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ABSTRACT: The emergence of Unmanned Aerial Vehicle (UAV)-enabled Wireless Energy Transfer (WET) and
Simultaneous Wireless Information and Power Transfer (SWIPT) technology provide a promising solution to overcome
the energy sustainability limitations of traditional harvesting-reliant sensor networks. However, in large-scale Battery-
free SWIPT-enabled Sensor Networks (BSSN) characterized by sparse node distribution and heterogeneous energy
consumption and harvesting rates, employing a single UAV for energy replenishment often suffers from insufficient
operation continuity and low charging efficiency. To overcome these challenges, a Multi-UAV Collaborative Energy
Charging for BSSN Based on Multi-Agent Deep Deterministic Policy Gradient (MCEC-MADDPG) is proposed in
this paper. Specifically, we construct a collaborative one-to-one precision energy supply model where UAVs hover
directly above specific nodes to achieve power transmission without complex beamforming requirements. To achieve
collaborative scheduling among multiple UAVs in wide-area dynamic environments, the energy replenishment problem
is first formulated as a Partially Observable Markov Decision Process (POMDP). Subsequently, the Centralized Training
with Decentralized Execution (CTDE) architecture of the MADDPG algorithm is leveraged to solve this POMDP, which
effectively tackles the non-stationarity challenge inherent in multi-agent environments. Simulation results demonstrate
that MCEC-MADDPG exhibits superior performance in terms of convergence speed and stability. It enables the
adaptive emergence of spatial-division collaborative strategies, significantly enhances the average residual energy of
the network, and elevates the node survival rate to nearly 90%. Compared with Deep Deterministic Policy Gradient
(DDPG), the traditional static Partition-Greedy method, the heuristic K-Means algorithm and the dynamic Two-Layer
task allocation strategy, the proposed approach demonstrates substantial advantages.

KEYWORDS: Battery-free SWIPT-enabled sensor networks; multi-agent deep deterministic policy gradient; multi-
unmanned aerial vehicle; collaborative energy charging; partially observable Markov decision process; centralized
training with decentralized execution

1 Introduction
Battery-free SWIPT-enabled Sensor Networks (BSSN) play a vital role in fields such as structural health

monitoring, implantable medical devices and smart cities [1,2]. However, sensor nodes are typically powered
by small energy storage capacitors that rely on intermittent ambient energy harvesting, and the depletion
of the energy leads to network topology fragmentation and data loss [3]. Recent advancements in spatial-
temporal topological decoupling and dynamic adaptive energy sustainability have provided new perspectives
for maintaining robust operations [2,4]. To further extend network lifetime, utilizing Unmanned Aerial
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Vehicles (UAVs) equipped with wireless energy transfer equipment to replenish energy for sensor nodes—
thereby constructing a UAV-assisted Energy-Harvesting Sensor Network (WEHSN)—has become a research
hotspot in recent years [5–7].

Although employing a single UAV for energy charging has achieved significant results in small-scale
networks [8], the single-UAV scheme often faces bottlenecks such as insufficient endurance and low charging
efficiency in large-scale areas where sensor nodes are sparsely distributed [9]. To overcome this limitation,
introducing multi-UAV coordination to perform wireless energy transfer tasks has become an inevitable
trend [10]. However, compared to single-UAV scenarios, multi-UAV collaboration introduces a series of
new challenges, including resource allocation conflicts between UAVs, flight collision risks, communication
limitations, and high environmental dynamism and uncertainty [11–13].

To address these challenges, Multi-Agent Deep Deterministic Policy Gradient (MADDPG) has proven
its efficacy in tackling dynamic environmental challenges within complex tasks [14]. In automated warehouse
logistics, swarm robotics coordination, and urban traffic management, it is widely recognized for enabling
multi-agent systems to reach a stable Nash Equilibrium [15,16]. Integrating MADDPG to multi-UAV energy
charging tasks offers a potent framework for solving challenges like resource allocation conflicts, collision
risks, and environmental uncertainties [17]. By employing a Centralized Training, Decentralized Execution
(CTDE) architecture, the algorithm allows each UAV to access global state information during training,
effectively overcoming the non-stationarity issues typical of multi-agent environments [18]. During the
execution phase, UAVs perform real-time autonomous decision-making based solely on local observations.
This paradigm encourages the emergence of precise obstacle avoidance and task-partitioning strategies,
ensuring high efficiency and system robustness in highly dynamic settings [19].

