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Abstract

With the rapid development of air transportation in recent years, airport operations have attrac-

ted a lot of attention. Among them, airport gate assignment problem ( AGAP) has become a research

hotspot. However, the real-time AGAP algorithm is still an open issue. In this study, a deep rein-

forcement learning based AGAP( DRL-AGAP) is proposed. The optimization object is to maximize

the rate of flights assigned to fixed gates. The real-time AGAP is modeled as a Markov decision

process (MDP). The state space, action space, value and rewards have been defined. The DRL-

AGAP algorithm is evaluated via simulation and it is compared with the flight pre-assignment results

of the optimization software Gurobiand Greedy. Simulation results show that the performance of the

proposed DRL-AGAP algorithm is close to that of pre-assignment obtained by the Gurobi optimization

solver. Meanwhile, the real-time assignment ability is ensured by the proposed DRL-AGAP algorithm

due to the dynamic modeling and lower complexity.

Key words: airport gate assignment problem ( AGAP), deep reinforcement learning ( DRL) ,

Markov decision process ( MDP)

0 Introduction

In recent years, the air transportation has devel-
oped rapidly. However, this development has also
brought great challenges to the operation and manage-
ment of civil aviation. Airport is the terminal of any
airline, bearing great pressures of the rapid growth of
air traffic. The limited resources and operating abilities
of airport has become one of the main causes of flight
delays. In the airport operation, gates including fixed
gates next to the terminal and remote gates located on
apron are key resources. The gate assignment directly
affects the airport operation efficiency and the quality of
experience (QoE) of passengers. Therefore, the opti-
mal assignment of gates plays an important role in prac-
tice.

In 1974, Steuart modelled the airport gate assign-
ment problem (AGAP) for the first time'"’. Dorndorf
summarized the optimization objectives and constraints
of the AGAP problem in 2007"*'.
contribution, the academic research on AGAP has
turned to the innovation of algorithm. The AGAP algo-
rithms are mainly divided into 2 categories: mathemati-

As a result of his

cal programming algorithm and heuristic algorithm.
The representative algorithms in the mathematical pro-

gramming algorithm are the column generation method
and the branch and bound algorithm. Both 2 algorithms
were used to solve AGAP"*** and achieved some posi-
tive results. The advantage of mathematical program-
ming algorithm is that it can be found the global opti-
mal solution of the problem. Meanwhile, the shortage
is also very obvious, i. e. these algorithms are only ap-
plicable to the AGAP with a small number of flights
and gates due to their high complexity. The heuristic or
modern heuristic algorithms are more popular in aca-
demics. The object such as minimizing the idle time of
gates, reducing the number of flights that have not
been assigned to gate, equalizing the idle time of air-
craft, minimizing the distance traveled of passengers
and the number of flights assigned to remote gate are
considered. The greedy algorithm, genetic algorithm,
Tabu search algorithm, bee colony algorithm and sever-
al other heuristic algorithms are used to solve these

90 Ref. [10] has also developed an airport

problems
gate assignment framework to deal with the issue of air-
craft assignment under random flight delay and adopted
a heuristic algorithm module to iteratively solve the
AGAP problem.

Although researches have been carried out in the
academia, the AGAP still faces many problems in
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practice. In most cases, the AGAP is divided into 2
stages in practice, i. e. the pre-assignment stage based
on known flight plans and the dynamic assignment
stage to adjust the random change of flight time. The
existing algorithms can be used to solve the pre-assign-
ment problems. However, the contradiction between
the complexity of the existing algorithms and the timeli-
ness of the dynamic assignment are both difficult prob-
lems.

In the development of artificial intelligence (Al)
deep reinforcement learning ( DRL) technology has re-

[11,12]

ceived extensive attention , which can be applied

to solve complex decision problems in various fields. In
Ref. [ 13 ], DRL method was used to solve the problem
of scheduling tasks with multiple resource demands.
The results show that the proposed deep RM performs
better than the heuristic algorithm and adapts to differ-
ent conditions. This has significant implications for the
research. AGAP is also a kind of task scheduling and
resource assignment problem, in which tasks are flights
and resources are the airport gates. The important point
is that DRL based algorithm can satisfy the timeliness
requirements of the dynamic AGAP.

