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ABSTRACT

Airports function as complex systems comprising interrelated entities, resources, and processes.
Inefficiencies within these systems, particularly long waiting times, contribute to passenger dissatisfaction.
This study examines operational improvements at Mumbai International Airport, one of India’s busiest
hubs, focusing on identifying bottlenecks and reducing congestion for departing passengers. Discrete event
simulation served as the core methodological framework. Through hybrid simulation, AS-IS models were
developed to analyze operational processes and evaluate bottlenecks. BPMN was used for conceptual
modeling, followed by Simul8 for dynamic modeling. TO-BE system configurations for check-in, security
screening and boarding were then remodeled. Simulation experiments were conducted to determine the
optimal setup that minimizes queuing time while maximizing passenger throughput. The findings highlight
an ideal system configuration that significantly reduces waiting times and overall passenger processing
time, resulting in improved operational efficiency. These insights provide data-driven recommendations for
optimizing airport processes, ultimately enhancing passenger experience and improving airport
performance.

1 INTRODUCTION

As air travel continues to grow, airports, being a complex system, face the challenge of scaling up their
operations to meet the rising number of passengers without compromising service quality. This involves
managing waiting times in queues, reducing overcrowding, and minimizing delays. In certain cases, delays
in terminal operations can lead to interruptions in related activities, such as baggage handling, air traffic
coordination, and overall air travel. Service optimization is therefore inevitable to create a delicate balance
between efficiency and comfort, where passengers experience a smooth and timely journey through the
airport, from check-in to boarding. System optimization may involve implementing effective system
configurations and integrations, streamlining processes, investing in new technologies, and developing
employee skills, among other measures. Airports that successfully maintain this balance will not only meet
the increasing demand for passengers but also enhance their reputation and competitiveness in the global
aviation industry.

Chhatrapati Shivaji Maharaj International Airport (CSMIA), also known as Mumbai International
Airport (MIA), situated in Mumbeai, is one of the busiest airports in India, handling a diverse range of
domestic and international flights. MIA’s yearly passenger throughput has increased significantly over the
years, reaching millions. In 2024, the airport handled 54.8 million passengers, representing a 6.3% increase
from 2023, when it served approximately 51.58 million passengers (Indian Express 2025; Moodie Davitt
Report 2025; Travel Daily Media 2025). However, this surge has led to significant congestion, long waiting
times, process inefficiencies, and suboptimal resource utilization. In February 2024, the Ministry of Civil
Aviation intervened, directing MIA to reduce daily flight operations by approximately 40 flights to ease
congestion and improve punctuality. This decision was prompted by the airport’s consistently poor on-time
performance and excessive slot distribution without adequate time margins. Additionally, in December
2024, MIA handled 5.05 million passengers, marking its busiest month with a 3.4% increase compared to



Kashefi, Alwzinani, and Malek

December 2023 (Indian Express 2025; Travel Daily Media 2025). These developments underscore the
urgent need for MIA to enhance its infrastructure and operational strategies to effectively and efficiently
manage the growing passenger demand.

The aim of this paper is to develop a hybrid simulation model for assessing bottlenecks for crowd
management at MIA, with a focus on enhancing operational efficiency for departing passengers. This
includes reducing passenger waiting times and inconvenience, minimizing the average time a passenger
spends in the departure terminal, and increasing passenger throughput.

This paper is structured as follows: Section 2 offers a detailed exploration of the problem. Section 3
outlines the research methodology. The results of the AS-IS model are presented in Section 4, followed by
the development of the TO-BE model in Section 5. Section 6 discusses the findings, and Section 7 concludes
the paper.

2 LITERATURE REVIEW

The Indian aviation sector significantly contributes to India’s economy, supporting approximately 7.5
million jobs and generating roughly $30 billion annually towards the nation’s GDP (IATA 2024a). The
industry’s economic influence predominantly arises from its promotion of tourism and increased air travel
accessibility, facilitated largely by more affordable airfares (IATA 2024a). According to forecasts by the
International Air Transport Association, India is expected to surpass the United Kingdom by 2024,
becoming the third-largest air passenger market globally, further highlighted by predictions that India’s
aircraft fleet will exceed 2,000 aircraft by 2034 (IATA 2024b).