In this paper, we propose a Multi-UAV Collaborative Energy Charging framework for Battery-free
SWIPT-enabled Sensor Networks based on Multi-Agent Deep Deterministic Policy Gradient, termed
MCEC-MADDPG. Different from existing MADDPG-based UAV scheduling studies that mainly focus on
trajectory optimization, communication coverage, or generic task allocation, this work specifically targets
the energy sustainability problem of capacitor-powered BSSN with heterogeneous energy consumption and
sparse charging demands. The main contributions are summarized as follows.

(1) We formulate the multi-UAV charging problem by taking the maximization of the network-wide
average residual energy as the primary optimization objective, rather than merely minimizing flight
distance or task completion time. This objective is particularly suitable for battery-free SWIPT-
enabled sensor networks, where node energy depletion may directly cause topology fragmentation
and data loss. By incorporating node survival, UAV collision avoidance, task uniqueness, and motion
constraints, the proposed formulation better reflects the long-term operational requirements of BSSN.

(2) To capture the partial observability and dynamic uncertainty of multi-UAV energy replenishment, the
charging scheduling process is formulated as a Partially Observable Markov Decision Process POMDP.
The state space jointly characterizes sensor-node residual energy, UAV positions, and UAV residual
battery levels, while each UAV makes decisions based on local observations. The action space is defined
as continuous velocity-vector control, allowing smooth UAV trajectory planning and hovering-based
charging. The reward function integrates average residual energy improvement, node-death penalty,
and collision penalty, thereby explicitly guiding the agents to balance energy sustainability, charging
fairness, and flight safety.

(3) We adapt the MADDPG framework to the proposed multi-UAV BSSN charging scenario. During
centralized training, each Critic evaluates joint observations and joint actions of all UAVs, enabling
the agents to learn cooperative task allocation and reduce competition for the same low-energy
nodes. During decentralized execution, each UAV relies only on its local observation for real-time



Comput Mater Contin. 2026;88(3):104 3

decision-making, which improves deployment feasibility and reduces the requirement for global
communication. This design directly addresses the non-stationarity problem caused by simultaneous
policy updates in multi-UAV systems.

(4) Simulation results show that MCEC-MADDPG achieves faster and more stable convergence than
independent DDPG and outperforms traditional Partition-Greedy, K-Means, and Two-Layer task
allocation strategies. The proposed method enables the adaptive emergence of spatial-division coop-
erative behaviors, improves the average residual energy of the network, reduces dead nodes, and
increases the network survival rate to nearly 90%, demonstrating its effectiveness for large-scale BSSN
energy sustainability.

2 Related Works

2.1 Traditional Heuristic and Static Planning for Energy Replenishment
Early research primarily focused on utilizing geometric spatial partitioning and classical combinatorial

optimization theory to solve path planning problems. The K-Means clustering algorithm, as applied in
wireless sensor networks by Sasikumar and Khara [20], is frequently used to partition distributed nodes into
task clusters for preliminary load balancing. Similar clustering-based methods have also been investigated
for sensor-node organization in wireless sensor networks [21]. Building upon clustering-based task orga-
nization, two-layer scheduling strategies generally combine upper-layer task assignment with lower-layer
path planning. In the lower layer, the Traveling Salesperson Problem (TSP) and its heuristic variants, such
as the Lin-Kernighan algorithm, are commonly used to plan efficient replenishment or visiting sequences
[22–24]. For localized dynamic demands, partition-based greedy strategies are often adopted due to their low
computational complexity within fixed sub-regions. However, these methods essentially rely on predefined
static rules and struggle to address the energy harvesting and consumption heterogeneity in sensor networks,
as highlighted by Xie et al. [25]. In dynamic environments where node energy consumption rates fluctuate
drastically, static planning may lead to inefficient energy replenishment and network energy imbalance [26].

2.2 UAV Collaborative Scheduling Based Deep Reinforcement Learning
To enhance system adaptability in dynamic environments, Deep Reinforcement Learning (DRL) has

been integrated into the field of path planning. Following the foundational work on Deep Q-Network
(DQN) by Mnih et al. [27], Lillicrap et al. [28] proposed the DDPG algorithm for continuous action
control, enabling smooth UAV flight control via an Actor-Critic architecture. Later actor-critic studies,
such as TD3 proposed by Fujimoto et al. [29] and soft actor-critic proposed by Haarnoja et al. [30],
further improved continuous-control reinforcement learning from the perspectives of value estimation
stability and exploration. Nevertheless, directly extending single-agent actor-critic algorithms to multi-UAV
cooperative scenarios in an independent-learning manner still faces severe challenges. Because multiple
agents update their policies simultaneously, the environment becomes non-stationary from the perspective of
each individual agent. This violates the stationarity assumption of conventional Markov Decision Processes
(MDPs), leading to ineffective experience replay, unstable gradient updates, and difficulties in convergence
or task coordination.

