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Abstract The aviation industry is expected to grow at a pace of 4% per annum
in the coming years, therefore it is necessary to have techniques that support the
management of the resources at hand in the best possible way so that facility
expansion is delayed as much as possible with the corresponding capital savings.
This chapter presents a methodology that combines evolutionary algorithms and
simulation for performing the allocation of the check-in desks in such a way that the
different stochastic and deterministic variables are taken into account for a more
robust solution. The evolutionary algorithm is developed to satisfy the different
mandatory restrictions for the allocation problem such as minimum and maximum
number of check-in desks per flight, load balance at the counters, opening times of
check-in desks, and other restrictions imposed by the level of service agreement.
Once the solutions are obtained, a second evaluation is performed using a simulation
model of the terminal that takes into account the stochastic aspects of the problem
such as passenger arrival profiles, passenger profile, layout of the facility, among
others, with the purpose of determining an airport terminal’s check-in area which
allocation is the most efficient in real situations to keep the quality indicators at the
desired level. The example presented is for an airport terminal’s check-in area, but
the methodology can be used for similar allocation problems in the aviation industry
and in other industries such as logistics or manufacturing.

1 Introduction

The aeronautical industry is still under expansion, in spite of the rise in oil prices,
limited capacity, and new regulations. Different scenarios have been forecasted to
explore the future of the Air Transportation System, the most likely scenario predicts
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that air trafficwill double in the next 15 years. In the forecast of IFR flightmovements
in Europe up to 2035, the most likely scenario predicts 14.4 million flights, 50%
more than in 2012. Even under relatively conservative assumptions a steady 4–5%
annual growth will lead to a near doubling of total air travel during this period [1–3].

Increased air traffic makes the efficient management of available resources on
both the airside and the landside of an airport even more complex. On the airside, it
is even more evident on the runways and in the airspace surrounding airports, where
the arrivals and departures serve a large number of aircraft that are subject to many
logistical problems, whichmust continuously be solved to make sure every flight and
passenger travels safely and efficiently. Besides the increased number of flights, there
has also been an increase in the size of aircraft which in turn augments the number of
passengers. These conditions could generate potential bottlenecks or congestion in
the terminal buildings if the available resources are not efficiently managed. Inside
the terminal buildings, they manifest as huge queues at the security filters, baggage
handling systems, and check-in counters, to name but a few. In addition, they also
cause excessive waiting times that the customers see as bad service levels.

For the sustainability of the Air Transportation System (ATS) all over the world,
various ideas have been proposed to alleviate traffic growth and its implications
such as the construction of additional runways or terminal buildings, or improved
sequencing of operations in both air and land side, etc. However, more fundamental
and innovative changes are required to improve the use of available air capacity.

In the case of airport terminals, analysts need to take into account not only the
typical operational restrictions inherent in the system but also other measures that
will make it possible to evaluate the perception of passengers, who are the main
customers of the terminal and will drive the economic and social development of the
system.

The InternationalAirTransportAssociation (IATA)has published someguidelines
forwhat is called as Level of Service (LOS) indicators. Thesemeasures evaluate char-
acteristics associated with perceived comfort inside the terminal, such as available
area per passenger, the speed at which the passengers can move inside the terminal,
waiting times, queue lengths, etc., in different situations. Those metrics are of par-
ticular interest to airport planners which is why scientific community has focused
on determining the factors that influence perception [4]. Table1 illustrates some of
these typical values suggested by IATA [5].

Optimization techniques are able to give optimal or close-to-optimal solutions to
problems that are deterministic in nature; on the other hand, simulation approaches
can consider the stochastic nature of the processes that participate in the system
under study, while at the same time being able to describe the studied systems at
different levels of abstraction. This chapter presents a methodology that combines
the two approaches to generate better solutions than the ones that could be achieved
by applying each technique independently. The methodology presented is applied to
the check-in allocation problem for illustrative purposes but the methodology itself
can be used in a wide range of problems from diverse fields to generate more robust
solutions.
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Table 1 Level of service indicators

m2/Pax A B C D E

1. Few trolleys and passengers with
check-in baggage (rowwidth 1.2m)

1.7 1.4 1.2 1.1 0.9

2. Few trolleys and 1 or 2 pieces of
baggage per passenger (row width
1.2m)

1.8 1.5 1.3 1.2 1.1

3. High percentage of passengers
using trolleys (row width 1.4m)

2.3 1.9 1.7 1.6 1.5

4. Heavy flights with 2 or more
items per passenger and high per-
centage of passengers using trolleys
(row width 1.4m)

2.6 2.3 2.0 1.9 1.8

The problem is tackled in the following way. First a brute-force approach is
implemented to obtain initial feasible solutions taking into account quantitative
restrictions such as minimum and maximum number of check-in desks per flight,
load balance in the check-in islands, opening times of check-in desks, and other
restrictions imposed by the LOS.

The initial solutions are then encoded as chromosome-like data structures and
operations are performed in order to obtain the most promising solutions under a
particular cost function. Once the initial solutions are obtained, they are in turn
evaluated using a simulation model of the particular terminal under study includ-
ing in the model stochastic variables that count for the passenger arrival profiles,
opening times, layout of the facility, interactions between passengers, efficiencies
of processes, etc. With these elements it is possible to determine which allocation
is the most quality-efficient in a close-to-real scenario in order to maintain the LOS
indicators at the desired level. The proposed methodology has been put into practice
using information from a real terminal but it can be easily adapted to a different one
with different restrictions imposed by the corresponding LOS agreements between
the airport operator and the corresponding airlines.

