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Abstract 
In such high-density contexts, even brief delays in information pro-

cessing can trigger critical bottlenecks, underscoring the urgent need for 
real-time intelligent disaster management solutions.

This research proposes an intelligent predictive framework for Disas-
ter Management in such large human populations by integrating artifi-
cial intelligence (AI) and the Internet of Things (IoT) technologies into a 
multi-level system (AIoT) This framework consists of a network of wear-
able sensors, drones, and intelligent weather stations, which transmit data 
in real-time to terminals supported by computer vision algorithms and 
graphical neural networks (GNN), capable of monitoring intensity spikes 
and panic patterns in less than 250 milliseconds. This system enhances 
performance through the Edge AI layer, which performs processing oper-
ations locally while delegating redundant tasks to cloud computing within 
a decentralised three–tier structure (Edge–Fog–Cloud, while delegating 
redundant tasks).  This structure has effectively reduced emergency re-
sponse time, protecting lives and providing rapid support at major mass 
events. Its effectiveness in reducing emergency response time is also ev-
ident, as seen during its efficacy in reducing emergency response time, 
which directly contributes to the visit of the Arbain Pilgrimage.

 Keywords: Drones, PIC18F, Threat Monitoring, Multi-Sensor, GSM, 
MATLAB 2024a.
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 Introduction 
One of the largest annual human gatherings in Iraq is the Arbaeen visit 

in Karbala, where the number of participants exceeds twenty million vis-
itors in a limited geographical area, which produces a high-density envi-
ronment, exposed to multiple risks, including stampedes, suffocation, or 
security threats such as planted explosives or organizational breaches. In 
this context, an urgent need is to develop intelligent sensor systems that 
can predict early and respond instantly. This research proposes an intel-
ligent predictive framework for managing potential disasters during the 
visit of Al-Arbaeen, based on the deployment of a network of drones at a 
distance of 1 kilometer from the entrances to the city, specifically at the 
border checkpoints of Karbala. These aircraft are equipped with multiple 
sensors (gas, heat, sound, image, pressure), integrated into an artificial in-
telligence system integrated with the Internet of Things (AIoT), working 
with advanced algorithms such as graphical neural networks (GNN) to 
identify emergency patterns or early indications of a threat.

The system is based on a triple computing architecture (Edge-Fog-
Cloud) that allows preliminary analysis to be carried out inside the air-
craft. Then, alerts are sent via wireless channels to the nearest inspection 
center or operating room, which reduces the response time to less than 
250 ms, which is confirmed in modern simulation models (Hossain & 
Muhammad, 2022). This framework’s importance lies in its practical sup-
port for crowd management and Disaster Prevention in one of the most 
complex human gathering environments globally.
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1. Literature Review :

In recent years, research has witnessed a significant growth in the use 
of smart drones within Disaster Management contexts ( Liu et al, 2023 ) 
proposed using drones equipped with a transformer model for real-time 
multi-sensor data analysis (Jankovic et al., 2025). In another study, CNN 
algorithms with Fog Computing modules were used to track crowd emer-
gencies  Srinivas & Dua, 2020.

Also reviewed by Alla et al. (2025), the Trident model, a tripartite 
framework for Threat Analysis via acoustic, optical, and gas sensors, fo-
cused on military environments and not mass civilian contexts. As for Sa-
kellariou et al. (2024), they presented a model based on integrating imag-
es and radar to improve the classification of objects. However, the system 
does not address mass emergency scenarios.

2.Identification of Research Gaps :

Despite the remarkable progress in the use of drones and artificial in-
telligence technologies in Disaster Management, a review of the literature 
reveals that critical research gaps remain, especially in the contexts of 
millionth religious gatherings such as the visit of the forty. Such gaps in-
clude limited contextual personalization, excessive dependence on cloud 
computing, and poor integration of multiple sensory data sources. 

Table 1 presents these gaps systematically based on the analysis of 
recent studies (2023-2025). In Turn, Table 2 shows how the framework 
proposed in this research fills those gaps by integrating multi-mode sens-
ing, using light terminal intelligence (Edge AI) algorithms, and designing 
an operating architecture suitable for the high-density and multi-hazard 
forty-visit environment.
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Table 1. Identified research gaps in previous studies related to AI-based disaster 

prediction frameworks

No The research gap Illustration

1

Insufficient allocation to the 

millionth religious contexts, 

such as the visit of the forty

Most of the research focuses on environmental 

or military disasters, while there are no realistic 

models for large human populations of a reli-

gious nature [3][5].

2
Slow response time due to 

reliance on cloud processing

The delay in sending alerts is confirmed in 

systems based on Cloud-only models, exceeding 

500 milliseconds [4].

3

Poor detection accuracy in the 

case of multiple data sources 

(multimodal)

Most systems did not rely on an effective intel-

ligent integration of acoustic, thermal, and gas 

sensors into a unified predictive system [6].

Table 2. Proposed framework strategies to address the identified gaps

No The gap Proposed SYSTEM 

1
Careful allocation of the 

fortieth CROWD  

A sensing and forecasting model is designed that 

considers the characteristics of the fortieth visit, such 

as the spatial distribution of visitors, the nature of 

crowds, and security entrances.

2
The reduced latency is 

less than 250ms

Adopting a hybrid computing architecture (Edge-Fog-

Cloud), the initial processing is carried out inside the 

drone using a light GNN.

3
Integration of multi-

mode sensor

Acoustic, thermal, gas, and visual sensors are integrat-

ed into a single control unit that analyzes threats pre-

dictively by pairing statistical and network algorithms.
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Research Methodology 
This research is based on developing a multi-layered intelligent frame-

work for Disaster Management using drones, integrated with artificial in-
telligence and the Internet of Things (AIoT) technologies within the edge 
computing environment (edge AI). This aligns with the specificity of the 
fortieth visit in Karbala, which had a high human density and emergency 
threats. The model was developed based on recent literature demonstrat-
ing the effectiveness of drone-based predictive models in high-risk envi-
ronments (Abdelrahman et al., 2023).