Recent data highlights the robust recovery of India’s aviation sector in the aftermath of the COVID-19
pandemic, with domestic air passenger traffic reaching a record high of approximately 152 million
passengers in the year 2023, which reflects a remarkable growth of 23% compared to the 123 million
passengers recorded in 2022 (AAI 2024). Additionally, data from the Airports Data from the Airports
Authority of India (AAI) indicates that domestic and international passenger traffic collectively reached
approximately 340 million between April and December 2023, reflecting a significant resurgence in air
travel following the pandemic (AAI 2024).

MIA serves as a major aviation hub in India, facilitating approximately 52.8 million passenger
movements during the fiscal year 2023-2024. Its passenger throughput is second only to that of Indira
Gandhi International Airport in Delhi, which handled almost 65 million passengers in the corresponding
period (AAI 2024). Mumbai’s status as India’s financial and entertainment capital underscores its strategic
significance as a pivotal aviation hub, considerably facilitating both business and tourism travel. The
noticeable increase in passenger volumes necessitates a comprehensive reassessment of terminal operations
at MIA. Meticulous assessment and enhancement of key operational aspects, including passenger flow
management, boarding efficiency, and security protocols, are necessary to accommodate rising passenger
volumes. For instance, optimizing passenger flow can mitigate congestion, streamlining boarding
procedures can diminish delays, and enhancing security measures is imperative to guarantee passenger
safety without compromising efficiency.

Research into airport operational efficiency has frequently employed simulation techniques, notably
Discrete Event Simulation (DES), Agent-Based Simulation (ABS) and System Dynamics (SD). DES has
proven effective in modeling discrete operational processes within airports, such as passenger check-in,
security screenings, and baggage handling (Munasingha and Adikariwattage 2020; Guizzi et al. 2009; Groot
2018; Orhan and Orhan 2020; Wu and Mengersen 2013; Dorton and Liu 2016; Malandri et al. 2018). ABS,
on the other hand, offers insights into complex interactions and behavioral dynamics within airport
terminals, flight planning and scheduling (Ma et al. 2023), passengers’ shopping behavior (Chen et al.
2022), implications of policy changes on passenger services (Verma et al. 2020), airport capacity
assessments (Peng et al. 2014), and security risk management (Janssen et al. 2019). Finally, SD offers a
flexible decision support system, enabling effective high-level decision-making for substantial changes to
the airport terminal system’s structure and operation (Manataki and Zografos 2010).
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Despite the extensive application of various simulation techniques, including DES within airport
contexts, existing research has largely focused on dynamic modeling and the experimentation phase.
Relatively limited attention has been devoted to the critical stages that precede and follow model
development. As aresult, there exists a significant research gap concerning the broader simulation lifecycle,
particularly in relation to hybrid simulation modeling. This study seeks to address this gap by adopting a
tailored methodological framework that integrates key simulation stages into a unified, holistic approach.
Specifically, it employs a comprehensive mapping process that bridges static (conceptual) modeling and
dynamic (simulation) modeling, encompassing both AS-IS (current state) and TO-BE (future state)
business processes (Robinson 2004; Taylor et al. 2014). The proposed methodology is adaptable to diverse
operational environments and business scenarios. Moreover, this paper contributes methodologically to a
context that remains under-explored. Accordingly, this research offers a preliminary investigation into the
applicability and effectiveness of hybrid modeling within this domain, contributing to the literature by
addressing this critical gap in the understanding and operationalization of the complete simulation lifecycle.

