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ABSTRACT:

This paper presents an integrated driver safety system designed to detect and prevent drowsiness-related
accidents. The proposed approach combines Fuzzy Logic and Convolutional Neural Network (CNN)
techniques for dual monitoring and intelligent decision-making. The Fuzzy Logic module interprets
physiological and behavioral parameters, such as eye closure rate, head tilt, and yawning frequency, through
linguistic rules to evaluate the driver’s alertness level. Meanwhile, the CNN model analyzes real-time facial
images to recognize visual signs of fatigue and classify the driver’s state as Alert, Drowsy, or Sleepy. By
integrating these two intelligent systems, the model enhances accuracy and robustness under uncertain or
varying conditions such as lighting changes or facial variations. When a critical drowsy state is detected, the
system triggers an instant audio or visual alert to warn the driver. This dual-framework approach ensures
timely intervention, improved reliability, and greater road safety in real-world driving environments.

KEY WORDS: Driver Drowsiness Detection, Fuzzy Logic, Machine Learning, Image Processing, Facial
Landmark Detection, Eye Aspect Ratio, Adaptive Thresholding, Real-Time Monitoring, Python, OpenCV,
CNN.

INTRODUCTION:

Road accidents due to driver fatigue are a serious public safety issue. Drowsiness impairs a driver’s
cognitive and motor skills, leading to delayed responses and poor judgment. Traditional systems for
detecting fatigue include vehicle-based, physiological, and behavioral methods.

Vehicle-based systems monitor steering behavior or lane deviation, while physiological methods track ECG
or EEG signals using sensors, which can be intrusive. In contrast, behavioral-based systems use facial
expressions and eye or mouth movements, making them non-intrusive and cost-effective.

This paper presents a Fuzzy Logic—based Driver Monitoring System that integrates image processing with
machine learning to detect early signs of fatigue. A webcam continuously captures video frames, extracts
facial landmarks, and calculates behavioral features such as eye aspect ratio and mouth opening ratio. Fuzzy
logic rules then infer the driver’s drowsiness level and trigger an alert when necessary.

The system’s combination of adaptive fuzzy reasoning and machine learning ensures robustness against
illumination changes, head pose variations, and individual differences, making it suitable for real-time
driver monitoring applications.
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Driver fatigue has emerged as one of the leading causes of road accidents worldwide, posing a significant
threat to public safety. When a driver becomes drowsy, essential cognitive functions such as attention,
reaction time, coordination, and decision-making begin to decline. Even a momentary lapse in alertness can
result in loss of vehicle control and severe accidents. Studies show that long driving hours, lack of sleep,
monotonous road environments, and physical strain significantly increase the likelihood of drowsiness-
related incidents. Because of this, developing reliable and real-time fatigue detection systems has become an
important area of research in intelligent transportation systems.

Over the years, several categories of fatigue detection methods have been explored, including vehicle-based,
physiological, and behavioral approaches. Vehicle-based systems analyze steering movement, lane
deviation, and acceleration patterns to infer alertness, but such indicators can vary depending on road
conditions or driving experience. Physiological-based approaches rely on sensors that monitor signals such
as ECG, EEG, or heart rate variability. While these methods can provide accurate internal-state
measurements, they are often intrusive, uncomfortable for drivers, and expensive to integrate into vehicles.

Behavioral-based systems have gained popularity due to their non-intrusive and cost-effective nature. These
systems monitor facial expressions and eye or mouth movements using cameras, making them suitable for
real-time use without disturbing the driver. Indicators such as prolonged eye closure, reduced blink rate,
frequent yawning, and head nodding are strong visual cues of fatigue. Recent advancements in computer
vision and machine learning have further improved the reliability of face-based monitoring systems,
enabling accurate detection under diverse conditions.

In this study, a fuzzy logic—based driver monitoring system is presented, integrated with machine learning
and image processing techniques to identify early signs of drowsiness. The system captures real-time video
using a webcam, detects facial landmarks, and computes features such as eye aspect ratio, mouth opening
ratio, and head movement indicators. These behavioral features are interpreted using fuzzy logic rules,
allowing the model to handle uncertainties in human facial variations and classify the driver’s alertness
level. The combination of fuzzy reasoning and machine learning enhances system adaptability, reduces false
alarms, and ensures robust performance even under varying illumination, driver posture, or facial
differences.

This approach offers a practical, efficient, and non-intrusive solution that can be integrated into modern
vehicles to improve road safety and prevent accidents caused by driver fatigue.

METHODOLOGY
The methodology adopted in this work follows a structured pipeline combining image processing,

mathematical feature extraction, convolutional neural networks, and fuzzy logic rules to identify driver
drowsiness in real time.

