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Aiming at the problem that unmanned combat aerial vehicle (UCAV) is difficult to quickly and accurately perceive situation
information and make maneuvering decision autonomously in modern air combat, which is easily affected by complex factors,
a maneuvering decision algorithm of UCAV combined with deep reinforcement learning and game theory is proposed in this
paper. Firstly, through the UCAV dynamics model and maneuver library, a reasonable air combat situation assessment model
and advantage reward function are established, and the sample data of situation assessment indicators are constructed using
the structure entropy weight method. Secondly, the convolutional neural network (CNN) is used to process the high-
dimensional continuous situation features of UCAV in air combat, eliminate the correlation and redundancy between situation
features, and train the neural network to approximate the action-value function. Then, the double deep Q network (DDQN)
algorithm in reinforcement learning (RL) is introduced to train the agent by the interaction with the environment and
combined with Minimax algorithm in stochastic game theory to solve the optimal value function in each specific state, and the
optimal maneuver decision of UCAV is obtained. Air combat simulation results show that UCAV can choose maneuvers
autonomously under different situations and occupy a dominant position quickly by this method, which greatly improves the
combat effectiveness of UCAV.

1. Introduction

The rapid development of UCAV technology and the gradual
maturity of artificial intelligence technology make UCAV
autonomous combat become one of the main ways of future
air combat [1]. In air combat, UCAV can make a large
overload action close to the ultimate strength of the aircraft
body structure without considering human factors, greatly
improving themaneuver ability and combat ability of UCAV.
Due to the influence of such adverse factors as narrow com-
munication bandwidth, low transmission rate, and long delay
of long distance network, UCAV operationmust be separated
from the guidance control of ground base station to a certain
extent and have independent intelligent decision-making
ability. In this paper, the deep reinforcement learning algo-
rithm in artificial intelligence is combined with the game the-
ory in military operations research, and an intelligent air
combat maneuver decision model is established to solve the
autonomous decision problem in UCAV air combat.

In the ever-changing air combat, UCAVmodel is nonlin-
ear and the flight trajectory of enemy UCAV is characterized
by uncertainty, randomness, and real-time performance. In
an uncertain environment, the air situation information
needed to be collected is extremely complex, and the tradi-
tional methods cannot achieve rapid and accurate air combat
decision. Therefore, how to select accurate and effective air
combat maneuver strategy which is beneficial to our combat
based on UCAV situation information of both sides has
become an important research direction at present.
Researchers have carried out relevant studies and achieved
many research results (including manned aircraft and
UCAV), which can be generally divided into three categories.
The first category is the maneuver decision based on the basic
maneuver library. The establishment of the maneuver action
library was systematically studied and summarized in litera-
ture [2]. In literature [3], the maneuvering library design,
control application, and maneuvering identification of basic
motion library are studied, and the problems existing in
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maneuvering decision based onmotion library are elaborated
in detail. The second category is maneuver decision based on
optimization algorithm. In literature [4], the air combat is
regarded as a Markov process, and the air combat situation
is calculated by Bayesian theory, and the weight of maneuver
decision factors is adjusted adaptively to make the objective
function more reasonable and ensure the advantage of
UCAV. In literature [5], although genetic algorithm has bet-
ter robustness and search ability and is suitable for solving
large-scale optimization problems, it cannot solve problems
without displaying objective function, so an improved
genetic algorithm is adopted to model UCAV maneuvering
decision. Although the above methods have the advantages
of simple principle, easy to implement, accurate evaluation
results, and persuasiveness, the decision-making model has
the problem of complicated reasoning process, which wastes
a lot of time to search for optimization, resulting in slow
response speed of UCAV, which is difficult to meet the
requirements of real time in practical application. The third
category is maneuver decision based on artificial intelligence,
including artificial neural network, expert system, and deep
reinforcement learning algorithm. In literature [6], an evolu-
tionary expert system tree method is proposed to study air
combat decision-making, which solves the problem that the
traditional expert system method cannot cope with unex-
pected situations, but the simulation environment is rela-
tively simple. In literature [7], adaptive neural network
technology is used to design PID controller, which has strong
tracking accuracy for highly maneuvering targets. However,
neural network method requires a large number of air
combat samples, resulting in insufficient learning samples.
Compared with neural network and expert system, deep
reinforcement learning combines the perceptual ability of
deep learning with the decision-making ability of reinforce-
ment learning in a general form and achieves direct control
from original input to output through end-to-end learning.
Since its proposal, it has made substantial breakthroughs in
many aspects that require perception of high-dimensional
raw input data and decision control, and it is more suitable
for air combat maneuver decision-making. In literature [8],
an intelligent decision-making method for air combat
maneuvering based on heuristic reinforcement learning is
proposed, in which the relatively optimal air combat maneu-
vering decision sequence is calculated by “trial and error”
with the external environment, and the neural network
method is used to learn the process of reinforcement learning
to realize the real-time dynamic iterative calculation of air
combat decision sequence. In literature [9], it is proposed
to use deep Q network to analyze the optimal control instruc-
tions of UCAV, and UCAV can independently evaluate bat-
tlefield situation and make tactical decisions in different
situations. However, the above two papers lack the theoreti-
cal research on UCAV air combat game, and the deep Q net-
work used will cause the problem of high estimation of Q
value in the learning process, resulting in unstable algorithm
performance.

In air combat, UCAVs are not only required to have
accurate and timely maneuver strategies but also to have
effective resource allocation schemes. In particular, in the

multi-UCAV cooperative operation, the fast and correct air
combat maneuver decision is the premise to ensure the vic-
tory of the war, but the target and fire resource allocation is a
particularly important part after the threat assessment.
There is a distinct difference between a multi-UCAV air
combat and a single-UCAV air combat. The difference is
that in the face of multiple enemy targets, the target and fire-
power are allocated optimally according to our resources.
The purpose of target assignment is to select targets to attack
or avoid from a number of enemy targets within the range
that our aircraft can search. Collaborative target assignment
means that UCAVs transmit target location and other infor-
mation to ground command and control system through
data link, and the system allocates targets according to the
allocation principle based on battlefield situation.

Target and fire allocation is a complex combinatorial
optimization problem with many constraints. Traditional
solutions include implicit enumeration and linear program-
ming. However, with the increase of the problem dimension,
the solution of the problem will consume a lot of time, so it
is not conducive in solving complex problems. Some intelli-
gent algorithms, such as genetic algorithm and particle
swarm optimization algorithm, are widely used in the
research field of resource allocation. In literature [10], a joint
design of UAV-USV-UUV network for collaborative under-
water target search is proposed, and DQN algorithm is
proposed to solve the proposed target search problem. The
final simulation results show that considering the balance
between energy consumption and interconnectedness of
the system, the scheme is suitable for underwater target
search and has a high success rate. In literature [11], a het-
erogeneous AUV auxiliary information collection system is
proposed, whose goal is to maximize the energy efficiency
of nodes considering AUV trajectory, resource allocation,
and information age. Finally, the simulation results verify
the effectiveness and superiority of the proposed strategy.
In literature [12], a knowledge-based RL method is pro-
posed, which uses domain knowledge to compress the state
space that the agent needs to explore, so as to improve the
convergence speed of the algorithm. Specifically, the inertial
law of aircraft and the free space signal attenuation law
are used to guide the efficient detection of UAVS in state
space. Finally, the simulation results show that the pro-
posed algorithm is superior to the modelless RL algorithm
in terms of convergence speed and average reward. The
above three literatures are studying the allocation methods
of computing and transmission resources, which have high
reference value.

