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Highlights

What are the main findings?

• A novel experience-guided multi-agent proximal policy optimization (E-MAPPO) method
is proposed to improve the training efficiency of multi-UAV cooperative guidance.

• A Markov decision process (MDP) framework is constructed to overcome the challenges
of large action spaces and difficult convergence in multi-agent reinforcement learning.

What is the implication of the main finding?

• The E-MAPPO algorithm is used to devise a cooperative strategy, enhancing the overall
cooperative effectiveness of multiple UAVs in civilian tasks such as collaborative search
and rescue and environmental monitoring.

• The designed cooperative strategy exhibits excellent robustness and generalization
capabilities, ensuring its reliable execution in complex dynamic environments.

Abstract

A cooperative guidance law based on the experience-guided multi-agent proximal policy
optimization (E-MAPPO) algorithm is proposed for multiple unmanned aerial vehicles
(UAVs) to track dynamic points of interest in civilian applications, such as collaborative
search and rescue and environmental monitoring. In multi-UAV cooperative tracking, accu-
rate arrival-time coordination is important for improving collaborative task execution, but
it remains challenging because of continuous action spaces, target maneuvering, uncertain
time-to-go estimation, and inefficient exploration in multi-agent reinforcement learning.
Specifically, a multi-UAV cooperative guidance environment is formulated, and the prob-
lem is modeled as a Markov decision process. To address the challenges of large action
spaces and poor convergence in multi-agent reinforcement learning, an experience-guided
MAPPO framework is introduced to enhance training efficiency and policy stability. Differ-
ent from standard MAPPO, the proposed E-MAPPO introduces proportional-navigation-
guided experience only during the early training stage to guide exploration, while the
final policy is still optimized through the MAPPO objective. Subsequently, a composite
reward function is designed by integrating distance-based heuristic terms with auxiliary
guidance signals, thereby improving exploration efficiency and facilitating coordinated
rendezvous and tracking of dynamic references. Comparative simulations with cooperative
proportional navigation guidance (CPNG), sliding mode control (SMC), and standard
MAPPO are conducted under different target motion scenarios. The results show that
E-MAPPO reduces the average convergence step by 17.07% compared with MAPPO. In the
straight-moving target scenario, E-MAPPO reduces the cooperative time error by 55.10%
compared with CPNG and by 8.33% compared with MAPPO. In the S-type maneuvering
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target scenario, E-MAPPO reduces the cooperative time error by 55.81% compared with
CPNG and by 9.52% compared with MAPPO. Monte Carlo experiments further verify
its effectiveness and robustness. Additional robustness tests under Gaussian measure-
ment noise, observation bias, and communication delay show that the proposed method
maintains acceptable tracking accuracy and cooperative timing performance under dif-
ferent uncertainty conditions. In addition, the results indicate that the proposed method
generalizes well to different types of maneuvering targets.

Keywords: uncontrollable velocity; cooperative guidance; MAPPO; reinforcement learning

1. Introduction
Recently, the operational effectiveness of flying vehicle swarms has been significantly

enhanced, enabling the execution of complex tasks that cannot be accomplished by a single
flying vehicle operating independently [1,2]. This development has motivated the concept
of cooperative missions in civilian applications, such as collaborative search and rescue
and environmental monitoring, in which multiple flying vehicles coordinate to track a
dynamic point of interest simultaneously [3–5]. Meanwhile, targets increasingly exhibit
intelligence and autonomous decision-making capabilities, posing substantial challenges
to conventional navigation strategies. To overcome these issues, intelligent cooperative
navigation strategies have become a research focus. In particular, integrating learning-
based methods into guidance law design can significantly enhance UAV performance
in multi-agent coordination and trajectory optimization under uncertain and dynamic
environments [6].

In general, navigation strategies designed for multi-UAV simultaneous tracking are
typically divided into two primary types: impact time control guidance (ITCG), which is
implemented for each individual vehicle, and cooperative guidance, which relies on the
cooperation of arrival times and communication between flying vehicles [7]. To achieve
simultaneous tracking of the target, ITCG was proposed [8] and then a number of ITCG
laws were developed based on the Proportional Navigation Guidance (PNG) law [9,10],
optimal control theory [11,12], sliding mode control [13,14], and polynomial trajectory
shaping approach [15,16]. The difficulty in the practical application of ITCG is the re-
quirement to pre-assign a common arrival time. Due to constraints on the speed variation
and limited flight performance, not all desired arrival times are feasible, and infeasible
assignments may lead to failure of simultaneous tracking. In contrast, cooperative navi-
gation strategies achieve real-time arrival-time synchronization through local interactions
among flying vehicles via a communication network. For instance, in [17], a distributed
cooperative guidance law was proposed to achieve simultaneous tracking under fixed and
switching communication topologies. In [18], the cooperative simultaneous tracking was
then transformed to a consensus problem by using a cyclic digraph, and solved with a
fixed finite-time consensus algorithm. In [19], a three-dimensional (3D) target-tracking
model was reformulated as a linear second-order dynamical system, enabling simultaneous
tracking via consensus-based control. This framework was further extended in [20] to ad-
dress cooperative guidance under communication delays. Moreover, to track maneuvering
targets, Wang et al. [21] proposed a robust 3D cooperative guidance strategy, guiding the
trajectory to align with the yaw plane.

Extensive research has been conducted on cooperative navigation strategies for both
stationary and maneuvering targets. In particular, several distributed cooperative guidance
strategies have been proposed for stationary target tracking. For example, a fixed-time
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distributed cooperative guidance strategy was proposed in H Yu [22]. To adjust the flying
vehicle speed in the line-of-sight direction, a guidance law was proposed in [23], so that
the flying vehicle with longer remaining flight time accelerates while the flying vehicle
with shorter remaining flight time decelerates. Chen et al. [24] proposed a 3D cooperative
guidance strategy considering field-of-view constraints, consisting of a cooperative phase
based on feedback linearization and velocity-constrained consensus, followed by a PN
phase for rendezvous while avoiding singularities. Utilizing coupled nonlinear tracking
kinematics and the event-triggered strategy, Sinha et al. [25] developed two 3D cooperative
navigation strategies for simultaneous tracking of stationary targets. For maneuvering
targets, cooperative navigation strategies are typically designed under angle constraints,
where LOS errors converge via consensus theory and sliding mode control [26]. The coop-
erative guidance methods proposed in [27,28] can simultaneously track the target under
angle constraints. The game theory was employed to achieve simultaneous tracking of
the maneuvering targets [29]. Z Zhang [30] proposed a unified cooperative guidance law
for both stationary and maneuvering targets by combining proportional navigation with
coordination terms to ensure simultaneous tracking. These methods effectively address
simultaneous tracking problems and maintain performance under communication loss.
However, challenges remain, including cooperative guidance design under velocity con-
straints and inaccuracies in time-to-go estimation, which limit precision and robustness in
dynamic environments and continuous trajectory planning [31].

