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Abstract: Decision-making for autonomous maneuvering in dynamic, uncertain, and nonlinear
environments represents a challenging frontier problem. Deep deterministic policy gradient (DDPG)
is an effective method to solve such problems, but it is found that complex strategies require extensive
computation and time in the learning process. To address this issue, we propose a node clustering
(NC) method, inspired by grid clustering, integrated into the DDPG algorithm for the learning of
complex strategies. In the NC method, the node membership degree is defined according to the
specific characteristics of the maneuvering decision-making problem, and error handling strategies
are designed to reduce the number of transitions in the replay database effectively, ensuring that the
most typical transitions are retained. Then, combining NC and DDPG, an autonomous learning and
decision-making algorithm of maneuvering is designed. The algorithm flow and the pseudo-code
of the algorithm are given. Finally, the NC_DDPG algorithm is applied to a typical short-range
air combat maneuvering decision problem for verification. The results show that the NC_DDPG
algorithm significantly accelerates the autonomous learning and decision-making process under
both balanced and disadvantageous conditions, taking only about 77% of the time required by
Vector DDPG. The scale of NC impacts learning speed; the simulation results across five scales
indicate that smaller clustering scales significantly increase learning time, despite a high degree of
randomness. Compared with Twin Delayed DDPG (TD3), NC_DDPG consumes only 0.58% of the
time of traditional TD3. After applying the NC method to TD3, NC_DDPG requires approximately
20–30% of the time of NC_TD3.

Keywords: unmanned aerial vehicle (UAV); autonomous decision-making; maneuvering decision-
making; deep deterministic policy gradient (DDPG); node clustering (NC); reinforcement learning
(RL)

1. Introduction

UAV autonomous maneuvering decision-making is pivotal in various scenarios, in-
cluding maneuvering target tracking, dynamic route planning, and short-range air combat.
Addressing UAV maneuvering decision-making in dynamic, uncertain, and non-linear
environments is a formidable frontier challenge [1–3]. Among these, short-range air combat
represents a quintessential and particularly challenging application scenario.

Numerous scholars have delved into the autonomous maneuvering decision-making
problem of air combat, employing a variety of innovative methods such as differential
game [4], impact graphs [5], reinforcement learning (RL) [6–8], neural networks [9], immune
systems [10], expert systems [11], genetic fuzzy trees [12], fuzzy reasoning [13], and Ap-
proximate Dynamic Programming (ADP) [6]. These studies have made significant strides,
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offering valuable references and a theoretical foundation for autonomous decision-making
problems. However, these methods also have certain limitations, including the need for an
accurate air combat environment model, reliance on substantial “expert knowledge”, large
decision-making space, and low decision-making efficiency.

Short-range air combat maneuvering decision-making presents several challenges.
Firstly, from the perspective of air combat, the nonlinear changes in the state of existence
and the stepwise jumps in strategy necessitate powerful tools to capture these nonlinear dy-
namics. Secondly, establishing a decision model requires a significant amount of empirical
data to ensure accurate decision-making across various states. However, transitions in air
combat are difficult to obtain, necessitating novel intelligent methods for resolution. Thirdly,
maneuvering decision-making is inherently complex, with air combat status influenced by
factors such as weapons, targets, environment, aircraft, and target characteristics, making
it an exceedingly intricate decision-making problem. Additionally, air combat transitions
must be considered from a global and process-oriented perspective, rather than focusing
solely on short-term gains and losses. These characteristics of air combat maneuver decision
problems pose significant challenges to traditional mathematical methods.

The emergence and development of deep reinforcement learning (DRL) [14,15] have
resulted in a powerful tool for tackling air combat maneuvering decision-making problems.
DRL integrates two machine learning paradigms: reinforcement learning and deep learning.
It retains the “trial-and-error” feedback mechanism of reinforcement learning while lever-
aging the robust mapping capabilities of deep neural networks. This combination enables
an ideal self-learning mode, making DRL naturally suited for air combat maneuvering
decision-making challenges.

Many researchers began to deal with air combat maneuvering decision-making prob-
lems based on DRL, and several intelligent air combat projects based on such methods have
gradually been proposed [16,17]. Many scholars have adopted the Deep Q-network (DQN)
method for maneuvering autonomous learning and decision-making, such as Liu Pin [8],
Yang Qingming [18], Li Yongfeng [19], etc. However, the action space of the DQN adopts a
discrete form of maneuvering action library, which struggles to reflect the maneuvering
actions in actual air combat. New deep reinforcement learning algorithms, such as PPO,
TPRO, A3C, and TD3, continue to emerge, showcasing significant advantages in terms
of convergence speed and accuracy. These algorithms present new options for solving
maneuvering decision-making problems, but their applicability requires further testing
and verification. The study in [20] focuses on the interpretability of air combat algorithms
by combining reinforcement learning and reward decomposition methods, illustrating
decision-making processes in various tactical situations. This allows us to understand
agents’ behavior in greater detail, improving our overall trust in AI applications. It is
critical to ensuring that AI agents perform optimally in their intended environment.

The deep deterministic policy gradient (DDPG) algorithm [21] enables autonomous
learning and decision-making for problems with continuous states and actions, which
aligns well with the characteristics of maneuvering decision-making problems.

However, when facing complex air combat situations, the DDPG algorithm still has
difficulties in learning correct strategies due to the serious nonlinearity of the air combat
decision state space, as well as learning errors in neural networks. Therefore, the efficiency
of the DDPG algorithm needs to be further improved. Focusing on enhancing the efficiency
of DDPG for maneuvering decision-making, many scholars have conducted fruitful work.
Yang [22] used an optimization algorithm to generate prior air combat maneuver action
values, which effectively improved the learning efficiency of DDPG. Jing [23] improved the
transition playback strategy of DDPG, controlled the size of the transition database based
on the concentration adjustment mechanism, and successfully realized the independent
learning of maneuvering strategy under balance and disadvantage conditions. Further-
more, one study [24] proposed an autonomous maneuvering decision-making model based
on the Soft Actor-Critic (SAC) algorithm, which uses a small amount of expert transitions to
increase sample diversity and reconstructs the transition replay buffer, thereby improving
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the exploration and utilization efficiency of maneuver strategy learning. The Twin Delayed
deep deterministic policy gradient (TD3) algorithm optimizes the problem of value overes-
timation and has shown good performance in some continuous control problems. In [25],
autonomous learning and decision-making on maneuvering strategies in complex dynamic
environments were implemented based on TD3.

Integrating DDPG with other algorithms is an effective method to enhance its effi-
ciency, such as through transfer learning [26] and meta-learning [27]. These approaches
can significantly reduce the training difficulty of strategies by leveraging pre-acquired
knowledge, although they require the prior acquisition of specialized knowledge. Xie [28]
combined DDPG with heuristic rules to investigate a method for UAV autonomous track-
ing and landing, successfully realizing the learning of optimal strategies for continuous
autonomous landing. Li [29] proposed an autonomous air combat maneuvering decision
method; a prediction method based on Particle Swarm Optimization Radial Basis Function
(PSO-RBF) was designed, followed by an improved DDPG strategy, which enhanced the
algorithm’s convergence speed. In [30], a new layered decision framework was designed
to tackle the six-degrees-of-freedom (6-DOF) aircraft air combat challenge. The decision-
making process within this framework was bifurcated into two layers, each addressed
separately using reinforcement learning (RL), resulting in improved success rates and effi-
ciency. Liu [31] addressed the sparse reward problem by devising a comprehensive reward
function, thereby enhancing the autonomous training efficiency of air combat algorithms
through the adoption of centralized training and distributed implementation concepts.
In [32], target trajectories were predicted using a Backpropagation (BP) network and a
Long Short-Term Memory (LSTM) network. Tracking points were converted into virtual
pursuit angles as tracking angle commands using angle guidance laws. A variable-scale
reinforcement learning algorithm for short-range air combat was established based on the
Proximal Policy Optimization (PPO) algorithm, achieving a high victory rate.

