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Effective crowd management is essential for maintaining public safety
during large-scale events. Traditional approaches often prove inadequate
in addressing real-time changes and the complex dynamics of high-density
crowds. This challenge is particularly evident during the Arbaeen pilgrim-
age in Karbala, Irag—one of the largest annual human gatherings—where
millions of pilgrims converge within confined areas. The absence of predic-
tive, data-driven systems to monitor and guide crowd movement increases
the risk of congestion, delays, and potential casualties. This study introduc-
es an intelligent framework that leverages machine learning and real-time
analytics to enhance crowd management efficiency. An artificially gener-
ated dataset was constructed to simulate real-world conditions, including
features such as visitor numbers, crowd pressure, average speed, environ-
mental conditions, and emergency events. The system calculates a dynamic
«risk degree» index, classifying areas into three behavior categories: Nor-
mal (73.7%), Suspicious (5.0%), and High Risk (21.2%)—enabling early
detection and intervention. To support strategic planning, a linear regression
model is employed to forecast trends in visitor numbers, pressure, and risk
levels. While the model effectively captures overall patterns, it is limited
in predicting abrupt fluctuations, underscoring the importance of real-time
data monitoring. For optimal path planning, Dijkstra’s algorithm is applied
with risk-weighted edge costs. The resulting smart route significantly out-
performs the traditional path in both safety and efficiency, with a total cost
of 11.18 compared to 85.70, and an average risk of 4.92 versus 8.26. An in-
teractive web-based dashboard supports visualization and decision-making

through real-time alerts, heatmaps, and exportable analytical tables.

Crowd Management, Predictive Risk Analysis, Route Opti-

mization, Crowd Behavior Modeling, Arbaeen Pilgrimage
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The Arbaeen pilgrimage represents an exceptional humanitarian and
spiritual event, and is considered one of the most prominent religious
events and the largest human gatherings in the world. Every year, Iraqis
and millions of Pilgrims from countries around the world commemorate
this occasion by participating in huge processions on foot, covering vast
distances towards the holy city of Karbala, where the shrine of Imam Hus-
sein (peace be upon him) is located. This walk is considered a true embod-
iment of the deep values of loyalty and love associated with this occasion
(Bhardwaj,S,Dwivedi, A., Pandey,A,Perwej, D.Y, &Khan,2023)(Hashjin,
7.G,& Khanghahi, 2019). Naturally, organizing this global event requires
logistical and organizational tasks at the best levels of quality, as it pres-
ents huge collective efforts weeks in advance to ensure the success of this

major humanitarian event and its safe and smooth flow.

However, this widespread form of participation poses very complex
logistical and security challenges in terms of crowd management, as un-
precedented numbers of Pilgrimsinherently complicate the process of en-
suring smooth movement and achieving effective and continuous crowd
control (Choi, Y. W., & Eltahir, 2022). In addition, extreme heat or heavy
rainfall (unstable environmental factors) may affect the safety of Pilgrims
and significantly disrupt their movement dynamics. Also, to ensure opti-
mal safety and prevent potential threats in crowded environments, various
security measures should be applied. Crowd management and orientation
pose a complex challenge, especially given sudden changes in individu-
als behavior and surrounding conditions. Indeed, traditional methods are
often unable to respond quickly or predict potential risks, which limits
their effectiveness in sensitive situations. To overcome these limitations,

it is important to use smart systems based on artificial intelligence and



data analytics, as they provide predictive and analytical capabilities that
contribute to improving decision-making and directing crowds more ef-
ficiently towards shelter or exit areas, whether through traditional or al-
ternative methods (Soltani, A., Aram, M.,Alaeddini, F,& Marzaleh, 2021)
(Karampourian, A.,Ghomian,Z,& Khorasani-Zavareh,2018). Subsequent-
ly, this study is based on an artificial dataset that simulates reality for
assessing crowd dynamics, predicting future density, and measuring the
pressure level and risk at Arbaeen Pilgrims gathering areas, which may be
implemented using machine learning (ML) techniques. It also takes into
account the influence of environmental factors such as weather or phys-
ical obstacles. A particularly valuable aspect of the system is its ability
to classify crowd behavior into three categories: «normal,» «suspicious,»
and «high-risk,» based on flexible thresholds. This classification provides
real-time alerts supporting concerned parties to intervene early, and ad-
dress congestion or security problems quickly and effectively. As well as,

it suggests the optimal safety path for the Pilgrimage crowds.

