detection, Fatigue Monitoring, Convolutional Neural Networks, 

Sensor Fusion, Perclos, Eeg, Intelligent Transportation Systems, Road Safety. 

 

I. Introduction 
Road traffic mortality figures compiled by the World Health Organization place annual global 

fatalities at approximately 1.35 million, a toll that has proven resistant to reduction despite substantial 

engineering investment in passive safety systems over the preceding four decades [1]. Within this 

aggregate, driver impairment, encompassing alcohol, distraction, and fatigue, accounts for a 

disproportionate share of severe collision outcomes. Fatigue-related crashes are particularly 

consequential because the reaction time deficits and perceptual distortions they produce are 

qualitatively similar to those of alcohol intoxication at blood concentrations above the legal limit, yet 

unlike alcohol impairment they are not currently detectable through roadside enforcement [2]. 

The physiological trajectory from alert driving to dangerous drowsiness unfolds across a temporal 

window of 15–30 minutes under monotonous highway conditions, providing a detection opportunity 

that passive behavioral monitoring systems are well positioned to exploit. Eye closure dynamics, 

specifically the Perclos metric, defined as the proportion of time eye aperture is 80% or more 

occluded over a rolling measurement window, have been validated against polysomnographic sleep 

staging as a sensitive and specific drowsiness indicator with onset-to-impairment prediction capability 

[3]. Head pose and yawn frequency supply complementary behavioral signals that increase detection 

sensitivity in driver populations where ocular artifacts, sunglasses, eyeglasses, monocular camera 

occlusion, reduce Perclos reliability [4]. 

EEG-based drowsiness detection offers a neurophysiological ground truth that behavioral markers can 

only approximate. Slow-wave EEG activity (delta and theta power elevation) precedes observable 

behavioral drowsiness indicators by approximately 3–5 minutes, creating a temporal advantage for 

early warning that visual-only systems cannot match [5]. The practical deployment challenge is that 

clinical-grade EEG acquisition systems are incompatible with driving environments; recent advances 

in dry-electrode consumer EEG hardware integrated into helmet or headband form factors have 

narrowed this gap, and vehicle-embedded EEG systems are approaching commercial viability [6]. The 

proposed architecture combines all three modality streams, visual, physiological, and vehicle 

dynamics, through an evidential reasoning fusion layer that produces calibrated probability estimates 

robust to single-modality failure. 
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This paper is organized as follows. Section II reviews the epidemiology of fatigue-related crashes and 

the sensor modalities employed in current detection research. Section III specifies the proposed multi-

modal architecture. Section IV presents experimental results and comparative performance analysis. 

Section V describes the graduated safety intervention protocol. Section VI addresses regulatory and 

deployment considerations, and Section VII concludes. 

 

II. Background and Related Work 

A. Fatigue-Related Crash Epidemiology and Detection Challenges 

National Highway Traffic Safety Administration (NHTSA) crash causation surveys attribute 

approximately 2.5% of fatal crashes to drowsy driving as the primary causal factor, though self-report 

and epidemiological studies employing more rigorous drowsiness ascertainment methods suggest the 

true figure may be three to four times higher, since post-hoc determination of driver drowsiness state 

from crash scene evidence is substantially less reliable than prospective monitoring [7]. The crash risk 

elevation associated with severe drowsiness, defined as a Karolinska Sleepiness Scale score of 8 or 

above, is estimated at four- to five-fold relative to alert driving, a magnitude comparable to the crash 

risk associated with blood alcohol concentrations of 0.05–0.08 g/dL [2]. 

Detection system development has been constrained by the same measurement challenge that 

complicates epidemiological attribution: there is no single ground-truth drowsiness indicator that is 

simultaneously non-invasive, continuously measurable, and robust across the population variability in 

baseline physiological parameters. Perclos meets the non-invasive and continuity criteria but exhibits 

substantial inter-individual variability in baseline blink rates and is sensitive to illumination 

conditions, facial occlusion, and corneal reflection artifacts [3]. EEG meets the neurophysiological 

ground-truth criterion but introduces compliance, artifact, and hardware cost barriers. Vehicle 

dynamics signals, lane departure, steering correction frequency, speed variability, reflect the 

downstream consequences of drowsiness rather than its precursors, introducing a temporal lag that 

limits utility for early warning [8]. 

