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Abstract—Airports are critical hubs for international travel,
managing increasing passenger numbers and dynamic flight
schedules. Efficient air traffic management (ATM) is essential
for ensuring safety, minimizing delays, and optimizing airport
capacity. Traditional methods like Dijkstra’s algorithm are limited
in dynamic environments due to their static nature and high
computational requirements. This paper proposes using multi-
agent reinforcement learning (MARL) algorithms, specifically
communication network (CommNet), to address these challenges.
CommNet enables information sharing among agents and co-
ordinated actions, leading to efficient and safe aircraft routing.
Our study leverages CommNet’s centralized training and de-
centralized execution (CTDE) to demonstrate MARL flexibility,
adaptability, and efficiency. Evaluated in a simulated environment
modeled after Incheon International Airport (ICN), CommNet’s
performance is compared with other reinforcement learning
(RL) algorithms lacking inter-agent communication. Results show
CommNet significantly reduces aircraft delay times, optimizes
taxiing energy consumption, and maintains safety standards, using
approximately 10.1% less energy than independent MARL (I-
MARL). These findings highlight CommNet’s potential to enhance
next-generation ATM systems through improved coordination and
decision-making.

Index Terms—Aircraft taxi routing, Multi-agent reinforcement
learning (MARL), Communication network (CommNet), Cen-
tralized training and decentralized execution (CTDE), Airport
scheduling, air traffic management (ATM)

I. INTRODUCTION

A. Background and Motivation

In the contemporary world, airports serve as crucial hubs for
international travel and global interaction. They facilitate the
seamless crossing of national boundaries and foster connections
across the globe. As the demand for air travel continues to
grow dynamically, airports are tasked with accommodating
an increasing number of passengers and adjusting to fre-
quently changing flight schedules [1]. Uncertain factors such as
changes in weather conditions, sudden increases in air traffic,
and problems with technical defects in aircraft bring about
continuous changes in the airport operating environment [2].
This necessitates the efficient management of aircraft takeoffs
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Fig. 1. RL-based airport scheduling concept for collision avoidance and energy
minimization.

and landings under constantly evolving conditions. Given the
critical nature of airport operations, safety remains a paramount
concern. The potential for large-scale disruptions necessitates
the implementation of robust safety measures to ensure the
well-being of passengers, crew, and airport personnel. Efficient
air traffic management systems are essential to navigate these
challenges, aiming to maximize airport capacity while mini-
mizing delays and maintaining the highest safety standards.

Air traffic management encompasses a wide range of ac-
tivities aimed at ensuring the safe and efficient movement of
aircraft within the airspace and on the ground, as illustrated
in Fig. 1. These activities include air traffic control, airspace
management, and flow control. The primary objective of air
traffic management (ATM) is to maximize the utilization of
airspace and airport infrastructure while minimizing delays
and maintaining high safety standards. Traditionally, ATM
systems have relied on deterministic algorithms like Dijkstra’s
algorithm to compute the shortest paths for aircraft taxiing and
routing [3], [4]. However, these methods are inherently limited
by their static nature and high computational requirements. The
complex and dynamic nature of modern airports, characterized
by frequent changes in weather conditions, varying traffic
densities, and unforeseen operational disruptions, demands a
more flexible and adaptive approach to ATM. The need for
real-time decision-making and the ability to handle multiple
aircraft simultaneously has driven the exploration of advanced
techniques such as reinforcement learning (RL) and multi-
agent systems [5]–[8]. The limitations of traditional ATM
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algorithms in dynamic environments have motivated the search
for alternative solutions that can provide greater flexibility and
adaptability. The RL, a subset of machine learning, offers a
promising approach to address these challenges. Flight delays
can lead to problems such as direct costs related to additional
crew and aircraft time, compensation to passengers, potential
fines, and the knock-on effect of delays on subsequent flights.
Additionally, if an efficient ATM system is not designed, the
number of aircraft that can take off and land within an hour
is reduced, reducing airport capacity and causing economic
losses of airports. In other words, research on efficient ATM is
essential to reduce flight delay times, increase aircraft departure
rate (ADR).