In this research, a DRL based method to solve the
AGAP with random flight delay is proposed. Consider-
ing the passenger’s QoE, the distance traveled of pas-
sengers is reduced by maximizing the ratio of flights as-
signed to fixed gates next to the terminal. The AGAP is
translated into a Markov decision process ( MDP)
which can be solved as a learning problem. The pro-
posed DRL based method is validated via simulation
and the solution using the software Gurobi is given for
comparison. Simulation results show that the optimiza-
tion performances of the proposed method and Gurobi
based solution are quite close. Meanwhile, based on
the proposed method, the calculation speed of the
trained airport gate assignment policy is much faster
than that of the Gurobi based solution. This confirms
that the proposed method can be used to solve the dy-
namic assignment problem in practice. The main contri-
bution of this research is summarized as follows.

1) The MDP model of the dynamic AGAP is pro-
posed with constrains of gate resources and time inter-
val modeled in the states.

2) The DRL framework is adopted as the solution
of the dynamic AGAP. Simulation results validate that
the performance of the proposed DRL-AGAP method is
close to that of the Gurobi optimization solver with ex-
tremely low computing complexity.

The rest of this paper is organized as follows. Sys-
tem model is presented in Section 1. In Section 2, an
optimization problem for AGAP is formulated into an

MDP. Then the problem solution via deep reinforce-
ment learning is proposed in Section 3. Section 4 dis-
cusses the simulation results. Finally, the proposed
method is concluded with future work in Section 5.

1 System model

In this work, the research is based on the AGAP
with DRL. Before landing of a certain flight, the gate
assignment agent will assign it to an available gate.
The system model is described in Fig. 1. The total
number of flights and gates are denoted by N and M,
respectively. The landing time of all the flights is based
on a fixed schedule with random time fluctuation. Two
types of gates are considered: fixed gates next to the
terminal and remote gates located on apron. As an ini-
tial research on the AGAP with DRL, the simplest sce-
nario is taken into consideration. Assuming the size of
all the gates is the same and all the aircraft types are
the same. And also assuming runway assignment has
been made prior to the assignment of gates''*!. Be-
sides, the runway conflict is not considered in this ini-
tial research.

.
(4] Gote (parkizg)
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Fig.1 Example of airport gates assignment

1.1  Objective

Airport gate assignment is closely related to pas-
senger’ s QoE. In general, people prefer a shorter
waiting time and a shorter walking distance after land-
ing. Therefore, when the flight is assigned to the fixed
gates, the passengers on the flight are satisfied the
most. When the flight is assigned to the remote gates,
passengers have to go back to the terminal by shuttle
bus. Thus, the passengers are not satisfied and the op-
eration cost is higher. Taking the QoE of passengers as
the key operational indicators, the optimization object
can be designed as maximizing the rate of flights as-
signed to fixed gates. The objective function can be
calculated as

LA
F (Y) =N21 Zlyijgj (1)
1=1 j=

where, ¥ = [y, ],y is the assignment matrix and the
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’ gM)
is the gate type vector. If flight i is assigned to the gate
Iy vy =
gate, g; = 1, otherwise g; = 0.

optimization variable, g = (g,, &, -, &,

1, otherwise y,; = 0. If the gate j is a fixed

1.2 Constraints

As the ideal scenario for AGAP is considered in
this work, only the basic constraints are taken into ac-
count.

1) Each flight must be assigned to one and only
one gate

M
zyij =1 (2)
i=1

where, M is the total number of gates. This formula
ensures i-th could only be assigned to one gate.

2) Time interval constraint

Normally, flight takes some time in the process of
entering and leaving the gate. When two or more flights
are assigned in the same gate, there must be a certain
interval constraint between the departure time of the
previous flight and landing time of the next flight'"’.
According to Ref. [15], the next flight should be as-
signed to the gate at least 300 s after the departure of
the previous one. It can be mathematically expressed
as

yikyjk(lj_di_300) =0 (3)
where, flight f; and f; are assigned to the same gate k,
/f; is earlier one, y, =y, = 1. [ is landing time of f;,
d; is departure time of f,.