2.3 Distributed Collaborative Strategy Based MADDPG
To overcome the hurdle of non-stationarity, the MADDPG algorithm proposed by Lowe et al. [31]

has emerged as an advanced solution for multi-agent continuous control. MADDPG employs a CTDE
architecture. During the training phase, an augmented Critic network receives the joint observations and
actions of all agents to grasp global information; in the execution phase, each UAV performs real-time
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decision-making based solely on local observations. Recent studies by Sunehag et al. [32] have demon-
strated that this framework enables UAV swarms to autonomously develop sophisticated spatial-division
and obstacle avoidance strategies. Consequently, introducing the MADDPG algorithm into multi-UAV
collaborative energy replenishment tasks will provide a novel pathway for resolving resource allocation
conflicts in dynamic environments.

Motivated by the potential of multi-agent reinforcement learning in dynamic environments, we pro-
pose a Multi-UAV Collaborative Energy Charging for Wireless Sensor Networks Based on Multi-Agent
Deep Deterministic Policy Gradient (MCEC-MADDPG) framework to address the constraints of energy
autonomy and coordination in large-scale BSSN.

3 System Model and Problem Formulation
This section establishes the system model for multi-UAV-assisted wireless charging in BSSN, including

network, energy transmission, UAV kinematics, and node energy dynamics models, as well as an analysis
of charging efficiency. Building on these models, we then formulate the optimization problem for maxi-
mizing the expectation of the network’s average residual energy, subject to constraints on flight safety, task
uniqueness, and node survival.

3.1 Multi-UAV One-to-One Wireless Charging Model
One-to-many charging is generally suitable for networks with densely distributed charging demands.

However, in non-deterministic scheduling scenarios, nodes requesting energy are typically sparse, which
significantly degrades the efficiency of this mode. Furthermore, one-to-many charging complicates the
prediction of scheduling feasibility. The system must verify whether a UAV’s residual energy can sustain
both the flight and the total transferred energy along the planned route. If a UAV opportunistically
charges non-requesting nodes within its coverage, it introduces unpredictable energy consumption. This
uncertainty exacerbates the difficulty of predicting endurance and severely undermines the reliability of
scheduling decisions.

Therefore, the energy replenishment mechanism proposed in this paper adopts a one-to-one charging
mode, as is shown in Fig. 1. Specifically, multiple UAVs equipped with wireless charging modules operate
collaboratively under a predefined scheduling strategy, enabling dynamic task allocation. Although the
service is physically conducted in a one-to-one manner, each UAV can sequentially serve multiple target
nodes within a single flight mission through optimized path planning. After arriving above a target node,
the UAV hovers to complete the charging process and then immediately proceeds to the next node in the
sequence, continuing this process until the charging cycle is completed.

The network consists of N sensor nodes and M UAVs. Sensor nodes are denoted as si ∈ S =
{s1 , s2, . . . , sN} with coordinates si = (xsi , ysi , 0), energy consumption Pn , and storage capacitor capacity
Eca p. UAVs are denoted as u j ∈ U = {u1 , u2, . . . , uM}. At a fixed altitude H, the coordinates of UAV u j at time
t are qu j (t) = (xu j (t) , yu j (t) , zu j (t)). According to the free-space path loss model, the received power
Pr (d) from UAV u to sensor node s is distance-dependent. Assuming that the UAV transmits with a constant
power Pt , the received power can be expressed as follows,

Pr (d) = η0Pt

(d + Δ)α (1)

where η0 denotes the channel gain at a reference distance, d = ∥qu j (t) − si∥ represents the Euclidean distance
between UAV u j and node si , α ≥ 2 is the path loss exponent, and Δ is a small constant introduced to avoid
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singularity when d = 0. To complete the charging task, each node si is required to receive a total energy of
Ereq ,s i .

Figure 1: Multi-UAV-assisted one-to-one charging model.

3.2 Optimization Objective
Different from conventional battery-powered sensor networks, sensor nodes in BSSN rely on capacitors

for short-term energy storage, making their available energy highly dynamic and vulnerable to depletion.
Continuous energy degradation may cause node failure, local topology fragmentation, data forwarding
interruption, and reduced network service quality. Therefore, the network-wide average residual energy is
adopted to characterize the overall energy state and evaluate the effectiveness of the UAV charging policy.
This metric also provides a continuous and stable optimization signal for deep reinforcement learning,
whereas indicators such as node death and network lifetime are usually sparse or delayed. Nevertheless,
average residual energy may conceal local energy imbalance and cannot fully represent all aspects of
network performance. Hence, dead nodes, network survival rate, fairness, and throughput are regarded as
complementary metrics, with dead nodes and network survival rate further evaluated in the simulation
section. Let T denote the system scheduling period. The objective is to determine an optimal multi-UAV
cooperative scheduling policy π that maximizes the expected average residual energy of all nodes over the
period T . The objective function is defined as follows,

max
π

J = E [ 1
T

T
∑
t=0

1
N

N
∑
i=1

Eres
si

] . (2)

To prevent node failure, the residual energy of any sensor node si , denoted as Eres
si

(t), must remain
positive at any time before task completion. It is defined as follows.