3 METHODOLOGY

As noted, this paper aims to enhance the operational efficiency of MIA’s international departure terminal
by employing a hybrid modeling approach that integrates static (Business Process Model and Notation -
BPMN) and dynamic (DES via Simul8) modeling techniques. Robinson’s four-phase simulation study
(Figure 1) guided our overarching methodological approach. The process begins with developing an
understanding of the problem situation. Following this, the model to be built is described in the conceptual
modeling phase. A computer simulation model is then constructed. Once created, experiments are
conducted with the simulation model to gain a deeper understanding of the real world and/or to find
solutions to real-world problems. This involves a process of “what-if” analysis, which entails making
changes to the model’s inputs, running the model, examining the results, learning from those results, making
adjustments to the inputs, and repeating this cycle. Last, the solution or understanding phase is derived from
the experimental results. Implementation can be perceived in different ways. It can refer to applying the
findings from a simulation study in the real world, or it can signify learning where the study has led to an
enhanced understanding that will influence future decision-making.

Real world
problem

Solutions/ Simulation Studies

Understanding

Computer
model

Figure 1: Stages of simulation studies (adapted from Robinson, 2004)

A more fine-grained, tailored approach was then adapted to suit the context of this study (Figure 2).
Figure 2 illustrates this approach by first identifying and defining the operational problem (including
objectives, constraints, and performance indicators). It then creates a conceptual BPMN model of the
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current (AS-IS) process to establish a high-level view. Next, a corresponding dynamic simulation is built
to capture timing, queues, and probabilistic elements, followed by an assessment of performance to pinpoint
inefficiencies and bottlenecks. Informed by these findings, process improvements are proposed and
integrated into a revised (TO - BE) conceptual model, which is then realized through an updated simulation
that is validated to ensure logical consistency and data accuracy. ‘What-if* scenarios are subsequently run
to test different demand or resource configurations before key performance indicators are analyzed and
final recommendations are drawn. Using the collected data, an AS-IS (i.e., current state) model was
developed to identify operational challenges within the terminal, from check-in to boarding. This model
was then analyzed to inform the development of a TO-BE (i.e., optimized future state) model, proposing
solutions to mitigate bottlenecks and enhance overall efficiency. The TO-BE model focuses on improving
key process metrics for better crowd management, including passenger throughput, waiting times, and total
time within the system. The illustrations below present the adopted process flow, which guided the
development of models and simulations for MIA’s departure terminal.
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Figure 2: Tailored approach (adapted from Taylor et al., 2014)

Regarding data collection, we employed a mixed-methods approach, integrating both qualitative and
quantitative research methodologies to strengthen our investigation and enhance the robustness of our
findings. One of the authors, a citizen of India, traveled to the city of Mumbeai to gather the necessary data.
The involvement of a local citizen facilitated greater cultural sensitivity and improved access to participants,
thereby enhancing the authenticity and contextual relevance of the data collected. All authors participated
in data triangulation, analysis, and visualization. Data collection took place over a two-month period, from
December 2023 to January 2024.

The initial phase of our research was qualitative, aimed at gaining in-depth insight into the operational
mechanisms of the departure terminal. We employed techniques such as semi-structured interviews and
document analysis (for historical data) to develop a comprehensive understanding of terminal processes,
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which were subsequently represented using BPMN diagrams. Creating these diagrams was a crucial step,
as it enabled us to conceptualize complex workflows in a structured and coherent manner, thereby
facilitating further analysis.

To gather qualitative data, we conducted semi-structured interviews with five staff members, including
one senior officer and four experienced officers from different sections of the departure terminal, namely
check-in, security screening, immigration, and boarding. Each interview lasted approximately 30 minutes.
The data collected provided essential input for constructing the BPMN diagrams. Interview questions
focused on staff roles and responsibilities, procedural bottlenecks, interdepartmental coordination, and
everyday operational challenges. This enabled us to identify both standard practices and context-specific
variations in the terminal’s workflow.

