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Abstract—The rapid growth of urban populations and vehicular traffic presents significant challenges for
road safety and traffic management. Traditional monitoring methods, which rely on manual observation or
limited-capability sensors, are often inefficient, costly, and not scalable. This paper presents an automated,
multi-functional road surveillance system that leverages state-of-the-art computer vision and deep learning
techniques. The system processes real-time video feeds from standard surveillance cameras to perform a
variety of tasks, including vehicle detection and classification, multi-object tracking, speed estimation, and

anomaly detection such as illegal maneuvers and stopped vehicles.

The core of the system is built upon the YOLO (You Only Look Once) object detector for high-speed
performance and the Deep SORT algorithm for robust tracking. By providing real-time data and alerts, this
framework offers a cost-effective and intelligent solution to enhance traffic efficiency, improve road safety, and

provide valuable data for urban planning and traffic flow analysis.

Keywords—Computer Vision, Road Surveillance, Object Detection, Object Tracking, YOLO, DeepSORT,
Traffic Management, Anomaly Detection, Intelligent Transportation Systems (ITS).

I. INTRODUCTION

Modern urban environments are increasingly
strained by traffic congestion, which leads to
economic losses, environmental pollution, and a
higher risk of accidents. Effective road surveillance
1s paramount for mitigating these issues. However,
conventional approaches are laden with limitations.

Manual monitoring

of countless CCTV feeds by human operators is
prone to fatigue, inattention, and is not scalable for
comprehensive citywide coverage. Hardware-based
sensor systems, such as inductive loops and radar,
provide accurate vehicle counts but are expensive
to install and maintain, and they fail to capture rich
information  like

contextual vehicle  type,

trajectories, or abnormal events.
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The proliferation of surveillance cameras,
combined with significant advancements in
computer vision and deep learning, offers a
powerful and cost-effective alternative. Video data
from these cameras is an underutilized resource
that contains a wealth of information about traffic
dynamics. By applying intelligent algorithms, we
can transform passive cameras into active sensors
fora

comprehensive Intelligent Transportation System
(ITS).

This paper proposes an integrated computer vision
real-time  road

framework  designed  for

surveillance. The system is capable of
autonomously analyzing video streams to monitor
traffic flow and detect critical events. The primary
contributions of this work are:

1.The development of an end-to-end pipeline that
integrates robust object detection and tracking for
continuous road monitoring.

2.The implementation of multi-task analytical
modules for vehicle counting, speed estimation,
and the detection of traffic violations from a single
video source.

3.The wuse of state-of-the-art, real-time deep
learning models (YOLO and DeepSORT) to ensure
both high accuracy and processing speed suitable
for live applications.

The proposed system aims to provide traffic
real-time

authorities with actionable,

insights, enabling faster incident response,

dynamic traffic management, and datadriven

infrastructure planning.

II. RELATED WORK

Research in automated video surveillance for
traffic applications has evolved through several
stages, from classical image processing to modern
deep learning methodologies.

Early approaches relied on traditional computer
vision techniques. Background subtraction [1] was
a popular method for detecting moving objects by
differentiating them from a static background
model. However, these methods are highly
sensitive to dynamic environmental changes, such
as illumination shifts, shadows, and camera jitter.
Another class of methods used feature-based
detection, employing handcrafted features like
Haar cascades or Histogram of Oriented Gradients
(HOG) [2] to identify vehicles. While effective for
specific object classes, these methods lack the
generalization capability to handle the wide variety
of vehicles and complex scenes found in realworld
traffic.

The advent of deep learning, particularly
Convolutional Neural Networks (CNNs), marked a
paradigm shift in object detection. Two-stage
detectors like the R-CNN family (R-CNN, Fast R-
CNN, Faster R-CNN) [3]

achieve high accuracy by first proposing regions
of interest and then classifying them.However,
their ~computational complexity makes them
less suitable for real-time applications. Single-
stage detectors, such as the Single Shot Detector
(SSD) and You Only Look Once (YOLO) [4],
address this by performing localization and
classification in a single pass. YOLO, in particular,
offers an excellent trade-off between speed and
accuracy, making it a preferred choice for real-

time video analysis [8].
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Object detection alone is insufficient for many
surveillance tasks; it must be paired with object
tracking. Tracking algorithms assign a unique
identity to each detected object across consecutive
frames. The Simple Online and Realtime Tracking
(SORT) algorithm [5] introduced a pragmatic
approach combining a Kalman filter for motion
prediction and the Hungarian algorithm for data
association. Its successor, DeepSORT [6],
significantly improved tracking robustness by
incorporating a deep, appearance-based feature
model. This allows the tracker to reidentify objects
even after prolonged periods of occlusion, a
common challenge in dense traffic.

