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Abstract

Target tracking is a representative task in multi-agent reinforcement learning (MARL),
where agents must collaborate effectively in environments with dense obstacles, evasive
targets, and high-dimensional observations—conditions that often lead to local optima and
training inefficiencies. To address these challenges, this paper proposes a collaborative
tracking algorithm for UAVs that integrates behavior cloning with temporal difference
(BCTD) and multi-agent proximal policy optimization (MAPPO). Expert trajectories are
generated using the artificial potential field (APF), followed by policy pre-training via
behavior cloning and TD-based value optimization. MAPPO is then employed for dy-
namic fine-tuning, enhancing robustness and coordination. Experiments in a simulated
environment show that the proposed MAPPO+BCTD framework outperforms MAPPO,
QMIX, and MADDPG in success rate, convergence speed, and tracking efficiency. The
proposed method effectively alleviates the local optimization problem of APF and the
training inefficiency problem of RL, offering a scalable and reliable solution for dynamic
multi-agent coordination.

Keywords: multi-drone collaborative target tracking; behavior cloning with temporal
difference; artificial potential field; multi-agent proximal policy optimization

1. Introduction
Target tracking in dynamic environments requires drones to efficiently locate and track

moving targets while avoiding obstacles. Traditional methods, such as the APF [1], are
effective in path planning and obstacle avoidance [2] but are prone to local optima, limiting
their effectiveness in dynamic settings [3]. MARL methods [4], on the other hand, can
optimize collaborative strategies but suffer from slow convergence and high computational
consumption [5], especially as the number of agents increases [6].

In response to these challenges, this paper introduces a novel framework that in-
tegrates BCTD and MAPPO, which enhances both learning efficiency and stability by
leveraging pre-training and fine-tuning strategies [7]. Taking into account the above prob-
lems encountered in the multi-drone tracking task [8], the proposed multistage collaborative
tracking framework integrates expert guidance, imitation learning (IL) [9] pre-training,
and RL [10] fine-tuning. First, the policy network is pre-trained via behavior cloning on
expert data of the artificial potential field, enabling rapid acquisition of fundamental path
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planning and obstacle avoidance capabilities. Subsequently, the potential field weights are
dynamically adjusted during reinforcement learning fine-tuning, using the MAPPO [11]
algorithm. A global reward signal, such as successful collaborative encirclement, is intro-
duced to overcome local force balance and drive UAVs to bypass obstacles and continuously
approach the target.

The MARL training process is often plagued by significant time and resource con-
sumption. Traditional RL methods rely on agents exploring strategies solely through
environmental interactions, necessitating numerous trial-and-error iterations to generate in-
teraction data. This approach results in extended training periods and low sample efficiency.
To address these challenges, this study employs BCTD to enhance the value network. This
method enables drones to acquire skills in path planning and obstacle avoidance within
dynamic environments, thereby streamlining subsequent agent fine-tuning processes.

A novel method was proposed in this study to enhance the operational efficiency
of collaborative target tracking and encirclement tasks [12]. The key contributions are as
follows: 1. The integration of APF with IL. Drones are trained to acquire path planning
and obstacle avoidance skills within the artificial potential field framework by initially
imitating a pre-trained strategy based on APF principles, followed by fine-tuning through
MARL to improve task performance. 2. A methodology employing BCTD is introduced to
concurrently optimize the policy and value network. During the behavior cloning phase,
the value network is refined using the temporal difference method to enable drones to
learn path planning and obstacle avoidance in a dynamic environment, thereby facilitating
subsequent agent fine-tuning. Generalized advantage estimation (GAE) is utilized to rectify
the bias of the value function, prevent policy oscillation, reduce the duration of policy
exploration, and enhance both evaluation accuracy and training efficiency.