B. Algorithm Concept

By enabling agents to learn optimal policies through contin-
uous interaction with the environment, RL algorithms can adapt
to real-time changes and make decisions that enhance overall
efficiency and safety. The multi-agent reinforcement learning
(MARL) extends the capabilities of RL by facilitating coop-
eration and communication among multiple agents, thereby
improving their collective decision-making abilities [9]–[11].
RL models learn from experience in a given dynamic airport
environment to make optimal decisions in response to changing
conditions. This is particularly relevant in ATM, where numer-
ous aircraft must be managed simultaneously, and their interac-
tions significantly impact the overall system performance [12].
MARL algorithms, such as communication network (Comm-
Net), facilitate information sharing among agents and enable
coordinated actions, leading to more efficient and safer aircraft
routing and taxiing. The motivation behind this research is to
explore the potential of MARL in enhancing ATM systems [13].
By leveraging the capabilities of CommNet, which combines
centralized training with decentralized execution, this study
aims to demonstrate the advantages of MARL in terms of
flexibility, adaptability, and efficiency. Rather than compar-
ing against traditional algorithms like Dijkstra’s, this study
focuses on the impact of information sharing among agents
in MARL algorithms. We hypothesize that such information
sharing will enhance environmental adaptability and ATM sta-
bility. Therefore, we implement the CommNet algorithm, which
features inter-agent communication and information sharing,
and compare its performance with other RL algorithms that
lack these features. The primary objectives are to reduce aircraft
delay times, optimize energy consumption during taxiing, and
maintain safety standards by ensuring adherence to required
departure intervals. This paper evaluates the performance of
a MARL-based ATM system within a simulation environ-
ment modeled after Incheon International Airport (ICN). By
comparing the results with those obtained using other RL
algorithms that do not incorporate inter-agent communication,
we aim to highlight the advantages of CommNet in terms of
efficiency, stability, and adaptability. The findings are expected
to contribute to the development of next-generation ATM
systems capable of handling the increasing demands of modern

air traffic through improved coordination and decision-making
facilitated by advanced MARL techniques.

Fig. 1 shows the concept of the ATM at an airport. ATM
means controlling the traffic of large numbers of aircraft at an
airport. There are numerous routes for an aircraft to land at
an airport and get from the runway to the gate to disembark
passengers. Conversely, after passengers board the aircraft at
the gate, there are numerous routes until the aircraft reaches
the runway threshold for take-off. At this time, the aircraft
passes numerous taxiways when going from the gate to the
runway, and must reach the runway without interfering with the
movement of other aircraft. The direction of aircraft movement
must be determined to minimize delay time, and incorrect
routing causes flight delays and reduced ADR. In conclusion,
to manage traffic smoothly at the airport, aircraft must quickly
navigate to their destination without colliding with other aircraft
or interfering with the paths of different aircraft.

C. Contributions

• Optimized Aircraft Departure Rate Using RL. This study
utilizes an RL technique that requires minimal compu-
tational effort and can adapt to dynamically changing
environments to manage aircraft traffic and optimize the
aircraft departure rate.

• CommNet-based Centralized Critic Algorithm. By em-
ploying a CommNet-based Centralized Critic algorithm
that considers multiple agents, this research enables learn-
ing through the sharing of feature information between
agents. This approach enhances the coordination and effi-
ciency of the agents in the environment.

• Real-World Simulation Environment Based on ICN. To
implement a realistic aviation simulation, a full-scale en-
vironment based on ICN is developed. This environment
incorporates real satellite images and applies time intervals
based on aircraft weight to ensure agent safety.

D. Organization

The rest of this paper is organized as follows. Sec. II intro-
duces the preliminary information for our proposed algorithm.
Sec. III elucidates the specifics of the algorithm and the formu-
lation of RL, while also presenting a detailed description of the
experimental environment. Sec. IV evaluates the performance
of the proposed algorithm compared to MARL and Independent
MARL. Lastly, Sec. V concludes this paper.

II. PRELIMINARIES

This section provides the foundational context for our pro-
posed algorithm, including a review of related works, an
overview of RL and MARL basics, and specific details of our
modeling for flight time intervals between landings.

