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The function of airport gate assignment is to assign appropriate gates for arrival and
departure flights and to ensure the flights are on schedule. A key task of airport ground
operations is assigning the airport gate with high efficiency and a reasonable arrangement.
In this paper we establish an optimised model based on the characteristics of both the
flights (the flight type, flight down time and the number of passengers) and the airport gates
(the ease of access of the airport gate). We give a representation of the solution space and a
direct graph model of the airport gate configuration based on dynamic scheduling parallel
machines. We design a method for solving the airport gate configuration based on an
immune genetic algorithm. The simulation results show the effectiveness of this model and
algorithm.

1. Introduction

The airport gate assignment task assigns an appropriate gate to every arrival and departure
flight during some period of future time, ensures the flights are on schedule and provides
gates for the passengers to get on or off the airplanes. A reasonable assignment of the
gates is a key task of airport ground operations. Factors affecting it are the route type,
route distance, aircraft type, flight number, flight density, flight down time and the walking
distance for passengers transiting between inbound and outbound flights. However, civil
aviation is currently developing rapidly and airport facilities have many shortcomings.
These shortcomings limit the size of airport operations, so an optimised assignment of
the airport gate configuration becomes an important problem.

To solve this problem, scientists at home and abroad have proposed several analytical
methods. For example, Wen et al. (2004) proposes a sorting model for airport gate
assignment and finds an assignment to make every flight have an airport gate. However,
this model does not consider passenger requirements or any benefits to the airport.
Gosling (2000) and Su and Srihari (2001) approach the problem through the use of expert
systems. These systems combine the assignment principle with a knowledge system, and
consider many non-quantifiable criteria. However, the results are not ideal because they are
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limited by the scope of the search and some critical factors are ignored. Wang et al. (2006),
Wang (2007), Ding et al. (2005), Hu and Di Paolo (2007), Drex]l and Nikulin (2008), Yan
and Tang (2007) and Ju and Xu (2008) use the method of mathematical programming.
This method analyses the feasibility of a configuration and how to deploy it by selecting an
optimised function using 0-1 integer programming. The main difficulty with this method is
choosing the objective function. Because there are so many factors influencing the airport
gate, we propose an objective function addressing actual practical needs, and design a
rapid and effective algorithm considering all the required factors. The work in the current
literature optimises the airport gate configuration from the perspective of passengers,
without considering the airport gate, flight type, flight number, flight density, downtime
and so on.

In the current paper, we establish an optimised model based on the characteristics
of both the flights (the flight type, flight downtime and the number of passengers) and
the airport gates (the ease of access of the airport gate). We give a representation of
the solution space and a direct graph model of the airport gate configuration based on
dynamic scheduling parallel machines. We design a method for solving the airport gate
configuration based on an immune genetic algorithm. The simulation results show the
effectiveness of this model and algorithm.

2. Description of the airport gate assignment task

The airport gate assignment task is to produce a reasonable assignment of a limited
number of parking bays to a large number of flights considering the optimisation goals
of passenger transit time, flight type, flight density, flight number and downtime. That is
to say, the aim is to achieve the greatest passenger satisfaction, highly efficient airport
ground operations and effective benefits to the airport. The passenger transit time is the
time taken for:

— departing passengers to arrive at the boarding gate from the security gate;
— arriving passengers to arrive at the baggage claim from the boarding gate; and
— transiting passengers to move between the arrival and departure gates.

The flight type measures the degree of importance of the flights to distinguish between
important flights (for example, international and high volume flights) and non-critical
flights. The flight downtime is the time spent at the airport gate by the flights. Depending
on the actual needs, we need to know the number of airport gates, the number, type and
downtime of the landing flights every day and the case of transiting passengers boarding.

Wang (2010) gives a description of airport gate assignment that provides a possible
distributed assignment to maximise the sum of the flight and distributed airport gate
characteristics. The objective function for this method is

maxn(Ay) = Y 1 * 6(Ass,).

i€l

The optimised assignment of the flight collection A4 is denoted by A¢(A).
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3. Optimised assignment of airport gate configurations based on an immune genetic
algorithm

Wang (2010) gives a model of optimised airport gate assignment based on dynamic
scheduling parallel machines.