Driven by the continuous progress in artificial intelligence, intelligent navigation
strategies have increasingly been developed by using neural networks, fuzzy logic, and
reinforcement learning, etc. Among these approaches, reinforcement learning serves as an
essential mechanism to improve how UAVs adapt and execute decisions across challenging
and dynamic environments [32], particularly for multi-agent cooperative path planning,
searching, and following in 3D scenarios [33]. For instance, navigation strategies based on
reinforcement learning are used to improve guidance efficiency, allowing agents to generate
effective policies when facing complex environments [34–37]. These approaches are still
constrained by their dependence on the traditional guidance law framework. J Guo [38]
proposed a comprehensive framework for the multi-flying vehicle and multi-target tracking
challenges. This framework utilizes reinforcement learning to optimize target assignments,
ensuring that UAVs can track targets effectively and accurately. In the context of intelligent
cooperative active tracking scenarios, W Ni [39] proposed a smart guidance policy to
coordinate the movement of both the flying vehicles and the target under conditions of
limited prior knowledge and observational noise. In addition, W H Zhou [40] proposed a
distributed deep reinforcement learning approach to achieve coordinated tracking in UAV
swarms, which is based on maximum mutual reward learning, using a multi-agent actor–
critic framework to learn collaborative policies among homogeneous UAVs. Despite the
proven capability of reinforcement learning for intelligent guidance design, its application
to multi-UAV cooperative guidance remains relatively limited.

Although reinforcement learning has been increasingly introduced into multi-agent
cooperative guidance problems, the differences among standard MAPPO, imitation learn-
ing, curriculum learning, demonstration-based reinforcement learning, and the proposed
E-MAPPO still need to be clarified. Standard MAPPO mainly relies on random policy
exploration and does not explicitly introduce guidance experience, which may lead to low
exploration efficiency in the early training stage. Imitation learning usually trains a policy
to reproduce expert actions, while curriculum learning improves training by gradually
changing task difficulty. Demonstration-based reinforcement learning often depends on
fixed offline expert datasets or expert demonstrations. In contrast, the proposed E-MAPPO
algorithm introduces PN-guided experience only during the early stage of MAPPO training.
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The guidance actions are generated online according to the current UAV-target relative
motion state, and they are used to improve early-stage exploration rather than to make the
policy simply imitate the expert. After the early guided stage, the agents interact with the
environment only according to the policy network, and the final policy is still optimized
through the MAPPO objective. To provide a clearer comparison, the main differences
between the proposed E-MAPPO and existing related methods are summarized in Table 1.

Table 1. Comparison between E-MAPPO and related learning-based methods.

Method Difference from E-MAPPO

MAPPO Lacks PN-guided experience for early exploration

Imitation learning Focuses on action imitation rather than
reward-driven policy optimization

Curriculum learning Changes task difficulty instead of introducing
trajectory-level guidance

Demonstration-based RL Relies on offline demonstrations, while E-MAPPO
generates PN-guided actions online

E-MAPPO Uses online PN-guided experience to improve early
exploration while preserving MAPPO optimization

Although observer-based fault-tolerant consensus control is not the focus of this paper,
it is also relevant to the reliability of multi-agent cooperative systems. For example, recent
work on LPV multi-agent systems designed fault-tolerant observers and virtual actuators
to achieve leader-following consensus control under actuator faults [41]. Different from
these model-based fault-tolerant control methods, this paper focuses on experience-guided
reinforcement learning for multi-UAV cooperative tracking in continuous action spaces.

The main contributions of this paper are summarized as follows. First, a multi-UAV
cooperative tracking environment with continuous action spaces is constructed for maneu-
vering target tracking. Second, an experience-guided MAPPO algorithm, named E-MAPPO,
is proposed, in which PN-guided experience is introduced only in the early training stage
to improve exploration efficiency and convergence performance. Third, a composite reward
function is designed to guide cooperative tracking and arrival-time coordination among
multiple UAVs. Finally, comparative simulations and statistical analyses are conducted
under different target motion scenarios to verify the effectiveness of the proposed method.

2. Problem Statement
2.1. Planar Relative Motion Model for UAV-Target Tracking

To simplify the problem, the coupling between orthogonal motion components is
neglected, and the UAV-target relative motion is described in a planar two-dimensional
framework [42]. This simplification helps focus on the key cooperative guidance issue con-
sidered in this study, namely arrival-time coordination among multiple UAVs in continuous
action spaces. Nevertheless, the two-dimensional assumption ignores altitude variation,
climb-rate constraints, and coupled lateral–vertical dynamics, which may limit its direct ap-
plicability to realistic three-dimensional UAV scenarios. For extension to three-dimensional
space, the relative-motion model should further include azimuth and elevation line-of-sight
angles, altitude-related relative states, and two acceleration commands in the lateral and
vertical channels. The corresponding planar motion dynamics are illustrated in Figure 1.
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Figure 1. UAV Tracking Scenario Schematic.

As shown in Figure 1, vM and vT denote the velocities of the UAV and the target,
respectively, while aM and aT represent their normal accelerations. The line-of-sight (LOS)
angle between the UAV and the target is denoted by λ, and

.
λ represents its rate of change.

The flight-path angles of the UAV and the target are defined as θM and θT , respectively. The
lead angle of the UAV is denoted by ηM. In addition, di and dj denote the relative distance.