To contextualize this study, several researches on crowd analysis have
been published over the past decade, reflecting an increasing interest in
handling large gatherings effectively. While some focus narrowly on spe-
cific subtopics such as crowd counting or behavior recognition, others
provide a broader examination of the field as a whole. This study synthe-
sizes the most significant contributions relevant to the Arbaeen Pilgrim-
age, one of the world largest annual religious gatherings, and explores
the potential of ML techniques for crowd movement analysis and dynam-
ic path suggestion in this context. Although direct research on Arbaeen
remains limited, insights from analogous large-scale events, such as the

Hajj pilgrimage, offer a foundation for addressing its unique challenges.
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A notable example of recent advancements in intelligent routing is pre-
sented by (Geng, Y., Liu, E., Wang, R., Liu, Y., Rao, W., Feng, S., ... &
Chen, n.d.,2021), who propose a Dynamic Adjustable Route Planning
(DARP) algorithm based on Deep Reinforcement Learning (DRL) for pe-
destrians, which addresses the limitations of current methods that require
prior knowledge of the road network and face dynamic traffic congestion.
Their approach relies on a competitive deep Q network to enable the agent
to learn optimal paths by interacting with a dynamic virtual environment,
using an automatic time series model to predict pedestrian flow. So, it
allows the agent to adapt to real-time traffic, demonstrating a significant
travel time savings of 52% under congested conditions compared to tradi-
tional shortest path planning. While (Shah, 2024) proposes an ML model
to classify crowd density in real-time in Hajj video footage, addressing the
urgent need to identify moderate, crowded, and very dense crowd condi-
tions in a timely manner, rather than just detecting abnormal behavior. The
approach relies on an Integrated Gradient Boosting Classifier (GBC) with
structural features such as edge density, local binary pattern texture, and
crowd area coverage, in addition to data augmentation and class balancing
to achieve robustness. Thus, it achieves an accuracy rate of 87% with a low
error rate of 2.14%, enabling efficient crowd management and increased
safety during large events. In response to growing attention for dynamic
crowd analysis, (Moulaei, K., Bastaminejad, S., & Haghdoost, 2024) con-
ducted a comprehensive review to identify health issues, and facilitating
factors during the Arbaeen pilgrimage, to address a gap in the general
literature on this important event. Its methodology included a comprehen-
sive search in databases and a thematic classification of the extracted data,
revealing 61 distinct challenges and 40 facilitative measures. Hence, its

main contribution is a comprehensive understanding of health risks such



as the outbreak of infectious diseases and inadequate facilities, along with
solutions like tailored training for pilgrims and coordinated efforts among
stakeholders, ultimately guiding strategies to improve pilgrimsy welfare
and enhance event management. Another relevant contribution is present-
ed by (Hu, Y., Fang, Z., Zou, X., Zhong, H., & Wang, 2023) that proposed
anew two-phase tourist trip design problem with a crowd dynamics frame-
work (TTDP-CD) for dynamic and personalized route recommendations
in major cities. Its main innovation lies in integrating crowd dynamics in-
dicators—derived from mobile phone tracking data—into a multi-objec-
tive optimization model to reduce perceived congestion while increasing
attraction value and reducing travel distance. The improved non-dominat-
ed sorting genetic algorithm II (INSGA-II) was used to solve this com-
plex problem, demonstrating superior performance and solution quality
by reducing real-time congestion by 7% compared to previous methods.
To push the boundaries of realism and interpretability in crowd modeling,
(Chen,B,Guo,R,Zhang,Q,Zhao,Y,Wang,X,&Zhu,2025) introduces an in-
novative crowd simulation framework driven by data that combines Phys-
ics-informed Machine Learning (PIML) with navigation potential fields.
Its approach addresses the limitations of traditional rule-based models
in dealing with complex human behaviors and data-based approaches in
generalization and interpretability, by designing the PI-STGCN to predict
pedestrian movement trends under physical constraints. The performed
hybrid framework greatly enhances the accuracy and fidelity of simulated
crowd movements, outperforms baselines and improves interpretability
by leveraging the strengths of both deep learning and physical models. In
the pursuit of more accurate crowd behavior forecasting, (Bhardwaj, S.,
Dwivedi, A., Pandey, A., Perwej, D. Y., & Khan, 2023) proposes a novel
Multi Column Convolutional Neural Network (MCNN) based technique
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for predicting crowd behavior, aiming to mitigate overcrowding disasters
by forecasting secret organized groups of criminals (Mob) activity. The
method preprocesses input images to extract low-level features and gener-
ate density maps, which are then linearly mapped and quantified using the
MCNN algorithm. Evaluated on the ShanghaiTech dataset, this approach
demonstrates higher accuracy in crowd counting and density analysis
compared to existing methods, showing improved prediction capabilities
for abnormal crowd events. Eventually, table 1 summarizes the presented
related works that are mentioned in this section.