1. Data Acquisition

A webcam continuously captures the driver’s face. Each incoming frame is converted to grayscale,
resized, and filtered to reduce noise and ensure uniform lighting conditions.

Common input signals:

e PERCLOS (Percentage of Eye Closure)
« Blink duration (BD)

e Yawning frequency (YF)

« Steering wheel variability (SWV)

e Head pose deviation (HPD)

These signals produce raw numeric measurements.
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2. Feature Extraction
e PERCLOS

\text{PERCLOS} = \frac{\text{Number of frames with eyes > 80% closed}} {\text{Total
frames}} \times 100

e Blink Duration

BD = %Z;\;l(tclose,i'topen,i)
e Yawning Frequency

_ Number of yawns
"~ Time interval(minutes)

YF

These extracted parameters become inputs to the fuzzy logic system.
3. Fuzzification
Convert crisp inputs into degrees of membership using membership functions (MFs).
Example Membership Functions

Triangular MF for PERCLOS

0 x<0.1
-0.2
Mow(X)={ S—— 0.1 <x <0.2
1 x >0.2
0 x<0.2
Hrig(X)={ === 0.2 < x < 0.2
1 x=0.2

Gaussian MF for Blink Duration

u(x)=exp(— )

T 202
4. Fuzzy RULE BASE
Rules follow IF-THEN structure.
Example Rules
1. IF PERCLOS is High AND Blink Duration is Long THEN Drowsiness is Severe
2. IF PERCLOS is Medium AND Yawning Frequency is High THEN Drowsiness is Moderate
3. IF PERCLOS is Low AND Steering Variability is Normal THEN Drowsiness is Low

Rules use logical operators:

AND = min (ul,u2)

OR = min (ul,u2)
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5. Fuzzy INFERENCE ENGINE
Mamdani method is normally used.
Rule Firing Strength
For a rule such as:
IF PERCLOS = High AND BD = Long THEN Drowsiness = Severe
a=min(pHigh(PERCLOS),1Long(BD))

The output MF for “Severe” is clipped at height a.

6. DEFUZZIFICATION

Convert fuzzy output into a crisp drowsiness score (0—1 or 0-100).
Common method: Centroid (Center of Gravity).

:f Y-Houtput (y)dy
J Koutput (Y)dy

Where:

o« DDD = final driver drowsiness level
o poutput(y) = aggregated output membership function.

7. Final Drowsiness Classification

Example thresholds:

Drowsiness Score (D) State

(0 <D<0.3) Alert
(0.3 <D <0.6) Mild Drowsiness
(0.6 <D <1) Severe Drowsiness

SAMPLE INPUT DATA BEFORE AND AFTER FUZZIFICATION

To demonstrate the fuzzy system, sample EAR, MOR, and NLR values are taken from real-time detection.

1.Crisp Input Values (Before Fuzzification)

Feature Value
EAR 0.21
MOR 0.42
NLR 1.12
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2. After Fuzzification (Membership Degrees)

Combined Table

Feature Crisp value Low Medium High
EAR 0.21 0.75 0.25 0.00
MOR 0.42 0.00 0.20 0.80
NLR 1.12 0.00 0.60 0.40
These fuzzified values are then applied to fuzzy rules to determine the final drowsiness level.

EXSTI

NG METHODS:

Earlier studies have employed various methods for driver fatigue detection, such as:

Video-based monitoring using near-infrared (NIR) cameras for accurate eye state detection.
Eye-tracking systems that measure blink frequency and PERCLOS (Percentage of Eye Closure) to
estimate alertness levels.

Facial analysis techniques that identify micro-sleeps through color segmentation and gradient-based
feature extraction.

While these methods have shown effectiveness, most rely on costly sensors or complex setups and often
struggle to perform reliably under varying lighting conditions. Therefore, there remains a need for a simple,
low-cost, and accurate system capable of operating efficiently in real-world environments without causing
driver distraction.

PROPOSED SYSTEM:

The proposed system combines Fuzzy Logic and Convolutional Neural Network (CNN) techniques for dual
driver monitoring, providing an intelligent and adaptive solution for real-time drowsiness detection. It
performs both behavioral analysis and visual classification, ensuring high accuracy and quick response to

fatigue

1.

conditions.

System Overview

The system captures real-time video of the driver’s face using a standard webcam. Each frame is
analyzed to identify facial landmarks such as eyes, mouth, and head position. These visual cues are
processed by a CNN model for automated feature extraction and by a Fuzzy Logic module for
intelligent interpretation of the driver’s condition.

