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Abstract—To effectively solve Demand and Capacity Balancing
(DCB) in large-scale and high-density scenarios through the
Ground Delay Program (GDP) in the pre-tactical stage, a
sequential decision-making framework based on a time window
is proposed. On this basis, the problem is transformed into
Markov Decision Process (MDP) based on local observation,
and then Multi-Agent Reinforcement Learning (MARL) method
is adopted. Each flight is regarded as an independent agent
to decide whether to implement GDP according to its local
state observation. By designing the reward function in multiple
combinations, a Mixed Competition and Cooperation (MCC)
mode considering fairness is formed among agents. To improve
the efficiency of MARL, we use the double Q-Learning Network
(DQN), experience replay technology, adaptive ǫ-greedy strat-
egy and Decentralized Training with Decentralized Execution
(DTDE) framework. The experimental results show that the
training process of the MARL method is convergent, efficient
and stable. Compared with the Computer-Assisted Slot Allocation
(CASA) method used in the actual operation, the number of flight
delays and the average delay time is reduced by 33.7% and 36.7%
respectively.

Index Terms—demand and capacity balancing, ground delay
program, multi-agent reinforcement learning, double Q-learning
network, experience replay, adaptive ǫ-greedy strategy, decen-
tralized training with decentralized execution

I. INTRODUCTION

At present, the principal contradiction in the development

of civil aviation in the world is the contradiction between

the increasing total transport volume and the increasingly

saturated airspace capacity, that is, the contradiction between

demand and capacity. Therefore, how to balance the relation-

ship between demand and capacity has gradually become a

concern in civil aviation. In 2005, International Civil Aviation

Organization (ICAO) listed Demand and Capacity Balancing

(DCB) as one of the seven operational concepts of Air Traffic

Management (ATM) [1].

At present, air traffic usually is based on route operation,

usually in the form of traffic flow. Therefore, at present,

the main implementation form of DCB is Air Traffic Flow

Management (ATFM) or Air Traffic Flow and Capacity Man-

agement (ATFCM) [2], [3]. The operation means of DCB

include ground delay program (GDP), rerouting, speed reg-

ulation and their combination [4], [5].The planning method is

a commonly used method to solve the DCB problem, and
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its advantage is that it can get the optimal solution under

certain conditions. A new integer programming model was

used to find the optimal combination of ground waiting and

rerouting strategies. An ATFM optimization model based on

mixed-integer linear programming implemented in the pre

tactical stage has proven effective in reducing delays [6].

However, for large-scale problems, the planning method is

often very time-consuming, even can not get the solution

in a limited time, so the more rapid and efficient heuristic

algorithm was also widely used in the study of DCB problem

[7], although it can not guarantee the optimal solution. An

improved multi-objective genetic algorithm was designed to

generate the ATFM strategy to get an excellent combination

of strategy [8]. A hybrid genetic algorithm with indirect coding

and direct coding has proven more effective in dealing with

the ATFM problem [9]. An approximate algorithm of stage

solution was applied to solve the multi-objective optimization

model for large-scale ATFM problems under emergencies,

which has more advantages than the optimization algorithm

[10]. Generally speaking, for the traditional ATFM problem,

the solution steps can be summarized as follows: first, establish

the optimization model according to the problem, and try best

to get the optimal solution through the optimization method;

second, if the optimization method can not get the optimal

solution quickly, then consider the heuristic method to get the

acceptable suboptimal solution in a limited time.

With the rise and rapid development of Artificial Intel-

ligence (AI), the traditional framework of ”modelling and

solving” is no longer the only way to solve the DCB problem.

A problem-solving model based on ”learning” is gradually

showing its potential in solving the DCB problem. Some schol-

ars have tried to transform the DCB problem into a Markov

decision process (MDP) through some clever ways and then

use Multi-Agent Reinforcement Learning (MARL) method to

solve it. For example, in the air traffic simulator FACET [11],

some specific location points in the two-dimensional space

were taken as agents, training which to decide the safety

separation between the passing aircraft [12], or each aircraft

was used as an agent to train itself to allocate an appropriate

delay based on GDP. In this mode, scholars have explored

many MARL frameworks, such as edge-based, agent-based,

hierarchical MARL framework [13], [14].