Crowd Existing of Summary Comparative The :()) Table
Techniques Management and Analysis

Author(s)
Research Objective Methodology Key Findings
& Year
Deep Reinforcement
Minimize travel DARP algorithm saves
Learning (DRL), Du-
time for pedestri- 52% time under con-
Geng et eling Deep Q Network
ans; dynamic route gestion compared to
al. (2020) (DQN), ARIMA for
planning; avoid the shortest path and
pedestrian flow, agent-
congestion. learns dynamic traffic.
based simulation.
Machine Learning,
Gradient Boosting
Classify crowd Achieved 87% accu-
Classifier (GBC),
density (moderate, racy, 93% precision,
structured feature ex-
Shah overcrowded, very 87% recall, 84%
traction (Edge Density,
(2024) dense) in Hajj vid- F1-score; 2.14% error
LBP texture, crowd
eo frames; provide rate. Effective for re-
area coverage), data
real-time alerts. al-time monitoring.

augmentation, class

balancing.



Examine health

Moulaei challenges and
et al. identify facilita-
(2024) tors for Arba’in
Pilgrimage.
Develop dynamic,
personalized tour
Hu et al.
routes for tourists
(2023)
by integrating
crowd dynamics.
Propose da-
ta-driven crowd
simulation frame-
work integrating
Chen et
physics-informed
al. (2025)
machine learning
(PIML) and nav-
igation potential
fields.
Predict mob be-
Bhard-
havior for crowd
waj et al.
management using
(2023)

machine learning.

Scoping review of
databases (Web of Sci-
ence, PubMed, Scopus,
Google Scholar), data

extraction, thematic

categorization.

Two-stage route strat-
egy (“global optimiza-
tion first, local update
later”), INSGA-II
(improved non-domi-
nated sorting genetic
algorithm II), mobile
tracking data.

PI-STGCN (Physics-in-
formed Spatio-tem-
poral Graph Convo-

lutional Network) for
movement prediction;
physical model of navi-

gation potential fields.

Multicolumn Convolu-
tional Neural Network
(MCNN); image pre-
processing; ShanghaiT-

ech dataset.

Identified 61 health
challenges (e.g., in-
fectious disease, poor
waste management)
and 40 facilitators
(e.g., customized
training, stakeholder

coordination).

Suggested method
outperforms NSGA-II,
MOPSO, MOACO,
WSM in solution
quality and decreases
real-time crowding by

7%.

Framework outper-
forms rule-based
methods in accuracy
and fidelity; 10.8% im-
provement in trajecto-

ry similarity.

MCNN accurately pre-
dicts crowd count/den-
sity on ShanghaiTech
dataset; effective for
forecasting potential

incidents.
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In complex event environments data-driven approaches are increasing-
ly vital, a major challenge requires advanced analytical tools to ensure Pil-
grims safety, and improve emergency responses. This section outlines the
employed methodology in the design and development of the proposed
intelligent system. It presents basic theoretical concepts, mathematical
models, and system architecture in detail. The discussion also address-
es the specific methods applied in data handling, continuous risk analy-
sis, classification of evolving crowd behaviors, predictive modelling and
adaptive path planning. This comprehensive account forms the scientific
and technical basis of the system and supports its role in improving public

safety and improving crowd management.

1. Observed Dataset

The limitations about acquiring real dataset for this study compelled
us to generate a predetermined Artificial Dataset. The observed dataset
is composed of artificially generated .csv file of 18 columns and 5000
records (Shihab et al., 2025) as in Figure 1. A custom script, utilizing
the Pandas, NumPy, and random Python libraries, had been developed to
generate this dataset. The data generation process for record building was
guided by a set of procedural rules and heuristic formulas, designed to

simulate realistic scenarios.
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2. THE PROPOSED MODEL