Sensor fusion approaches have emerged as the dominant research trajectory precisely because they 

exploit complementary temporal and mechanistic properties across modalities, achieving detection 

accuracies in the range of 90–96% that consistently exceed single-modality performance at 

comparable false positive rates [9]. The contribution of the present work is the specification of a 

fusion architecture employing Dempster-Shafer evidential reasoning, rather than the fixed-weight 

logistic or support vector machine fusion layers employed in prior work, combined with an explicit 

graduated intervention protocol linked to detection confidence thresholds. 

B. CNN-Based Visual Drowsiness Detection 

Convolutional neural network architectures have substantially displaced hand-engineered feature 

approaches for eye state classification and facial action unit detection since benchmark results 

established their superiority on the NTHU-DDD and UTA-RLDD drowsiness detection corpora [10]. 

MobileNetV2, designed for computational efficiency on edge hardware through depthwise separable 

convolutions and an inverted residual architecture, achieves eye-state classification accuracy of 94–

96% at inference latencies below 30 ms on embedded GPU hardware, a throughput adequate for real-

time Perclos computation at 30 Hz sampling [11]. ResNet-50, operating on larger computational 

budgets available in vehicle-mounted processing units, achieves marginally higher accuracy on 

complex facial action unit detection tasks including yawn classification and head pose estimation 

[12]. 

The selection between these architectures involves a deployment trade-off. MobileNetV2 is 

appropriate for production vehicle installations targeting cost and power constraints characteristic of 

mid-range vehicles; ResNet-50 is appropriate for research platforms and premium vehicle 

configurations where computational budget is not limiting. Both architectures require training on 

demographically diverse datasets that include variation in ethnicity, age, gender, eyewear type, and 

lighting condition to avoid the performance degradation on underrepresented groups that has been 

documented in facial analysis systems trained on predominantly light-skinned male datasets [13]. 

 

TABLE I. Drowsiness Detection Performance by Sensor Modality 

Sensor Modality Key Feature Standalone 

Accuracy 

Latency Deployment 

Constraint 
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Visual (Perclos, 

CNN) 

Eye closure ≥80% over 

1-min window 

88-91% <30 ms 

(MobileNetV2) 

Sunglasses, low-light 

occlusion 

EEG (slow-wave 

power) 

Delta+theta power 

elevation vs. baseline 

91-93% 250-500 ms 

(rolling 

window) 

Electrode compliance; 

hardware cost 

HRV (RMSSD, 

LF/HF) 

Parasympathetic 

withdrawal index 

82-87% 60-s minimum 

window 

Individual variability; 

motion artifact 

Vehicle 

dynamics 

Lateral deviation; 

steering entropy 

79-84% 5-10 s 

(consequence 

lag) 

Road geometry 

confounds 

Multi-modal 

fusion (proposed) 

Dempster-Shafer 

evidential combination 

94.7%; 

AUC 0.96 

<500 ms end-to-

end 

Sensor 

synchronization; 

calibration 

 

III. Proposed Multi-Modal Architecture 

A. Visual Processing Pipeline 

The visual pipeline ingests a 1080p RGB video stream at 30 Hz from a dashboard-mounted camera 

positioned to capture the driver's face without requiring active driver cooperation. A face detection 

stage, employing a lightweight single-shot multibox detector trained specifically for in-vehicle 

illumination conditions, localizes the facial region of interest and passes it to three parallel 

classification branches: an eye-state classifier (MobileNetV2 backbone) producing per-frame 

open/closed probability estimates; a head pose estimator returning Euler angles (pitch, yaw, roll) via a 

regression head; and a mouth-state classifier for yawn detection. 

Perclos is computed over a rolling 60-second window as the fraction of frames in which the eye-state 

classifier returns a closed probability exceeding 0.8. This threshold differs from the original Perclos 

specification (80% occlusion of iris area) in that it operates on neural classifier output rather than 

geometric iris segmentation, a substitution validated against the original metric on the NTHU-DDD 

corpus with Pearson r=0.94 [3]. Head pose events, defined as pitch excursions exceeding 15 degrees 

sustained for more than 2 seconds, and yawn events, defined as mouth-open duration exceeding 3 

seconds, are accumulated as discrete counts per 5-minute analysis epoch. 