The model is A = {Ay, A, -, Ay}, where the set is made up of all the schedulings of
the set P of airport gates, and it is limited by the following ordered product:

k
n n hnj n
Q=" X QP x o x Q=]
i=1

and every scheduling of the set P is defined so that

W =w; XwW XX W

w11 W12 wi
_ : . . c o (1)
- Wot: Woo! Wor: C3&

Wik1 Wik2 Wkl

where w; € 1 Q' i € k. Alternatively, we can use a matrix form: o = (w;;), i €k, j € L.

Every posslible distributed assignment w of the solution space is treated as an individual.
According to the characteristics of the space structure of the solution, every individual w
is made up of k genes, that is, (wy, wy, - -, wy). The following sections describe the immune
genetic algorithm based on this model of the solution space.

3.1. Code for individuals

In accordance with the characteristics of the model of dynamic scheduling parallel
machines for the optimised assignment of an airport gate configuration of the type (1),
we identified the following two-dimensional array for the encoding:

w1 w11 w12 T w1
(2] @21 (Q0)) T w7
w = =
2)
Q) Wkl W] e W]

= (wij), i€k jel
where
W € cvi-1 Q?' (i € k).

So, an individual w is a two-dimensional array made up of k rows and [ columns. Each
row of the array represents a gene, and an individual (wy,ws, -+ ,wy) is made up of k
genes. Each gene w; includes [ pieces of information (w;y,- - ,w;y), each with a range of
values {0---,n}. We describe the fact that flight x is parking in the airport gate j by

wij =X, (x€n),
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and use w;; = 0 to describe the fact that there is no flight in airport gate j. An individual
can also be described by a one-dimensional array:

(wllﬁ.. ) 7(’()11’(/021’. te 9w21>' te ’wkIS. o ’wkl)' (3)

The length of a gene is thus k x L.
Because the optimisation problem for airport gate assignment is subject to restrictions,
we require the genetic composition of each individual to satisfy compatibility constraints:

Wi € ¢vi-1 Q?i,i ck.

In other words, when we apply the crossover and mutation operators, we need to
test whether the results satisfy this condition since only genetic changes that meet this
condition can form new and effective individuals.

3.2. Fitness function

The fitness function is used to evaluate the individuals and is the basis for the development
of the optimisation process. For simple optimisation problems, we can usually directly
convert the objective function into the adaptation value function: for example, we could
define the adaptation value f(X) of an individual X to be

fX) =M —c(X)
or
F(X) = ¢t
Where M is a large enough positive number, c¢(X) is the objective function value of
the individual and o > 0. However, for the optimisation of complex problems, we often

need to construct an appropriate evaluation function for optimisation in the GA. For the
current paper, we will use the objective function directly as the fitness function, so

(o)=Y

i=1 j

I
() * y;
—1

where:
— c(wjj) describes the characteristic of the flight w;;, and ¢(0) = 0; and
— 7y, describes the characteristic of airport gate j.

The optimal airport gate assignment corresponds to finding the distribution plan
giving the maximum value of the objective function. Hence, the degree of adaptation
of individuals measured by the corresponding objective function value is also large, and
maximal for the best individual.

From the objective function, we define the function

(i) =Y clwy) *;
-1

reflecting the quality of the gene w;, so a gene with a large function value is a good gene.
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Definition 3.1. If

n(o)= max  m@) (i€k),

W€ 0 Q)
we consider w; to be a good gene of

W; € i1 Q;li.

3.3. Population initialisation

The initial population is the starting point for iteration of the genetic algorithm and
consists of a certain number of individuals. Here we assume the initial population is
composed of s individuals, which includes a satisfactory solution s; of the problem
obtained by heuristic algorithms and s, randomly selected individuals from the solution
space, that is s = s; + s, individuals in total.

We will now describe how we randomly select the s, individuals in the solution space.
We begin by identifying the first gene by random selection for the s, individuals formed
by

w; € CiQ?i (i € 7).