This subsection provides precise definitions for the mathematical mod-
els and computational logic. These frameworks are fundamental for con-
verting observed data into actionable insights, thereby supporting effec-
tive crowd mobility management. For each presented formula, a clear
description is provided, alongside exact definitions for its variables and
relevant contextual details concerning its implementation within the sys-
tem, as in the following and shown in Figure 2 that presents a general

perspective of the proposed model for this study:

Conceptiel perspective of e proposed mode
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Figure :2 Conceptual perspective of the proposed model

A. Calculating crowd status measures and behavioral analysis

1. Crowd Pressure and Density Metrics

In the study of crowd dynamics, Crowd Density (D) (Kui, Q.,LiJ.,&
Zhang, n.d,2009) is a foundational metric, defined as the number of indi-

viduals (N) per unit area (A), as shown in Equ.(1):

N
D= N (individuals /m?) ... ... ... (1)

To assess crowd concentration within the constraints of the proposed
simulation data, an operational index was developed. This Estimated Pres-
sure Index (P_, ), which uses the Number of Visitors (V1 ) as an alternative

to the theoretical crowd density measure (D). Based on (Liang, H,Yang,L,
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Du,J,Shu,C.W, & Wong, 2024) in Crowd Modeling, the basic concept has
been extended to meet the specific requirements by incorporating additional
critical factors, namely the effect of events (Fevent), and the effect of phys-
ical barriers (Fbarrier). The estimated pressure index (P, . .), which mea-
sures the effective impact of individuals on the local environment for each

area (1), is thus calculated according to Equ. (2):

V:
Pindex,i = (C_i + erand) . Fég'ien . Fgfn ......... (2)
Where, (P, , ) represents the Estimated Pressure Index, which corre-

index,

sponds to the value stored in the ‘Pressure’ column within the data, (Vi)
represents the visitor numbers, C1 is an empirical scaling constant (10,000)
for normalization, and Rirand is a random component introduced to simu-
late real world variability. The final value is modulated by a generation-spe-

cific Event Factor(F?; ")as 1.3 for a major procession, and a Barrier Factor

as 1.5 for a barrier. Hence, ( serves as a robust proxy for crowd pressure,
which is acknowledged that for a full-scale deployment, integrating di-
rectly measured Crowd Density (D) would be a critical enhancement for

achieving higher precision in risk assessment.

2. Risk Level (R))

To provide a comprehensive indicator of potential risk, a composite Risk
Level (R i) is defined for each area i. Inspired by foundational works in
multiscale crowd modeling (Bellomo, N, Bellouquid, A., & Knopoft, 2013),
and multi-agent system control (Gong, X., Herty, M., Piccoli, B., & Viscon-
ti, 2023), a tailored multiplicative risk model has been developed. As formu-
lated in Equ.(3), this model integrates crowd pressure (P, . ), the inverse of
crowd speed (1/S1), and a set of environmental factors as Fweather, Fevent,

Fbarrier to quantify the situational risk. Therefore, a higher value of R, cor-
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responds to an increased probability of adverse events occurring

1
Ri = Pigy; X (ﬁ) X Fyeather,i X Fevent,i X Fyarrier; ===~ > (3)

Where, (Pindex,i) is the Pressure Index for area I as defined in earlier,
Si represents the Average Crowd Speed (2.5 units/second), since a lower
speed signifies higher risk. As well as very small constant, € (0.001) is
added to S i to ensure numerical stability by preventing division by zero.
Also, the final score is modulated by three dimensionless factors: The
Weather Factor (F
otherwise. The Event Factor (F__ ) as 1.3 for a major procession; and
the Barrier Factor (F

) as 1.2 if adverse conditions like rain else 1.0

weather, i

) as 1.5 if a barrier is present.Actual Behavior

barrier,i

Classification

3. The system classifies the observed crowd behavior within each area (i)
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into one of three distinct simplified categories: "Normal”,”Suspicious” or
«High Risk.» This rule-based classification facilitates rapid situational
comprehension and targeted alerting for operators. The classification is
determined by evaluating the Risk Degree (R)), the presence of a Barrier
(Barrier,), the Crowd Speed (S), and the Type of Event (Event,). Actu-
ally, the hierarchical logic for this classification is formally described in
Algorithm 1.



Algorithm 1: Crowd Behavior Classification.