Eres
si

(t) > 0, ∀t ∈ [0, T],∀si ∈ S . (3)

The collision avoidance constraint requires that the distance between any two UAVs must always be
greater than a predefined safety distance Dsa f e , which is expressed as follows.

∥qu j (t) − quk (t)∥ > Dsa f e , ∀u j ≠ uk ,∀t. (4)
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The kinematic constraint ensures that the velocity of each UAV does not exceed the maximum allowable
speed Vmax , which is constrained as follows.

∥vu j (t)∥ ≤ Vmax ,∀u j ∈ U . (5)

The UAV position is updated according to the formula as below,

qu j (t + 1) = qu j (t) + vu j (t) ⋅ δt (6)

where δt denotes the duration of a single time slot.

4 MCEC-MADDPG
In this section, a MADDPG-based cooperative energy charging mechanism is presented, which lever-

ages DRL to jointly optimize UAV flight trajectories and charging schedules. First, considering the limited
sensing range of individual UAVs, the sequential decision-making problem is formulated as a POMDP.
Subsequently, to overcome the non-stationarity dilemma caused by concurrent multi-agent exploration,
the MADDPG algorithm is introduced. By leveraging the CTDE architecture, the algorithm enables
UAVs to navigate complex resource competition and collision avoidance while converging toward a global
optimal synergy.

4.1 POMDP Model
A POMDP can be regarded as a generalization of the classical MDP. Unlike an MDP, which assumes

that the environmental state is fully observable, a POMDP allows an agent to obtain only partial or noisy
observations of the environment’s true state. In other words, if the observation set of a POMDP is identical
to the state set and each observation corresponds deterministically to a state, the POMDP degenerates into a
standard MDP. Consequently, the POMDP framework exhibits superior versatility, enabling the simulation
of various real-world sequential decision-making processes. Since its inception, the concept of POMDP has
garnered extensive attention and has been widely applied in fields such as robotic control [33,34], UAV
formation decision-making [35,36], and reinforcement learning [37,38].

In multi-UAV cooperative energy replenishment tasks, UAVs are required to make decisions based on
local observational information. Since the energy status fluctuations of sensor nodes, the positions of other
UAVs, and the overall environmental dynamics cannot be fully perceived by an individual UAV, the problem
naturally aligns with the characteristics of a POMDP. Accordingly, we define this process as a quadruple.

POMDP = ⟨X , O , A, R⟩ . (7)

State space
The global state space X of the system encompasses the operational states of all UAVs and the energy

levels of the ground sensor nodes, which primarily consists of the following three components,

Eres
S (t) = (Eres

s1
(t) , Eres

s2
(t) , . . . , Eres

si
(t) , . . . , Eres

sN
(t)) , t ∈ T , (8)

qU (t) = (qu1 (t) , qu2 (t) , . . . , qu j (t) , . . . , quM (t)) , t ∈ T , (9)

EU (t) = (Eres
u1

(t) , Eres
u2

(t) , . . . , Eres
u j

(t) , . . . , Eres
uM

(t)) , t ∈ T (10)
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where Eres
S (t) denotes the residual energy of all sensor nodes at time slot t, and Eres

si
(t) represents the

residual energy of the i-th node. The term qU (t) denotes the ground-projected positions of all UAVs at time
slot t, while EU (t) represents the residual battery energy of all UAVs at time slot t.
Observation space

Since each UAV cannot access the global state information, it can only observe local information related
to itself. The observation space of the j-th UAV at time slot t, denoted as ou j , is defined as below,

ou j = {Êu j
nod es (t) , qu j (t) , Eres

u j
(t)} (11)

where Êu j
nod es (t) denotes the energy states of the ground sensor nodes observed by the j-th UAV within its

charging range. For nodes outside the coverage area, the UAV may only retain the latest observation or treat
their states as unknown. The terms qu j (t) and Eres

u j
(t) represent the current position and residual energy of

the UAV itself, respectively.
Action space

To adapt to the continuous action space capability of the MADDPG algorithm and to achieve smooth
UAV flight control, the action space is defined as continuous velocity-vector control rather than discrete
movement commands. The action of each UAV at time slot t is defined as below,

at
u = {vx , vy , vz} (12)

where vx , vy and vz are normalized velocity components in the range [−1, 1]. The actual flight velocity is as
follows.

