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Abstract—Crowd gatherings are important to modern society.
Festivals, religious occasions, sporting events, concerts, political
rallies and public celebrations can draw thousands of people into
confined spaces. Such events are usually safe, but sudden
increases in crowd density or unexpected movements of people
can cause stampedes. The main difficulty in prevention is that
crowd conditions can change very rapidly, so manual monitoring
is not sufficient on its own. In this paper, we propose a real-time
crowd-sourcing based method for identifying potentially
hazardous crowd situations by integrating surveillance cameras,
mobile phones, wearable equipment, and first-hand reports from
attendees. The system uses machine learning and computer vision
techniques to evaluate crowd density, direction of movement,
abnormal motion and level of congestion to detect trends
indicating emerging stampede situations. The key innovation is to
use crowdsourcing as an extra layer of information, instead of
relying purely on a single camera or monitoring station. When
multiple independent sources of data report unusual crowd
movement or increasing congestion in the same area, the system
provides early warnings to the event administrator and emergency
personnel, providing earlier response and potentially lessened
crowd-related accident severity.
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I. Introduction

Large public gatherings are becoming more and more
common in today’s society. Thousands or millions of people
gather on occasions like religious festivals, concerts,
sporting competitions, exhibitions, and public celebrations.
It is still a real challenge to safely manage such large
crowds, not least because people in crowds are inherently
unpredictable.Crowd dynamics can remain stable for
extended periods before rapidly shifting to highly congested
conditions due to various triggers: blocked entrances, panic
responses, unexpected movement patterns, accidents, or
sudden changes in directional flow. Once individual
movement becomes constrained, situations escalate quickly
into potentially dangerous conditions.

Most existing crowd monitoring systems are based on
security personnel and surveillance infrastructure. Cameras
do provide useful data on density and movement but they
also have major limitations. Fixed installations have a
limited field of vision, can be obstructed by crowds or
objects, and might miss events occurring outside their
coverage areas, resulting in dangerous blind spots in
surveillance..

The present work aims at overcoming these limitations
by proposing the integration of crowdsourced information
with  the  traditional = monitoring  infrastructure.
Crowdsourcing uses real-time data from people in crowds,
through their smartphones and connected devices, to provide

location, movement, and emergency information
supplemental to fixed infrastructure. The system combines
these multiple data streams for more complete situational
awareness and earlier detection of dangerous conditions.

TABLE L. Types of Large-Scale Public Gatherings and
Characteristics
Gathering Type Attgrclg:l "¢ | Movement Pattern | Risk Factors
Religious . Concentrated, High Density,
Festivals High (100k+) Directional Panic
Concerts & Very High Dynamic, Wave- Rapid Movement
Music Events (50k+) like Shifts
Sports Matches | High (30k+) Predictable Flow Competitive
Energy
Exhibitions I;/(I)cl)(()ierate (k- Distributed Bottleneck Areas
Political Very High Emotional
Gatherings (100k+) Concentrated Escalation

II. Problem Statement

A stampede is characterized by an abrupt change in the
density of the crowd and the pattern of motion of the crowd.
Danger doesn't just come from the size of the population.
Participants have enough space between them and the
movement is orderly. Large numbers of people can be safe..

The risk increase with the simultaneous presence of
multiple factors. These are: rapid increase of density, sudden
change of direction, counter-flow movement patterns,
bottlenecks formation, highly reduced movement speed,
unexpected crowd acceleration, blockage of entrances/exits,
panic-driven movement, and multiple emergency reports
from the same locations.

The current monitoring systems observe some
indicators, but in general they act on single data sources. By
gathering data from several sources, one can get a complete
picture of the situation. Thus, the central research question
is:

“How can we effectively combine real-time
crowdsourced data with computer vision and sensor data to
enable early detection of potentially dangerous crowd
conditions?”

TABLE II. Risk Escalation Factors in Crowd Incidents

Trigger Factors Escalation Indicators Consequence Indicators

Blocked Entrances | Rapid Density 11 Personal Space Loss

Panic Response Direction Changes Reduced Mobility

Accidents Counter-Flow Increased Stress

System Failures Bottleneck Form Communication Break
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Objectives and Multiple factors occurring at the same
time indicate high risk conditions that need immediate
intervention.

III. Scope
The research seeks to achieve the following objectives.

e A fully integrated real-time framework to collect
crowd related data from various types of sources

e Using advanced analysis techniques continually
assess the size of the crowd and how they are
moving around.

e Use computer vision and machine learning
techniques together to identify unusual crowd
activity.

e Bring in live reports and observations from people
at the event, then fold those into the analysis
process.

e Pinpoint places where crowding is growing fast.

e Send out useful warnings ahead of time when
several signs at once point to a risky situation.

e Give event organizers and emergency crews the up-
to-date details they need to make quick choices on
the ground.

IV. Literature Review

A. Camera-Based Crowd Monitoring

Surveillance cameras get used a lot for watching over
public spaces. Computer vision programs help guess how
many people are in a crowd from pictures and video clips.
Some deep learning models can spot when crowd behavior
looks unusual. But systems that rely on cameras depend a
lot on where they get placed and how clear the view is.

B. Crowd Density Estimation

Crowd density estimation tries to count how many
people are in a certain area. Modern deep learning methods
can estimate density even when it gets hard to pick out
individual people. This kind of information can be useful
but on its own it does not mean something dangerous is
happening. Places with lots of people might stay safe if
movement stays normal and there are enough exits around.

across event spaces. Single monitoring setups just can't do
that on their own.
V. Methodology and System Architecture

This system we're proposing has three parts that work
together: gathering data, analyzing it, and then coming up
with a response.

