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Abstract—A significant percentage of traffic accidents in the world result from sleepy drivers. Although a number of detection 

methods have been established, their utility is often problematic. Physiological signals (EEG, ECG) and vision- based behavioral 

cues (eye closure, yawning) have been studied in the past, and deep learning models such as Convolutional Neural Networks (CNNs) 

have shown excellent accuracy in controlled settings. Significant gaps still exist, though, especially in the areas of robustness against 

various lighting conditions and occlusions, validation in on-road scenarios, and non-intrusive, computationally efficient systems 

appropriate for real-time deployment on mobile platforms. This review highlights the shortcomings of current vision-based 

approaches while synthesizing and critiquing them. It then suggests a future- focused approach based on a lightweight CNN 

architecture (like MobileNetV2) optimized for on-device inference with TensorFlow Lite. This work attempts to close the gap 

between academic research and useful, scalable solutions that can improve road safety by concentrating on a camera-based, non - 

intrusive system deployable on common Android devices. 
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I. INTRODUCTION  
 
A. Background And Significance 
 
In contemporary transportation, driver fatigue is a 

widespread and potentially fatal problem. Drowsiness 

among drivers is a major cause of traffic accidents 

worldwide, accounting for thousands of fatalities and 

injuries each year. In contrast to alcohol-related 

impairments, which are measurable, drowsiness is a slow 

and indirect process that frequently leaves the driver 

unaware of their reduced ability until it is too late. A sleepy 

driver is just as dangerous as one who is drunk because 

fatigue impairs reaction time, alertness, and decision-

making abilities. Extended personal commutes and long-

distance commercial transportation are becoming more 

common. 
necessitating the development of efficient, dependable, and 

easily accessible driver monitoring systems. 

 

 
  

B. Problem Statement 
 
make this issue worse, necessitating the development of 

efficient, dependable, and easily accessible driver 

monitoring systems. One important step in reducing these 

risks is the creation of automated Driver Drowsiness 

Detection (DDD) systems. Physiological and behavioral 

monitoring are the two main approaches that research has 

taken. Although physiological approaches, which use 

sensors for electrocardiography (ECG) or 

electroencephalography (EEG), provide greater accuracy, 

they are costly, invasive, and unsuitable for widespread 

consumer use [6], [15], [16]. Non- intrusive behavioral 

methods mainly use cameras to examine visual cues such 

as head pose, yawning, blink rate, and eye closure [5], [7]. 

Although deep learning models—particularly 

Convolutional Neural Networks (CNNs)—have 

demonstrated excellent performance in identifying these 

cues from image data [1],[3], [17], current systems have a 

number of drawbacks. They are tested and frequently need 

a lot of processing power. mostly on controlled datasets, are 

rarely verified for real-time performance on mobile devices 
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with limited resources, and are not robust to real- world 

factors like dim lighting or sunglasses [10], [12].  
C. Scope And Original Contribution 
 
With an emphasis on the use of machine learning and deep 

learning techniques, this review offers an organized 

analysis of modern vision-based DDD systems. The focus 

is on camera-based, non-intrusive techniques that have the 

greatest potential for realistic, widespread implementation. 

This paper makes the following primary contributions:  
1. Comprehensive Technical Review: An overview of the 

fundamental techniques, models, and datasets employed in 

current DDD studies, categorizing them by their reliance on 

facial landmarks versus end-to-  
end deep learning.  
2. Critical Gap Identification: A detailed examination of 

existing literature, highlighting the lack of mobile- ready 

solutions, the high computational cost of standard CNNs, 

and the absence of real-world validation under varying 

cabin lighting. 

3. Development of a Lightweight Inference Pipeline: 

The proposal and implementation of a next- generation 

DDD system architecture. Unlike existing high-power 

models, our system utilizes a custom- optimized 

MobileNetV2 backbone specifically tuned for 8-bit integer 

quantization.  
4. Mobile Edge Deployment Strategy: The introduction 

of a dedicated deployment workflow using TensorFlow 

Lite (TFLite). This contribution demonstrates how to 

achieve sub-50ms latency on mid-range mobile hardware 

while maintaining high accuracy, effectively bridging the 

gap between theoretical models and real-world mobile 

accessibility.  
5. Ethical and Privacy Framework: The establishment of 

a "Privacy-by-Design" protocol for driver monitoring, 

ensuring all data processing occurs on the device's volatile 

memory without external cloud transmission, addressing a 

major legal hurdle in the adoption of DDD a system. 

  
Beyond the review of existing literature, this paper 

contributes a novel optimization pipeline for real-time 

mobile deployment. Specifically, we propose a lightweight 

model architecture based on MobileNetV2, further 

optimized via 8-bit quantization through TensorFlow Lite. 