The reminder of the chapter continues in the following way: Sect. 2 is a brief
review of the principles of both approaches, simulation, and evolutionary algorithms
are presented. Section3 introduces the proposed methodology, Sect. 4 presents and
discusses the check-in problem in detail, and the different steps of the methodology
are described. Finally, Sect. 5 wraps up the discussion of the chapter.

2 Evolutionary Algorithms and Simulation

Evolutionary algorithms are a group of so-calledmetaheuristics. The authors selected
evolutionary algorithms for tackling these problems because they have been widely
used by scientific community and the implementation is rather easy. In the
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optimization process, the cost function can be designed using different metrics which
makes the model flexible. However, the solutions obtained do not represent real-life
systems where random factors play an essential role to get optimal results. The draw-
backs of evolutionary algorithms are overcome with the integration of simulation in
the methodology. This integration leads to a more robust approach that can be easily
adapted for problems in other fields by the reader.

There have been several theoretical and practical contributions to evolutionary
algorithms field, as evidenced by the books, papers, and workshops proceedings
published in the last years such as [6–8] or [9] amongothers. Theuse ofmetaheuristics
such as evolutionary algorithms to solve problems of this nature has been motivated
mainly because the population-based nature allows the generation of several elements
of thePareto optimal set in a single run.Evolutionary algorithms canbevery useful for
the selection of parameters to optimize the performance of a system. Furthermore,
The choice of any decision parameters can cause the system to perform better or
worse, which can be measured by some relevant objective or fitness function, as
in real systems, where the interactions between the parameters are not generally
amenable for analytical treatment.

In this section, a review of both approaches, EvolutionaryAlgorithms and Simula-
tion are presented so that the reader can have a clear understanding of the differences
and advantages between them.

2.1 Evolutionary Algorithms

The Evolutionary Algorithms (EAs) fall within the so-called population-based meta-
heuristics [10]. These techniques,which are considered as a general class of stochastic
optimization algorithms, are employed to find optimal (or as optimal as possible)
solutions to hard problems in a very wide range of areas.

Evolutionary algorithms are a group of methods inspired by the evolutionary
processes found in nature, they borrow some concepts from population biology,
genetics, and evolution such as inheritance, mutation, natural selection, and recom-
bination (or crossover) to guide the search within the solution space. Detailed infor-
mation can be found in [7, 10–14] to mention just some of the literatures.

The general idea behind an evolutionary algorithm is the representation of a
solution to the problem in the form of a vector of decision variables. Using bio-
logical terms, the genotype is the encoded representation of the variables, and the
phenotype, chromosome or genome, the set of variables themselves. In other words,
a genotype or individual, represent a solution to the problem to be solved, and is
represented by a list of parameters, also called chromosomes.

In most cases the transformation or modeling task is not simple but rather a
complex one and depends on the perception of the modeler. Thus the transformation
of the decision variables into a vector-like representation is per se an interesting and
challenging problem. Once the decision variables have been represented in the form
of a vector, the optimization problem can be specified.
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Let us assume that we have a discrete search space and a function that assigns a
value to each of the elements in the search space.

f : X → R (1)

The general problem is to find:

min f, x ∈ X (2)

Here x is a vector of decision variables, and represents the objective function. Such
a problem is commonly called discrete or combinatorial optimization problem [7].

Basic evolutionary algorithms follow the next steps. First, an initial population
is constructed where several individuals are randomly generated to form the first
initial population POP(k). Then each individual is evaluated, and a value of fitness
is returned by a fitness function. The initial population undergo a selection, mutation,
and recombination process to identify the best adapted individual. Figure1 illustrates
this transformation process.

There are different ways of selecting individuals and a very popular one is the
deterministic (λ, μ)-tournament selection. This selection begins by randomly select-
ing λ individuals from the current population POP(k). Together with the selection,
a fitness measure f is performed to evaluate each individual to keep the μ best ones.
Using this evaluation, solutions that have a higher value of the so-called fitness func-
tion are identified and better opportunities for further evolution are given to those
solutions. These steps are repeated until a new intermediate population (POPi ) is
completed. Following selection, the evolutionary operations, mutation, and recom-
bination (crossover) can be applied to improve the original problem.

The chromosomes of the parents are mixed during crossover, hence crossover
results in two new individual child, which are added to the next generation population
POP(k + 1). Parents and children are joined in some fashion to form a new

Fig. 1 Evolutionary
algorithm process
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next-generation population that is different from the initial generation, and the
cycle continues. This generational process is repeated until a termination condition,
imposed by the developer, has been reached.

2.2 Simulation

Simulation is the imitation of the operation of a real system or process over time.
It is used to generate artificial history and data of a system, and for the observation
and analysis of that artificial history to draw inferences concerning the operating
characteristics of the real system [11].

The model usually represents a set of parameters and assumptions concerning the
operation of the system. These assumptions are expressed in mathematical, logical,
and symbolic relationships between the entities, or objects of interest of the system.
Once developed, verified and validated, a model can be used to investigate a wide
variety of “what-if” scenarios about the real-world system [15]. Potential changes
to the system can then be simulated in order to predict their impact on the system’s
performance. Furthermore simulation can also be used to study systems in the design
stage, before such systems are built based on relationships taken from other fields.
Thus, simulation techniques can be used both, as an analysis tool for predicting the
effect of changes to existing systems, and as a design tool to predict the performance
of new systems under varying sets of circumstances. Nowadays, with the evolution
of computer capacities, computer simulation is also able to develop very accurate
and graphically appealing models that can represent a system at different levels of
abstraction, depending on the objective of the study.