2. Related Work
Traditional methods like APF frequently result in agents being trapped in local optima,

unable to escape the potential field’s low points. Meanwhile, MARL suffers from low
training efficiency and slow convergence [13]. To address these issues, various solutions
have been proposed. Rubio et al. modified the APF function to mitigate the local optimum
problem [14]. Pateria et al. [15] improved training efficiency by enhancing the experience
replay mechanism and introduced a hierarchical reinforcement learning framework to
accelerate training. Xiao et al. [16] aimed to reduce evaluation bias and instability by
employing multiple critic networks. Despite advancements, existing methods still face
limitations, such as policy oscillation and low sample utilization, which complicate the
balance between rapid learning and policy robustness.In contrast, the MAPPO+BCTD
algorithm introduced here markedly surpasses traditional benchmarks like APF, MAD-
DPG, and QMIX, achieving a 100% tracking success rate, an average of 19.6 steps, and a
convergence speed of 65,000 episodes. To address the local optimum issue inherent in the
APF method, we integrate BCTD. By using APF to generate expert trajectories, the policy
network is pre-trained to avoid local minima. The TD-based value optimization in BCTD
further refines the policy, ensuring that agents can overcome local optima by learning
from high-quality expert data, thus improving stability during reinforcement learning
fine-tuning and enhances training efficiency to 7.7 times that of conventional RL (65,000 vs.
500,000 episodes), offering an efficient and robust solution for multi-agent collaborative
tracking in dynamic environments. The subsequent sections detail the relevant research
and applications of each technology.
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2.1. Artificial Potential Field

The conventional APF method, commonly employed for path planning and obstacle
avoidance, operates by simulating attractive and repulsive fields to direct agent motion.
The attractive force is given by

Fatt = katt ·
(

ptarget − pagent
)

(1)

where katt = 2.0 is a positive constant, pagent is the current position of the agent, and ptarget

is the position of the target. The repulsive force is

Frep =

krep ·
(

1
d(pagent,pobs)

− 1
d0

)
· 1

d(pagent,pobs)2 ·
∥∥ptarget − pagent

∥∥, if d ≥ d0

0, if d < d0

(2)

where krep = 1.5 is a positive constant, d is the distance to the obstacle, and d0 = 0.5 is
the influence radius. Whenever the distance between the agent and an obstacle is below
a predefined threshold d < d0, a repulsive force is exerted, thus enabling the avoidance
of the obstacle. Conversely, no force is exerted when the separation distance exceeds
the threshold d ≥ d0. These forces guide the agents’ motion and are combined to form
the overall potential field. The approach involves constructing a cohesive potential field,
guiding the agent’s movement toward the resultant force, which is a combination of the
attractive force from the target and the repulsive force from the obstacles. However, the
traditional APF method is susceptible to getting stuck in local potential field equilibria
in densely cluttered obstacle environments [17]. Fan et al. [18] proposed enhancements
to the conventional APF framework by introducing a threshold limit for target actions, a
correction factor for repulsion field distance, and an additional force mechanism. Despite
these modifications, the method still exhibits limited dynamic adaptability. In a different
approach, Zhang et al. [19] integrated APF with reinforcement learning by utilizing APF
to generate expert trajectories and subsequently refining the strategy through RL [20].
This study builds on this concept by leveraging the potential field function of the APF as
expert knowledge in imitation learning (IL) to address the local optimization challenges of
traditional APF, offering high-quality initialization strategies for subsequent reinforcement
learning processes.

2.2. Imitation Learning

IL is effective in reducing the exploration cost of RL by mimicking expert behavior,
particularly beneficial in intricate tasks [21]. Behavior cloning (BC), a common approach
in IL, aligns with expert state-action mapping through supervised learning. However,
it is susceptible to the compounding error issue [22], particularly evident in multi-agent
settings where policy deviations can disrupt cooperation [23]. Addressing this challenge,
Arora et al. [24] introduced inverse reinforcement learning (IRL), a technique that deduces
the intrinsic reward mechanism by studying the expert’s actions, facilitating the agent’s
optimization based on this reward structure. In parallel, Bhattacharyya et al. [25] devised
an approach that merges generative adversarial imitation learning (GAIL) with generative
adversarial networks. By concurrently training the generative and discriminative models
adversarially, the agent can replicate the expert’s behavior. This paper leverages behavior
cloning for network pretraining, utilizing expert trajectories from APF to expedite initial
tracking proficiency and optimizing action distribution matching through cross-entropy
loss. In contrast to previous research, this study builds upon Xiao et al.’s approach [26] of
improving tiny target recognition by purifying features in target detection. It integrates
the time difference method to enhance the optimization of the value network, reduce
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oscillations in policy fine-tuning, and enhance the adaptability of imitation learning in
dynamic settings, differing from prior research.