For the conflict flight set

Ay = (@ 1l )
containing a set of m; extended flights, we randomly order parking bays for each flight.
So, for flight ja;, we randomly select a parking bay P(yay) from the airport gate set P,
then distribute flight (a7 to the parking bays P(jay). For flight 1@, we randomly select
a parking bay P(ja;) from the rest of the airport gate set P after removing P(yay),
then distribute flight 1a, to the parking bay P(1az). In this way, we randomly identify a
distribution

{P(1@2), P(1a2), ", P(1Gm,)}

for the flight set

Ay = {1a1, 1@ ).
For any flights not assigned parking bays, we assume that the flight number is 0, that is,
we have

{P(1@),P(1@2)," -, P(1dm,), P(0), -, P(0)}
where the number of P(0) elements is [ —m;. Consequently, all flights are allocated parking
bays. Now, taking the airport gate numbers in ascending order, we will regard the flight
number being allocated in the first parking bay as the first element, the flight in the
second parking bay as the second element, and so on until all the parking bays are filled.
We describe this assignment using the set

{iar,1a2, -+ 1ar},

where
P(ia) =i (iel.
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Hence, we get the first gene

w% = (CU111"" ’w%])
for the first individual, and we then get the first gene of all the individuals using the same
method. We then need to identify the second gene for each individual. For

o) €,1Q) (i € 52),

we randomly select

i n
wy € Q7
cyl

as the second gene of the individual i. We continue in this way until all

have been identified, and thus s, individuals will also have been identified. Combining
these with the s; satisfactory solution to the problem given by the heuristic, we will get
s = 81 + s, individuals as the initial population. The initial population is denoted by

Q= {100,200, , 500}, 4)

and the population of the jth generation is denoted by
ij = {1wj, ), , 0} (5
where
iw; = {jo},iw}, o} (i €5),

and ia)g represents the g gene of the i individual in the initial population.

3.4. The genetic operators

The basic idea of the genetic algorithm design is survival of the fittest, and this should
be reflected in the selection, crossover and mutation operators, which should also take
account of the impact on the algorithm’s efficiency and performance.

3.4.1. The selection operator. The copy operation avoids the loss of effective genes so
that good individual performance has a greater probability of survival, thereby enhancing
the global convergence and computational efficiency. The most common methods are
scale replication and rank-based replication. Scale replication selects the appropriate
value for the individual, which is proportional to the probability of individual adaptation.
Rank-based replication selects the appropriate individual according to the ranking of the
individual in the population. As for population replacement, the adoption of the program
can replace some individuals or the entire group.

The size s of the population is given by Equation (5), where each individual is represented
as a two-dimensional k x [ array. We will now give some definitions:
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— Similarity
Consider any two individuals,

N N o
nWj = {llwh’llel’ » i1 Djjy §

_ 1 2.k
nhWj = {izwjl’fzwjp > b Dy

where iy, i, € s with iy # iy, and j; represents the generation number of the evolution.
We assume that the adaptation of the individuals j w; and ,w; are n(;, ;) and
n(;,wj,), respectively. Then, assuming ¢ is an appropriate small number (¢ > 0), if

715(,'] wﬁ)
n(izwjl)
holds, we say the two individuals ; w; and ;,w; are similar.

0(j,wj,,wj ) measures the degree of similarity of the quality of the individuals ; w;,
and ;,»;, and ¢ is the defined similarity threshold. Here, the quality is the quality
of individual fitness, so the greater the individual fitness the greater the quality. For
example, if ¢ = 0.02 and the condition holds, we say the two individuals (that is, ; wj,
and ;,;,) have 98% similarity in their quality.

This definition is a new method for defining the similarity of individuals and has
two advantages compared with methods based on information entropy and Euclidean
distance:

1 —e<0(,wj,,0j) = <l+e (6)

(a) it is more intuitive;
(b) it requires less computation.

— Concentration
As for particular individuals, the scale of the individuals is s, and the number of
individuals being similar to the individual g € s (including individual q itself) is called
the concentration of individual ¢, and denoted c,.

— Expected rate of reproduction
As for particular individuals, the scale of the individuals is s, and the expected
reproduction rate e, of the individual g € s is defined to be

_ n(qw)
(cq)ﬁ

€q

where:

— mn(qw;j) is the fitness of the individual g;

— ¢4 is the concentration of the individual g;

— p is a parameter reflecting the relative importance of the concentration and fitness
for the reproduction rates.