Scholars from various fields have contributed improvements to address the limita-
tions of the DDPG algorithm. Qi [33] targeted the low sampling efficiency during free
exploration by augmenting the transition replay database with a batch of teaching data,
which significantly enhanced learning efficiency and notably improved the success rate of
crawling tasks. In [34], Zhang integrated the Broyden–Fletcher–Goldfarb–Shanno (BFGS)
algorithm and fuzzy logic to enhance learning efficiency and convergence. These improve-
ments were made across agent exploration strategies, network training algorithms, and
overall algorithm implementation, leading to the proposal of an improved DDPG method
based on a double-layer Backpropagation (BP) neural network. Yu [35] introduced DDPG
for device selection and training configuration in Federated Learning (FL), proposing a
clustering-based aggregation strategy within FL that achieved significant improvements
over existing benchmarks. Hu [36] proposed an Adaptive Parameter Space Noise with
Parallel Experience Replay, Double Critics, and Double Actors DDPG (AP-D4PG) algorithm.
This novel approach demonstrated faster convergence and enhanced robustness compared
to the traditional DDPG algorithm.

It is evident that improving the efficiency of the deep deterministic policy gradient
(DDPG) algorithm is an issue of wide concern. During the operation of DDPG, the agent
generates “trial-and-error” transitions through continuous interaction with the environ-
ment. These transitions are then used to create batch sets for network training via the replay
mechanism. However, due to the complexity of air combat maneuvering decision-making,
obtaining the optimal strategy in certain situations is challenging, leading to a greater
number of “trial-and-error” processes and the generation of a multitude of transitions. As
the algorithm operates, a vast accumulation of transitions occurs in the replay database.
This not only demands a significant amount of operational memory, but also prolongs the
transition replay process, severely impacting the algorithm’s efficiency.

In general, there are still some problems in the research of autonomous maneuvering
decision-making algorithms for UAVs:
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• Enhancing the autonomous learning capability and efficiency of the algorithms under
complex conditions, reducing the computational burden, and ultimately shortening
the learning process;

• Improving the modeling of autonomous maneuvering problems in short-range air
combat to include a more comprehensive set of influencing factors, thereby reducing
the difficulty of convergence.

In response to these challenges, we propose an autonomous learning and decision-
making algorithm for UAV maneuvering in short-range air combat that incorporates node
clustering and DDPG. The main contributions are as follows:

• We propose an improved close-range air combat description model, enhancing the
state representation in accordance with the characteristics of close-range air combat;

• A node fuzzy clustering method is introduced, which processes the transition pool to
eliminate similar transitions and retain the most representative ones;

• By integrating the problem model, node clustering algorithm, and DDPG, we design
an autonomous learning and decision-making algorithm for short-range air combat
maneuvers. The algorithm flow and main steps are detailed in the pseudocode
provided, and extensive simulation verification is conducted.

2. Methodology

According to the characteristics of short-range air combat, the height variable is
introduced into the state vector to improve the problem description model of short-range
air combat and better reflect the situations of short-range air combat.

2.1. State Description

The correct description of the problem state is a prerequisite for achieving ideal results.
The state vector of the problem is represented by vector S, which should contain all factors
affecting the future state.

The spatial relative position of the two sides can be described based on the following
variables: the azimuth υ1 and the pitch angle µ, the azimuth υ2 and the pitch angle −µ
of U1 with respect to U2, and the relative distance d. The definitions of each variable are
shown in Figure 1, OXYZ is an inertial ground coordinate system. Among them,
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υ1 is the angle between the projection of V1 in the horizontal plane OXY and the
projection of target line U1U2 in the OXY plane;

υ2 is the angle between the projection of V2 in the OXY plane and the projection of
U1U2 in the OXY plane;

µ is the angle between U1U2 and the OXY plane.
The variables that describe the motion state of both sides mainly include velocity, i.e.,

V1 and V2, and their track inclination angles, represented by θ1,θ2.
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In fact, environmental factors will also affect the maneuvering decision-making of
the aircraft. When the flight altitude changes, the air density will also change, and the
available overload of the aircraft will change. The available overload will limit the scope
of decision-making. Therefore, the flight altitudes H1 and H2 should also be added to the
current state.

According to the above analysis, the current state can be expressed as

S = [d, υ1, υ2, µ, v1, v2, θ1, θ2, H1, H2] (1)

2.2. Expression of the Attack Area and Achievement of the Attack Conditions

Generally, the launch of infrared short-range missiles needs to meet the following
three conditions (as shown in Figure 2):

(1) U1 needs to enter a certain zone around U2, denoted by D;
(2) U2 also needs to be in a certain zone around U1, denoted by D′;
(3) The distances between the two sides d ∈ [dmax, dmin], dmin, and dmax are the minimum

and maximum launching distances of the missile, respectively.
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The calculation of missile attack zone is very complex and dynamically changing, but
not the focus of this article, so a simplified attack zone is adopted by setting D, D′, dmin,
and dmax to be constant.

2.3. UAV Motion Dynamics Model

In modern air combat, it is necessary to consider the energy loss and replenishment of
UAVs during maneuvering, so a particle motion model, dynamic model, and aerodynamic
model are established, respectively.

2.3.1. Particle Motion Model

A three-degree-of-freedom particle motion model of a UAV is established in the inertial
ground coordinate system OXYZ, as Figure 1 shows.

Suppose that θ is the track inclination and ψ is the track deflection angle of V1. The
particle motion equation can be expressed as

.
x = V cos θ cos ψ = vx.
y = V cos θ sin ψ = vy.

z = V sin θ = vz

(2)
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2.3.2. Aerodynamic Model

Maneuvering actions will change the motion state of the UAV, so the aerodynamic
force must be calculated in the problem model to reflect this basic law. In the velocity
coordinate system (OXYZ)V , lift force FL and resistance f are calculated as follows:{

FL = 1
2 ρV2SUavCF(V, a)

f = 1
2 ρV2SUavCx(V, a)

(3)

ρ is the air density and SUav is the equivalent wing area; CF(V, α) and Cx(V, α) are the
lift and resistance coefficients, respectively.