3) 0/1 variable constraint

Yi € {0, 1} (4)

y; is the decision variable of AGAP. AGAP is

modeled as a 0 — 1 programming problem.

1.3 AGAP optimization mode
According to the optimization objective and con-
straints given above, the optimization problem in this

paper can be expressed as
N M

maXﬁ,(Y) = 2 Zyijgj

i=1 j=1

N
i=1
ylﬁkyﬂr(lj - d; - 300) = 0 (5)

where , F ,(Y) is the equivalent objective function by

removing the constant % from F,(Y).

2 Markov decision process formulation of
AGAP

The Markov decision process provides a mathe-

matical architecture model for how to make decisions in
a state where part of the randomness is partially con-

') As the arriving flow

trolled by the decision maker'
of flight is a sequence in time,the assignment decision
for these flights must be made as discrete time series.
Therefore, the real-time ( dynamic) AGAP can be nat-
urally modeled as a Markov decision process. In the
rest of this section, the MDP formulation of AGAP and

the definition of state space, action space, and rewards

will be described.

2.1 State space

The state is formulated as a resource images deno-
ted by S,. The resource view can be divided into two
parts: gate image and fight image.

As shown in Fig. 2, the horizontal axis represents
the gate resources, and the vertical axis represents the
time steps. The gate image represents the gate resource
occupancy and the available gate resources from cur-
rent time to a T,

max

time steps in the future. The flight
image represents duration between the landing time and
the departure time of the next several flights. To sim-
plify the expression of the state, the safety interval is
also included in the duration. Besides, the occupied
gates are marked in the flight image by colored, which
will be updated at each time step after gate assign-

ment.
Gate resource Flight 1 Flight 2 Flight 3

‘l;:—]‘ 0T I I

Time

T

Fig.2 An example of state representation, with gate resources
and 3 pending flights

More specifically, taking the colorful image in
Fig. 2 as an example, the different colors in these ima-
ges represent different flights. At the current time
step, gates 1, 4 and 7 are occupied. The blue colored
flight is assigned to gate 1 and will still stay in gate 1
for two more time steps. The flight images represent the
gate resource requirements of awaiting flights. Flight 1
requires to stay for 5 time steps and there are 7 availa-

ble gates for it currently.

2.2 Action space

Theoretically, if the flights information remains
unchanged during the experimental time, the agent can
decide the gates assignment for the N flights at the same
time and the size of action space is M". However, due
to the random time fluctuation of the landing time, only
the predicted landing time of the upcoming flight is ac-
curate. Thus the dynamic AGAP discussed in this pa-
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per is more accurate and practical. As a result, for dy-
namic AGAP, agent only assigns the first awaiting
flight to an available gate, and the size of the action
space is greatly reduced to M. The action can be deno-
ted byA, € {1,2,3,---, M -1, M}, where A, = i

means to assign the first awaiting flight to the i-th gate.

2.3 State transition

When an action has been selected, it will changes
the state. Fig.3 shows how the state is affected by the
action. In the first row of images, Flight 1 is the first
awaiting flight to be assigned. According to the gate
image, Fight 1 can not be assigned to gate 1, 4 and 7.
Flight 2 is the second awaiting flight. According to the
image , it will arrive 2 time steps later and leave 7 time
steps later. During that time, only gate 1, 7 are occu-
pied, gate 4 will be available. If the agent selects gate
2 for Flight 1, the state will change to the images in
the second row. Gate 2 will be occupied and the flight
images are changed accordingly.

Eﬁate Tesource Flight 1 Flight 2 Flight 3
i
— -— -
Time numning
Gate rwounceJ L i i i
: Flight2 Flight 3 Flight 4
E |
—_— 5

Fig.3 An example of state transition

2.4 Rewards

As mentioned in Section 1, the proposed objective
is to maximize the rate of flights assigned to fixed
gates. The reward R is set as R, when the flight is as-
signed to the fixed gate; R, when assigned to the re-
mote gate. The relationship that R, > R, is satisfied,
which ensures that the agent tends to assigned more
flights to the fixed gates.