To improve the autonomy and accuracy of UCAV
maneuvering decisions, this paper proposes a UCAV
maneuver decision algorithm that combines deep reinforce-
ment learning and game theory. Firstly, the advantage
reward function of air combat is constructed by UCAV
dynamics model and maneuvering decision control library.
Then, the indicator weight of the air combat situation assess-
ment model is established by using the structure entropy
weight method. Secondly, the Minimax algorithm in sto-
chastic game theory is combined with DDQN learning algo-
rithm in deep reinforcement learning, and the optimal
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function value in different states is solved by linear pro-
gramming, and the neural network is trained to approxi-
mate the value function. Finally, the optimal maneuver
strategy is obtained according to the output of Minimax-
DDQN network. This algorithm can reduce the complexity
of artificial manipulation, ensure the superiority of the cal-
culation results, and improve the decision-making ability
and response speed of UCAV in air combat. The effective-
ness and feasibility are verified by simulation experiments.

2. Deep Reinforcement Learning Based on
Value Function

2.1. Deep Learning. Deep learning (DL) is a branch of
machine learning algorithm that uses multiple processing
layers with complex structures or multiple nonlinear trans-
formations to abstract data at a high level [13]. DL models
are usually composed of multiple layers of nonlinear opera-
tion units, which automatically learn abstract feature repre-
sentation from a large amount of training data by taking
the output of the lower layer as the input of the higher layer,
so as to discover distributed features of the data. Similar to
shallow neural network, deep neural network can also pro-
vide modeling for complex nonlinear systems, and its higher
structural level provides a higher level of abstraction for the
model, thus improving the model capability.

The enrichment of training resources and the improve-
ment of computing performance provide sufficient condi-
tions for the wide application of convolutional neural
networks (CNN) [14]. Compared with traditional neural
networks, CNN effectively reduces algorithm complexity
through weight sharing and pooling, which has a good effect
on data feature extraction. It can be seen from Figure 1 that
CNN used in this paper includes one input layer, two convo-
lution layers, one pooling layer, two fully connected layers,
and one output layer. The data is converted into compact
intermediate classes in the input layer to reduce dimension
and remove redundant information. In the convolution
layer, the input neurons of each neural network are con-
nected with the local input of sample data to extract local
features. The dimension of input feature samples is effec-
tively reduced in the pooling layer and the size of data space
is also reduced, so the number of parameters is reduced and
overfitting is controlled to some extent. The input data of
each dimension in the convolution layer is connected with
the output in the full connection layer, and the output
threshold is determined by activation function. The features
selected by the upper layer are taken as the input features of
the next layer in the CNN, and different features are cap-
tured by different convolutional kernels in the way of weight
sharing, so as to continuously optimize and integrate the fea-
tures and finally obtain the optimal features.

2.2. Reinforcement Learning. Reinforcement Learning (RL) is
a Markov decision process (MDP) in which the agent and
the environment interact with each other and learn the opti-
mal strategy through “trial and error” [15]. For model-free
reinforcement learning problems, the Markov decision pro-
cess is described by a 4-tuple: state space S, action space A,

state transition probability P, and reward function R. Policy
π is defined as a mapping from the state space to the action
space. The interaction process of reinforcement learning is
as follows. At time t, the agent through policy π applies an
action at to the environment. After the action at is executed,
the state is transferred from st to the next state st+1 with
probability patst ,st+1 , and the agent obtains the reward rt from
the environment. The purpose of reinforcement learning is
to maximize long-term cumulative rewards by constantly
adjusting strategies. Therefore, the state value function
VπðsÞ and the action-value function Qπðs, aÞ are defined
to measure the quality of each state or each action.

In the process of air combat as shown in Figure 2, the
UCAV flight parameters of our side and the enemy are cal-
culated to form the air combat environment state descrip-
tion including UCAV angle, altitude, speed and other
situation information, and output to the agent. At the same
time, according to the current flight status of our UCAV
and the enemy, the advantage reward function proposed
in this paper is used to evaluate the reward value and output
it to the agent. In the spirit of trying to maximize the
reward value as much as possible, the agent makes an action
and applies the action to the air combat environment
through UCAV. Reinforcement learning agent realizes
self-learning by continuously interacting with air combat
environment through reward value, flight status, and action,
dynamically updating and evaluating maneuvering strate-
gies, and making subsequent maneuvering actions tend to
be optimal.

In air combat, it is assumed that the reward r of each
action is added up from time t to time T , which is the sum
of the reward in the state transition process. Considering
that the further reward value should contribute less to the
value function of the current state, it must be multiplied by
a discount factor γ. The sum of the rewards is as follows.

Rt = 〠
T

t ′=t
γt ′‐trt ′ , ð1Þ

where γ ∈ ½0, 1� is used to measure the effect of future reward
values on cumulative reward values.

Action-value function Qπðs, aÞ refers to executing action
a in the current state s and following policy π until the end.
The cumulative reward obtained by the agent in this process
can be expressed as

Qπ s, að Þ = E Rt st = sj , at = a, π½ �: ð2Þ

A policy is called optimal if the expected rewards of π∗

are greater than or equal to those of all other policies. The
action-value function of the optimal policy is

Q∗ s, að Þ =max
π∗

E Rt st = sj , at = a, π½ �: ð3Þ

According to the Bellman formula, the action-value
function can be shown as Qðs, aÞ = r + γQ∗ðs′, a′Þ, where
s′ represents the next state, a′ represents the best action in
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the next state, and r represents the reward of a action to the
next state. The optimal Q value function solved is

Qi+1 s, að Þ = Es′∈S r + γ max
a′

Qi s′, a′
� �

sj , a
� �

, ð4Þ

when i⟶∞, Qi ⟶Q∗. Through continuous iteration, the
action-value function will eventually converge, so as to
obtain the optimal policy: π∗ = arg max

a∈A
Q∗ðs, aÞ.

2.2.1. Deep Q-Learning Network. Q-learning is an important
method widely used in reinforcement learning. Mnih et al.
[16, 17] proposed a deep Q network (DQN) model by com-
bining convolutional neural network with Q-learning algo-

rithm in traditional reinforcement learning. DQN model
based on the neural network adapts to the unlabeled sample
data of reinforcement learning and adjusts its own parame-
ters from the environmental information to seek the optimal
strategy to satisfy the maximum reward. According to for-
mula (4), when the number of actions tends to infinity, the
expectation also tends to the real optimal value function
Q∗. In DQN, each Q value is estimated by neural network:

Q s, a ; θð Þ ≈Q∗ s, að Þ, ð5Þ

where θ is the connection weight of neurons in DQN. There
is a difference between the estimated Q value obtained by
Bellman formula and the predicted Q value by neural
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network. Therefore, a loss function is introduced to mini-
mize the difference:

L θið Þ = E s,a,r,s′ð Þ yi −Q s, a ; θið Þð Þ2Â Ã
, ð6Þ

where target function yi = Es′∈S½r + γ max Qðs′, a′ ; θ−i Þjs, a�
and Q network is

Q s, a ; θið Þ = r + γ〠
s′∈S

P s′ sj , a
� �

max
a∈A

Q s′, a ; θi
� �

: ð7Þ

Target network and online Q networks are both deep
convolutional neural networks, which have the same struc-
ture but different built-in parameters. The optimal solution
is obtained by minimizing the loss function LðθiÞ by gradient
descent method, and the weight θ−i of the target network is
updated with the weight θi of Q network after N iteration,
while θ−i remained unchanged in the middle process.

2.2.2. Double Deep Q-Learning Network. Due to the air com-
bat environment is nonstationary and the online DQN
updates are highly correlated, the algorithm is fundamen-
tally unstable, which may cause overestimation attributing
to the selection and evaluation of actions in deep Q-
learning are based on the weight θ−i of target function net-
work. If the overestimated Q values are not evenly distrib-
uted, it will be difficult to obtain the optimal solution. Van
Hasselt proposed a double deep Q network algorithm based
on double Q-learning algorithm [18]. The core idea of dou-
ble deep Q network is as follows. Deconstruct the action
selection and evaluation of target function network in
DQN, construct two different weights θi and θ−i , where θi
is used to select the action with the maximum Q value and
θ−i is used to estimate the value of the greedy-policy and
updates the weights of the online network θi. The two
weights separate action selection from policy evaluation
and reduce the risk of overestimating Q value. The target
function of double deep Q-learning is as follows:

yDoubleDQNt = r + γQ s′, arg max
a

Q s′, a ; θi
� �

; θ−i
� �

, ð8Þ

where θi is the online network weight and θ−i is the target
network weight.