In order to simplify the model, sideslip is ignored, so there is only attack angle α
between the aircraft coordinate system (OXYZ)p and (OXYZ)v, that is, the angle between
OXp and OXv, as shown in Figure 3. Therefore, the transformation matrix from (OXYZ)p
to (OXYZ)v can be simplified as follows:

Tv,p =

 cos α 0 sin α
0 1 0

− sin α 0 cos α

 (4)
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2.3.3. Dynamic Model

Reference [23] establishes the dynamic model. If the velocity roll angle is γv, the track
deflection angle is ψ, and the track inclination angle is θ, the conversion matrix from OXYZ
to (OXYZ)v is

Tv,e =

 cos θ cos ψ cos θ sin ψ − sin θ
sin γ sin θ cos ψ− cos γ sin ψ sin γ sin θ sin ψ + cos γ cos ψ sin γ cos θ
cos γ sin θ cos ψ + sin γ sin ψ cos γ sin θ sin ψ− sin γ cos ψ cos γ cos θ

 (5)

If the expressions of FL and f in OXYZ are, respectively, F′ =
[

F′x F′y F′z
]T

and

f ′ =
[

f ′x f ′y f ′z
]T

, then

F′ =
[

F′x F′y F′z
]T

= T−1
v,e ·[0 0 −FL]

T . (6)

f ′ =
[

f ′x f ′y f ′z
]T

= T−1
v,e ·[− f 0 0]T . (7)

Assuming that the engine installation angle is 0, engine thrust FT in OXYZ can be
expressed as F′T =

[
F′Tx F′Ty F′Tz

]
; then, there is

F′T =
[

F′Tx F′Ty F′Tz

]
= T−1

v,e ·Tv,p·[FT 0 0]T . (8)



Aerospace 2024, 11, 1055 7 of 29

The three-degrees-of-freedom dynamic model can be obtained as follows:
.
vx = (F′x + f ′x + F′Tx)/m
.
vy = (F′y + f ′y + F′Ty)/m

.
vz = (F′z + f ′z + F′Tz)/m + g

(9)

where m is the mass and g is the gravitational acceleration.

2.4. Action Representation

Assuming that the UAV adopts the BTT control mode, the required overload can be
generated by controlling the change of attack angle α, speed roll angle γv, and engine thrust
FT to achieve the maneuvering purpose. Then, the action in reinforcement learning can be
expressed as

Action = [α, γv, FT ] (10)

3. Design of Air Close-Combat Maneuvering Decision-Making Algorithm Based on the
Node Clustering Method and DDPG

The DDPG algorithm has a natural applicability to air combat maneuvering decision-
making problems for several reasons. Firstly, it retains the characteristics of reinforcement
learning (RL), exploring and learning based on a “trial-and-error” mechanism, which can
address the issue of lacking transitions in air combat. Secondly, DDPG employs both a
value network and a policy network, enabling it to search within continuous state and
action spaces, which is essential for the typical continuous decision-making nature of air
combat maneuvering. Thirdly, DDPG utilizes neural networks to implement value and
policy functions, offering excellent nonlinear mapping capabilities for complex state and
action spaces.

Despite its suitability for air combat maneuvering decisions, DDPG has encountered
some difficulties, particularly the explosion of transition numbers. Each “trial-and-error”
process in air combat generates a relatively large number of transitions, and when the
maneuvering strategy is complex, a significant amount of “trial-and-error” processes are
required, leading to an enormous volume of air combat transitions. While more transitions
theoretically lead to better network learning, storing all these air combat transitions in
the replay database can be disastrous for the algorithm’s operation, greatly increasing
computational load and time. Moreover, many of these transitions are similar and can be
discarded. Only representative air combat transitions need to be retained. This necessitates
a method to classify similar transitions into one category and then use a typical transition
as the representative of this category. Therefore, a node clustering method is proposed in
this paper.

3.1. Node Clustering Algorithm

Clustering method is an effective way to solve classification problems. Common
clustering methods include K-means clustering [37,38], grid-based clustering [39,40], and
so on. However, since the main purpose of this paper is to exclude similar transitions, we
only refer to the ideas of grid division and density calculation, and do not classify, but
only exclude. Based on this purpose, using the ideas of grid clustering for reference, the
following exclusion algorithm is designed:

1. Determine grid scales and set nodes based on these scales to grid the data space.
Fuzzy each dimension of each set of data in the data space towards its nearest node.
A set of data in the data space represents a transition. Suppose that a standardized set
of data contains u dimensions, that is xi = [xi1, xi2, . . . , xiu]. For any dimension xiu of
xi, the corresponding fuzzification scale is represented by du; then, u scales form the
scale vector d = [d1, d2, . . . , du]. The scale vector d, once set, does not change.
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2. For the uth dimension xiu of a set of data xi, using the xi integer divided by du equals
pu, and the remaining remainder is eu. Then,

xiu = pu·du + eu (11)

Node fuzzy xiu as follows:{
xiu ← x′iu = pu·du, eu < 1

2 du
xiu ← x′iu = (pu+1)·du, eu ≥ 1

2 du
(12)

Then, the node fuzzy clustering result x′i =
[
x′i1, x′i2, . . . , x′iu

]
of xi is obtained. Calculate

the Euclidean distance between xi and x′i , and express it in li.

li =
∥∥xi − x′i

∥∥ (13)

li is the membership degree of xi with respect to node x′i .

3. x′j represents the results of another set of data xj after node fuzzy clustering. After the
node fuzzy clustering in step 2, if the node fuzzy clustering results of xi and xj are the
same, that is,

x′i = x′j (14)

it can be considered that the two sets (transition) xi and xj are similar, and one of them
can be excluded.

4. If the two sets of x1 and x2 data are similar, one of them is excluded according to
the size of their node membership l. In general, the smaller the Euclidean distance
between a set of data xi and the node data set x′i , it can be considered that the closer xi
is to x′i , the more xi can reflect the characteristics of the node data set x′i . Therefore, it is
possible to determine which set of data is retained based on the Euclidean distance l.

The advantage of using this approach is that it can reduce the memory requirements
of the algorithm, and only the typical transitions involved in the database need to be stored
(i.e., the other useless parts of the grid data space do not need to be stored).

In RL, each transition usually includes the following elements:

{St, At, rt+1, St+1} (15)

Since the values of rt+1 and St+1 are determined by St and At, node fuzzy clustering
is only performed on St and At. If St and At in two transitions tend to the same node after
being clustered, that is,

{S1t, A1t, r1,t+1, S1,t+1}−− >
{

S′1t, A′1t, r1,t+1, S1,t+1
}

{S2t, A2t, r2,t+1, S2,t+1}−− >
{

S′1t, A′1t, r2,t+1, S2,t+1
} (16)

then one set of transitions can be excluded according to the Euclidean distance minimization
method described above.

3.2. Autonomous Short-Range Air Combat Maneuvering Decision-Making Algorithm Based on
Fuzzy Node Clustering and DDPG

As shown in Figure 4, following the algorithm framework of DDPG, four neural
networks are also adopted in this algorithm: two actor policy networks with the same
structure, namely Actor_online network NN(θπ) and Actor_target network NN(θπ−), and
two critic evaluation networks with the same structure, namely Critic_online network
NN

(
θQ) and Critic_target network NN

(
θQ−).
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vering based on DDPG and node clustering.

The role of NN(θπ) is equivalent to the strategy function π(·). θπ represents the
network parameters. Then,

Action = π(S|θπ) (17)

The role of NN
(
θQ) is equivalent to the value function Q

(
S, Action

∣∣θQ), where θQ

represents the network parameter. Setting NN(θπ−) and NN
(
θQ−) can enhance the

stability of the algorithm learning process.
The overall framework of the algorithm is shown in Figure 4, and its running process

can be divided into three phases:



Aerospace 2024, 11, 1055 10 of 29

• Phase 1—Decision-making and exploration;
• Phase 2—Node fuzzy clustering;
• Phase 3—Learning and training.

The main steps and content of each phase are described below.

3.2.1. Decision and Exploration Phase

In this phase, the main steps of the algorithm are as follows:

1. Obtain the current state St and take it as the input of the U1 policy network NN(θπ).
The output is the action at =

[
ny γ FT] for U1. Take St as the input of the U2 policy

network, and the action a2t to be performed by U2 can also be obtained.
2. U1 performs action at, U2 performs action a2t, and the current state becomes St+1.

