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Abstract: This paper proposes an advanced simulation-optimization approach to evaluate and
optimize the passenger flows within international airports. This approach allocates resources
intelligently during the simulation process and balances demand and service quality. The resource
allocation performed by our Advanced Resource Management (ARM) algorithm was used to develop
an integrated system for arranging resources, identifying the proper resources, and allocating them
throughout the model. It was used to investigate the influences of different staff allocation techniques
on the inbound and outbound processes of an airport terminal. The purpose of the proposed
simulation-optimization approach is to enhance passenger satisfaction through ensuring reasonable
wait times during processing at the lowest cost possible (minimal staff hours).

Keywords: optimization-simulation; advanced resource management; passenger flow;
aviation industry

1. Introduction

In recent years, airports have played a significant role in economic growth, connecting cities
and countries around the world. Numerous passengers choose to travel by airline in preference to
other transportation modes such as trains, buses, and private cars [1]. Based on the International
Civil Aviation Organization [2] report for 2017, the number of airline travellers exceeded 4 billion
globally, a growth in global air transport demand of about 8.1% compared with the previous year [3].
An international airport terminal is a large and complex system, since it involves inbound and outbound
passenger flow processes, each with its own unique operations. Some airports have a slightly different
process, and new airports designed in the future may require further changes to the standard process in
light of new security concerns faced in our modern world. In addition, airport management and airlines
have discussed the possibility of changing and updating several policies related to flight schedules,
staff allocation, and other operational policies to accommodate future demand for growth and to
provide better quality services and security. The solution to this problem requires the development of
a new generation of fast, reliable decision-making tools to quickly mobilise the human and technical
resources available at modern airports.

The passengers in an airport terminal can be divided into three types based on how they are
handled inside the terminal: departing passengers, arriving passengers, and transferring or transiting
passengers. Each type of passenger behaves differently depending on why they are using the airport’s
facilities. An Australian international airport terminal has been used as an example to demonstrate a
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common layout of airport terminals. According to Ma’s [4] definition, departing passengers start with
the check-in process in the international terminal and transfer to their airplane within the same terminal.
These passengers arrive at the airport terminal based on their flight schedule, normally at least two
hours before their departure time. Departing passengers complete three main processes, check-in,
security screening, and immigration, and then they wait to board the airplane at their specified gate.
In contrast, transferring passengers merely pass through the security screening control and then go
directly to their specified boarding gate. The other type of passenger flow is that of arriving passengers,
who can be defined as people who disembark from the aircraft after landing at the airport terminal.
This includes services provided to transit passengers, and the time taken to complete this process is
often significantly longer than that of the arrival process [5]. Inbound passenger flow is smoother than
outbound passenger flow, although delays can occur in the inbound system depending on the time it
takes to deliver baggage from the aircraft to the baggage claim area [4].

Our review of the literature suggests that operational issues within individual airport processes
have predominantly been focused upon, and models have not holistically assessed an entire airport [6],
while there have been few attempts to develop holistic models that provide an integrated view of
the processes and sub-processes of the whole airport that help with the analysis and evaluation
of various measures of the efficiency of the airport. Hence, the primary contribution of this paper
is the development of the Advanced Resource Management (ARM) model to improve the flow of
passengers within the inbound and outbound processes of airports. By facilitating and integrating
inbound and outbound processes, an integrated view of overall airport operations can be achieved [7].
This model provides a clear idea of passenger flow through the entire airport terminal processing
procedure. The objective of developing this model was to examine the possible bottlenecks in arriving
and departing passenger flows. It also provides a platform for studying more complex processing
behaviours and operational strategies using the simulation environment. Consequently, insight into
current and future situations of airport systems will be gained.

2. Related Work

Congestion is a major problem in airports around the world. Congestion and delays are
predominantly caused by ground operations, and the efficiency of terminal processes is assumed to
have huge importance. To resolve these inefficiencies, and to improve passenger travel experience and
airport management performance, one area of focus has been staff scheduling, which can be defined
as the allocation of activities or actions to resources according to specific performance criteria [8].
A number of papers have studied staff scheduling and staff rostering problems. For example, Rodic [9]
proposed the idea of workforce shift allocation and rapid rescheduling based on dynamic flight
scheduling. In [10], staff scheduling issues in security operations are discussed. The memetic algorithm
is used to solve the problem. They found that it is possible to open and close counters depending on
demand, using a dynamic programming approach.