2.3. Behavior Cloning with Temporal Difference

BCTD merges TD methods with BC to optimize policy and value networks simultane-
ously in IL. This approach improves strategy stability and training efficiency in multi-agent
systems. TD learning, a prevalent method in reinforcement learning, updates the state-
value function by minimizing TD errors, thereby guiding policy adjustments. Its primary
advantage is its efficient online evaluation. Nevertheless, TD methods generally require a
considerable amount of environmental data and, when used in isolation, are inadequate
for IL. To overcome these limitations, previous research has investigated the integration of
reinforcement learning mechanisms into IL. Perlaza et al. [27] introduced the dataset aggre-
gate method (DAgger) to mitigate policy drift by iteratively incorporating expert decision
making. However, DAgger faces challenges such as high computational demands, complex
deployment, and frequent expert interaction, limiting its applicability in high-dimensional
multi-agent contexts. Addressing these issues, this paper presents the BCTD method, which
integrates TD learning into the behavioral cloning phase via “pseudo-temporal difference
paths.” During training, the policy network employs cross-entropy loss to align with expert
actions while utilizing state-reward information from expert trajectories to compute the
TD error, thereby refining the value network parameters. The introduction of GAE [28] for
weighted accumulation of TD error reduces valuation variance and enhances the stability
of value learning. Unlike traditional BC, the BCTD method not only benefits from the rapid
convergence due to expert behavior guidance but also offers value evaluation for current
strategy behavior quality. This approach mitigates training oscillations caused by policy
drift and ensures precise value initialization for subsequent reinforcement learning phases,
such as MAPPO fine-tuning, thereby improving training efficiency and policy robustness.

3. Problem Formulation
3.1. Multi-Robot Pursuit Problem

In this work, we consider a cooperative target tracking problem involving multiple
UAV agents operating in a 2D environment with obstacles. The set of pursuers is denoted
by V = {1, 2, · · · , N}, and the target as E. Each agent i ∈ V can observe the relative
positions of nearby agents, obstacles, and the evader, but not the global state. Unlike
traditional first-order models, all pursuers in this work are modeled as second-order point-
mass systems, where the control input is acceleration, and the state includes both position
and velocity. The continuous-time kinematic equations are{

ṗi = vi

v̇i = ai
(3)

where pi, vi, and ai represent the position, velocity, and acceleration of pursuer i, respec-
tively. In discrete time, the state transition ispi,t+1 = pi,t + vi,t · ∆t +

1
2

ai,t · ∆t2

vi,t+1 = vi,t + ai,t · ∆t
(4)

In this paper, the movement of the tracking target selects the acceleration direction
according to the APF rule, and thus also follows the second-order point-mass systems.

The pursuit task is deemed successful when all of the following conditions are met at
a predefined terminal time tmax:
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• Capture condition: Each pursuer is within a capture radius dc from the target:

dE,i(tmax) < dc, ∀i ∈ V (5)

• Collision avoidance: All inter-agent distances must exceed twice the safety radius ds,
and each agent must maintain a minimum distance from any obstacle:

di,j(t) > 2ds, do,i(t) > ds, ∀i ̸= j, ∀t ∈ [0, tmax] (6)

where dE,i(t) is the Euclidean distance between pursuer i and the evader; di,j(t) is the
distance between pursuers i and j; do,i(t) is the distance between pursuer i and the
nearest obstacle.

Given that each agent relies exclusively on its local observation oi to make decisions,
the aim is to develop a set of decentralized policies πi(ai|oi) that together meet the specified
constraints and complete the pursuit task in the most efficient manner. The primary
objective is to maximize the expected cumulative discounted reward as follows:

max
π

Eπ

[
tmax

∑
t=0

γtR(st, at)

]
(7)

where γ ∈ (0, 1) is the discount factor, and at = (a1,t, a2,t, . . . , aN,t) is the joint action vector.
This issue showcases the amalgamation of dynamic constraints, partial observability, and
decentralized coordination. The incorporation of acceleration-based control and second-
order dynamics enhances the realism and intricacy of the scenario, thereby escalating the
requirements for policy stability and generalization.