A. RL and MARL Basics

1) RL and DRL: RL is a robust framework for training
agents to make sequential decisions by interacting with their
environment. Fundamentally, RL encompasses an agent, states,
actions, and rewards. The agent observes the current state s,
selects an action a, and receives a reward R based on the
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resultant state, which informs its future decisions. This iterative
process aims to maximize the cumulative reward over time.
Dynamic programming is generally considered the optimal
solution approach to this conventional RL formulation. How-
ever, dynamic programming cannot be used for problems with
large-scale states due to its pseudo-polynomial computational
complexity. Therefore, this conventional RL algorithm cannot
solve complex and sophisticated problems with a massive
number of states, such as AlphaGo [14]. To address these
limitations in conventional RL, Deep Reinforcement Learning
(DRL) was proposed, which reformulates RL problems using
deep neural networks (DNN) [15]. In DRL, DNN’s parameters
are trained where the inputs and outputs are the states and
actions/rewards of RL formulations. Using this DRL formu-
lation enhances computation speed because the DNN training
is done before execution, Making DRL computation primarily
for DNN interference with given input states. Algorithms such
as deep Q-networks (DQN) employ deep learning techniques
to approximate the Q-value function, thereby enhancing the
scalability and efficiency of RL in complex environments.
DRL’s capacity to generalize across various scenarios makes
it particularly effective for applications in ATM, where dy-
namic and unpredictable conditions are common. In summary,
while RL provides a strong foundation for sequential decision-
making, its limitations in handling large-scale state spaces are
overcome by DRL. By incorporating deep neural networks,
DRL significantly improves the scalability and efficiency of
RL, making it suitable for complex applications such as ATM

2) MARL Concepts and Algorithms: MARL addresses sce-
narios where multiple agents operate simultaneously in a shared
environment. MARL algorithms must consider the interactions
and cooperation between agents, which adds complexity com-
pared to single-agent RL. In MARL, agents learn policies not
only based on their observations but also by communicating
and sharing information with other agents. MARL utilizes
DRL techniques to handle the increased complexity and high-
dimensional state and action spaces inherent in multi-agent en-
vironments. The CTDE framework is a prominent approach in
MARL, where agents are trained centrally with access to global
state information but execute their policies independently [16].
CommNet is an example of a CTDE-based algorithm, which
utilizes a shared centralized neural network for multiple agents.
This architecture facilitates efficient information sharing and
coordination, crucial for optimizing collective behaviors in
ATM.

III. ALGORITHM DESIGN

A. Objectives of ATM

1) Smooth Take-Off and Landing of Aircraft: Efficient air
traffic management ensures that aircraft can take off and land
smoothly without conflicts. This involves coordinating move-
ments on limited airside infrastructures, including runways,
taxiways, and gate areas. An optimized ATM system reduces
congestion and improves the overall throughput of the airport.

2) Minimize Aircraft Delay Time and Maximize ADR:
Minimizing delays is critical for maintaining the operational

Fig. 2. Runway map of the ICN used in the performance evaluation

efficiency of airports and airlines. Delays can lead to significant
economic costs, including increased operational expenses and
passenger dissatisfaction. By optimizing the scheduling and
routing of aircraft, ATM systems can reduce delays, thereby
increasing the ADR.

3) Safety Guaranteed: Safety is paramount in ATM. Ineffi-
cient management can result in collisions between aircraft or
ground vehicles, leading to severe consequences. A robust ATM
system ensures safe taxiing and routing, preventing accidents
and maintaining operational integrity. This ensures that oper-
ational safety is upheld despite potential inaccuracies in data
transmission.

B. Description of ICN’s Airport Configuration

Fig. 2 is ICN’s runway map adapted from our proposed
MARL-based ATM system. Efficient routing within ICN’s
infrastructure is essential for maintaining high throughput and
minimizing delays. This airport has a total of five parallel
runways (15L − 33R, 15R − 33L, 16L − 34R, 16R − 34L),
and the runway sizes are indicated below the runways. Each
runway is connected by several taxiways, which act as a road
for the aircraft to the gate from the runway. Taxiway routes
for aircraft are planned to minimize overlapping travel routes
between aircraft and facilitate the flow of aircraft traffic, thereby
reducing taxi routing time and potential delay time. Reduced
flight delay time leads to higher ADR. An aircraft must travel
from the gate to a designated runway threshold to take off and
pick up passengers, or from a runway threshold to a ramp area
to land and disembark passengers. In this process, the aircraft
must select numerous travel routes, ensure stability without
collisions, and taxi routes efficiently.