Dowling and Krishnamoorthy [11] discussed the development of an optimization approach to
roster nearly 500 staff of a major international airline at one of the busiest airports in the world. The key
issue was to establish a robust algorithm that offers optimized monthly rosters for airport service
employees. The study was successful in describing an overall system and an algorithm to solve
rostering issues linked to the system. Soukour and Devendeville [12] proposed an approach to resolve
realistic scheduling issues in the airport security service domain. The authors divided the problem
into three steps: days off schedule, shift scheduling, and staff assignment. Then, for staff assignment
they propose two algorithms, the global assignment and greedy algorithms, to offer an initial solution.
Sabar and Montreuil [13] aimed to use a multi-agent-based algorithm model for personnel scheduling
and rescheduling in the dynamic setting of a fast-paced multi-product assembly center.

Effective allocation of Ground Service Equipment (GSE) to aircraft standing on the apron is
determined with the help of a framework (Integrated Airport Apron Safety Fleet Management—AAS)
that emerged from a European sponsored project [14]. An integer programming model was formulated
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for the Ground-Service Resource Allocation Problem (GRAP). Andreatta and De Giovanni [14]
proposed a fast heuristic approach to show how the issue can be broken down into sub-issues. It was
recommended that GRAP should be improved to make it robust against the unforeseen delays which
often happen in airport aprons. Parlar and Sharafali [15] conducted research to determine the optimal
number of open counters over a specified period. Lin and Xin [16] described problems with ground
crew rostering and shift allocation in an attempt to better manage the opening and closing of check-in
counters. Recent research by Rodic and Baggia [17] attempted to solve the problem of a lack of
schedules for airport check-in employees, especially regarding work groups and overlapping skills.

3. Modelling Approach and Design

This section introduces a generic framework for modelling the flow of passengers through an
airport terminal involving both inbound and outbound processing points (see Figure 1). Each system
has its own particular flow, and each system requires different infrastructure and services [18].
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Figure 1. Airport system model [19].

The model describes the potential interactions between inbound passengers and outbound
passengers, resulting in competing priorities regarding physical space. This competition results in the
need to model and optimize these interactions under realistic terminal conditions. Most international
airports have inbound and outbound processes. The outbound processes include check-in, security,
immigration and boarding. The inbound processes include disembarkation, baggage claim,
immigration, and quarantine. To generically model an airport, it is best to divide the airport
processes hierarchically into smaller and more manageable pieces. The workstations and queuing in
different airport facilities (including between operational sections) were included using the simulation
software package ExtendSim. The developed model has been applied to Brisbane International
Airport (BNE). The model describes the main characteristics of BNE in terms of the flight schedule,
passenger-flow processes, and a variety of functional areas and facilities [1].

3.1. Outbound Extendsim Module

A hierarchical model:
In this context, the proposed model is organized into two hierarchical levels:

(1) The first level of the hierarchy reflects the airport departure system, which is broken down into
the main departure procedures, including check-in, security, immigration, and boarding.
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(2) The second level describes the intricate details of the different sub-processes in the airport terminal.
Specifically, the main departure procedures that the airport terminal model includes are as follows:

• Arrival characteristics, including the distribution of arrivals, method of arrival (car, bus, or
train), number of bags, class of travel, and time of travel;

• The check-in process, including the type of check-in, e.g., at the kiosk or online with a bag,
business or economy, and the assignment of each flight to specific check-in counters;

• Security screening, including X-ray checks conducted in the common security screening line,
X-ray checks for diplomats, and secondary screening checks (i.e., random checks);

• Immigration processing, including SmartGate services and manned counters for passport
control; and

• Boarding procedures, including boarding time, waiting time at the gate, boarding strategy,
jetway capacity, and flight capacity.

