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Airport Collaborative Decision Making (A-CDM) is currently implemented to foster collaboration for efficient
airport slot allocation. In the ASEAN region, where a central decision-making authority is not available, each airport
reserves its autonomy in managing its own airport resources, which leads to different decision-making policies. An
effective collaborative airport slot allocation approach needs to demonstrate its ability to collaborate with different slot
allocation policies. Reinforcement Learning, a learning-based approach, can make use of interactions between airports
to capture the underlying policies of other airports. In this paper, we consider a multi-airport system with different slot
allocation policies, consisting of a Reinforcement Learning airport agent interacting with fixed-policy airport agents.
We want to validate if the Reinforcement Learning agent can utilize interactions between airports to learn to reallocate
slots efficiently under reduced capacity scenarios. We perform validation on the Hong Kong-Singapore-Bangkok
hub, with the 2018 OAG data. The performance of the Reinforcement Learning agent is compared with the Nearest
Heuristic, which assigns delays based on the nearest available slots. Results show that the Reinforcement Learning
agent performs significantly better than the Nearest Heuristic under a heavy-reduced capacity scenario, with a total
delay of 84 and 107, respectively. For a medium-reduced capacity scenario, the Reinforcement Learning agent closely
resembles the performance of the Nearest Heuristic, with a total delay of 45 and 41, respectively.
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the system solution. A decentralized approach, which allows

Airport Collaborative Decision Making (A-CDM) is in
the process of implementation to allow stakeholders in the
interconnected multi-airport system to effectively collabo-
rate and come up with a joint agreement while optimizing
the different objectives of the stakeholders:” In regions
without a central authority, such as ASEAN, stakeholders
of different authorities reserve their autonomy in managing
their resources, one of which is the utilization of airport
slots'2 In the context of airport slot allocation, the IATA
Worldwide Airport Slot Guidelines (WASG) mention to
ensure the most efficient declaration, allocation and use of
available airport capacity in order to optimize benefits to
consumers, taking into account the interests of airports and
airlines, while minimizing congestions and delays”? Differ-
ent objectives can be derived from the above guidelines, such
as minimizing the number of unaccommodated movements,
the maximum displacement per movement, and the total sys-
tem delay, etc. Different stakeholder groups belonging to
different authorities can formulate different subsets of the
above objectives while taking into account the local guide-
lines® Different subsets of objectives can lead to different
airport decision-making policies, not to mention when con-
sidering the different underlying optimization algorithms. In
such a complex multi-airport system, there is no universal
model that can holistically capture all stakeholders’ pref-
3 Furthermore, in regions like ASEAN, it is not
guaranteed that the centralized solution will be accepted by
all parties. Minor disagreements can lead to the collapse of

erences:!

different airports to form their own policies, is necessary for
deployment in reality.

Current airport slot allocation approaches range from ex-
act methods, such as Mixed Integer Linear Programming
(MILP), to sub-optimal methods, which are heuristics and
learning-based approaches. Due to the NP-hard nature of
the slot allocation problem, sub-optimal methods are pre-
ferred over exact methods® Heuristics rely on a fixed set of
rules, which cannot make use of new scenarios, thus limiting
the possibility of finding new solutions and being vulnerable
to changing scenarios®? Reinforcement Learning, on the
other hand, can automate the search process and freely ex-
plore new strategies. Additionally, learning-based methods
such as Reinforcement Learning have the ability to utilize
new scenarios as inputs to enhance performance, thereby
demonstrating the ability to self-evolve” ® Reinforcement
Learning also has a broad literature in decentralized coordi-
nation, making it a suitable candidate for the multi-airport
slot allocation problem

Airport slot allocation approaches utilizing Reinforce-
ment Learning use a Centralized Training and Decentral-
ized Execution (CTDE) paradigm, with flights modeled as
agents?19 1) This paradigm implicitly assumes that all air-
ports in the multi-airport system adopt the same centralized
training policy. It is unlikely that all airports pertaining to
different authorities will adopt the same decision-making
policy. A pragmatic way of studying Reinforcement Learn-
ing in a collaborative multi-airport system is to consider an