Building on the contextual insights gained during the qualitative phase, we then transitioned to the
quantitative phase. Key numerical inputs were required to configure the simulation model across various
components. These input parameters were collected through interviews, structured surveys, and document
reviews. During the interviews, in addition to qualitative discussions aimed at developing the conceptual
model, quantitative questions were also posed to support the development and calibration of the simulation
model. These included estimations of the daily number of departing passengers, average working hours for
various resource types in the four terminal sections, total processing time from entry to boarding, and
average queuing times per section.

In addition to the interviews, we designed and administered structured surveys to gather numerical data
relevant to the identified processes and model inputs. A broader group of officers from each section was
invited to complete the survey, thereby improving the accuracy of the simulation model’s parameters and
estimations. Document reviews constituted the third technique employed. Access to these operational
documents was granted by the senior officer. Quantitative data were instrumental in both developing
dynamic simulation models and measuring key performance indicators (KPIs). This triangulated, multi-
method approach enhanced the validity of our findings by allowing us to cross-verify information obtained
from different sources and to minimize biases associated with any single method.

To ensure the rigor and credibility of our analysis, we applied several validation techniques. First, we
used data triangulation to cross-check information derived from staff interviews, surveys, and historical
operational documents (Denzin 2017). This enabled us to compare qualitative insights with corresponding
quantitative metrics, reducing bias and enhancing the overall reliability of the study. Second, all data
underwent thorough cleaning to identify and address discrepancies or missing values before analysis,
thereby ensuring internal consistency. Third, we conducted respondent validation by sharing initial
interpretations with key stakeholders, including the officers who were interviewed. This process ensured
that our findings accurately reflected operational realities. Collectively, these strategies reinforced the
validity of both qualitative and quantitative evidence, ensuring that our simulation models were grounded
in reliable and credible data (Yin 2018).

4 AS-ISMODEL DEVELOPMENT

Considering the tailored approach as a guiding framework (Figure 2), after recognizing the need to enhance
operational efficiency at MIA, the first iteration of the model development process began with constructing
a conceptual model that represented the existing operational procedures (i.e., static AS-IS). Drawing on
qualitative data collected through stakeholder engagement, a detailed BPMN diagram was developed to
depict the current processes at the MIA departure terminal (Figure 3).

The mapped process begins when passengers enter the terminal and initiate the verification procedure
by presenting their passports and boarding passes. Depending on their ticket class, passengers are directed
to distinct queues; those traveling in first or business class follow a separate path from those in premium
and economy class. Upon verification by a police officer at the terminal gate, passengers proceed to their
designated check-in counters, where they receive their boarding passes. Subsequently, they advance to the
luggage weighing area and then to the security inspection. Security screening is conducted via two lanes: a
standard lane for premium economy and economy-class passengers, and a fast-track lane for first- and
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business-class passengers. Once through security, passengers proceed to their respective boarding gates,
with boarding prioritized according to travel class; first and business class passengers board first, followed
by those in premium and economy class.

Following the creation of the AS-IS model and its thorough verification of syntax and structure, the
interviewees conducted a validation exercise to ensure that the model accurately captured the real-world
processes as understood by the officers involved. Once validated, the model was evaluated for inefficiencies
and bottlenecks. In doing so, the identified issues were reviewed again by the same personnel to confirm
their accuracy and identify any additional inefficiencies that may have been overlooked. The confirmed
bottlenecks are visually represented in Figure 3, with red annotations encircling each process activity where
inefficiencies were observed.

Figure 3: Static AS-IS BPMN model

The inefficiencies ranged from long queues of passengers awaiting multiple checks by a single police
officer in the first lane, to the manual handling of check-in procedures in the second and third lanes-
designated for different flight classes (i.e., First and Business Class, and Premium Economy and Economy
Class)- as well as the manual onboarding of passengers in the final lane, among other issues.