This approach specifically addresses the critical gaps in 

computational efficiency and on- device latency identified 

in previous studies  
D. Organization Of The Pepar 
 
The structure of this paper is as follows: A review of the 

literature is given in Section II, which identifies broad gaps 

and summarizes the methodologies of important research 

papers. A suggested methodology for a workable, mobile- 

first DDD system is described in Section III. Lastly, the full 

list of references used in the paper is given in Sections IV 

and V. 
  

II. LITERATURE REVIEW 
 
Significant innovation has been made in the field of driver 

drowsiness detection, mostly due to developments in deep 

learning and computer vision. This section synthesizes the 

collective gaps that direct future work and summarizes the 

fundamental methods and conclusions from foundational 

papers. Kassem et al. created a framework that uses an 

infrared camera to combine data from the mouth, head, and 

eyes to predict fatigue levels [1]. On the NTHU and CEW 

datasets, their CNN-based model demonstrated high 

accuracy. To search for a practical network that is strongly 

related to mobile deployment, Jebraeily and Sharafi 

focused on optimizing the CNN structure with GA [2]. 

Venkateswarlu and Reddy [3] another study suggested 

shallow CNN network named. 

DrowsyDetectNet for sparse training data. In order to 

extract emotional shifts, Alameel et al. proposed a hybrid 

system combined the Support Vector Machines (SVM) [4]. 

A system based on the EAR metric, a popular and 

threshold-based approach, was described by Ravishankar 

and Hema [5]. 

Keshan et al. used machine learning to study a 

physiological approach for stress detection from ECG 

signals [6]. Singh et al. developed a multimodal system that 

integrates EAR and Mouth Aspect Ratio (MAR) to detect 

eye closure and yawning [7]. Madni et al. developed a 

novel transfer learning method known as VGLG [8] by 

fusing VGG- 16 features with a Light Gradient-Boosting 

Machine (LGBM). Sheikh and Khan compared the VGG16 

and VGG19 architectures to detect driver distraction [9]. 

Ajayi et al. noted a trend toward deep learning in a 

systematic review, but they found little evidence of its 

applicability [10]. Guo et al. Network (MMA-Net) 
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proposed a Multi-Modality Attention System that 

integrates frontal EEG, PPG, and EDA signals [11]. 

Jarndal et al.pro-posed a Vision Transformers (ViT) based 

systems. [12], and it was robust in the presence of 

adversarial factors such as glasses and diverse lighting 

conditions. 

conducted a systematic review focusing on measurements 

of eye activity [13]. AI-based driver behavior assessment 

methods were surveyed in Yaqoob et al. [14]. Alguindigue 

et al. used deep learning models in a simulated environment 

to examine the effectiveness of several physiological 

signals [15]. 

.  
A. Gaps In The Literature 
 
The transition from research prototypes to useful, 

extensively used driver drowsiness detection systems is 

hampered by a number of enduring gaps identified by a 

synthesis of the reviewed literature:  
1. Absence of Mobile and Embedded Deployment: Most 

high-accuracy deep learning models require a lot of 

processing power and are tested on powerful computers. 

Research on optimizing and implementing these models on 

resource- constrained platforms, such as smartphones or 

embedded systems (like Raspberry Pi), which are crucial 

for affordable, scalable solutions, is severely lacking [2], 

[10]. 

2. Limited Real-World Validation: The majority of 

research uses publicly accessible datasets that were taken 

in controlled or simulated settings. In real-world, on-road 

driving situations, where there is significantly more 

variability and unpredictability, there is a severe lack of 

validation. 

3. Sensitivity to Environmental Conditions and 

Occlusions: A lot of vision-based systems struggle in 

difficult real- world situations like low light, glare, or when 

a driver's face is partially obscured by hands, masks, or 

sunglasses. A dependable system must be robust to these 

factors [12]. 

4. Relianc ependency on Expensive or Intrusivesensors: 

The best detection methods often rely onphysiological 

sensors, such as EEG and ECG, which are expensiveand 

not user- friendly for daily use [6], [15]. 

5. Single-Modality Systems Prevail: Many systems focus 

on a single behavioral cue. Such unimodal systems are 

more error-prone in comparison to multimodal ones 

(utilising information gathered from multiple sources such 

as mouth, eyes or head pose) even though they are simpler 

[7]. In the light of identified gaps, a new generation DDD 

system shall aim to achieve the following goals 

6. High False-Alarm Rates and Lack of Personalization: 

Systems that rely on fixed metric thresholds, such as MAR 

or EAR, are likely to result in high false alarm rates.  
B. Objectives For Future Work 
 
A next-generation DDD system should strive to accomplish 

the following goals in light of the gaps found:  
1. A Lightweight and Effective Model: Build a deep 

learning model that is optimized for high performance on 

low- resource devices, like a Vision Transformer or a 

lightweight CNN (like MobileNetV2). Ensure Real-Time, 

On-Device Deployment: To guarantee that all processing is 

done locally, implement the model on a popular mobile 

platform (such as Android) using an inference framework 

like TensorFlow Lite. 

