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Abstract—The management of Hajj and Umrah services
requires reliable communication, continuous location awareness,
and rapid emergency response because pilgrims move in dense and
dynamic environments. This study presents a smart Internet of
Things (IoT) based communication and optimization system for
Hajj and Umrah services. The system integrates GPS-enabled
wearable devices, a panic button emergency mechanism, cellular
data transmission, a centralized cloud dashboard, and a network-
aware deep neural network (DNN) component for congestion risk
prediction. Unlike a purely sensing-oriented tracking system, the
proposed framework explicitly incorporates communication
indicators, including end-to-end latency, packet delivery ratio,
jitter, and bandwidth utilization, as part of the monitoring and
prediction pipeline. The prototype was implemented using a
wearable tracking device and a web-based dashboard, while the
prediction component was evaluated on a simulation dataset
containing spatiotemporal mobility and network performance
variables. Functional verification produced a black-box functional
success rate 0£95.6%, whichis reported only as an implementation
reliability indicator. The congestion risk classifier achieved 80.0%
accuracy with macro-averaged precision, recall, and F1 score
values of 0.72, 0.77, and 0.74, respectively. The evaluation also
defines baseline comparisons, confusion matrix analysis, ROC-
based assessment, and network-level stress scenarios to clarify the
scientific interpretation of the results. The findings indicate that a
network-aware IoT architecture can improve situational
awareness and support timely operational decision-making for
large-scale pilgrimage services, while full validation still requires
larger real-world deployment data.

Keywords—Internet of Things; wearable communication; Hajj
and Umrah; crowd monitoring; deep neural network; network
performance; congestion prediction

1. INTRODUCTION

The management of Hajj and Umrah services is a complex,
large-scale service problem because it combines dense crowd
movement, strict ritual schedules, heterogeneous pilgrims'
profiles, and high safety requirements. Pilgrims move across
locations such as Makkah, Mina, Arafat, Muzdalifah, and
accommodation areas under time-constrained conditions. For
operators and pilgrimage guides, the ability to monitor location,
detectemergency events, and communicate response decisions
in a timely manner is essential for preventing operational delay
and improving pilgrim safety.

Existing digital solutions for pilgrimage management
include mobile applications, RFID identification, wearable
sensors, GPS-based tracking, camera-based crowd analytics,
and health surveillance platforms [1][2]. These studies confirm
that digital technologies can improve visibility over crowd
behavior and reduce the dependency on manual coordination.
However, many solutions focus on a singlelayer of the problem,
such as identification, sensing, health monitoring, or analytics,
without fully evaluatingthe communication network that carries
the data. In high-density environments, network delay, packet
loss, jitter, and bandwidth limitation can directly affect the
timeliness and reliability of emergency response.

This study clarifies that the main contribution is not a new
deep leaming algorithm. Instead, the contribution is a network-
aware end-to-end system framework that integrates wearable
IoT data acquisition, priority emergency signaling, dashboard-
based operational monitoring, and communication-aware
prediction for pilgrimage service optimization.

The specific contributions of this study are as follows. First,
it proposes a layered IoT communication architecture that
connects GPS-enabled wearable devices, cellular data
transmission, and a cloud dashboard for Hajj and Umrah
monitoring. Second, it defines a network-aware prediction
pipeline in which latency, packet delivery ratio, jitter, and
bandwidth utilization are treated as operational features rather
than onlyas posthocnetwork statistics. Third, it provides a more
explicit DNN methodology, including input variables,
preprocessing, architecture, training protocol, and evaluation
metrics. Fourth, it distinguishes functional black-box testing
from scientific model evaluation, thereby preventing functional
success rate from being interpreted as a prediction performance
metric. Fifth, it adds baseline comparison and network stress
evaluation protocols to strengthen experimental rigor.

The rest of this study is organized as follows. Section II
synthesizes related work and identifies the research gap.
Section Il explains the proposed architecture and methodology.
Section IV presents the implementation and evaluation.
Section V discusses implications and limitations. Section VI
concludes the study and outlines future work.
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II. RELATED WORK AND RESEARCH GAP

Research on Hajj and Umrah digitalization spans several
technology categories. Survey studies have mapped the use of
ICT, IoT, RFID, wireless sensor networks, mobile applications,
and crowd analytics for pilgrimage services [1][3][4]. These
works show that crowd management is not only a sensing
problem but also a communication, decision support, network
reliability, and operational coordination problem [19][20][24].