Still within the first iteration, after constructing the static AS-IS model of the departure terminal using
BPMN, the next step involved developing a corresponding dynamic AS-IS model (Figure 4). This required
translating the BPMN elements, such as activities, events, and decision gateways, into simulation constructs
capable of capturing the operational logic, resource dependencies, and time-based behavior inherent in the
real-world system. A comprehensive verification process was conducted to ensure the structural and logical
accuracy of this transformation, confirming that all elements of the BPMN model were correctly and
completely represented in the simulation environment.

Following verification, the dynamic model was validated to assess how well it mirrored the actual
performance of the terminal. This was achieved by incorporating both qualitative and quantitative data
obtained from stakeholders, including service time measurements and queue statistics. The alignment
between the model’s behavior and the observed system performance confirmed its representational
accuracy. This validated model provided a robust and reliable foundation for exploring future scenarios and
testing proposed improvements in subsequent iterations.
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Figure 4: Dynamic AS-IS simulation model in Simul8

Table 1 presents the Key Performance Indicator (KPI) results derived from the AS-IS model. In this
study, FC denotes First Class, BC refers to Business Class, PEC to Premium Economy Class, and EC to
Economy Class. These KPIs were calculated using the trial calculator feature in Simul8, which provided a
95% confidence interval, indicating the range within which the true average values of the KPIs are likely
to fall. A narrower interval between the upper and lower bounds reflects greater precision and confidence
in the simulation’s predictions. In this study, the confidence intervals ranged from as wide as 1 minute to
as narrow as 0.02 minutes, highlighting the high overall accuracy of the simulation results. Additionally, a
total of 42 resources were incorporated into the model, aligning with the actual number of staff and officers
across the four main operational areas: check-in, luggage handling, security screening, and boarding.

Table 1: AS-IS KPIs

# KPI No. KPI’s Names Measure Average Result

1 Queue for FC, BC Check-in Average time (Mins) 18.34
2 Queue for PEC, EC Check-in Average time (Mins) 33.71

3 Queue for FC, BC luggage handling Average time (Mins) 10.21

4 Queue for PEC, EC luggage handling Average time (Mins) 26.21

5 Queue for Fast Track Security check Average time (Mins) 9.35

6 Queue for Normal Security check Average time (Mins) 31.51

7 Queue for FC, BC boarding Average time (Mins) 13.91

8 Queue for PEC, EC boarding Average time (Mins) 21.44
9 Number of items completed Number Completed 75743.48
10 Overall time in the system Average time (Mins) 158.23

Following a comprehensive analysis of the AS-IS static and dynamic models, TO-BE models were
developed to incorporate proposed process improvements aimed at enhancing operational efficiency,
increasing throughput, and elevating the overall passenger experience at the MIA departure terminal. This
constituted the fourth step in the framework, acting as a bridge between the current operational state and
the envisioned future scenario. Proposed enhancements included the introduction of e-Gate check-in, self-
service kiosks, technological upgrades to expedite the security screening process, and self-boarding
systems.

Data from interviews revealed that airport management had recognized self-service check-in as a viable
enhancement and was in the early stages of testing. Other initiatives were included in plans for future
development, prioritized as improving security screening first, then self-boarding, followed by e-Gate
rollout. However, interviewees showed a keen interest in learning how these initiatives could affect
passenger experience, wait times, and total throughput.
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5 TO-BE MODEL DEVELOPMENT

Step five of our tailored approach involved creating a static TO-BE model using insights from previous
improvement opportunities and AS-IS model bottlenecks. The future operational state across various
sectors is depicted in Figure 5 and the e-Gate lane is shown in Figure 6.

Figure 5: Static TO-BE model

The TO-BE model incorporated several key adjustments, including the addition of a new e-Gate lane,
the integration of self-service kiosks into the check-in process, the elimination of redundant security checks
enabled by technological enhancements and improvements in task sequencing. As in Step 3 of the first
iteration, the sixth step in the second iteration involved converting the revised BPMN model into a
simulation model. This updated model incorporates both the already considered self-service kiosks and the
proposed future developments while maintaining the same number of resources. The aim was to assess
whether significant improvements could be achieved through technological innovations by utilizing
existing resources more efficiently across various operational areas.