— Copy (clone) the probability
As for particular individuals, the scale of the individuals is s, and we assume the
expected rate of reproduction of individual ¢ € s is e,. The probability P, that
individual ¢ is chosen to be copied (cloned) is then

€q

P, = —"—.
! >t

(8)
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Formula (8) shows that the probability of selection in the immune genetic algorithm
does not just depend on the individual fitness but also depends on the concentration
of the individual. This is the biggest difference between the immune genetic algorithm
and the genetic algorithm.

We adopt the proportional selection method in the current paper. The basic idea is
that the probability of each individual being selected is proportional to its fitness and
inversely proportional to the concentration: in other words, the individual breeds in the
population to the next generation in accordance with the probability P, of expected
reproduction, which is proportional to the individual. To facilitate the crossover
operation, an even number of individuals needs to be selected.

For the selected individuals, we now need to implement the crossover and mutation
operations.

3.4.2. The crossover operator. The role of the crossover operation is to produce a new
individual in the solution space for the effective search, while reducing the failure
probability of effective models. The word crossover refers to the fact that part of
the structure of the parent individuals is replaced and reorganised to generate a new
individual. Common variants include single-point crossovers, multi-point crossovers,
arithmetic crossovers, partially mapped crossovers, order crossovers and cycle crossovers.
The following describes the implementation of the single-point crossover and multi-
point crossover with cross probability we use here. During the crossover operation, the
individuals are divided into several groups, with each part composed of a group of two
individuals to complete the single-point and multi-point crossover operations.
The single-point crossover randomly selects two individuals:

B S N
ilel - {’lel’lla)jﬂ ’llwh
2 k

— 1 ..
izwjl - {izwjlaizwjl> ,12(,0]-1
where

i,ip €5, iy # iy

We then randomly select a point r € k, with r > 2. If

3 Y i ny

i @jy € Cizw}-l’l QI 9
.

Lo € 1 QY ®)

5] ,»zm;.l* 1

Ji c
(that is, if the constraints on the problem of optimal allocation of parking bays and the
compatibility condition between genes constituting the same individual are satisfied), then
performing the crossover operation to generate two offspring individuals gives
LAY Y SN
Ji ’lle/'l”l i 2 i1 Djy (10)
—1 y y+1 k

7 - .
i )lzwj]:lzwjl 5 ’lzwjl .

_ 1 2
i Wj = {ilepilw' w

]1"” R0

— . 1 . 2
nWj = {lzwjp i@

jl"" 9i2w

If the compatibility conditions are not met, the crossover operation is not performed.
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The multi-point crossover is treated similarly. After randomly selecting a multi-point,
we first need to determine if the compatibility conditions of the intersection point for
genes are satisfied: if they are, the crossover operation is carried out; if not, the crossover
is not performed.

3.4.3. The mutation operator. Mutation refers to changing part of the parent structure
of an individual and the operation of generating new individuals. Mutation can help
increase the diversity of the population. There are various types of mutation operator. A
commonly used operator is replacement, which replaces the original gene in a location
with another gene. Another operator is a disturbance operator, which is attached to the
original individual to achieve a certain variation of the disturbance mechanism. Other
operators include: interchangeable variation; reverse-type variation; and plug-in mutation.
For the parent individual ;0; = {;® ]1-, ia)Jz-, ~, icuf}, we implemented single-point and multi-
point mutation for the current paper, according to the rate of the variation. Single-point
mutation varies a single point in an individual. We first randomly select a point

qek
and check if

q+1
J ci. Y

m
=
+

i

that is, whether the constraints on the problem for optimal allocation of parking bays and
the compatibility condition between genes constituting the same individual are satisfied.
If they are, we replace ,w? with ,»co;? , and get the offspring individual

+1 k
aiqu‘aiw? P 7iwj}' (11)

q—1

1 2
i0j = {iw},iwj, 0]

I

Multi-point mutation is treated similarly by first randomly selecting multiple points
and then checking whether the compatibility conditions of the variation points for the
genes are met: if they are, the mutation operation is carried out; if not, the mutation is
not performed.