According to the changes in state, U1 receives a return rt.
3. Based on this process of state change, a transition {St, at, rt, St+1} can be obtained and

stored in the temporary transition database D1.
4. End condition judgment.

The pseudo code of the main program and phase I is as Algorithm 1 shows.

Algorithm 1: Pseudo code of the main program

1: Initialize transition replay database D to capacity ND, initialize temp transition database D1 to capacity ND1;
2: Initialize the critic network NN

(
θQ) and the actor network NN(θπ) randomly. Initialize the target network

NN
(
θQ−) = NN

(
θQ) and NN(θπ−) = NN(θπ).

3: Initialize Parameters: random probability ε, learning rate τ, maximum episode Ep, target networks update interval
fu, training frequency ft, node clustering frequency fnc, discount ratio γ, maximum step T, mini-batch size N.
4: For episode e = 1 to Ep do
5: Observe initial states of UAVs to obtain the current situation: speed, distance and azimuth of both sides. Height
difference. S = [d, υ, υ, µ, v1, v2, θ1, θ2, H1, H2].
6: If t <= T do
7: Maneuver actions decision of both sides based on st with ε− greedy. Action: at = [α, γ, FT ].
8: Perform action at, get reward rt and new state st+1.
9: Save transition {st, at, rt+1, st+1} into temp database D1.
10: End if
11: If the remainder of e/fnc is equal to 0
12: Clustering and similarity exclusion on D and D1 based on algo. 2.
13: End if
14: If the remainder of e/ft is equal to 0
15: Training NN

(
θQ) and NN(θπ) based on algo. 3.

16: End if
17: If the remainder of e/fu is equal to 0
18: Soft updating. θπ− ← (1− τ)θπ−+τθπ ; θQ− ← (1− τ)θQ−+τθQ .
19: End if
20: End for

3.2.2. Node Clustering Phase

In order to improve the algorithmic efficiency, a temporary database D1 is set in the
algorithm in this paper. The empirical data generated in the exploration of stage 1 is first
stored in D1; then, node clustering and similar exclusion are performed on D1. Finally, the
empirical data in D1 and D are compared for similar exclusion. The main steps of phase II
are as follows:

1. Set the node division scale of each state variable in the state vector S and obtain the
division scale vector dS = [dS1, dS2, . . . , dSm] of the state node. The scale of each action
variable in the action vector is also set, and the scale vector dA = [dA1, dA2, . . . , dAk]
of the action node is obtained.
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2. For transition {St, At, rt+1, St+1}, node clustering is performed on St and St+1 based
on dS, and node clustering is performed on At based on dA. The transition{

St.node, At,node, rt+1, St+1,node
}

after node clustering is obtained. Suppose that the
transition obtained by another transition

{
S′t, A′t, r′t+1, S′t+1

}
after node clustering is{

S′t.node, A′t,node, r′t+1, S′t+1,node

}
, if and only if[

S′t.node, r′t+1, S′t+1,node

]
= [St.node, rt+1, St+1,node] (18)

{St, At, rt+1, St+1} and
{

S′t, A′t, r′t+1, S′t+1
}

are considered similar. If they are not simi-
lar, both transitions need to be preserved.

3. Calculate the similarity R between each experience {St, At, rt+1, St+1} in D1 and its
corresponding node experience

{
St.node, At,node, rt+1, St+1,node

}
. See formula (18). The

similarity R and the labels of the node experience are retained in the transition as
{St, At, rt+1, St+1, R, n_lable};

4. If two transitions are similar, the similarity R of the two transitions is compared. The
smaller R is, the higher the similarity is. Retain one transition and exclude the other
transition.

5. Compare the transitions in D1 and D pairwise to exclude similar transitions with low
similarity.

6. Merge D1 and D.

The pseudo code of fuzzy node clustering and similar exclusion is as Algorithm 2
shows.

Algorithm 2: Pseudo code of node clustering and similarity exclusion

1: Initialize state node division scale IdS, initialize action node division scale IdA.
2: Obtain the number of experiences in D1 and D, expressed in ND1 and ND respectively.
3: For n = 1 to ND1 do
4: Node clustering of state variables in St and St+1, node clustering of action variables in At, then experience after
node clustering can be obtained as

{
St.node, At,node, rt+1, St+1,node

}
.

5: Calculate the similarity R between {St, At, rt+1, St+1} and
{

St.node, At,node, rt+1, St+1,node
}

.
6: Judge whether {St, At, rt+1, St+1} is similar to the other experiences that have been node clustered. If there is
similar experience, it shall be excluded according to the similarity R.
7: End for
8: Obtain the number of experiences in D1, expressed in N′D1
9: For n = 1 to N′D1 do
10: For m = 1 to ND do
11: Judge whether {St,n, At,n, rt+1,n, St+1,n} in D1 is similar to {St,m, At,m, rt+1,m, St+1,m} in D. If they are similar
experience, one of them shall be excluded according to their similarity R.
12: End for
13: End for

3.2.3. Network Learning Phase

In the learning phase of phase III, the methods and steps of network learning follow
the principles of DDPG. The main steps are as follows:

1. N pieces of transitions are obtained according to the transition replay strategy to form
a mini-batch set. The replay strategy is as follows:

2. For any transition {St, at, rt, St+1}, the current state action value Q
(
St, at

∣∣θQ) is ob-
tained according to the value network NN

(
θQ) and [St, at].

3. The best action a−t+1 in this state is obtained according to the target strategy network
NN(θπ−) and St+1 in the transition.
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4. Taking [St+1, a−t+1] as input, the state action value Q
(
St+1, a−t+1

∣∣θQ−) is obtained ac-
cording to the target value network NN

(
θQ−), and the expected value

rt + γ·Q
(
St+1, a−t+1

∣∣θQ−) of the evaluation network of this transition can be further
obtained.

5. Construct the error function L
(
θQ) of the current value network NN

(
θQ):

L
(

θQ
)
= E

((
rt+γQ

(
St+1, a−t+1

∣∣∣θQ−
)
−Q

(
St, at

∣∣∣θQ
))2

)
(19)

6. Update NN
(
θQ) based on L

(
θQ) and the error gradient backward propagation algo-

rithm, where the gradient is expressed as

∇θQ L
(
θQ
)
=

∂L
(
θQ)

∂θQ
=
(

rt+γQ
(

St+1, a−t+1

∣∣∣θQ−
)
−Q

(
St, at

∣∣∣θQ
))∂Q

(
St, at

∣∣θQ)
θQ (20)

7. Update the current strategy network NN(θπ) with the error gradient back propaga-
tion algorithm. The loss function of NN(θπ) is represented by L(θπ). The gradient
of L(θπ) with respect to θπ is equivalent to the expected gradient of Q

(
s, a
∣∣θQ) to θπ ,

and its expected value is generally estimated without bias, according to Monte Carlo
methods using the mini-batch training set.

∇θπ L(θπ) =
∂L(θπ)

∂θπ
= E

(
∂Q
(
s, a
∣∣θQ)

θπ

)
(21)

Since a = π(s|θπ), substituting it into the above formula, we can obtain[
S′t.node, r′t+1, S′t+1,node

]
= [St.node, rt+1, St+1,node] (22)

8. Update the target networks NN(θπ−) and NN
(
θQ−) with a soft strategy at regular

intervals, as shown in formula (23).