2024 International Workshop on ATM/CNS (IWAC2024)

airport system with different decision-making policies. To
fill in the research gap, we study the use of Reinforcement
Learning in a multi-airport system, where the Reinforcement
Learning airport agent interacts with other airports adopting
a different fixed policy. We aim to validate whether the Re-
inforcement Learning agent can make use of the interactions
between airports to learn an efficient slot re-allocation pol-
icy under reduced capacity scenarios. We consider the Hong
Kong-Singapore-Bangkok hub for the problem scope. We
represent the Changi airport (Singapore) as the Reinforce-
ment Learning agent. We assume scenarios where the ca-
pacity at Changi is reduced, thus requiring slot re-allocation.
Information sharing is encapsulated in the state observation
of the Reinforcement Learning agent. In this paper, we
treat the terms “airport slot allocation” and “airport slot re-
allocation” equally, which refer to the task of assigning a
later slot for flight movements to balance between demand
and capacity of the time slots.

Our main contribution is validating the use of Reinforce-
ment Learning against different decision-making policies,
which is delivered through the following subtasks:

* We develop a learning environment for the agent to learn

to reallocate slots under reduced capacity scenarios in
a multi-airport system consisting of different decision-
making policies.

e We provide a suitable model of the Reinforcement
Learning agent, which consists of the state observa-
tions, the reward designs, and the parameter tuning as
well as algorithm selection, that can achieve comparable
performance with the challenging Nearest Heuristic.

* We analyze the results, for both the training and testing
phases to study the learned policy of the agent. We
further provide illustrations of how the Reinforcement
Learning agent captures the underlying fixed policy to
surpass the performance of the Nearest Heuristic.

2. Learning environment

2.1. Problem overview
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Fig. 1. Interactions between the airport agents in the Hong Kong-
Singapore-Bangkok hub.

To apply Reinforcement Learning, the agent must have
a learning environment to interact with. In our problem,
the learning environment needs to simulate interactions be-
tween airports following certain policies. Figure[I|shows the
interactions between the airports in the system. In this pa-
per, we consider the Hong Kong-Singapore-Bangkok airport
hub. The Changi (Singapore) airport agent uses Reinforce-
ment Learning to form a decision-making policy for slot
re-allocation under reduced-capacity scenarios. The other
two agents, which represent the Hong Kong and Bangkok
airports, will have a fixed policy, that allows flights to be
reallocated to the next time slot if necessary. We consider
a scenario, where one runway is shut down at the Changi
airport (Singapore), which leads to a reduction in the airport
capacity. Before the capacity reduction, flight movements
of the airports in the hub satisfied the capacity constraints at
the corresponding airports. The capacity reduction leads to
an imbalance between demand and capacity of the time slots
at Changi airport. The Singapore agent, taking on the slot
coordinator task, needs to coordinate with the airports in the
hub to reallocate slots. If there is no coordination between
the airports, the Singapore agent can simply choose the near-
est departure/ arrival slot pairs with no capacity violation
as the newly assigned time slots for the movements. How-
ever, the coordination between airports can help to achieve
lower delay (displacement), as per an example given in fig-
ure[2] Therefore, the Singapore agent needs to learn a policy
that can efficiently coordinate with other airports in the hub.
We assume that airports with movements departing/ arriving
from outside the hub will accept the movement adjustments
if there is no capacity violation.

Reinforcement Nearest

Learning Heuristic
solution solution
Depature Slot to ‘ ‘ 1y ‘ ts ‘ ‘ tis ‘
Arrival Slot to ‘ ‘ 14 ‘ ts ‘ ‘ tis ‘
5
Potential
Coordinating to 1y ts tis
Airport Slot
Fig. 2. A solution illustration: The Reinforcement Learning agent

achieves lower displacement by capturing the policy of the arrival airport,
which can assign a delay to one of its movements to create a slot for the RL
agent. (Red: Over-capacity slot, White: Capacity of the slot equals 0, Blue:
Under-capacity slot).