3.2. Inbound Extendsim Module

The inbound simulation models can be organized into two hierarchical levels. The first level of the
hierarchy reflects the inbound airport system broken down into a set of the main inbound procedures.
The second level describes the intricate details of the different sub-processes in the airport terminal.
Specifically, the main inbound procedures that the airport terminal model consists of are as follows:

• Passengers disembarking, including the generation of inbound passengers’ attributes, such as the
number of SmartGate users, walking speed, number of bags, etc.;

• An inbound security screening checkpoint for inbound passengers, assuming that 15% of total
transfer passengers fail on their first attempt. This module takes into consideration X-ray checks
and secondary screening checks (i.e., random checks);

• Inbound immigration processing points, including SmartGate services and manned counters for
passport control;

• Quarantine processing checking points, including two separate queues to process arriving
passengers: one for passengers who have something to declare and another for passengers who
have nothing to declare.

3.3. Advanced Resource Management (ARM) Approach

This section discusses the development of an advanced resource management model. Figure 2
gives an overview of passenger flow at the international terminal building as well as departure
processes from check-in to boarding and arrival processes from de-boarding to baggage claim and
exiting the airport. As we can see from the figure below, the left-hand side of the figure represents
outbound flow processes and the right-hand side is inbound flow processes. The two lines of inbound
and outbound passengers interact with each other using limited resources that are mutual for both
lines (see red arrows in Figure 2).

Many issues mean that managing airport staff can be difficult [20]. One of these issues is that each
process is operated by a different stakeholder, for instance, check-in and boarding is performed by the
related airlines and the ground handlers [21,22]. Another important issue for managing terminal staff

is that each airport domain behaves differently in terms of the skills required to perform the tasks of
particular workstations. Chuin Lau [23] argued that “manpower scheduling is concerned with the
scheduling of manpower resources to meet temporal operational requirements in ways that satisfy the
goals and policies imposed by the management, labor union, and the government”. Furthermore, each
process has its own rules for allocating staff and methods of sharing the staff resources between related
areas. Given the complexity of an international terminal system, algorithms have been developed to
manage staff dynamically across the international terminal [24]. Algorithms can be divided into two
different levels:



Mathematics 2020, 8, 895 5 of 18

• Algorithms for managing staff that are working on one system (outbound/inbound) and can be
shared with another process in the same system, such as airline staff responsible for operating
check-in, who share tasks with boarding and quarantine;

• Algorithms to control staff who work on a particular process that is located on both sides
(outbound/inbound), such as immigration and security.
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3.3.1. The Logic of Algorithm Development

The proposed approach performs dynamic management of where the staff can be controlled and
allocated based on a given rule, such as the queue length threshold. The logic that has been followed to
develop such algorithms is categorized into three options. The first option is adding staff to a particular
workstation. That can be done by looping across the queues of processing points and reading the
status of the queue: if the queue length exceeds the threshold, check if there are staff available in the
resource pool and add them to the first available spot. The second option is removing the staff from the
processing point and shutting down the workstation. This can be done if the queue length is less than
a given threshold. The last option is more complicated because the staff need to be shared between
related processes. This option is considered after the loop through the staff resource pool “global array”
databases is done and no available staff have been found. Then, we need to share resources between
areas based on the queue threshold for each process; for example, airline staff will be shared between
economy and business counters with more priority given to the business class queue. The purpose of
developing such algorithms is to operate airport terminal processes at the optimum level.

3.3.2. Data Requirements

i. Staff attributes

Since each process has different characteristics, staff attributes can be classified into general
and specific. As seen in Figure 3, there are four types of staff that operate airport operational
elements in this model. The first type is airlines, which are responsible for operating check-in and
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boarding domains of the outbound system [22]. The second type is security, which is operated
by the airport owner. In Australia, security is contracted out to expert companies to perform this
terminal domain. The third type is immigration and customs staff, who are responsible for controlling
Australian customs and passport checks; this is the responsibility of an Australian government agency.
The last type is quarantine staff for border protection, which is operated by distinct stakeholders of a
government agency.
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Figure 3. Staff attributes for the ARM model.

ii. Rules given for managing staff

The proposed approach allocates staff based on two different techniques. The first type is a
schedule-based method. In this method, the staff are allocated and used all the time to observe what
the results are in terms of queue lengths and waiting time. The second type is demand-based allocation.
Unlike the first type, demand-based methods allocate and reallocate staff based on queue length rules.
Additionally, in this method, the staff are not only shared between two processes but there are also
passengers arriving at the particular processing point every 30 min. Regarding the queue threshold
rule, action will be taken if the queue length reaches X value, as explained above.