Figure 6: e-Gate lane in static TO-BE model
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As model complexity increased with the rising number of passengers, efficient routing and resource
utilization enabled us to maintain the total number of resources at 42, despite an 18% increase in passenger
throughput. With the introduction of a self-boarding area, which was absent in the AS-IS model, certain
KPIs could not be directly compared to previous benchmarks. The average queue waiting times recorded
were approximately 55 seconds for First Class and Business Class self-boarding, 1 minute and 15 seconds
for Premium Economy Class self-boarding, and 1 minute and 55 seconds for Economy Class self-boarding.
Figure 7 illustrates the dynamic TO-BE model.

Self service Checkin Lane

R " &

TR T TR

Figure 7: Dynamic TO-BE model

6 DISCUSSION

This study, as mentioned previously, addresses the critical challenge of effectively managing increasing
passenger demand at Mumbai International Airport (MIA) by applying a hybrid simulation modelling
approach. By integrating static process mapping techniques (i.e., BPMN) with dynamic simulation
methodologies, the research provides comprehensive insights into the operational bottlenecks that affect
crowd management and passenger flow within airport terminals. This hybrid approach strengthens
traditional simulation processes by meticulously outlining each stage of the simulation modelling lifecycle,
enabling systematic identification and detailed analysis of existing inefficiencies alongside potential
improvements.

After developing the revised dynamic TO-BE model in the second iteration, subsequent steps included
experimenting with various configurations to evaluate their impact on KPIs and conducting multiple what-if
analyses. Table 2 presents a comparative analysis of KPIs between the current (AS-IS) and proposed future
(TO-BE) states of airport operations. The TO-BE model integrates technological advancements such as
e-gates, self-service kiosks, enhanced security screening and self-boarding services. Significant reductions
in processing times are observed across all assessed areas, particularly in passenger queues related to
luggage handling, check-in processes, security checks and boarding procedures. The most notable
improvements include an 80% reduction in queue times for first-class and business-class boarding, a
78.92% decrease in passenger and economy-class luggage-handling queues, and a 77.23% improvement in
fast-track security checks. Collectively, these enhancements contribute to a 58% reduction in the average
time passengers spend within the system, reflecting greater operational efficiency and substantially
enhancing the overall passenger experience in the proposed TO-BE scenario.
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Table 2: Comparison of AS-IS and TO-BE KPIs

KPI’s name Measure AS-IS value TO-BE value Change %Change

1 Queue for FC, BC Check-in Average time (Mins) 18.34 6.18 -12.16 66.23%
2 Queue for PEC, EC Check-in Average time (Mins) 33.71 13.38 -20.33 60.29%
3 Queue for FC, BC luggage handling Average time (Mins) 10.21 2.15 -8.06 78.92%
4 Queue for PEC, EC luggage handling Average time (Mins) 26.21 8.84 -17.37 66.38%
5 Queue for Fast Track Security check Average time (Mins) 9.35 2.13 -7.22 77.23%
6 Queue for Normal Security check Average time (Mins) 31.51 8.29 -23.22 73.7%
7 Queue for FC, BC boarding Average time (Mins) 13.91 2.74 -11.17 80%

8 Queue for PEC, EC boarding Average time (Mins) 21.44 5.45 -15.99 74.6%
9 Number of items completed Average time (Mins) 75743.48 89337.45 -13593.97 18%

10 Overall time in the system Average time (Mins) 158.23 65 -93 58%

The comparative analysis illustrated in Figure 8 further highlights these improvements, visually
demonstrating the significant reduction in queue times and increased throughput achievable through
technology integration. Comprehensive training for airport personnel is crucial to ensure the smooth
integration and maximum utilization of these newly introduced technologies. Employees must be
adequately prepared to identify and resolve technical issues promptly and to assist passengers effectively.
Furthermore, it is essential to proactively educate passengers on the use of self-service kiosks, e-gate check-
ins, and other technological enhancements to fully realize their benefits. Interactive guides, clear signage,
and user-friendly interfaces can facilitate faster and more intuitive passenger movement throughout the
airport, reducing confusion and enhancing passenger satisfaction and overall experience.

