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Abstract— Road accidents due to driver fatigue and
intoxication pose a serious global threat, contributing to
thousands of fatalities and injuries annually. This research
focuses on developing an Accident Prevention System that
utilizes machine learning and IoT-based technologies to
monitor driver alertness in real time. The system integrates
a YOLO-based deep learning model for detecting eye closure
and facial features, enabling accurate drowsiness detection.
Additionally, an MQ-3 alcohol sensor is incorporated to
measure blood alcohol content through breath analysis,
ensuring immediate detection of intoxicated driving. To
enhance safety, an Arduino Uno micro-controller and
NodeMCU module are used to trigger an alert mechanism
that includes sound alarms and emergency notifications sent
to predefined contacts via IoT connectivity. The proposed
system offers a fast, reliable, and automated approach to
reducing road accidents by providing real-time intervention.
The findings indicate that YOLO-based facial recognition
outperforms traditional methods in terms of accuracy and
efficiency, making it a promising solution for accident
prevention.

Index Terms— Driver Drowsiness Detection, Machine Learn-
ing, YOLO Model, Alcohol Detection, IoT, Accident Prevention,
Arduino Uno, NodeMCU, Real-time Monitoring, Road Safety.

I. INTRODUCTION

Road safety is an important international issue, with
thousands of lives lost each year to driver drowsiness
and alcohol intoxication. Fatigue compromises reaction
time, decision-making capacity, and general alertness, so
drowsy driving is as risky as driving drunk. Driver fatigue,
as reported by the World Health Organization (WHO)
and numerous traffic safety reports, is responsible for
about 20% of road accidents, while drunk driving is a
top cause of deaths on road. Manual supervision, infrared
sensors, and EEG devices are the traditional approaches
to monitoring driver alertness and have some drawbacks
such as high cost, complexity, and inefficiency when
applied in real-world settings. Most current solutions also
do not offer real-time alerts and preventive action, and
thus the risk of accidents increases before intervention
can occur. To counter this, in this research work, an in-
intelligent accident prevention system is suggested that
utilizes machine learning and loT-based technologies to
identify driver drowsiness and alcohol intoxication in real-
time. The sys- tem utilizes a YOLO (You Only Look Once)
deep learning model for face recognition, that is, eye
closure and other drowsiness indicators. Besides, an MQ-
3 alcohol sensor is utilized to detect alcohol content from
the driver’s breath. The Arduino Uno micro-controller and
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NodeMCU module are used in processing sensor readings
and initiating an immediate alert system, including sound
alarms and emergency noti- fications to pre-defined con-
tacts through 10T connectivity. By integrating computer
vision, deep learning, and 10T- based alert systems, the
solution proposed guarantees a more reliable, accurate,
and real-time intervention system to minimize accidents
due to driver fatigue and intoxication. The main goals of
this research are to design a strong and affordable accident
prevention system, test its accuracy in detecting drowsi-
ness and in- toxication, and compare its performance
with current driver monitoring methods. This research
seeks to con- contribution to the development of smart
transportation systems through the blending of cutting-
edge Al-based solutions with road safety software. The
outcomes of this research may be useful for personal ve-
hicle owners, commercial fleets, and autonomous driving
systems, providing an anticipatory solution for reducing
road accidents and improving driving safety.

Il. LITERATURE SURVEY

The problem of driver drowsiness and alcohol-induced
impairment has been widely studied in the fields of
computer vision, machine learning, and loT-based safety
systems. Various techniques have been proposed to detect
driver fatigue and intoxication, ranging from physiological
monitoring methods to image-based detection systems.
This section provides an overview of existing research on
drowsiness detection, alcohol detection, and the integra-
tion of machine learning and 10T in accident prevention
systems.

A. Drowsiness Detection Methods

There have been a number of methods tried to detect
drowsiness in drivers. These can be divided into three
primary methodologies:

Physiological Signal-Based Methods: EEG, EMG, and
EOG have been employed by some research to track brain
activity and muscle activity related to fatigue. Although
such methods give very good results, they need sophisti-
cated and invasive sensors, which render them unsuitable
for actual driving conditions.