1.The general system is multi-layered :

The system is designed within four integrated layers:

A.  Sensor layer (Smart Sensing Layer)

The drones are distributed 1 km from the entrances to Karbala, equipped 
with multiple sensors such as MQ-9 (to detect gases), heat sensors, camer-
as, and microphones. The data is initially processed via a local integration 
unit (Sensor Fusion) integrated within the aircraft (Kumar et al., 2022).

B.  Local Intelligent Analysis layer (Edge AI Processing)

Light artificial intelligence algorithms, most notably graphical neural 
networks (GNNs), are used to detect abnormal patterns (Abdelrahman et 
al., 2023). The result is issued as a digital threat indicator (Threat Score) 
that is updated instantaneously.

C.  Communication and alert layer (Alerting Layer)

Suppose the threat indicator exceeds a certain threshold. In that case, an 
immediate notification is sent to the nearest checkpoint using the low-de-
lay UDP protocol, including: threat type, severity, location coordinates, 
and timing (Wang & Zhang, 2023).
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D.  Fog–Cloud coordination layer (Fog–Cloud Coordination)

Recurring alarms are grouped within a fog computing module to re-
duce stress on the cloud. Cloud computing analyzes the overall threat pat-
tern and identifies crowd behavior and priorities (Chen et al., 2023).

2. Building the proposed model in MATLAB Simulink :

The proposed model was designed using the Simulink environment 
and includes the following stages (see Figure 4):

 Sensor reading module: receives signals from MQ-9, heat, and sound.

 −  Module extraction features: consolidate and convert data into analyz-
able signals.

 −  The threat assessment module uses MATLAB functions to calculate the 
final indicator.

 −  Alarm unit: emits signals if the danger exceeds the specified level.
 −  Ground communication interface: Simulates checkpoint response with vi-
sual notification.

Testing various scenarios according to previous similar studies in 
disaster warning confirmed the accuracy of this model’s operation (al-
Sayed et al., 2022). This estimate has been validated using experimental 
data within the MATLAB environment, based on simulations of visitor 
waves, target distribution, and response time requirements under realistic 
operational conditions (Kumar et al., 2022). 

Figure 1 shows the phased sequence of operation of the proposed intel-
ligent disaster management system, which is based on distributed sensing 
technologies, local artificial intelligence, and cloud integration. The sys-
tem begins with the deployment and sensing phase, in which drones or 
ground sensors are distributed within the perimeter of target areas (such as 
city entrances or assembly points). These platforms have advanced sensor 
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modules such as thermal cameras, environmental amplifiers, and gas me-
ters. This is followed by the local intelligence analysis phase, where each 
intelligent platform (such as a drone or a stationary module) analyzes the 
data in real time using algorithms powered by artificial intelligence, as 
part of the edge AI computing architecture. 

This phase enables immediate interaction with environmental or behav-
ioral changes without returning to the data centers. Then comes the braking 
phase and the triggering of alarms, which represents the proactive axis of 
the system, where the decision is made locally by sending sound, light, or 
wireless alerts to direct crowds, or activating preliminary containment 
mechanisms in cases of congestion or emergency. Finally, the analytical 
data and decisions made are sent to the central control center within the 
integration and cloud management phase, where the information from all 
subunits is integrated and analyzed at a higher level to guide comprehen-
sive interventions, support decision-making, and document incidents.

Figure 1. The phased sequence of the operation of the intelligent sensing system, from 

local deployment to cloud integration management.

This phase enables immediate interaction with environmental or behavioral 

changes without returning to the data centers. Then comes the braking phase and the 

triggering of alarms, which represents the proactive axis of the system, where the 

decision is made locally by sending sound, light, or wireless alerts to direct crowds, 

or activating preliminary containment mechanisms in cases of congestion or 

emergency. Finally, the analytical data and decisions made are sent to the central 

control center within the integration and cloud management phase, where the 

information from all subunits is integrated and analyzed at a higher level to guide 

comprehensive interventions, support decision-making, and document incidents. 

Deployment and sensor phase

A stage for analyzing the local smart

The stage of inhibition and alarm

Integration and cloud management phase

 

Figure 1. The phased sequence of the operation of the intelligent sensing system, from local deployment to cloud 

integration management. 

2.2   The organizational structure of the intelligent drone 

distribution system in Karbala 

The proposed system of emergency crowd management in the city of Karbala is 

based on a flexible hierarchical organizational structure, combining centralized 

control and intelligent local analysis. The system is designed so that four main 

gates—Baghdad north gate, Baghdad gate, Bab tuwayrij, and Karbala–Najaf Road—

are supervised from a central control center equipped with distribution and sensing 
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3.The organizational structure of the intelligent drone 
distribution system in Karbala :

The proposed system of emergency crowd management in the city 
of Karbala is based on a flexible hierarchical organizational structure, 
combining centralized control and intelligent local analysis. The system 
is designed so that four main gates—Baghdad north gate, Baghdad gate, 
Bab tuwayrij, and Karbala–Najaf Road—are supervised from a central 
control center equipped with distribution and sensing algorithms based 
on artificial intelligence and the Internet of Things (AIoT). Different 
types of drones have been assigned to each gate depending on geograph-
ical, demographic, and security characteristics. These include aerial 
drones for broad surveillance, ground-based drones for closed areas, and 
special modules equipped with environmental sensors or simultaneous 
translation systems as needed. Figure 2 shows that a major central con-
trol center coordinates with four strategic Gates geographically distrib-
uted around the city: Baghdad North Gate, Bab Baghdad, Bab Tuwayrij, 
and the Karbala–Najaf Road. 