According to the definition of value of state in re-
inforcement learning and the definition of the equiva-
lent optimization objective in Eq. (5), the value of the
initial state S, can be calculated as

N N M
V(S,) = Z’y'Rl =F(Y) = 2 zyijgj (7)
=0 =1 i
where, 7y is the discount factor and R, is the reward of
time step ¢t. If y = 1, the reward at time step ¢ can be
calculated as
R, =g, (8)

where A, is the selected action at time step .

3 Deep reinforcement learning based prob-
lem solution

As the state transition of the MDP of AGAP is
quite complicated, a DRL based method is proposed to
solve the dynamic AGAP called DRL-AGAP. The poli-
cy which the agent uses to make gate assignment deci-
sion is designed as a deep neural network ( DNN) de-
noted by 1r,. The AGAP is transformed to a DRL prob-
lem and the major work is to train the policy network.
The framework of DRL-AGAP is given in Fig. 4.

Reward R(?)
v

Policy network
)

Op:-=3404:-40)

O} /080 g:

ONBONRORTE

AN

o o o o

Fig.4 The framework of DRL-AGAP

The policy network is trained by episodic simula-
tions. Many dynamic flight schedules have been gener-
ated based on a pre-defined schedule with random time
fluctuation. Each schedule contains N flights. For each
training iteration, K episodes are simulated for each
flight schedule to get K trajectories of (St, A}, Rl, S,
Al R -, SEOAL D RS, where T is the maximum
simulation time of the episode. These rewards are used
to compute the state value V(S,) at each time step of
each trajectory. And then, V(S,) is used in the policy
gradient method to train the policy network.

More detailed information of the policy gradient
method used can be found in Ref. [ 13]. In Algorithm
1, the process of one time step in the episodic simula-
tion is detailed.

Algorithm 1  Simulation process of k-th episode of j-th flight
schedules

Start ;

Step 1; Initialize state Sf;.

Step2:¢ =0

Step 3: Whether there is a flight in the state of the
flight, if there is a flight go to Step 4, otherwise go to Step 8.

Step 4: Input S¥ into policy network 77, , calculate the as-
signment probabilityp = (p,, p,,**, py) of the first flight in
the flight state.
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Step 5: Delete unavailable gates in p. Available gates
probability is p'.

Step 6: Choose a gate according to p’ as A",

Step 7: Calculate R, and store (S, A* | R").

Step 8:¢ = ¢+ 1

Step 9: Ift < T, go to Step 10. Otherwise, finish.

Stepl0: Read the flight status of the next flight. Update
state S* and go to Step 3.

4 Simulation results

In this section, the simulation results of the pro-
posed DRL-AGAP method will be introduced. As an
initial research, a neural network is built with a fully
connected hidden layer with 200 neurons, which is the
policy network. The maximum visible time steps of the

resource view is T = 20. Each time step is set to be

5 min in practice, so that resource view can cover 2 h.
It is defined M = 202 gates at an experimental airport
and about 35% of them are fixed gates. The number of
flights in each flight schedule is N = 400 which lasts for
one day. And 100 flight schedules are generated as
training sample which means 40 000 flights data would
be trained as an sample. The maximum simulation time
of each episode is set as T = 400 time steps. In each
training literation, four episodic simulations are run for
each flight schedule. Due to the characteristics of the
problem, the step size of the gradient drop cannot be
too large. If it is too large, the gradient will disappear.
Learning rate is set as 0. 0001. After the simulation of
500 iterations, the algorithm converges.

We compared the performance of the proposed
DRL-AGAP with 2 methods: Greedy and Guorbi.
Greedy is the traditional algorithm to solve AGAP. For
the current flights, it is assigned to the available fixed
gate, regardless of its impact on subsequent flights.
Gurobi is a new generation of large-scale mathematical
programming optimizer developed by Gurobi Corpora-

171 This software is an advanced method to solve

tion
AGAP at present. When using this optimization soft-
ware, the AGAP is modelled as a mathematical pro-
gramming problem. It is also worth noting that the
AGAP solved by software Gurobi is a pre-assignment
problem which assigns 400 flights at one time.