Input:Risk Score(Ri),Barrier Status(Barrier i),Crowd Speed(Si), Event Type
(Event i) Output: Behavior Classification

1. IF(Ri>T HighRisk) AND (Barrier iisTrue) AND (Si<S Stagnation) THEN
2. RETURN "High Risk"

3. ELSEIF (Ri>T_Suspicious) OR (Event i="_xS «S ") THEN

4. RETURN "Suspicious"

5. ELSE

6. RETURN "Normal"

7. ENDIF

However, T represents the High-Risk Classification Threshold as

represents the High-Risk Classification Threshold

HighRisk
5.0, However, T

as 5.0, T

where T spicions< LitighRisk always. Also, S

HighRisk
is the Suspicious Behavior Classification Threshold as 3.0,

Suspicious
Stagnation denotes a speed threshold
as 2 units/second when crowd movement is considered stagnant. As well
as, the logical operators A and V represent "AND" and "OR," respectively.
Thus, an area is classified into "High Risk" only if its risk score is critical,
a barrier is present, and movement is severely impeded. Otherwise, it is
classified as "Suspicious" if its risk score is moderately high or if a large
procession event is active. Finally, if neither of these conditions is met,
then the behavior is deemed "Normal."

B. Predictive Modeling for Crowd Dynamics

A key capability of the proposed system is its predictive analytics,
which is designed to provide proactive insight into the emerging condi-

tions of crowds. And based on trend analysis methodologies in pedestrian
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flow modelling as in (Das, P., Parida, M., & Katiyar, 2015), the forecast-
ing module utilizes simple linear regression principles to estimate future
trends for vital features (visitors number, pressure, and risk degree). So,
the computational efficiency and high interpretability in extrapolating lin-
ear patterns from serial data, providing a clear framework for crowd dy-

namics prediction as defined in Equ.(4)

Y =B+ Bt &)

Where, Y', Represents the Predicted Value of a given features (visitor
numbers, pressure, or risk degree) at a future time or sequential step t.
The Intercept Coefficient B is the baseline value of the metric when the
independent variable t=0. While, the Slope Coefficient B is the average
rate of change in the metric of each unit increasing in temporal or ordinal
index (t). For model training, t corresponds to the ordered sequence of
currently available data points N= {0,1,...,N—1}. For forecasting, t is ex-
tended to future steps, {N,N+1,...,N+M—1}, Where, M is the number of
steps to be predicted. The model is trained using the current metric values
as the target output and their corresponding indices as input, then used to
extrapolate future values.

C. Risk Alerting and High-Risk Zone

In order to identify immediate and actionable intelligence, the frame-
work incorporates a dual-layered mechanism for risk notification. This
mechanism is designed to clearly identify and visually highlight areas
where risk levels exceed critical thresholds. The first layer involves a di-
rect alert trigger based on the calculated risk degree (). An alert status for
each area (i) is determined by comparing its against a predefined oper-
ational threshold (). So, "High Alert” status is assigned to an area if its

surpasses this threshold, as in the formulated rule in Equ.(5):



Alert; = High Alert If Ry > Tatort -oevene (5)

Where, R is the Risk Degreefor area (1), and T, __ is the configurable-
High-Risk Alert Threshold(5.0), which establishes the critical point for

triggering an explicit alert.

By the other hand, the second layer provides an intuitive visual map-
ping on the system interactive display, where the marker color for each
area is directly determined by its Actual Behavior classification: a red
marker is assigned if the behavior is "High Risk", an orange marker if it
is "Suspicious Behavior", and a green marker if it is "Normal". This dual
approach ensures that operators can rapidly identify and locate high-risk
zones through both the explicit "High Alert" designation and the unam-
biguous color-coded visual cues on the geographical display, thereby fa-
cilitating swift and informed decision-making.

D. Smart Route Optimization

This phase provides advanced pathfinding capabilities designed to
guide crowds along safer and more efficient paths. It achieves this by
performing a comparative analysis and optimization of crowd movement,

dynamically balancing traversal risk with geographical distance.

1. Edge Weight Function

The core of the smart routing phase is based on the sophisticated Edge
Weight Function (W(u,v)), which defines the composite «cost,» W(u,v), of
crossing a path segment. This cost is not merely based on geographical dis-
tance. The formulation of a cost functions as a linear weighted sum of multi-
ple objectives, integrating both traversal risk and distance, which is a standard
approach in multi-objective pathfinding as in (Alwan, N. A., 2014). Thus, a

lower weight would be more desirable path segment as determined in Equ. (6)

Wu,v)=(a-R,)+ (ﬂ - Dist(u, v)) e e D
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Where, W(u,v) is the Composite Weight (Cost) of the edge. And, a is
a configurable Risk Weight Factor ranging from 0.0 to 10.0, which con-
trols the relative importance of the destination Risk Score (R ), a higher
a value prioritizes paths through lower-risk areas. Similarly, B is a con-
figurable Distance Weight Factor ranging from 0.0 to 1.0 that controls the
importance of the Geographical Distance between nodes, Dist(u,v), while

a higher B prioritizes shorter geographical paths.

