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ABSTRACT

Driver and road safety require continuous monitoring of both the driver and the surrounding road
environment. This work presents an Intelligent Computer Vision-Based Driver and Road Safety

Monitoring System Using Deep Learning that combines different safety-monitoring functions into a
single framework. The system uses MediaPipe Face Mesh, facial landmark analysis, deep learning
models, YOLOP, YOLOI 1, and image processing techniques to monitor the driver and road conditions.
The driver monitoring module analyzes facial features to identify Normal, Drowsy, Impaired, and
Yawning states, along with driver absence and abnormal head movements using eye, mouth, and head-
pose analysis. The system also detects seatbelt usage and potholes, while YOLOP and YOLO1 1 are used
for road-scene and road-object detection. CLAHE is used to improve image quality under different
lighting conditions. The outputs from these modules are combined using a Unified Processor and Safety
Decision Engine to determine the overall safety state and generate an audible alert when an unsafe
condition is detected. The system produces annotated output frames and buzzer-synchronized H.264
video, while safety events and session details are stored in a SQLite database. A Streamlit-based
analytics dashboard is provided to visualize safety events, session records, detection results, and system
outputs. The proposed system provides an integrated approach to driver and road safety monitoring by
combining computer vision, deep learning, safety decision-making, real-time alerts, data logging, and
analytics in a single framework.

Keywords — Driver Monitoring, Road Safety, Computer Vision, Deep Learning, Facial Landmark
Analysis.

1. INTRODUCTION:

Vehicle safety depends on several factors, including the condition of the driver, proper use of the
seatbelt, and the surrounding road environment. Driver drowsiness, yawning, abnormal head
movement, driver absence, improper seatbelt usage, road objects, and potholes can create unsafe driving
situations. Recent developments in Artificial Intelligence (AI) [1], Computer Vision, Deep Learning
[2], and image processing provide useful methods for monitoring these safety conditions automatically.
However, many existing systems mainly focus on a single safety problem, such as drowsiness detection,
seatbelt detection, or road-object detection. Monitoring these conditions separately may not provide a
complete view of the overall safety condition during vehicle operation. Therefore, an integrated system
that can monitor both the driver and road environment is needed.
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This work presents an Intelligent Computer Vision-Based Driver and Road Safety Monitoring System
Using Deep Learning, which combines multiple safety-monitoring functions within a unified
framework. The proposed system can process image, video, and live camera input and analyze the driver
as well as the surrounding road environment. The driver-monitoring module uses MediaPipe Face Mesh
with 468 facial landmarks for facial analysis and head-pose estimation. Facial features are used to
calculate parameters such as Eye Aspect Ratio (EAR) and Mouth Aspect Ratio (MAR). These features,
along with temporal analysis and head-pose information, are used to identify Normal, Drowsy,
Impaired, and Yawning driver states. The system also detects driver absence and abnormal head
movements using pitch, yaw, and roll information. CLAHE (Contrast Limited Adaptive Histogram
Equalization) is used in the image-processing stage to improve image contrast under different visual
conditions. Pasted markdown

In addition to driver monitoring, the system analyzes important road and vehicle safety conditions. A
deep-learning-based model is used for seatbelt detection, while YOLOP is used for road-scene
perception and YOLOI11 is used for road-object detection. A separate deep-learning-based module is
used to identify potholes in the road environment. The information obtained from these different
modules is passed to a Unified Processor, which coordinates the results and sends them to the Safety
Decision Engine. The Safety Decision Engine evaluates the combined safety information and
determines the overall safety state. When an unsafe condition is detected, the system generates a
corresponding safety reason and activates an audible buzzer alert. Pasted markdown

The proposed system also provides visual and stored evidence of the detected safety conditions.
Annotated frames and processed video are generated during system operation, and FFmpeg is used to
synchronize the buzzer audio with the processed video to produce an H.264-compatible output video.
Safety events, frame-level observations, detection results, head-pose information, session details, and
output information are stored in a SQLite database. A Streamlit-based analytics dashboard is used to
review session history, safety events, detection results, head-pose information, processed outputs, and
system analytics. This allows the system to provide not only real-time monitoring and alerts but also
historical information for later analysis. Pasted markdown

