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Abstract - Surveillance systems are extensively deployed
in both public and private environments for security
monitoring; however, conventional approaches largely rely
on manual supervision, which makes them inefficient for
analyzing large volumes of video data from multiple camera
feeds. To overcome these limitations, this project introduces
a Multi-Camera Behavioural Surveillance Framework
(MCBSF) designed to automatically perform human
detection, tracking, and behavioural interpretation in real
time using advanced deep learning methods. The proposed
framework is built to ensure continuous monitoring of
individuals across multiple camera networks while
identifying abnormal or suspicious activities. It integrates
the YOLOv8n model for fast and precise person detection,
along with a person re-identification module that helps
maintain consistent identity tracking when individuals
transition between different camera views. This ensures
reliable cross-camera association even in complex
surveillance environments. Behavioural understanding is
achieved by analyzing spatiotemporal features such as
movement trajectories, velocity changes, interaction
patterns, and time-based activity sequences. Based on these
features, the system detects various activities including
running, loitering, crowd gathering, unauthorized
perimeter entry, fall incidents, and other unusual motion
patterns. A combination of rule-based logic and motion
smoothing techniques is applied to enhance decision
stability, thereby reducing false positives and improving
detection reliability. Experimental evaluation indicates that
the proposed framework delivers efficient real-time
processing, improved accuracy in behaviour recognition,
and consistent multi-camera tracking performance. The
system is suitable for deployment in smart surveillance
scenarios such as public safety monitoring, educational
institutions, industrial zones, transportation hubs, and
commercial complexes, offering a scalable and intelligent
solution for modern security applications.
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1. INTRODUCTION

Surveillance systems play a crucial role in ensuring
security and monitoring activities in public and private
_

environments such as campuses, industries, transport
hubs, and commercial spaces. However, most traditional
systems rely heavily on human operators to continuously
observe multiple camera feeds, which becomes inefficient,
error-prone, and impractical in large-scale surveillance
scenarios.

With the rapid increase in video data and the widespread
deployment of CCTV cameras, there is a growing need for
intelligent surveillance solutions that can automatically
analyze human behaviour in real time. Advances in deep
learning have enabled significant progress in computer
vision tasks such as object detection, tracking, and activity
recognition. Models like YOLO provide fast and accurate
detection, while tracking algorithms such as DeepSORT
help maintain object identities within a single camera.
However, maintaining identity consistency across multiple
cameras and accurately interpreting complex human
behaviours remain challenging tasks.

To overcome these limitations, this project proposes a
Multi-Camera Behavioural Surveillance Framework
(MCBSF) that integrates deep learning-based detection,
multi-object tracking, person re-identification, and
behavioural analysis into a unified system. The framework
is designed to monitor human activities across multiple
camera feeds in real time, detect abnormal behaviours
such as running, loitering, crowd formation, and intrusion,
and generate alerts through a centralized dashboard,
thereby improving overall surveillance efficiency and
reliability.

2. LITERATURE SURVEY

The field of intelligent video surveillance has gained
significant attention in recent years due to the increasing
demand for automated security systems. Researchers have
explored various deep learning-based approaches to
replace traditional manual monitoring methods. Among
these, object detection models such as YOLO (You Only
Look Once) have been widely adopted because of their
ability to perform real-time detection with high accuracy.
The latest versions, including YOLOv8, have demonstrated
improved performance in detecting humans in crowded
and complex environments.

In addition to detection, multi-object tracking has been
extensively studied to maintain object identities across
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video frames. Algorithms like DeepSORT combine motion
estimation and appearance features to track individuals
effectively within a single camera view. However,
extending tracking across multiple cameras remains a
challenging task due to variations in lighting, viewpoint
changes, and occlusions. To address this, researchers have
introduced person re-identification techniques that use
deep feature embeddings to match individuals across
different camera feeds.

Behaviour analysis is another important area in
surveillance research, where temporal models such as
LSTM are used to understand sequential movement
patterns and detect abnormal activities. These models
help in identifying actions like running, loitering, crowd
formation, and sudden falls. Some studies also incorporate
rule-based systems and statistical smoothing techniques
like Exponential Moving Average (EMA) to improve
prediction stability and reduce false alarms. Despite these
advancements, fully integrated multi-camera behavioural
surveillance systems still face challenges in achieving high
accuracy and real-time performance, motivating further
research in this domain.

3. PROBLEM STATEMENT

Modern surveillance systems are widely deployed in
public and private environments; however, most of them
still rely on manual monitoring of multiple camera feeds,
which is inefficient, time-consuming, and prone to human
error. As the number of surveillance cameras increases, it
becomes increasingly difficult for human operators to
continuously analyze live video streams and identify
suspicious activities in real time.

Existing automated surveillance approaches often focus on
single-camera detection and tracking, which limits their
effectiveness in large-scale environments where
individuals move across multiple camera views.
Challenges such as identity switching, occlusion, varying
illumination, and changes in camera angles make it
difficult to maintain consistent tracking of individuals.
Additionally, accurate detection of complex human
behaviours such as loitering, running, crowd formation,
and abnormal motion patterns remains a difficult task in
dynamic real-world conditions.

Therefore, there is a need for an intelligent and scalable
multi-camera  surveillance  framework that can
automatically detect, track, and analyze human behaviour
across distributed camera networks. The system should
ensure reliable person re-identification, minimize false
alarms, and provide real-time alerts for suspicious
activities, thereby improving overall security monitoring
efficiency and reducing dependence on manual
supervision.