C. Departure Time Interval between Aircraft

The interval between successive takeoffs on a runway is
influenced by several factors, including the size and weight of
the aircraft. Larger aircraft generate stronger wake turbulence,
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TABLE I
CLASSIFICATION OF AIRCRAFT BY MTOW

Manufacturer Heavy-Body Large-Body

Airbus A330, A380 A320, A220
Boeing B777, B787 B737, B757

necessitating greater separation from the following aircraft to
ensure safety. In other words, if a small aircraft takes off first
followed by a heavy aircraft, the required time interval between
takeoffs is relatively small due to the smaller vortices [17]
generated by the small aircraft. The takeoff time interval χab

between two aircraft a and b can be expressed as follows,

χab ≜

{
max[ν+ðab

νb
− ℜ

νa
,℧a], if νa > νb (i.e., ζa > ζb),

max[ðab

νb
,℧a], otherwise,

(1)
where ℜ, ðab, νa, νb, ℧a, and χab represent the length of the
final approach path, the minimum separation requirement by
ATC between aircraft types a and b, the velocity of aircraft
type a, b on final approach, runway occupancy time of aircraft
type a, and minimum possible time interval between successive
takeoffs of type a and b, respectively. The Aircraft type a takes
off first, followed by aircraft type b, , and ζa and ζb denote the
maximum takeoff weights (MTOW) of each aircraft. The ℧a is
the runway occupancy time it takes for an aircraft to complete
its takeoff roll and exit the runway. Due to the principle that
only one aircraft can occupy a runway at any given time when
aircraft take off in succession, aircraft type a must promptly
complete its takeoff roll and exit the runway via taxiway exits to
allow aircraft type b to take off, thereby enhancing the airport’s
capacity. If the first aircraft to take off is heavier, the formula
above in (1) is used. Conversely, if the first aircraft to take off
is lighter, the formula below in (1) is applied. It is generally
assumed that heavier aircraft have greater velocities than lighter
aircraft, which is a common assumption used in ATM. The ðab
is a value that varies depending on the order and respective sizes
of the aircraft. If the first aircraft a is heavy and the second
aircraft b is light, this value becomes large and in other cases
it becomes small. In the experiment, real aircraft from Airbus
and Boeing, which are widely used at airports, are considered,
and the classification of aircraft by aircraft size and weight is
summarized in Table I. If the MTOW is 116 tons or more, the
aircraft is classified as heavy-body; if the MTOW is between 19
and 116 tons, it is classified as large-body; and if the MTOW is
19 tons or fewer, it is classified as small-body. The small-body
includes lightweight jets, turboprop aircraft, and piston-engine
aircraft, and is not manufactured by Airbus or Boeing. Based
on the size and weight classifications shown in Table I, and
the order in which the aircraft takes off, the ðab value changes
accordingly. The larger value between each calculated value
and ℧a in (1) is selected as χab. Once χab is obtained through
(1), the airport’s capacity, expressed in terms of ADR can be
calculated as: 3600s

E[χab]s
, and aircraft lands in order, according to

the time interval χab.

D. CommNet Algorithm

1) Information Sharing: The CommNet algorithm facilitates
communication between multiple agents by sharing hidden
states. This is particularly effective in a decentralized partially
observable Markov decision process (Dec-POMDP) environ-
ment, where agents cannot observe the global state [18], [19].
The algorithm enhances cooperation by allowing agents to
share local observations, which are then processed through a
shared neural network. First of all, every Agent explores the
environment consisting of state and observation in Fig. 3 Their
experiences are encoded into hidden variables of the first layer
θ1j with encoder function in Fig. 3 as follows,

θ1j = Encoder(s, oj), (2)

where oj represents agent j’s observation value. When hidden
variables are fed into the deeper hidden layers, the communica-
tion variables are entered simultaneously. The communication
variable of the j-th aircraft in the i-th hidden layer is obtained
by averaging the hidden variables of other aircraft, as illustrated
in Fig. 3 as follows,

cij =
1

J − 1

∑
j′ ̸=j

hi
j′ . (3)

At the input of every i-th layer except for the first layer, hi
j and

cij are fed forwarded to the next layer using the single-agent
module f i(·), which produces output vector hi+1

j as follows,

hi+1
j = f i(hi

j , c
i
j), (4)

where
f i(·) = Activ(Concat(hi

j , c
i
j)), (5)

where Activ(·) and Concat(·) denote a non-linear activation
function (e.g., ReLU) and a concatenation function, respec-
tively. This intercommunication among aircraft enhances in-
formation sharing, thereby facilitating robust learning even
in unstable communication environments. Finally, the action
probabilities for the j-th aircraft are derived by decoding the
output of the final layer in Fig. 3 as follows,

pθj (Aj ; oj) = Decoder(hK
j ), (6)

where p(·) and Aj represent the action distribution and the set
of actions available to agent j, respectively. In summary, the
sequential feed-forward process can be represented as follows,

pθj (Aj ; oj) = Q(oj , a; [θ1, · · · , θJ ]), (7)

where Q(oj , a) corresponds to the action-value function in a
Dec-POMDP [18]. Notably, the output probabilities for the j-
th aircraft are influenced by the network parameters of other
aircraft.