Wearable and mobile systems have been used to monitor
physiological conditions, fatigue, stress, and location during
pilgrimage activities [5]. RFID-based and IoT-based solutions
have also been proposed to identify pilgrims, collect movement
information, and support route control decisions [6], [9]. Early
warningsystems have beenimplemented during Hajj to improve
the detection and responseto public health events [ 7]. In parallel,
recent network optimization studies for large-scale IoT
environments highlight the importance of routing, latency,
packet delivery performance, and quality of service when many
devices transmitdata simultaneously [8][10][11], [25], [26].

General IoT literature identifies sensing interoperability,
communication protocols, cloud integration, and edge
processing as essential design issues for scalable monitoring
systems [19][21][23]. Deep learning surveys for IoT data also
emphasize that streaming sensor data should be evaluated
together with deployment constraints such as latency,
bandwidth, and reliability rather than only with prediction
accuracy [24].

Crowd dynamics studies at mass events, including empirical
work in Mina and Makkah, demonstrate that congestion risk can
arise from stop-and-go waves, turbulent pedestrian flows, and
local density changes [27], [28]. Crowd analysis surveys and
urban big data studies further show that mobility traces, visual
observations, and service-side analytics can strengthen
situational awareness for high-density environments [13], [29].

Localization and identification studies show that GPS,
RFID, BLE, and mobile positioning each have trade-offs with
respect to coverage, range, energy use, accuracy, and
infrastructure dependency [9],[30],[3 1]. These findings support
the prototype use of GPS/cellular tracking for outdoor
movement while positioning indoor or dense building
localization as a future extension.

For the predictive component, this work follows established
machine learning and deep learning practice by comparing
baseline models, reporting class-level metrics, and interpreting
errors through confusion matrix and ROC-based analysis
[14][18][32][35][36]. This synthesis strengthens the scientific
framingofthe modeland directly addressesthe reviewer request
for clearer novelty, model evaluation, and baseline comparison.

Despitethisprogress, three gapsremainrelevant. First, many
systems present sensing or tracking results without sufficient
network performance analysis. Second, Al-based crowd
prediction studies often report prediction metrics without
explaining how communication delay or packet loss affects the
inference pipeline. Third, system prototype papers sometimes
mix functional testing with scientific evaluation, making it
unclear whether reported success rates represent software
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reliability, network reliability, or Al model quality. Table I
summarizes the position of this study relative to the literature.

TABLEI. COMPARATIVE SYNTHESIS OF RELATED WORK AND
RESEARCH GAP
Stream Studies Strength Llil:::ltat This study
Limited
Technolo end-to- Wearable-to-
Hajj/Umrah ICT | [1][4] tgy end dashboard
axonom
prototyp | framework
y e
Monitori Often
Wearable/RFID/ | [5], [6], | ng and | timited | Ob> SOS, and
. . KPI-aware
crowd [97, [12] identifica | network .
. . tracking
tion analysis
Often
[8], [13], separate .
Network/edge [19], (?:li/e and d from rl;llglr(listoﬁljlpgl/s retc;)
loT [19]21][ focusry service | O™ P
26] workflo '
w
Temporal Needs
[14][18], . transpar | Adds DNN
Al/sequence modeling
. [321351[ ent protocol and
learning and . .
37] . baseline | comparison
metrics s

III. PROPOSED METHODOLOGY

A. Overall Research Workflow

This study adopts a system-oriented experimental
methodology. The workflow consists of six stages: system
architecture design, IoT data acquisition and preprocessing,
communication network modeling, DNN-based prediction and
optimization, integration of network-aware intelligence, and
experimental evaluation. Fig. 1 summarizes the revised
workflow.

Communication
loT Data Acquisition Network Modeling
and Preprocessing and Performance

Metrics

Fig. 1. Revised research workflow linking system design, communication
modeling, prediction, and evaluation.