Behavioral and Facial Recognition-Based Approaches:
Deep learning-based computer vision approaches, such as
CNN and YOLO, have been widely utilized to identify eye
closure, yawning, and head nodding. Experiments have re-
vealed that YOLO-based algorithms are more efficient and
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Behavioral Analysis: Machine learning models have
been trained to identify slurred speech,

effective than conventional image processing techniques
and are suitable for real-time drowsiness detection.
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Vehicle-Based Detection Methods: Some studies have
examined steering patterns, lane deviation, and braking
behaviors as indicators of drowsiness. However, these
methods are often inaccurate as they do not consider
external driving conditions such as road type, traffic, or
vehicle condition.

Among these approaches, computer vision-based tech-
niques have gained significant attention due to their non-
intrusive nature and high accuracy. YOLO-based object
detection models, in particular, have been widely adopted
for real-time monitoring of facial features to determine
drowsiness levels.

B. Alcohol Detection Methods

Drunk driving is still one of the prime causes of road
accidents worldwide. Numerous techniques have been
developed for detecting alcohol, including:

Breath-Based Sensors: Studies have demonstrated that
MQ-3 gas sensors are effective to detect the presence of
alcohol in a driver’s breath. Sensors are inexpensive and
efficient and therefore have wide-ranging applications in
car safety.

Blood and Sweat Testing: Some studies have explored
wearable biosensors, which are able to assess blood alco-
hol content (BAC) via sweat or even direct blood analysis.
Though accurate, the process is not practical for real-time
observation of drivers.

unsteady movement, and impaired cognitive responses
as signs of intoxication. However, these methods often re-
quire high computational power and may not be effective
in all situations.

Among these methods, breath-based sensors such as
the MQ-3 are the most practical for real-time implemen-
tation in vehicles due to their affordability, portability, and
ease of integration with loT-based systems.

C. Machine Learning and 10T in Accident Prevention

The convergence of artificial intelligence (Al) and the
Internet of Things (loT) in preventing accidents has re-
sulted in sophisticated driver monitoring systems. Var-

ious research studies have suggested l0T-based safety
solutions, where microcontrollers such as Arduino and

NodeMCU are employed to analyze sensor data and send

alerts in the event of drowsiness or alcohol consumption.

Real-Time Monitoring and Warning: loT-driven safety
systems facilitate real-time alerting to emergency contacts,
fleet managers, or law enforcement departments. Research

has established that using real-time transmission of data
leads to a huge improvement in response time and lower
accident risks.

Deep Learning for Facial Detection: Researchers have
emphasized the benefits of deep learning models like
YOLO and CNN in precisely detecting facial characteristics
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and drowsiness degrees. YOLO models have been notably
successful because they are fast and accurate, and hence
can be applied for real-time use.

Comparative Studies: Studies comparing convention-
ally used drowsiness detection methods with Al-driven
techniques have proved that IoT implementation and
deep learning improve detection quality and response
effectiveness.

D. Research Gaps and Need for Improvement

While significant progress has been made in drowsiness
and alcohol detection, several challenges still exist:

Accuracy in Real-World Conditions: Many studies have
been conducted in controlled environments, but real-
world driving conditions introduce lighting variations,
different face angles, and occlusions, which can affect
detection accuracy. Integration Challenges: Combining
machine learning, 10T, and multiple sensor inputs into a
single, cost-effective system remains a challenge. User Ac-
ceptability: Some existing detection methods are intrusive
or require additional hardware, making them less practical
for everyday use.

I1l. METHODOLOGY

The methodology section provides details about the
structured process to design and implement the accident
prevention system from drowsiness and alcohol detection
through machine learning and 10T. The section describes
the research design, hardware and software elements, data
gathering approaches, model training process, and system
implementation to maintain precise real-time monitoring
and alarm systems for driver safety.

A. Research Design

This research is based on an experimental research
methodology, where loT-based sensors and machine
learning algorithms are combined to identify drowsiness
and alcohol impairment among drivers. The system uses
computer vision (YOLOV8), alcohol sensor arrays (MQ-3),
and loT-based warning systems (Arduino and NodeMCU)
to monitor driver activity and issue safety warnings.