2. Geographical Distance Calculation

Where, (Dist(u,v)) is the edge weight function representing the geo-
graphic distance, calculated using the standard Euclidean distance formu-
la (Tatit, P., Adhinugraha, K., & Taniar, 2024). This method is used as a
computationally efficient alternative to actual road network distances. To
ensure a more accurate representation, the coordinates are converted to

radians before applying Equ.(7).

Dist(u,v) = J (lat?® — lat?o2 + (loni™ — lon"®)2 ... .. . 7

Where, (lat *,lon ") and ((lat "*,lon ") are the respective latitude and
longitude coordinates of nodes u and v after their conversion to radians.
The data for these coordinates is sourced from the df coords DataFrame

within the model.

3. Dijkstra>s Algorithm for Smart Path Determination

To determine the optimal "smart path," the system employs Dijkstra's
algorithm, an efficient greedy algorithm to find the least-cost path from a

single source node to a destination node in a weighted graph with non-neg-

96



ative edge weights. Actually, the "least cost" corresponds to the path with
the minimum cumulative composite weight, as calculated by the (W(u,v)).
Then, based on dynamically constructed graphs (G), the observed areas
are the nodes and their interconnections are the weighted edges. Regarding
source(S) and a destination node (D) computing the optimal sequence of

nodes that form the smart path and its total cumulative cost.

4. Traditional Path Definition and Cost

For comparative analysis, the "Traditional Path" is defined as a predeter-
mined sequence of nodes representing a conventional route, with its relevant
segments dynamically extracted between the user-selected source and desti-
nation. The total cost of this path (Cost )in Equ.8 (Alwan, N. A., 2014).

Traditional

COStrragisiona] = Z CWD) . 8

(w,v)ETraditional Path Segments

5. Smart and Traditional Path Priority

A major aim of the study is to compare and analyze the performance
of the «SmartPath» against the predefined «TraditionalPath» that en-
ables informed decision-making. This comparative analysis is achieved
by a visualization strategy that allows to assess immediately the benefits

of the smart routing algorithm.

In general, the proposed intelligent crowd analysis and prediction sys-
tem is designed in a modular and multi-layered architecture with a focus
on flexibility, scalability, and real-time data processing power. This ar-
chitecture facilitates the ingestion of diverse crowd data, comprehensive
analytical processing of crowd behavior, predictive modeling of future
conditions, and the generation of recommendations for optimal routes, so

the general structure flow is illustrated in Figure 3.
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Figure 3: The Conceptual Diagram of the proposed model
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3. Results and Discussion

Data Initialization and Processing Module, acts as the main data en-
try gateway to the system, responsible for taking the input data and con-
verting them into a structured, clean and consistent format, making them
ready for advanced analysis. In addition, the module extracts higher-level
features from the raw data architecture. Figure 4 shows the side control in-

terface that allows the user to load data and configure system parameters.

% Control Panel & Settings

“ Future Forecast Settings:
Number of future steps to predict:

5 e g

1. Behavior Classification Thresholds:
High Risk Threshold {for Classification @ ):

6.00 - -

Suspicious Behavior Threshoid (for Classification @ ):

4.00 —_ -

-~ Smart Path Cost Balancing:

Risk Weight Factor:
1.00
—
2.80 10.09

Distance Weight Factor:
.10
—
2.00 1.00

& Upload CSV Data

Upload Combined Data (e.g., combined_ routes data.csv)

@ Drag and drop file here

Limit 200MB per fila -« CSV

Browse files

Load from Fiie Generate New Data

Figure 4: Control interface for load data and configure system parameters
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1.Centralized Analysis and Processing Engine

100

This engine represents the operational brain of the system and is de-
signed to work through several parallel analytical streams to provide a
comprehensive, multi-dimensional view of the current state of the crowd

by processing different aspects of the data simultaneously.