Recent advancements have further extended these
systems to operate under real-world constraints,
such as adverse weather conditions [12] and
resourceconstrained environments [8].
Multicamera systems have also been introduced to
handle large intersections and multiangle coverage
[7]. Additionally, deep learning-based traffic
monitoring and vehicle counting systems [9][10]
have demonstrated promising results in enhancing
smart city infrastructure. Efforts have also been
made toward building lightweight and anomaly-
aware models for accident detection and control in
urban scenarios [11].

Our work builds upon these state-of-the-art deep
learning models, integrating YOLOv4/v5 for
detection and DeepSORT for tracking into a
cohesive, multifunctional system tailored for the

specific demands of road surveillance.

IHI. METHODOLOGY
The proposed system is designed as a modular

pipeline that processes video frames sequentially to

extract meaningful traffic information. The
architecture can be broken down into several key
stages, from data acquisition to event-based

alerting.

Figure 1: Architecture diagram A. System
Architecture The system operates on a frame-by-
frame basis, processing a live or pre-recorded video
stream. The logical flow is as follows:

1. Video Acquisition: A frame is captured from
the video source.

2. Object Detection: All relevant objects
(vehicles, pedestrians) in the frame are detected
and classified.

3. Object Tracking: Detections are associated
with existing object tracks or used to initialize new
ones, assigning a unique ID to each object.

4. Analytics and Event Recognition: The
tracking data (trajectories, positions) is fed into
various analytical modules to compute metrics and
detect events.

5. Data Logging and Visualization: The results
are logged to a database and can be visualized on a
user dashboard for monitoring.

B. Object Detection Module For real-time
performance, our system employs the YOLO (You
Only Look Once) architecture. YOLO frames object
detection as a single regression problem, directly
predicting bounding box coordinates and class

probabilities from a full image. It divides the input
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image into a grid, and each grid cell is responsible
for predicting objects whose centers fall within it.
This unified architecture allows for extremely fast
processing, making it ideal for video streams. The
model is pre-trained on a large-scale dataset like
COCO, which includes common vehicle classes
such as 'car,' 'truck,' 'bus,' and 'motorcycle.' This
provides a robust foundation for identifying a wide
range of road users.

C. Object Tracking Module

Once objects are detected in a frame, the
DeepSORT algorithm is used to track them over
time. DeepSORT extends the SORT tracker with a
deep appearance descriptor. The tracking process
involves two main steps for each frame:
Prediction: A Kalman filter predicts the new
positions of existing tracks based on their previous
motion.

Association: The Hungarian algorithm is used to
match the predicted tracks with the new detections
from YOLO. The matching process uses a
combination of two metrics: motion (proximity of
the new detection to the predicted position) and
appearance (similarity of the new detection's
appearance feature vector to the stored features of
the track). The appearance features are generated
by a separate, lightweight CNN trained to
distinguish between different objects. This dual-
metric approach makes the tracker highly effective
at handling occlusions and re-identifying vehicles
that reappear.

D. Traffic Analytics Modules The rich data
generated by the tracking module (unique object
IDs and their spatiotemporal trajectories) enables a
suite of analytical functions:

Vehicle Counting and Classification: A virtual

line is defined across a lane in the camera's view.
When the centroid of a tracked object crosses this line,
its unique ID is registered and counted. The object's
class, provided by YOLO, is also recorded, allowing for
separate counts of cars, trucks, etc.

Speed Estimation: To estimate vehicle speed, two
parallel virtual lines are drawn a known real-world
distance apart. The system records the frame
number (and thus the timestamp) when a vehicle's
tracked point crosses the first line and then the
second. The speed is calculated by dividing the
known distance by the elapsed time. This requires a
one-time camera calibration step to map pixel
distances to real-world units (e.g., meters).
Anomaly and Violation Detection: The system is
configured with rules to identify hazardous or
illegal behaviour:

Stopped Vehicle Detection: If a tracked vehicle's
position remains static for longer than a predefined
threshold (e.g., 10 seconds), an alert is triggered for
a potential obstruction or breakdown.