3.2. Decentralized Partially Observable Markov Decision Process (Dec-POMDP)

The multi-UAV pursuit problem can be formulated as a partially observable Markov
Game (POMG) that is represented by the tuple ⟨S, A, O, P, R, γ⟩, where S, A, O, P, R, γ

denote the global state space, joint action space, local observation space, state transition
probability, reward function, and discount factor, respectively. Each agent chooses an action
based on its local observations, which are sampled from the global state, receives a reward,
and collectively impacts the environment’s state. The objective for each agent is to learn
the optimal policy π∗(ai|oi) that maximizes the cumulative rewards.

(1) State space S: The state s ∈ S represents the global configuration of the environment,
which includes the position and velocity of all drones, the position and velocity of the
target, and the positions of static obstacles. The total three-drone system state is

S =

[{
Sagent

i

}N

i=1
,
{

Starget
j

}K

j=1
,
{

Sobs
k

}M

k=1

]
(8)

where N, K, M represents the number of tracking drones, targets, and obstacles, respectively.
For each drone i ∈ I, the state consists of its 2D position pi = (xi, yi), velocity

vi = (vix , viy), agent radius Ri, maximum speed vmax
i .

Sagent
i = [pi, vi, Ri, vmax

i ] (9)

Similarly, the state of target is

Starget
j =

[
ptarget

j , vtarget
j , Rtarget

j

]
(10)
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where ptarget
j , vtarget

j , and Rtarget
j are the location, velocity, and radius of the tracked entity,

respectively. Additionally, the state of obstacle k is

Sobs
k =

[
pobs

k , Robs
k

]
(11)

where Robs
k is the radius of the obstacle k.

(2) Observation space Oi: Due to limited sensing and communication, each agent i
receives only partial observations Oi. The local observation of agent i is as follows:

Oi =
[
Oi,sel f , Oi,UAV , Oi,obs, Oi,Tar

]
(12)

In the one-target scenario, the observation of targets is Oi,Tar = Oi,Tar1, where the
observation Oi,obsj

includes the relative position ∆pi,Tarj between the agent and the obstacle
j, relative velocity ∆pi,Tarj, and its radius of size.

Oi,Tarj =
[
∆pi,Tarj , ∆vi,Tarj , Rtarget

]
(13)

where ∆pi,Tarj = pj,target − pi represents the relative position between the target and the
agent. In the three-drone system, to consider cooperation between agents, all drones are
included in the observation range.

Oi,UAV =
[
Oi,UAV1 , Oi,UAVj , . . . , Oi,UAVN1

]
, j ̸= i (14)

where Oi,UAVj =
[
∆pi,UAVj , ∆vi,UAVj , RUAV

]
, and uses zero padding when the agent is

invisible. The observation of an obstacle contains the position relative to the agent and the
obstacle radius, so the observation of each visible obstacle j is expressed as follows:

Oi,Obs =
[
Oi,Obs1 , Oi,Obsj

, . . . , Oi,ObsN2
,
]

(15)

Similarly, compose all obstacle observations into Oi,UAVj =
[
∆pi,Obsj

, RUAV

]
.

Song et al. [29] demonstrated that sparse feature selection enhances decision-making
efficiency in high-dimensional settings. In line with this principle, the study’s observation
space design focuses solely on essential interaction information (such as relative poses of
agents/targets) to prevent irrelevant features from impacting policy learning.

(3) Action space Ai: The action of agent i is denoted as ai ∈ Ai. Ai represents a set
of feasible velocity vectors subject to fundamental kinematic equations and restrictions
imposed by map boundaries, maximum velocity, and maximum acceleration limits.

a ∈
{

astatic, aup, adown, ale f t, aright, aur, alr, all , aul

}
(16)

The values represent acceleration in nine directions: static, upward, downward, left,
right, upper right, lower right, lower left, and upper left. This design provides directional
precision for path adjustments and obstacle avoidance. The discrete action space simplifies
policy learning compared to continuous spaces.

(4) State transition model P: The transition model P(st+1|st, at) governs how the global
state evolves based on the joint action at = [a1, . . . , aN ] from all agents. Each UAV agent
updates its velocity and position using Newtonian dynamics:

vi,t+1 = vi,t + ai,t · ∆t, pi,t+1 = pi,t + vi,t · ∆t +
1
2

ai,t · ∆t2 (17)
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In the context of algorithm research, it is reasonable to assume a constant speed of
action by the drone over the extremely short time interval ∆t.