Vac tual = at
u ⋅ Vmax . (13)

When the UAV moves above a target node and its velocity approaches zero, the hovering-based charging
operation is automatically triggered. This continuous action-space formulation is consistent with the actor-
critic structure of DDPG and enables more precise flight actions.
Reward function

The reward function is designed to guide multiple UAVs to collaboratively complete the charging task,
improve the overall residual energy level of sensor nodes, and avoid unsafe flight behaviors. The reward
function rt

u of the UAV at time slot t is defined as below.

rt
u = rt

av g + rt
d ead + rt

col l i s ion . (14)

The global average energy reward rt
av g measures the average residual energy level of all sensor nodes in

the network at time slot t, which is defined as (14a),

rt
av g = 1

N

N
∑
i=1

Eres
si

(t)
Eca p

(14a)

where Eres
si

(t) represents the residual energy of sensor node si at time slot t, and Eca p is the capacitor capacity
limit of each node. Since Eres

si
(t) ≤ Eca p, the value of rt

av g is normalized into [0, 1]. This term encourages
the UAV swarm to maintain the overall energy baseline of the network rather than focusing only on a single
low-energy node. rt

d ead is the node-death penalty. When a node within the sensing area is depleted of energy,
a large penalty is imposed on the system to ensure charging fairness and node survival. It is defined as below,
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rt
d ead =

⎧⎪⎪⎨⎪⎪⎩

−λ, Eres
si

(t) = 0
0, otherwise

(14b)

where λ is the node-death penalty coefficient. Since the normalized average energy reward is bounded by
1 at each time slot, λ is set to be larger than the maximum possible one-step positive reward, so that node
failure cannot be offset by a temporary increase in average residual energy. In the experiments, λ was selected
through preliminary sensitivity tests from a candidate set, and the value that achieved stable convergence
with fewer dead nodes was adopted. rt

col l i s ion is the collision penalty term, which is triggered when the
distance between UAV u j and another UAV is smaller than the safety threshold Dsa f e , thereby ensuring flight
safety. It is defined as below,

rt
col l i s ion =

⎧⎪⎪⎨⎪⎪⎩

−C , i f ∥qu j (t) − quk (t)∥ ≤ Dsa f e

0, otherwise
(14c)

where C is the collision penalty coefficient. Since collision avoidance is a hard safety requirement in
multi-UAV coordination, C is assigned a value no smaller than λ. This setting ensures that unsafe actions
are strongly suppressed during policy learning. In the experiments, the final value of C was selected by
balancing training stability, collision avoidance performance, and charging efficiency. qu j (t) and quk (t)
denote the position vectors of UAV j and UAV k at time slot t, respectively. Dsa f e is the predefined safety
distance threshold.

It should be noted that the collision penalty provides a soft safety constraint rather than a strict
safety guarantee. During the exploration stage of reinforcement learning, UAVs may still generate unsafe
actions before the policy converges, even when a large collision penalty is imposed. Therefore, the current
reward-based collision avoidance mechanism can reduce collision risks during learning, but it cannot
completely eliminate temporary constraint violations. Safer mechanisms, such as constrained reinforcement
learning, action shielding, control barrier functions, and model-predictive safety filters, will be considered
in future work.

4.2 Energy Charging
For the multi-UAV cooperative energy supply task, the system must simultaneously satisfy continuous

flight control, partial observability, collision avoidance, and global energy optimality. Since UAV motion
control is a continuous-action decision problem rather than a discrete state transition process, conventional
DQN methods cannot be directly applied. To address this issue, we first adopt the DDPG framework, which
is based on the Actor-Critic architecture [39], as the basic form for single-agent continuous control, and
then further extends it to MADDPG to accommodate the cooperative decision-making scenario involving
multiple UAVs.

The DDPG framework consists of four neural networks. The Actor network μ (ou ∣θ μ), outputs a deter-
ministic action au according to the input UAV local observation ou , while the Critic network Q (ou , au ∣θQ)
evaluates the value of that action under the current observation. The Target Actor network μ′ (ou ∣θμ′) and

the Target Critic network Q′ (ou , au ∣θQ′) are copies of the current networks and are used to compute the
target Q-value, thereby stabilizing the training process.