3. Stochastic Game Theory

Game theory, as a modern scientific system, studies how
decision-makers make decisions when all aspects of the
decision-making subject interact and the theory about the
balance of the decision, which has been widely used in mil-
itary research. The UCAV air combat studied in this paper
is a game process in a certain airspace under the premise
of obeying certain safety rules. In the process of the game,
the gain of one party inevitably leads to the loss of the other
party, and the sum of the gain and loss of the two parties is
zero, so the game type is two-person zero-sum game.

The air combat problem studied in this paper is a contin-
uous process, while the traditional game is a single step,

more like a discrete process. Therefore, it is necessary to
expand from traditional game to the stochastic game. It
can be considered that stochastic game [19] is the promotion
of game theory in traditional Markov decision process
(MDP).

A stochastic game can be represented by a six-tuple
fn, S, ðaiÞni=1, ðriÞni=1, P, γg. n represents the number of agents
in the game, and S is the state space of the game. After the
agent makes an action, the state will change, and its evolution
is Markov. ai represents the action of the agent i, and

Qn
i=1ai

is the action space of all agents. ri represents the reward
obtained by the agent i in the next state s′ after the action
ai taken by state s. P represents the probability that the agent
i will move from s to s′ after the state s takes an action ai. γ
represents the discount factor.

In a stochastic game, the reward of agent in the next state
depends on the current state and the current actions of all
agents. According to the theory of Nash equilibrium [20],
it is necessary to find a Nash equilibrium strategy πi ∈Πi
to solve the stochastic game, indicating that the agent i
chooses action a under state s to maximize the future reward
value. The Nash equilibrium strategy of the multiagent sto-
chastic game is ðπ∗

1 ,⋯π∗
nÞ, and ∀s ∈ S, i = 1,⋯, n, satisfy

the following formula:

Vi s, π∗
1 ,⋯,π∗

i ,⋯π∗
nð Þ ≥Vi s, π∗

1 ,⋯,πi,⋯π∗
nð Þ: ð9Þ

Viðs, π∗
1 ,⋯,π∗

i ,⋯π∗
nÞ is the state value function, simply

written as V∗
i ðsÞ. Q∗

i ðs, a1,⋯anÞ is the action-value function.
According to Bellman formula,

〠
ai∈
Qn

i=1
ai

Q∗
i s, a1,⋯,anð Þπ∗

1 s, a1ð Þ⋯ π∗
i s, aið Þ⋯ π∗

n s, anð Þ

≥ 〠
ai∈
Qn

i=1
ai

Q∗
i s, a1,⋯,anð Þπ∗

1 s, a1ð Þ⋯ πi s, aið Þ⋯ π∗
n s, anð Þ:

ð10Þ

In this paper, the Minimax method is used to construct
linear programming to solve Nash equilibrium strategy in
each specific state S. The formula of Minimax algorithm
for two-agent zero-sum game is as follows:

V = max
π∈PD Að Þ

min
a2∈A

〠
a1∈A

Q∗
i a1, a2ð Þπi, ð11Þ

where PDðAÞ is the policy space and A is the optional action
space of two agents. The significance of formula (11) is that
each agent maximizes the expected reward value in the worst
situation during the game with the opponent. The reward
value of the stochastic game is expressed in the following
form:

Rz =
r11 ⋯ r1j

⋮ ⋱ ⋮

ri1 ⋯ rij

2
664

3
775, ð12Þ
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where the element rij of matrix Rz represents the reward
value obtained by the z agent when the first agent selects
action i and the second agent selects action j. In a zero-
sum game, the two agents are perfectly competitive against
each other, so R1 = −R2. piði = 1, 2,⋯,nÞ is defined to repre-
sent the probability that the first agent selects action i, and
qjðj = 1, 2,⋯,mÞ is defined to represent the probability that
the second agent selects action j. For the first agent, the fol-
lowing linear programming can be obtained:

max
pi

V1,

r11p1+⋯+ri1pi ≥V1,
⋮

r1jp1+⋯+rijpi ≥ V1,

〠
n

i=1
pi = 1,

pi ≥ 0:

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

ð13Þ

Similarly, since there is R1 = −R2, the linear program-
ming of the Nash equilibrium strategy of the second agent
can be obtained:

min
qj

V2,

r11q1+⋯+r1jqj ≤ V2,
⋮

ri1q1+⋯+rijqj ≤V2,

〠
m

j=1
qj = 1,

qj ≥ 0:

8>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>:

ð14Þ

The Nash equilibrium strategy can be obtained by solv-
ing the linear programming of formulas (13) and (14).

4. Air Combat Maneuver Game Modeling Based
on Uncertain Environment

4.1. UCAV Flight Dynamics Model and Maneuver Library

4.1.1. UCAV Flight Dynamics Model. In the process of study-
ing the maneuvering decision of UCAV, the dynamic model
of UCAV in Cartesian coordinate system is adopted, which
takes normal overload, track angle, and heading angle as
the aircraft control variables. In order to simplify the
research complexity, the angle of attack and sideslip angle
during UCAV flight are not considered. The ground coordi-
nate system is regarded as the inertial coordinate system,
ignoring the influence of the earth’s rotation and revolution
and ignoring the change of the earth’s curvature. The
dynamics model [21] is as shown.

_x = v cos γ cos ψ,
_y = v cos γ sin ψ,
_z = v sin γ,
_v = g nx − sin γð Þ,
_γ = g

v
nz cos μ − cos γð Þ,

_ψ = g
v cos γ nz sin μ,

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

ð15Þ

where x, y, and z are the coordinate locations of UCAV in
the coordinate system, respectively. v represents the speed.
γ represents the track angle, and ψ represents the heading
angle. g represents the acceleration of gravity. μ represents
the roll angle around the velocity vector. nx is the overload
in the velocity direction, and nz is the overload in the pitch
direction. _x, _y, _z, _v, _γ, and _ψ are the time derivatives of cor-
responding physical quantities, respectively.

4.1.2. UCAV Maneuver Library. The UCAV maneuver
library refers to the optional set of UCAV maneuver deci-
sions in air combat, which contains the maneuver actions
or maneuver sequences that can be selected in air combat.
The maneuver library is mainly divided into two categories:
the first is the typical maneuver library based on air combat
maneuver tactics, and the second is the basic maneuver
library based on UCAV operation mode. The typical maneu-
vers include vertical somersaults, horizontal roll maneuvers,
stall cobra maneuvers, high yo-yo, and low yo-yo, but these
typical maneuvers are all made up of basic maneuvers.
Therefore, UCAV maneuvers are selected from the basic
maneuver library, and 7 basic maneuver actions designed
by NASA scholars are used [22], which are (1) uniform
and straight flight, (2) maximum acceleration direct flight,
(3) maximum deceleration of direct flight, (4) maximum
overload climb, (5) maximum overload dive, (6) maximum
overload right turn, and (7) maximum overload left turn.
These are shown in Figure 3.

In this paper, based on basic maneuver actions and for-
mula (15), action command ½ _v, γ, ψ� is used to control
UCAV, and a candidate action library for autonomous com-
bat decision-making is established.