(5) The reward function Ri(s, a) guides agent i by providing rewards for actions
executed. It is a composite function combining dense and sparse components to promote
effective and cooperative target tracking while discouraging unsafe or inefficient behaviors.

R(s, a) =
N

∑
i=1

(
rtrack

i + rcollide
i + rstep

i

)
+ rsuccess (18)

where rtrack
i = di,t−1 − di,t measures the change in distance between an agent and a tar-

get over time, promoting movement towards the target. rcollide
i represents a penalty

for collisions between agents or obstacles. This term encourages safe navigation and
cooperative spacing:

rcollide
i =

−1, if collision occurs

0, otherwise
(19)

rstep
i is a step penalty that per timestep to penalize unnecessary wandering and

incentivize task efficiency. It is typically linear with respect to the elapsed step ratio
rstep

i = − current step
max steps . Additionally, rsuccess is a high-value sparse reward awarded only

when all agents successfully surround the target within a predefined radius threshold. This
strongly incentivizes cooperation and convergence as follows:

rsuccess =

+10, if capture condition is met

0, otherwise
(20)

The reward structure combines short-term behavior shaping with long-term goal
completion to encourage individual approach and effective coordination in completing
a cooperative task, while minimizing collisions and delays. The weights of the reward
components (such as rtrack, rcollide, rstep, and rsuccess) were manually tuned using a grid
search approach. We iterated over a set of values for each weight and selected the combi-
nation that yielded the most efficient training process and the best tracking performance.
This manual tuning allowed us to strike a balance between encouraging rapid target ap-
proach, minimizing collisions, and penalizing unnecessary movements, ensuring robust
collaboration among agents.

4. Approach
In response to the issue of the traditional methods of artificial potential field being

susceptible to local optima in complex scenarios [30], as well as the bottleneck of low
training efficiency and slow convergence in MARL, this paper considers an innovative
collaborative tracking framework. The key innovation lies in the architecture driven by
expert experience in pre-training and fine-tuning architecture [31], along with the combined
optimization mechanism based on BCTD. Specifically, this framework effectively integrates
expert trajectories produced through APF, BC in IL, value estimation mechanism optimized
by TD, and reinforcement policy optimization capability of MAPPO. The goal is to attain
effective initialization and consistent iteration of the agent’s strategy. The core process is
structured as follows:

(1) Pre-training Guided by APF Expert Experience: Leverage expert trajectories from
APF to pre-train the policy network, enabling rapid acquisition of fundamental tracking
capabilities.
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(2) BCTD Combined Optimization Mechanism: Employ BCTD to synchronize the
optimization of both the policy and evaluation networks.

(3) MAPPO Dynamic Fine-tuning: Incorporate the MAPPO clipping mechanism along
with a globally designed reward system to facilitate efficient multi-agent collaboration.

Figure 1 illustrates the algorithmic framework, which is systematically divided into
three stages: “pre-training—combined optimization—dynamic adjustment,” ensuring a
balance between path planning reliability and reinforcement learning efficiency.

Figure 1. Algorithm framework.

In collaborative tracking and pursuit, the action space of the agent is usually repre-
sented as a set {a1, a2, . . . , an}. The reinforcement learning policy is denoted as πθ(a|s),
where the input is the current state s and the output is a vector f with a dimension of
|A|, which is the size of the action space. Each element of the vector f corresponds to the
probability value of an action, indicating the probability of choosing that action.

Initially, the APF method generates expert demonstration trajectories, forming a high-
quality dataset that captures interactions among agents, targets, and obstacles. At this
stage, the policy network undergoes pre-training via BC based on rule-driven trajectories.
This process allows the agent to swiftly acquire fundamental path planning and obstacle
avoidance skills, thereby minimizing exploration costs and easing learning challenges
in the subsequent pure reinforcement learning phase. The policy network, structured
as a multi-classifier, outputs the probability distribution of each discrete action. Expert
actions serve as the supervision signal, and the network is trained using the cross-entropy
loss function.