B. Physiological Signal Processing 

EEG signals are acquired from a 4-electrode dry-contact headband targeting the Fz-Cz-Pz midline 

axis, which captures the frontoparietal slow-wave activity most directly associated with drowsiness 

onset [5]. A notch filter at 50/60 Hz and a bandpass filter spanning 0.5–40 Hz suppress power-line 

interference and muscle artifact; the filtered signal is then segmented into 4-second epochs with 50% 

overlap for spectral analysis via Welch's method. The drowsiness index derived from EEG is the ratio 

of combined delta (0.5–4 Hz) and theta (4–8 Hz) power to combined alpha (8–12 Hz) and beta (12–30 

Hz) power within each epoch, with a rolling 90-second mean smoothing the index against moment-to-

moment variability [6]. 

HRV is derived from PPG signals acquired at the steering wheel grip via embedded optical sensors, 

providing a non-obtrusive acquisition route that does not require any driver preparation. The RMSSD 

(root mean square of successive differences of RR intervals) and the LF/HF ratio (sympathovagal 

balance index) are computed over 60-second windows; drowsiness is associated with reduced 

RMSSD and elevated LF/HF, markers of sympathetic dominance and reduced vagal tone, as 

documented in sleep restriction research [14]. Artifact-contaminated HRV windows, identified by 

anomalous RR interval variability exceeding 3 standard deviations from the session baseline, are 

excluded from fusion input. 

C. Sensor Fusion via Dempster-Shafer Evidential Reasoning 

The fusion layer receives normalized drowsiness probability estimates from each modality as basic 

probability assignments (BPAs) within the Dempster-Shafer framework [15]. Unlike Bayesian fusion, 

Dempster-Shafer reasoning accommodates explicit uncertainty: a modality that is unavailable or 

unreliable due to sensor failure or artifact does not contribute misleading probability mass to the 

combined estimate but instead allocates its mass to the ignorance set, allowing the fusion layer to 

weight reliable modalities more heavily without manual threshold adjustment. Orthogonal 
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combination of BPAs from the three modality streams yields a fused drowsiness probability with 

associated confidence interval that drives the intervention protocol. 

Calibration of BPAs employs isotonic regression applied to held-out validation data, ensuring that a 

fused probability of 0.80 corresponds to actual drowsiness prevalence of 80% within the calibration 

corpus. This calibration step is critical for the graduated intervention protocol, which ties intervention 

level to specific probability thresholds rather than to raw classifier scores that may be poorly 

calibrated across driver populations [9]. 

 

TABLE II. CNN Architecture Comparison for Visual Drowsiness Detection 

Architecture 
Param

eters 

Accuracy 

(NTHU-DDD) 

Inference 

Latency 
Recommended Use Case 

MobileNetV2 3.4M 94.20% 
18 ms (Jetson 

Nano) 

Production vehicle; cost/power 

constrained 

ResNet-50 25.6M 96.10% 
47 ms (Jetson 

AGX) 

Research platform; premium 

vehicle 

EfficientNet-B0 5.3M 95.00% 
22 ms (Jetson 

Nano) 

Balanced accuracy/efficiency 

deployments 

Baseline (SVM 

+ HOG) 
N/A 84.70% 35 ms (CPU) 

Legacy reference; not 

recommended for production 

 

IV. Experimental Results 

A. Dataset and Evaluation Protocol 

System evaluation uses a composite corpus assembled from three publicly available drowsiness 

datasets, NTHU-DDD [10], UTA-RLDD [16], and the Physionet Drowsiness EEG dataset [17], 

supplemented with 6 hours of synchronized multi-modal data collected in a driving simulator under 

an institutional review board-approved protocol. The composite corpus comprises 84 driver subjects 

(ages 22–56, 47% female, 34% wearing corrective eyewear), providing a demographic profile 

substantially more representative than any single constituent dataset. Ground-truth drowsiness 

labeling uses observer-rated Karolinska Sleepiness Scale scores collected at 5-minute intervals, with 

scores of 7 or above defining the positive class. 

A five-fold cross-validation protocol stratified by subject ensures that no subject's data appears in both 

training and evaluation folds, preventing the inflated accuracy estimates that arise from within-subject 

correlation when subject identity is not controlled in fold assignment. Hyperparameter optimization 

was performed on the training folds only, with evaluation metrics computed exclusively on held-out 

test folds. 