The research methodology entails the following steps:

Data Collection & Preprocessing.

Machine Learning Model Development & Training.

Hardware Integration & 10T Setup.

Real-Time System Implementation.

Performance Evaluation & Testing.

B. Data Collection and Preprocessing

To accurately detect driver drowsiness, a dataset con-
taining images of eye-open and eye-closed states is used.
The dataset is sourced from Roboflow and augmented
with additional images to improve accuracy. The prepro-
cessing steps include:

Data Labeling: Annotating images for "eyes open" and
"eyes closed" states using bounding boxes. Image Aug-
mentation: Techniques like rotation, contrast adjustment,
and brightness normalization are applied to ensure the

Fig. 1.

Eye and Sleep detection code

model performs well under different lighting conditions.
Dataset Splitting: The dataset is divided into training
(80%) and testing (20%) sets to evaluate the model’s
performance. For alcohol detection, the MQ-3 sensor
is used to collect breath samples with varying alcohol
concentrations, and the readings are stored for calibration.

C. Machine Learning Model Development

For drowsiness detection, YOLOV8 (You Only Look
Once, Version 8) is utilized as it possesses the ability
of high-speed real-time object detection. The model is
trained with the Roboflow labeled dataset and its per-
formance is tested using conventional performance mea-
sures. The steps are as follows:

Model Training: The YOLOV8 model is trained on an
eye-detection dataset that is annotated, fine-tuning it for
real-time eye and face analysis. Feature Extraction: The
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#include <Wire.h> model is trained on eye movement patterns to determine
sdefine inl whether a driver is sleepy (eyes closed for a long time).
#define in2 Threshold-Based Detection: If the eyes stay closed for over
‘:::‘::m" 1:4’ ‘ 10 seconds, an alert is issued. To detect alcohol, MQ-3 is
sdefine alc set up to sense the concentration of alcohol in the breath.
#define sip Sensor data are read by the Arduino Uno and an alarm
a:ﬁ' ‘31’331?2“,.‘ - triggered when the value crosses the default Blood Alcohol
#define Thres Val 468 Concentration (BAC) level.

D. Hardware and loT System Integration
setup( ) {

pinMode( inl, OUTPUT); The system integrates hardware components with ma-
pinMode( in2, OUTPUT); chine learning and loT for real-time accident prevention.
pinMode( Ln3, OUTPUT); The hardware includes:

pinMode( ind, OUTPUT); . . . .
pinMode{ale, OUTPUT): A. Components Used Microcontrollers: Arduino Uno:
pinMode(slp, OUTPUT); Processes alcohol sensor data. NodeMCU (ESP8266): Han-
::::‘D:i;?(r)(a '“"'U”‘ dles loT-based alert notifications. Sensors: MQ-3 Gas Sen-

e.begin - - .

Wire.onReceive( recelvekvent): sor: Detects alcohol in the driver’s breath. Camera Module:
Wire.onRequest(loop); Captures the driver’s face for drowsiness detection. Buzzer