 − Baghdad north gate (Gate 1) : It is one of the highest-density gates, 
where it is estimated that 24 drones are allocated and distributed between 
monitoring, sensing, and communication tasks. The system focuses on the 
speed of response to sudden congestion within the vicinity of significant 
markets, based on congestion forecasting models [13]. 

 − Gate Baghdad (Gate 2) : Due to its strategic location as an entrance for 
international visitors, it has been reinforced with multilingual support 
drones, used for prompt guidance and voice translation, and a round-the-
clock security monitoring system. After calculating the coefficient of im-
portance, she was allocated 18 drones.
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 − Bab Tuwayrig (Gate 3) : is a central point for crossing the Husseini 
threshold and is subject to close monitoring via 18 drones. Four K cameras 
are integrated with heat sensors to identify abnormal traffic behaviors.

 − Karbala-Najaf Road (Gate 4) : This vital and long route extends through 
exposed areas. It was equipped with 20 long-range drones for visual and 
environmental coverage and ground support units to provide network con-
tinuity.

 − Gate 5 contains 17 drones : focused on environmental sensing tasks for 
early detection of harmful emissions or accumulation of gases in densely 
populated residential areas. They also measure air temperature and quality 
to protect visitors [Ayyash et al., 2022]. This organizational structure is 
connected to a highly reliable communication network (mm Wave/5G). It 
is managed via intelligent distribution algorithms that adopt the real-time 
event adaptation model (Real-time Reallocation). These algorithms ensure 
a response of no more than 20 seconds and coverage exceeding 99.8% of 
the target perimeter.

The number and type of drones are assigned to each gate based on 
three main factors:

 −  Expected maximum.
 −  human density (PMAX).
 −  Geographical area of the portal (S).
 −  Degree of security sensitivity (Lsec).
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Figure 2. Circular paths for patrolling drones around the entrances of the city and 

connecting them to the main checkpoint

For this, the following equation was applied to determine the final num-
ber of drones for each gate:

Where:

 The number of tubers required for the gate. ղExp ected human 
density (visitors/m² /m²) .

A: The geographical coverage area of the gate perimeter.

 ղ: single drone coverage efficiency (applicable coverage ratio).

C: The correction factor depends on the threat level and security sig-
nificance.

Gate 5 contains 17 drones, focused on environmental sensing tasks for early 

detection of harmful emissions or accumulation of gases in densely populated 

residential areas. They also measure air temperature and quality to protect visitors 

[Ayyash et al., 2022]. This organizational structure is connected to a highly reliable 

communication network (mm Wave/5G). It is managed via intelligent distribution 

algorithms that adopt the real-time event adaptation model (Real-time Reallocation). 

These algorithms ensure a response of no more than 20 seconds and coverage 

exceeding 99.8% of the target perimeter. 

The number and type of drones are assigned to each gate based on three main 

factors: 

-Expected maximum. 

- human density (PMAX). 

- Geographical area of the portal (S). 

- Degree of security sensitivity (Lsec).  

 

Figure 2. Circular paths for patrolling drones around the entrances of the city and connecting 

them to the main checkpoint 

For this, the following equation was applied to determine the final number of 

drones for each gate: 

    𝑵𝑵𝒅𝒅 = 𝝆𝝆.𝑨𝑨
𝝁𝝁.𝑪𝑪    ............(1) 

  Where: 

  The number of tubers required for the gate. 

Expected human density (visitors/m² /m²) . 

A: The geographical coverage area of the gate perimeter. 

𝜂𝜂𝜂𝜂: single drone coverage efficiency (applicable coverage ratio). 

C: The correction factor depends on the threat level and security significance. 

Using this model on real scenarios from the previous forty visiting seasons, the 

need for between 8 and 10 drones per gate was calculated, distributed as follows: 

5 optical/thermal monitoring drones. 

2-3 chemical/acoustic sensor drones. 

1-2 communication drones (Relay Drones). 

This estimate has been validated using experimental data within the MATLAB 

environment, based on simulations of visitor waves, target distribution, and response 

time requirements under realistic operational conditions (Nguyen et al., 2021) . The 

final number and type of drones are assigned to each gate based on three main 

factors: 

- Expected maximum human density (PMAX) 

- Geographical area of the portal (S) 
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Using this model on real scenarios from the previous forty visiting 
seasons, the need for between 8 and 10 drones per gate was calculated, 
distributed as follows:

5 optical/thermal monitoring drones.

2-3 chemical/acoustic sensor drones.

1-2 communication drones (Relay Drones).

This estimate has been validated using experimental data within the 
MATLAB environment, based on simulations of visitor waves, target 
distribution, and response time requirements under realistic operational 
conditions (Nguyen et al., 2021) . The final number and type of drones 
are assigned to each gate based on three main factors:

- Expected maximum human density (PMAX)

- Geographical area of the portal (S)

- Degree of security sensitivity (Lsec)

For this, the following equation was applied to calculate the final 
number of drones:

 estimated initial number.​  A qualitative significance coefficient 
derived from a multi-criteria assessment, according to a methodology 
similar to that adopted in the studies (Ayyash et al. (2022)

4. Estimated Drones Equation :

The proposed system has developed an estimated mathematical mod-
el to calculate the optimal number of drones needed to cover each obser-
vation area in a crowd environment based on the place’s characteristics 
and actual environmental conditions. The model is based on a simplified 

- Degree of security sensitivity (Lsec) 

For this, the following equation was applied to calculate the final number of 

drones: 

    𝑵𝑵𝒅𝒅 𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 = 𝜶𝜶𝒈𝒈𝒈𝒈𝒈𝒈𝒈𝒈.𝑵𝑵𝒅𝒅  ............(2) 

𝑵𝑵𝒅𝒅 estimated initial number. 𝜶𝜶𝒈𝒈𝒈𝒈𝒈𝒈𝒈𝒈 A qualitative significance coefficient derived 

from a multi-criteria assessment, according to a methodology similar to that adopted 

in the studies (Ayyash et al. (2022) 

2.3 Estimated Drones Equation 

The proposed system has developed an estimated mathematical model to calculate 

the optimal number of drones needed to cover each observation area in a crowd 

environment based on the place's characteristics and actual environmental 

conditions. The model is based on a simplified linear allocation algorithm 

considering five basic field inputs, as shown in Table 3. 