2.2. Generated scenarios

At the beginning of each episode, a scenario, that con-
sists of the flight movements and the airports’ capacity, is
distributed randomly by the learning environment. To create
the scenarios, we use the 2018 OAG data, which consists
of flight movements of the calendar year. Each day of the
dataset forms a separate scenario. For the airport capacity,
the capacity of the Changi airport is assumed to be either 4
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movements per S-minute time slot (heavy-reduced capacity)
or 5 movements per S-minute time slot (medium-reduced ca-
pacity), which is in accordance with the case of a one-runway
shutdown. Other airports’ capacity is assumed to be fixed
across a scenario. Further details of the airport capacity of
the airports will be explained later.
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Fig. 3. An overview of a scenario and its encapsulated data.

Figure [3] shows the overview of a scenario distributed
by the learning environment. We obtain the flight move-
ments from the 2018 OAG data. Each flight movement
can be either a departure or an arrival movement. A flight
movement m € M is a tuple (@gep,taeps @arvstarv), Where
Adep»Qary € A and tgep,tqry € T. Bach departure/arrival
movement associated with a time slot # € T at airporta € A
will add 1 unit to the current demand d¢* € D#. The current
demand df equals the total number of movements associ-
ated with the time slot #,. The capacity of time slot ¢ at
airport a is denoted as c{. The Reinforcement Learning will
reallocate the departure movements at the Changi airport to
avoid capacity violations. We only consider the departure
movement since the airport holds full autonomy to delay a
flight. Let Tyioiarea = {t5|d;9 > cf} be the set of all vio-
lated time slots of the Singapore agent. If a movement m
has t4ep € Tviolared, the movement is added to the violated
set V. We provide below a summary of notations for the
problem:

* m = (Adep,tdep, Aarv-tarv) € M: set of flight move-

ments.

e A ={B,H,0,S}: set of considered airports denoted
by a, encoding the level-3 airports at Bangkok, Hong
Kong, other airports outside the hub, and Singapore,
respectively.

e T =40,1,...,287}: set of 5-minute-interval time slots ¢

. C‘T“: set of capacity constraint c{' of time slot ¢ at airport
a

. D?: set of current demand df for time slot ¢ at airport
a

* Toiolated = {tgld,S > cf}: set of all violated time slots
of the Changi airport (Singapore).

cV=A_r= (adep’ Ldep,>Qarv, tarv)ltdep € Tviolated}:
set of unaccommodated movements.

2.3. Learning mechanism

The learning environment will distribute a scenario with

the flight movements and the airports’ capacity at the start

of the episode. The capacity and the current demand
of each time slot of an airport a are encapsulated in the
» Cog7]
and current demand array Current_Demand_Array® =
[dg,d?, e, d? Since each day has 288 5-minute time

2871
slots, the arrays have a dimension of (1x288). The re-

form of arrays, where Capacity Array® = [cg, ¢, ..

maining capacity array Remaining_Capacity_Array® =
[¢’G.c’{,...,c"5¢;] is derived from the capacity and the cur-
rent demand, where ¢’y = ¢; —d;. From the remaining capac-
ity, we obtained the violated set V. At the beginning of each
time step, an unaccommodated movement will be randomly
picked from the violated set. It is reasonable to solve each
movement one by one since this mechanism has been applied
for heuristics 1 1 The chosen movement will carry the in-
formation, which is encapsulated as state observations, the
inputs for making decisions. At each time step, there will be
three cases after the agent takes action:

e Case 1: The newly assigned time slot of the chosen
movement satisfies the capacity constraints of both the
departure and the arrival airports.

e Case 2: The newly assigned time slot of the chosen
movement satisfies the capacity constraints of the de-
parture airport (Changi, Singapore) but not the arrival
airport. However, if the arrival airport can make room
for the new time slot of the chosen movement by delay-
ing one of its movements based on its policy, then the
chosen movement will be assigned to the new time slot.

e Case 3: If Case 1 and Case 2 are not satisfied, then the

time slot of the chosen movement remains the same.
The current demand arrays, the remaining capacity arrays,

and the violated set will be updated based on one of the above
cases. Atthe end of each time step, the learning environment
will provide feedback (reward) to the agent. The agent will
update its model following the feedback. The whole process
repeats until a stopping condition is triggered. The stopping
condition of an episode is either the violated set is cleared
or the predefined number of maximum steps per episode has
been exceeded.