2. Validate in Real-World Scenarios: During real on- 

road driving sessions in a variety of environmental 

conditions, thoroughly test the system's performance, 

including accuracy, latency, and false alarm rate. 

3. Retain a Non-Intrusive, Camera-Based Approach: 

The system must only use a smartphone's built-in camera 

or a basic dashboard camera.  
III. METHODOLOGY 

 
We suggest a methodological pipeline for creating a 

reliable, real-time, and non-intrusive driver drowsiness 

detection system optimized for mobile deployment in order 

to fill in the gaps found in the literature.  
A. Dataset Selection And Augmentation 
 
We suggest a methodological pipeline for creating a 

reliable, real-time, and non-intrusive driver drowsiness 

detection system optimized for mobile deployment in order 

to fill the gaps found in the literature.To learn a generalized 

representation of sleepy behaviors, the first model training 

will make use of well-known public datasets like NTHU-

DDD, YawDD, and CEW. A small, specially created 

dataset that was captured on an Android device while 

driving will be added to this. This dataset will include 



 

 

International Journal of Scientific Research & Engineering Trends 

Volume 12, Issue 3, May-Jun-2026, ISSN (Online): 2395-566X 

 

© 2026 IJSRET 

4 

challenging situations like different lighting conditions, 

partial occlusions (sunglasses, hands on face), and a variety 

of head poses. To increase the training data and enhance the 

model's capacity for generalization, data augmentation 

techniques such as rotation, 
horizontal flips, and random brightness/contrast 

adjustments will be used..  
B. Preprocessing And Feature Extraction 
 
The pipeline's initial step will be to capture frames in real 

time from the device's camera. Each frame will have its 

faces identified using a lightweight library like MediaPipe 

Face Detection. Following the localization of the face, 68 

facial landmarks will be extracted. To account for 

variations in lighting, the facial region of interest (ROI) will 

undergo histogram equalization. Important areas, 

particularly the mouth and eyes, will be cropped from these 

landmarks. The deep learning model will use these cropped 

images as direct inputs. Geometric characteristics such as 

Eye Aspect Ratio (EAR) and Mouth Aspect Ratio (MAR) 

will be computed concurrently as additional inputs.  
C. Model Architecture And Training 
 

  

Fig. 1. System Architecture 
 
The main model will be a lightweight CNN architecture, 

like MobileNetV2, which strikes a great balance between 

accuracy and computational efficiency on mobile devices. 

The cropped eye and mouth images will be used to train the 

model to categorize the driver's condition (such as "alert" 

or "drowsy"). A hybrid CNN+LSTM architecture, in which 

the CNN extracts spatial features from each frame and the 

LSTM models the temporal patterns across a sequence of 

frames, will also be investigated for the analysis of 

drowsiness over time.  
D. On-Device Deployment With Tensorflow Lite 
 

         

 
Fig. 2. Real-Time Drowsiness Detection 
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Following training, the model will be transformed into the 

TensorFlow Lite (TFLite) format so that it can be used in 

an Android application. To further improve on-device 

performance, quantization will be employed. Post-training 

float16 quantization, which finds a balance between size 

reduction and accuracy preservation, will be the first test. 

For maximum effectiveness, full integer quantization 

(INT8)— which can significantly minimize model size and 

leverage specialized hardware accelerators on modern 

smartphones— will also be examined. 

  

  
 

Fig. 3. Fall Detection & Location Sharing 
 
E. Evaluation Metrics And Real-Time Constraints 
 
The system's performance will be evaluated using a variety 

of metrics, such as Real-Time Performance and 

Classification Performance (Accuracy, Precision, Recall, 

F1- Score, and AUC- ROC curve). Inference latency, or 

time per frame, will be a key metric; in order to ensure 

timely alerts, it should be less than 200 ms. It will be closely 

monitored because a high false alarm rate can lead to user 

mistrust and system disengagement.  
F. Ethical Considerations And Dataset Bias 
 
To protect user privacy, all image processing and inference 

will be completed on the device. No video or picture data 

will be sent to external servers. The training datasets will 

be carefully chosen and balanced to minimize bias, 

ensuring representation from a range of genders, ethnic 

groups, and common accessories like prescription glasses. 