3.4.4. The immune operator. For an individual
1 2 k
iWj = {iw_,‘aiw‘a"' aiwj}’

vaccination is used to modify some locus on the gene in accordance with prior knowledge
so that individuals with higher value have a higher probability of fitness.
For a population

Q) = {10200}, 505, (12)

vaccinating the population refers to an operation in which we first randomly select
a proportion o (0 < o < 1) of members of the population (so s, = as) and then
replace individual genes in each of the selected members with good genes (as defined in
Definition 3.1).
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For an extracted individual
0 = {,-wjl-,iwjz',"' ,iwﬁ}»
we need to vaccinate each locus. For the g € k gene locus, the vaccination operation is as
follows.
We assume that the good gene according to Definition 3.1 at the gene locus is jwj. If

* n
i0; € a1y
ci

q+1 c *an+1

b
ST gu

i
then we replace the ¢ € k gene of the individual
ZQ] = {ia)},iw?,"' 3iw§}y (13)

with the good gene ,w; to generate the new individual

—1 q+1

,[CO;,l'CU- P aiwf} (14)

q
T, j

12
iwj = {iwjaiw i

2.
However, if the compatibility conditions are not met, the vaccination is not carried out.

Obviously, the fitness function value for the new individual is greater than for the original
individual, so it is a better individual.

3.4.5. Normalising the offspring population. Once the selection, crossover, mutation and
vaccination operations have been carried out on the current parent population

ﬁ] = {leazwj). t aswj}a

the result will be a a new group of individual offspring denoted by Q i+1. We then apply
the parent selection operator to the selected group of individual offspring, which is still
denoted by Q;.;. To maintain the population size at s:

— If the number of the individuals in the offspring population Q j+1 1s greater than s, we
need to select s individuals of the parent population as a collection Q i1

— If the number of individuals in the offspring population ﬁjH is less than s, we go
back to the individuals in the original parent population

Q) = {10j.20)," " ,50;}

that were not selected by the selection operator, and add the individual with the
maximum value of the fitness function, and so on until the size of the offspring
population is again s.

3.5. The elite retention policy

We use the ‘elitist’ strategy for the genetic algorithm. The ability to converge to the global
optimal solution is the main objective of genetic algorithms. G. Rudolph used Markov
chain theory to prove that if we use a canonical genetic algorithm, CGA (which only
uses crossover, mutation and selection as the three standard genetic operators), and if the
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crossover rate is P. € (0, 1), the mutation rate is P,, € (0,1) and we adopt the proportional
selection method, then it cannot converge to the global optimal solution.

To prevent the best individual in the current group being lost in the next generation,
which would mean the genetic algorithm did not converge to the global optimal solution,
K. A.de Jong proposed the ‘elitist selection strategy’ (which is also referred to as the ‘elitist
strategy’). The idea is that the best individual (called the elite individual) appearing so far
in the evolution of the group is always copied to the next generation without any changes
— this selection operation is also known as replication.

Suppose the best individual in generation ¢ of the evolution of the genetic algorithm is

[, and suppose the next generation is Qz+1 Then, if ®; does not already appear in Qr+1,
we add it. If we do this, it will make the size of the new generation s+ 1, so to maintain
a constant population size, we remove the individual with the smallest fitness from the
new generation. The elite individual is the highest fitness individual that can be selected
by the genetic algorithm in the evolution of the population to the current date.

The advantage of using the elitist strategy is that the best individuals so far cannot be
lost or damaged by the selection, crossover and mutation operations in the evolutionary
process of the genetic algorithm. The elitist strategy has a significant role in improving the
global convergence of the standard genetic algorithm — the standard genetic algorithm
with the elitist strategy is globally convergent.

3.6. The algorithm — parameter selection, termination condition and steps

The convergence theory for genetic algorithms describes the limit properties of genetic
algorithms with probability 1 convergence, so our goal is to improve the convergence rate,
which affects the parameter selection and the design of the algorithm.

3.6.1. Parameter selection. The size of the population is one of the factors determining
the performance and efficiency of the algorithm. Typically, if the population is too small
to provide sufficient sampling points, the result is a poor performance of the algorithm,
which may not even give a feasible solution of the problem. So the population must be
large enough to prevent the occurrence of premature convergence, but larger populations
will undoubtedly increase the computation time, so the convergence time may become
too long. Of course, a certain number of species in the optimisation process are required
to allow changes.