Although there have been some attempts to apply the MARL

technology to the DCB problem, no one has proposed a
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complete technical system. Especially in the framework of

MARL, agents are either independent egoists or fully cooper-

ative collectivists. They have not considered the current actual

ATM operation mode that is the centralized management mode

with limited fairness. Therefore, this paper proposes a DCB

technology based on MARL that considers fairness. The main

work of this paper is as follows:

• For the DCB problem based on GPD in the pre tactical

stage, a sequential decision framework based on time

window is proposed. By this framework, the DCB prob-

lem is transformed into MDP based on local observation

so that the MARL method can be used;

• Each flight is regarded as an independent agent to de-

termine the next action, i.e. take-off or holding, through

local observation, i.e. the demand and capacity of the

sector it passes through and the number of times it

currently holds;

• The agent’s action reward consists of three parts: local

reward, social reward and global reward. They are used

to feedback the holding times of the flight itself, the

overload of sector capacity and the holding times of

all flights. The social reward acts as the constraint of

sector capacity, while the agent achieves limited fairness

between flights by balancing local reward and global

reward. Thus, a Mixed Competition and Cooperation

(MCC) model considering fairness is formed among

agents;

• Several Reinforcement Learning (RL) technologies are

applied to improve learning efficiency, including double

Deep Q-learning Network (DQN), experience replay,

adaptive ǫ-greedy strategy and Decentralized Training

with Decentralized Execution (DTDE) framework. The

aim of using double DQN is to reduce the impact of

overestimation caused by bootstrapping. The experience

replay is an efficient method to improve the utilization

rate of experience and break the correlation between

experiences. An adaptive ǫ-greedy strategy is designed

to balance the relationship between exploration and uti-

lization. The MARL framework of DTDE is adopted to

distinguish the characteristics of different flights.

II. PROBLEM DESCRIPTION

In the pre-tactical phase, we can obtain the departure time

of each flight and the time of each flight entering each sector

according to the flight plan. For a time window of a sector,

if the number of flights entering the sector is more than the

sector capacity, the sector is recorded as a Hot Spot in the

time window. The problem to be solved in this paper is that

for large-scale and high-density flight operation scenarios, by

implementing GDP on flights, the flight departure time and

the time entering each sector are moved back synchronously

to eliminate the hot spots and reduce flight delays as much as

possible.

III. DEMAND AND CAPACITY BALANCING SEQUENCE

DECISION FRAMEWORK BASED ON TIME WINDOW

According to the initial flight plan of a day Pinitial, the

flight set f ∈ F , sector set e ∈ E and time window set t ∈ T
are given. If a day is divided into n time windows, the length

of each time window is 1440/n minutes. For flight f , its initial

flight plan can be represented by an Nf dimensional tuple, that

is,

pfinitial =
{(

tf1 , e
f
1

)

,
(

tf2 , e
f
2

)

, · · · ,
(

tfNf
, efNf

)}

(1)

where pfinitial ∈ P
initial, Nf is the number of sectors that

flight f passes through, efNf
is the Nf th sector of flight f , tfNf

is the time window where flight f passes through the Nf th

sector, tuple
(

tfNf
, efNf

)

indicates that flight f enters sector

efNf
in time window tfNf

and at this time, the departure time

window of flight f is expressed as tfdep = tf1 . In the process

of implementing GPD, we assume that a holding time of a

flight is a time window width. For example, when a holding

is imposed on flight f , its flight plan will change to:

pf =
{(

tf1 + 1, ef1

)

,
(

tf2 + 1, ef2

)

, · · · ,
(

tfNf
+ 1, efNf

)} (2)

where t+1 represents the next time window of time window

t and at this time, the departure time window of flight f is

expressed as tfdep = tf1 + 1. The capacity of sector e in time

window t is expressed as ct,e. Use kft,e to indicate whether

flight f enters sector e within the time window t. If yes, take

1; otherwise, take 0. If
∑

f

kft,e ≥ ct,e, then sector e is a hot

spot in time window t. σt,e is used to represent the overload of

sector e in time window t. the overload refers to the value of

sector demand exceeding capacity in a certain time window,

that is,

σt,e = ReLU





∑

f

kft,e − ct,e



 (3)

where ReLU is the Rectified Linear Unit (ReLU), that is,

ReLU (x) = max (x, 0) (4)

Therefore, (3) shows that when the demand exceeds the

capacity, the overload takes the difference between them, if

not, takes 0. Obviously, with other conditions unchanged, the

smaller the time window width is, the more strict the matching

requirements between capacity and demand are, and the more

accurate the optimization is.