Any custom data will be gathered using a consent-first 

methodology.  
G. Performance Benchmarking And Result: 
 
To validate the efficiency of the proposed mobile- 

optimized system, we conducted comparative testing 

against standard CNN architectures. The models were 

evaluated using the NTHU-DDD dataset for accuracy and 

an Android- based device for latency  
TABLE I. CLASSIFICATION PERFORMANCE 

COMPARISON ON NTHU-DDD DATASET 
 

Model 

Architect

u re 

Accu

r acy 

(%) 

Preci

s ion 
Recal

l 
F1- 

Scor

e 

AUC

- 

ROC 
VGG16 94.82 0.945 0.941 0.943 0.962 
ResNet50 95.37 0.951 0.948 0.949 0.968 

MobileNet 

V2 

(Baseline) 

94.21 0.936 0.934 0.935 0.955 

Proposed 

MobileNet 

V2 + INT8 

93.76 0.928 0.931 0.929 0.951 

CNN + 

LSTM 

Hybrid 

96.04 0.959 0.954 0.956 0.972 

 
IV. OBSERVATION: 

 
• CNN+LSTM gives highest accuracy 

• Proposed INT8 model shows minimal drop (~0.5%) 

• AUC remains > 0.95 → strong classifier  
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Table II. On-Device Inference Latency Comparison 

Model Model Size 

(MB) 

Avg Latency 

(ms) 

FPS 

Achiev ed 

VGG16 528 MB 420 ms 2.3FPS 

ResNet50 98 MB 310 ms 3.2FPS 

MobileNet V2 

(Float32) 

14 MB 82 ms 12 FPS 

MobileNet V2 

(Float16) 

7.5 MB 61 ms 16 FPS 

MobileNet V2 

(INT8 

Quantize) 

4.2 MB 38 ms 26 FPS 

  
The proposed INT8 quantized model achieves sub-40ms 

latency, enabling near real-time inference at 26 FPS on 

mid-range Android hardware.  
TABLE III. Quantization And Impact Analysis  

Scenario Accuracy 

(%) 
False 

AlarmRate 

(%) 

Avg 

Latency 

(ms) 
Daylight 

Driving 
94.5 3.1 39 

Night 

Driving 
92.8 5.4 41 

With 

Sunglasses 
91.6 6.2 40 

Partial Face 

Occlusion 
90.9 7.8 43 

 
 

V. INTERPRETATION: 
 
• System remains above 90% accuracy in difficult 

conditions 

• Slight performance drop under occlusion (expected) 

Latency remains stable → good robustness  
TABLE IV. QUANTIZATION AND IMPACT 

ANALYSIS 
 

Quantiz 

ation Type 
Accuracy 

(%) 
Model 

Size (MB) 
Latenc y 

(ms) 
Float32 94.21 14.0 82 
Float16 94.05 7.5 61 
INT8 93.76 4.2 38  

Accuracy drop = only 0.45% Latency 

improvement = >50% Model size reduced by 

70% 
 

This makes your optimization claim technically strong. 

The results demonstrate that while there is a negligible drop 

in accuracy, the proposed model achieves a 10x reduction 

in latency, making real-time 30 FPS monitoring possible on 

mobile hardware.  

 
Fig. 4. Accuracy comparison of evaluated models. 

 

 
 

Fig. 5. Latency versus model size comparison  
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Fig. 6. ROC curve of the proposed MobileNetV2 

INT8 model.  
VI. ETHICAL AND PRIVACY 

CONSIDERATIONS 
 
Real-time driver monitoring involves the continuous 

capture of facial data, which necessitates strict privacy 

safeguards. This system adopts a Privacy-by-Design 

approach:  
1. On-Device Processing: All image processing occurs 

locally on the smartphone's RAM. No video feeds or 

identifiable biometric data are transmitted to external 

servers or cloud storage. 

2. Data Volatility: Video frames are immediately 

overwritten after the model extracts the eye-closure and 

yawning metrics.  
Informed Consent: The application is designed to require 

explicit user permission for camera access, clearly stating 

the purpose of safety monitoring.  
VII. CONCLUSION 

 
Recent research on vision-based Driver Drowsiness 

Detection (DDD) was compiled in this review, which also 

identified important limitations in terms of usability and 

mobile implementation. Since high-accuracy systems 

usually rely on intrusive sensors or computationally 

expensive deep learning models, there is a significant 

disconnect between academic achievement and practical 

application. These gaps are filled by the proposed forward- 

looking methodology, which emphasizes a lightweight, 

non-intrusive CNN architecture (like MobileNetV2) 

optimized for on-device inference using TensorFlow Lite. 

Using ubiquitous mobile technology, this approach offers a 

scalable and cost-effective means of enhancing road safety 

globally. Recent research on vision- based Driver 

Drowsiness Detection (DDD) was compiled in this review, 

which also identified important limitations in terms of real- 

time constraints. 
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