Serial.begin(9680}; and Alerts: Buzzer: Sounds an alarm when drowsiness or

alcohol is detected. LED Indicator: Lights up as a warning

loop() { signal. 10T Connectivity: Wi-Fi Module (ESP8266): Sends
o mzp""l":l‘l’gim‘"”?? E SMS/email alerts to emergency contacts when drowsiness
o > 400) { or intoxication is detected.
digitalWrite(inl, HIGH);
digitalWrite(in2, HIGH); E. Real-Time System Implementation
digitalWrite(in3, HIGH); 3 . B . .
digitalWrite(ind, HIGH): The implementation process involves integrating all
digitalWrite(alc, HIGH); components and running the system in a real-time driving
BT MULERTR 25 environment. The steps include:
< 408) { Camera Setup & Face Detection: The camera continu-
digitalWrite(inl, LOW); ously monitors the driver’s eye state and facial expressions.
QOLERRMCE Ol R, HIGH) 3 YOLOV8 Model Execution: The trained model detects if the
digitalWrite(in3, HIGH); K
digitalWrite(ind, LOW): driver’s eyes are closed for more than 10 seconds. MQ-3
digitalwrite(alc, LOW); Sensor Calibration: The sensor measures breath alcohol
2 concentration, and if it exceeds a predefined limit, an alert
(Serial.available() > 0) { ) A A )
sleep_status = Serial.read{): is triggered. Alert Mechanism: If drowsiness or alcohol
{sleep_status == 'a') { impairment is detected: A buzzer sounds an alarm to
digitalWrite(inl, HIGH); - o
digitalWrite(in2, HIGH): V\{ake the driver. An emergency alert (SMS/Err_1a|I) _|s sgnt
digitalWrite( (n3, HIGH); via NodeMCU to pre-registered contacts. If intoxication
digitalWrite(ind, HIGH); is detected, the ignition system can be disabled (optional
digitalWrite(slp, HIGH);
Wire.write("b"); feature).
(sleep_status == 'b") { . .
digitalWrite{inl, LOW): F. Performance Evaluation and Testing
digitalWrite(in2, HIGH); FITT
digitalWrite(in3. HIGH): Tq evaluate the acs:uracy and reliability of the s_ystem,
digitalWrite(ind, LOW): multiple test scenarios are conducted under different
digitalWrite(slp, LOW); conditions:
} ¥ Testing in Various Lighting Conditions: To ensure that
delay(506); the YOLOV8 model works in bright daylight, low light,

and nighttime driving scenarios. Validation with Different
rocotVeEvenEL (it Rowesny) ¢ Driver Faf:es: The _model is tested on various individuals
(0 < Wire.available()) { to ensure it generalizes well. Accuracy Measurement: The
char ¢ = Wire.read(); system is evaluated using metrics such as: Precision &
Recall for eye detection accuracy. False Positive Rate (FPR)
& False Negative Rate (FNR) to assess detection errors. Re-
requestEvent() { sponse Time to measure how quickly alerts are triggered.
MADRIMCATSL He A IR L3 The alcohol detection component is tested by exposing
the MQ-3 sensor to different alcohol concentrations, and
Fig. 2. Alcohol detection code its accuracy is compared with standard breathalyzers.
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IV. WORK DONE AND RESULTS ANALYSIS

A. Drowsiness Detection Results

The results section presents the findings from the
drowsiness and alcohol detection system, evaluating its
performance based on accuracy, response time, and real-
world effectiveness. The system was tested under vari-
ous conditions, including different lighting environments,
driver behaviors, and alcohol concentration levels, to
assess its reliability in preventing accidents. The YOLOv8-
based eye detection model demonstrated an accuracy of
92 percent in identifying eye open/closed states, ensuring
effective drowsiness detection. In low-light conditions,
the accuracy slightly dropped to 87 percent, indicating
potential improvements with infrared cameras. The sys-
tem successfully detected drowsiness when a driver’s eyes
remained closed for more than 10 seconds, triggering a
buzzer alarm and sending an loT-based alert notification
via NodeMCU. False positives were minimal, occurring in
only 5 percent of test cases, typically due to temporary
eye closure (e.g., blinking).

Fig. 3. Open Eye Detection

B. Alcohol Detection Results

-|r|§ Scenario Exp. Output Act. Output Status|
Detect eyes closed Alarm Alarm
TC.03 >10s triggers triggered Pass Fig. 4. Closed Eye Detection
TC_0Z Detect eyes open No alarm No alarm Pass
TC_03 Alcohol < threshold No action No action Pass
Vehicle Vehicle ) o
TC_04 Alcohol > threshold stops stopped Pass | emergency contacts received alerts within 2-3 seconds of
TC_08 10T alert message NOtI.flcatIOH Nt?tlflcatlon re- Pass detection.
received ceived
TC_06 Low light detection Accuracy oeHidy Pass | D. Summary of Findings
maintained maintained
Tc of Sensor  hardware | Communicatio Communication | The results indicate that the drowsiness and alcohol de-
— | check works successful tection system provides a highly accurate, real-time safet
TC 08 Env. condition per- | Accurate de- | Accurate P _y P X ghly R ’ T Yy
— formance tections detections mechanism for accident prevention. The combination
TABLE Il of machine learning and 10T enables efficient monitor-
TEST CASES ing, early warning, and emergency response, significantly