Illegal Turn/Lane Usage: Regions of interest
(ROIs) corresponding to specific lanes or turn
restrictions are defined. An alert is flagged if a
vehicle's trajectory enters a restricted zone or
follows an illegal path.

Congestion Detection: The system monitors the
number of vehicles within a designated ROI. If
the count exceeds a certain threshold, it indicates

traffic congestion.

IV.RESULTS AND DISCUSSION

This section outlines the functional results of the
implemented system, demonstrating its capabilities
through descriptions of the visual output that

would be presented in a full paper.
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Figure 2 : Helmet rules violation being detected
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Figure 3:Pictures being shared with
dashboard

A. Real-Time Detection and Tracking Interface
The primary visual output of the system is the
annotated video stream. A snapshot here would
display a frame from a traffic camera with the
system's analysis overlaid. Bounding boxes would
be drawn around each detected vehicle, color-
coded by class (e.g., blue for cars, green for

trucks). Each box would be labeled with the vehicle

class and its unique tracking ID. The trajectories of
tracked vehicles could also be visualized as colored
trails, showing their path through the scene.

B. Dashboard for Traffic Analytics A web-
based dashboard serves as the central monitoring
interface. Snapshots of this dashboard would
illustrate the aggregated data:

. Live Counts: A panel displaying real-time
vehicle counts for each lane, categorized by

vehicle type.

. Speed Metrics: A section showing the
average speed of traffic flow, with gauges or
charts.

. Alert Log: A table or feed listing all
detected anomalies, with timestamps, event types
(e.g., "Stopped Vehicle," "lllegal Turn"), and a
snapshot of the event for verification.

C. Discussion

The system demonstrates a high degree of accuracy
and real-time performance wunder favorable
conditions (daylight, clear weather). The use of
YOLO allows for processing rates that meet or
exceed standard video frame rates on modern GPU
DeepSORT  proves

maintaining consistent object identities, even with

hardware. effective in
temporary occlusions caused by other vehicles.
However, several challenges and limitations were
identified:

Environmental Factors: System performance can
be degraded by adverse weather conditions such as
heavy rain, fog, or snow, which obstruct visibility.
Illumination Challenges: Low light during
nighttime and strong shadows or glare during the
day can negatively impact detection accuracy.
While some models are trained to handle this,

extreme conditions remain a challenge.
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« Severe Occlusion: In extremely dense, stop-
and-go traffic, prolonged and complete occlusion
of vehicles can cause the tracker to lose an object's
identity, leading to counting errors.

« Camera Perspective: The accuracy of speed
estimation is highly dependent on the camera's
angle and calibration. A bird's-eye view is ideal,
while steep, oblique angles introduce geometric

distortions that are harder to correct.

V.CONCLUSION AND FUTURE
WORK

This paper has presented a comprehensive, deep

learning-based system for intelligent road
surveillance. By integrating a highspeed object
detector (YOLO) with a robust multi-object tracker
(DeepSORT), the system provides a powerful and
scalable solution for real-time traffic monitoring. It
successfully automates tasks such as vehicle
counting, speed estimation, and anomaly detection,
offering significant advantages over traditional
methods. The framework demonstrates the
potential of computer vision to transform existing
surveillance infrastructure into a proactive tool for
enhancing road safety and efficiency.

Future work will be directed toward improving the
system's robustness and expanding its capabilities:
1. All-Weather Performance: Training models
on datasets that include diverse weather and
lighting conditions to improve their resilience in
real-world deployments.

2. Multi-Camera Tracking: Extending the
tracking algorithm to operate across a network of
non-overlapping cameras, enabling city-wide
vehicle trajectory analysis.

3. Predictive Analytics: Leveraging the collected

historical data with machine learning models to
predict traffic congestion and accident hotspots

before they occur.

4. Edge Computing Deployment:

Optimizing the models for deployment on edge
devices (i.e., smart cameras), which would reduce
network bandwidth requirements and system
latency.

5. Behavioral Analysis: Developing more
sophisticated models to wunderstand complex
vehicle interactions and predict driver intent for

proactive safety alerts.
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