(1) Control instructions for uniform and straight flight:

_v, γ, ψ½ � = 0, 0, 0½ �: ð16Þ

(2) Control instructions for maximum acceleration
direct flight:

_v, γ, ψ½ � = _vmax, 0, 0½ �: ð17Þ

(3) Control instructions for maximum deceleration of
direct flight:

_v, γ, ψ½ � = − _vmax, 0, 0½ �: ð18Þ
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(4) Control instructions for maximum overload climb:

_v, γ, ψ½ � = _vmax, γmax, 0½ �: ð19Þ

(5) Control instructions for maximum overload dive:

_v, γ, ψ½ � = _vmax,−γmax, 0½ �: ð20Þ

(6) Control instructions for right turn for maximum
overload:

_v, γ, ψ½ � = _vmax, 0, ψmax½ �: ð21Þ

(7) Control instructions for maximum overload left
turn:

_v, γ, ψ½ � = _vmax, 0,−ψmax½ �: ð22Þ

_v is the tangential acceleration instruction of UCAV, _vmax
and − _vmax are maximum acceleration and maximum decel-
eration, respectively. γ is the track angle inclination instruc-
tion. γmax and −γmax are the climb and dive with the
maximum inclination that the UCAV body can withstand,

respectively. ψ is the heading angle inclination instruction.
ψmax and −ψmax are the maximum angle of deflection right
and left turn, respectively (the right side of the flight direc-
tion of UCAV is positive and the left side is negative).

½ _v, γ, ψ� is an aircraft maneuvering action command, and
Λ is set as a collection of action commands for UCAV. Each
action ai in the maneuver library is composed of several
maneuvering action commands. It can be seen that the
action set A consists of a set of discrete action commands,
which is a subset of the action command set. In order to
get close to the actual flight state, the flight acceleration _v
of the control output is limited to ½−2g, 3g�, the track angle
γ is limited to ½−30 ° , 30 ° �, and the heading angle ψ is lim-
ited to ½−70 ° , 70 ° �.

4.2. Air Combat Situation Assessment and Advantage
Reward Function

4.2.1. Air Combat Situation Assessment. The process of air
combat maneuver decision is to choose the most beneficial
maneuvering action based on the situation information.
The situation information of our UCAV and the enemy
UCAV is regarded as the reward and punishment signal,
and the corresponding air advantage function is constructed.
It can make the decision system choose the right maneuver
and improve the advantage of our UCAV to the enemy
UCAV in air combat. Therefore, air combat situation assess-
ment is particularly important, which affects the combat
effectiveness of UCAV weapons and ultimately affects the
results of air combat [23]. In this paper, the air combat situ-
ation evaluation function of angle situation, distance situa-
tion, height situation, and speed situation is designed, and

1
2

3

4

5

6

7

1. Uniform and straight flight
2. Maximum acceleration direct flight
3. Maximum deceleration of direct flight
4. Maximum overload climb
5. Maximum overload dive
6. Maximum overload right turn
7. Maximum overload left turn.

X
Y

Z

Figure 3: UCAV basic maneuver library.
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the comprehensive situation is obtained by weighting these
four parts, which is used to evaluate the advantages and dis-
advantages of our UCAV.

(1) Angle Situation Indicator. In air combat, the launching
condition of air-to-air missile is more demanding, espe-
cially the launching angle. If our UCAV has an angle
advantage over the enemy, then our probability of winning
will increase dramatically. The angle situation function is
as follows:

Qγ =

3
2 cos γ + 1 −

ffiffiffi
3

p

2 , γj j < π

6 rad,

6
π

ffiffiffi
3

p

2 − 1
 !

γj j − π

3
� �

, π6 rad ≤ γj j ≤ π

2 rad,

8>>>><
>>>>:

Qψ =

3
2 cos ψ + 1 −

ffiffiffi
3

p

2 , ψj j < π

6 rad,

5
3 −

4
π

ψj j, π6 rad ≤ ψj j < 5π
12 rad,

5 − 12
π

ψj j, 5π12 rad ≤ ψj j < π

2 rad,

−1, π2 rad ≤ ψj j < πrad,

8>>>>>>>>>>><
>>>>>>>>>>>:

ð23Þ

where Qγ is track angle situation function and Qψ is the
heading angle situation function. ðxa, ya, zaÞ and ðxb, yb,
zbÞ are the three-dimensional coordinates of our UCAV
and the enemy UCAV, respectively, and our line of sight
vector RLOS = ðxb − xa, yb − ya, zb − zaÞ.

(2) Distance Situation Indicator. The main factor affecting
distance situation is the range of air-to-air missile. This
paper assumes that the detection range of airborne radar of
UCAV must be greater than the range of missile, so the dis-
tance situation function is

QR =
1, R < Rm,

e− R−Rmð Þ2/2σ2 , Rm ≤ R,

(
ð24Þ

where Rm is the missile range. σ is the standard deviation. R
is the straight-line distance between the two UCAVs. When
the enemy UCAV is within the range of the missile, the dis-
tance situation value is always 1. In other cases, the further
the enemy UCAV is from our UCAV, the smaller the situa-
tion value.

(3) Height Situation Indicator. In the process of air com-
bat, the relative height of two UCAV will affect their grav-
itational potential energy. UCAV with higher height is
more likely to transform potential energy advantage into
kinetic energy advantage. The height situation function is
as follows:

QH =
0:1,H<−5 km,
0:5 + 0:1H,−5 km ≤H < 5 km,
1,H ≥ 5 km,

8>><
>>: ð25Þ

where H is the height difference between our UCAV and
the enemy UCAV. The higher the flight height of UCAV,
the greater the situation value. When the relative height is
greater than 5 km, the situation value of height is 1.

(4) Speed Situation Indicator. The flight speed of UCAV
affects the maneuver ability in air combat and the initial
speed of launching air-to-air missiles. The speed situation
function is as follows:

QV =
0:1, vi < 0:6vj,
−0:5 + vi/vj, 0:6vj ≤ vi ≤ 1:5vj,
1, vi > 1:5vj,

8>><
>>: ð26Þ

where vi and vj are the flight speeds of our UCAV and
enemy UCAV, respectively.

(5) Comprehensive Situation Indicator. Comprehensively
considering angle indicator, distance indicator, height indi-
cator, and speed indicator, the comprehensive situation indi-
cator is solved by linear weighting method:

Q =w1Qγ +w2Qψ +w3QR +w4QH +w5QV , ð27Þ

where wiði = 1, 2, 3, 4, 5Þ represents the weight of each situa-
tion value, reflecting the proportion of each situation value
in the comprehensive situation.

4.2.2. The Structure Entropy Weight Method. When the
objective weighting method is used to determine the weight
of enemy UCAV situation index, the error of parameters
measured by airborne sensors will lead to inaccurate weight
values. Therefore, it is necessary to combine subjective
weighting method to make the determination of index
weight more objective and reasonable [24]. A weighting
method combining subjective and objective called “structure
entropy weighting method” [25, 26] is used in this paper.
This method combines Delphi method and fuzzy analysis
method. Firstly, experts are used to evaluate the importance
of indicators subjectively, and then, structure entropy weight
method is used to objectively and quantitatively analyze the
subjective evaluation values of experts. Finally, entropy value
is calculated and “blind degree” analysis is carried out to
obtain reasonable indicator weights. The specific steps of
the structure entropy weight method are as follows.

Step 1. Collect expert opinions and form a “typical ranking.”
Consult with k well-known experts in air combat and

review the information related to air combat to determine
the importance of each situational assessment indicator, as
shown in Table 1, and finally, form a “typical ranking.”
Each expert evaluated the importance of each situation
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assessment indicator and obtained the evaluation matrix A
ðA = aijÞk×5 for each indicator, where i = 1, 2⋯ , k and j =
1, 2,⋯, 5. aij represents a qualitative ranking obtained by
the ith expert after evaluating the jth situation indicator.