Table 3. Input equation (5) to estimate the number of smart drones in the control area. 

The symbol variable Description 
A Area Geographical area covered (km2) 
F Peak Flow Maximum Human Flow (thousand people/hour) 

S Security Index Security indicator (from 1 to 10) 
T Temperature Temperature (°C) 
D Dust Level Dust level (from 1 to 5) 

 

The number assigned to innovative drones is calculated using the following 

relation: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 =  αA + βF + γ(10 − S) + δT + ϵD               (3) 

Where: 
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linear allocation algorithm considering five basic field inputs, as shown 
in Table 3.

Table 3. Input equation (5) to estimate the number of smart drones in the control area.

The symbol variable Description

A Area Geographical area covered (km2)

F Peak Flow Maximum Human Flow (thousand people/hour)

S Security Index Security indicator (from 1 to 10)

T Temperature Temperature (°C)

D Dust Level Dust level (from 1 to 5)

The number assigned to innovative drones is calculated using the following relation:

Where:

 α, β, γ, δ, ε are weighted coefficients initially adjusted based on field 
experiments and modeling within Simulink.

Equation 3 was derived using multivariate linear models, as recommend-
ed in the modern literature on the distribution of tasks in drone squadrons 
under variable environmental constraints (Gonzalez et al., 2021).

- Degree of security sensitivity (Lsec) 

For this, the following equation was applied to calculate the final number of 

drones: 

    𝑵𝑵𝒅𝒅 𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 = 𝜶𝜶𝒈𝒈𝒈𝒈𝒈𝒈𝒈𝒈.𝑵𝑵𝒅𝒅  ............(2) 

𝑵𝑵𝒅𝒅 estimated initial number. 𝜶𝜶𝒈𝒈𝒈𝒈𝒈𝒈𝒈𝒈 A qualitative significance coefficient derived 

from a multi-criteria assessment, according to a methodology similar to that adopted 

in the studies (Ayyash et al. (2022) 

2.3 Estimated Drones Equation 

The proposed system has developed an estimated mathematical model to calculate 

the optimal number of drones needed to cover each observation area in a crowd 

environment based on the place's characteristics and actual environmental 

conditions. The model is based on a simplified linear allocation algorithm 

considering five basic field inputs, as shown in Table 3. 

Table 3. Input equation (5) to estimate the number of smart drones in the control area. 

The symbol variable Description 
A Area Geographical area covered (km2) 
F Peak Flow Maximum Human Flow (thousand people/hour) 

S Security Index Security indicator (from 1 to 10) 
T Temperature Temperature (°C) 
D Dust Level Dust level (from 1 to 5) 

 

The number assigned to innovative drones is calculated using the following 

relation: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 =  αA + βF + γ(10 − S) + δT + ϵD               (3) 

Where: 
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3. Integrated spatial and functional modeling of 
an innovative drone system within a Simulink 

environment
The modeling of the proposed system is based on three-axis realistic 

simulations that include:

1.	 Spatial modeling of the geographical locations of the Gates and Inspec-
tion Center.

2.	 Dynamic modeling of Air Patrol traffic

3.	 Quantitative modeling of the distribution of drones according to analyti-
cal equations

A. Equivalent spatial distribution of biogates

The city of Karbala was represented as a matrix with two-dimensional 
coordinates, where the main inspection center was centered at the coordi-
nate (0,0), and four main gates were distributed at the four cardinal points 
representing the four directions (north, south, east, west). As shown in Fig-
ure 3, each gate is surrounded by a circular flight path with a radius of 1 
km, representing the path followed by drones within periodic monitoring 
tasks.

Figure 3. The spatial model of the air patrol routes of drones around the entrances to 

the city and their connection with the primary Inspection Center.

 

Figure 3. The spatial model of the air patrol routes of drones around the entrances to the city and their connection 

with the primary Inspection Center 

B. Modeling of the threat level assessment module on board the drone 

The proposed system was implemented using the Simulink environment within 

MATLAB R2024a. The model proposed in this study was based on a multi-path 

contextual analysis methodology. An integrated modular Architecture (Modular 

Architecture) has been designed for the mobile intelligent sensing system on drones, 

as shown in Figure 4. The model consists of four main functional stages that work 

harmoniously within the Simulink environment: 

First: sensor Acquisition module. 

This module includes four categories of specialized sensors: 

- Chemical sensor (Chemical Sensor) 

- Spectrometer sensor (Spectrometer Sensor) 

- Thermal sensor (Thermal Sensor) 

- Radio frequency sensor (RF Sensor) Raw signals are sent directly to the 

initialization and pre-analysis stage. 

 - GPS module for location determination. 
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B. Modeling of the threat level assessment module on board the 
drone

The proposed system was implemented using the Simulink environ-
ment within MATLAB R2024a. The model proposed in this study was 
based on a multi-path contextual analysis methodology. An integrated 
modular Architecture (Modular Architecture) has been designed for the 
mobile intelligent sensing system on drones, as shown in Figure 4. The 
model consists of four main functional stages that work harmoniously 
within the Simulink environment:

First: sensor Acquisition module.

 − This module includes four categories of specialized sensors:
 −  Chemical sensor (Chemical Sensor)
 −  Spectrometer sensor (Spectrometer Sensor)
 −  Thermal sensor (Thermal Sensor)
 −  Radio frequency sensor (RF Sensor) Raw signals are sent directly to the 
initialization and pre-analysis stage.