Regarding the risk analysis and behavior classification, it has been fo-
cused on calculating the pressure index ( and the advanced risk level () for
each observed area. The dataset features are presented ina comprehensive
analytical table for direct review, as shown in table 2. It shows the main
analytical table, where risks are classified based on dynamic thresholds.
Also, it can be seen in figure 5, Row 34 (Sequare 97) shows a very high-
risk level that has reached risk degree 13.76, which exceeds the threshold
0f 6.0, due to barriers existing, and the speed of crowds is very low of 1.21
Km/h. In turn, Row 38 (Village 110) has a risk level of 4.09 that could
be considered as high value (suspicious) of threshold falls between the
(4.0-6.0), thus classified as “suspicious behavior”. Therefore, the model

distinguishes between critical and normal threats.
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As a continuation of the analysis, the model classifies the actual crowd
behavior according to predefined rules in Algorithm 1, along with the cor-
responding alert status, which is presented in a risk degree analysis table,
as shown in Figure 6. It demonstrates an intelligent alert mechanism, and
automatically identifies any zone with a Risk Degree exceeding the initial
warning threshold of 5.0. It is of great importance to note the distinction
between this alert threshold and the more stringent behavior classification
threshold of 6.0. An area of Diwaniyah with a Risk Degree of 5.71 is im-
mediately flagged in the high-risk watchlist, and it is still classified as “Sus-
picious Behavior”. In contrast, an area of Hillah with a Risk Degree of
31.89 is not only on the watchlist, but also classified as “High Risk” since it

has surpassed the higher threshold and met other critical conditions.
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Figure 7 illustrates the distribution of visitor counts across the different
areas. The red line, representing the actual observed visitor numbers,
shows significant fluctuations with sharp peaks in certain key locations.
These peaks usually appear in major urban centers or at important cross-
roads used for major religious events, which attract much larger crowds
than secondary streets or smaller villages. In contrast, the blue line shows
the overall linear trend, which acts as a simple average for all locations.
This trend line helps to better understand the sharp differences in the red
line, highlighting areas with unusually high or low visitor traffic com-

pared to the average.

 Visitor Count by Area vs. Overall Trend

000
00

= Qverall Trend = Visitors

Figure 7: Visitor Distribution by Area vs. Overall Trend Line




To summarize the overall risk distribution across all areas, the system
classifies all monitored areas into three distinct behavioral categories. The

distribution of these categories is visualized in the pie chart in Figure 8.

High Risk

Suspicious Behavior

Normal

Figure 8: Classified behavior distribution (Normal, Suspicious, High Risk)

The results indicate that while a large majority of areas (73.7%) oper-
ate under "Normal" conditions, the system successfully flags two levels
of potential threats. A small but significant 5.0% of areas are categorized
as "Suspicious Behavior" warranting closer observation. Critically, the
model isolates the 21.2% of areas designated as "High-Risk". This crucial
segment represents locations where multiple risk factors have converged,
allowing authorities to prioritize resources and deploy immediate inter-
ventions effectively. Furthermore, an interactive point map that displays
all observed areas with color-coded markers that reflect the alert status in
real time, and features interactive pop-ups that provide detailed informa-
tion, as in Figure 9. It displays the interactive geographical map, which

serves as the primary visual interface for real-time situational awareness.
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Each observed area is represented by a colored marker, based on the con-
figured thresholds like green for "Normal" if risk < 4.0, orange for "Sus-
picious" if risk 4.0-6.0, and red for "High Risk" if risk > 6.0 and other

conditions met.

The Heat Map is used to provide a clear visual representation of the spa-
tial distribution for the crowd pressure along the route, helping to identify
congestion hotspots, as shown in Figure 10. It presents a continuous and
aggregate view of crowd pressure across the observed region. So, the color
intensity, ranging from blue (low pressure) to bright red (high pressure),
reflects the calculated Pressure Index (P_(index,i)). Indeed, it identifies
broad congestion patterns and "hotspots" where crowd density is highest.
The bright red "hotspot" of Figure 10 corresponds to an orange marker on
the risk map of Figure 9 indicates that despite high density, other factors
(good crowd speed) are currently preventing the situation from becoming

critically dangerous.