3.3.3. Categories of Algorithms

In this section, we provide further explanation of the development algorithms, including the
aims and objectives, the functionalities, and the conditions of the algorithms. The algorithms were
developed to meet the needs of the behaviors of airport terminal operations that occur in real life and
have been classified into two categories, as explained below.

• Algorithms developed for non-integrated processes

Check-in/boarding gates module
This section discusses the algorithms that were developed for the airport terminal elements that

are located on only one side, without integration between outbound and inbound processes. Examples
of these elements are check-in/boarding and quarantine.

Figure 4 illustrates algorithms used to allocate airline staff to check-in desks and boarding gates.
Airline staff allow passengers to drop their baggage and submit their passports and tickets to be
processed. The operating procedures of airline staff dynamic allocation are based on the following
algorithmic steps:

• Step 1: Loop through the economy and business queues and read the queue status.
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• Step 2: Check if the queue length exceeds the queue threshold, and if there are staff available
in the resource pool, assign them to the first spot. If not, and the queue length is less than the
minimum limit, then remove the staff and shutdown the workstation.

• Step 3: (When step 1 and step 2 are not applicable), share staff between economy and immigration
counters if there are no available staff in the resource pool. This procedure is done based on the
given policy and always prioritises business class. The mechanism of moving staff is that if the
business queue length exceeds the queue threshold, such as five passengers, and there is more
than one staff member at the economy counters, then move the staff from economy to business
counters and vice versa.

The notations used in the algorithmic approach are defined as follows:
QB: Queue length at business check-in counters
QE: Queue length at economy check-in counters
ThQB: Threshold for business queue
ThQE: Threshold for economy queue
NAS: Number of airline staff available in the database of the global array
ASC: Airline staff for check-in counters assigned j = 1, 2, 3 . . .
ASB: Airline staff for business counters
ASE: Airline staff for economy counters
Abgate: Airline staff for boarding gate
G: Departure gate
ASshi f t__start: Start shift of airline staff

ASshi f t__end: End shift of airline staff
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The airline staff are also the operators of boarding. Thus, an integrated module to share staff

between check-in and boarding was developed. Before developing the code for this algorithm, a global
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array database was created for boarding procedures and to define and declare the related variables,
such as flight code, boarding time, boarding strategy, and gate number. As we can see in Figure 5,
the first step of the algorithm is to check the gate status by looping through all gates and seeing which
one is active based on the departure time. The second step is that if the gate is active and there are staff

available in the global array database, the staff who are not at the end of their shift are assigned to it.Mathematics 2020, 8, x FOR PEER REVIEW 8 of 18 

 

 

Figure 5. Algorithmic approach for the integrated module for the boarding procedure. 

 Algorithms for integrated processes  

Security staff management module  

This section discusses the integrated model that is used to manage staff working in the processes 

that are located on both sides of an international terminal. Examples of these processes are 

immigration and security screening. As explained earlier, security is operated by the owner of the 

airport, but in Australia, security is contracted to third-party companies to process passengers. The 

developed algorithm considers a VIP lane in the security system to process diplomatic passengers. 

Moreover, the passengers disembarking from arrived flights who have connecting flights have to 

pass through inbound security before reaching their outbound boarding gates. Thus, the security 

staff need to be shared not only between two lines in the outbound system but also with inbound 

security to process transiting passengers. The algorithm of the security sharing resource is presented 

in Figure 6. 

𝑄𝑑𝑖𝑝: Queue length at diplomatic security screening checkpoint  

𝑄𝑛𝑜𝑛_𝑑𝑖𝑝: Queue length at non-diplomatic security screening checkpoint 

𝑄𝑖𝑛_𝑆𝑒𝑐𝑢𝑟𝑖𝑡𝑦: Queue length for inbound security  

𝑇ℎ𝑑𝑖𝑝: Threshold for diplomatic security screening checkpoint  

𝑇ℎ𝑛𝑜𝑛_𝑑𝑖𝑝: Threshold for non-diplomatic security screening checkpoint 

𝑇ℎ 𝑖𝑛_𝑆𝑒𝑐𝑢𝑟𝑖𝑡𝑦: Threshold for inbound security screening checkpoint  

𝑁𝑆_𝑆𝑡𝑎𝑓𝑓: Number of security screening staff available in the database of the global array  