 −  GPS module for location determination.
Each signal is routed to its processor (such as Chemical_Processor), 

and the relevant features are extracted in real time. The Data_Fusion mod-
ule integrates these readings into a local AI system to generate two outputs:

• Threat level: environmental threat level assessment
• gps_out: geographic location associated with the threat.
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Figure 4. The intelligent sensor module on board the drone integrates data and 

estimates the threat level and geographical location.

Second: signal processing and feature extraction (Signal Conditioning 
and Feature Extraction) are used. For each sensor, there is an independent 
processing unit designed using MATLAB Function blocks, where: 

Noise reduction, Extraction of practical features such as absorption 
spectrum, relative temperature, anomaly frequencies, converting signals 
into modular representations that can be combined later

Third: Data Fusion Core :

The Data Fusion Core represents the analytical core of the proposed 
system within the Simulink environment, in which the processed signals 
coming from the four different onboard sensors are integrated, namely: 
chemical sensor (chem), spectral (spes), thermal (thermal), and radio fre-
quency (Rf). These signals are passed to a central merge function that 
operates in real time, as mathematically defined by the following relation:
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This function is implemented using a multivariate weighted merge al-
gorithm or a trained neural network model (such as MLP or GRU) based 
on available data and the required response time. This function produces a 
unified threat-level hazard indicator whose value ranges from 0 (safe) to 1 
(critical Hazard). It is subsequently used for rapid decision-making at the 
aircraft or network level. Recent studies have shown (Ahmed et al., 2022) 
that including edge-level multi-sensor integration algorithms improves ac-
curacy, reduces false alarm rates, and speeds up network transmission time.

Fourth: Alert Broadcasting and Logging Unit

The broadcast and recording module are activated when the threat lev-
el exceeds a critical threshold (0.7). This module represents the final stage 
in the system’s intelligent interaction chain. This module consists of two 
main functional paths:

The real-time broadcast channel (send_log) sends immediate alerts to 
the command center or nearby control units via audio signals or wireless 
messages using modern protocols such as 5G or LoRaWAN networks, 
ensuring rapid response and wide-area coverage. The real-time recording 
channel (lat_log) automatically documents all detected events in internal 
logs or cloud databases, including the event time, geographic coordinates, 
threat type, and aircraft ID. This dual system represents the link between 
local decision-making and central documentation. Figure 5 shows the de-
tailed structure of this module. The threat core connects to the alarm trans-
mission module, and data is broadcast and recorded in real time, enhanc-
ing the system’s ability to respond quickly and analyze future events. 
Recent literature (Ahmed et al., 2022) has shown that integrating smart 

The Data Fusion Core represents the analytical core of the proposed system within 

the Simulink environment, in which the processed signals coming from the four 

different onboard sensors are integrated, namely: chemical sensor (chem), spectral 

(spes), thermal (thermal), and radio frequency (Rf). These signals are passed to a 

central merge function that operates in real time, as mathematically defined by the 

following relation: 

Ffusion(𝑐𝑐ℎ𝑒𝑒𝑒𝑒, 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, 𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒, 𝑟𝑟𝑟𝑟) = theartlevel           ...........(5) 

This function is implemented using a multivariate weighted merge algorithm or a 

trained neural network model (such as MLP or GRU) based on available data and 

the required response time. This function produces a unified threat-level hazard 

indicator whose value ranges from 0 (safe) to 1 (critical Hazard). It is subsequently 

used for rapid decision-making at the aircraft or network level. Recent studies have 

shown (Ahmed et al., 2022) that including edge-level multi-sensor integration 

algorithms improves accuracy, reduces false alarm rates, and speeds up network 

transmission time. 

Fourth: Alert Broadcasting and Logging Unit 

The broadcast and recording module are activated when the threat level exceeds a 

critical threshold (0.7). This module represents the final stage in the system's 

intelligent interaction chain. This module consists of two main functional paths: 

- The real-time broadcast channel (send_log) sends immediate alerts to the 

command center or nearby control units via audio signals or wireless messages using 

modern protocols such as 5G or LoRaWAN networks, ensuring rapid response and 

wide-area coverage. The real-time recording channel (lat_log) automatically 

documents all detected events in internal logs or cloud databases, including the event 

time, geographic coordinates, threat type, and aircraft ID. This dual system 
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broadcasting and automatic recording functions within drone-based sys-
tems increases response effectiveness and provides accurate analytical 
archiving to support later strategic decisions.

Figure 5. The proposed Simulink system’s complete functional structure explains the 

data acquisition module, signal processing, threat level estimation kernel, decision 

engine, and broadcast and Recording Module.

represents the link between local decision-making and central documentation. Figure 

5 shows the detailed structure of this module. The threat core connects to the alarm 

transmission module, and data is broadcast and recorded in real time, enhancing the 

system's ability to respond quickly and analyze future events. Recent literature 

(Ahmed et al., 2022) has shown that integrating smart broadcasting and automatic 

recording functions within drone-based systems increases response effectiveness and 

provides accurate analytical archiving to support later strategic decisions. 

 
Figure 5. The proposed Simulink system's complete functional structure explains the data acquisition module, 

signal processing, threat level estimation kernel, decision engine, and broadcast and Recording Module. 

4. Results and Discussion  

This section aims to analyze the performance of the proposed intelligent crowd 

management system using drones by integrating the theoretical aspect (equations 

and modeling), the practical aspect (ground-based electronic model), and the results 

extracted from the analysis of real behavioral data of crowds. 
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Results and Discussion 
This section aims to analyze the performance of the proposed intelli-

gent crowd management system using drones by integrating the theoret-
ical aspect (equations and modeling), the practical aspect (ground-based 
electronic model), and the results extracted from the analysis of real be-
havioral data of crowds.