θπ− ← (1− τ)θπ−+τθπ

θQ− ← (1− τ)θQ−+τθQ (23)

τ is the learning rate, and 0 < τ < 1.
The pseudo-code of the network learning algorithm is as Algorithm 3 shows.

Algorithm 3: Network training algorithm based on DDPG

1: Set the target error of the networks training as EQ,Tar.
2: Sample N transitions from D based on replay strategy.
3: If EQ > EQ,Tar

4: Set y′ =
{

0
Q
(
St+1, a−t+1

∣∣θQ−)St+1 ∈ terminal status
St+1 /∈ terminal status

5: Set yt = rt + γy′ as the target value of the Critic network NN
(
θQ)

6: Update network NN
(
θQ) by minimizing loss function L

(
θQ) = E

((
yt −Q

(
st, at

∣∣θQ))2
)

.
7: Update network NN(θπ) by error gradient

∇θπ J(θπ) =
∂L(θπ)

∂θπ = ES

(
∂Q(st ,at|θQ)

∂θπ

)
= ES

(
∂Q(st ,at|θQ)

∂at
· ∂π(st |θπ)

∂θπ

)
8: Calculate the current training error of the critic network NN

(
θQ). EQ = ∑

n

1
n

((
yt −Q

(
st, at

∣∣θQ))2
)

9: End If
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3.3. Improved Reward Function Design

Designing a perfect and accurate reward function based on professional knowledge is a
key step to obtaining high-performance reinforcement learning algorithms, and has a great
impact on improving algorithm efficiency and obtaining excellent strategies. However,
air combat decision-making is a complex nonlinear problem that is constrained by many
factors, such as aircraft performance, weapon attack conditions, environment, etc. Since the
action mechanism of many factors is not conclusive, professional knowledge is adopted to
a limited extent to improve the reward function in this study.

The air combat situation is divided into three undisputed situations: attack conditions
met, attack conditions not met and not attacked, and attacked. The impacts of flight control
and environment are also reflected in the form of reward functions. The decision action
is not feasible and exceeds the limited range. The reward functions for five scenarios are
as follows.

1. When the attack conditions are met, the agent should receive a larger positive reward,
and according to the energy air combat theory, the faster the UAV is retained, the
better, so the reward function is defined as follows:

rt = 100·
(

v1 + 50
v2 + 50

)
(24)

where v1 and v2 are, respectively, the speed of the UAV and the target, in m/s.
2. When the attack conditions are not met and not attacked, it means that the action

does not achieve an effective result and should receive a negative reward value. The
reward function is defined as follows:

rt = −1 (25)

3. When the attack conditions are not met and are attacked, the UAV should receive a
larger negative reward (punishment). The faster the UAV is retained, the stronger the
ability to avoid missile attack, and the negative reward should be reduced accordingly.
The greater the retention speed of the target machine, the more difficult it is to avoid,
so the negative reward increases accordingly. Therefore, the reward function is defined
as follows:

rt = −50·
(

v2 + 50
v1 + 50

)
(26)

4. If the decision result exceeds the current capability of the UAV, the decision is wrong
and a larger negative reward should be given:

rt = −20 (27)

5. If the current state exceeds the limit, a negative reward value should be given to avoid
this state:

rt = −10 (28)

4. Simulation and Verification

Due to the limitations of computing, the simulation difficulty is reduced in this paper.
Both the target and the UAV are restricted to maneuvering in a plane, without vertical
maneuvering, and the flight altitude is 2000 m. At the same time, assuming that the speed
of the target does not change and presents circular motion, the target speed is 220 m/s, and
the initial speed of the UAV is also 220 m/s.

Considering the complexity of missile attack zone and target radiation characteristics,
the missile launch zone is simplified. Set the cone apex angle of D to 160◦ and D’ to 100◦.
Combined with Figure 2, the emission condition 1 can be expressed as follows: the angle
between the target line U1U2 and the velocity vector V2 is greater than 120◦. Emission
condition 2 can be expressed as follows: the angle between the target line U1U2 and the
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velocity vector V1 is less than or equal to 50◦. Set the values of dmin and dmax to be fixed
and unchanged at 500 m and 6 km, respectively.

4.1. Validity Verification of the Node Clustering Algorithm

To assess the effectiveness of the node clustering algorithm, the three variable values in
state St are used as coordinates to generate a point in three-dimensional space. This method
allows for a visual representation of the distribution of transitions within the transition
database. For ease of comparison, the visual distributions of the transition database before
and after clustering are provided. Additionally, the performance is compared with the
vector distance method presented in [23].

Firstly, [d, υ1, υ2] are selected as coordinate values for three-dimensional presentation.
TS is the temporary transition database generated by the algorithm after 500 rounds of air
battle, and the number of transitions is 40,189. The transition database obtained after the
node clustering of TS is represented by TS1, the total number is reduced to 14,081, and
the time cost is 3.502 s. The transition base obtained after the vector distance similarity
exclusion for TS is represented by TS2, the total number is reduced to 12,744, and the time
cost is 40.716 s. The time of the vector distance method is much longer than the method
in this article. This is because the vector distance between each two pairs needs to be
calculated to eliminate similar transitions, and the calculation amount is large. However, in
the method in this paper, for each transition, the Euclidean distance from the corresponding
node only needs to be calculated once, and then the distances are compared to exclude
similar transitions, resulting in a significant reduction in calculation amount.

After normalizing the [d, υ1, υ2] of each transition according to a uniform law, the
three-dimensional distributions of TS, TS1, and TS2 are shown in (a), (b), and (c) in Figure 5,
respectively.
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In Figure 5, each point represents a transition, and Figure 5a is a visual representation
of the transition distribution of the database before clustering; Figure 5b shows the visual
display of the transition distribution of the database after node clustering in this paper,
and Figure 5c shows the visual display of the transition distribution after similar exclusion
using the vector distance method. From the visual comparison of transition distribution, it
can be seen that after node clustering or vector distance similarity exclusion, the transition
in transition-intensive regions is obviously reduced, such as in the Zs2 region, and the color
of the same region in Figure 5b,c is obviously lighter, indicating that the density is reduced.
At the same time, the number of transitions in transition-sparse regions is not significantly
reduced, such as in the Zs1 region, indicating that the algorithm retains the transition
of sparse transition regions. This proves that both methods are effective in excluding
similar transitions.

By comparing the Zs3 and Zs4 regions in Figure 5b,c, it can be seen that the graph in
Figure 5b is closer to the distribution shape of the original database, and the distribution is
more uniform, which has a better retention effect on sparse samples. Therefore, it can be
considered that the node clustering method in this paper can better maintain the diversity
of transition, is beneficial for subsequent network learning, and helps to improve the
robustness of the network trained.

In order to confirm the universality of the conclusions, [υ1, υ2, α] is selected as the
coordinate value for three-dimensional presentation, and after normalizing the [υ1, υ2, α] of
each transition according to a unified law, the three-dimensional distributions of TS, TS1,
and TS2 are shown in (a), (b), and (c) in Figure 6, respectively.
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In Figure 6, using [υ1, υ2, α] as coordinates, the transition distributions before cluster-
ing, after clustering, and after vector distance exclusion are visually displayed.
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It can be seen that, on the whole, Figure 6b is closer to the transition distribution of
the original data, and can be considered to better retain the distribution characteristics of
the original database. Comparing the Zn1 region of the three figures, it can be seen that
Figure 6b is almost identical to Figure 6a, while Figure 6c is much sparser compared with
Figure 6b. Obviously, some transitions are excluded from the region in Figure 6c, so the
proposed method in this paper has better sparse transition retention ability and can better
maintain the diversity of the transition database.