𝑆𝑆_𝑆𝑡𝑎𝑓𝑓: Security staff assigned 𝑗 = 1,2,3 … 

𝑆𝑆_𝑑𝑖𝑝: Security staff for diplomatic lane  

𝑆𝑆_𝑛𝑜𝑛_𝑑𝑖𝑝
: Security staff for non-diplomatic lane  

𝑆𝑆_𝑖𝑛𝑏𝑜𝑢𝑛𝑑  : Security staff for inbound lane 

𝑆𝑆𝑠ℎ𝑖𝑓𝑡__𝑠𝑡𝑎𝑟𝑡 : Start of shift for security staff 

𝑆𝑆𝑠ℎ𝑖𝑓𝑡__𝑒𝑛𝑑 : End of shift for Security staff 

Figure 5. Algorithmic approach for the integrated module for the boarding procedure.

• Algorithms for integrated processes

Security staff management module
This section discusses the integrated model that is used to manage staff working in the processes

that are located on both sides of an international terminal. Examples of these processes are immigration
and security screening. As explained earlier, security is operated by the owner of the airport, but
in Australia, security is contracted to third-party companies to process passengers. The developed
algorithm considers a VIP lane in the security system to process diplomatic passengers. Moreover,
the passengers disembarking from arrived flights who have connecting flights have to pass through
inbound security before reaching their outbound boarding gates. Thus, the security staff need to be
shared not only between two lines in the outbound system but also with inbound security to process
transiting passengers. The algorithm of the security sharing resource is presented in Figure 6.

Qdip: Queue length at diplomatic security screening checkpoint
Qnon_dip: Queue length at non-diplomatic security screening checkpoint
Qin_Security: Queue length for inbound security
Thdip: Threshold for diplomatic security screening checkpoint
Thnon_dip: Threshold for non-diplomatic security screening checkpoint
Thin_Security: Threshold for inbound security screening checkpoint
NS_Sta f f : Number of security screening staff available in the database of the global array
SS_Sta f f : Security staff assigned j = 1, 2, 3 . . .
SS_dip: Security staff for diplomatic lane
SS_non_dip : Security staff for non-diplomatic lane
SS_inbound : Security staff for inbound lane
SSshi f t__start: Start of shift for security staff

SSshi f t__end: End of shift for Security staff
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For the demand-based allocation method, the procedure of moving and managing security staff is
summarised by the following algorithmic steps:

1. Create a global array database to declare variables related to staff attributes, such as start of shift,
end of shift, and staff availability. In addition, the global array is used to exchange interface data
with the internal data structure needed for ModL programming language.

2. Read the queue statuses of both sides, inbound and outbound, every minute of a simulation run
and record which queue status is exceeded.

3. Determine the available staff members who are not at the end of their shift and assign them to the
area where the queue has reached its maximum limit, and remove staff if the queue size is less
than the minimum limit. If steps one and two are not applicable, move to step four.

4. Share the staff based on the given rules and priority. According to Odoni and de Neufville [5],
the departure process, which sometimes involves services provided to transit passengers, typically
requires a significantly longer time than the arrival process. The queue length of outbound
security is observed; if the queue exceeds the maximum length, then move staff from inbound to
outbound security screening processing points, and vice versa, as shown in Figure 7.
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4. Model Demonstration

The proposed model was developed to accurately mimic real-world situations, since terminal
operations are dynamic and involve a range of services, e.g., check-in, passport control, boarding
pass control, and security screening. To demonstrate the model’s capability, a set of experiments was
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conducted to analyze staff allocation methods under the same conditions and input data. The following
phases were performed:

• Two experimental scenarios, each with a total of 81 simulation runs, were conducted to test
the variable of staff number for each processing station. Experiment 1 considered the base case
(static method) of allocating staff, while experiment 2 allocated the terminal staff dynamically,
i.e., staff were assigned when and where needed.

• To obtain insight into stochastic variations, the simulation was run more than 200 times for each
method (static and dynamic) using the same input data.

For comparative purposes, the experimental scenarios were conducted under the same conditions.
The first type of data used were the flight schedules for both types of flight: departure and arrival.
The second type of data related to the operational characteristics of the system, for example,
the processing distribution at the various airport processing points and the number of checking
points available. The required data related to time statistics and operational characteristics were
collected by [22]. Table 1 summarizes the operational input data.