A simulation model can be developed using different tools, for example, several
studies have been performed using modeling formalisms such as Coloured Petri Nets
[16] or using commercial software such as SIMIO [17] or ARENA [18] in which the
modeler makes use of a library of objects and just has to put them together.

Simulation alone has been proven to give good solutions in different fields such as
the transport industry [19], manufacturing [20], airport operations [21], etc. However
when it is used as a decision support tool it cannot ensure the best outcome since
the experiments only explore a subset of the whole different configurations of the
system under study and depending on the size of the model and the characteristics
of the computer the number of experiments is limited to the time window for the
decision to be taken.

Simulation recently has been used in combinationwith other techniques in order to
overcome the aforementioned drawbacks. It has been used to explore scenarios more
efficiently in combination with Petri nets [20] or for the evaluation of disturbances
with the use of constraint programming techniques [15], just to mention a couple of
examples. Thus the decision-making process supported by simulation experiments
always has a certain level of uncertainty that can be minimized as more experiments
are performed, however, this activity is time consuming and penalizes its potential
for timely decisions over the real system.
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3 Methodological Approach OPT-SIM

The methodology presented has been applied to the case study of an airport terminal
with good results. Nevertheless, the methodology can be implemented in a different
set of problems from the one presented in this chapter. Some typical problems that
can be tackled with this approach are the analysis of counter areas such as those
of banks, service areas, ports, security filters and, in general, in situations where
allocation of resources must be performed and the stochasticity presented in the
system cannot be included in the analytical model, which would otherwise be quite
easily implemented using some mathematical programming techniques. Allocation
problems in particular can benefit from a mathematical programming formulation,
especially when operational or sample size constraints lead away from straightfor-
ward or closed-form solutions.

Figure2 gives the diagram that illustrates the different steps in the methodology.
At the beginning a brute-force approach or constraint satisfaction problem generates
feasible solutions. The feasible solutions are encoded and are improved by the evo-
lutionary algorithm. Then some solutions are selected and evaluated in the simulated
environment, where the stochasticity is integrated to come up with a more robust
solution.

The Evolutionary Approach starts by representing the problem variables in a
chromosome-like structure to produce some initial feasible set of solutions for the
allocation problem to feed the evolutionary algorithm. As briefly described in Sect. 2,
an initial population is constructed, where several solutions are randomly generated
to conform the initial population POP(k). Then, the evaluation process is performed,
and a value of the fitness function is returned to measure the quality of each solution
to end up with n best solutions. The fitness function is designed in such a way that it

Fig. 2 OPT-SIM
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measures the solutions depending on the objectives of the study. The new population
undergoes amutation and recombination process.After k iterations, a pool of efficient
solutions is obtained. Figure1 illustrates this transformation process.

The next phase of the methodology integrates the stochastic factors using a
simulation model, where the solutions obtained in the previous phase are further
improved through experiments with the simulation model. With this approach the
simulation model starts in an improved configuration, as the solutions obtained using
the evolutionary algorithm are cost efficient, therefore the improvement with the sim-
ulation approach is less time consuming.

With the previous implementation, the problem is approached by taking as many
characteristics as possible into account instead of restricting only to either the ones
that are limited to the perception of the modeler with an analytical technique or a
time-consuming analysis performed with a simulation approach.

The best solution or solutions are selected depending on how the dynamic model
has performed, thus ending up with a more robust solution than the one that could
have been obtained through the sole use of one technique or the other.

4 Case Study: The Check-In Allocation Problem

An airport terminal is a facility where passengers start on their journey through the air
transport service. In order to board the aircraft, the passenger must undergo different
processes involving management resource. First the passengers must arrive to the
terminal by any mean of transport that, depending on the location, could be public
transport (bus, metro, train) or private transport (private car, taxi, shuttle). Once they
enter the terminal, a registration process starts.

The check-in service consists of passenger registration, commonly known as the
check-in, and handing over their baggage;moreover, this is themomentwhen passen-
gers get a first impression of the airport and the airline. Although this first impression
is very important, there are other issues involved in the management of resources.
Baggage management is also a vital issue that it must be considered to successfully
monitor the proper operation of the airport and the airline. The baggage has to be
transported to the right airplane using conveyor belts and trolleys.

Passengers have to go to a check-in desk or a common check-in island to get their
boarding passes and to drop off their baggage. The check-in process can be either
manual or automatic. Even though automatic check-in (self check-in) is growing in
popularity, there are still a lot of passengers who prefer the manual process, which
is normally performed by personnel provided by the airline. In some cases, person-
nel provided by the airport may perform this process, depending on the agreement
between the parties involved. The facility and resources needed to perform the check-
in activity are normally provided by the airport through an agreement that sets up
the conditions and also the performance indicators (PI) that will measure the quality
of service provided.
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At this point, there are two opposing objectives: on the one hand, the airlines
want to provide the best possible service to their customers at the least cost while, on
the other hand the airport needs to provide this service with limited resources that,
in the case of a check-in area, means the available check-in desks and personnel.
Furthermore, due to increased traffic and the consequent large inflow of passengers
and baggage heading for many different flights, the check-in allocation problem has
been gaining importance in the relevant literature.