4.2. Verification of Algorithm Validity

In order to verify the autonomous learning and autonomous decision-making ability of
the algorithm, different initial conditions are set for verification, including the advantageous
situation, the disadvantageous situation, and the equilibrium situation.

4.2.1. Verification of Algorithm Validity Under the Advantageous Situation

In the OXYZ coordinate system, the heading angle of UAV1 (replaced by U1 behind)
is 60◦, the heading angle of UAV2 (replaced by U2 behind) is −20◦, the initial coordinate
of U1 is (0, 2000, 0), the initial coordinate of U2 is (6000, 2000, 0), and the initial distance
between the two drones is 6 km. At this time, the azimuth angle of U2 relative to U1
υ1= 60◦ and the azimuth of U1 relative to the target U2 υ2= 160◦. The maximum number
of air combat episodes EP = 5000, the node cluster exclusion frequency fc = 100 episodes,
the network learning frequency fT = 200, and the network soft update frequency fu = 400.

In a certain period, NCy rounds of air combat are conducted by the algorithm, the
number of winning rounds is NSu, and the winning ratio is defined as

pSu = NSu/NCy (29)

Similarly, if the number of failed rounds is NFl and the number of rounds in other
situations (such as out of control, out of boundary, etc.) is NOth, the failure ratio and other
case ratio can be defined as

pFl = NFl/NCy (30)

pOth = NOth/NCy (31)

In the process of 5000 rounds of exploration and learning, the algorithm takes about
37 min, and the change curves of pSu, pFl , and pOth are shown in Figure 7.
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Figure 7. The change curves of pSu, pFl , and pOth in the advantageous situation.

It can be seen from the figure that the occurrence of other situations was first avoided
through exploration in the early stage, but because the correct strategy was not found, the
probability of failure increased, and as the learning process progressed, when the algorithm
found the optimal strategy, the success rate pSu gradually increased, and the failure rate
pFl and other ratios pOth decreased rapidly.
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In the learning process, the algorithm carries out continuous strategy exploration, and
the typical emerging processes are shown in Figure 8. From the changes in the maneuvering
process, it can be seen that, on the whole, U1 carried out more exploration attempts in the
early stage of the algorithm operation, found more typical processes, and gradually found
an excellent winning strategy in the later stage.
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Figure 8. Some typical processes emerged with algorithm in the advantageous situation.

Based on the trained strategy network NN(θπ), a maneuvering decision under the
same initial conditions is made. The maneuvering processes of U1 and U2 are shown in
Figure 9. It can be seen that U1 achieved missile attack conditions against U2 through
left-turn maneuvering with a large overload.

Aerospace 2025, 12, x FOR PEER REVIEW 18 of 31 
 

 

 
Figure 7. The change curves of Sup , Flp , and Othp  in the advantageous situation. 

Based on the trained strategy network ( )N N πθ , a maneuvering decision under the 

same initial conditions is made. The maneuvering processes of U1 and U2 are shown in 
Figure 9. It can be seen that U1 achieved missile attack conditions against U2 through left-
turn maneuvering with a large overload. 

 

  
 

   
   

Figure 8. Some typical processes emerged with algorithm in the advantageous situation. 

 

0 1,000 2,000 3,000 4,000 5,000
episodes ep(times)

0

0.2

0.4

0.6

0.8

1

R
at

io
（

(N
suc

c,
N

fai
lu

re
,N

oth
er

)/N
cyc

le
） Winning ratio P-Su

Failure ratio P-Fl
Other situation ratio P-Oth

Figure 9. The maneuvering decision process based on the trained strategy network in the
advantage situation.

Figure 10a to Figure 10c, respectively, show the change curves of engine thrust, angle
of attack, and speed roll angle determined by NN(θπ) in the maneuvering process of U1,
and Figure 10d shows the change curves of speed during the maneuvering process.
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Figure 10. Results of maneuvering command decision-making based on NN(θπ) for U1 in the
advantageous situation. (a) Change curve of engine thrust decision; (b) change curve of angle of
attack decision; (c) change curve of speed roll angle decision; (d) change curve of speed during
maneuvering.

It can be seen from the simulation results that, based on NN(θπ), U1 presented correct
decision-making in relation to its actions, which not only ensures the flight control of the
UAV, but also meets the attack conditions of its own missiles.

It can be observed that in order to meet the launch conditions, U1 continuously
performs high-overload turns to quickly bring the opponent into the missile’s attack angle
range. Accompanying these high-overload turns, U1’s speed continuously decreases. To
compensate for the loss of speed, the engine thrust is continuously increased. These changes
in parameters all meet the basic requirements of high-overload maneuvering.

4.2.2. Analysis of the Influence of Clustering Scale on Algorithm Performance

In order to analyze the characteristics of the algorithm when the clustering scale is
different, different clustering scales are set, respectively, and the simulation analysis of
self-learning is carried out under the same condition.

Firstly, multiple clustering scales are set by adjusting the number of variable nodes,
with the number of nodes for each variable set as shown in Table 1. It should be noted that
due to the limited capabilities of the computing equipment, this simulation is limited to
a horizontal plane at an altitude of 2000 m, and it is assumed that the target performs a
uniform turn. At this time, µ, v2, θ1, θ2, H1, H2 are constant values, so these variables do not
require clustering nodes to be set.

Table 1. The number of nodes for each variable set for different clustering scales.

d υ1 υ2 v1 FT α γv

Scale 1 40 50 50 40 40 40 100
Scale 2 20 50 100 40 40 40 50
Scale 3 20 50 50 20 20 20 50
Scale 4 20 25 25 20 20 20 25
Scale 5 20 20 25 20 20 20 20
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As can be seen from Table 1, under scale 1, the number of nodes set for each variable
is the largest, the nodes are the most dense, and the clustering scale is the smallest; under
scale 5, the number of nodes set for each variable is the smallest, the nodes are the most
sparse, and the clustering scale is the largest. In terms of clustering scales, the following
relationship exists:

Scale 1 < Scale 2 < Scale 3 < Scale 4 < Scale 5

Simulation tests are conducted based on different clustering scales, with other condi-
tions remaining unchanged. Each scale underwent four rounds of simulation. The curves
showing the change in winning rate across different rounds of simulation are illustrated
in Figure 11a–e. Table 2 records the evolutionary generation when the winning rate psucc
reaches 100% in each simulation, denoted as np_succ, as well as the time consumed by the
algorithm to complete all 5000 rounds of simulation, denoted as TCost.
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Table 2. psucc = 100% algebra and time TCost to complete EP = 5000 full learning.

Round1 Round2 Round3 Round4 Average1 Average2
Number of

Non-Convergence
Rounds

Scale1
np_succ -- 2850 3350 4500 5175 3566.67

1
TCost(h) 1.39 0.83 0.98 1.22 1.11 1.01

Scale2
np_succ -- 2750 1850 2900 4375 2500

1
TCost(h) 1.47 0.87 0.73 0.94 1.19 0.82

Scale3
np_succ 4550 1700 2900 1700 2712.5 2712.5

0
TCost(h) 1.09 0.64 0.86 0.72 0.83 0.83

Scale4
np_succ 1850 1800 3650 2950 2562.5 2562.5

0
TCost(h) 0.70 0.71 1.13 0.84 0.85 0.85

Scale5
np_succ 2500 1400 -- 650 3637.5 1516.67

1
TCost(h) 0.83 0.67 1.02 0.97 0.85 0.79

“--” indicates that the algorithm is not converged, and the mean value of TCost is calculated according to
“TCost = 10,000”.