Table 1. Summary of common operational input data for the experiments.

Airport Domain Flow Direction of PAX Staff Processing Time

Check-in Outbound 8–10
Delay time at check counters

= 0.2 min
∗ # of bags

Security screening Outbound/inbound 3–5 ~ Tri (0.2, 0.5, 0.75)

Immigration Outbound 6–8 ~ Tri (0.5, 1, 2)

Boarding Outbound Serviced by
airline staff

15 PAX /min

Baggage collection Inbound - ~ Norm (10, 3)

Quarantine Declare
Nothing to declare Inbound 12–16

~ Uniform (1, 5) for declaration and
~

Tri (0.5, 1, 0.75) for nothing to declare

Simulation Results and Analyses

This section discusses the results of the initial experiments conducted to demonstrate the
developed dynamic staff allocation and to ensure the reliability of the results. Since there are four
types of staff—airline, security, immigration, and quarantine—the simulation was run with various
staffing levels for each process to ensure that we investigated the operation of the terminal for all
possible scenarios, as shown in Table 1. The results were collected from 81 multi-simulation runs for
the two types of allocation method: (1) allocating staff according to a static base and (2) allocating
staff dynamically—staff allocated when needed. For each simulation run, the Key Performance
Indicators (KPIs) considered in this study were recorded for each processing point, both outbound and
inbound. The KPIs included the maximum/average queue length, the maximum/average waiting time,
the number of late flights/average time delay for late flights, and the total staff hours.

The airport terminal is operated as one single system with multiple elements located in the
different types of outbound and inbound passenger flow processes. For this study, staff types were
grouped into four different groups: airline staff, immigration staff, security staff, and quarantine staff.
The number of scenarios was set based on the Cartesian product of the staff sets, which is defined
as [25]:

A× B×C×D =
{
(a, b, c, d)|a ∈ A, b ∈ B, c ∈ C, d ∈ D

}
.

It was assumed that set A represented airline staff = {8, 9, 10}, set B represented security staff

= {3, 4, 5}, set C represented immigration staff = {6, 7, 8}, and set D represented quarantine staff =
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{5, 7, 8}. Since each set had three elements, the Cartesian products of these four sets had 81 ordered
pairs. The same order of pairs was used for both experiments for two reasons: (i) to determine the
significance of the dynamic allocation approach and how it improves the efficiency of all processes,
and (ii) to obtain insight into the best policy for airport operations and management.

• Impacts of static and dynamic allocation approaches on delayed flights

Figure 8 presents the status of boarding procedures by employing the static method. In general,
the time from the start of boarding until flight departure is about 30 min [26]. Hence, any flight
departing more than 30 min after the original time is considered to be a delayed flight. This figure also
demonstrates considerable fluctuation in the number of delayed flights and the average delay time.
The number of delayed flights reached a peak of 18 flights in the 19th simulation run with an average
delay time of 28 min.

Mathematics 2020, 8, x FOR PEER REVIEW 12 of 18 

 

𝐴 × 𝐵 × 𝐶 × 𝐷 =  {(𝑎, 𝑏, 𝑐, 𝑑)|𝑎 ∈ 𝐴, 𝑏 ∈ 𝐵, 𝑐 ∈ 𝐶, 𝑑 ∈ 𝐷}.  

It was assumed that set A represented airline staff = {8, 9, 10}, set B represented security staff = 

{3, 4, 5}, set C represented immigration staff = {6, 7, 8}, and set D represented quarantine staff = {5, 7, 

8}. Since each set had three elements, the Cartesian products of these four sets had 81 ordered pairs. 

The same order of pairs was used for both experiments for two reasons: (i) to determine the 

significance of the dynamic allocation approach and how it improves the efficiency of all processes, 

and (ii) to obtain insight into the best policy for airport operations and management.  

 Impacts of static and dynamic allocation approaches on delayed flights 

Figure 8 presents the status of boarding procedures by employing the static method. In general, 

the time from the start of boarding until flight departure is about 30 min [26]. Hence, any flight 

departing more than 30 min after the original time is considered to be a delayed flight. This figure 

also demonstrates considerable fluctuation in the number of delayed flights and the average delay 

time. The number of delayed flights reached a peak of 18 flights in the 19th simulation run with an 

average delay time of 28 min.  