An inefficientmanagement of resources such as ground services, personnel, desks,
filters, etc., are appreciated as congestion in terminals. The congestion in turn can be
appreciated in several points throughout the passenger boarding process; for exam-
ple, in the check-in desks, the security filters, passport control, and sometimes at the
boarding gate. These problems have been traditionally faced by the aviation indus-
try through the increase of physical resources (e.g., increase in the check-in desks,
increase in the number of security filters, etc.). Furthermore the increase in competi-
tion between airlines and airports has forced both actors to optimize their resources
at hand in order to reduce their costs and keep competitive. On the other hand, the
increase of passenger traffic in airports makes necessary the development of novel
decision support tools that take into consideration all the different elements that are
involved in the system and influence the correct allocation of resources.

Furthermore the increase in traffic caused mainly by the competition between
airlines, market liberalization, and the increasing number of low-cost airlines will
force the need of efficient strategies and procedures for allocating the resources inside
terminals if the LOS are to be maintained.

The general check-in allocation problem consists of allocating the available desks
of a terminal in such a way that the allocation satisfies a series of restrictions imposed
by the airport and the companies through a service contract. These restrictions may
change depending on the airport, the airlines, the region it serves, and the type of
terminal [22].

The check-in allocation problem is a well-known problem in airport terminals that
has been studied by some authors using evolutionary approaches or mathematical
formulations [23–25]. These techniques have the drawbacks that do not take into
account all the different elements in the terminal’s check-in area or the interactions
of passengers inside the terminalwith each other orwith other elements of the facility.

The methodology presented in this chapter deals with the problem of performing
the allocation of check-in desks in a terminal, considering not only the internal
policies and quality indicators but also the interactions between passengers and the
physical facilities of a terminal. The various rules and information datawere provided
by a terminal in the Middle East under a confidentiality agreement. We shall refer to
this airport, when applicable, as “the airport.”



212 M. Mujica Mota and C.Z. Alcaraz

4.1 Literature Review

The check-in allocation problem has received little attention in the literature over the
last few decades, but in recent years , because of the increasing traffic demand, special
attention has been placed on this process due to its economic and time importance.
It has been defined and studied using different modeling techniques and methods for
its resolution.

Parlar and Sharafali [26] use a dynamic programming approach for the check-in
allocation problem assuming that it is possible to close or open counters depending
on the demand. This practice is efficient from the passengers’ point of view as the
perceived quality of service is high in comparison to a static way of managing the
counters but it is difficult for some companies and the airport to count on having
extra counters when the demand is at its peak.

For these kinds of resolution, the parties have different objectives; the airlineswant
to minimize their use, while the airports want to maximize their use. On the other
hand, although the trend in airports now is to use paperless tickets and self check-in
kiosks, this is not the case in many of the airports around the world, especially in
the growing Asia-Pacific region where they are used to more personal treatment.
Besides, some developing regions, such as Latin America or Africa, still depend
strongly on the manual check-in process.

Another similar paper by Littler and Whitaker [27], provides a procedure for
estimating staffing requirements to meet a preset processing time target. It uses a
stochastic simulation of passenger arrivals at the terminal. This paper mainly focuses
on the design phase of a managerial schema for the use of check-in counters.

Another paper on this problem in the Hong Kong Airport was presented by Chun
and Mak [28]. Their work combines simulation with an allocation system, taking
restrictions and desires of the companies at the airport into account. They use a
simulation-based optimization approach to determine the best check-in allocation,
considering the stochasticity of some of the processes involved, such as service and
arrival rates, thus evaluating the fitness of the solutions by analyzing the efficiency
of processing passenger by predicting queue lengths.

More recently, Park and Ahn [29], revisited the problem of passenger arrivals at
Gimpo airport to determine the most appropriate number of check-in counters, again
this work focuses on the sizing of the resources with a view to a particular objective.

With a different scope,Yan et al. [30], provide an integer programming approach to
the assignment of common-use check-in counters for amodel of Taipeis International
Airport. However, due to some size limitations they had to come up with a heuristic
method to solve themodel. Thiswork aims at assigning the allocation of common-use
counters in a close-to-optimal way.

van Dijk and van der Sluis [31] present a paper that is connected with the work
presented here; the authors use simulation to determine the minimum numbers of
desks and then an integer programming approach to optimize, as much as possible,
the resources spent on allocating passengers. The work presented by these authors
analyzes the problem from the passengers’ point of view, with an eye to shortening
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service times. It only considers some of the restrictions that are presented in this
chapter.

On the other hand, the problem presented byHsu et al. [24] deals with the dynamic
allocation of the check-in services required by passengers aiming at reducing the
total time the passengers spend on the check-in procedure. The assumptions made
by the authors are from the standpoint of the passengers, so the model could be
used for assigning the steps the passengers need to follow in order to minimize their
processing time; some assumptions, such as an average processing time, are made,
thus discarding the inherent stochasticity of this operation. Their approach uses th
average values and clustering the passengers.

Very recently Castillo-Manzano and Lopez-Valpuesta [32] analyze the check-in
problem from the sociodemographic factors that influence passengers the decision of
using one type of check-in facility over another (e.g., check-in counters or common-
use self-service desks).

The work presented in this chapter differs from the aforementioned review in the
sense that it performs the allocation of check-in counters through an approach that
combines an analytical approach using evolutionary algorithms with simulation that
allowsmodeling the dynamic and stochastic characteristics of the systemunder study.
The combination of a deterministic solution with the stochastic elements stressed in
the simulation model provides a more robust and reliable solution than the one that
could be achieved with the sole use of the evolutionary or the simulated approach.
The applicability of this approach is validated by using information from a real
airport terminal provided under a confidential agreement between the authors and
the airport.

4.2 Technical Approach

The problem consists of performing the check-in desks allocation satisfying a series
of rules provided through a contract between the airlines that use the counters and
the airport. These rules are classified as hard or soft.