Lpolicy(θ) = −∑
t

at · log πθ(at|st) (21)

where at represents the expert actions in one-hot encoding, and πθ is the policy network.
Then, to address the limitations of BC in strategy generalization and stability, we

present the BCTD mechanism. Using the attention mechanism for cross-modal alignment
as proposed by Xu et al. [32], the BCTD framework in this investigation accomplishes
multiscale temporal feature integration by utilizing the GAE-weighted TD error, thus
improving the robustness of value estimation. This approach simultaneously optimizes the
policy and value networks during the imitation learning phase. Expert trajectories provide
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state–action–reward sequences, which are used to form pseudo-environment interaction
paths. The GAE is employed for estimating and propagating value returns. The temporal
difference error is defined by the following equation:

δt = rt + γV(st+1)− V(st) (22)

where δt is the TD error at time step t, indicating the difference between the current
valuation and the return after one step.The corresponding GAE estimate is as follows:

Ât =
∞

∑
l=0

(γλ)lδt+l (23)

where γ is the discount factor (set to 0.95 in our experiments). The GAE smooths the TD
error across multiple timesteps to reduce variance. In our experiments, we used λ = 0.9,
which allowed us to effectively balance bias and variance. For example, in one timestep,
the TD error for an agent might be calculated as δt = 1.5, and the GAE estimate Ât would
sum over multiple δt values, weighted by γ and λ. Meanwhile, the value network aims
to minimize the mean squared error. The primary advantage of BCTD is its ability to
quantitatively evaluate and correct policy quality without adding to the environmental
interaction burden. It mitigates training oscillations from early policy deviations, thereby
enhancing convergence stability and the generalization capability of the policy during the
imitation learning phase.

Lvalue(ϕ) =
1
2 ∑

t

(
Vϕ(st)− V̂t

)2 (24)

Finally, building on pre-training, we utilize MAPPO for policy fine-tuning via RL.
Employing a centralized training and distributed execution (CTDE) framework, MAPPO
shares global value network information while maintaining policy independence, enabling
efficient collaboration. Agents receive real-time feedback from the environment, including
rewards for target approach, penalties for collisions and step counts, and rewards for
successful encirclement. MAPPO mitigates policy update fluctuations through a clipping
mechanism and, combined with the value baseline from BCTD pre-training, significantly
improves the collaborative capacity and learning efficiency of the multi-agent system in
dynamic settings.

The evaluation metrics for the experiments in this chapter include the tracking success
rate at convergence, the number of steps required to complete the task, the average reward
tested after model convergence, and the number of training episodes required for the model
to converge.

In the three-UAV target tracking scenario, analysis of the agent observation space
reveals that computational complexity grows linearly with the number of nearby drones
and obstacles when each UAV independently executes this cooperative tracking algorithm.
The MAPPO+BCTD algorithm achieves convergence at approximately 65 k episodes, sig-
nificantly lower than alternative approaches such as standard MAPPO, which requires
500 k episodes to converge. On an NVIDIA GeForce GTX 3090 GPU, each episode re-
quires approximately 35 ms of processing time, resulting in a total training duration of
roughly 6.3 h. These results highlight the computational efficiency of the proposed method,
which benefits from the pre-training phase. Meanwhile, we conducted experiments with
parameters detailed in Table 1.
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Table 1. The setting of simulation.

Objects Properties Descriptions

Computer

operating system Linux Ubuntu 20.04

CPU i9-9900K

memory 32GB

GPU NVIDIA GeForce GTX 3090

video memory 24GB

Algorithm

learning rate 0.0001

discount factor 0.95

batch size 150

hidden layer size (100, 100, 100)

loss function Mean-Square Error (MSE)

optimization method Stochastic Gradient
Descent (SGD)

Scenario Configuration

environment side Length 2.0

agent radius 0.06

target radius 0.04

maximum speed (agent) 1.0

maximum speed (target) 0.8

4.1. Three-UAV Target Tracking Test

The BCTD method is used to introduce the tracking ability of the APF into the tracking
agents, allowing the agents to learn this ability. By using cross-entropy loss as the optimiza-
tion function, the agent’s policy model successfully learns the tracking ability of the APF
model. Additionally, TD methods are used to achieve convergence of the value network.