3.1 System Architecture
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Fig.1: System Architecture
3.2 Modules Building

The development of the Multi-Camera Behavioural
Surveillance Framework (MCBSF) follows a structured
module-based implementation strategy to ensure smooth
integration of detection, tracking, re-identification, and
behavioural analysis components. Each module is
developed independently and later integrated into a
unified pipeline for real-time surveillance.

The system begins with the video input setup, where
multiple CCTV camera feeds are connected and processed
using a frame extraction pipeline. Each frame is
standardized and forwarded to the detection module for
further processing.

The human detection module is built using the YOLOv8n
architecture, which is trained and optimized for real-time
person detection. The model outputs bounding boxes and
confidence scores for every detected individual, forming
the basis for tracking and analysis.

Next, the tracking module is implemented using
DeepSORT, which links detections across consecutive
frames. It assigns unique IDs to individuals and maintains
their movement history using motion prediction and
appearance feature matching, reducing identity switching
within a camera.

The re-identification module is developed to handle cross-
camera tracking. Feature embeddings are extracted for
each detected person and stored in a feature database.
These embeddings are then compared across multiple
camera feeds to maintain identity consistency even when
visual conditions change.

The behaviour analysis module is built using temporal
feature extraction techniques, where movement patterns
such as speed, direction, and trajectory are analyzed. An
LSTM-based approach and rule-based logic are combined

© 2026,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 950



‘l, International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 06 | Jun 2026 www.irjet.net p-ISSN: 2395-0072
to classify behaviours like running, loitering, crowd 000010
formation, and intrusion events. 50jpg  |667 1000 [304 |155 l407 (331

Finally, the alert and dashboard module is integrated to 000017
visualize results in real time. When abnormal behaviour is 36.jpg |626 417 147 |14 519 |303
detected, alerts are generated and displayed on a

centralized monitoring interface, enabling quick response 00(_)031
and decision-making. 21.jpg |626 418 462 |60 599 |166
000031

This modular development approach ensures scalability, 21jpg |626 418 316 157 1441 |254
easy debugging, and efficient integration of all components

into a complete surveillance system. 000031

21jpg |626 [418 |35 |71 |160 |168

3.3 Dataset Description

The Multi-Camera Behavioural Surveillance Framework
(MCBSF) utilizes a combination of specialized datasets to
support different functional modules of the system. For
the human detection module, large-scale annotated image
datasets containing pedestrians in diverse surveillance
environments are used. These images include crowded
scenes, indoor and outdoor locations, varying illumination
conditions, and partially occluded individuals. Each human

Fig 2 : Dataset for tracking
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augmentation techniques such as scaling, flipping,
rotation, and brightness adjustment are applied to Fig 3: Dataset EMA behavior analysis

improve model robustness and generalization.

Behaviour Analysis Confusion Matrix

For tracking, re-identification, and behaviour analysis
modules, sequential video datasets are used where
temporal continuity is preserved across frames. The Loitering
tracking dataset supports identity consistency within a
single camera, while the person re-identification dataset
contains images of the same individuals captured from Suspicious
multiple camera views with variations in pose, angle, and
background. This helps the system learn discriminative ‘ , ‘ ‘
feature embeddings for cross-camera matching. o & o ‘\D@%\
Additionally, behaviour analysis datasets consist of o *
annotated video clips representing activities such as
walking, running, loitering, crowd formation, fall
detection, and intrusion events. These datasets capture
motion trajectories, speed variations, and interaction 4. RESULT
patterns, enabling effective temporal learning and
anomaly detection.
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Fig 4: confusion Matrix for Behaviour

Table 1 : Dataset for Human detection
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Fig 5: Output Dashboard
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The web-based dashboard functions as the primary
control interface of the surveillance system, providing a
centralized platform for user interaction. It enables
administrators to configure and manage cameras, observe
live video streams in real time, and access detailed
information about detected individuals. The system also
delivers immediate alerts when unusual or suspicious
behavior is identified and allows users to review stored
surveillance history for further investigation. Designed
with a simple and intuitive interface, it ensures smooth
operation and efficient monitoring of all integrated
modules.

v OK
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Normal — Normal
Normal
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Fig 6 : output

The surveillance system successfully detected and locked
onto a male subject, assigning him as Person ID 1 on
Camera 0 with a high confidence score of 0.92, placing his
bounding box at coordinates x:132, y:102 with dimensions
506x378 pixels. The subject was recorded moving at 6.830
px/ms, classified within the normal mobility range, while
the real-time behavioral analysis module evaluated his
activity and emotional state as entirely Normal, indicating
no suspicious or threatening patterns at the time of
capture. Upon performing a cross-frame Re-Identification
lookup, the system returned no prior match, flagging him
as a newly encountered individual, with the detection
session timestamped at 10:57:41 on June 17, 2026, and
confirmed with a verified OK status.

5. CONCLUSIONS

The proposed surveillance system integrates multiple
intelligent modules into a unified framework for efficient
and reliable monitoring of human activities. The web-
based dashboard acts as the central interface, allowing
seamless control over camera management, live video
surveillance, and access to detailed person-level
information. By incorporating real-time alert mechanisms
and historical data analysis, the system enhances
situational awareness and supports timely decision-
making. Overall, the combination of advanced detection,
tracking, and behavior analysis techniques results in a
robust and scalable solution for modern security
applications.
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