3. Reinforcement Learning model

3.1. Action space

t+0 t+1 t+2 t+n
Keep the time  Move forward ~ Move forward Move forward
slotthe same by 1timeslot by 2 time slot by n time slot

Fig. 4. Action space of the Reinforcement Learning agent.

Figure ] shows the action space of the agent. The agent’s
actions are delaying a movement up to 12 time slots, i.e.,
move forward by n time slots (+n), where n <= 12, or keep
the current time slot. Increasing the number of actions, i.e.,
the maximum displacement, is possible. However, there are
two drawbacks. First, too many actions can affect the training
efficiency 19 Secondly, delaying a movement too much will
not guarantee schedule acceptability '¥ Owing to the above



2024 International Workshop on ATM/CNS (IWAC2024)

reasons, we impose the maximum displacement of 1 hour (12
time-slot displacement) by limiting the number of actions.
3.2. State observation

In Reinforcement Learning, the inputs for the agent to
make decisions are encapsulated as state observations. The
design of the state observation can affect the performance of
the agent. Too many inputs can lead to inefficiency in train-
ing; not enough information, on the other hand, results in
lower performance or not achieving model convergence. As
per the figure 2| the agent at least needs to have information
regarding the demand and capacity of the corresponding de-
parture/ arrival time slots of the distributed movement. For
better coordination, the agent also needs information on the
potential movements, which the arrival airport can assign
delays to accommodate the shifted movements of the Rein-
forcement Learning agent. In summary, the agent needs three
pieces of information, information on the time slots of the
agent, information on the time slots of the associated arrival
airport, and information on the time slots of the potential
coordinating airport.

Departure slots remaining capacity

Unaccommodated

movement / Cdep,t | C'dep, t+1 C'dep, t+n

Departure slot

Avrrival slot \

Arrival slots remaining capacity
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Fig. 5. State observation of the Reinforcement Learning agent.

Figure [5|shows the design of the state observation. Since
we assume fixed capacity per scenario, both the capacity
and demand information can be reflected in the remaining
capacity c’¢. It is intuitive to provide the agent with the
remaining capacity of all 288 time slots. However, such a
design will result in a huge state observation of size (288, 3),
following the three pieces of information identified earlier.
The abundance of irrelevant information results in inefficient
training as the agent cannot identify which part of the state
observation contributes to the outcomes. For example, it
is not necessary to have information on the time slot 200
when the current investigating movement is assigned at time
slot 100. In this design, we only provide the agent with
the remaining capacity of the time slots associated with the
actions of the agent. However, since the arrival airport pol-
icy involves delaying one of its movements to the next time

slot, we additionally provide ¢,y t+n+1- The arrival airport
information involves n + 1 time slots. Each time slot ¢ holds
different movements m,., ¢, which can be shifted following
the fixed policy to make room for the currently unaccommo-
dated movement. The number of movements per time slot is
dynamic. Considering all potential coordinating movements
leads to a complicated, yet inefficient, state observation de-
sign. Thus, we randomly pick one potential coordinating
movement in each time slot and provide the agent with the
remaining capacity of the associated time slot of the coor-
dinating airport, ¢’¢ (. If there is no potential coordinating
movement in a time slot, then ¢’¢, ¢ = 0.
3.3. Reward design

The reward design plays an important role in ensuring
the Reinforcement Learning agent can learn an efficient pol-
icy”) We want the agent to learn to assign new time slots so
that there is no capacity violation and to minimize the dis-
placement. We transfer these objectives into the following
reward components:

* Ripcal = 7% (— |t — t,u|), where ¢ is the newly assigned
time slot and #,, is the original time slot of the move-
ment. This reward component discourages the agent
from displacing the movement further from the original
time slot. The constant number z normalizes the reward
to a smaller number to ensure training efficiency. The
agent receives this reward component at every time step.