2) CTDE-based Parameterized Policy Training: Multiple
actors independently acquire experiences by exploring envi-
ronments, while a centralized critic evaluates the value of
the global state, as depicted in Fig. 3. The centralized critic
may function as a central server, such as a control tower in
fig. 1. This strategy enables all aircraft to learn near-optimal
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Fig. 3. Multi-Agent reinforcement learning based centralized critic CommNet network architectures with information sharing

policies symmetrically. Additionally, the multi-agent policy
gradient (MAPG) method, based on the temporal difference
(TD) actor-critic approach and the Bellman optimality equation,
is employed to reduce high variance [20].

3) Centralized Critic: To assess the value of parameterized
policies for decentralized actors, the centralized critic trains its
network parameters ϕ to approximate the optimal joint state-
value function, formulated as follows,

Vϕ(s) = Est,Et∼πθ

[
T∑

u=t

γu−t · R(su, au, su+1)

]
, (8)

where u is the index variable for time steps within the expec-
tation. The centralized critic minimizes the loss function, as
presented as follows,

∇ϕL(ϕ) =
T∑

t=1

∇ϕ

∣∣∣δϕt ∣∣∣2 , (9)

where

δϕt = R(st, at, st+1) + γVϕ(s
t+1)− Vϕ(s

t), (10)

where δϕt and γ denote the TD error based on the Bellman
optimality equation at time step t and the discount factor used
in the reward calculation, respectively. The TD target consists
of the sum of current and future reward values. The centralized
critic updates its network parameters by minimizing the loss
function through gradient descent, i.e.,

ϕt+1 ≈ ϕt + αcritic ×
[
δϕt · ∇ϕVϕ(s

t)
]
, (11)

where αcritic is the learning rate of the centralized critic
network.

E. Multiple Actors

Actors, corresponding to aircraft, provide air transportation
services within environments. They learn policy parameters θ
to approximate an optimal policy for efficient taxi routing. At
each time step t, actors make sequential decisions based on
their parameterized strategy function as follows,

atj = argmax
at

πθj (a
t|otj). (12)

Each aircraft selects an action with the highest probability
among all possible actions. The parameterized policy πθj is
defined as follows,

πθj (a
t|otj) ≜ softmax(pθj (Aj ; o

t
j)), (13)

where

softmax(x) ≜

[
ex1∑N
i=1 e

xi

, · · · , exN∑N
i=1 e

xi

]
. (14)

The objective function for dispersed actors to maximize is,

∇θjJ(θj) = Eoj∼E

[
T∑

t=1

δϕt · ∇θj log πθj (a
t
j |otj)

]
. (15)

Accordingly, actors update their parameters to maximize the
objective function by gradient ascent, i.e.,

θt+1
j ≈ θtj + αactor ×

[
δϕt · ∇θj log πθj (a

t
j |otj)

]
, (16)

where αactor is the learning rate of actor network.
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F. MARL MDP for Aircraft Taxi Routing

State. The aircraft j’s state is expressed as, sj ≜
{sj,φ, sj,ζ , sj,η, sj,δ}, where sj,φ represents the coordinates of
the current aircraft, sj,ζ is a boolean state value indicating loca-
tions where the aircraft cannot pass (areas that are not runways
or taxiways, non-road areas as shown in Fig. 2), and sj,η is
current step value, and sj,δ is aircraft type shown in Table I, re-
spectively. The current aircraft j’s coordinates denote as, sj,φ ≜
{Xj,φ ,Yj,φ}, in 2D Cartesian coordinate system. The boolean
state value indicating locations where the aircraft cannot pass
are denoted as, sj,ζ ≜ {Bj,Left ,Bj,Right,Bj,Up,Bj,Down}
sj,η is the normalized state value in the range of [0, 1] up
to the current step based on the maximum step. The variable
sj,δ represents the aircraft type associated with the agent. It is
categorized as follows: Heavy is denoted by 0, Large by 1, and
Small by 2.
Action. There are a total of 5 actions (a), i.e., go straight (aG),
go back (aB), turn left (aL), turn right (aR), and just stay (aS)
in a 2D grid. Then, the action space can be expressed as a ≜
{aG, aB, aL, aR, aS}, where aG = {Xφ − 1 ,Yφ}, aB = {Xφ +
1 ,Yφ}, aL = {Xφ ,Yφ − 1}, aR = {Xφ ,Yφ + 1}, and aS =
{Xφ ,Yφ}, respectively. In a given environment, the aircraft
selects the optimal action from the action set a to adopt the
most efficient and fastest taxi-routing path based on the reward.
Reward. The reward values are designed to encourage the
agents to reach their goals efficiently while avoiding collisions
and unnecessary movements. The reward is as follows,