The hard rules, i.e., rules that cannot be broken under any circumstances must
be satisfied when the allocation is performed. On the other hand, it is desirable for
soft rules to be satisfied but they can be broken when there is no other available
option. It is important to mention that the violation of soft rules would impact on
the perception of quality by the passengers inside the terminal, so it is an important
factor to be taken into account by the company that performs the allocation.
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4.2.1 Hard Rules

The following are the mandatory rules:

1. Overlap Verification: The current allocation must always be aligned with the
allocation of the previous month in order to avoid having allocated the same
check-in desks or nearby for the last flights of the previous month and for the first
flights of the current month.

2. Balanced Loads: Allocating flights to check-in counters will consider an aspira-
tional usage of 20% for each of areas A, B, C, D, and E. The acceptable deviance
is 1% on a daily basis and 5% on each 2-hours window. This restriction means
that the terminal is used in a balanced way, therefore the usage of the areas is
maximized with an increase of the passengers perception of quality. Figure3
illustrates the different zones of the terminal area under study.

3. Number ofDesks:Allocatingflights to check-in counterswill consider aminimum
standard of one check-in counter per 45 passengers. This restriction has been
defined to provide a good quality of service to the passengers at the check-in
process, but a higher limit of 5 counters per airline will also be established.

4. Sorting Hall: Since there are two different sorting areas, the airport authority has
established that the allocation of check-in desks should be done in such a way
that the allocation of check-in desks should be done in such a way that no desks
for the same flight use different sorting lines, as there is a high risk of lowering
the efficiency of the baggage transport process and also of ending on a different
flight. Figure4 is a diagram of the two baggage conveyors systems. In this system

Fig. 3 The check-in zones in the terminal under study
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Fig. 4 Layout of the baggage handling system inside the terminal

areas A and B are processed in a different hall from areas C, D and E, therefore
allocation must consider the boundary between these areas in order to avoid the
allocation of a flight that could use both baggage systems.

4.2.2 Soft Rules

These rules are directly associatedwith the quality perceived by passengers; therefore
in order to get a good evaluation of the quality of service, these rules should be largely
satisfied.

1. Optimized Queuing/Circulation Areas for heavy flights: The allocation will avoid
placing more than 3 heavy flights on the same row island during any given
one-hour window. If this restriction is not satisfied, there is a high risk of conges-
tion inside the island or row with the corresponding perception of poor quality
on the part of the passengers.

2. Optimized Queuing/Circulation Areas for any flights: The allocation will avoid
placing 2 flights on consecutive counters in any given one-hour window. The
recommended practice is to leave at least one counter free between two flights
for reasons of redundancy and flexibility. This practice is common in the terminal
but the airport authority claims that better ways of allocation should be explored
in order to make more efficient use of all the available resources, as this practice
reduces the capacity of the check-in resources.

3. Airline Preferences: The preferences of the airline for their flights to be allocated
to specific rows or fixed desks are officially taken note of during meetings and
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the solution will consider their requests, but only after complying with all the
allocation rules. It is desirable and common practice for companies from the same
alliance to be allocated in the same area most of the time, therefore an efficient
allocation will give priority of use to those airlines belonging to alliances inside
the terminal islands.

4.3 Constraint Satisfaction

The first step of themethodology is the constraint satisfaction problem. This problem
performs a static allocation based on the flight plan provided by the airport. The
allocation algorithm performs an allocation of the planned flights taking into account
the following constraints:

1. There is no overlap between flights
2. Counters are opened 3h in advance
3. It calculates the number of counters needed in a base of 45 pax/counter
4. It leaves one check-in desk in between flights
5. The flights are allocated in the corresponding sections of the check-in area, so

that the baggage does not end up in a different baggage hall
6. It randomly allocates check-in desks, trying to distribute the flights uniformly

(load balance).

The allocation for the flights is performed sequentially in time slots, taking into
account the aforementioned constraints as it is done in common practice. It takes
every flight at a time and looks for the corresponding available time slot that satisfies
the restrictions and, once allocated, it continues with the next flight on the allocation
list. After all the flights are allocated an initial solution is obtained.

In order to get a variety of solutions for the evolutionary algorithm, a random
selection of flights is performed every time the allocation algorithm is run. Using
this approach a population of initial solutions is generated.

Once the initial solutions are generated, the next challenging task is the transfor-
mation of the solutions into vectors with the information that will be used by the
evolutionary algorithm for improving the initial solutions.

4.4 Chromosome Representation

One of the key tasks in this approach is the proper representation of the solutions in
the form of a vector of information. The representation will significantly influence
the performance of the evolutionary algorithm. Every field of information holds key
information that is useful for the performance of the operations of the evolutionary
algorithm. In this chapter, the vectors have been defined as follows:
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1. ID: Flight Identifier (string)
2. CI_OT: check-in Desk Opening time (min)
3. CI_CT: check-in Desk Closing time (min)
4. I_C: Initial check-in Counter (integer)
5. F_C: Final check-in Counter (integer)
6. Soft: check-in Allocation Soft Rules (Integer)
7. Hard: check-in Allocation Hard Rules (Integer)

Field 1 holds the Identifier of the corresponding flight. This field is used for
keeping track of the corresponding flight. Fields 2 and 3 refer to the time the check-
in counters are open and closed, respectively. Fields 4 and 5 provide the information
about to which desk numbers are used. The last two fields (Fields 6 and 7) hold the
information of the number of check-in desks needed to satisfy the hard and soft rules.
They are necessary to identify if a counter is left or not in between flights.