* Ryolving = +s, where s is a constant number, is given
to the agent if the considered movement is cleared out
of the violated set. This reward component encourages
the agent to resolve the capacity violations. We bal-
ance between the Ryojyving and the Rjpcqr by letting the
Rsoiving = 2 * (n+ 1) Balancing between the two com-
ponents is important to avoid the agent’s behavior of
prolonging the episode by creating more unaccommo-
dated movements to earn more Roving-

* Riimestep = —p, Where p is a constant number, is
given to the agent at every time step. This reward
component encourages the agent to solve the problem
faster and prevent any undesired behavior of prolonging
the episode.

4. Experiments

4.1. Training scenarios

We use the OAG data for flight movements. Figure [6]
demonstrates a distribution of the movements across 288
time slots in a single day at Changi airport. The OAG data is
the allocated movements satisfying the capacity constraints
at the strategic phase. If there is no unexpected event causing
capacity reduction, we can assume the capacity based on the
obtained movements. Thus, besides the Changi airport, we
assume the capacity of a time slot of other airports equals
the number of movements in that time slot plus either O or
1,ie., c* €{0,1},Va € {B,H,0},Vt € T. This assump-
tion creates dense scenarios, with limited capacity, making
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it more challenging for the agent to re-allocate slots. For the
Changi Airport (Singapore) capacity, we assume a capacity
reduction due to one-runway closure. The capacity of the
airport is assumed to be fixed ¢35, = 4 (heavy-reduced ca-
pacity) and ¢35, = 5 (medium-reduced capacity) V¢ € T. We
perform training with medium-reduced capacity scenarios;
and perform testing with two types of scenarios to analyze
the performance of the Reinforcement Learning agent on
unseen scenarios.

Movements per Time Slot at Changi Airport on 01 Jan 2018

10

Number of movements
o

] 50 100 150 200 250 300
Time slot

Fig. 6. The number of movements per time slot at Changi airport on 01
Jan 2018.

4.2. Learning algorithms and hyper-parameters

We adopt the Deep Q-Network (DQN) as the learning
algorithm since DQN is well-suited for discrete-action prob-
lems. Experience replay and target network techniques are
also incorporated since they are beneficial for data utilization
and training stability. Details of the algorithm can be found
in/1®

The hyper-parameters are discount rate 0.99, learning rate
0.0001, target update cycle 10000, and number of training
steps 1000000. The number of actions n is 12, i.e., a max-
imum displacement of 60 minutes per movement. The z in
Riocar is 0.1. The p in Ryjme step is 1.3 to offset the re-
ward obtained from solving a movement. This will help to
eliminate any behavior of creating more unaccommodated
movements to gain higher rewards. Lastly, The number of
maximum steps per episode equals twice the number of un-
accommodated movements per episode.
4.3. Convergence analysis

Figure [7) and figure [§] show that the DQN agent is able
to achieve convergence evidenced by the increasing trend in
the average episode reward and the decreasing trend in the
average episode length. These trends prove that the agent
can solve faster, ie., shorter episode length, and allocate slots
more efficiently, i.e., higher rewards. The average number
of unaccommodated movements per episode is 15.03; which
suggests that there is still room for the agent to improve
the performance since the current average episode length
is 23.47. For an episode with 15 unaccommodated move-
ments, the expected optimal performance after converging
can be approximately 10.5, with an episode length of 15.

Increasing the number of training steps can further improve
the performance of the agent.
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Fig. 7. Episode reward convergence of the Deep Q-Network (DQN)

model.
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Fig. 8. Episode length convergence of the Deep Q-Network (DQN) model.

4.4. Performance testing

We use these metrics for performance comparison:

 Total delay M| = X ,,.cpr |t — tinl-

e Maximum displacement across all movements M, =
max [t — tm].

¢ Number of unaccommodated movements M3 = u.