In Figure 11, (a) shows the simulation results at scale 1, (b) shows the simulation results
at scale 2, and so on. From the simulation results, it can be observed that at scales 1, 2, and
5, there was one round of simulation that did not converge on three occasions, accounting
for 15% of the total 20 rounds of simulations. The simulations based on scales 3 and 4
were all successful. Judging from the simulation results, the algorithm exhibits significant
randomness. Even the learning processes conducted at the same scale vary greatly. For
ease of observation, the average values of the four rounds of simulation results at each scale
are compared, and the statistical results are shown as “Average1” in Table 2. At the same
time, for a more intuitive comparison, histograms of the average values of np_succ and TCost
at each scale are provided in Figure 12a. If the rounds that did not converge are excluded
and the statistics are re-calculated, different results are achieved, shown as “Average2” in
Table 2 and on the histogram in Figure 12b.
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Figure 12. Comparison of histograms of the mean values of np_succ and TCost at various scales.

It can be conveniently observed that although the algorithm exhibits a certain degree of
randomness, different clustering scales have a significant impact on the algorithm. Basically,
under scale 1, the learning process is more time-consuming and takes longer, with the mean
values of np_succ and TCost being the largest. Scale 2 follows closely. If we consider that
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there is an unsuccessful learning process under both scale 1 and scale 2, it can be inferred
that when the clustering scale becomes smaller and the number of nodes is larger, this
will increase the learning difficulty of the algorithm. However, larger is not necessarily
better for the learning scale. Scale 5 has the largest clustering scale and the least number
of nodes, but it does not have an advantage in terms of time consumption and even has
an unsuccessful learning process. The learning processes under scales 3 and 4 are the
most stable.

Overall, when there are a large number of variable clustering nodes, the description of
states and actions by the clustering nodes is more refined, but this obviously puts higher
demands on the learning algorithm, which will also lead to a longer learning process and
more time consumption. However, the clustering scale should not be as large as possible.
When there are fewer nodes, this may lead to overly coarse descriptions of states and
actions by the nodes, resulting in oscillations in the learning process, which is also not
conducive to algorithm convergence. Therefore, when applying this method, the node scale
should be determined comprehensively based on the computing power of the equipment,
accuracy requirements, and algorithm convergence.

4.2.3. Comparative Analysis with TD3 Algorithm

The TD3 (Twin Delayed DDPG) algorithm is a novel deep reinforcement learning algo-
rithm that primarily integrates the concept of Double Q-Learning into the DDPG algorithm.
By incorporating a set of critic networks, it addresses the issue of overestimating values.
Additionally, it introduces noise into the exploration process, enhancing the exploration
process and effectively avoiding local optima. Based on the standard TD3 algorithm, a ma-
neuver decision-making autonomous learning algorithm is constructed. Furthermore, by
integrating the NC method proposed in this paper with the TD3 method, an NC-TD3-based
maneuver decision-making autonomous learning algorithm is developed. Simulation
validations are conducted over multiple rounds based on TD3 and NC-TD3, respectively,
and the node clustering scale selected is scale 3 from Table 1.

In the verification based on the standard TD3 algorithm, the curve of winning rate
psucc changes during the process of Ep = 10,000, as shown in Figure 13. It can be seen that
the self-learning of the maneuvering strategy can also be achieved based on the standard
TD3 algorithm.
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Figure 13. The change curves of pSu, pFl , and pOth based on TD3 in the advantageous situation.

However, due to the lack of similarity elimination in the transitions library of the
standard TD3 algorithm, the number of transitions in D1 rapidly increases, which also
leads to a rapid increase in the amount of transitions, as well as replay and network
learning computation, resulting in an abnormally slow completion of the training process.
Table 3 presents a comparison of the learning process results between the TD3-based
algorithm and the NC-DDPG-based algorithm, focusing primarily on the comparison of the
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number of transitions in D1, algorithm running time (Time Cost), and the moment when
psucc = 100%.

Table 3. Comparison of the standard TD3 algorithm with typical NC-DDPG simulation results.

Number of Episodes Number of Transitions in D1 Time Cost (h) psucc = 100% Algebra

TD3 10,000 2,147,962 147.53 7450
NC-DDPG 5000 164,766 0.86 2900

In terms of the most important time spent, it can be seen that the standard TD3
algorithm took 147.53 h to complete a round of training without similar exclusion, while
the typical learning process of NC-DDPG under the same conditions took only 0.86 h
to complete, which shows that it is necessary to use a certain method to exclude similar
transitions. Additionally, considering that the time consumption of the standard TD3
algorithm significantly exceeds that of the algorithm presented in this paper, further
experiments will not be conducted.

Based on NC-TD3, multiple rounds of simulations were conducted with Ep set to
10,000. The curves depicting the change in winning rate psucc across eight different rounds
of simulations are shown in Figure 14. The main simulation results are presented in Table 4.
Here, psu_ f inal represents the final value of psucc, TCost represents the time consumed for
10,000 episodes of learning, and ND1 represents the number of transitions in D1.
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Table 4. The main simulation results of NC-TD3.

Round1 Round2 Round3 Round4 Round5 Round6 Round7 Round8

psu_ f inal 100% 100% 100% 89.2% 88.4% 96.8% 91.8% 96.4%
TCost(h) 2.19 3.43 1.88 6.47 4.32 4.19 2.76 3.81

ND1 367,211 439,802 243,338 891,622 499,679 450,977 315,151 317,115

From the simulation results, it can be observed that the learning process based on
the NC-TD3 algorithm demonstrates good algorithmic effectiveness. Compared to the
NC-DDPG algorithm, it exhibits distinct characteristics, including the following:

(1) The algorithm operation process is relatively stable, and the final results of pSucc are
above 88% in all eight rounds of simulation.

(2) There is a notable difference between the pSucc rising curve of NC-TD3 and that of
NC-DDPG. NC-TD3’s pSucc tends to show a steady increase, with fewer occurrences
of “step-like” rises, while NC-DDPG often exhibits “step-like” rising characteristics.
This indicates the stability of the NC-TD3 algorithm.



Aerospace 2024, 11, 1055 23 of 29

(3) The algorithm does not have any advantage in convergence speed; it takes a longer
time and requires more computational resources compared to NC-DDPG.

4.2.4. Verification of Algorithm Effectiveness Under Equilibrium Situation

In the OXYZ coordinate system, the heading angle of U1 is set to 90◦ and the heading
angle of U2 is −90◦, which can be considered an equilibrium situation in short-range
air combat. The change curves of pSu, pFl , and pOth during the exploration and learning
process of the algorithm are shown in Figure 15.
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Figure 15. Change curves of pSu, pFl , and pOth in the equilibrium situation.

After 150,000 rounds, the algorithm learned the correct maneuvering strategy, and
the winning probability of the algorithm increased to 100%. The time cost was about
131 h. It can be seen that the autonomous exploration and learning of the air combat
strategy in the equilibrium situation was a relatively long process, and the computational
time and amount of data consumed by the algorithm far exceed the process in the ad-
vantageous situation, which reflects the complexity of the maneuvering strategy in the
equilibrium situation.