Step 2. “Blindness” analysis of “typical ranking.”
Because the experts participating in the survey have

deviations in their understanding of the importance of situ-
ation assessment indicators, the ranking of the importance
of situation assessment indicators might be different from
the real situation, resulting in noise and uncertainty in the
data. It is necessary to correct the result of “typical ranking”
of experts and use the entropy weight method in informa-
tion theory to calculate the entropy value of each indicator,
so as to reduce the uncertainty of “typical ranking” of
experts and make the importance of each indicator judged
by experts more real.

For the qualitative and quantitative transformation of
the ranking number aij in Table 1, the membership function
of the qualitative ranking transformation is defined as

μ aij
À Á

=
ln m − aij
À Á

ln m − 1ð Þ , ð28Þ

where m is the conversion parameter amount, m = j + 2,
m = 7. Through formula (28), the ranking matrix A can be
quantitatively transformed into the corresponding member-
ship matrix B, where bij = μðaijÞ.

The “unanimous view” of k experts on the indicator μj is
called the average degree of awareness, which is recorded as
bj, so

bj =
b1j + b2j+⋯+bkj
À Á

k
: ð29Þ

“Knowledge blindness” is the uncertainty caused by the
expert’s cognition of the factor μj, denoted as Ti; then,

Ti =
max b1j, b2j,⋯,bkj

À Á
− bj

À Á
+ min b1j, b2j,⋯,bkj

À Á
− bj

À ÁÂ Ã
2

�����
�����:

ð30Þ

The overall knowledge of the k experts on the indicator
μj is recorded asxj,

xj = bj 1 − T j

À Á
, xj > 0: ð31Þ

The evaluation vector X = ðx1, x2,⋯,x5Þ of all the experts
on each indicator.

Step 3. Normalization.
In order to get the weight of the indicator μj, normalize

xj = bjð1‐T jÞ; let

wj =
xj

∑5
j=1xj

: ð32Þ

Obviously, wjð j = 1, 2,⋯,5 Þ > 0, ∑5
j=1wj = 1. W = ½w1,

w2,⋯,w5� is the weight vector of the indicator set Q = ½Qγ,
Qψ,QR,QH ,QV � formed by the situation assessment indica-
tor. W is the overall judgment of the consistency of the
importance of the indicator set Q by k “expert opinions,”
which conforms to the wishes or cognition of the k expert
groups.

4.2.3. The Advantage Reward Function. According to the
instantaneous air situation of UCAV in the air combat, the
forward attack capability of UCAV infrared air-to-air missile
at close range is taken into consideration [27], and the
advantage reward function is established in this paper. The
advantage reward function is used as the criterion of reward
and punishment to help the agent choose the best maneuver
and improve the air advantage of UCAV over the enemy
UCAV. When the enemy UCAV is in the missile attack area
of our UCAV, our UCAV takes the advantage, as shown in
Figure 4.

There are 4 conditions for our UCAV to achieve air
advantage. (1) The radar detection range Rr and the range
Rf of air-to-air missile are both greater than the straight-
line distance between the two aircraft R. (2) The velocity
direction of our UCAV and the track angle γ and heading
angle ψ of line of sight vector RLOS are both within the range
of ð−ðπ/6Þrad, π/6radÞ. (3) The height difference between
our UCAV and the enemy UCAV H is greater than or equal
to zero. (4) The comprehensive situation value Qa of our
UCAV must be greater than that Qb of the enemy UCAV.
When the above four conditions are met at the same time,
it can be judged that our UCAV gains the advantage and
obtains the reward value in the stochastic game process,
which can be expressed as follows.

R < Rr , R < Rf ,

ψj j < π

6 rad, γj j < π

6 rad,

H ≥ 0,
Qb <Qa:

8>>>>>><
>>>>>>:

ð33Þ

4.3. Stochastic Game Modeling. In this paper, the UCAV air
combat between the enemy and ours is modeled as a two-
person zero-sum game. According to Section 3, a six-tuple
fn, S, ðaiÞni=1, ðriÞni=1, P, γg needs to be determined in

Table 1: Expert opinion evaluation form.

Expert number Qγ Qψ QR QH QV

Expert 1 a11 a12 a13 a14 a15
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
Expert i ai1 ai2 ai3 ai4 ai5
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
Expert k ak1 ak2 ak3 ak4 ak5
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stochastic game, which is used to construct stochastic game
model in air combat.

(1) Number n: number of UCAV on the enemy and our
side, n = 2

(2) State space S: the state characteristics of UCAV can
be determined according to the factors that affect
UCAV air combat situation. It is mainly composed
of coordinate information ðx, y, zÞ, track angle γ,
and heading angle ψ of UCAV of the enemy and
our party, so

S = xa, ya, za, γa, ψa, xb, yb, zb, γb, ψbð Þ: ð34Þ

(3) Action space ðaiÞni=1: it can be seen from Section 4.1.2
that there are 7 basic actions in the UCAV maneuver
action library. Each action ai in the maneuver library
corresponds to a set of control values ½ _v, γ, ψ�. Thus,
action space A consists of a discrete set of action
values

(4) Reward function ðriÞni=1: in the stochastic game, the
action-value function of Markov process is used to
represent the reward, and Qðs, a, bÞ is used to repre-
sent the action-value function when our UCAV
chooses the action a under state s and the enemy
UCAV chooses the action b. Rewards are evaluated
according to the advantage reward function in Sec-
tion 4.2.3 for the current state s. If our UCAV is
dominant, the reward value r is 1; if the enemy
UCAV is dominant, the reward value r is −1; other-
wise, r is 0

(5) Transition probability P: under the action ða1, b2Þ
combined by our UCAV action a1 and enemy
UCAV action b1, the current state s moves to the
next state s′ probability

(6) Discount factor γ: the discount factor is selected
from ½0, 1�, which is generally about 0.9

5. Air Combat Maneuver Game Strategy Based
on DDQN Algorithm

5.1. The Value Function of the Stochastic Game. The stochas-
tic game is a dynamic game process with state transition
probability involving multiple agents. The game process is
divided into several game stages. At the beginning of each
stage, the agent selects its own strategy and obtains corre-
sponding rewards determined by the current state and strat-
egy. Then, proceed to the next stage randomly according to
the probability distribution and agent strategy. In the new
state, the previous strategy selection process is repeated
and the game continues. All the rewards obtained by agents
in stochastic game are generally summed up by the current
reward value and the expected reward value. Because in
the game environment, the expected reward value will be
affected by the strategy of opponent, and in the process of
air combat, it is generally impossible to predict the maneu-
ver of the enemy aircraft, so this paper adopts Minimax
algorithm to select the optimal strategy of stochastic game.
The core idea of Minimax algorithm is it is assumed that
the enemy agent has perfect decision-making ability, so
every decision of the enemy will put us into the worst situa-
tion, and we hope to find the most beneficial strategy in this
situation. The value function of MDP represents the
expected discount return obtained by the optimal strategy
and the state value function VðsÞ and action-value function
Qðs, aÞ as follows:

V sð Þ = 〠
a∈A

max
b∈B

Q s, a, bð Þπa,

Q s, a, bð Þ = R s, a, bð Þ + γ〠
s′∈S

P s′ sj , a, b
� �

V s′
� �

,

8>>><
>>>:

ð35Þ

where Rðs, a, bÞ is the current reward value of action a and b,
Pðs′js, a, bÞ is the probability of state s transfer to s′ after
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Figure 4: UCAV advantage area.
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action a and b are selected, A and B are optional action
spaces, and πa is policy set. The solution of state value func-
tion is a dynamic programming iterative process. In order to
maximize the action-value function of the current state, the
current reward value plus the action-value function that
maximizes the next state is required.

According to the Minimax algorithm in the stochastic
game, the optimal state value function VðsÞ under state s is

V sð Þ = max
π∈PD Að Þ

min
b∈B

〠
a∈A

Q s, a, bð Þπa, ð36Þ

where PDðAÞ is the discrete probability distribution com-
posed of a series of actions and A and B are the optional
action spaces of our UCAV and enemy UCAV, respectively.
Based on the Q-learning algorithm, the temporal-difference
(TD) [28] error is used to continuously adjust Qðs, a, bÞ so
that the state value of the network output is constantly
approaching the true value. Then, the Minimax method in
Section 3 is used to construct a linear program to solve the
optimal strategy and optimal value function.