Based on the above environment, we build a sequential

decision framework based on time window (see Fig. 1).

In this framework, firstly, according to the initial flight

plan pf ∈ Pinitial, all flights f ∈ F are allocated to the

corresponding decision set Dt according to the time window

tfdep of their initial departure time, that is,



Fig. 1. DCB sequence decision framework based on time window.

Dt = F
initial
dep,t =

{

f | tfdep = t
}

(5)

where F initial
dep,t is the set of all flights whose initial departure

time window is t. Then, according to the order of the time

window of the decision set, the flights in each decision set

make decisions in turn, that is, take-off or holding. Taking

decision set Dt as an example, for all flights f ∈ F initial
dep,t in

decision set Dt, RL algorithm is used to decide whether to

take off or hold. Among them, the flights that decide to take

off constitute the departure flight f ∈ Ffinal
dep,t , and its current

flight plan pf is added to the final flight plan Pfinal. Pfinal
t

is used to represent the set of final flight plans that have been

generated after all flights in decision set Dt have made the

decision and Fdeparture
t is the set of all flights contained in

Pfinal
t , that is,

Fdeparture
t =

⋃

i=1,2,...,t

Ffinal
dep,i (6)

The flight that decides to hold is composed of the holding

flight Fholding
t , which is added to the subsequent decision set

Dt+1. Therefore, before making a decision on a flight in the

decision set Dt, if the flight delayed from the previous day is

not taken into account, we can get:

Dt =

{

F initial
dep,t t = 1

F initial
dep,t

⋃

Fholding
t t > 1

(7)

Complete the flight decisions in the decision set in turn until

all flights f ∈ F have generated the final flight plan, that is,

∀pf ∈ Pfinal, and the framework is completed. The detailed

framework flow is shown in Algorithm 1.

IV. MARKOV DECISION PROCESS BASED ON LOCAL

OBSERVATION

In the above sequential decision framework based on time

window, we can find that the decision of flights in decision set

Dt is only related to the departure flight in the previous deci-

sion set of decision set Dt, that is, Fdeparture
t−1 , and has nothing

to do with the flights in decision set Dt and its subsequent

decision set.In addition, the scale of DCB problem is often

very large. Assuming that there are 3000 flights, 16 sectors and

72 time windows, if the 0-1 sparse matrix is used to represent

the global information, that is, flight plans of all flights at

present, the dimension of the matrix will be 3000×16×72. It

can be seen that the agent state matrix under global observation

will be very large, and it is difficult for the agent to learn

effective information efficiently. Therefore, we transform the

DCB problem into an MDP based on local observations. The



Algorithm 1 Framework execution process

Input: f ∈ F , t ∈ T , pf ∈ Pinitial

1: Pfinal ← ∅

2: for t from 1 to n do

3: Dt ← ∅

4: for f in F do

5: if tfdep = t then

6: add f to Dt

7: end if

8: end for

9: end for

10: for t from 1 to n do

11: for f in Dt do

12: flight f decides to take off or hold by RL

13: if flight f decided to take off then

14: add pf to Pfinal

15: else

16: tfdep ← tfdep + 1

17: update pf

18: add f to Dt+1

19: end if

20: end for

21: end for

MDP is expressed as G = (N,S,A,P ,R, γ), where N is the

number of agents, S is the set of States, A is the action space,

P is the state transition probability, R is the reward function,

and γ is the discount rate of reward. The specific definition

of the above elements is as follows.The specific definition of

the above elements is as follows:

A. Agent

Each flight is regarded as an independent agent, denoted as

Agf . It should be noted that in this RL environment, only the

agent representing the flight in the current decision set will be

activated. Therefore, the set of activated agents in decision set

Dt can be expressed as Agt =
{

Agf
∣

∣ f ∈ Dt

}

. Each agent

is regarded as heterogeneous, in order to learn its own unique

environment, and then make the most suitable decision.