CNN-Based Facial Detection

The Convolutional Neural Network automatically extracts visual features from facial inputs, such as:

Eye openness and blink frequency
Mouth movement and yawning detection
Head position and nodding patterns

The CNN is trained on labeled datasets to classify the driver’s condition as Alert, Drowsy, or Sleepy based
on spatial and temporal patterns in facial behavior.

3.

Fuzzy Logic Decision Unit

The Fuzzy Logic module interprets the driver’s behavioral and physiological parameters using
linguistic rules. Inputs like eye closure ratio, yawn frequency, and head tilt are categorized as Low,
Medium, or High.
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Typical fuzzy rules include:

o IF eye openness is Low AND yawn frequency is High THEN Drowsiness is Severe
o IF eye openness is Medium AND head tilt is High THEN Drowsiness is Moderate

The Fuzzy Inference System (FIS) evaluates all rules and produces a final fatigue score. This dual approach
ensures decisions are both data-driven and human-interpretable.

4. Alert and Response Mechanism

If the system detects a critical fatigue level from either the CNN or Fuzzy module, it immediately
activates an audio or visual alert to warn the driver. The alert intensity adapts to the severity level,
ensuring early intervention before a possible accident.

5. Key Features

o Dual Monitoring: Combines CNN accuracy with fuzzy interpretability.
o Real-Time Detection: Processes live video feeds without delay.

« Adaptive Decision-Making: Handles uncertainty in facial changes.

o Intelligent Alerts: Warns drivers instantly under critical fatigue.

o Enhanced Safety: Reduces risk of accidents through proactive detection.

RESULTS:

E? Drriver Drowsiness Monitoring — (| =

Driver Drowsiness Monitoring System using Visual
Behaviour and Machine Learning

Start Behaviour Momnitoring Using Webcam
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The proposed model successfully detects driver fatigue in real time and demonstrates reliable
performance across various test conditions.

Key observations include:

e The duration of eye closure and the frequency of yawning show a strong correlation with the driver’s
drowsiness level.

e The use of fuzzy decision-making significantly reduces false alarms compared to fixed threshold-
based methods.

o Real-time webcam testing produced accurate alerts within 2—-3 seconds of fatigue onset.

The model achieved an overall detection accuracy of approximately 90%o, validating its effectiveness and
suitability for real-world driver monitoring applications.
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CONCLUSION:

This study presents a hybrid fuzzy logic and machine learning—based driver monitoring system that
identifies driver fatigue through facial analysis. The proposed model ensures accuracy, non-intrusiveness,
and cost-efficiency, making it suitable for real-time road safety applications.

Challenges identified include:

e Variations in illumination and driver posture.
o Limitations in real-time computation speed under low-end hardware.
« Handling occlusions caused by accessories such as glasses or face masks.

Future enhancements can involve integrating infrared cameras, sensor fusion, and deep learning techniques
to improve system precision, robustness, and adaptability to diverse real-world driving conditions.

REFERENCES:

1. Wei-Liang Ou et al., "Smart Video-Based Drowsy Driver Detection System," IEEE, 2015.

2. W. B. Horng et al., "Driver Fatigue Detection Based on Eye Monitoring and Dynamic Template
Matching," IEEE ICNSC, 2004.

3. M. Singh and N. P. Papanikopoulos, "Driver Fatigue Monitoring Using Facial Evaluation
Techniques,” IEEE ITS Conference.

4. B. Alshaqgaqi et al., "Driver Drowsiness Detection System," IEEE Workshop on Signal Processing,
2013.

5. M. Karchani et al., "Drowsiness Detection System Design Based on Image Processing,” IRJABS,

2015.

Abas et al., "Non-Intrusive Drowsiness Detection Using SVM," IEEE ICAC, 2014.

N. Dalal and B. Triggs, "Histograms of Oriented Gradients for Human Detection,” CVPR, 2005.

V. Kazemi and J. Sullivan, "Face Alignment Using Regression Trees," IEEE CVPR, 2014.

Richard O. Duda et al., "Pattern Classification,” Wiley Student Edition.

0. N. Dalal and B. Triggs, “Histograms of Oriented Gradients for Human Detection”, IEEE conf. on

CVPR, 2005.

11. V. Kazemi and J. Sullivan; "One millisecond face alignment with an ensemble of regression trees",
IEEE Conf. on Computer Vision and Pattern Recognition, 23-28 June, 2014, Columbus, OH, USA.

12. Richard O. Duda, Peter E. Hart, David G. Stork, “Pattern Classification”, Wiley student edition.

BOoo~N®

IJCRT2511794 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | g720


http://www.ijcrt.org/