5.2. The Establishment of Deep Reinforcement Model for Air
Combat. In air combat, the maneuver actions of our UCAV
and enemy UCAV are characterized by continuity. When
the action space is infinitely continuous, the deep reinforce-
ment model based on Q-learning [29] becomes more com-
plex due to the dynamic nature of transition probability. In
order to solve this problem, the TD method in Q-learning
is used to constantly approximate the current action-value
function. The action-value function based on Minimax algo-
rithm can be obtained by combining formula (36).

Q s, að Þ = r + γV s′
� �

: ð37Þ

In order to overcome the difficulty in determining the
transfer probability P, the action-value function Qðs, aÞ is
updated by adding step size factor α. There is an increment
between the Q value calculated by this method and the orig-
inal Q value, and the size of the updated Q value is adjusted
by the step factor. The combined formulas (36) and (37) are
as follows.

Q s, a, bð Þ =Q s, a, bð Þ + α r + γV s′
� �

−Q s, a, bð Þ
� �

: ð38Þ

Compared with traditional Q-learning, Minimax-Q
method combines the idea of stochastic game. The maxi-
mum value in Q-learning is replaced by Minimax value,
and Vðs′Þ is obtained by linear programming method.
Finally, the optimal strategy under Nash equilibrium condi-
tion is obtained.

The Q neural network constructed in this paper consists
of input layer, hidden layer, and output layer. The input of
the neural network is the situation information of UCAV
on both sides, and the output is the maneuver action value
that our UCAV can select in the state s. Meanwhile, the
UCAV keeps interacting with the environment to get the
optimal action so that UCAV can make operational deci-
sions autonomously and improve its intelligence degree. In
the process of UCAV air combat decision-making, the con-
volutional neural network is firstly used to calculate the
long-term discount expectation of each state action by
approximating the action-value function. Then, the Q net-
work is used as the evaluation basis to iterate all maneuvers
in different states and finally select an optimal maneuver
action. In order to solve the problem of instability or even
nonconvergence when deep neural network approximates
the action-value function, the DDQN algorithm adopted in
this paper introduces an experience replay mechanism
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Figure 5: Minimax-DDQN training process diagram.
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[30]. For each time step t, the state, action, reward, and next
state obtained by our UCAV’s interaction with the environ-
ment are stored in the database and a replay memory
sequence is formed. During the training, a small batch of
experience samples is randomly extracted from the memory
replay sequence each time, and the network parameter θ is
updated using the stochastic gradient descent (SGD) algo-
rithm. The samples for training deep networks are usually
required to be independent of each other. Therefore, the
experience replay mechanism reduces the correlation
between data by repeatedly sampling historical data and
increases the efficiency of data use, thus improving the sta-
bility of the algorithm.

5.3. Minimax-DDQN Network Training Process. Reinforce-
ment learning is the process of constantly learning informa-
tion and modifying strategies in order to achieve the desired
reward. The feature selection results of deep convolutional
neural network are used as input information of reinforce-
ment learning, and the network is continuously trained to
calculate the Q value. DDQN optimizes the loss function
through the reward value of environmental feedback. The
loss function is to compare the estimated Q function
obtained by Bellman equation with the Q value predicted
by neural network and obtain a difference, which is used to
update the network. The DDQN algorithm is a kind of rein-
forcement learning algorithm, which can be used to solve the
problem of unstable algorithm performance caused by over-
estimation of action value of Q-learning. DDQN decon-
structs the action selection and action evaluation in DQN,
which is understood as a copy of network parameters based
on DQN as the target network. Therefore, DDQN defines
two networks with the same structure but different internal
parameters. The advantages and disadvantages of ε greedy
algorithm are evaluated by online network parameter θi so
that the strategy is constantly close to the optimal and the

action is selected. The Q value function is evaluated by the
target network parameter θ−i . The two sets of parameters
separate action selection from strategy evaluation and
reduce the risk of overestimating Q value. After the current
parameters of the target network are fixed for a period of
time, the latest parameters of the online network are passed

Algorithm: UCAV air combat maneuver based on Minimax-DDQN algorithm
1. Initialize the memory replay unit D and limit of memory storage.
2. Initialize online Q network and target Q network, and randomly generate parameters θi and θ−i .
3. forepisode = 1, 2,⋯⋯ ,Mdo
4. Initialize the UCAV situation information of the enemy and our side to observe the current state st
5. forstep = 1, 2,⋯⋯ , Tdo
6. Select one of the seven moves in the basic maneuver library at random with the probability of ε
7. Otherwise, select action at = arg max

a∈A
min
b∈B

Qðst , a, b ; θiÞ
8. Execute the action at
9. Observe reward rt and next state st+1 are obtained
10. Stored data sample ðst , at , bt , rt , st+1Þ is in D
11. end for
12. Take out a group of sample ðst , at , bt , rt , st+1Þ from D randomly.

13. Set yi =
r for terminal si+1
r + γQðsi+1, arg max

ai+1∈A
min
bi+1∈B

Qðsi+1, ai+1, bi+1 ; θiÞ ; θ−i Þ for nonterminal si+1

8<
:

14. Update the online network using gradient descent based on the loss function LðθiÞ = Eðsi ,a,b,r,si+1Þ½ðyi −Qðsi, ai, bi ; θiÞÞ2�
15. Update the target Q network every C turn, set parameter θi = θ−i , and gradually decrease ε value until 0.1.
16. end for

Algorithm 1: Minimax-DDQN algorithm pseudocode.

Table 2: Expert opinion on situation assessment indicators.

Expert
Situation assessment indicators

Qγ Qψ QR QH QV

1 6 8 3 4 2

2 5 7 1 6 3

3 7 9 1 6 3

4 4 9 2 7 5

5 8 9 3 6 4

6 7 8 2 6 5

7 6 9 2 3 4

8 7 8 2 5 4

9 6 9 3 7 4

10 5 8 1 4 3

Table 3: Comparison of weight of AHP and structure entropy
method in air combat.

Situation indicators Weight AHP Structure entropy

Track angle w1 0.1011 0.2197

Heading angle w2 0.3721 0.2856

Distance w3 0.1424 0.1064

Height w4 0.1189 0.2181

Speed w5 0.2655 0.1702
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to the target network. Since the optimal value function VðsÞ
under state s is obtained by Minimax algorithm in Section
5.1, the deep double Q-learning target value function in Sec-
tion 2.2.2 is improved to obtain

yDoubleDQNt = r + γQ s′, arg max
a∈A

min
b∈B

Q s′, a, b ; θi
� �

; θ−i
� �

:

ð39Þ

Then, according to formula (6) in Section 2.2.1, the loss
function of Minimax-DDQN is

L θið Þ = E s,a,r,s′ð Þ r + γQ s′, arg max
a∈A

min
b∈B

Q s′, a, b ; θi
� �

; θ−i
� ���

−Q s, a ; θið Þ
�2�

:

ð40Þ

The specific training process of Minimax-DDQN is
shown in Figure 5.

In summary, the algorithm steps of Minimax-DDQN are
given.

Step 1. Initialize the memory replay unit D. Set the upper
limit of memory storage 106 group data according to the
complexity and diversity of air combat situation.

Step 2. Initialize online Q network and target Q network,
and randomly generate parameters θi and θ−i , respectively.

Step 3. Initialize the UCAV situation information of the
enemy and our side to observe the current statest .