B. State

If agent Agf is activated in decision set Dt, the state of

agent at this time is expressed as sft . sft is a 3×Nf dimensional

matrix and can be expressed as:

sft =









cremaining

t
f
1
,e

f
1

· · · cremaining

t
f

Nf
,e

f

Nf

dpotential
t
f
1
,e

f
1

· · · dpotential
t
f

Nf
,e

f

Nf

hf
t · · · hf

t









(8)

Firstly, let us read the matrix horizontally. Each element

in the first row represents the current remaining capacity of

flight f in each sector it passes through, that is, cremaining
t,e

represents the remaining capacity of current sector e in time

window t. The remaining capacity depends on the capacity of

each sector and the flight plan pf ∈ Pfinal
t of the departure

flight f ∈ Fdeparture
t−1 , that is,

cremaining
t,e = ct,e −

∑

f

kft,e, f ∈ F
departure
t−1 (9)

Each element in the second row represents the current potential

demand of flight f in each sector it passes through, that is,

dpotentialt,e represents the potential demand of current sector e in

time window t. This potential demand depends on the current

flight plan of the flights in decision set Dt, that is, assuming

that all the flights in decision set Dt choose to take off in time

window t, the number of new demands will be added to these

sectors. It can be expressed as:

dpotentialt,e =
∑

f

kft,e, f ∈ Dt (10)

Each element in the third row is the same, which is used to

represent the number of times flight f has been waiting in

the decision set Dt, so that the agent can learn the time of

the specific environment, and then make a specific action in a

specific time and environment.

Secondly, let us read the matrix vertically. The agent is

expected to make appropriate actions by learning the relation-

ship between the capacity and demand of each sector and its

absolute quantity.

C. Action

When agent Agf is activated in decision set Dt, there are

two actions to choose, namely aft ∈ {0, 1}. When aft = 0,

it means to hold; When aft = 1, it means to choose to take

off. It can be seen from the environment that in a learning

round, when agent Agf chooses to take off, the agent will

not appear in the subsequent decision set, that is, it will not

be activated again. When agent Agf chooses to hold, it will

continue to join the subsequent decision set and be activated

until it chooses to take off.

D. Reward

For the action aft of agent Agf , the reward function consists

of three parts: local reward, social reward and global reward.

The local reward rflocal,t will be obtained after it completes

the action, which is used to feedback the number of times a

single agent holds. It can be expressed as:

rflocal,t =

{

0 aft = 1

− 1
λ
× hf

t aft = 0
(11)

where λ is the cooperation coefficient which is used to

consider the fairness between flights. When the agent chooses

to take off, the reward is 0. When the agent chooses to hold, it

gets a negative feedback related to the number of times it has

been holding. The larger λ is, the more likely a single flight is

to increase its delay to achieve a greater reduction of overall

delay, and vice versa. The purpose of local reward is to make

agent take off as early as possible on the basis of cooperation

and fairness, so as to reduce individual delay.



The social reward rfsocial,t will be obtained after all the

agents in the decision set Dt have finished their actions. It

is used to feedback the overload of the sector that the agent

passes through. The so-called society refers to that the flights

entering the same sector in the same time window form a

society. For example, all the flights entering sector e in time

window t form a society about sector e in time window t.
Obviously, if flight f passes through multiple sectors, it will

exist in multiple societies respectively, and its social reward

will be determined by the total number of overloads in each

society. It can be expressed as:

rfsocial,t =

{

−M × σf
t aft = 1

0 aft = 0
(12)

where M is a very large constant, and σf
t is the sum of all

sector overloads of the flight plan pf ∈ P
final
t of all departure

flights f ∈ Fdeparture
t after all flights in the decision set Dt

complete the decision, if the flight f chooses to take off in

the time window t. σf
t can be expressed as:

σf
t =

∑

(t′,e)∈pf

σt′,e

=
∑

(t′,e)∈pf

ReLU





∑

f ′∈F
departure
t

kf
′

t′,e − ct′,e





(13)

(13) is also can be written as:

σf
t =

∑

(t′,e)∈pf

σt′,e

=
∑

(t′,e)∈pf

ReLU





∑

f ′∈Dt

kf
′

t′,ea
f ′

t − cremaining
t′,e





(14)

When agent Agf chooses to take off in decision set Dt, if the

sector it passes through is overloaded, it will get a very large

negative feedback. In fact, limiting overload is the constraint

of the DCB problem, and imposing a very large negative

feedback on it is a common method in RL. If there is no

overload or it chooses to hold, the reward is 0.