 

Figure 8. Influence of the static method on boarding procedures. 

Figure 9 illustrates the impacts of the dynamic resource allocation technique on the boarding 

time. The dynamic method provided better results in regard to fewer delayed flights. There was little 

variation in the number of delayed flights over the first 28 scenarios when eight airline staff members 

were allocated to boarding processes. When more staff were added, the number of delayed flights 

experienced a slight drop followed by considerable variation. The highest number of delayed flights 

was 13 with 8 staff members available. The maximum delay time for delayed flights was around 18 

min with a minimum delay time of 4 min. 

  

Figure 8. Influence of the static method on boarding procedures.

Figure 9 illustrates the impacts of the dynamic resource allocation technique on the boarding
time. The dynamic method provided better results in regard to fewer delayed flights. There was little
variation in the number of delayed flights over the first 28 scenarios when eight airline staff members
were allocated to boarding processes. When more staff were added, the number of delayed flights
experienced a slight drop followed by considerable variation. The highest number of delayed flights
was 13 with 8 staff members available. The maximum delay time for delayed flights was around 18 min
with a minimum delay time of 4 min.Mathematics 2020, 8, x FOR PEER REVIEW 13 of 18 
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• Sharing staff policy for the Immigration and security domains

This section discusses the results of the simulation referring to staff sharing policies. Immigration
is discussed first as it is located on both the inbound and outbound sides. Staff are shared between
the two sides with outbound immigration having priority. The criteria for selecting the best policy is
based on [22]; the author found that the average time spent in the immigration domain is between 6
and 7 min. Thus, any policy within this range or lower is acceptable. From Figure 10, it is clear to
see that the average waiting time for outbound immigration is in the range of 5 to 7 min for the first
16 scenarios and the last nine scenarios. The policies that can provide acceptable waiting times are
summarized in Table 2.
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Table 2. Summary of eligible sharing polices.

Scenarios

Swap Outbound to Inbound Swap Inbound to Outbound

Queue Threshold
Outbound (<)

Queue Threshold
Outbound (>)

Queue Threshold
Outbound (>)

Queue Threshold
Outbound (<)

1 20 20 20 20
2 30 20 20 20
3 40 20 20 20
4 50 20 20 20
5 60 20 20 20
6 70 20 20 20
7 80 20 20 20
8 90 20 20 20
9 100 20 20 20
56 20 20 70 100
57 20 20 60 90
58 20 20 50 80
59 20 20 40 70
60 20 20 30 60
61 20 20 20 50
62 20 20 20 40
63 20 20 20 30
64 20 20 20 20

Results suggest that to decrease the number of passengers waiting in the queue, the number
of staff hours must increase. Waiting times for both sides exhibit similar behavior for the first nine
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scenarios including the maximum and average waiting times. From scenario 11, there was a sharp rise
in the maximum waiting time until the peak waiting time was reached in scenario 41. The swapping
policy of scenario 41 is that if the number of passengers waiting at outbound immigration is greater
than 100 and the number of passengers waiting at the inbound domain is less than 50, staff are moved
from inbound to outbound processing. If the number of outbound passengers is 20 or less, staff are
moved from outbound to inbound processing.

The second integrated process is security screening, since it is located in both outbound and
inbound process flows. The same policies were applied to the immigration domain for this investigation.
The results were compared with the actual data collected by Kirk [22] to determine the acceptable
queue time at security. Based on Kirk [22], the average queue time at security screening was 3.75 min,
while the maximum queue time was 17.09 min. Hence, the best rules will be those where the resulting
wait times are equal to or lower than these limits.

Figure 11 demonstrates the outcomes of the simulation considering the performance metrics of the
65 sharing policies including the maximum/average waiting time of inbound and outbound security
screening and the total staffing hours. The maximum/average waiting time of outbound security in the
first nine scenarios and in the last 19 scenarios represent acceptable policies. The average waiting time
ranged from 3.80 to 4.86 min in the first nine scenarios and from 3.71 to 5.7 min in the last 19 scenarios.
The maximum waiting time ranged from 17.18 to 22.89 min for the first nine scenarios and from 16.47
to 30 min for the last 19 scenarios. Scenario 5 is considered to be the best policy since it provides the
minimum waiting time for both outbound and inbound security with average waiting times of 3.92
and 6.70 min, respectively, and maximum waiting times of 17.18 and 25.42 min, respectively.
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The developed approach is significant because it can be used to manage entire airport systems
and provide better results than existing approaches. For example, the results obtained from our model
demonstrated better improvement than those of Kierzkowski and Kisiel [27], especially in regard to
the total average waiting time and staffing hours of security screening, as summarised in Table 3.