The convergence curve of the policy network’s cross-entropy loss indicates that the
cross-entropy loss may initially be large due to the complexity of the environment dur-
ing the IL process. However, as the episodes progress, the cross-entropy loss gradually
converges towards 0, showing that the policy network has effectively learned the tracking
ability of the APF model. As shown in Figure 2, the convergence of the value network
through TD Mean Squared Error (MSE) Loss curve.

Figure 2. The policy network cross-entropy loss curve and the value network loss convergence curve.
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The role of APF is merely to generate expert behaviors through imitation learning to
guide the path planning of the agent, without relying on the update of the value function.
Therefore, there is no critic network and no critic loss. And the loss curve of the value
network via TD shows rapid convergence in the early stages. Value loss based on TD
decreases quickly. However, during the convergence process, due to the local optimal
limitations of the APF mean that there are cases where agents cannot quickly catch up with
the tracking target. This leads to some oscillation in the evaluation of the current value
even after the tracking ability of the APF model has been learned. The average reward
curve and the average number of steps to complete the task for the APF model were then
tested, as shown in Figure 3.

Figure 3. Performance testing of the APF model.

Through the reward and step completion curves, even with some local optima, the
APF model still effectively completes the corresponding tracking tasks. Additionally, due
to its rule-based nature, the tracking performance remains relatively stable.

In the experiments in this chapter, the number of drones is 3, and the number of
tracking targets is 1. MAPPO + BCTD and other classic centralized training and distributed
execution algorithms were selected for comparison experiments, including MAPPO based
on policy, the MADDPG algorithm [33], and the QMIX algorithm [34] based on value. First,
we analyze the application of the BCTD algorithm in the MAPPO algorithm, and then
compare the performance of different algorithms based on the evaluation metrics in the
collaborative tracking scenario.

The average reward curve and the average number of steps for different algorithms
during training were tested as shown in Figure 4, which presents the average reward curve
of the episode for different algorithms in the collaborative tracking scenario.

The curve with higher opacity and fluctuations represents the actual reward curve
used, and the curve with lower opacity represents the curve after smoothing the raw
rewards. The analysis of the episode reward convergence for different algorithms is as
follows: In this experiment, MAPPO + BCTD demonstrated significant advantages. Com-
pared with other algorithms, MAPPO + BCTD rapidly converged early in the training and
stabilized at higher reward values, indicating that the pre-training via behavior cloning
effectively accelerated the agents’ policy learning process. In contrast, MAPPO gradually
improved rewards but had slower convergence and larger reward fluctuations during
training, suggesting that without pre-training, the agent requires more time to adapt to the
task. MADDPG showed unstable performance in the multi-agent environment with con-
sistently low reward values, failing to effectively improve tracking ability. QMIX, though
showing smoother reward changes, had lower final reward levels and could not overcome
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the influence of obstacles in the environment, leading to incomplete optimization of the
policy. In complex tracking tasks, MAPPO + BCTD accelerated convergence and improved
stability through pre-training in behavior cloning, making it the most effective algorithm.

As shown in Figure 4, episode completion step curves for different algorithms in a
collaborative tracking scenario, the curve with higher opacity and fluctuations represents
the actual episode step curve, and the curve with lower opacity represents the episode step
curve after the raw rewards have been smoothed.

In this experiment, MAPPO + BCTD performed the best overall, benefiting from
the pre-training via behavior cloning, which effectively improved the agents’ learning
efficiency and strategy collaboration capability. This led to a rapid decrease in the number of
steps per episode, stabilizing around 20 steps, demonstrating excellent convergence speed
and decision-making efficiency. MAPPO followed, with the number of steps stabilizing
around 26, indicating its good multi-agent collaboration and environmental adaptation.
In contrast, MADDPG performed poorly, with steps remaining around 50 and showing
significant fluctuations, exposing its instability in learning for multi-agent cooperation
tasks. QMIX, although better than MADDPG, still had a higher number of steps than
MAPPO-like algorithms in complex environments, indicating limited policy flexibility and
environmental adaptability. In summary, MAPPO + BCTD, with the advantage of pre-
training, significantly improved policy convergence efficiency and collaboration capabilities,
exhibiting optimal performance in multi-agent target tracking tasks.