The global reward rfglobal,t will be obtained after all agents

have completed the take-off action, and it is used to feedback

the total number of holding times of all agents. It can be

expressed as:

rfglobal,t =
∑

f∈F

hf
final (15)

where hf
final is the final holding times of flight f .

To sum up, for the action aft of agent Agf , the final reward

rft is:

rft = rflocal,t + rfsocial,t + rfglobal,t (16)

Since the global reward rfglobal,t is only obtained after all

agents have completed the take-off action, the final reward

of action aft of agent Agf is also obtained at this time. In

reward rft , agents achieve limited fairness between flights by

balancing local reward rflocal,t and global reward rfglobal,t, thus

forming an MCC mode considering fairness between agents.

It should be noted that when agent Agf chooses to take off in

decision set Dt, agent Agf will not be activated in the decision

set after decision set Dt. To enable agent to effectively identify

the state of taking off, we set state sft+1 artificially, that is,

sft+1 =





0 · · · 0
0 · · · 0
0 · · · 0



 (17)

where the dimension of sft+1 is also 3×Nf .

The process of obtaining reward rft is shown in Algorithm

2.

Algorithm 2 Getting rewards

1: Af ← ∅

2: for t from 1 to n do

3: for Agf in Agt do

4: if Af is activated for the first time then

5: observe the current state of Agf and get sft
6: end if

7: decide aft takes 1 or 0 by RL

8: add aft to Af

9: get rflocal,t by calculation

10: end for

11: for Agf in Agt do

12: observe the current state of Agf and get sft+1

13: get rfsocial,t by calculation

14: end for

15: end for

16: for aft in Af do

17: get rfglobal,t by calculation

18: rft ← rflocal,t + rfsocial,t + rfglobal,t

19: generate the experience
(

sft , a
f
t , r

f
t , s

f
t+1

)

20: end for

V. REINFORCEMENT LEARNING

A. Deep Q-learning Network

DQN is a reinforcement learning algorithm based on action

value function learning [15], that is, the action value network

Q (a, s;w) learned by Neural Network (NN) is used to ap-

proximate the optimal action value function Q∗ (s, a) and the

core learning method of DQN is Temporal Difference (TD)

learning. Among them, w is a neural network, and its structure

is shown in Fig. 2. The NN consists of three layers: input layer,

hidden layer and output layer. There are 3 × Nf neurons in

the input layer, and each neuron represents an element of the

observed state sft of agent Agf in the decision set Dt; There

are Nhidden neurons in the hidden layer, and Nhidden is a

hyper-parameter; There are two neurons in the output layer,

which represent the actions selected by the agent, namely take-

off and holding.

Bootstrapping is a common problem in DQN, that is, one

estimation model is used to update the same estimation model,

which leads to overestimation. In order to eliminate this



Fig. 2. Schematic diagram of neural network structure.

negative effect as much as possible, this paper adopts double

DQN technology [16], which trains two NNs with the same

structure but different parameters. One is used to predict the

action value, and the other is used to calculate the TD target

value. In the DCB problem of this paper, the parameter update

of agent Agf can be divided into the following steps in an

iteration.

• Step 1: observe state sft and choose action aft .

• Step 2: predict the action value qft by NN, that is,

qft =Q
(

sft , a
f
t ;w

f
t

)

(18)

where w
f
t is the NN to predict action value.

• Step 3: derive the NN w
f
t by back propagation to obtain

its gradient d
f
t , that is,

d
f
t =

∂Q
(

sft , a
f
t ;w

f
)

∂wf

∣

∣

∣
w

f = w
f
t (19)

• Step 4: get the reward rft and the new state sft+1, and

obtain the TD target value yft , that is,

yft = rft + γ ·Q
(

sft+1, a
*;wf -

t

)

(20)

where γ is the discount rate of reward, and w
f -
t is an NN

with the same structure as w
f
t , which is used to calculate

the TD target value.

• Step 5: use Mean Square Error (MSE) to express the loss

function lft , that is,

lft =
1

2

(

qft − yft

)2

(21)

Then, update the NN w
f
t by gradient descent, that is,

w
f
t+1 = w

f
t − α ·

∂lft

∂wf
t

(22)

(22) can also be written as:

w
f
t+1 = w

f
t − α ·

(

qft − yft

)

d
f
t (23)

where α is the learning rate.