Step 4. Perform T simulations and training. During each
training,

(1) an action is randomly selected from the 7 actions in
the basic maneuver library with the probability of ε,
and the action at = arg max

a∈A
min
b∈B

Qðst , a, b ; θiÞ is

predicted by online network with the probability of
1 − ε

(2) perform the action at and apply the control quantity
½ _v, γ, ψ� to UCAV to observe the next state st+1. The
reward rt is obtained through the advantage reward
function

(3) data sample ðst , at , bt , rt , st+1Þ is stored in memory
replay unit D

(4) judge whether the air combat round is over. If it is
not, loop Step 4. If it is, jump out Step 4

Step 5. Randomly take out a group of sample ðsi, ai, bi, ri,
si+1Þ from memory replay unit D.

Step 6. If si+1 is the terminal, then yi = ri. If si+1 is not the ter-
minal, the linear programming method is first used to obtain
the Minimax state value Vðsi+1Þ, and then, the target Q value
is calculated by Bellman equation:

yi = r + γQ si+1, arg max
ai+1∈A

min
bi+1∈B

Q si+1, ai+1, bi+1 ; θið Þ ; θ−i
� �

:

ð41Þ

Step 7. Update the online network using gradient descent
based on the loss function LðθiÞ = Eðsi ,a,b,r,si+1Þ½
ðyi −Qðsi, ai, bi ; θiÞÞ2�.

Step 8. Update the target Q network every C turn, set param-
eter θi = θ−i , and gradually decrease ε value until 0.1.
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Figure 6: Neural network training loss variation diagram.
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Step 9. Repeat Step 3 to Step 8. The number of training cycles
is M.

The simulation process of Minimax-DDQN algorithm is
described by pseudocode in Algorithm 1.

6. Experimental Simulation and Verification

6.1. Optimization and Verification of Situation Weights
Based on Structure Entropy Weight Method. In air combat
situation assessment, angle, distance, height, and speed
should be considered comprehensively, and the comprehen-
sive situation indicator should be solved by linear weighting
method. The situation assessment indicator weights more
close to actual combat are helpful to the accuracy of the eval-
uation advantage reward function and the reasonable reward
value. Therefore, this paper introduces a structure entropy
weighting method based on the combination of subjective
and objective weighting methods. Through consultation
with 10 experts and scholars in the field, the importance of
each situation indicator was evaluated (important degree is
divided into 9 levels, level 9 is the most important, level 1
is the least important), and expert opinions are obtained as
shown in Table 2.

By using the structure entropy weight method, the com-
prehensive weight of evaluation by many experts is used to
reduce the one-sidedness of a single expert in the analytic
hierarchy process (AHP) method and avoid the subjective
judgment of experts. The comparison results are shown in
Table 3.

It can be seen from Table 2 that the weight ranking result
using the structure entropy weight method is w2 >w1 >w4
>w5 >w3, and the weight ranking result of the AHP is w2
>w5 >w3 >w4 >w1. Through consulting experts, it is
known that our UCAV has the advantage of track angle
and heading angle, which can lead the enemy UCAV to be
in the attack area of our air-to-air missile and can provide

our UCAV with better missile launch conditions. In addi-
tion, our UCAV with a high advantage can find and lock
the enemy UCAV more easily, thus taking advantage of
the opportunity to improve the probability of air-to-air mis-
sile hit. Therefore, the angle situation indicator and height
situation indicator have great influence in the evaluation,
so the weight value is high. In contrast, the weight ranking
results obtained by the structure entropy weight method
are more consistent with the conclusions of the consulting
experts, indicating that this method is more reasonable.

6.2. Simulation Experiment of Minimax-DDQN Network. In
order to verify the algorithm combining deep reinforcement
learning and stochastic game proposed in this paper, the air-
space size of UCAV flight simulation is 5 km × 5 km × 5 km.
Parameter settings of the Minimax-DDQN algorithm are as
follows. A two-layer fully connected feed-forward neural
network is used as the online Q network, which has 10 input
nodes and 7 output nodes. The network has two hidden
layers; the unit size is 1000 and 500, respectively. Sigmoid
function is selected as the activation function in the output
layer, namely, SðxÞ = 1/ð1 + e−xÞ. The number of training
cycles is M = 1000, and the maximum number of decisions
in a single cycle is T = 500, and each decision cycle in the
training environment is 0.5 s. Discount factor γ = 0:95 in

Table 4: Initial state of UCAV air combat maneuver simulation.

Number UCAV X mð Þ Y mð Þ Z mð Þ V km/hð Þ ψ γ μ

1
Our 1200 3260 350 340 −45∘ 5:5∘ 0

Enemy 1500 2600 300 360 −45∘ 8:3∘ 0

2
Our 1200 2500 1800 350 −90∘ 10:2∘ 0

Enemy 1200 3000 2000 400 −90∘ 11:5∘ 0

3
Our 6460 2000 500 300 135∘ 4:7∘ 0

Enemy 7500 2000 350 320 135∘ 8:1∘ 0
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Figure 9: Minimax-DDQN and DQN air combat win time comparison.

15International Journal of Aerospace Engineering



deep reinforcement learning. The learning rate of neural net-
work is lr = 0:0005, and the capacity of memory replay unit
is 106. When the memory unit is full, the latest group of data
will cover the first group of data in the memory unit. 1000
training samples are selected from the memory unit to train
the neural network, and target network parameters are
updated every 3000 steps.

In the simulation, our UCAV selects maneuver strategy
according to Minimax-DDQN algorithm, while the enemy
UCAV adopts DQN algorithm to select maneuver strategy.
During a round, if our UCAV occupies the advantage area,
our UCAV gets reward value r = 1. If the enemy occupies
the advantage area, our UCAV gets reward value r = −1. In
other cases, our UCAV reward value is r = 0. The training
loss obtained by Minimax-DDQN algorithm and DQN algo-
rithm after 2000 steps of training is shown in Figure 6. As
can be seen from the figure, as the number of training steps
increases, the convergence rate of training loss of Minimax-
DDQN network is faster than that of DQN algorithm. The
Minimax-DDQN network becomes stable at 1200 steps,
while the DQN network becomes stable at 1500 steps. In
addition, Minimax-DDQN network finally converges to
0.02, and DQN network converges to 0.12. In Minimax-
DDQN algorithm, Minimax value function VðsÞ obtained
by linear programming is used to update the Q value in
the neural network, which will make the neural network
have higher generalization ability and learning efficiency.
Action selection and action estimation are separated in
DDQN network, which avoids overestimation and improves
the accuracy of algorithm. Therefore, Minimax-DDQN algo-
rithm is significantly more efficient than DQN algorithm.

Air combat has very strict real-time requirements for
maneuver decision-making. Therefore, it is necessary to test
the real-time performance of the maneuver decision model.
In this paper, a total of 4 groups of experiments are carried

out. In each experiment, an accurate one-step decision time
is obtained by averaging 1000 decision times. The decision
time of Minimax-DDQN algorithm, DQN algorithm, and
genetic algorithm is compared, and the results are shown
in Figure 7. As can be seen from the figure, the one-step
decision time of Minimax-DDQN algorithm is maintained
at about 0.6ms, while the decision time of DQN algorithm
and genetic algorithm is about 0.9ms and 3.5ms. The one-
step decision time of Minimax-DDQN algorithm is faster
than that of DQN algorithm. In Minimax-DDQN algorithm,
convolutional neural network is used to process the high-
dimensional continuous situation features of UCAV in air
combat and compress the state space to be explored, thus
improving the decision-making speed of the algorithm.
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Figure 10: UCAV flight trajectory of the first air combat simulation. (a) Main view of the flight trajectory. (b) Top view of flight trajectory.
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The decision time of Minimax-DDQN algorithm is also
obviously better than that of genetic algorithm. Because the
genetic algorithm needs a lot of loop iterative calculation
and the real-time performance is more difficult to meet the
requirements of air combat decision, it can be seen that the
real-time performance of Minimax-DDQN algorithm is bet-
ter than that of other commonly used air combat decision
algorithms.