To improve training stability, DDPG introduces experience replay and target networks. The replay
buffer D stores transition samples (ot

u , at
u , rt , ot+1

u ) generated through interactions between the agent and
the environment. During training, mini-batches are randomly sampled from the buffer for parameter
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updates, thereby weakening temporal correlations among samples. The target network is updated slowly via
a soft-update mechanism, as follows,

θμ′ ← τθμ + (1 − τ) θμ′ , θQ′ ← τθQ + (1 − τ) θQ′ (15)

where τ ≪ 1 is the soft-update coefficient. To enhance exploration in unknown regions and sparse states,
exploration noise ξ is added to the action output as below.

au = μ (ou ∣θ μ) + ξ. (16)

The Critic network is updated by minimizing the mean-squared error between the predicted Q-value
and the target Q-value, which is expressed as follows,

L (θQ) = 1
W

W
∑
n=1

(zn − Q (on
u , an

u ∣θQ))2 (17)

where W denotes the mini-batch size, representing the number of transitions randomly sampled from the
experience replay buffer D for each training step, and n represents the index of a sampled transition from the
replay buffer. The target value zn serves as the Temporal Difference (TD) target, providing a stable learning
baseline by aggregating the immediate reward with the discounted future expected return estimated by the
target networks. It is expressed as below.

zn = rn
u + γQ′ (on+1

u , μ′ (on+1
u ∣θμ′) ∣θQ′) . (18)

The Actor network is updated by maximizing the expected cumulative return through policy gradients,
and its update rule is expressed as follows.

∇θ μ J ≈ 1
W

W
∑
n=1

∇a Q (ou , au ∣θQ) ∣ou=on
u ,au=μ(on

u)∇θ μ μ (ou ∣θ μ) ∣ou=on
u . (19)

Although DDPG provides continuous-action control capability, the synchronous update of strategies
among multiple UAVs makes the environment highly non-stationary from the perspective of any single
agent. This violates the stationarity assumption of conventional MDPs and makes independent training
difficult to converge. To address this issue, a MADDPG-based multi-agent cooperative solution framework
is further constructed in our study to achieve joint path planning and charging scheduling for multiple UAVs
under partial observability constraints.

MADDPG follows the CTDE paradigm, which is suitable for the problem considered in our study.
During training, the Critic network of each UAV not only uses its own local observation and action, but also
jointly takes the observations and actions of all UAVs as input, which is expressed as below.

O = {ou1 , . . . , ouM} , A = {au1 , . . . , auM} . (20)

In this way, the Critic can perceive the global cooperative state during training, thereby evaluating
the value of joint actions more accurately and alleviating the non-stationarity problem in multi-agent
environments. During execution, the Actor network of j-th UAV generates actions only based on its own
local observation, without requiring high-bandwidth global communication, which is more consistent with
practical online deployment scenarios of multi-UAV systems. For an agent j, the Critic network is trained by
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minimizing the mean-squared error between the predicted Q-value and the target Q-value over a mini-batch
of transitions sampled from the replay buffer. The loss function is defined as follows,

L (θQ
j ) = 1

W

W
∑
n=1

[(zn
j − Q j (On , An ∣θQ

j ))
2
] (21)

where W denotes the mini-batch size and n represents the index of a sampled transition from the replay
buffer. The symbols On and An denote the joint observation and joint action contained in the n-th sampled
transition, respectively. The target value zn

j is defined as TD target, which incorporates both the immediate
reward and the estimated future return obtained from the target networks. It is computed as below.

zn
j = rn

u j
+ γQ

′

j (On+1 , a
′

u1
, . . . , a

′

uM
∣θQ′

j ) (22)

where rn
u j

denotes the reward received by the j-th UAV in the n-th sampled transition, γ is the discount
factor, and Q

′

j represents the target Critic network. The target actions μ
′

j using the next-state observations
on+1

u j
from the sampled mini-batch as follows,

a
′

u j
= μ

′

j (on+1
u j

∣θμ′
j ) , j = 1, . . . , M. (23)

The Actor network of each agent is updated by maximizing the expected cumulative return through the
policy gradient method. Using the joint observations On and actions An from the replay buffer, the parameter
update gradient for the Actor network of agent j is approximated as follows,

∇θ μ
j
J ≈ 1

W

W
∑
n=1

∇au j
Q j(On , An ∣θQ

j )∣au j=μ j(on
u j )

∇θ μ
j
μ j(ou j ∣θ

μ
j )∣ou j=on

u j
. (24)

In the multi-UAV cooperative energy replenishment problem studied in this paper, the advantages of
MADDPG are mainly reflected in two aspects. On the one hand, the centralized Critic explicitly models the
influence of other UAVs’ behaviors, enabling agents to gradually learn cooperative task allocation strategies
during training, thereby avoiding multiple UAVs competing for the same low-energy node. On the other
hand, the decentralized execution mechanism allows each UAV to make real-time decisions based solely on
its local observations, which enhances the scalability and robustness of the system. Therefore, MADDPG
is adopted as the core solution framework for multi-UAV path planning and charging scheduling, aiming
to maximize the global average residual energy while reducing collision risks. The detailed training and
execution procedure of the proposed MCEC-MADDPG algorithm is summarized in Algorithm 1.