 Average displacement per movement Ms = M /(U —
M3), where U is the number of unaccommodated move-

ments at the beginning of each episode.
We validate the performance of the DQN agent with the

Nearest Heuristic. Results from figure[J] suggest that the Re-
inforcement Learning agent can learn to assign to the near-
est time slot, under a medium-reduced capacity scenario.
Since under a medium-reduced capacity scenario, there are
still many possible nearest available slot pairs, there are few
chances for the agent to achieve Case 2 (introduced earlier in
section 2.3). Therefore, the best possible solution would be
approximately the same with the Nearest Heuristic. There
are 15 unaccommodated movements and in most cases, the
Reinforcement Learning agent can assign a delay equal to
the delay of the Nearest Heuristic. In summary, the total
delay of the RL agent is 45, while the total delay of the
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Nearest Heuristic is 41. However, the RL agent is able to
maintain a lower maximum displacement across all move-
ments, which is 10, compared to 11 of the Nearest Heuristic.
Both the RL agent and the Nearest Heuristic solve all the
unaccommodated movements.

Figure [I0] suggests that in a heavy-reduced capacity sce-
nario, the agent can make use of coordination to reduce
delay. For movements where the nearest available slot pair is
far away from the currently considered slot (20-time-slot dis-
placement), the RL agent can achieve a significantly lower
delay (with 3 and 9). In summary, the total delay of the
RL agent is lower, with 84, compared to 107 of the Near-
est Heuristic. The maximum displacement per movement is
also lower for the RL agent, with 11, compared to 20. For
the number of unaccommodated movements of the Nearest
Heuristic, we only take into account the delay within 12
time slots, to ensure a fair comparison with the RL agent.
In this sense, the RL agent also achieves a lower number
of unaccommodated movements, with 3, compared to 5 of
the Nearest Heuristic. Consequently, the average displace-
ment per movement of the RL agent is also lower, with 3.82,
compared to 4.86 of the Nearest Heuristic.

5. Conclusion and Discussion

We provide a Reinforcement Learning formulation consid-
ering a multi-airport system with different decision-making
policies. The results suggest that the DQN agent can learn
from the interactions between airports to reduce delays. With
a higher capacity reduction, the RL agent can surpass the
Nearest Heuristic, by capturing the interactions between air-
ports, to achieve Case 2, resulting in lower delay. There
is still room for improvement by extending the number of
training steps. In the future, we will expand the problem to
include more airports with additional policies and find more
informative features to include in the state observation to
improve the performance.

In the case of multiple airports using multiple RL-based
policies, whether the DQN learning process is still expected
to converge is not guaranteed due to two main reasons: 1)
The non-stationary happens due to multiple learning agents
continuously changing their policies, and 2) The difference
in the objectives of the agents. With regard to the first rea-
son, this is a well-recognized problem in Multi-Agent Rein-
forcement Learning!? The state transition and the reward
function perceived by each agent depend on the actions of
other agents. The actions of the agents depend on their poli-
cies, which are not fixed during the learning process. This
is called the non-stationary problem caused by the changing
behavior of the agents. As for the second reason, different
airport agents with RL-based policies may have different sets
of objectives, which can conflict with each other. The agents
may learn to counter other agents’ policies to maximize their
rewards. Different techniques to deal with the above issues
such as Centralized Training Decentralized Execution

Medium-reduced capacity (c = 5)
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Fig. 9. A solution for the medium-reduced capacity scenario (Light yellow:

Equal delay, Dark yellow: Lower delay).

Heavy-reduced capacity (c = 4)
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Fig. 10. A solution for the heavy-reduced capacity scenario (Light yellow:

Equal delay, Dark yellow: Lower delay).
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(CTDE), self-play, stabilizing experience replay, opponent
modeling, meta-learning, and communication 12

In this problem, we consider an RL-based agent against
other agents. Heuristics and learning-based methods are pre-
ferred over exact methods® While heuristics depend on a
fixed set of rules, which is not adaptable to new scenarios,
learning-based methods can learn from new experiences to
improve the policies. In the future, we can study how multi-
ple RL-based airport agents may interact with each other.
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