A. Analysis of the impact of environmental variables on the 
allocation of the number of drones. 

Mathematical equation No. (3) has been programmed within an innova-
tive interactive interface developed using the App Designer environment 
in the MATLAB program, to facilitate allocating the number of smart 
aircraft according to field environmental variables. This interface allows 
the user to enter the values for: covered area (A), peak Human Flow (F), 
safety indicator (S), temperature (T), and dust level (D), both manually 
and through automatic reading from connected sensors or imported files.

The interface consists of:

1. Numerical Edit fields: assigned to each input variable in the equation.

2. Calculate Button: runs the calculation script and applies the equation 
immediately.

3. Digital output indicator (Numeric Display): directly displays the out-
put, which is the number of drones allocated in real time.

This interface has been fully integrated into the model’s overall struc-
ture, designed in Simulink, so the interactive allocation module acts as 
a complementary component to the resource management module, as 
shown in Figure 6 in the results and discussion section. Integrating the 
mathematical model and the graphical interface reflects an engineering 
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approach to developing deployable AI systems. It achieves high opera-
tional flexibility that enables the researcher and the user to conduct simu-
lations of various situations efficiently and reliably, even in environments 
not subject to field flight. Figure 6 shows how the temperature rise to 
45°C affected the number of allocated drones, which decreased from 15 
to 13 aircraft compared to the standard case (temperature of 40°C). This 
reflects the system’s ability to automatically redistribute and avoid over-
consumption of resources within extremely hot environments.

Figure 6. A comparison of two environmental situations using the Intelligent Aircraft 

number estimation interface shows that an increase in temperature from 40°C to 45°C 

reduced the number of proposed aircraft from 13 to 11, according to Equation (3).

Figure 6 shows the Daily time flow curves at the four main gates of 
Karbala: Baghdad, Tuwayrij, Hilla, and Najaf. The critical peak appears 
at all gates around 12:00 p.m., with the highest flow at the Baghdad gate 
(>10 thousand visitors/hour), indicating the importance of early interven-
tion at these points.

system's ability to automatically redistribute and avoid overconsumption of 

resources within extremely hot environments. 

        

Figure 6. A comparison of two environmental situations using the Intelligent Aircraft number 

estimation interface shows that an increase in temperature from 40°C to 45°C reduced the number 

of proposed aircraft from 13 to 11, according to Equation (3). 

Figure 6 shows the Daily time flow curves at the four main gates of Karbala: 

Baghdad, Tuwayrij, Hilla, and Najaf. The critical peak appears at all gates around 

12:00 p.m., with the highest flow at the Baghdad gate (>10 thousand visitors/hour), 

indicating the importance of early intervention at these points. 
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Figure 7. Daily chronological pattern of crowd flow at four main gates (Baghdad Gate, 

Tuwereej Gate, Hilla Gate, Najaf Gate).

Figure 7 shows the acceleration of the annual peak growth between the 
years 2019-2024, especially after the 2020 pandemic, as the data showed 
a sharp increase in the number of visitors. These results feed the aircraft 
allocation algorithms within the proposed system.

Figure 8. The chronological trend of the annual peak of crowds at each main gate.
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resources within extremely hot environments. 
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Figure 7. Daily chronological pattern of crowd flow at four main gates (Baghdad Gate, 

Tuwereej Gate, Hilla Gate, Najaf  Gate). 

Figure 7 shows the acceleration of the annual peak growth between the years 

2019-2024, especially after the 2020 pandemic, as the data showed a sharp increase 

in the number of visitors. These results feed the aircraft allocation algorithms within 

the proposed system. 

 

 

Figure 8. The chronological trend of the annual peak of crowds at each main gate. 

The heat map in Figure 9 shows the geographical distribution of the density of 

visitors in Karbala in 2024. The highest densities are concentrated at the intersection 

of Baghdad Gate and Hill Gate, which suggests the concentration of aircraft at this 

point. 
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The heat map in Figure 9 shows the geographical distribution of the 
density of visitors in Karbala in 2024. The highest densities are concen-
trated at the intersection of Baghdad Gate and Hill Gate, which suggests 
the concentration of aircraft at this point.

Figure 9. A heat map showing the expected density of crowds in Karbala.

A statistical analysis using Pearson Correlation Coefficient (Pearson 
Correlation Coefficient) was conducted on the crowd flow data at four 
main gates in Karbala, namely Baghdad Gate, Tuwereej Gate, Hilla Gate, 
and Najaf Gate, to understand the temporal and quantitative relationship 
between the different entry patterns. As Figure 10 shows, the resulting 
values show a robust correlation between the Tuwereej Gate and Najaf 
Gate portals, with a value of r = 0.9981 r=0.9981, followed by the re-
lationship between Najaf Gate and Hill Gate with a value of r = 0.9947 
r=0.9947. In contrast, the lowest correlation appeared between Tuwereej 
Gate and Hill Gate ( r = 0.9868 r=0.9868), which is still in the range of the 
statistically high relationship.

 

Figure 9. A heat map showing the expected density of crowds in Karbala. 

A statistical analysis using Pearson Correlation Coefficient (Pearson Correlation 

Coefficient) was conducted on the crowd flow data at four main gates in Karbala, 

namely Baghdad Gate, Tuwereej Gate, Hilla Gate, and Najaf Gate, to understand the 

temporal and quantitative relationship between the different entry patterns.  As 

Figure 10 shows, the resulting values show a robust correlation between the 

Tuwereej Gate and Najaf Gate portals, with a value of r = 0.9981 r=0.9981, followed 

by the relationship between Najaf Gate and Hill Gate with a value of r = 0.9947 

r=0.9947. In contrast, the lowest correlation appeared between Tuwereej Gate and 

Hill Gate ( r = 0.9868 r=0.9868), which is still in the range of the statistically high 

relationship. 
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Figure 10. The correlation coefficient Matrix (Pearson Correlation) between the Daily 

crowd flows at the Baghdad Gate, Tureej Gate, Hilla Gate, and Najaf Gate, and the 

strong relationship between Tureej and Najaf (r = 0.9981) demonstrates a typical 

behavioral pattern that can be invested in aircraft resource management.