The main aim of the proposed system is to bring driver monitoring, seatbelt detection, road perception,
pothole detection, safety decision-making, alert generation, video processing, data storage, and
analytics into a single framework. By coordinating the outputs of different computer vision and deep-
learning modules through the Unified Processor and Safety Decision Engine, the system provides a
common safety assessment instead of treating each safety condition independently. The developed
framework therefore provides an integrated approach to real-time driver and road safety monitoring
using computer vision, deep learning, facial landmark analysis, image enhancement, centralized safety
processing, synchronized alerts, persistent data logging, and analytics.

2. LITERATURE REVIEW:

Driver and road safety monitoring has received significant attention with the development of computer
vision, machine learning, and deep learning techniques. Existing studies mainly focus on driver
monitoring, drowsiness detection, seatbelt detection, road-scene perception, pothole detection, and
image enhancement. These studies provide useful methods for identifying different safety conditions
during vehicle operation and form the technical basis for developing intelligent vehicle safety-
monitoring systems.

Several studies have focused on driver monitoring and drowsiness detection using facial features. Kim
et al. [3] proposed a real-time driver monitoring system using facial landmarks for eye-closure detection
and head-pose recognition. The system uses facial landmarks to analyze eye closure and head
orientation, showing the usefulness of facial landmark-based methods for monitoring driver attention
and drowsiness. Phan et al. [4] proposed a driver drowsiness detection and smart alerting system using
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deep learning and IoT. The study considered visual indicators such as eye conditions, blinking,
yawning, and head movement for identifying drowsy driving conditions and generating alerts.
Albasrawi et al. [5] developed a driver drowsiness monitoring system using facial landmark detection
and a Convolutional Neural Network for prediction. Their work demonstrated the use of facial
information together with deep learning for non-invasive driver monitoring. Keshtkaran et al. [6]
investigated the use of facial features from RGB images for assessing alcohol-related driver impairment.
These studies show that facial features, eye behavior, mouth movement, and head orientation can
provide useful information for identifying different driver conditions.

Seatbelt detection has also been studied using deep-learning-based object detection techniques.
Upadhyay et al. [7] proposed a real-time seatbelt detection system using a YOLO-based deep-learning
model. The system analyzes images captured inside a vehicle and identifies whether the driver is
wearing a seatbelt. Yassin et al. [8] proposed an improved YOLOv5-based method for seatbelt detection
in traffic environments and considered image-processing techniques to improve detection under
different illumination conditions. These studies demonstrate the usefulness of deep-learning-based
object detection for automated seatbelt monitoring. However, the main focus of these approaches is
seatbelt recognition rather than combining seatbelt information with driver and road safety conditions.
For road-scene perception, Wu et al. [9] introduced YOLOP, a multi-task deep-learning framework for
panoptic driving perception. YOLOP performs traffic-object detection, drivable-area segmentation, and
lane detection using a shared feature-extraction architecture. The model was evaluated using the
BDD100K driving dataset and demonstrated its ability to support multiple road-perception tasks in real-
time driving environments. The study provides an important basis for using deep learning to understand
the surrounding road environment.

Pothole detection has been investigated using different deep-learning approaches. Klco et al. [10]
studied automated pothole detection using the YOLOvVS neural network. The work demonstrated the
use of object detection for identifying road-surface defects automatically. Ruseruka et al. [11]
investigated pothole detection and dimension estimation using machine learning and deep learning with
in-vehicle technologies. The study showed that vehicle-mounted visual information can be used for
road-condition monitoring and pothole identification. Zhong et al. [14] proposed a pothole detection
and quantification method using YOLOvS8 and point-cloud information. Their approach used object
detection to identify potholes and additional information to analyze their geometry and dimensions.
These studies show the potential of deep-learning-based methods for identifying road-surface hazards
during vehicle operation.