Suppose the UAV operates at a uniform speed with an adjustable velocity heading.
According to planar kinematic principles, the tracking models for the UAV and the target
are formulated as: 

.
x = vcosθ
.
y = vsinθ
.
θ = a/v

(1)

where x and y denote the planar position coordinates, v is the speed magnitude, a represents
the normal acceleration perpendicular to the velocity direction, and θ denotes the flight-
path angle. Given that the UAV and the target share identical motion models, a UAV–
target tracking scenario is established. The corresponding relative kinematic equations are
defined as: 

r =
√
(xT − xM)2 + (yT − yM)2

λ = arctan( yT−yM
xT−xM

)
.
r = −vTcos(λ − θT

)
−vMcos(λ − θM)

r
.
λ = vMsin(λ − θM

)
−vTsin(λ − θT)

(2)

2.2. Multi-Agent Reinforcement Learning Formulation

The task of multi-UAV dynamic cooperative guidance is modeled as a Markov decision
process (MDP). The MDP mainly includes four elements: state space, action space, state
transition probability, and reward function. It is assumed that each UAV can obtain the
necessary relative motion information with respect to the target, including relative position,
velocity, and line-of-sight information. Through information interaction among multiple
UAVs, each UAV can also obtain cooperative information related to other UAVs. Based on
this MDP formulation, the state space, action space, and reward function are defined in
this section, while the network architecture and the detailed E-MAPPO training process are
presented in Section 3.
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2.2.1. State Space Design

In multi-agent reinforcement learning algorithms, actions are computed by the policy
network based on the agent’s local observations. The selection of observation variables
directly affects the convergence efficiency of the algorithm. Therefore, the selected observa-
tions must include essential UAV-target tracking information to ensure that the agent can
make decisions based on the current situation. Consequently, the observations for the UAV
are defined as follows:

oi =
[
r,

.
r, λ,

.
λ, tgo

]
(3)

In multi-agent reinforcement learning algorithms, normalizing the observation space
is an effective optimization strategy. Each observation value in the normalized state space
is represented as a dimensionless ratio, reflecting the relative change between the current
state and the initial state. The processed observation space is defined as follows:

oi =

[
r
r0

,
.
r
.

r0
,

λ

λ0
,

.
λ
.

λ0

,
tgo

tgo0

]
(4)

where tgo denotes the estimated time-to-go and is calculated online according to the current
relative motion state. Specifically, tgo is estimated from the current relative distance, UAV
velocity, and line-of-sight geometry as:

tgo =
r

vM

[
1 +

θ2
M

2(2N + 1)

]
(5)

where N is the navigation constant. During both training and execution, this value is
recalculated at each time step using the latest observation information. For maneuvering
targets, tgo is an approximate online estimate rather than an exact prediction of the future
arrival time, because the target motion may vary during the engagement. In this study,
it is used as an auxiliary coordination variable to help the agents reduce arrival-time
differences, and its effectiveness is evaluated through the cooperative timing performance
in the simulation results.

The construction of the global state space is directly realized through connecting the
observation space information from each UAV. Specifically, the construction process of the
global state space is as follows:

S =
[
oi, oj

]
, i ̸= j (6)

2.2.2. Action Space Design

In this paper, the normal acceleration of the UAV is directly controlled. Since the
MAPPO algorithm can handle continuous action spaces, continuous action commands
are employed as the action space, providing the agent with a larger exploration space.
Therefore, the action space is designed below:

aM =
[
ai, aj

]
, i ̸= j and ai,j ∈ [−40g, 40g] (7)

2.2.3. Reward Function Design

The reward function aims to guide the agent to take appropriate actions, and its design
directly affects the convergence performance of the reinforcement learning algorithm. In
this paper, a series of composite reward functions are designed to guide the agent to
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consider not only individual performance but also the overall cooperative effect. The
reward function designed in this paper is as follows:

Rdist =


∑
i,j
(k1 − di(t)/k2), t = 0

∑
i,j
[di(t − 1)− di(t)/k2], t > 0

(8)

where k1 and k2 are parameters, and di(t), dj(t) represent the distances from the target
to UAV i and j, respectively. This part of the reward encourages the UAV to approach
the target.

The terminal discrete reward formulation is expressed below:

Rter =

0, otherwise

k3, di,j(t) ≤ dz
(9)

where k3 is a parameter, and dz is the miss distance of the UAV. Consequently, when both
agents track the target simultaneously, each will receive a fixed terminal reward.

The time-to-go error penalty reward is defined as follows:

Rtime =

{
k4 ×

∣∣tgo
∣∣, di,j(t) > dz

k5, min(di,j(t)) ≤ dz and max
(
di,j(t)

)
> dz

(10)

where k4 and k5 serve as negative parameters, and tgo denotes the time-to-go error of the
UAV. When a single UAV tracks the target, a penalty of size k5 is given. This design takes
into account the arrival time error between UAVs, ensuring that the UAVs can track the
target at the same time point or a similar time point.

The overall reward function is as follows:

r = Rdist + Rter + Rtime (11)

The main challenges of this problem are threefold. First, the maneuvering motion
of the target makes the time-to-go estimation uncertain, which increases the difficulty of
cooperative arrival-time coordination. Second, the actions of different UAVs are coupled
through the cooperative timing objective, and independent optimization of each UAV
may not lead to satisfactory cooperative behavior. Third, the continuous action space
and sparse terminal tracking information make pure reinforcement learning difficult to
converge efficiently. These challenges motivate the introduction of an experience-guided
multi-agent reinforcement learning method.

3. Formulation of the 2D Cooperative Guidance Framework
3.1. Multi-Agent Proximal Policy Optimization

Reinforcement learning (RL) is a training methodology where an agent learns decision-
making policies through interactions with its environment. Among existing RL methods,
the multi-agent proximal policy optimization (MAPPO) algorithm has emerged as an effec-
tive framework for multi-agent systems. MAPPO extends proximal policy optimization
(PPO) and is well suited for continuous action spaces. Sharing a fundamental actor-critic
framework with PPO, it relies on the policy network for action generation and the value
network for steering policy updates. The defining feature of the MAPPO algorithm is its
centralized value function, which leverages global information, including the states of
other agents and environmental context, to improve learning efficiency. The algorithm
updates policies via a proximal objective that constrains the magnitude of policy changes,
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thereby enhancing training stability and sample efficiency [43]. In this study, a continuous
action space is considered. The optimization objective is to maximize the expected return
while limiting excessive policy updates through the clipped surrogate objective, which
contributes to stable convergence [44].