4.5 Crossover Operations

Crossover is the main operation used for improving the current solutions. Crossover
is performed in such a way that the feasibility of the new generated solution is
maintained.

The crossing will be performed between chromosomes or elements of two current
solutions (SolA and SolB) and it will perform the crossing between pairs. Figure5
illustrates the crossing process.

The crossing is performed in the locus associated with the check-in desks being
used, I_C and F_C, see Fig. 5. The reason is that the timeslots where the check-in
is performed cannot vary, therefore only the counters will be the ones that will give
variability to the generated solutions. The light blue color elements of the solutions
(offspring) are the ones that have been changed by the crossover operators.

In order to maintain consistency in the generated solutions, the algorithm will
verify three aspects of the new solution:

1. The crossing is performed between pairs that must use the same timeslot:

C I_OTA = C I_OTB (3)

C I_CTA = C I_CTB (4)

In order to choose a proper candidate for the crossing, the algorithm will take one
element of the SolA and randomly choose another one from SolB. After the selection
of the element of SolB it will verify that its timeslot corresponds to the same one as
the element from SolA. If that is not the case it will take another one until a feasible
one is found.
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Fig. 5 Crossover between solutions

2. The crossing does not hinder previous or future flights.
It may be the case that the previous restriction is satisfied but the time and desks
used for the allocation overlap previous or future allocations. So in order to avoid
this situation the algorithmchecks that this situation is avoided. Figure6 illustrates
the potential conflicts that may be encountered when the crossover is performed.

This example is schematized in Fig. 6. The counters of Flight1 from SolA are
swapped with the ones from Flight4 of SolB as both flights have the same check-in
time window. If we focus on the new SolB generated (right-hand side of Fig. 6), we
can see that Flight4 is in conflict with Flight2, while in the case of SolA there are no
conflicts.

In order to avoid these types of conflicts, a procedure has been coded for the
crossover operation. It compares the allocation performed against all the different
elements of the current solution that fall within a time window of [open_time −180,
open_time +180]. This comparison ensures that the previous allocations do not
conflict with the current allocation, and at the same time that the timeslot of the
present allocation does not conflict with a future one. If the allocation is conflict
free, then the allocation is allowed and performed. However, if the time windows
overlaps (a potential conflict) with some allocation, then the used check-in desks are
verified for overlapping, if there is no conflict then the allocation is allowed. On the
other hand when both conditions occur (time conflict and desks used overlapped),
the crossing is not performed.



Allocation of Airport Check-in Counters … 219

Time (min.)SolB:  Flight4
 

c1
c2
c3
c4
c5
c6
c7
c8
c9
c10
c11

04:00 05:00 06:00 07:00 08:00

Flight 1

Flight 2 Flight 3

Flight 4

Flight 5

Time (min.)
C

ou
nt

er
 N

um
be

r

 

c1
c2
c3
c4
c5
c6
c7
c8
c9
c10
c11

04:00 05:00 06:00 07:00 08:00

Flight 1

Flight 2 Flight 3

Flight 4

Flight 5

Time (min.)

 

c1
c2
c3
c4
c5
c6
c7
c8
c9
c10
c11

04:00 05:00 06:00 07:00 08:00

Flight 1
Flight 2 Flight 3

Flight 4

Flight 5

Time (min.)

 

c1
c2
c3
c4
c5
c6
c7
c8
c9
c10
c11

04:00 05:00 06:00 07:00 08:00

Flight 2 Flight 3Flight 4

Flight 5

Flight 1

Crossover

SolA: Flight1
C

ou
nt

er
 N

um
be

r

C
ou

nt
er

 N
um

be
r

C
ou

nt
er

 N
um

be
r

SolC: Flight1

SolC:  Flight4

Fig. 6 Potential conflicts

3. Hard rules consistency
Finally, the crossover will evaluate if the allocation does not violate the hard
rules concerning the number of desks needed (Field7). If the new allocation does
not violate the minimum number of desks needed it will be kept as a feasible
allocation. If the solution does not leave a desk in between flights, it will be kept
as a feasible solution and later on this situation will be evaluated to see whether
or not it affects the fitness of the new solution.

4.6 Objective Function Evaluation

During the performance of the evolutionary algorithm, once a feasible solution is
generated, it is evaluated on a static basis using an objective function. This function
evaluates the fitness of the solution by calculating several factors that make up the
final value assigned by the function. These factors must have a direct impact on the
LOS indicators.

The function used by this approach uses four parameters but it is not only restricted
to those values. The analyst could extend the formula to include more parameters
depending on the particular case of the airport in question. For the case presented
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in this chapter, the function F(v1, v2, v3, v4) is made up by a linear form of the 4
parameters:

F = a1v1 + a2v2 + a3v3 + a4v4 (5)

where:
v1: is a factor that measures the number of flights in the solution that does not respect
the 1-check-in desk in between flights.
v2: is a factor that evaluates the balance loads for the solution in accordance with the
policies imposed by the airport.
v3: evaluates the number of heavy flights in the same island during 1-hour window.
v4: evaluates the distribution of flights in the islands of the check-in area.
an : is the weight of the corresponding factor.

In this case study of the different weights were kept at the value of 1 for illustrative
purposes but the parameters can be changed to assign a different priority to one or
several parameters over other ones. These priorities would drive the selection of the
different feasible solutions, depending on the airport’s requirements.

The evolutionary process is performed using the values of the objective function
to calculate the goodness-of-fit of the different allocations and the selection process is
carried out based on those values.Using this approach, the solutions are incrementally
improved until a stop condition is satisfied. This condition is determined arbitrarily.