Image quality is also important for computer vision systems operating under different lighting
conditions. Chen et al. [12] investigated the use of Contrast Limited Adaptive Histogram Equalization
(CLAHE) with YOLO-based models for road-marking recognition at night. The study showed that
image enhancement can improve the visual information available for recognition under challenging
illumination conditions. This work provides a basis for using CLAHE as an image-processing technique
in safety-monitoring systems where input images may have different lighting conditions.

Some studies have considered driver behavior and the surrounding road environment together. The Safe
Smart Drive system [13] presented a real-time approach that combines traffic-environment detection
and driver-behavior monitoring using machine learning and deep learning. The system includes
perception, detection, classification, and alert-generation stages, demonstrating the importance of
monitoring both the driver and the surrounding traffic environment. Visconti et al. [15] presented a
review of driver-monitoring systems and on-board vehicle technologies in the Internet of Vehicles and
intelligent transportation environment. The review covers driver drowsiness, impairment, driving
behavior, vehicle conditions, and road-related information and highlights the increasing use of artificial
intelligence, computer vision, sensors, and intelligent transportation technologies for vehicle safety.
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Overall, the reviewed studies demonstrate the use of facial landmark analysis, deep learning, object
detection, road-scene perception, image enhancement, and intelligent monitoring techniques for
different vehicle and road safety applications. Driver-monitoring research provides methods for
analyzing eye behavior, facial features, yawning, drowsiness, impairment, and head movement [3]—[6].
Seatbelt detection studies demonstrate the application of YOLO-based models for monitoring seatbelt
compliance [7], [8]. Road-perception and pothole studies provide methods for detecting road objects,
understanding road scenes, and identifying road-surface hazards [9]-[11], [14]. Image enhancement
using CLAHE has also been investigated to improve visual information under difficult lighting
conditions [12]. Studies such as SafeSmartDrive and the Internet of Vehicles review further show the
importance of considering both driver behavior and the surrounding road environment in intelligent
vehicle safety systems [13], [15]. These studies provide the technical foundation for the different
computer vision and deep-learning components used in the proposed driver and road safety monitoring
system.
3. SYSTEM METHODOLOGY:
The proposed Intelligent Computer Vision-Based Driver and Road Safety Monitoring System Using
Deep Learning is implemented as an integrated computer vision and deep-learning framework for
monitoring driver behaviour, vehicle safety conditions, and the surrounding road environment. The
system accepts image, video, and webcam inputs and processes the acquired frames through image
preprocessing, driver monitoring, seatbelt detection, road-scene perception, road-object detection,
pothole detection, unified processing, and safety decision-making. The outputs from these modules are
combined by the Unified Processor, and the Safety Decision Engine determines the overall safety
condition and generates appropriate alerts. The system also provides synchronized output video,
persistent database storage, and a Streamlit-based analytics interface.
3.1 Input Acquisition and Image Preprocessing:
The system supports three types of input: image, video, and webcam. Image inputs are processed
individually, whereas video and webcam inputs are processed frame by frame. The input frames
undergo basic preprocessing operations such as resizing, noise reduction, and color conversion before
being passed to the monitoring modules. Contrast Limited Adaptive Histogram Equalization (CLAHE)
is applied to improve image contrast and enhance relevant visual information under varying
illumination conditions. The enhanced frames are then used as input to the driver and road monitoring
components.
The image-processing flow is:
Input — Preprocessing — CLAHE Enhancement — Enhanced Frame
3.2 Driver Monitoring Module:
The Driver Monitoring Module is implemented using MediaPipe Face Mesh, which provides 468 facial
landmarks for facial analysis. These landmarks are used to obtain information from the driver's eyes,
mouth, and facial orientation.
Two important geometric features are calculated from the facial landmarks:

¢ Eye Aspect Ratio (EAR): used to analyze eye closure and eye-related behaviour.