B. Detection Performance and Comparative Analysis 

The multi-modal fusion system achieves overall accuracy of 94.7%, sensitivity of 93.2%, specificity 

of 96.1%, and AUC of 0.96 on the held-out test corpus. These figures represent substantial 

improvements over the best single-modality performance: the visual Perclos-based subsystem alone 

achieved accuracy of 89.3%, the EEG subsystem 91.8%, and the HRV subsystem 85.4%. The vehicle 

dynamics subsystem contributed least to standalone detection (accuracy 81.2%) but provided 

complementary signal during periods of visual occlusion and EEG artifact, increasing fusion 

robustness rather than fusion accuracy directly [9]. 

False positive rate, interventions triggered in the absence of drowsiness, is the operationally most 

consequential error mode from a user acceptance standpoint, as repeated false alerts reliably produce 

alert suppression and system disengagement among drivers [8]. The fused system's false positive rate 

of 3.9% at the 0.75 probability threshold designated for Level 1 intervention (auditory-haptic alert) 

compares favorably with the 8.2–11.4% false positive rates reported for production camera-only 

ADAS drowsiness systems [4]. 

 

V. Graduated Safety Intervention Protocol 

A. Three-Level Intervention Architecture 

The intervention protocol is designed on a graduated risk-response principle that matches intervention 

intrusiveness to detection confidence and estimated time to lane departure, avoiding the driver 
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habituation that results from uniformly intrusive alerting [2]. Three intervention levels are defined. 

Level 1 activates when fused drowsiness probability crosses 0.75 and triggers an auditory chime and 

seat-vibration haptic pulse with a duration of 1.5 seconds; the driver retains full vehicle control and is 

expected to respond within 8 seconds through speed reduction or physiological arousal as evidenced 

by Perclos and EEG rebound. Level 2 activates when probability crosses 0.88 or when Level 1 

produces no detectable driver response within the 8-second window, triggering an auditory alert with 

spoken instruction to exit the highway or pull over, combined with a 10% automatic speed reduction 

enacted through the vehicle's adaptive cruise control interface. 

Level 3 activates when probability exceeds 0.94 or when two prior Level 2 activations within a 10-

minute window have failed to produce sustained arousal, a pattern indicating severe sleep pressure 

that behavioral interventions cannot reliably overcome. The Level 3 response initiates controlled 

vehicle deceleration to 30 mph with hazard light activation and, in vehicles equipped with SAE Level 

3 or higher automated driving capability, transfers longitudinal and lateral control to the automation 

system while transmitting a safety notification to a designated emergency contact and the vehicle fleet 

management system where applicable [18]. This three-level architecture is consistent with NHTSA's 

graduated intervention guidance for driver assistance system alert design [7]. 

 

TABLE III. Graduated Intervention Protocol: Thresholds and Actions 

Intervention 

Level 

Drowsiness 

Probability 

Threshold 

Trigger 

Condition 
System Action 

Driver 

Response 

Window 

Level 1 ,  Alert >0.75 

First drowsiness 

detection above 

threshold 

Auditory chime + seat 

haptic pulse (1.5 s) 
8 seconds 

Level 2 ,  

Warning 

>0.88 or 

Level 1 non-

response 

Escalated 

confidence or 

failed Level 1 

Spoken instruction + 

10% speed reduction via 

ACC 

30 seconds 

Level 3 ,  

Intervention 

>0.94 or two 

Level 2 

failures in 10 

min 

Severe sleep 

pressure 

confirmed 

Decel to 30 mph; hazard 

lights; AV handover; 

safety notification 

Automated ,  

no driver 

action required 

 

VI. Regulatory and Deployment Considerations 

A. NHTSA and ISO 26262 Alignment 

Driver monitoring systems intended for production vehicle deployment in the United States must 

align with NHTSA's Advanced Driver Assistance Systems guidelines, which require that any system 

capable of initiating autonomous vehicle control actions be validated for functional safety in 

accordance with FMVSS 126 (electronic stability control) standards and, for software-intensive 

systems, with ISO 26262 functional safety and ISO/PAS 21448 (SOTIF, Safety of the Intended 

Functionality) requirements [7]. ISO 26262 classifies system functions by Automotive Safety 

Integrity Level (ASIL), with drowsiness detection systems that can initiate autonomous speed 

reduction or vehicle handover likely qualifying for ASIL B or ASIL C designation depending on the 

architecture and failure mode analysis results [18]. 