The three algorithms are used to fit the flight situation
value function of a random segment of enemy UCAV, and
Figure 8 is obtained. It can be seen that Minimax-DDQN
algorithm has better accuracy than DQN algorithm and
genetic algorithm. In the DQN algorithm, the same function
is used for the selection and evaluation of actions, so the
overestimation that the estimated value is larger than the
real value occurs, resulting in the algorithm treating the sub-
optimal as the optimal. However, the double-Q-learning in
Minimax-DDQN algorithm decouples selection from evalu-
ation. The merits and demerits of the ε-greedy algorithm are
evaluated and the action is selected through the online net-
work, and the value function is estimated through the target
network. Therefore, Minimax-DDQN algorithm can solve
the observed overestimation problem and improve the accu-
racy of the algorithm.

In order to reflect the training effect in real time, the
detection is conducted every 20 training steps, and the
UCAV with the advantage area is judged as the winner. By
comparing the Minimax-DDQN algorithm with the DQN
algorithm, the respective strategies are obtained for game
confrontation, and the game winning result is finally
obtained as shown in Figure 9.

With the increase of training times, our UCAV using
Minimax-DDQN algorithm wins more times than the
enemy UCAV using DQN algorithm, and the probability
of winning increases from 40% to 60% in Figure 9. As a

result, Minimax-DDQN can make more accurate and effec-
tive decisions than DQN, guiding the UCAV to occupy
advantage situation positions.

After the algorithm training, a large number of air com-
bat game simulation are carried out. Before each simulation,
the initial position, velocity, track angle, and heading angle
of UCAV are randomly generated. Three typical simulation
results are selected for analysis in this paper. The initial
UCAV status of air combat maneuver simulation is shown
in Table 4.

As shown in Figure 10, the initial position of our UCAV
(red) is behind the enemy UCAV (blue) in the first air com-
bat training scenario. At this time, our UCAV is in the dom-
inant area, but the enemy UCAV wants to escape the threat
of our UCAV by maneuvering, so the enemy UCAV quickly
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Figure 12: UCAV flight trajectory of the second air combat simulation. (a) Main view of the flight trajectory. (b) Top view of flight
trajectory.
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climbs up and turned left and then dives down again. In
response to a series of maneuvers, our UCAV can maintain
a similar angle and altitude to the enemy UCAV and accel-
erate in pursuit of the enemy UCAV. In the end, our UCAV
keeps the enemy UCAV within missile range and continues
to maintain our UCAV advantage.

In the first air combat simulation, the reward value of
UCAV of the enemy and our side is evaluated every 20
rounds, as shown in Figure 11, to evaluate the times of
UCAV in the advantage area. At the beginning of the air
combat, our UCAV is in the rear and higher than the enemy
UCAV, so the average advantage reward of our UCAV grad-
ually increased and gradually consolidated its advantage
position. However, the enemy UCAV tries to maneuver
away from our UCAV, which results in a slight decrease in
the average advantage reward, and eventually the average
advantage reward continues to rise as our UCAV catches
up with the enemy UCAV. It can be seen that the advantage
reward function established in this paper is completely con-
sistent with the simulation results, and Minimax-DDQN
algorithm is faster than DQN algorithm in learning speed
and generalization performance, which can better realize
the selection of maneuver actions in air combat.

The second UCAV flight trajectory is shown in
Figure 12. The initial position of enemy UCAV is behind
our UCAV, and our UCAV is at a disadvantage. As the
enemy UCAV is in a higher position, our UCAV climbs
quickly to the right and watches the maneuver strategy of
the enemy UCAV. At this time, the enemy UCAV also
begins to turn to the right, and our UCAV soon occupies
the height advantage, quickly converts the potential energy
into kinetic energy for a dive attack, occupying the dominant
position.

Since our UCAV is at a disadvantage in the initial state,
the advantage reward of enemy UCAV is greater than our

UCAV. During our UCAV maneuver climb, our UCAV is
temporarily free of enemy threat, so the average advantage
reward for both sides is 0. Until our UCAV heads into the
enemy UCAV and gains a height advantage, advantage value
of our UCAV gradually becomes positive and keeps rising,
as shown in Figure 13.

In the third air combat simulation, the initial position of
the enemy UCAV is behind our UCAV, but our UCAV is
slightly higher. Enemy UCAV tries to quickly climb up
and close to our UCAV. Meanwhile, our UCAV quickly
takes a maneuver action of turning to the right. In the face
of the pursuit of the enemy UCAV, our UCAV circles
behind the enemy UCAV and wins the victory. UCAV flight
trajectory is shown in Figure 14.

As shown in Figure 15, although the initial position of
enemy UCAV is behind our UCAV, the enemy UCAV is
lower than our UCAV. Therefore, the enemy UCAV is not
in the advantage area, and the advantage reward value is 0.
Until the enemy UCAV climbs quickly and gains an advan-
tage, our UCAV advantage reward is negative and the enemy
UCAV advantage reward is positive. Subsequently, our
UCAV makes maneuver to gradually transform the disad-
vantages into advantages. At this time, our UCAV advantage
reward value also gradually becomes positive.

It can be seen from the above simulation experiments
that Minimax-DDQN algorithm has better decision-
making ability than DQN algorithm. First, a reasonable situ-
ation assessment model and advantage reward function are
established in this paper. The structure entropy weight
method is used in the model, which makes the model objec-
tively evaluate the behavior of enemy UCAV. Second, the
DDQN algorithm combines the idea of stochastic game.
The maximum value in Q-learning is replaced with Mini-
max value in Minimax theory, and the optimal strategy is
obtained under Nash equilibrium condition by using linear
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Figure 14: UCAV flight trajectory of the third air combat simulation. (a) Main view of the flight trajectory. (b) Top view of flight trajectory.
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programming method. Assuming the enemy UCAV has a
high level of decision-making ability, our UCAV can
choose the most profitable action when the enemy UCAV
forces our UCAV benefits to decrease. The Minimax algo-
rithm is used to maximize the benefits in the worst situa-
tion. Then, faced with the problem that the algorithm is
difficult to converge quickly in the high-dimensional state
space, the convolutional neural network is used to process
the high-dimensional continuous situation features of
UCAV in air combat, eliminate the correlation and redun-
dancy among the situation features, and thus improve the
convergence speed of the algorithm. Finally, two different
Q networks are used to perform the action selection and
estimation process in the DDQN algorithm, thus solving
the overestimation problem in DQN algorithm and
improving the accuracy of the algorithm. Based on these
four points, our UCAV using Minimax-DDQN algorithm
can defeat the enemy UCAV using DQN algorithm in the
simulation experiment.

7. Conclusion

In this paper, a UCAV maneuver decision algorithm com-
bining deep reinforcement learning and stochastic game the-
ory is proposed based on the characteristics of modern
intelligent air combat. The main conclusions are as follows.

(1) Based on UCAV dynamics model and maneuver
action library, a reasonable air combat advantage
reward function is established in this paper. The sit-
uation assessment model is constructed by using the
structure entropy weight method, which not only
contains the subjective experience and professional
knowledge of experts but also can maintain the
objective authenticity, so the sample has high
credibility

(2) Convolutional neural network is used to process the
high-dimensional continuous situation features of

UCAV in air combat, which can effectively eliminate
the correlation and redundancy between situation
features and constantly approach the action value
function

(3) The DDQN algorithm in reinforcement learning is
introduced to train the agent in interaction with
the environment, and the Nash equilibrium strategy
is solved by combining with the Minimax algorithm
in game theory, and the optimal maneuver decision
of UCAV is obtained

Finally, the simulation results show that Minimax-
DDQN algorithm can effectively improve the autonomous
combat capability of UCAV and has higher intelligence
degree and stronger generalization performance than DQN
algorithm. The simulation results have high engineering ref-
erence value and provide effective support for mission plan-
ning and firepower allocation.
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