¢ Mouth Aspect Ratio (MAR): used to analyze mouth opening and yawning-related behaviour.
The module also estimates the driver's head orientation using pitch, yaw, and roll. These facial and
head-pose features are used to identify the driver states Normal, Drowsy, Impaired, and Yawning. In
addition, the module performs driver absence detection and identifies abnormal head movement based
on head-pose information. Thus, the driver-monitoring module combines facial landmarks, eye
behaviour, mouth movement, and head orientation to characterize the driver's condition.
3.3 Seatbelt Detection Module:
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The Seatbelt Detection Module uses a deep-learning-based object detection model to identify whether
the driver is wearing a seatbelt. The module analyses the driver region and produces the corresponding
seatbelt detection result. The detected seatbelt condition is forwarded to the Unified Processor so that
seatbelt compliance can be considered together with driver and road safety conditions during the final
safety evaluation.

3.4 Road-Scene Perception Using YOLOP:

The YOLOP (You Only Look Once for Panoptic Driving Perception) model is used for road-scene
perception. It provides information related to the driving environment, including drivable-area
perception and lane-related information, along with traffic-scene understanding. The processed frame
is passed to YOLOP to obtain the required road-scene observations, which are subsequently forwarded
to the Unified Processor.

3.5 Road-Object Detection Using YOLO11:

YOLOL11 is used for detecting relevant objects present in the surrounding road environment. The model
processes the enhanced input frames and identifies road objects such as vehicles and other relevant
objects present in the scene. The detected objects are used by the safety-processing stage to determine
whether a road-related safety condition exists. The resulting road-object information is passed to the
Unified Processor for further evaluation.

3.6 Pothole Detection Module:

A separate deep-learning-based pothole detection component is implemented to identify potholes in the
road scene. The detected pothole information, including the detection result and associated information,
is forwarded to the Unified Processor. This allows road-surface hazards to be considered together with
driver-related and other road-related safety conditions during safety evaluation.

3.7 Unified Processor:

The Unified Processor acts as the central coordination component of the proposed system. It receives
the outputs generated by the Driver Monitoring Module, Seatbelt Detection Module, YOLOP-based
road-scene perception, YOLO11-based road-object detection, and pothole detection module.

The processor organizes these outputs into a common processing flow and combines the observations
for centralized safety evaluation. This integration allows multiple safety conditions to be considered
together rather than treating each detection independently. The major inputs to the Unified Processor
include:

Driver State + Driver Presence + Head Movement + Seatbelt Status + Road Objects + Pothole
Information

The combined observations are then passed to the Safety Decision Engine.

3.8 Safety Decision Engine:

The Safety Decision Engine evaluates the outputs received from the Unified Processor using predefined
safety rules. The decision process considers driver state, driver presence, abnormal head movement,
seatbelt condition, detected road objects, and pothole information.

Based on the combined conditions, the engine determines the overall safety state and identifies the
corresponding safety reasons. When an unsafe condition is detected, the system activates the buzzer
and displays the relevant safety information on the processed frame. The decision flow is:

Driver Observations + Seatbelt Status + Road Observations + Pothole Information — Unified Processor
— Safety Decision Engine — Overall Safety State

3.9 Alert Generation and Buzzer System:

The system provides an audible buzzer alert when an unsafe condition is identified. The alert
mechanism is controlled by the safety state generated by the Safety Decision Engine. At the same time,
the processed frame is annotated with the relevant driver, road, and safety information.
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The generated buzzer events are associated with the corresponding processed frames, allowing the alert
information to be synchronized with the monitoring output.
3.10 Output Video Generation and FFmpeg Integration:
The processed frames containing the detected conditions, safety information, and visual annotations are
combined to generate the output video. Since the buzzer is generated during system execution, FFmpeg
is used to integrate the corresponding audio with the processed video.
This produces a synchronized audio-video output containing both the visual monitoring information
and the corresponding safety alerts. The final output is generated in a browser-compatible H.264 video
format. The output-generation flow is:
Safety Decision — Visual Annotation + Buzzer — Processed Video — FFmpeg Audio Integration —
Final Output Video
3.11 Database and Event Logging:
The system uses SQLite for persistent storage of monitoring and session information. The database
maintains both session-level and event-level records generated during system operation.
The stored information includes:

¢ Driver-state observations

e Frame-level measurements

e Head-pose information

e  Seatbelt detections

¢ Road-monitoring observations

¢ Pothole detections

e Safety events

e  Output-frame information

e Session information
This database structure allows the results of completed monitoring sessions to be retained and reviewed
later. It also provides the stored data required for session-based analytics and reporting.
3.12 Streamlit Analytics and Visualization:
A Streamlit-based analytics dashboard is developed to provide an interactive interface for reviewing
the stored monitoring information. The dashboard provides access to session history, safety events,
detection results, event records, and graphical analysis.
The analytics component allows previously completed monitoring sessions to be examined after
processing rather than relying only on real-time output. This supports analysis of driver states, head-
pose behaviour, seatbelt detections, road observations, pothole detections, and safety events.
3.13 Datasets and Model Development:
Task-specific datasets are used for developing the different detection and monitoring components. The
Driver Drowsiness Dataset (DDD) and the manually curated driver-state dataset support driver-state
analysis. The Seatbelt Detection Dataset is used for seatbelt detection, the IIT Madras Pothole Dataset
is used for pothole detection, and BDD100K is used for road-scene and road-object perception.
Table 1: The Seatbelt Detection Dataset

Associated
Dataset Purpose
Component
Driver Drowsiness Dataset (DDD) Driver Monitoring | Drowsiness and driver-state analysis

. . L Normal, Drowsy, Impaired, and
Manually Curated Driver-State Dataset | Driver Monitoring . .y- P
Yawning recognition

Seatbelt Detection Dataset Seatbelt Monitoring | Seatbelt detection
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IIT Madras Pothole Dataset Pothole Detection Pothole detection
. Road-scene and road-object
BDD100K Road Monitoring . )
perception

The general model-development flow is:

Relevant Dataset — Model Development/Training — Developed Model — Monitoring Component —
Unified Processor — Safety Decision Engine

Thus, the proposed methodology integrates computer vision, facial landmark analysis, deep-learning-
based detection, road-scene perception, safety decision logic, real-time alerts, synchronized video
processing, persistent database storage, and interactive analytics into a single framework for driver and
road safety monitoring.
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“Fig 1: Proposed Architecture”

4. RESULTS AND ANALYSIS:

The proposed Intelligent Computer Vision-Based Driver and Road Safety Monitoring System Using
Deep Learning was evaluated using image, video, and monitoring inputs to verify the functional
operation and integration of the developed components. The evaluation covered driver monitoring,
image enhancement, seatbelt detection, road-object and road-scene monitoring, pothole detection,
safety decision-making, alert generation, video processing, database logging, and session-level
analytics. A total of 30 functional and system-level test cases were evaluated, and all were recorded as
Pass.

The driver-monitoring module successfully identified the tested Normal, Drowsy, Yawning, and
Impaired conditions, along with driver absence and abnormal head movement. EAR, MAR, and head-
pose parameters such as pitch, yaw, and roll were also obtained. The results show that multiple facial
and head-related observations could be used together for driver-condition monitoring. CLAHE was
successfully incorporated into the image-processing pipeline. The seatbelt module detected the
compliant condition with a recorded confidence of 0.55, while non-detection generated the
corresponding safety response.

Road-monitoring tests successfully detected objects such as cars and buses and generated corresponding
safety conditions. Pothole testing produced zero detections for a pothole-free scene, while other tests
detected one pothole at 44.0% confidence and three potholes at 64.9% confidence. These confidence
values represent individual detection outputs and are not overall model-accuracy measures.