Algorithm 1: MCEC-MADDPG Procedure
Input: Number of UAVs M, maximum training episodes K, maximum steps per episode T, Actor

network learning rate α, Critic network learning rate β, discount factor γ, soft update
coefficient τ, replay buffer capacity D, mini-batch size W

Output: Trained multi-UAV policy networks μ = {μ1 , μ2, . . . , μM}
1 Initialize experience replay buffer D, an exploration noise process ξ;
2 for each agent j = 1 to M do
3 Initialize actor network μ j (ou j ∣θ

μ
j ) and critic network Q j (O , au1 , . . . , auM ∣ θQ

j ) with
random weights;

4 Initialize target actor network μ
′

j and target critic network Q
′

j;
(Continued)
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Algorithm 1 (continued)

5 Set θμ′
j ← θμ

j , θQ′
j ← θQ

j ;
6 end for;
7 for episode = 1 to K do
8 Initialize the environment and obtain the initial joint local observations O = {ou1 , . . . , ouM}

based on the energy and positions of sensor nodes;
9 for ste p t = 1 to T do
10 for each agent j = 1 to M do
11 Each UAV selects action at

u j
= μ j (ot

u j
∣θ μ

j ) + ξt
j;

12 end for;
13 Execute actions A = {au1 , . . . , auM} and observe reward rt

u and next state observations ot+1
u ;

14 Store transition (Ot , At , rt , Ot+1) in D;
15 Update ot

u ← ot+1
u , Ot ← Ot+1;

16 if size (D) ≥ W then
17 for each agent j = 1 to M do
18 Randomly sample W transitions (On , An , rn , On+1) from D;
19 for each sampled transition n = 1 to W do
20 Compute target actions a

′

u j
= μ

′

j (on+1
u j

∣θμ′
j ) , j = 1, . . . , M;

21 Compute target value zn
j = rn

u j
+ γQ

′

j (On+1 , a
′

u1
, . . . , a

′

uM
∣θQ′

j );
22 end for
23 Update Critic network by minimizing L (θQ

j ) = 1
W ∑W

n=1 [(zn
j − Q j (On , An ∣θQ

j ))
2
];

24 Update Actor network using the policy gradient
∇θ μ

j
J ≈ 1

W ∑W
n=1 ∇au j

Q j (On , An ∣θQ
j ) ∣au j=μ j(on

u j)
∇θ μ

j
μ j (ou j ∣θ

μ
j ) ∣ou j=on

u j
;

25 end for
26 for each agent j = 1 to M do
27 Update target networks θ μ′

j ← τθ μ
j + (1 − τ) θ μ′

j , θQ′
j ← τθQ

j + (1 − τ) θQ′
j ;

28 end for;
29 end if ;
30 end for;
31 end for;
32 Return trained multi-UAV policy networks μ = μ1 , μ2, . . . , μM ;

In terms of time complexity, the algorithm requires action selection, environment interaction, and
network parameter updates at each iteration. Its time complexity can be expressed as below,

O (K ⋅ T ⋅ W ⋅ M2) (25)

where W denotes the batch size sampled from the experience replay buffer during each training update. The
space complexity is mainly constrained by the storage capacity of the replay buffer D, and can be expressed
as follows.

O (D ⋅ M ⋅ (∣O∣ + ∣A∣)) (26)

where ∣O∣ denotes the dimension of the local observation state space of a single UAV, and ∣A∣ denotes
the dimension of the action space of a single UAV. Since the algorithm uses the Actor-Critic architecture
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and the Target Network mechanism to address non-stationarity and training instability in the multi-agent
environment, it additionally requires storage space for 4M neural network parameter sets.

5 Performance Evaluation and Discussion

5.1 Simulation Parameters
Considering a square monitoring region of 1000 m × 1000 m, forty sensor nodes are randomly dis-

tributed in the area. To emulate the real operating state of the network, the initial energy of each node is
randomly generated within the range of [100, 600] J, and the energy depletion rate of each node dynamically
varies within [0.05, 0.15] J/s, thereby creating a highly stressed test environment characterized by energy
heterogeneity and urgent task demands. The system is equipped with M = 3 rotary-wing UAVs, which start
from the center of the region. The UAV flight speed is fixed at 15 m/s, and the effective charging distance
is 10 m. To reflect the actual efficiency of wireless charging, the effective received charging power is set to
15 W, which is much higher than the node energy consumption rate, ensuring the feasibility of emergency
energy replenishment. The detailed simulation parameters are listed in Table 1. All simulation experiments
are conducted on a laptop equipped with an AMD 7800X3D CPU and an NVIDIA GeForce RTX 4070 GPU.