Table 3. Comparison with ARM results from Kierzkowski and Kisiel [27].

Compared Study
Total Average Waiting Time (Min) Total Staffing Hours (Hours)

ARM Model [27] ARM Model [27]

Static case 9.25 9.538 96 285

Dynamic case 7.14 7 65.23 162

• Comparison of overall impact of static and dynamic allocation approaches
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The dynamic approach was found to provide better results, because it mimics real-life scenarios,
including adding and removing staff and sharing staff between related processes. This section compares
the results for the total average waiting time and the total staff hours using both methods of allocating
staff, as shown in Figures 12 and 13. The static results show considerable variation in regard to the
outbound average waiting time compared with the dynamic allocation method using the same inputs,
especially in terms of the number of personnel available. The dynamic approach can significantly
impact the total staffing hours (time spent serving passengers), halving the hours produced by the static
method. The proposed dynamic algorithms also have less variation associated with the total staff hours,
where the minimum number of staffing hours is 625.78 h and the maximum is 777.15 h. In comparison,
the minimum number of working hours for the static method is 1432 h and the maximum is 1781 h.Mathematics 2020, 8, x FOR PEER REVIEW 16 of 18 
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After employing the dynamic resource allocation method, the total average waiting time in the
outbound system was stable over all scenarios with a maximum of 24.52 min and a minimum of
17.38 min. The most interesting finding was that the check-in process plays a significant role in the
performance of the entire outbound system in the case of the dynamic allocation method. According to
the literature, the check-in process is considered to be the major factor causing delays and congestion
at airport terminals, with more than 60% of the total time spent at check-in [28–30].
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5. Conclusions

This paper proposes that a resource management approach can be embedded within an airport
simulation model to reduce the likely delays incurred by passengers as they move through the inbound
and outbound processes of an airport. The model can dynamically allocate/reallocate or add and
remove airport personnel based on the given queue threshold policies. The results showed that the
static allocation method can provide shorter queueing times for all terminal processes only if the
upper limit of employees is chosen. However, the static allocation method has a significant impact on
the operating time, which leads to long staffing hours. Allocating staff dynamically provides better
outcomes in terms of representing flows of both passenger types—departing and arriving service
processes. It is also able to manage the operations significantly better by allocating the staff if needed,
which balances the queuing time of passengers and the operating hours of staff. The results of this
investigation show that the total staffing hours are halved or sometimes 65% lower when the dynamic
allocation approach is used.

The proposed model was developed for a specific Australian international airport. This is an issue
as airports are operated in different ways [31]. For example, international airports commonly open
check-in counters 3 h prior to departure, while domestic airports open check-in counters just 90 min
beforehand [26]. Therefore, passenger arrival distribution patterns can vary between local airports and
international airports. The simulation model of passenger flows considers all aspects of international
airports. Hence, it can be adapted widely. Since domestic airports are considered to be a subset of
international airports, the proposed model can be utilized to simulate all scenarios that may occur in
domestic airports after adjustment of the processes in the model based on empirical data. To address
this limitation, the following future research directions are recommended:

• How to employ the developed models in larger airports with two or more terminals should be
determined. For example, Dubai International Airport has three separate terminals, and Terminal
3 alone has four concourses, each with 26 gates, including five A380 gates, and a total capacity
of 60 million passengers. Similarly, further research could study the problem of passenger flow
within airports dealing with international and domestic passengers in the same terminal, such as
the Gold Coast Airport.

• As previously mentioned, the holistic framework proposed in this paper was developed based
on the available data (Airport of the Future Project undertaken by Queensland University of
Technology (QUT) and available literature. The lack of real-world data or scenarios make this
topic significant; hence, further research is needed to validate the developed model by comparing
its results with real-life scenarios to increase the model’s accuracy and robustness as well as to
meet practical requirements.
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