Firstly, the performance of convergence is evalua-
ted. The sample flight schedules the software Gurobi
used to test the optimization performance are the same
as the training samples of DRL-AGAP.

As shown in Fig. 5, the lines indicate the trend of
the training process of the policy network. The original
policy is a random assignment policy, with which only

35% of flights are assigned to the fixed gates ( FG)
and the rest 65% of flights are assigned to the remote
cates (RG). After about 300 iterations of training, the
ratio of flights assigned to FG has increased to more
than 70% , which means the improvement of optimiza-
tion objective is more than 100% . And the RG assign-
ment rate reaches 28% . The range of discount is about
50% which means DRL-AGAP agent can converge the
assignment result to the ideal result after training.

From Fig. 5, the optimized ratio of flights assigned
to FG of optimization software Gurobi is slightly higher
than the DRL-AGAP method. However, this is a very
normal difference between the optimized performance of
the global optimization method and the local dynamic
optimization method. Generally, the global optimiza-
tion result can be considered as an upper bound, and
the proposed DRL-AGAP method can closely achieve
this upper bound. The advantage of the DRL-AGAP is
that it can adapt to different flight schedules when the
policy network has been trained.

0.8
e
H‘ |
T'”My‘, WWW
§osl mﬂ NW
£ LR —®— FG ratc with DRL-AGAP
& v"\"x . —®— RG rate with DRL-AGAP
] 05 ! FG rate with Gurobi
B h w ! —v— RG rate with Gurobi
Q
g \
§ 04 WM'
j
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Fig.5 Training performance comparation

There are 100 new flight schedules generated to
test the effectiveness of the policy network. As shown
in Fig. 6, the average FG assignment rate of DRL-
AGAP is about 75% , and the average RG assignment
rate of DRL-AGAP is about 28%.

Greedy, the FG assignment rate is increased by nearly

Compared with

10% , and the RG assignment rate is decreased by
nearly 7% . Results also show that the ratio of flights
assigned to FG using DRL-AGAP method is only 2%
less than that using Gurobi. This is the same as the
converged training performance. Meanwhile, the effi-
ciency of using the proposed DRL-AGAP method is
much better than using the software Gurobi. During the
test, the assignment of 400 flights only needs to cost
29.29 s. But with Gurobi, for each new flight sched-

ule, the global re-initialization is required which takes
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1910.49 s. The calculation speed has been increased
by more than 65 times using DRL-AGAP. Calculation

speed of the algorithm is improved.

08 0.766 V) Greedy
) 0.7475 FE DRL-AGAP
L AN Gurobi
0.7
0.65
o 061
&
5 05 e
2
8 0 4 -
g 035
03 r
% 0.2525 (534
< 02f
0.1
0 T
FG RG

Fig.6 Test performance comparation

Furthermore, the optimization software Gurobi
models the problem as an optimization problem, which
can only be pre-assigned according to the flight sched-
ule. The DRL-AGAP proposed in this work models the
problem as a Markov decision process, which can as-
sign the gate dynamically according to current flights.

5 Conclusions

In this work, a DRL-AGAP method is proposed to
deal with the dynamic AGAP in practice. The dynamic
AGAP is modelled as an MDP to ensure real-time deci-
sion making. The optimization objective is designed as
maximizing the rate of flights assigned to the fixed
gates. Simulation results confirm that the proposed
DRL-AGAP can significantly increase the optimization
objective. Compared with the optimization software Gu-
robi, the optimization results are close. Meanwhile,
the computational cost of the proposed DRL-AGAP is
much less than that of Gurobi, which can be used as a
real-time dynamic assignment method. As an initial re-
search on AGAP with DRL, the ideal scenario is taken
into consideration to validate the feasibility and the ef-
fectiveness of the method. In the future, more accurate
constraints in practice will be considered to make this
kind of DRL based methods actually usable and meet
the real operational needs of airports.
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