As can be seen intuitively from Figure 16, U1 first performed a right turn to avoid the
opponent’s missile attack area. Then, it turned around on a large slope after the target was
about to expose its tail, making the target enter the launchable range of its own missile while
ensuring that it did not lose control, achieving the launch conditions for its own missile.
This reflects the autonomous learning ability of the algorithm for complex strategies under
conditions of multiple limitations.
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Figure 16. The maneuvering decision process based on the trained strategy network in the
equilibrium situation.

Figure 17a–c show the change curves of attack angle, engine thrust, and speed roll
angle decided by NN(θπ) in the maneuvering process of U1, and Figure 17d shows the
change curve of speed in the process of U1 maneuvering. It can be observed that in the
equilibrium situation, U1 completed a complex maneuvering process. To achieve this
process, the change in the angle of attack can be divided into three stages: high angle of
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attack with right turn, low angle of attack with level flight, and high angle of attack with
left turn. Continuous maneuvering results in an overall decrease in speed, but during the
intermediate low angle of attack with a level flight stage, the speed is slightly increased.
The engine thrust is always operated at high thrust to compensate for speed loss. The
parameter decision-making results are basically in line with reality, indicating that the
algorithm is effective.
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Figure 17. Results of maneuvering command decision based on NN(θπ) for U1 in the equilibrium
situation. (a) Change curve of angle of attack decision; (b) change curve of engine thrust decision;
(c) change curve of speed roll angle decision; (d) change curve of speed during maneuvering.

4.2.5. Verification of Algorithm Effectiveness in Disadvantageous Situation

In the OXYZ coordinate system, the heading angle of U1 is set to 90◦ and the heading
angle of U2 is −130◦, which can be considered a disadvantageous situation in short-range
air combat. During the exploration and learning process of the algorithm, the change
curves of pSu, pFl , and pOth are shown in Figure 18.
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Figure 18. The change curves of pSu, pFl , and pOth in the disadvantageous situation.
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After about 110,000 rounds, the algorithm learned the correct maneuvering strategy,
and the winning probability of the algorithm increased to 100%. The time spent on 120,000
rounds was approximately 116 h. It can be seen that the exploration and learning of air
combat strategies in the disadvantageous situation was also a relatively long process, which
reflects the complexity of maneuvering decision-making in the disadvantageous situation.

However, compared with the original algorithm using vector moments to carry out sim-
ilar exclusion (referred to as V_DDPG), the proposed algorithm (referred to as NC_DDPG)
shows advantages both under the equilibrium condition and under the disadvantageous
condition, as shown in Table 5.

Table 5. Comparison of the main indicators of NC_DDPG and V_DDPG in situations of advantage
and disadvantage.

Time Cost Number of Episodes The Final Number of Transitions in the
Replay Database

equilibrium
situation

V_DDPG ≈170 h 260,000 1,479,665
NC_DDPG ≈131 h 150,000 1,114,721

disadvantageous
situation

V_DDPG ≈150 h 220,000 1,293,425
NC_DDPG ≈116 h 120,000 836,997

The maneuver decision in this situation is made based on the trained NN(θπ), and
Figure 19 shows a visual display of the maneuver process.
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Figure 19. Based on the trained strategy network NN(θπ), the maneuvering decision process in the
disadvantageous situation is shown.

It can be intuitively seen from the figure that U1 continues to turn left, always keeping
itself in the front hemisphere of the target, not creating launch conditions for the opponent,
and at the same time, maintaining distance from the target to avoid a distance less than
2000 m (program setting: when the distance is less than 2000 m, the simulation is termi-
nated). When U1 enters the rear hemisphere of the target, it makes a large overload right
turn, so that the nose is pointed at the target. Because the two sides are close at this time, so
when the target enters the angle range of its own missile, all of the launch conditions of its
own missile are constituted. Over the whole process, it is ensured that the UAV does not
lose control, and all parameters are within the allowable range, which once again confirms
the autonomous learning ability of the algorithm for complex strategies under the condition
of multiple constraints.

Figure 20a–c show the change curves of engine thrust, angle of attack, and speed roll
angle decided by NN(θπ) in the maneuvering process of U1, and Figure 20d shows the
change curve of speed during maneuvering. It can be observed that in order to meet the
launch conditions, U1 continuously performs high-overload turns with a consistently high
angle of attack and overload, resulting in a continuous decrease in speed. To complete
the sustained turns, the engine thrust is always operated at a high thrust state. The
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decision-making results of these parameters are in line with the actual situation, proving
the effectiveness of the decision-making algorithm.
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Figure 20. Results of maneuvering command decision based on NN(θπ) for U1 in the disadvan-
tageous situation. (a) Change curve of engine thrust decision; (b) change curve of angle of attack
decision; (c) change curve of speed roll angle decision; (d) change curve of speed during maneuvering.

4.3. Simulation Analysis of the Influence of Altitude on Strategy

In order to observe the influence of altitude on air combat strategy, five altitudes,
including 1000 m, 2000 m, 4000 m, 6000 m, and 8000 m, were set, respectively, and the
obtained maneuvering strategies were compared. The other initial conditions were the same
as in the advantageous situation in Section 4.2.1. The comparison of the strategies obtained
for the five conditions is shown in Figure 21, and the change curves of engine thrust, normal
overload, angle of attack, speed roll angle, and speed under different strategies are shown
in Figure 22a–d, respectively.
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As can be seen from Figure 21, with the change in altitude, the maneuvering strategy
of U1 underwent a great change. In Figure 22, during maneuvering at different heights,
the change curves of the action commands vary greatly from each other. These differences
all prove that the influence of altitude on strategy learning is huge, and it is necessary to
introduce altitude parameters into model state representation.

As can be seen from Figures 21 and 22, although maneuvering processes at different
altitudes show great differences, they do not show an obvious trend. For example, in
Figure 22, the maneuvering processes at 6000 m and 8000 m are approximately coincident,
and the maneuvering process at 2000 m and 4000 m approximately coincide. Theoretically,
the maneuvering processes at 2000 m, 4000 m, 6000 m, and 8000 m should exhibit a
consistent trend. The changes accompanying the different maneuvering commands in
Figure 22 also show greater randomness and no obvious trend of change. This phenomenon
is mainly due to the randomness in the operation of the algorithm, especially in the initial
stage, which leads to a large difference in the air combat transitions obtained. Thus, decision
networks with large difference were trained. In addition, there is also a certain randomness
in the decision-making process, which leads to the randomness of the decision-making
results to a certain extent.

5. Conclusions

To address the difficulty of strategy learning in complex situations with the DDPG
algorithm, a nodal clustering method is initially proposed. Utilizing this method, similar
transitions are filtered out from the transition pool, retaining only the most representative
ones. By integrating node clustering with DDPG, a self-learning and autonomous decision-
making algorithm for short-range air combat maneuvering is designed. This includes
the algorithm framework and steps, with a pseudocode provided for the main steps.
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Additionally, the state representation is enhanced by incorporating flight altitude into the
state variable vector.

The effectiveness of both the node clustering method and the air combat maneuvering
decision-making method were tested. The results indicate that, compared to the DDPG
algorithm integrated with vector distance exclusion, the proposed algorithm requires only
77.06% of V_DDPG’s computational load under equilibrium conditions and just 77.33%
under disadvantageous conditions. This demonstrates that the proposed method offers
higher efficiency. The clustering scale can influence the algorithm’s learning process,
with a finer clustering scale demanding greater computational resources. Therefore, the
clustering scale should be determined by considering various factors comprehensively. The
differences in maneuvering strategies at various altitudes were tested, highlighting the
importance of enhancing state variables.
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