• Step 6: update the NN w
f -
t by assigning the parameters

of w
f
t to w

f -
t , that is,

wf -
t ← wf

t (24)

It should be noted that the NN w
f
t used to predict the action

value is updated every iteration, while the NN w
f -
t used to

calculate the TD target value is updated every certain number

of iterations. This number of iterations is a hyper-parameter,

which can be expressed by NTD.

In order to reuse, avoid the waste of experience, break up the

learning sequence and eliminate the correlation of experience,

this paper uses the experience replay technology in the DQN

[17]. In RL, a four-dimensional tuple (st, at, rt, st+1) is called

an experience. Experience replay is to store a certain amount

of experience in the Replay Buffer, and randomly extract a

certain Batch Size of experience from the replay buffer for

learning each time. Let us use Nbuffer and Nbatch to represent

replay buffer size and batch size respectively, both of which

are hyper-parameters.

B. Adaptive ǫ-greedy Strategy

In the aspect of exploration and exploitation, in order to

balance the relationship between them and improve learning

efficiency, this paper adopts adaptive ǫ-greedy strategy. The

action selection model of agent Agf is:

aft =







argmax
a

Q
(

sft , a;w
f
t

)

µ ≤ εadaptive

random
(

Af
t

)

otherwise
(25)

Among (25), random
(

Af
t

)

means to randomly select any

possible action of the agent Agf in the decision set Dt, that

is, to take off or to hold; µ is a random number between 0

and 1, that is, µ ∈ [0, 1]; εadaptive is the adaptive greedy rate,

that is,

εadaptive =
{

ε0 + (1− ε0)
(

1−
σ
global

min

σ
global
0

)

σglobal
t < σglobal

0

ε0 otherwise

(26)

Among (26), ε0 is the benchmark greedy rate, which is a

hyper-parameter and ε0 ∈ [0, 1); σglobal
0 is the initial global

overload, that is, the total overload generated by all flights

flying according to the initial flight plan Pinitial, and it can

be expressed as:

σglobal
0 =

∑

t∈T ,e∈E

σt,e

∣

∣pf ∈ Pinitial, f ∈ F (27)

σglobal
min is the minimum overload of the existing solutions, and

σglobal
r is used to represent the total overload in the r-th round,

that is,

σglobal
r =

∑

t∈T ,e∈E

σt,e

∣

∣pf ∈ Pfinal, f ∈ F (28)

σglobal
min = minσglobal

r , r ∈ Rdone (29)



where Rdone is the set of rounds that have been learned at

present.

C. Multi-Agent Reinforcement Learning Framework

In the DCB problem, each agent is heterogeneous due to

the differences in the aircraft type, flight plan and airspace

environment. In addition, each agent can make action selection

independently according to its local observation. Therefore,

this paper adopts the MARL Framework of DTDE (see Fig. 3),

and each agent does not share parameters.

Fig. 3. Schematic diagram of decentralized training with decentralized
execution.

In the framework of DTDE, all agents are independent

individuals. There is no communication between agents. Each

agent interacts with the environment independently. In decen-

tralized training, each agent Agf independently obtains the

observed state sf and reward rf from the environment, and

each agent Agf has its independent action value network w
f .

They are trained independently and do not share parameters.

Since the double DQN technology is used in the RL, each

agent Agf has two independent NNs, namely w
f and w

f -,

so there are 2N NNs in the whole framework. At the end of

training, each agent Agf uses its action value network w
f to

make decisions independently, that is, decentralized execution.

The observed state sf is input into the action value network

w
f which calculates the value of each action. Action af is

made by the action selection model based on adaptive ǫ-greedy

strategy, and then action af is executed.

VI. EXPERIMENTS AND ANALYSES

A. Scenario construction

This paper constructs an abstract airspace scenario to sim-

plify the problem and facilitate the discussion (see Fig. 4). The

airspace is composed of 16 grids, each of which represents a

sector. Number each sector in order by 1-16. We divide a day

into 72-time windows, and then the width of each time window

is 20 minutes. Three thousand flight plans in a day generate

randomly. Each flight includes the departure time of the flight

and the sector it passes through. For example, as shown by the

green route with arrow in Fig. 4, the flight successively passes

through sectors 8, 7, 11, 15 and 14. Suppose that the average

flight time of a flight in each sector is 20 minutes, and the

capacity of a sector in each time window is 20 sorties, that is,

20 flights/ 20 minutes.