During training, MAPPO samples historical transitions from an experience buffer to
compute the loss functions and update network parameters via gradient-based optimiza-
tion. θ and φ are the parameters of the policy and value networks, in which πθ indicates
the policy. The corresponding loss functions are formulated below:

L(θ) = [
1

Bn

B
∑

i=1

n
∑

k=1
min(r(k)θ,i A(k)

i , clip(r(k)θ,i , 1 − ε, 1 + ε)A(k)
i )]

+σ
1

Bn

B
∑

i=1

n
∑

k=1
S[πθ(o

(k)
i ))]

(12)

L(ϕ) = 1
Bn

B

∑
i=1

n

∑
k=1

(Vϕ(s
(k)
i )− R̂i)

2 (13)

In the above formulation, r(k)θ,i =
πθ

(
a(k)i |o(k)i

)
πθold

(
a(k)i |o(k)i

) denotes the probability ratio between the

updated and previous policies. The advantage term A(k)
i is estimated using the generalized

advantage estimation (GAE) algorithm. The term S represents the policy entropy, which is
defined as the Shannon entropy of the action distribution. Since a continuous Gaussian
policy is adopted in this study, this term corresponds to the differential entropy of the
Gaussian action distribution and is used to encourage policy exploration, with σ denoting
the corresponding entropy coefficient. B is the batch size, n is the number of UAVs, and R̂i

denotes the discounted return. The clipping operator clip(·) constrains the policy update
by limiting the variation in the probability ratio, thereby preventing excessively large
updates. This mechanism improves training stability and facilitates convergence to a more
optimal policy.

3.2. Improvement of the E-MAPPO Algorithm

In the E-MAPPO algorithm, trajectory experience generated by the proportional nav-
igation (PN) guidance law is integrated into the training process to enhance learning
efficiency. Specifically, the current UAV overload is first calculated according to the PN
guidance law, and this overload value is then mapped to the interval [−1, 1]. Subsequently,
the observational data obtained based on the PN guidance are input into the policy network,
which outputs a Gaussian distribution. According to this Gaussian distribution and the
mapping relationship of the overload, the probability of the current action policy calculated
by PNG can be obtained. Following this, the current environmental state is input into the
value network to calculate the value of the current state and acquire the corresponding
reward value. Trajectory data based on the proportional navigation are stored in the experi-
ence replay buffer. Since the training process requires the agent to explore independently,
the amount of trajectory data based on the proportional navigation is set to 1/a of the
entire batch size. During the initial 1/b phase of the total training steps, these experience
data are mainly used to guide the agent’s learning process. In this study, a = 4 and b = 6.
Therefore, PN-guided trajectories are introduced only when the number of stored episodes
in the replay buffer is no larger than one quarter of the batch size and the current training
steps are within the first one sixth of the maximum training steps. Under this condition,
the PN guidance law generates a reference overload command, which is mapped to the
normalized action interval and then used to guide the policy network in action selection.
The corresponding transition data generated during this guided interaction are stored in

https://doi.org/10.3390/drones10080583

https://doi.org/10.3390/drones10080583


Drones 2026, 10, 583 9 of 24

the same replay buffer together with the trajectories generated by autonomous exploration.
When either the batch-ratio condition or the training-stage condition is not satisfied, the
PN-guided action is no longer injected, and the agents interact with the environment only
according to the actions sampled from the policy network. After the replay buffer accu-
mulates one batch of episodes, the actor and critic networks are updated, and the replay
buffer is reset for the next round of data collection. As the agents gradually become capable
of independently identifying the correct exploration direction, the dependence on these
experiences is progressively reduced, thereby allowing the agents to learn relying on their
own exploration. Figure 2 illustrates the schematic diagram of trajectory storage in the
replay buffer of the E-MAPPO algorithm.

Figure 2. Schematic of trajectory storage in the experience replay buffer based on the E-MAPPO algorithm.

3.3. Network Architecture Design

The MAPPO algorithm mainly includes two networks: the policy network and the
global value network. The policy network is responsible for receiving local observations as
input and outputting actions. Each agent has its own policy network. These networks can
be independent or shared among all agents. In this paper, the policy networks of the agents
are independent. The output of the policy network is a probability distribution of actions,
based on which the agent can select an action. The value network receives the global state
information. The output of the value network is a value function, which is used to evaluate
the quality of the actions output by the policy network, i.e., to evaluate the action value
under the current policy.

The policy network is composed of three layers: an input layer, a hidden layer, and
two output layers, where n is the number of agents. Specifically, each policy network
is implemented as a fully connected multilayer perceptron. For each UAV, the local ob-
servation with a dimension of 5 is used as the input of the policy network. The input
layer is connected to a fully connected hidden layer with 128 neurons, followed by a Tanh
activation function. The two output layers generate the mean and variance of the Gaussian
action distribution, respectively. Subsequently, specific actions can be obtained by sampling
from this Gaussian distribution. The Gaussian distribution is adopted because the normal
acceleration command is continuous, and a Gaussian policy can provide smooth stochastic
exploration while allowing the action probability to be conveniently calculated for the
PPO policy-ratio update. Given that the dimension of the joint observation space is 5n
and the dimension of the joint action space is n, the input layer of the policy network is
configured with 5 neurons to match the local observation dimension, and the output layer
is configured with 1 neuron to accommodate the local action dimension. The hidden layer
is configured with 128 hidden units.

The value network provides feedback to assist the policy network in learning an
optimal policy. Through the global state, it can evaluate the state value for the policy. The
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value network shares a similar structure with the policy network. Specifically, the value
network is also implemented as a fully connected multilayer perceptron. Different from
the policy network, the value network takes the global state as its input. The hidden layer
adopts a fully connected neural network structure, and the Tanh function is selected as the
activation function for all layers to process the output. The global state value is obtained by
concatenating the observations of each agent, so the value network’s input layer contains
n × 5 neurons, its output layer has 1 neuron, and the hidden layer contains 128 neurons.

3.4. Overall Architecture and Training Procedure of E-MAPPO

The structure of the E-MAPPO algorithm proposed in this paper is illustrated in
Figure 3. In the initial phase of training, the expert trajectories generated by the PN guidance
law are pre-loaded into the experience replay buffer, so that these data can participate in the
agent’s learning process, and these experience data are used to guide the agent’s learning
process. As the agents gradually become capable of independently discovering the correct
exploration direction, the reliance on these expert experiences is reduced, allowing the
agents to learn through their own exploration. During the guidance process, each UAV is
equipped with its own policy network, which determines the action policy based on its
respective local observations. Simultaneously, all UAVs share a centralized value network,
which is used to evaluate and perceive the state of the entire environment.