Rj = Rj,step +Rj,goal +Rj,distance +Rj,collision +Rj,spacing, (17)

where Rj is the reward for agent j.

• Step Cost: Each step taken by the agent incurs a step cost,
i.e.,

Rj,step = −1. (18)

• Goal Achievement Reward: If an agent reaches its goal,
it receives a base reward and a bonus proportional to the
remaining steps, i.e.,

Rj,goal =

{
3000 + 0.8× (Tmax − t) if goal is reached
0 otherwise.

(19)
• Distance-Based Reward: The reward based on the change

in Manhattan distance to the goal, i.e.,

Rj,distance =

{
200× (Dj,prev −Dj,new) if Dj,new < Dj,prev

100× (Dj,prev −Dj,new) otherwise.
(20)

• Collision Penalty: If multiple agents occupy the same cell,
each agent involved in the collision receives a penalty, i.e.,

Rj,collision =

{
−2000 if collision occurs
0 otherwise.

(21)

TABLE II
ENVIRONMENTAL HYPERPARAMETERS AND SETUP

Notation Value

Agents (Aircrafts) 4
The number of nodes in all layers 128
Discount factor 9.8× 10−1

Learning rate 2× 10−4

Batch size 256
Replay buffer size 1024
Activation function ReLU
Optimizer AdaDelta
Size of environment 4km (H) × 3km (W )
Max number of episodes 3000
Safe tolerance ϵ 2.0

• Spacing Reward: Additional reward for maintaining safe
spacing time step between agents based on aircraft type,
i.e.,

Rj,spacing =


−500 if Tarrival,a < χaj

500 if |Tarrival,j − Tarrival,a − χaj | ≤ ϵ

0 otherwise.
(22)

Here, Tmax, Dj,prev, Dj,new, Dj,prev, Dj,new, J , Tarrival,a and
Tarrival,j are the maximum number of steps allowed in the
episode, previous Manhattan distance to the goal for agent j,
new Manhattan distance to the goal for agent j, total number
of agents, step at which the previously arrived agent a reached
its goal, step at which the current agent j reached its goal,
respectively. If Tarrival,a is less than χaj , agent j receives a
negative reward of -500, indicating that the agent arrived too
soon after agent a. If |Tarrival,j − Tarrival,a − χaj | is within
the tolerance ϵ, agent j receives a positive reward of 500,
indicating that the agent arrived at an appropriately safe interval
after agent a. Otherwise, agent j receives no additional reward
or penalty for spacing. These reward values are designed to
encourage the agents to find the most efficient and collision-
free paths to their goals while minimizing unnecessary steps
and avoiding collisions with other agents.

IV. PERFORMANCE EVALUATION

This section aims to demonstrate the value of applying
MARL with inter-agent information sharing to ATM. Further-
more, MARL algorithms are effective in controlling multiple
aircraft within an airport. The simulations were conducted in
an environment that realistically depicts the runway map of
the ICN in Fig. 2. The hyperparameters applied to the RL
environment and algorithms are listed in Table II. Additionally,
the number of aircraft that can depart per hour, considering
safety delays, is used as a key performance indicator.

A. Reward over Training Epochs

Fig. 4 illustrates the reward convergence for each algorithm.
We compare CommNet, which features information sharing
among agents and a centralized critic, with the DQN-based I-
MARL and Single RL algorithms. Unlike the other algorithms,
which do not converge and remain unstable, CommNet quickly
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Fig. 4. Normalized rewards trend as episodes progress.