mASIS  mTO-BE

QUEUE FOR PEC, EC BOARDING 2144 “

QUEUE FOR PEC, EC CHECK-IN 3371 13.38

QUEUE FOR FC, BC CHECK-IN 18.34 6.18

Figure 8: Impact of technological enhancements on passenger waiting times and throughput

The improvements shown in Table 2 highlight the broader movement in the aviation industry towards
digitalization and automation of processes. Using a hybrid simulation approach, this study demonstrates
how thoughtfully redesigning passenger touchpoints can enhance efficiency, improve resource utilization,
and streamline operations without incurring significant infrastructure costs. These results highlight the
importance of employing integrated modeling strategies to inform strategic decisions and facilitate gradual
improvements, ultimately yielding significant performance gains.
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7 CONCLUSION

This paper set out to examine whether a hybrid static-dynamic simulation framework can effectively
alleviate capacity pressure at a major Indian hub airport. The study (i) mapped and modeled current
processes with detailed accuracy, (ii) measured the performance improvements from technology-enabled
redesign, (iii) identified data and computational constraints that limit generalization of the results, and (iv)
highlighted specific directions for future research. Together, these elements establish the research as a
unique contribution to airport operations scholarship while also indicating how future work can expand its
scope and practical influence.

This study significantly advances a relatively underexplored area by showing how hybrid simulation
modeling can effectively address complex airport operations. The integrated static-dynamic framework
provides a detailed view of process structures and dynamic interactions, supporting specific, data-driven
interventions to reduce waiting times, enhance passenger experiences, and increase throughput. Overall,
the findings highlight the strategic and operational benefits of hybrid simulation modeling, demonstrating
its value as a decision-support tool for airport planners and operators seeking sustainable growth and
efficiency.

One of the key limitations encountered during this study was the challenge of acquiring data from MIA.
While relevant data are available via their website, they are not publicly accessible. Also, to address
stakeholders’ concerns, we provided comprehensive assurances by distributing a Participant Information
Sheet, securing informed consent through consent forms, and presenting ethical approval documentation
granted by the university. Furthermore, analysis of the findings highlighted that the dataset used was both
extensive and complex, simulating the behaviors of approximately 95,000 passengers. However, due to
constraints in computational capacity, the system available for simulation modeling was not sufficiently
powerful, which led to prolonged durations for experimentation and the execution of what-if scenarios.
Additionally, to accurately capture the intricacies of airport operations, both static and dynamic modeling
methodologies necessitated certain assumptions and simplifications. These, in turn, may have introduced
discrepancies between the model’s projections and actual outcomes, as they could not fully reflect the
complexities of real-world conditions.

As depicted by the statistics presented in Section 2, air travel in India is experiencing a steady increase,
thereby creating significant opportunities for integrating machine learning (ML) and artificial intelligence
(Al into check-in procedures and passenger services, such as the deployment of smart trolleys. By
analyzing passenger flow data, Al-driven systems are capable of accurately forecasting peak periods,
dynamically allocating resources, and enhancing operational efficiency, which in turn improves the
passenger experience. Moreover, as technology integration progresses, the maintenance of these systems
becomes increasingly essential. Given that this model proposes solutions, including e-gates and self-service
kiosks, predictive maintenance systems can be implemented to anticipate potential equipment failures
through continuous data analysis. This proactive strategy ensures uninterrupted terminal operations by
addressing issues before they emerge. Future research may also investigate strategies aimed at minimizing
the environmental impact of terminal operations, given the aviation industry’s growing emphasis on
sustainability. Such an approach could encompass initiatives aimed at reducing carbon emissions,
establishing comprehensive waste management programs, and adopting energy-efficient technologies
throughout terminal facilities.
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