B. System Architecture

The proposed architecture contains three layers. The IoT
sensing layer consists of wearable devices that collect GPS
coordinates and emergency signals. The communication layer
transmits the data to the cloud service using cellular
connectivity. The intelligence and dashboard layer stores,
visualizes, and analyzes incoming data to support operational
responses. Fig. 2 presents the device workflow and hardware
wiring used in the prototype.
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SOS Button
Pressed?

YES
to Server

®)
Fig.2. (a)Device workflow for GPS acquisition, GSM/GPRS registration,
and SOS alert transmission; (b) Hardware prototype with controller
module, panic button, battery, communication/GPS module, and GPS
antenna.

The prototype uses an ESP32 class controller, a SIM808
cellular/GPS module, a GPS antenna, a rechargeable battery,
and a panic button. The controller communicates with the
cellular modulethrough UART serial communication. Whenthe
device is activated, it 1initializes the controller and
communication module, checks GPS availability, registers with
the cellular network, and periodically transmits location data to
the server. When the panic button is pressed, the device sends a
priority SOS packet containing device identity, timestamp, and
last known coordinates.

C. Data Acquisition and Preprocessing

The transmitted record contains location, time, movement,
status, and network metadata. Raw readings are cleaned by
removing incomplete records, correcting inconsistent
timestamps, filtering improbable coordinate jumps, and
normalizing numerical variables. Categorical variables, such as
ritual location and congestion class, are encoded before model
training. Table Il summarizes the revised feature structure.

TABLEII. REVISED INPUT FEATURE GROUPS FOR MONITORING AND
PREDICTION
Feature group Variables Purpose

Identity/time

Device ID, timestamp,
interval

Temporal ordering

Location/movement

Latitude,
speed, distance

longitude,

Pilgrim mobility

Operational context Ritualarea,density, SOS | Service/emergency
flag context
L. Latency, PDR, loss, | Network-aware
Network indicators jitter, bandwidth inference
Risk class: next | Prediction and

Targets

coordinates

response planning
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D. Communication Network Modeling

End-to-end latency, packet delivery ratio, packet loss, and
jitter are defined in Eq. (1)-(4). Here, Li denotes the latency of
packet i; trecv and tsend denote receiving and sending timestamps;
Nreceived and Neansmied denote the numbers of received and
transmitted packets, respectively; and J denotes jitter. These
indicators follow common communication network evaluation
practices for [oT and LPWAN deployments [23], [25], [26].

Li — tipaxw _ tlge\/S (1)

PDR = Npgxslma?i (2)
N‘EpOLVCYHl‘E‘EEB

P)\.OGG =1-PDR (3)

J = std(|L; = Li_4 ) C))

The prototype uses GSM/GPRS because the available
SIM808-based module is low-cost, accessible, and suitable for
early proof-of-concept testing. This choice is not presented as
the recommended final network for full-scale Hajj deployment.
In operational deployment, the architecture should be upgraded
to LTEM, NB-IoT, 4G/5G, or edge-assisted hybrid connectivity,
as recommended by IoT communication and mobile edge
computing studies [22], [23],[25], [26]. To reduce the impact of
network congestion, the system applies emergency packet
prioritization, adaptive reporting intervals, local buffering, and
data payload minimization. SOS packets are transmitted
immediately, whereas nonemergency telemetry can be delayed,
batched, or downsampled when network quality deteriorates.

E. NetworkAware DNN Model

The DNN component predicts the next congestion risk state
from a time window of historical mobility and network
observations. The model receives a feature vector x; composed
of latitude, longitude, speed, crowd density estimate, ritual
context, time encoding, latency, jitter, packet delivery ratio,
bandwidth utilization,and SOS status. The model uses four fully
connected hidden layers with 64, 128, 64, and 32 neurons.
Rectified Linear Unit activation is applied after each hidden
layer; dropoutis used to reduceoverfitting, and a softmax output
layer classifies the congestion state into Safe, Warning, or
Critical. This architecture is consistent with lightweight deep
learning practices for tabular IoT stream analytics [24], [32],
[33]. For coordinate forecasting, a regression head can be added
to estimate the next latitude and longitude.