TABLE III
COMPARISON OF REWARD VALUES AND ENERGY CONSUMPTION

Algorithms Joint Reward Energy Consumption

CommNet (Proposed) 0.9853 0.0756
I-MARL 0.3863 0.7468
Single RL 0.0669 0.9640

converges to the optimal value, demonstrating superior per-
formance. CommNet’s stable convergence is indicative of its
robustness in various operational scenarios. It effectively han-
dles fluctuations and uncertainties in the environment, ensuring
consistent performance. This robustness is critical in ATM,
where unexpected changes and errors are common. Table III
shows that CommNet achieves approximately 39.2% better
performance in terms of optimal value compared to the I-
MARL algorithm.

Fig. 5 shows each aircraft agent’s reward values over nor-
malized episodes. All agents experience a similar trend where
reward values initially fluctuate but gradually stabilize as the

Agent 1Agent 0 Agent 2 Agent 3

Fig. 5. Normalized reward values for each aircraft over normalized episodes.
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Fig. 6. The energy consumption of each aircraft as the episodes.
TABLE IV

COMPARISON OF NUMBER OF SAFETY DELAY VIOLATIONS

Algorithms Safety Delay Violation

CommNet (Proposed) 3
I-MARL 140

episodes progress. Overall, the reward values suggest that
the CommNet algorithm effectively enables agents to learn
and optimize their taxi-routing paths, leading to improved
performance and reduced energy consumption.

B. Energy Consumption

Fig. 6 shows the energy consumption of aircraft moving
from their initial positions to the runway takeoff points within
the simulated ICN environment. The results demonstrate that
CommNet enables most agents to quickly find the optimal
route from the outset, thereby utilizing less energy. In contrast,
other algorithms exhibit unstable routing behavior over multiple
episodes, leading to higher energy consumption as the aircraft
navigates to the runway takeoff points. This highlights the effi-
ciency of CommNet not only in terms of convergence speed but
also in minimizing operational energy expenditure. Moreover,
reducing energy consumption at the airport is directly linked to
maintaining economic efficiency. Lower energy usage translates
to reduced operational costs, which is particularly crucial
for airlines operating on tight margins. By optimizing taxi-
routing paths and ensuring efficient energy use, the CommNet
algorithm contributes to significant cost savings and enhanced
economic sustainability for airport operations. Additionally,
the CommNet algorithm can achieve the optimal route using
approximately 10.1% less energy compared to the I-MARL
algorithm, further emphasizing its effectiveness and economic
advantage in air traffic management.

C. Evaluation of Safety Departure Time Intervals

Table. IV compares the number of safety delay violations
according to different algorithms. To evaluate the performance

196



of our trained models in adhering to safety departure time
intervals between aircraft, we analyzed the departure intervals
according to the departure time interval specified in equa-
tion 1. The primary objective is to ensure that the actual
departure intervals meet the minimum separation requirements
specified by ATC regulations. We utilized RL models trained
over 3, 000 episodes using both CommNet and I-MARL to
assess adherence to the MTOW for ensuring safe delay. In the
given environment, the CommNet algorithm, which facilitates
information sharing among agents, violated the Safe Delay re-
quirement only three times. In contrast, the model trained with
the I-MARL algorithm violated the Safe Delay requirement
140 times under the same conditions. These results highlight
the superior performance of the CommNet-based approach in
maintaining safe departure intervals, demonstrating its potential
effectiveness for improving safety in air traffic management.

V. CONCLUDING REMARKS

This paper has demonstrated the potential of RL in signif-
icantly enhancing ATM efficiency, especially in the dynamic
and complex environments characteristic of modern airports.
Traditional methods like Dijkstra’s algorithm, while useful in
static environments, are insufficient in today’s dynamic and
complex airport settings, leading to increased flight delays and
operational inefficiencies. In contrast, RL algorithms, particu-
larly the MARL algorithm CommNet, collect state information
from multiple aircraft in real-time airport environments. This
learning-based algorithm offers the advantage of immediate
applicability to any situation, considering real-time dynamics.
This adaptability enhances the efficiency of ATM by reducing
delay times and increasing the number of aircraft take-offs and
landings. Furthermore, by optimizing taxiway path planning,
this study has demonstrated a reduction in aircraft energy
usage and passenger disembarkation delays, thereby ensuring
economic benefits. The findings emphasize the potential of
CommNet-based RL approaches in transforming ATM systems
to better handle the increasing demands of modern air traffic.
The superior performance of CommNet in maintaining safe
departure intervals further underscores its effectiveness in im-
proving operational safety and efficiency.
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