The MQ-3 alcohol sensor effectively detected alcohol
presence with an accuracy of 95 percent, compared to
commercial breathalyzers. When a driver’s Blood Alcohol
Concentration (BAC) exceeded 0.03 percent, the system
immediately triggered an audio alert and sent an SMS
notification. The ignition system could also be optionally
disabled for added safety.

C. System Performance Evaluation

The system’s response time was measured across mul-
tiple trials:

Drowsiness Detection: 0.8 seconds from detection to
alarm activation. Alcohol Detection: 1.2 seconds from
breath analysis to alert generation. Additionally, real-
world driving tests showed that the system performed
well in urban and highway conditions, with minimal
detection delays. The 10T notification system ensured that

reducing the risk of driver fatigue- or alcohol-related
accidents. However, minor improvements in nighttime
detection and false positive reduction can further enhance
its reliability.

V. DISCUSSION

The discussion section evaluates the effectiveness of
the drowsiness and alcohol detection system, analyzing its
strengths, limitations, and implications for real-world ap-
plications. The research demonstrates that YOLOv8-based
eye detection and MQ-3 alcohol sensors provide a highly
accurate and responsive solution for detecting driver fa-
tigue and intoxication. The integration of 10T (NodeMCU)
for real-time alerts enhances the system’s practicality by
ensuring that emergency contacts receive notifications in
critical situations. The low false positive rate (5percent)
for drowsiness detection and the 95 percent accuracy of
alcohol detection indicate a robust performance, making
it a viable accident prevention tool.
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However, certain limitations were observed. The sys-
tem’s accuracy slightly decreases in low-light environ-
ments, suggesting the need for infrared (IR) cameras to
improve nighttime detection. Additionally, variability in
individual alcohol metabolism could affect sensor read-
ings, necessitating further calibration for personalized
detection thresholds. Another challenge is the reliability
of loT-based alerts, which depend on stable internet
connectivity; in remote areas, message delays may occur.
Despite these limitations, the system provides a strong
foundation for intelligent driver monitoring, and future re-
search can explore deep learning advancements, improved
sensor technology, and adaptive thresholding techniques
to further enhance performance.

CONCLUSION

The Drowsiness and Alcohol Detection System is an
advanced solution designed to reduce road accidents
caused by driver fatigue and intoxication. By integrating
computer vision, 10T, and real-time alert mechanisms, the
system effectively detects drowsiness through eye closure
patterns and identifies alcohol consumption via breath
analysis sensors. When signs of fatigue or intoxication are
detected, immediate alerts are triggered, ensuring swift
intervention to prevent accidents. The system’s high ac-
curacy, rapid response time, and seamless 10T integration
make it a reliable safety mechanism for drivers. The use
of Al-powered facial recognition models, such as YOLOVS,
enhances detection precision by analyzing facial features
and eye movement patterns under various conditions,
improving overall performance.

To further enhance the system’s efficiency, future im-
provements could focus on enhancing nighttime detection
through infrared cameras for better visibility in low-light
conditions, minimizing false positives by refining machine
learning algorithms, and incorporating additional biomet-
ric sensors such as heart rate monitors and EEG sensors
for a more comprehensive driver health assessment. Addi-
tionally, expanding the system’s implementation to com-
mercial fleets and logistics companies could significantly
improve road safety by continuously monitoring long-
distance drivers, reducing human errors, and preventing
fatigue-related mishaps. By advancing Al-driven driver
assistance technologies, this research underscores the im-
portance of intelligent transportation systems in improv-
ing road safety and reducing accident-related fatalities.
The large-scale adoption of such innovations could trans-
form the transportation industry, ensuring safer roads for
drivers, passengers, and pedestrians alike.
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