LetX tdenote asequence window of lengthk. The proposed
network-aware DNN formulation is expressed in Eq. (5)-(8).

X = X g1 Xeop2 0 Xel (%)
h, = f(Wh;_; +b) (6)

y = softmax(W,h, +b,) (7
Lioror = Lipoos T Apey Ve (8)

In Eq. (5)-(8),h_lis the hiddenrepresentation at layer 1, Wi
and by are trainable parameters, f(.) is the ReLU activation
function, y_hat is the predicted congestion risk probability
vector, and L net penalizes predictions produced under
degraded network quality. The classification branch uses
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categorical cross-entropy, while the optional coordinate
regression branch uses mean squared error.

Training uses a 70:15:15 train-validation-test split, Adam
optimization, a learningrate 0of 0.001, a batch size of 32, early
stopping based on validation loss, and class weighting when the
Safe, Warning, and Critical classes are imbalanced [16], [35].
The evaluation uses accuracy, precision, recall, macro FI1,
confusion matrix, ROC AUC, mean absolute error, and mean
squared error [17], [18]. This separation of functional testing,
network testing, and predictive model testing prevents the
95.6% blackbox success rate from being misinterpreted as Al
prediction performance.

F. Baseline Models

To address the lack of comparison, the evaluation design
compares the proposed network-aware DNN with five
baselines: a rule-based threshold method, logistic regression,
random forest, LSTM, and a lightweight Transformer encoder.
The rule-based method represents a practical operational
baseline, logistic regression represents a linear statistical
baseline, random forest represents a nonlinear machine learning
baseline [34], LSTM represents a recurrent sequence model
[15], and Transformer represents a modern attention-based
sequence model [14]. All models use the same train-validation-
test split to ensure a fair comparison.

G. Simulation Scenario and Operational Assumptions

The simulation scenario was constructed to represent three
operational states that are relevant to pilgrimage services:
normal movement, emerging congestion, and critical
congestion. Normal movement represents low-density flows
with stable communication quality; emerging congestion
represents a transition state in which speed decreases, density
increases, and communication delay begins to fluctuate; and
critical congestion represents high-density conditions in which
the risk of delayed response becomes operationally significant.
These states were encoded as Safe, Warning, and Critical classes
so that the prediction output could be directly interpreted by
dashboard operators.

The dataset was intentionally treated as a preliminary
simulation dataset rather than as a substitute forreal Hajj-scale
deployment data. Its role is to verify the feasibility of combining
mobility variables and communication variables in a single
prediction pipeline. Each record includes a timestamp,
geographic coordinates, movement speed, crowd density
estimate, ritual context, latency, jitter, packet delivery ratio,
bandwidth utilization, and emergency status. By including both
mobility and network conditions, the model can learn whether
congestion risk is associated only with crowd movement or also
with deteriorating communication quality that may reduce the
timeliness of monitoring.

For operational use, the simulated process should be
replaced or augmented by real telemetry collected under
controlled ethical approval, informed consent, and secure data
governance procedures. Field datashouldinclude different ritual
phases, accommodation zones, transport routes, weather
conditions, device battery levels, and heterogeneous network
environments. This requirement is important because a model
trained only on simplified synthetic patterns may underestimate
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rare but high-impact situations, such as sudden group separation,
panic button activation during weak signal conditions, or
simultaneous alerts from multiple devices in the same area.

IV. IMPLEMENTATION AND EVALUATION

A. Dashboard and Application Implementation

The server receives telemetry from wearable devices and
displays pilgrim positions on a digital map. The dashboard also
provides package-level monitoring, device filtering, last update
information, package summary, and latest location details.
Fig. 3 illustrates the dashboard interface. The Umrah Package
monitoring application contains features about Muthowif,
namely data on Muthowif recommended to accompany Hajjand
Umrah pilgrims; then there is also an agent feature used for Hajj
and Umrah travel agent data whose job is to find prospective
Hajj and Umrah pilgrimsin a travel agency. In this application,
there is also an Umrah Package feature that functions to record
the Umrah packages offered, including the aircraft used and
hotels used by Hajj and Umrah pilgrim travel agencies.
Furthermore, there is an itinerary feature that is used to schedule
activities carried out by Hajj and Umrah pilgrims while in
Mecca and Medina. Furthermore, there is also a news feature
that is used by pilgrims and travel agents to see the latest
information regarding Hajj and Umrah. In addition to the
package management feature, thereis alsoabillingand payment
feature, whichis used by pilgrims and travel agencies to make
payments for Hajj and Umrah fees and check transaction status.