The crossover probability is used to control the frequency of crossover operations.
If the probability is too large and the population updated too often, high-fitness value
individuals may be destroyed too quickly. However, if the probability is too small, the
crossover operation is rarely implemented, which will lead to search stagnation.

The mutation probability is an important factor in increasing population diversity. In
the genetic algorithm based on binary encoding, a low mutation rate is enough to prevent
the entire group of genes in any position from changing. So the probability rate may be
too small to produce new individuals, but if it is too large, it makes the genetic algorithm
a random search algorithm.
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Table 1. An example — the error rate is calculated with reference to the objective function
upper bound (6,529,041).

Evolution generation 0 20 40 60 80 90

Objective function value 5,930,492 6,030,222 6,096,818 6,163,414 6,220,870 6,220,870

Error rate (%) 9.17 7.64 6.62 5.60 4.72 4.72

Computing time 0 11 20 27 34 40
(minutes)

3.6.2. Termination condition. The most common termination conditions are to reach the
biggest evolutionary step that has been set by the people, or when the cadres with the
best fitness value do not change significantly and continuously.

3.6.3. Algorithm steps. The algorithm consists of the following steps:

(1) Create the initial parent population
QJ = {lea 2wja e aaswj}’

and determine the fitness of each individual.
Then store the individual with the largest fitness (the elite individual) in a dedicated
variable.

(2) If this is the first pass, go to step 5, otherwise, continue to the next step.

(3) Determine the fitness of each individual.
If this generation of individuals does not contain any individuals matching the fitness
of the current elite group of individuals, then copy the elite individual stored in the
special variable to this generation and remove the individual with the smallest fitness.

(4) If the largest fitness value of the individuals in this generation is greater than the
fitness value of the current elite individual, copy the individual with the largest fitness
value to the special variable as the new elite individual.

(5) Using the similarity of the individuals, calculate the concentration of each individual.

(6) Calculate the expected reproductive rate and selection probability of each individual,
according to the selection probability, and use the probability proportional selection
strategy to implement the selection and copy operations.
To aid the description of the remaining steps, let the group of selected individuals be
q,

(7) Apply the crossover operation to the individuals in the population ﬁ] to obtain
population ﬁj

(8) Apply the mutation operation to the population ﬁlj to obtain the population ﬁ;

(9) Vaccinate the population ﬁ/}/ to get the new population Q i+1, and ensure that its size
is still s.

(10) Determine whether the termination conditions are met: if they are, the algorithm

stops with the final population as the output; otherwise, if the conditions are not
met, return to Step 3 and continue.
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4. An example and analysis of results

As a test example, we chose a busy domestic airport with 20 stands and 120 flights in
the peak hours (a period of 6 hours) in one day. We wrote the program using MATLAB
software, and ran it on an ordinary desktop computer (Lenovo brand with 2G memory
and 2.98GHZ CPU running Windows XP) taking one hour 10 minutes. We set the
crossover rate to be P, = 0.6 and the mutation rate to be P, = 0.2, and set § = 1.5
and m = 30. The termination condition was satisfied when there was no change in the
best individual fitness for 10 consecutive generations. Table 1 show the results and the
evolution of the convergence process.

5. Conclusion

In this paper, we have established an optimised model for airport gate assignment to aid
airport operation and management based on the characteristics of the flight (the flight
type, flight down time and the number of passengers) and airport gate (ease of access). We
have given a representation of the solution space and a direct graph model of the airport
gate configuration based on dynamic scheduling parallel machines. We then designed a
solving method for the airport gate configuration based on an immune genetic algorithm.
The simulation results show the effectiveness of this model and algorithm.

It should be noted that the assignment of gates is a complex issue. In this paper, we
have considered an optimisation method of gate assignment based on the immune genetic
algorithm, but there are some unresolved practical issues. In particular, we have assumed
that there are always enough gates, so the problem when there is a shortage of free gates
and flights need to wait before landing needs further study — the dynamic allocation of
flight delays and other problems also requires further study.
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