Figure 3. E-MAPPO algorithm architecture.

During the training process, the trajectory data based on PN under the initial UAV-
target state is first collected, followed by the agents’ autonomous exploration. In Figure 3,
o denotes the joint observation composed of the local observations of all UAVs, and S
denotes the global state constructed by concatenating these local observations. Specifically,
the agent initially obtains the local observation ot at the current time step, and selects
and executes an action at according to the policy network. The evaluation value St of the
current situation is output by the value network based on the current environmental state.
Subsequently, the agent enters a new environmental state St+1 according to the transition
probability P(St+1|St, at) and obtains the reward Rt+1. The above trajectory data is stored
in the experience replay buffer D. Following this, after obtaining the environmental state
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St+1 and reward Rt+1, the policy model continues to obtain a new policy. Throughout the
entire process, the policy model is continuously optimized and adjusted according to the
magnitude of the reward until the set conditions are satisfied, and the interaction between
the agent and the environment model ends. To further illustrate the training process of the
proposed method, the E-MAPPO algorithm training flowchart is shown in Figure 4.

Figure 4. E-MAPPO algorithm training flowchart.

4. Numerical Results and Analysis
All numerical simulations presented in this study are programmed in Python 3.13.0

and hosted within the PyCharm Community 2024.2.4. The underlying hardware responsi-
ble for executing these experiments consists of an Intel(R) Xeon(R) Gold 5118 CPU, 64 GB
of RAM, and a dedicated NVIDIA GeForce RTX 3090 GPU.

In order to validate the performance of the guidance law proposed in this paper,
simulation experiments are designed for a target in the form of S-type cosine maneuver,
and comparative experiments with other guidance laws are also designed. Furthermore,
robustness and generalization analyses of the proposed guidance policy are also performed.
The simulation step size of the experiments is set to 0.01 s.

4.1. Simulation Setup

A simulation scenario is designed in which UAVs track an S-type cosine maneuvering
target. It is assumed that the initial position of the target is [10,000, 11,000 ± 250] m,
executing a cosine maneuver with a velocity of 300 m/s, and an initial flight path angle of
0◦. Three UAVs are deployed from distinct positions to cooperatively track the target. The
UAVs are initialized with the following conditions, as listed in Table 2:
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Table 2. Settings of the guidance environment.

Parameters UAV 1 UAV 2 UAV 3

x-axis position (m) 0 2000 5000
y-axis position (m) 12,000 4000 0

velocity (m/s) 800 800 800
pitch angle (◦) 0 75 100

The traditional algorithm compared in this paper is CPNG proposed in Ref. [45].
Specifically, a time error bias term is incorporated into the foundation of the proportional
navigation guidance law, which is formulated as follows:

aMi = NiVMi
.
θLi

Ni = Ni{1 − k1isgn(ξi)− k2iξi}, i ̸= j

ξi =
n
∑

j=1
cij
(
tgoj − tgoi

) (14)

where N is the navigation constant, and N = 3, Ni = 3, k11 = 2.8, k12 = 2.5, k21 = k12 = 1.2,

cij =

[
0 1
1 0

]
.

The guidance law proposed in Ref. [45] achieves control over the curvature of the UAV
trajectory by establishing a mathematical model between the time-to-go and the navigation
constant. This approach influences the flight trajectory by adjusting the navigation constant,
and adjusts the time-to-go online in real time through network communication among
UAVs, thereby achieving the goal of cooperatively rendezvous with the target.

To contrast the energy expenditure of different methods, the control energy E is defined
as follows, where a denotes the UAV acceleration:

E =
∫ t

t0

a2(τ)dτ (15)

4.2. Analysis of Experimental Results

The normal acceleration of the target is time-varying, and its expression is given as follows:

a = 5gcos(πt/2) (16)

In this experiment, the parameters of the reward function for the guidance law are set
as follows: k1 = 5, k2 = 100, k3 = 1, k4 = −0.05, and k5 = −0.05. These coefficients were
determined through preliminary empirical tuning according to the roles of different reward
terms. In the first stage, k1, k2, and k3 were adjusted mainly to ensure the basic tracking
capability, so that the UAVs could approach and successfully track the dynamic point of
interest. After stable tracking behavior was obtained, the timing-related coefficients k4 and
k5 were introduced and adjusted to reduce the time-to-go error and improve the arrival-
time coordination among multiple UAVs. During this tuning process, the convergence
trend of the cumulative reward, the miss distance, and the cooperative time error were
jointly considered. The final parameter setting was selected because it provided stable
convergence and a reasonable balance between tracking accuracy and cooperative timing
performance in the considered simulation scenarios. The hyperparameter settings of the
E-MAPPO algorithm are summarized in Table 3.
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Table 3. Hyperparameter settings.

Hyperparameter Value

Maximum training steps 4.0 × 106

Maximum steps per episode 2500
Batch size 10

Mini-batch size 2
Number of hidden-layer neurons 128

Actor learning rate 7 × 10−4

Critic learning rate 7 × 10−4

Discount factor γ 0.99
GAE parameter λ 0.95

PPO clipping parameter ϵ 0.2
Update epochs K 10

Policy entropy coefficient 0.01

Furthermore, orthogonal initialization is adopted for the neural networks, and the
actor and critic networks are updated using the Adam optimizer when the replay buffer
reaches the batch size. When the training reaches the maximum number of training steps,
the training process is terminated. The reward convergence curve obtained from training is
shown in Figure 5.
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Figure 5. Reward function convergence curve.