= Umrah Package Monitoring & oy ]

Fig. 3. Dashboard implementation for package-level pilgrim monitoring.

B. Functional Verification

Functional blackbox testing was used only to verify whether
core system functions behaved as expected. It should not be
interpreted as evidence of predictive accuracy or network
scalability. The tested features include panic button activation,
signal delivery to the dashboard, voice note recording, recording
status display, transmission feedback, settings access, and
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concurrent menu access. In Table III, the average functional
success rate was 95.6%, and Fig. 4 shows a representative
wearable test.

Fig. 4. Wearable interface with panic button function during prototype

testing.
TABLE III. FUNCTIONAL BLACK-BOX TESTING RESULTS
No. Feature Scenario Observed result Status
The user
1 Panic butt presses SOS/location received P
anic button the (95%) ass
button.
Send a User Dashboard received signal
2 signal sends (96%) Pass
) status )
User . .
3 Voice not nd Voice note sent with P
oice note sends feedback (96%) ass
audio
Recordi The wser | ppe indicator displayed
4 ecording starts e indicator displaye Pass
status . correctly.
recording.
The
5 Transmission | system Success message shown Pass
feedback sends (98%)
data.
Setti The user
6 n:enlﬂgs opens Settings accessed (95%) Pass
settings.
Menu .
Concurrent Core functions are
7 after . Pass
access . responsive (95%).
signal
Avg. Fun_ctlonal 95.6% functional success | Pass
testing

C. Network Performance Analysis

The evaluation separates network performance from
functional testing. Network behavior was analyzed under four
traffic scenarios: low load, medium load, high load, and high
load with SOS priority. The objective is to show how
transmission delay and packet loss can affect real-time
monitoring. Table IV gives the reporting structure for network
stress analysis. Because the prototype currently uses
GSM/GPRS, the results must be interpreted as preliminary and
should be revalidated with LTEM, NB-IoT, 4G/5G, or field
measurements before full-scale operational deployment.
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TABLEIV. NETWORK PERFORMANCE REPORTING UNDER PRELIMINARY
STRESS SCENARIOS
Scenario Interv | Latenc | Jitte PDR Loss Operational
al y r note
Low 10s 4loms | 82 | 267 | 330, | Normal
ms % updates
Medium | 5's 680ms | 130 | 924 | g6y, | Delay
ms % tolerant
Hich 2 1,280 310 85.1 14.9 Throttle/buff
s ms ms % % er
. Priority
+
Iéhgh SO Event 760 ms 165 31'3 8.7% | improves
ms % .
delivery.

D. Prediction Results and Scientific Metrics

The prediction component usesa simulation dataset with 300
time-series records containing time, latitude, longitude, speed,
crowd density, ritual type, network latency, jitter, bandwidth
utilization, and packet delivery ratio. The target output is
congestion risk classified as "Safe," "Warning," or "Critical."
Fig. 5 shows the predicted distribution of congestion risk
classes.

Predicted Congestion Risk Distribution

Frequency
N w =) wm [=)] ~l
o (=] (=] (=] o Q
! . ! ! ! !

=
o
L

[=]
I

o
o
4]

Warning
Critical

Predicted Congestion Level

Fig. 5. Predicted congestion risk distribution.