The results obtained from analyzing the time density curves indicate 
explicit synchronization at the peak of the Human Flow at Noon at all the 
main gates of Karbala, which necessitates the design of a flexible, intelli-
gent system to manage the dynamic distribution of drones (UAVs) based 
on real-time density updates. This time synchronization underscores the 
importance of integrating ground monitoring systems with smart aircraft 
to ensure that support is directed promptly and effectively. Moreover, the 
disparity of peak levels between the gates (Baghdad and Tuwayrij Gates 
have the highest densities) highlights the need to adopt a predictive model 
based on priority and gradualness in the geographical distribution of air 
resources, to ensure that proactive support is directed to the busiest Gates 
and relieve pressure from them before reaching the danger level.

 

Figure 9. A heat map showing the expected density of crowds in Karbala. 

A statistical analysis using Pearson Correlation Coefficient (Pearson Correlation 

Coefficient) was conducted on the crowd flow data at four main gates in Karbala, 

namely Baghdad Gate, Tuwereej Gate, Hilla Gate, and Najaf Gate, to understand the 

temporal and quantitative relationship between the different entry patterns.  As 

Figure 10 shows, the resulting values show a robust correlation between the 

Tuwereej Gate and Najaf Gate portals, with a value of r = 0.9981 r=0.9981, followed 

by the relationship between Najaf Gate and Hill Gate with a value of r = 0.9947 

r=0.9947. In contrast, the lowest correlation appeared between Tuwereej Gate and 

Hill Gate ( r = 0.9868 r=0.9868), which is still in the range of the statistically high 
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Finally, the results confirm the effectiveness of the proposed model in 
anticipating the identification of critical points and highlight the essential 
role of artificial intelligence and edge Computing technologies in enhanc-
ing response speed and reducing the likelihood of human suffocation, es-
pecially during peak times at major religious gatherings, such as the visit 
of forty.

B. Practical verification of electronic integration of the ground model

A ground-based prototype of a smart drone equipped with an Arduino 
Uno controller was developed during the practical verification phase. A set 
of environmental sensors was installed on it, including a gas sensor 
(MQ135), a heat sensor, a GPS module, and communication models. The 
circuit has been designed to simulate the connections adopted in the theoret-
ical model built in the Simulink environment. Figure 11 shows the electron-
ic system’s initial installation, with the components installed on the airframe 
before commissioning. Figure 12 shows the start of the system’s operation, 
as the optical indicators were lit after the system was fed with power via the 
USB port, indicating the processing unit’s successful operation and readi-
ness to read sensory values and send them to the decision-making unit.

Figure .11 Complete installation of electronic components above the smart plane 

before Operation.

 

Figure .11  Complete installation of electronic components above the smart plane before 

Operation. 

 

Form  12. the moment of the electronic form's activation and the system's start. 

Although air testing is not currently allowed, this ground-based practical 

verification enhances the credibility of the design. It demonstrates the integration of 

the software aspect with the physical components, paving the way for future field 

tests in a real environment when deregulation occurs. Table 2 shows the results of a 

ground simulation using an Arduino Uno module for five different environmental 

scenarios. The impact of environmental variables such as temperature, gas 

concentration, dust level, and Safety Index on the threat_level hazard index and the 

number of proposed aircraft was measured according to Equation (5). The results 
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Form 12. the moment of the electronic form’s activation and the system’s start.

Although air testing is not currently allowed, this ground-based prac-

tical verification enhances the credibility of the design. It demonstrates 

the integration of the software aspect with the physical components, 

paving the way for future field tests in a real environment when dereg-

ulation occurs. Table 2 shows the results of a ground simulation using 

an Arduino Uno module for five different environmental scenarios. The 

impact of environmental variables such as temperature, gas concentra-

tion, dust level, and Safety Index on the threat_level hazard index and 

the number of proposed aircraft was measured according to Equation 

(5). The results demonstrate a direct relationship between environmental 

degradation and a higher threat level, reflecting the model’s efficiency in 

dynamic response.

 

Figure .11  Complete installation of electronic components above the smart plane before 

Operation. 

 

Form  12. the moment of the electronic form's activation and the system's start. 

Although air testing is not currently allowed, this ground-based practical 

verification enhances the credibility of the design. It demonstrates the integration of 

the software aspect with the physical components, paving the way for future field 

tests in a real environment when deregulation occurs. Table 2 shows the results of a 

ground simulation using an Arduino Uno module for five different environmental 

scenarios. The impact of environmental variables such as temperature, gas 

concentration, dust level, and Safety Index on the threat_level hazard index and the 

number of proposed aircraft was measured according to Equation (5). The results 
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Table.4 The results of the experimental ground verification of the electronic model, 

showing the relationship between environmental variables, Threat Index threat_level, 

and the number of proposed aircraft
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Conclusion 
This research presented an integrated intelligent crowd management 

model using drones, combining mathematical modeling within Simulink, 
a dynamic estimation module for resource allocation, and ground-based 
operational verification using the Arduino system under the constraints of 
aerial tests. The simulation results showed a clear correspondence with 
the performance of the actual model, which enhances its reliability and 
readiness for field deployment. The research contribution is to develop 
a low-cost predictive framework that aligns intelligent aircraft custom-
ization with real-time environmental response, while offering a flexible 
architecture feasible in sensitive environments such as religious visits and 
major festivals. The proposed model is one of the first solutions that inte-
grates modeling and practical measurement within an integrated system 
that automatically responds to changing traffic conditions.

Future work: Upcoming research is focused on testing the model in an 
actual flight environment and enhancing its capabilities using collective 
intelligence and machine learning algorithms to improve customization 
and forecasting. An intelligent control panel to display alerts in real time 
is also proposed.