As can be observed from the reward convergence curve in Figure 5, the E-MAPPO
algorithm demonstrates better convergence performance compared with the standard
MAPPO algorithm. During the initial phase of training, while the standard MAPPO al-
gorithm still requires extensive exploration, the E-MAPPO algorithm can determine a
more effective exploration direction with the guidance of experience, which is reflected
in the faster increase in the reward value. To further provide a quantitative comparison,
multiple independent training runs with different random seeds are conducted, and the cor-
responding results are summarized in Table 4. The results are reported as mean ± standard
deviation. The convergence steps of MAPPO and E-MAPPO are 439,286 ± 105,926 and
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364,286 ± 114,434, respectively. Compared with MAPPO, E-MAPPO reduces the average
convergence step by 17.07%, indicating improved sample efficiency. The paired statistical
test gives a p-value of 0.0495 for the convergence step, which indicates that the reduction in
convergence step is statistically significant at the 95% confidence level. In addition, the final
cumulative rewards of MAPPO and E-MAPPO are 494.095 ± 10.879 and 641.362 ± 14.906,
respectively, showing that E-MAPPO also achieves a higher final reward. Overall, these
results indicate that the experience-guided mechanism can improve early-stage exploration
efficiency, accelerate convergence, and enhance the final training performance.

Table 4. Quantitative comparison of convergence performance.

Method Convergence Step Final Cumulative Reward Sample Efficiency
Improvement

MAPPO 439,286 ± 105,926 494.095 ± 10.879
E-MAPPO 364,286 ± 114,434 641.362 ± 14.906 17.07%

4.3. Comparative Analysis

To further evaluate the performance of the proposed E-MAPPO method, compara-
tive simulations are conducted with several representative guidance and reinforcement-
learning-based methods, including CPNG, SMC, MAPPO, and E-MAPPO. Two target
motion scenarios are considered: a straight-moving target scenario and an S-type ma-
neuvering target scenario. All methods are tested under the same initial conditions and
guidance environment parameters as those described in Section 4.2. The quantitative
comparison results are summarized in Tables 5 and 6, respectively. The results are reported
as mean ± standard deviation over multiple simulation trials.

Table 5. Quantitative comparison under the straight-moving target scenario.

Method Miss Distance (m) Cooperative Time Error (s) Control Energy

CPNG 3.44 ± 0.93 0.49 ± 0.06 180,475 ± 28,020
SMC 3.23 ± 0.71 0.92 ± 0.06 113,401 ± 12,270

MAPPO 5.35 ± 0.67 0.24 ± 0.12 160,070 ± 21,701
E-MAPPO 3.35 ± 0.75 0.22 ± 0.03 138,867 ± 13,094

Table 6. Quantitative comparison under the S-type maneuvering target scenario.

Method Miss Distance (m) Cooperative Time Error (s) Control Energy

CPNG 3.19 ± 0.48 0.43 ± 0.06 191,647 ± 26,010
SMC 3.25 ± 0.76 0.87 ± 0.05 111,168 ± 23,963

MAPPO 4.28 ± 0.48 0.21 ± 0.05 168,749 ± 13,040
E-MAPPO 2.31 ± 0.56 0.19 ± 0.03 134,707 ± 14,897

For the straight-moving target scenario, as shown in Table 5, all methods can complete
target tracking with relatively small miss distances. Compared with CPNG, the proposed
E-MAPPO method reduces the cooperative time error from 0.49 s to 0.22 s, corresponding
to a reduction of 55.10%, and decreases the control energy by 23.05%. Compared with
MAPPO, E-MAPPO reduces the miss distance by 37.38%, the cooperative time error by
8.33%, and the control energy by 13.25%. Although the SMC-based method has lower
control energy, its cooperative time error is significantly larger than that of E-MAPPO. This
indicates that E-MAPPO achieves a better balance between tracking accuracy, cooperative
timing accuracy, and control energy consumption.
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For the S-type maneuvering target scenario, the comparison results are given in Table 6.
Compared with CPNG, E-MAPPO reduces the miss distance by 27.59%, the cooperative
time error by 55.81%, and the control energy by 29.71%. Compared with MAPPO, E-
MAPPO reduces the miss distance by 46.03%, the cooperative time error by 9.52%, and the
control energy by 20.17%. These results show that the proposed method can still maintain
good cooperative tracking performance when the target performs an S-type maneuver.
Similar to the straight-moving target case, the SMC-based method consumes less control
energy, but its cooperative time error is much larger than that of E-MAPPO. Therefore, the
proposed E-MAPPO method provides more balanced overall performance under different
target motion scenarios.

Overall, the quantitative results show that E-MAPPO achieves lower cooperative
time error than the compared methods in both target motion scenarios. Meanwhile, com-
pared with MAPPO, E-MAPPO also reduces miss distance and control energy in both
cases. These results indicate that the experience-guided mechanism improves cooperative
timing accuracy and overall tracking performance while maintaining competitive control
energy consumption.

4.4. Computational Complexity and Real-Time Feasibility

To evaluate the computational burden and real-time feasibility of the proposed method,
the computational characteristics of different guidance methods are further analyzed. It
should be noted that the training process of MAPPO and E-MAPPO is performed offline.
During online execution, only the trained actor network is used to generate the acceleration
command for each UAV, while the critic network, replay buffer, and policy update process
are no longer required. Therefore, the online computational burden of E-MAPPO is much
lower than its offline training burden.

For the proposed E-MAPPO algorithm, the main online computation comes from the
forward propagation of the actor network. If the observation dimension of each UAV is
denoted as do, the hidden-layer size is denoted as H, and the action dimension is denoted
as da, the inference complexity of one UAV can be approximately expressed as:

O(do H + Hda) (17)

For N UAVs, the total online inference complexity is approximately:

O[N(do H + Hda)] (18)

Since each UAV only uses its own actor network during online execution, the inference
process can be performed independently for different UAVs. Therefore, when the number
of UAVs increases, the total online inference complexity increases approximately linearly
with N. This linear scalability supports the applicability of the proposed method to multi-
UAV cooperative tracking without requiring online centralized optimization or global
trajectory replanning.

In this study, do = 5, H = 128, and da = 1. Therefore, the actor network used for
online decision-making is relatively small. This indicates that the proposed method has
feasible online computational burden after offline training and has potential for real-time
execution on embedded UAV platforms with sufficient onboard computing resources.

As summarized in Table 7, CPNG and SMC have low online computational burden
because they are analytical guidance methods. MAPPO and E-MAPPO require higher
offline training cost, but their online execution only involves lightweight neural network
inference. Compared with MAPPO, E-MAPPO introduces PN-guided experience only in
the early training stage, so it does not increase the online computational burden. Therefore,
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after offline training, the proposed E-MAPPO method is feasible for real-time execution
and has potential for deployment on embedded UAV platforms with sufficient onboard
computing resources.