The outputs of the individual modules were integrated through the Unified Processor and Safety
Decision Engine. Fig. 2 shows the annotated unified processed output, demonstrating the combined
presentation of driver, seatbelt, road, safety, and alert information.
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“Fig. 2. Annotated Unified Processed Video Output”

During system-level testing, 202 frames were processed, with 27 frames requiring buzzer activation,
and the final safety state was NORMAL. An extended 97.35-second video containing 1,947 frames was
also processed successfully. The buzzer audio was integrated with the processed video using FFmpeg
to generate the final synchronized output. These results demonstrate the coordinated operation of the
monitoring, decision, alert, and video-processing stages. The system also provided session-level
analysis through SQLite and the Streamlit dashboard.

Fig. 3 presents the driver-monitoring trend analysis, which provides a temporal view of driver-related
observations and allows changes in driver behaviour to be examined across a session.

V. & AVMS Dashboard x o+ + Ask Gemini - o X

C @ localhost8501 Q w (@ verity its you

Navigation

e “MM/"

T - —

“Fig. 3. Driver Monitoring Analytics and Trend Analysis”
In the evaluated dashboard session, 284 total frames, 93 buzzer events, and 50 abnormal head-pose
frames were recorded. The system also retained 67 monitoring sessions, enabling previous results to be
reviewed.
Fig. 4 presents the safety-event analytics and alert-reason distribution. A total of 93 safety events were
recorded in the evaluated session. The analysis shows how observations from driver, seatbelt, road, and
pothole monitoring were converted into safety events through the centralized decision process.
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“Fig 4: Safety Event Analytics and Alert Reason Distribution”
Overall, the results demonstrate the functional operation and integration of the proposed system under
the tested conditions. The system combines driver and road monitoring with centralized safety
decisions, audible alerts, synchronized video output, persistent data storage, and session-level analytics.
The evaluation is primarily functional and system-level; therefore, the reported confidence values and
test-case results should not be interpreted as overall machine-learning accuracy. Quantitative measures
such as accuracy, precision, recall, F1-score, mAP, and FPS are not reported because corresponding
ground-truth-based measurements were not established for all implemented components.
5. CONCLUSION:
The project “Intelligent Computer Vision-Based Driver and Road Safety Monitoring System Using
Deep Learning” presents an integrated computer vision-based framework for real-time monitoring of
driver behaviour, vehicle safety conditions, and the surrounding road environment. The system
combines driver-state monitoring, head-movement analysis, seatbelt detection, road-object detection,
and pothole detection within a unified processing pipeline. The outputs are integrated through a Safety
Decision Engine to determine the overall safety state and generate corresponding alerts.
The driver-monitoring component uses facial landmark analysis to obtain Eye Aspect Ratio (EAR),
Mouth Aspect Ratio (MAR), fatigue indicators, and head-pose information. These features support the
detection of normal driving, yawning, drowsiness, driver absence, and abnormal head movement. The
road and vehicle safety components complement this analysis by monitoring seatbelt compliance,
detecting relevant road objects, and identifying potholes. The system outputs are demonstrated through
annotated frames, trend graphs, state distributions, detection records, and safety-event analytics.
A key feature of the system is the Unified AVMS Processor, which integrates the individual monitoring
components into a common processing framework. The system provides synchronized buzzer alerts for
detected safety conditions and generates annotated H.264-compatible video output. An interactive
Streamlit dashboard enables analysis of session history, driver states, head-pose trends, seatbelt
statistics, road-monitoring results, pothole information, safety events, saved output frames, and
generated video outputs.
The system also incorporates SQLite-based persistent data management for storing structured
information related to monitoring sessions, driver-monitoring frames, head pose, seatbelt detections,
road observations, pothole detections, safety events, output frames, and session outputs. The stored
records support historical analysis and session-based reporting.
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Overall, the implementation demonstrates the feasibility of integrating deep-learning-based object
detection, facial landmark analysis, road-scene perception, safety decision logic, real-time alerts, video
processing, database storage, and interactive analytics within a unified vehicle safety-monitoring
framework. The developed system provides a foundation for intelligent driver and road safety assistance
and can be further extended through additional datasets, improved detection models, broader real-world
testing, and integration of additional vehicle safety sensors.
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