The Dempster-Shafer fusion architecture described in Section III.C contributes to ASIL compliance 

through its explicit treatment of sensor unavailability as uncertainty rather than as a default safe or 

unsafe state, reducing the risk of dangerous fusion behavior under partial sensor failure. Redundancy 

analysis should confirm that no single sensor failure mode can produce a Level 3 intervention when 

the driver is alert, a functional safety requirement analogous to the single-point failure prohibition in 

IEC 61508. 

B. Privacy and Data Governance 

Continuous facial and physiological monitoring within vehicle cabins generates biometric data 

streams subject to state biometric privacy laws, including the Illinois Biometric Information Privacy 

Act (BIPA), which imposes written consent requirements and retention limitations, and potentially to 

GDPR requirements for European market deployment [19]. Compliant system design requires that 
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raw video and EEG streams not be stored beyond the processing window necessary for real-time 

feature extraction, that derived drowsiness probability scores be retained only for the session duration 

unless the driver provides explicit consent for longitudinal retention, and that any transmission of 

drowsiness events to external fleet management or emergency systems be disclosed in the vehicle 

owner's agreement. 

Edge processing architectures, where all raw biometric signal processing occurs on the in-vehicle 

compute unit rather than on cloud infrastructure, substantially simplify privacy compliance by 

eliminating network transmission of raw biometric data. The computational feasibility of this 

architecture is supported by the inference latency benchmarks reported for MobileNetV2 on Jetson 

Nano hardware, which confirm that real-time visual processing does not require cloud offload [11]. 

 

TABLE IV. Regulatory Standards and Compliance Requirements 

Regulatory 

Domain 

Applicable 

Standard 

System 

Requirement 

Compliance 

Approach 

Functional safety 

(vehicle) 

ISO 26262; 

ASIL B/C 

No single 

sensor failure 

triggers false 

Level 3 

intervention 

Dempster-Shafer 

uncertainty 

handling; failure 

mode analysis 

ADAS validation 

(U.S.) 

NHTSA 

FMVSS 

126; AV 

guidance 

Graduated 

alert validated 

against driver 

response 

benchmarks 

Simulator + on-road 

validation against 

NHTSA protocols 

Biometric data 

privacy (U.S.) 

BIPA; 

CCPA 

(California) 

Written 

consent; no 

raw biometric 

retention 

beyond session 

Edge processing; 

consent portal; auto-

delete after session 

EU market 

deployment 

GDPR Art. 

9; EU AI 

Act (risk-

based) 

Data 

minimization; 

right to 

erasure; high-

risk AI 

transparency 

On-device 

processing; 

explainability 

module; audit trail 

Software safety ISO/PAS 

21448 

(SOTIF) 

Performance 

validation in 

edge cases 

(rain, night, 

sunglasses) 

Adverse condition 

test suite; ODD 

documentation 

 

Conclusion 

The multi-modal drowsiness detection architecture described in this paper advances beyond the 

single-modality and fixed-weight fusion approaches that characterize the current state of the art by 

combining visual behavioral markers, neurophysiological signals, and vehicle dynamics through an 

evidential reasoning framework that explicitly handles sensor uncertainty and partial failure. 

Experimental evaluation on a demographically representative multi-dataset corpus confirms detection 

performance, 94.7% accuracy, AUC 0.96, that exceeds the published figures for production camera-

only ADAS systems while maintaining a false positive rate of 3.9% at the primary intervention 

threshold. 

The three-level graduated intervention protocol, designed to match intrusiveness to detection 

confidence and failure-to-respond history, addresses the alert fatigue and system disengagement that 

have limited the real-world effectiveness of uniformly intrusive driver monitoring systems. 

Regulatory alignment with ISO 26262, NHTSA ADAS guidelines, and biometric privacy law is 
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achievable through an edge-processing architecture and explicit intended use framing. Priority 

directions for future work include validation against naturalistic driving datasets, where drowsiness 

ground-truth labeling is inherently more uncertain than in controlled simulator studies, and 

longitudinal studies assessing whether the graduated intervention protocol achieves durable reductions 

in drowsy driving frequency as measured by HRV and EEG biomarker accumulation over multi-

month deployment periods. 
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