4.7 Simulation-Based Improvement

A pool of potential solutions for the allocation problem is obtained from the evo-
lutionary algorithm to be later tested using a simulation model of the facility under
study. This evaluation will provide a better estimation of the quality levels that can
be achieved in the real system.

It is important to mention that certain requirements are desirable for the simulator
in order to have the best evaluation of the quality indicators, i.e.:

• Agent-based so that the interaction between entities is more approximated to real-
ity.

• High-description level; the more accurate the better is the evaluation.
• The model must allow interaction between agent–agent and agent–objects, so that
it is possible to determine differences between relative positions among agents and
objects.

There are some simulators in the market that satisfy these requirements [17],
thus the methodology can be implemented making use of the one that suits best the
objective of the study.

The use of the simulated scenario makes it possible to test the potential best
solutions in a close-to-real environment. Sometimes it happens that solutions do
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Table 2 Departure flight schedule

Airline Passenger Departure flight Departure time

AIC 90 AI 0975 7:10

UAL 220 UA 0807 8:00

CHH 100 CH 9999 8:20

RNA 110 RN 0604 8:00

PIA 120 PI 0414 7:30

AFR 130 AF 8866 10:00

CSN 140 CS 0582 7:00

DLH 90 DL 0853 11:00

KLM 90 KL 0815 10:00

ABQ 90 AB 7777 12:00

SAI 90 SA 0570 14:00

NAX 90 NA 0835 14:00

SWR 285 SW 0847 10:20

ROT 306 RO 0705 18:00

BBC 120 BB 8888 22:00

AUA 116 UA 0221 21:10

KQA 314 KQ 0432 18:30

BAW 206 BA 0530 15:40

AFL 337 AF 0650 21:20

KLM 120 KL 0814 15:20

not perform well in the real system once they are implemented. The latter could be
caused by some obstacles present in the facilities (e.g., big columns, trolley stations,
etc.) that cause a potential good solution not to be such in reality because of conges-
tion generated by pax–pax or pax–object interaction. Other causes are the emergent
dynamics due to interactions of the entities and these can be easily observed in a
terminal during congestion or during a disruption.

This methodology has been used to develop an initial solver for the check-in desk
allocation for the airport. The initial approach will be used to evaluate the feasibility
of the approach and, once it has been validated as a decision support tool, it will be
extended to an operational level.

An initial flight plan has been used for testing the approach and its implementation
in the simulated environment. Table2 presents the flight plan used for the example
presented here.

The titles of the columns are self-explanatory. Although Table2 was not the actual
flight plan, it is sufficient to test and validate the approach presented in the work.

4.8 Initial Solution

The set of initial solutions is generated for hundred desks as it has been explained in
Sects. 3 and 2.1. A graphic representation of the solution on one airplane is depicted
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Fig. 7 Partial representation of an initial solution

in Fig. 7. The horizontal axis represents time and the vertical one represents the
check-in desks used. Figure7 exemplifies the initial solutions for 3 flights. The main
outcome from the initial phase is a population of feasible solutions that are generated
considering the different requirements for the allocation problem in question.

4.9 Chromosome Encoding and Evolution

The solutions generated in the initial phase are encoded as explained in Sect. 4.9 to
start the evolutionary algorithm.

Table3 gives an example of one encoded solution. The first column entitled Flight
gives information about the Flight number to be allocated. The PAX column provides
the information about the number of passengers registered for the flight. The follow-
ing two columns, called DeskIN and DeskEND, store the information about desks
that have to be allocated for the corresponding flight. The last two columns, Open-
Time and CloseTime, give the information for the opening and closing time of the
corresponding flight. For example, the first row means that flight CS0582, which has
140 passengers, will use the desks from 21 to 24 and they will be open from 4:00
am until 7:00 am.
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Table 3 Encoded solution

Flight PAX DeskIN DeskEND OpenTime CloseTime

CS 0582 140 21 24 4.00 7.00

AI 0975 90 61 63 4.17 7.17

PI 0415 120 1 3 4.50 7.50

UA 0807 220 71 75 5.00 8.00

RN 0604 110 91 93 5.00 8.00

CH 9999 100 81 83 5.33 8.33

AF 8866 130 11 13 7.00 10.00

KL 0815 90 41 43 7.00 10.00

SW 0847 285 84 88 7.33 10.33

DL 0853 90 31 33 8.00 11.00

AB 7777 90 51 53 9.00 12.00

SA 0570 90 61 63 11.00 14.00

NA 0835 90 71 73 11.00 14.00

KL 0814 120 51 53 12.33 15.33

BA 0530 206 31 35 12.67 15.67

RO 0705 306 91 95 15.00 18.00

KQ 0432 314 21 25 15.50 18.50

UA 0221 116 11 13 18.17 21.17

AF 0650 337 41 45 18.33 21.33

BB 8888 120 1 3 19.00 22.00

For each flight, whether or not they respect the check-in desk in between flights
is evaluated. The number of check-in desks open is calculated based on the rule that
one check-in desk must be open for every 45 passengers. As an example, see the
initial flight on Table3, for flight CS0582 with 140 passengers, for this rule to be
respected three check-in desks should be opened.

The balance load in each area A, B, C, D, and E is also calculated for the solutions.
This balance load depends on the layout of the airport and the internal policy of the
airport authority. The computation divides the check-in desks into zones and then
calculates how many flights have been allocated to which zones.

The third parameter needed to compute the objective function is the one for heavy
flights. In this case the zoning is performed based on the time of the allocation and
the correspondent zone, this way it is possible to penalize the allocation of heavy
flights in the same island during a time period.