Table 7. Computational complexity comparison of different methods.

Method Offline Training Burden Online Execution Burden Real-Time Feasibility

CPNG None Low, analytical computation High

SMC None Low, analytical control law High

MAPPO High, multi-agent policy training Moderate, actor-network inference Feasible after offline training

E-MAPPO High, with early PN-guided
data collection Moderate, actor-network inference Feasible after offline training

4.5. Robustness Analysis

To verify the robustness of the proposed method under uncertainty disturbances,
Monte Carlo simulations are conducted for the S-type cosine maneuvering target. In ad-
dition to Gaussian measurement noise, two additional uncertainty conditions, namely
observation bias and communication delay, are further considered. For the Gaussian-noise
case, 25 dB Gaussian white noise is added to the UAV-target relative distance, relative veloc-
ity, and line-of-sight angle. For the observation-bias case, a bounded bias within the range
of ([−0.05, 0.05]) is added to the observation information. For the communication-delay
case, a delay of 5 simulation steps, corresponding to 0.05 s, is introduced into the informa-
tion transmission process. For each uncertainty condition, 1000 Monte Carlo simulation
trials are performed. The initial states of the UAVs in the Monte Carlo experiments are
listed in Table 2, and the statistical results are summarized in Table 8.

Table 8. Robustness evaluation under different uncertainty conditions.

Uncertainty Condition Miss Distance (m) Cooperative Time Error (s) Success Rate (%)

Gaussian noise 3.44 ± 0.55 0.54 ± 0.03 100
Observation bias 3.35 ± 0.67 0.63 ± 0.12 100

Communication delay 5.35 ± 0.75 0.81 ± 0.03 96

As shown in Table 8, the values are reported as mean ± standard deviation over
1000 Monte Carlo simulation trials. The proposed method can still maintain acceptable
tracking accuracy and cooperative timing performance under different uncertainty condi-
tions. Under Gaussian measurement noise and observation bias, the success rate remains
100%, and the average miss distances are 3.44 m and 3.35 m, respectively. This indicates that
the learned policy has a certain robustness to sensing noise and bounded observation bias.
When a communication delay of 0.05 s is introduced, the miss distance and cooperative
time error increase to 5.35 m and 0.81 s, respectively, and the success rate decreases to 96%.
This result shows that communication delay has a more significant influence on cooperative
tracking performance than measurement noise and observation bias. Nevertheless, the
proposed method still maintains a relatively high success rate under delayed information
transmission. Overall, these results indicate that E-MAPPO has a certain degree of robust-
ness under measurement noise, observation bias, and communication delay, while more
complex uncertainties such as packet loss, actuator faults, and modeling errors will be
further investigated in future work.
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4.6. Generalization Analysis

To verify the generalization capability of the cooperative guidance strategy proposed
in this paper, the test scope of the cooperative guidance network originally designed for
the S-type cosine maneuvering target is extended to different target maneuvering scenarios,
including an S-type maneuvering target and a circular maneuvering target. In these
generalization tests, the initial states of the UAVs are the same as those shown in Table 2. A
total of 1000 simulation experiments are carried out for each target maneuvering scenario to
evaluate the performance of the guidance strategy under different target motion patterns.

4.6.1. Scenario 1: S-Type Maneuvering Target

In this scenario, the generalization capability of the proposed method is evaluated
under an S-type maneuvering target. The target performs a periodic lateral maneuver, and
its acceleration is defined as:

a = 5gcos(πt/5) (19)

Compared with the original S-type maneuver a = 5gcos(πt/2), the maneuver consid-
ered here keeps the same acceleration amplitude but uses a longer period, thereby forming
a different target motion pattern for generalization evaluation.

Table 9 presents the experimental results of 1000 simulations conducted for the S-type
maneuvering target.

Table 9. Guidance results under the S-type maneuvering target scenario.

Metric Value

Miss Distance of UAV 1 (m) 3.31 ± 0.70
Miss Distance of UAV 2 (m) 4.30 ± 0.80
Miss Distance of UAV 3 (m) 7.28 ± 1.39
Cooperative Time Error (s) 0.54 ± 0.03

From Table 9, it can be seen that the average cooperative timing error of the three
UAVs is 0.54 ± 0.03 s, and the average miss distances are 3.31 ± 0.70 m, 4.30 ± 0.80 m,
and 7.28 ± 1.39 m, respectively. This indicates that the proposed method can maintain
small tracking errors and acceptable cooperative timing accuracy when facing an S-type
maneuvering target.

For the test results of the S-type maneuvering target, one operating condition is ran-
domly selected for analysis, and the experimental results are shown in Figure 6. Figure 6a,b
show the UAV trajectories and relative range curves, respectively. It can be observed that
the three UAVs can successfully approach the maneuvering target and complete coopera-
tive tracking. As shown in Figure 6c, the time-to-go curves of the three UAVs gradually
converge during the guidance process, indicating that the proposed method can coordinate
the arrival times of multiple UAVs under target maneuvering conditions. Figure 6d presents
the acceleration profiles of the UAVs. At the initial stage, the UAVs generate relatively large
acceleration commands to adjust their trajectories. In the middle stage, the acceleration
commands remain within a moderate range, while larger fluctuations appear near the
terminal stage to reduce the cooperative arrival error. Overall, the results demonstrate that
the proposed method has good generalization capability under the S-type maneuvering
target scenario.
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Figure 6. Test results for the S-type maneuvering target.

4.6.2. Scenario 2: Circular Maneuvering Target

In this scenario, the generalization capability of the proposed method is further evalu-
ated under a circular maneuvering target, and its expression is given by:

a = g (20)

where g denotes the gravitational acceleration. The acceleration direction is perpendicular to
the target velocity, so that the target maintains a circular maneuver during the guidance process.

Table 10 presents the experimental results of 1000 simulations conducted for the
circular maneuvering target.

Table 10. Guidance results under the circular maneuvering target scenario.

Metric Value

Miss Distance of UAV 1 (m) 5.41 ± 0.75
Miss Distance of UAV 2 (m) 3.27 ± 0.73
Miss Distance of UAV 3 (m) 7.34 ± 1.47
Cooperative Time Error (s) 0.46 ± 0.04

From Table 10, it can be seen that the average cooperative timing error of the three
UAVs is 0.46 ± 0.04 s, and the average miss distances are 5.41 ± 0.75 m, 3.27 ± 0.73 m,
and 7.34 ± 1.47 m, respectively. This indicates that the proposed guidance law can still
maintain relatively small timing error and acceptable guidance accuracy when facing a
circular maneuvering target.