A. Data Collection Layer

TABLE IV. Data Sources, Collection Methods and Key Information

Data Source Collection Method Key Information

Continuous video feed +
computer vision
processing

Density, movement

Surveillance Cameras L
vectors, flow direction

GPS, accelerometer,
gyroscope data

Location, motion

h .
Smartphone Sensors patterns, velocity

Heart rate, body
temperature sensors

Stress levels, physical

Wearable Devices e
state indicators

Mobile app, SMS, panic
button activation

Location, incident

User Reports
type, urgency level

B. Analysis Layer

The analysis layer handles mixed data streams using
these parts:

e Crowd Density Estimator: A deep learning model
(ConvNets) looks at video frames and builds pixel-
level density maps.

e Movement Pattern Analyzer: Optical flow methods
track directional motion and spot counter-flow
situations.

e Anomaly Detection Engine: A machine learning
classifier picks out unusual behavior patterns from
sensor data.

e The Crowdsourced Report Aggregator groups user
reports by location and time to find related
incidents.

The Threat Assessment Module uses several factors,
such as density, movement, and crowdsourced
data,to calculate risk scores

C. Response Generation Layer

However, once sufficient awareness of the harmfulness
of the threat it poses is gained, it will be gradually restored
to normal response protocols:

TABLE IIL. Crowd Density Classification Zones and Safety Status
Densit Persons/ Movement .
Zone Levely m? Status Risk Level
Zone 1 | Low 1-2 Free Movement | MINIMAL
Zone 2 | Moderate 2-4 Controlled LOW
Zone 3 |High 4-6 Constrained MODERATE
Zone 4 | Very High |6-8 Restricted HIGH
Zone 5 | Critical 8+ Halted SEVERE

Just because something is dense doesn't mean it's
dangerous. How well people can move and how easy it is to
get out matter just as much when figuring out risk.

C. Social Media and Crowdsourced Information

Modern smartphones let people talk in real time during
public events. Reports with location tags, emergency alerts,
and social media posts give us extra sources of information.
When you mix this with what computer vision picks up,
crowd-sourced reports create a kind of shared awareness

TABLE V. Graduated Alert Levels and Response Actions
Alert . o, . .
Level Trigger Condition | Response Actions | Target Audience
Level 1 Zone exceeds Alert event staff, Security personnel
threshold density increase monitoring P
Multiple risk factors Activate emergency Emergency
Level 2 response team,
convergent . personnel
guide crowd reroute
Critical density + Immedl_ate
. evacuation All personnel +
Level 3 | aggressive . .
procedures, medical | public alerts
movement teamms

VI. Results and Discussion

A. Expected System Behavior

Based on the project's needs, we will gradually promote
the iterative upgrade of this pricing system, so that it not
only has comprehensive pricing functions but also fully

©2026,IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM67689

| Page 2



https://ijsrem.com/

Volume: 10 Issue: 10 | Oct - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

reflects its customer-centric approach and merchant
convenience

TABLE VI Expected System Performance

Performance Metric Expected Behavior Advantage

> 90% precision in
Detection Accuracy | identifying dangerous
conditions

Multi-source validation
reduces false alarms

Enables preventive
action before incident
escalation

< 30 seconds from

Response Time detection to alert

Coverage Blind Crowdsourcing addresses | Comprehensive venue
Spots camera dead zones monitoring capability

Accommodates crowds
from hundreds to
hundreds of thousands

Applicable to diverse

Scalability event types and venues

B. Comparative Analysis with Existing Approaches

TABLE VII.  Comparison of the Proposed System with Existing

Approaches
Response .
Approach Coverage Accuracy Speed Integration

Manl}al . Limited Low-Moderate | Slow None
Monitoring
Camera-Only Fixed zones Moderate Moderate | Limited
Systems
Sensor Lo .
Networks Distributed High Fast Moderate
Proposed
Integrated Comprehensive | Very High Fast Full
System

VII. Limitations and Future Work

The current investigation is still in the stage of
continuous exploration and structuring, and the various
implementation plans have naturally aroused a lot of
controversy.

e As the demands for real-time litigation continue to
escalate, we are also facing an urgent need for
efficient and accurate analysis of large amounts of
video data.

The exorbitant confidentiality fees have ironically
become a major selling point for individuals in data
appeals.

e Crowdsourced information is refined to be relatively
reliable under a specific focus.

e The cross-industry integration of heterogeneous
devices and platforms has also sparked considerable
controversy.

e Adjusting threat thresholds for various types of
venues.

e Emergency communication system strengths

Future work will involve implementing a prototype
system, conducting field trials at actual public events, and
establishing empirical performance benchmarks including
false positive rates, detection latency, and accuracy across
diverse crowd scenarios.

VIII. Conclusion

This paper presents a comprehensive real-time
crowdsourcing-based system for detecting potentially
dangerous crowd conditions at large public gatherings. By

integrating surveillance infrastructure, mobile sensor
networks, wearable device data, and direct participant
reports, the system addresses critical blind spots in
traditional monitoring approaches. The multi-source
architecture enables earlier detection of emerging stampede
risks and supports rapid response by event administrators
and emergency personnel.

The proposed system uses consensus between
independent streams of information, unlike existing
approaches that rely on a single modality of data. This
greatly reduces false alarm rates while still maintaining high
detection sensitivity. The system is designed to shorten
attacker dwell time in crowd safety scenarios and allow
proactive interventions rather than reactive emergency
response.

The increasing scale and complexity of public events
necessitate the use of monitoring systems to ensure public
safety. This study provides a structure for the practical
deployment of these monitoring systems within real-world
event management operations.
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