The fourth value is calculated taking into account the number of flights in each
island, so that the flights are evenly distributed. Thus, the space in between flights is
optimized and the level of service improved.

Using the objective function, the selection among the siblings solutions is made
in such a way that the value of the objective function is progressively improved.
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Table 4 Values of the cost function

Iterations Avg. cost Value

1 1.36

10 1.012 25.58823529

20 0.6714 50.63235294

30 0.468 65.58823529

40 0.4228 68.91176471

45 0.3542 73.95588235

60 0.15068 88.92058824

624 0.145276 89.31794118

891 0.13397 90.14926471

3858 0.126434 90.70338235

6605 0.125325 90.78492647

6914 0.112363 91.73801471

31,600 0.11074 91.85735294

Table4 illustrates how the objective function is improved as the algorithm evolves.
Meanwhile, Fig. 8 illustrates the evolution of the cost function versus the number of
iterations.

4.10 Performance Evaluation in a Virtual Environment

The model of the terminal area has been developed using a general-purpose simula-
tion software called SIMIO [17]. The simulator has been selected for these studies
as it possesses most of the necessary characteristics previously mentioned. There are

Fig. 8 Convergence of the cost function
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other tools that possess better characteristics of agent interaction but for the sake of
illustration the authors consider that SIMIO is good enough for evaluating different
interactions. However, if the reader wants to emphasize in the interactions, other
tools could be more suitable.

The simulation model represents the layout of the area under study, which com-
prises 100 check-in desks in an area of 170 × 70 square meters (see Fig. 9). With
the help of the virtual environment, the LOS can be evaluated alongside other per-
formance indicators that are important for assessing the correct management of the
area under study.

Figure9 presents the simulated layout of the terminal area together with some data
and notation below the model. These notations illustrate how the different sections
of the terminal have been identified in order to dynamically calculate the LOS over
time. In the terminal area there are 5 sections, namely areas A, B, C, D and E; with
5 subsections each. Therefore, a total of 25 areas were monitored in the study.

Fig. 9 The simulated environment
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4.10.1 Stochastic Parameters

The advantage of using a simulation model for assessing the different solution, is
that it is possible not only to test the proposed allocations in a close-to-real scenario
but also different characteristics of the passengers can be added to the model, thus
making the evaluation more reliable than the evolutionary algorithm by itself. Some
examples of the dynamic parameters that have been added to the model are presented
in Table5. These parameters are just an example of common values, however, the
reader should perform a data acquisition exercise to come up with the right values
for its particular study.

Different configurations provided by the allocation algorithm have been evaluated
using the simulation model. Table6 is useful to illustrate the differences between the
initial allocation and the final one.

It was considered that zones with congestion problems where those areas with
values under 3m2/pax to be considered as critical. As presented in Table6, initially,
there were several areas where congestion could be perceived as the LOS indicators
illustrate; namely areas E1, C1, B1, and E2. This configuration presents the worst
LOS value in area E1, with a value of 1.1113m2/pax. When the allocation provided
by the evolutionary algorithm is evaluated in the simulation environment, the LOS

Table 5 Parameters of the simulation model

Concept Type

Check-in desks processing time Lognormal (0.709, 0.154) with a minimum of 1

Arrival profile Triangular (−180, −90, −40)min

Passenger speed Uniform (0.4, 0.9)m/s

Check-in area 170 × 70m2

Passengers desk 1 person/desk

Passengers do not show earlier than 3h prior to
departure

Table 6 Level of service indicators

Critical zones Minimum value m2/pax

Initial

Zone E1 1.1113

Zone C1 1.6585

Zone B1 1.8214

Zone E2 1.9767

Final

Zone E1 2.3415

Zone D1 2.1223

Zone C1 2.5617
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indicators show a significant improvement, see Table6. For the new allocation, there
were only three critical zones and theminimum value was perceived in zone D1, with
a value of 2.1223m2/pax. In conclusion, with the use of the evolutionary approach
an aoptimized allocation for desks was found. Due to this, the congested areas in the
terminal could be reduced, thus providing a better allocation than the one that can
be achieved by manual allocation.

5 Discussion

The present work introduces a new methodology that combines an evolutionary
approach with simulation to perform the check-in desk allocation for optimizing
the LOS indicators in an airport terminal. The strength of the methodology lies in
tackling the problem in such a way that it possible to take into account deterministic
and stochastic characteristics resulting in a more robust and reliable solution. The
algorithm uses an evolutionary approach to improve the initial allocation of check-in
desks taking into account the policy restrictions imposed by the airport. Once good
solutions from the mathematical standpoint are obtained, they are further improved
using a simulated environment that takes into account other elements of the problem
such as physical locations, queue policies, passenger arrival profiles, efficiency of
the personnel, etc.

The results show that the methodology is robust enough to provide good solutions
with few iterations and the reliability of the solutions is improved with the simulated
model. In addition the methodology is flexible enough to include more constraints
either in the evolutionary algorithm or the simulation model in order to provide solu-
tions that are in line with the objectives of the airport. The methodology that has been
presented can be easily implemented in other terminals or in other industries follow-
ing the guidelines and suggestions presented here but the simulation model must be
developed for the corresponding terminal. In future implementations a metamodel
can be integrated into the evolutionary algorithm in order to develop a stand-alone
tool for decision-making. This methodology would be recommendable for the plan-
ning phases of new passenger terminals or for assessing the current performance and
to evaluate future implementations that involve policy restrictions.
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