The evaluation indicators of the collaborative tracking scenarios in the evaluation
indicators of the MAPPO+BCTD, MAPPO, QMIX, MADDPG and APF algorithms were
quantified, and the comparison of the tracking performance after convergence of different
algorithms is shown in Table 2:

Table 2. Comparison of tracking performance after convergence for different algorithms.

Metric MADDPG QMIX MAPPO APF + MAPPO BCTD + MAPPO

Success Rate 0.00 ± 0.0 0.72 ± 0.15 1.00 ± 0.12 1.00 ± 0.08 1.00 ± 0.0
Episode Length 50 ± 0 36.2 ± 2.1 25.2 ± 1.6 20.2 ± 0.8 19.6 ± 0.2
Average Reward −2.7 ± 1 14.6 ± 3.2 31.3 ± 3.8 31.3 ± 3.5 32.4 ± 1.2

Training
Timestep 1000 k 300 k 500 k 150 k 65 k

Figure 4. Comparison of different algorithms.
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As shown in the table, MAPPO + BCTD demonstrated significant advantages in multi-
agent target tracking tasks, particularly in convergence speed, task completion efficiency,
and strategy learning ability. With pre-training via behavior cloning, MAPPO + BCTD can
converge quickly, completing training in only 65 k episodes, significantly reducing training
time compared to other algorithms. At the same time, this algorithm stands out in terms
of tracking success rate and average reward, with a tracking success rate of 100% and the
highest average reward, indicating its stability and efficiency in task execution. Moreover,
MAPPO + BCTD has the fewest average steps, further demonstrating that its optimized
policy model can efficiently complete target tracking tasks. In terms of model convergence,
MAPPO + BCTD, leveraging the advantages of IL, required the fewest episodes to converge
among reinforcement learning algorithms.

4.2. Experimental Visualization Comparison

After all models completed convergence, the effects of different algorithms were tested
in the tracking task environment. As shown below, the episode ends when the tracking
task is completed within the maximum number of steps; otherwise, the episode ends when
the maximum action steps are reached. Figure 5 shows the visual demonstration of the
experimental effects of different algorithms. The tracking drone’s trajectory is represented
by a red line, and the tracking target robot’s trajectory is represented by a blue line. By
comparing various algorithms, it is clear that MAPPO + BCTD demonstrates smoother
drone paths and significantly fewer steps to complete the task. In contrast, the QMIX
algorithm shows poor obstacle avoidance performance when faced with dense obstacles,
causing the drone swarm to be unable to effectively avoid obstacles, which impacts tracking
performance. The MADDPG algorithm, on the other hand, has a noticeable local optimum
issue, where the drone swarm ultimately converges to a stationary state, failing to effectively
track the target, performing much worse than other algorithms. These results indicate
that MAPPO + BCTD can achieve more efficient and smoother tracking paths in complex
environments, with stronger capabilities for handling dynamic obstacles.
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Figure 5. Demonstration diagrams of different algorithms. The red and purple rectangles indicate
the initial positions of the target agent and pursuing agents, respectively. The movement trajectory
of the target agent is represented by the blue line, while the movement trajectories of the pursuing
agents are shown with red, green, and brown lines respectively. The black circles in the diagram
represent generated obstacles.

5. Conclusions
An algorithmic model for multi-drone target tracking tasks is thoroughly discussed,

with the combination of MAPPO and BCTD being proposed and its application in actual
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tracking tasks. By introducing the APF model and combining the advantages of IL and RL,
especially with optimizations in the MAPPO algorithm, we have significantly enhanced
the model’s convergence speed and task completion efficiency. Specifically, MAPPO +
BCTD accelerates the policy learning process through pre-training, significantly reducing
the number of episodes required for training, and demonstrating extremely high stability
and efficiency during training. Furthermore, this method successfully completes multi-
drone target tracking tasks with fewer steps, outperforming traditional algorithms such as
MAPPO, MADDPG, and QMIX in both convergence speed and task efficiency. Although the
proposed algorithm demonstrated strong performance in simulation, future work will focus
on testing the method in real-world environments and extending the framework to handle
larger multi-agent systems. Additionally, we plan to explore the scalability of the approach
in 3D environments, which introduces more complex dynamics and obstacle interactions.
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