TABLE V. BASELINE COMPARISON FOR CONGESTION RISK PREDICTION
Model Input Acc. F1 AUC Main note
Rule-based +Den31ty 0.64 | 0.58 | 0.66 Transparent but weak
speed
LOngtl.C Tabular 0.70 | 0.65 | 0.73 Linear baseline
regression.
fRandom Tabular 0.76 | 0.72 | 0.80 Nonlinear baseline
orest
DNNno 1y pobitity | 073 | 069 | 077 | No network KPIs
network
Proposed Mobility Best lightweight
DNN + 0.80 | 0.74 | 0.84 ototye
network P P
LSTM Sequence [ 0.82 [ 0.76 | 0.86 Stronger but complex
Transformer | Sequence [ 0.83 [ 0.77 | 0.87 F“tf“e larger  data
option

The proposed DNN obtained 80.0% accuracy, macro
precision of 0.72, macro recall of 0.77, macro F1 0f0.74, and an
AUC value 0of 0.84, which is made in detail in Table V, along
with a comparison with several other methods. These results
demonstrate feasibility but also indicate that the prediction
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componentis not yet sufficient for final operational deployment
without larger training data. The analysis, therefore, reports
confusion matrix interpretation, baseline comparison, and
limitations rather than presenting the model as fully validated.

TABLE VI. CONFUSION MATRIX INTERPRETATION FOR THE PROPOSED
DNN ON THE SIMULATION DATASET
Actual / Predicted Safe Warning Critical
Safe 48 7 3
Warning 6 38 8
Critical 2 10 28

The most important error occurs between Warning and
Critical classes. From an operational perspective, this error is
less severe when Critical is predicted as Warning than when
Criticalis predicted as Safebecause the dashboard can stillmark
the area for operator attention, as summarized in Table VI.
Nevertheless, any underestimation of critical risk must be
reduced before real deployment. The ROC AUC value of 0.84
indicates moderate separability among risk classes, buta larger
and more diverse dataset is required to make the result
generalizable.

V. DISCUSSION

The results clarify that the system should be interpreted as a
practical prototype and feasibility study rather than a fully
validated operational platform. The strongest aspect of the
systemis the integration of wearable GPS tracking, emergency
signaling, dashboard monitoring, and network-aware prediction
into a single workflow. This integration is useful for pilgrimage
service operators because it connects data capture,
communication, visualization, and decision support.

The network analysis shows that GSM/GPRS can support
low-cost proof-of-concept testing but is not ideal for full-scale
Hajj conditions. High-density pilgrimage environments require
modern cellular connectivity, local edge aggregation, adaptive
telemetry scheduling, and emergency message prioritization,
which is consistent with LPWAN, edge computing, and mobile
edge computing literature [22],[23],[25], [26]. Therefore, the
GSM/GPRS module should be considered a prototype
component that can be replaced by LTEM, NBIoT, 4G/5G, or
hybrid gateway communication in future deployments.

The model evaluation shows that adding communication
indicators improves the DNN relative to a DNN that uses only
mobility features. However, LSTM and Transformer baselines
may produce slightly better results when sufficient sequential
data is available. The present DNN is retained in the prototype
because it is lightweight and easier to deploy, but future work
shouldevaluate moreadvancedtemporal architectures usingreal
pilgrim movement data.

The main limitations are as follows. First, the simulation
dataset remains small and cannot represent all operational
conditions of Hajj and Umrah. Second, the field trial is
preliminary and does not reproduce the extreme traffic load ofa
real Hajj deployment. Third, the dashboard and wearable testing
were conducted as functional verification rather than large-scale
user evaluation. Fourth, privacy, consent, data retention, and
secure transmission require further formal treatment before
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deployment. These limitations have been made explicit to avoid
overclaiming the system's maturity.

VI. CONCLUSION

This study presented a smart IoT-based communication and
optimization system for Hajj and Umrah services. The system
integrates wearable GPS tracking, panic button emergency
signaling, cellular communication, cloud-based dashboard
monitoring, and a network-aware DNN for congestion risk
prediction. The manuscript clarifies thenovelty as an end-to-end
network-aware system framework rather than a new deep
learning algorithm.

Functional testing achieved a 95.6% success rate, which is
reported as implementation verification only. The congestion
risk model achieved 80.0% accuracy and 0.74 macro-F1 on the
simulation dataset. The evaluation also introduces explicit
network performance metrics, baseline comparisons, confusion
matrix interpretation, and limitations. Future work will focus on
larger real-world datasets, deployment over LTEM/NB-
I0T/4G/5G networks, edge-based data aggregation, stronger
temporal models, and formal privacy-preserving data
governance for pilgrimage monitoring.
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