For the test results of the circular maneuvering target, one operating condition is ran-
domly selected for analysis, and the experimental results are shown in Figure 7. Figure 7a,b
show the UAV trajectories and relative range curves, respectively. It can be observed that
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all UAVs successfully approach the circular maneuvering target, and the relative ranges
gradually decrease to zero. As depicted by the time-to-go trends in Figure 7c, the time-to-go
values of the three UAVs gradually converge during the guidance process, indicating that
the proposed method can coordinate the arrival times of multiple UAVs under continuous
target turning. Figure 7d presents the acceleration profiles of the UAVs. At the initial stage,
the UAVs generate relatively large acceleration commands to adjust their flight trajectories.
During the middle stage, the acceleration commands remain within a small range. Near the
terminal stage, relatively large fluctuations appear in order to reduce the cooperative arrival
error. Overall, the results demonstrate that the proposed method has good generalization
capability under the circular maneuvering target scenario.
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Figure 7. Test results for the circular maneuvering target.

4.7. Extension of the Action Space to Three Dimensions

To further illustrate how the proposed framework can be extended beyond the planar
case, this subsection provides a preliminary three-dimensional analysis by expanding
the action space from one acceleration command to two acceleration commands. In the
two-dimensional formulation, each UAV outputs a one-dimensional continuous action
corresponding to the normal acceleration in the guidance plane. In the three-dimensional
case, the action of UAV i is extended to a two-dimensional continuous vector as:

a3D
i =

[
ai,y, ai,z

]
(21)

where ai,y and ai,z denote the acceleration commands of UAV i in the two maneuvering
channels. Therefore, compared with the two-dimensional case, the main difference is that
the policy network output is expanded from a one-dimensional continuous action to a
two-dimensional continuous action. The overall E-MAPPO training framework remains
unchanged, while the action dimension of each UAV is increased.
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The initial conditions used in the three-dimensional extension scenario are listed in
Table 11. The target starts from [10,000, 1400, 11,000] m and moves in a straight line at a
speed of 300 m/s, while the UAVs start from different initial positions to verify the spatial
coordination capability after action-space extension.

To examine the training process after extending the action space, the reward conver-
gence curve is shown in Figure 8. The raw reward exhibits noticeable fluctuations during
the exploration stage because the policy needs to search for suitable acceleration commands
in two maneuvering channels. Nevertheless, the smoothed reward gradually increases
and finally stabilizes at a relatively high level, indicating that the proposed E-MAPPO
framework can still achieve stable learning after the action dimension is increased.

Table 11. Initial conditions for the three-dimensional extension scenario.

Parameters UAV 1 UAV 2 UAV 3

x-axis position (m) 0 2000 4000
y-axis position (m) 1000 1000 1000
z-axis position (m) 12,000 3000 0

velocity (m/s) 800 800 800
pitch angle (◦) 0 0 0

heading angle (◦) 0 −45 −75
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Figure 8. Reward function convergence curve for the three-dimensional extension.

A simple straight-moving target scenario is used for verification, and the correspond-
ing results are shown in Figure 9. Figure 9a presents the three-dimensional trajectories
of the UAVs and the target, where the three UAVs start from different spatial positions
and gradually approach the target in three-dimensional space. Figure 9b shows the cor-
responding acceleration profiles, in which the upper subplot presents the acceleration
commands in the y-direction and the lower subplot presents the acceleration commands in
the z-direction. The results indicate that the UAVs can adjust their acceleration commands
in two channels to complete spatial trajectory coordination, which demonstrates that the
proposed method can be extended from planar cooperative guidance to a three-dimensional
action-space setting. Since this subsection only considers a straight-moving target, more
complex three-dimensional scenarios with target maneuvers will be further investigated in
future work.
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Figure 9. Preliminary three-dimensional extension results under a straight-moving target scenario.

5. Conclusions
In this paper, a cooperative guidance law based on the experience-guided MAPPO

algorithm is designed for multi-UAV cooperative tracking of maneuvering targets. The
neural network used in this guidance law can process the states of UAVs and output corre-
sponding guidance commands. First, an experience-guided MAPPO (E-MAPPO) algorithm
is proposed to address the convergence difficulties caused by multi-agent systems and
continuous action spaces. Subsequently, a multi-UAV cooperative guidance environment is
formulated, and a Markov decision process is constructed. Considering the performance
requirements of cooperative guidance, the state space, action space, and reward function
are carefully designed.

Simulation results verify the cooperative tracking capability of the proposed method
against the S-type cosine maneuvering target. Although a certain timing error still exists
during the cooperative guidance process, all UAVs can successfully track the target with
relatively small miss distances. Furthermore, comparative experiments with CPNG, SMC,
and standard MAPPO show that the proposed E-MAPPO method achieves smaller cooper-
ative timing error and more balanced overall performance under different target motion
scenarios. The convergence analysis also shows that the experience-guided mechanism can
improve early-stage exploration efficiency and accelerate training convergence.

To further evaluate the applicability of the proposed guidance law, robustness and
generalization tests are conducted. The results demonstrate that the proposed method
can maintain acceptable tracking accuracy and cooperative timing performance under
Gaussian measurement noise, observation bias, and communication delay. In addition,
the trained policy can be extended to different target maneuvering scenarios, including
S-type maneuvering and circular maneuvering targets. At present, research on cooperative
navigation strategies based on reinforcement learning is still limited. This paper provides
a feasible learning-based cooperative guidance framework by directly controlling UAV
overload commands, and its effectiveness is verified through simulation experiments.

Future work will focus on the following aspects. First, the proposed E-MAPPO frame-
work will be extended to more realistic three-dimensional cooperative tracking scenarios,
including altitude variation, coupled lateral–vertical dynamics, and more complex target
maneuvers. Second, additional uncertainties, such as packet loss, actuator faults, mod-
eling errors, and communication constraints, will be further considered to improve the
robustness of the proposed method. Third, the deployment of the trained policy on em-
bedded UAV platforms will be investigated to further evaluate its real-time feasibility in
practical applications.
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