Figure 9: Interactive map of areas with coded risk level markers
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Figure 10: Heatmap of pressure distribution along the route

Figure 11 presents a path comparison interface, designed to analyze
and compare different routes on a geographic map, supported by a de-
tailed summary of the analysis. While custom paths can be defined by
selecting the start and destination points, the Baghdad to Karbala route
is presented as the default case for this demonstration. The main feature
is the map itself, which visually plots both the predefined “Traditional
Route” (in gray) and the generated “Smart Route” (in blue). This overlay
provides an immediate visual comparison of the two paths. To support the
analysis, the interface also includes a “Path Comparison Details” panel
that shows the calculated costs and key metrics for each route, along with
expandable sections that list the full sequence of areas for both the tradi-

tional and smart paths.
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% Traditional Route vs, Smart Route

\oband e 30 W
fgial

4l Path Comparison Details

85.70 11.18

,,,,,,,

Figure 11: Visual comparison of the proposed Smart Path (blue) and the Traditional
Path (grey)

These results clearly show how the model improves route selection.
The most important finding is the large reduction in total cost, from 85.70
for the Traditional Route down to just 11.18 for the Smart Route. This
significant saving is achieved by finding a safer path. The data shown in
the “Path Comparison Details” panel confirms this: the Smart Route has
an average risk of only 4.92, much lower than the Traditional Route’s
risk of 8.26. The map illustrates this strategy visually: the Smart Route
(blue line) deviates from the main traditional path to navigate through a
sequence of alternative, lower-risk locations. By combining this visual
evidence with the numerical data, it is clear that the model successful-
ly identifies intelligent routes that improve crowd safety. Furthermore,
intuitive visualizations of future predictions through graphs that display
projected trends for key indicators such as the visitors numbers, pressure

levels, and risk degree, as illustrated in Figures 12, 13, and 14.
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These results clearly show how the model improves route selection.
The most important finding is the large reduction in total cost, from 85.70
for the Traditional Route down to just 11.18 for the Smart Route. This sig-
nificant saving is achieved by finding a safer path. The data shown in the
“Path Comparison Details” panel confirms this: the Smart Route has an
average risk of only 4.92, much lower than the Traditional Route’s risk of
8.26. The map illustrates this strategy visually: the Smart Route (blue line)
deviates from the main traditional path to navigate through a sequence of
alternative, lower-risk locations. By combining this visual evidence with
the numerical data, it is clear that the model successfully identifies intelli-
gent routes that improve crowd safety. Furthermore, intuitive visualiza-
tions of future predictions through graphs that display projected trends for
key indicators such as the visitors numbers, pressure levels, and risk de-

gree, as illustrated in Figures 12, 13, and 14.
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Figure :12 Future prediction for Visitor numbers
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Figure 13: Future prediction for Pressure Level

—* - Future
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Figure 14: Future prediction for Risk Score

They collectively demonstrate the predictive model utility and limita-
tions .The linear prediction) orange line (effectively captures the average
baseline for visitor numbers ,pressure ,and risk degree ,making it suit-
able for high-level strategic planning .However ,its inability to predict the
sharp ,localized spikes seen in the actual data) blue bars (underscores the
necessity of complementing these long-term predictions with real-time
monitoring to manage immediate ,high-variance incidents .Consequently,
Data Export Capabilities has been added to download processed data and

analytical results in CSV format ,as demonstrated in Figure.15




B Download Data as CSY

Download All Data

Download Coordinates Data

Download Routes Data

Figure 15: Interface for exporting data in CSV format

This study demonstrates an intelligent, modular framework for the re-
al-time analysis and optimization of crowd movement. It establishes a uni-
fied system that integrates risk assessment, behavioral classification, pre-
dictive analytics, and adaptive pathfinding. So, the key contribution lies in
a composite risk model and an efficient graph-based Dijkstra's algorithm,
which collectively identify safer and more efficient paths than conven-
tional alternatives. The practical significance of this work is its capacity to
shift crowd management paradigms from reactive to proactive, data-driven

strategies, thereby enhancing public safety.

Also, the current model, validated with synthetic data and a linear pre-
dictive function, provides a strong foundation. In the future, it will focus on
advancing its real-world applicability and sophistication. The immediate
priority is live validation through integration with real-world data streams
from Closed-circuit television (CCTV) and IoT sensors. Furthermore, to
enhance predictive accuracy, it could implement more advanced non-linear
models, such as Long Short-Term Memory (LSTM) networks. And, could

use Reinforcement Learning (RL) for the dynamic, adaptive calibration
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of routing parameters. Finally, exploring multi-objective optimization will
be pursued to generate a set of Pareto-optimal routes, offering a nuanced
range of choices that balance safety, travel time, and distance. These future
enhancements are poised to significantly increase the system robustness

and practical utility in smart city public safety initiatives.
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