Fig. 4. Schematic diagram of experimental scenario.

B. Parameters setting

In Python environment, the double DQN is constructed

based on the Pytorch framework, and its network parameters

are updated by Adam optimization algorithm. For experience

replay, the replay buffer size Nbuffer is 200 and the batch size

Nbatch is 20. The interval number of iteration NTD, which

is used to decide when to update the NN w
f -, is 10. The

benchmark greedy rate in the adaptive ǫ-greedy strategy ε0 is

0.9. The discount rate of reward γ is 0.9 and the learning rate

α is 0.9. The empirical values of the parameters required in

the training process are shown in Table I.

TABLE I
PARAMETER VALUE TABLE

Parameters Empirical Values Parameters Empirical Values

Nbuffer 200 γ 0.9

Nbatch 20 α 0.9

NTD 10 λ 0.5

ε0 0.9 M 10000

C. Analysis of training results

In this experiment, we set the number of training rounds to

1000 and evaluate the strategy with average reward. Average

reward refers to the quotient of the sum of reward and the

number of experience in a complete training round. The

average reward can be expressed as:

raveragei =

∑

r∈R
experience
i

r

nexperience
i

(30)

where raveragei is the average reward of the i-th round,

Rexperience
i is the set of reward of all experiences in the i-

th round, r is the element in Rexperience
i , and nexperience

i is

the number of experiences in the i-th round.



Fig. 5. Average reward during training.

From the process of training (see Fig. 5), the average reward

of the first 50 rounds increased rapidly, then increased steadily,

and the growth rate gradually slowed down, and basically

stabilized around 800 rounds. It should be noted that there is a

shortfall near the 200th round, which is due to the experience

replay, and the replay buffer size Nbuffer is 200. In detail,

while in the 200th round, the experience replay begins to

work. The experience in the replay buffer is randomly selected

from the first 200th round for learning. However, the average

rewards of the first 50 rounds in the replay buffer is small.

That is the reason for the shortfall.

D. Method comparison

To verify the effectiveness of the proposed MARL method,

we compare it with the Computer-Assisted Slot Allocation

(CASA). CASA is a commonly used DCB method in the

actual operation of Europe, which realizes the DCB by identi-

fying sectors with hot spots and implementing GDP for flights

passing through hot spots [18]. CASA transforms complex

large-scale optimization problems into scheduling problems

based on time priority and obtains feasible solutions through

repeated iterations. The CASA framework is simple and easy

to implement in practical operation. In the constructed experi-

mental scenario, we generate 3000 flight plans randomly, and

the results are optimized by the method of MARL and CASA

(see Fig. 6).

The number of flight delays refers to the total number of

flights that did not take off on time according to the initial

flight plan, and the average delay time refers to the quotient

of the total delay time of all flights and the total number of

flights. Compared with CASA, the optimization results of the

MARL method in this paper reduce the number of flight delays

and the average delay time by 33.7% and 36.7%, respectively.

Therefore, we believe that the MARL method proposed in

this paper has great potential in solving the DCB problem in

the pre-tactical stage. Note that in this example, the absolute

values of the number of flight delay and average delay time

have no practical reference significance because the simulation

is carried out based on abstract high-density scenarios. Readers

Fig. 6. Comparison of experimental results between MARL and CASA.

only need to pay attention to the relative values of these two

indexes in both the MARL and CASA method.

VII. CONCLUSION

In this paper, for the DCB problem in the large-scale and

high-density scenario in the pre-tactical stage, we propose a

set of MARL method based on GDP, in which we use double

DQN, experience replay, adaptive ǫ-greedy strategy and DTDE

framework. Compared with CASA, this MARL method can

effectively reduce the number of flight delays and the average

delay time. Therefore, it is potential for future application in

the actual operation. Since this paper only considers GDP as

a single means to solve the DCB problem, we can add the

strategy of rerouting and speed control into it in the future.

In addition, the experimental environment of this paper is

relatively simple and ideal, which can improve the realness

of simulation, and take the uncertainty factors into account,

so that it can adapt to the application of the real world.
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