457

w
w

w
.

a
r

b
n

j.
c

o
m

Sem
i-A

nnual Scientific Journal
R

am
adan 1447 A

.H
, M

arch 2026 A
.D

References 
1.	 Hossain, M. S., & Muhammad, G. (2022). Cloud-assisted Industrial Inter-

net of Things (IIoT)–enabled disaster recovery and management frame-
work. IEEE Transactions on Industrial Informatics, 18(4), 2676–2683. 
https://doi.org/10.1109/TII.2021.3085119

2.	 Liu, Y., Tang, J., & Yang, Y. (2023). Low-latency emergency alert sys-
tem using edge–fog–cloud UAV framework in crowd-intensive environ-
ments. Future Generation Computer Systems, 146, 458–471. https://doi.
org/10.1016/j.future.2023.02.004

3.	 Jankovic, B., Jangirova, S., Ullah, W., Khan, L. U., & Guizani, M. (2025). 
UAV-assisted real-time disaster detection using optimized transformer model. 
arXiv preprint arXiv:2501.12087. https://doi.org/10.48550/arXiv.2501.12087

4.	 Srinivas, K., & Dua, M. (2020). Fog computing and deep CNN based ef-
ficient approach to early forest fire detection with unmanned aerial vehi-
cles. In S. Bhattacharyya, D. K. Mishra, & M. Dutta (Eds.), Proceedings 
of International Conference on Computational Intelligence: ICCI 2019 
(pp. 741–749). Springer. https://doi.org/10.1007/978-3-030-33846-6_69

5.	 Alla, A., Badr, M., & El-Sherif, R. (2025). Trident model: Acoustic-op-
tical-gas sensor fusion for threat analysis in military UAVs. Journal of 
Defense Sensing, 12(1), 45–60.

6.	 Sakellariou, Z., Petrou, A., & Maragos, P. (2024). Image–radar fusion for en-
hanced object classification in UAV systems. IEEE Journal of Selected Top-
ics in Applied Earth Observations and Remote Sensing, 17(5), 3320–3334.

7.	 Abdelrahman, A., Li, Y., & Mahmud, M. (2023). Real-time threat pre-
diction using edge-based Graph Neural Networks in UAV-assisted sur-
veillance systems. IEEE Internet of Things Journal, 10(5), 3842–3855. 
https://doi.org/10.1109/JIOT.2022.3209567



458

c
-k

a
r

b
a

la
.

c
o

m
Sem

i-Annual Scientific Journal
Vol.4 , 4

th year , Supplem
ent (9(

8.	 al-Sayed, H., Rahman, M. M., & Chowdhury, M. (2022). Disaster-resil-
ient network simulations for mass gatherings using Simulink-based pre-
dictive models. Simulation Modelling Practice and Theory, 121, 102592. 
https://doi.org/10.1016/j.simpat.2022.102592

9.	 Chen, W., Liu, Z., & Wu, X. (2023). Cloud–fog cooperation architecture 
for crowd management and real-time analytics. Future Generation Com-
puter Systems, 141, 46–58. https://doi.org/10.1016/j.future.2023.01.008

10.	Gupta, A., & Khan, M. (2023). Evaluation of real-time UAV threat estima-
tion models using MATLAB simulations. International Journal of Aerospace 
and Electronics, 8(2), 97–112. https://doi.org/10.1016/j.ijae.2023.04.002

11.	Kumar, R., Ali, S., & Park, J. (2022). Integration of sensor fusion mod-
ules in UAVs for real-time data acquisition in emergency scenarios. Sen-
sors, 22(3), 1056. https://doi.org/10.3390/s22031056

12.	Lee, J., Tan, R., & Wang, C. (2024). AI-powered drones for disaster pre-
diction in  human-dense environments: A review of recent advances. 
IEEE Transactions on Artificial Intelligence, 5(2), 112–127. https://doi.
org/10.1109/TAI.2024.3366543

13.	Wang, Y., & Zhang, H. (2023). Multi-agent UAV systems for crowd flow 
control and hazard prediction using deep learning. Journal of Intelligent 
& Robotic Systems, 107, 68. https://doi.org/10.1007/s10846-023-01786-6

14.	Zhang, R., Patel, M., & Wong, D. (2021). Low-latency threat commu-
nication protocols in autonomous UAV frameworks. Ad Hoc Networks, 
119, 102507. https://doi.org/10.1016/j.adhoc.2021.102507

15.	Ayyash, M., Qureshi, I. M., & Alzoubi, H. (2022). Environmental mon-
itoring using UAV-based smart sensor networks in high-density gather-
ings. Sensors, 22(14), 5267. https://doi.org/10.3390/s22145267



459

w
w

w
.

a
r

b
n

j.
c

o
m

Sem
i-A

nnual Scientific Journal
R

am
adan 1447 A

.H
, M

arch 2026 A
.D

16.	Gonzalez, M., Kim, J., & Rivera, R. (2021). Optimized drone swarm de-
ployment in disaster zones with multi-objective constraints. IEEE Trans-
actions on Systems, Man, and Cybernetics: Systems, 51(11), 6457–6469. 
https://doi.org/10.1109/TSMC.2020.2993167

17.	Nguyen, T. P., Bui, H., & Lee, D. (2021). Thermal and visual fusion tech-
niques for real-time abnormal behavior detection in crowded scenes. Ex-
pert Systems with Applications, 183, 115396. https://doi.org/10.1016/j.
eswa.2021.115396

18.	Zhao, Y., Liu, Z., Chen, R., & Wang, Q. (2023). Edge-level multi-sensor 
fusion for UAV-based environmental monitoring. Sensors, 23(14), 6122.

19.	Ahmed, M., Ali, S., & Farooq, U. (2022). Intelligent alert broadcasting 
and data logging mechanisms for drone networks. IEEE Access, 10, 
112349–112360. https://doi.org/10.1109/ACCESS.2022.3217709