Table 1: Simulation parameters.

Parameter Value
Network size 1000 m × 1000 m

Number of UAVs 3
Sensor node capacitor capacity 800 J

Initial energy range [100, 600] J
Sensor energy consumption [0.05, 0.15] J/s

UAV flight speed 15 m/s
Effective charging power 15 W
Effective charging radius 10 m

Actor network learning rate α 0.0001
Critic network learning rate β 0.001

Discount factor γ 0.95
Soft update coefficient τ 0.01
Replay buffer capacity D 100,000

Batch size W 256
Maximum training episodes K 5000
Maximum steps per episode T 500

It should be noted that the current simulation setting with 40 static sensor nodes and 3 UAVs is
designed as a representative benchmark scenario to validate the feasibility and comparative effectiveness
of the proposed MCEC-MADDPG framework. This setting allows us to clearly examine the convergence
behavior, cooperative trajectory formation, residual energy improvement, throughput performance, dead-
node reduction, and network survival rate under heterogeneous energy consumption. However, this setting
does not fully cover all possible large-scale deployment conditions. In particular, the influence of different
numbers of sensor nodes and UAVs, mobile sensor nodes, variable UAV speeds, and adaptive charging radii
is not exhaustively evaluated in the current simulation. These factors will be further investigated in future
scalability experiments.
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To comprehensively evaluate the performance of the proposed MCEC-MADDPG, four representative
algorithms are selected as comparison baselines. In the IDDPG algorithm, each UAV is treated as an
independent agent and trains its own Actor and Critic networks solely based on its local observations,
without any information sharing among agents [28,29]. This algorithm is used to verify the necessity of
the proposed mechanism in addressing environment non-stationarity. In the Partition-Greedy strategy, the
monitoring region is divided into three fixed subregions, with each UAV responsible for one subregion.
Within each region, the UAV follows a greedy strategy and always prioritizes the nearest node whose
energy falls below a preset threshold [22]. This algorithm represents a traditional static planning method.
In the K-Means algorithm based on the classical heuristic divide-and-conquer strategy, sensor nodes are
clustered according to their geographic coordinates using K-Means, and the entire network is divided
into three clusters [20]. This method is used to examine the performance of static task partitioning based
only on spatial distribution when facing heterogeneous node energy consumption. The Two-Layer task
allocation strategy uses an upper-layer clustering mechanism to dynamically or periodically update task
assignments, while the lower layer guides UAV charging operations for each assigned cluster through a
TSP [21] approximate solution or heuristic path planning [19]. This algorithm represents a commonly used
hierarchical divide-and-conquer optimization approach in wireless charging scheduling.

5.2 Performance Evaluation
In multi-agent deep reinforcement learning, whether an algorithm can converge stably in a complex

dynamic environment is a core indicator of its feasibility. Fig. 2 shows the trend of cumulative reward for each
algorithm over 5000 training episodes. It can be clearly observed that MCEC-MADDPG explores rapidly at
the beginning of training and achieves fast convergence within relatively few episodes. By contrast, IDDPG,
which treats each UAV as an independent agent, exhibits significant fluctuations: its cumulative reward
oscillates for a long time within a wide range of [−150, 50] and fails to converge easily. This confirms that, in
the absence of global information exchange, the continuous policy updates of other UAVs make the learning
problem faced by a single UAV a non-stationary Markov decision process, leading to ineffective experience
replay and chaotic gradient updates.

Figure 2: Convergence comparison.
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To further analyze the behavioral characteristics of multiple UAVs in a continuous action space, Fig. 3
presents the projected flight trajectories of the three UAVs in the two-dimensional plane after convergence.
As shown in Fig. 3, although no partition rule is predefined in the algorithm, the three UAVs spontaneously
exhibit a clear spatial division of labor. This self-organized partitioning behavior is a manifestation of a
multi-agent game reaching a Nash equilibrium. Through centralized training, the agents learn that entering
a teammate’s responsible area will create resource competition and thus reduce the overall reward. As a
result, they autonomously form non-interfering patrol regions, achieving spatial load balancing and greatly
improving charging coverage efficiency.

Figure 3: Cooperative flight trajectories of multiple UAVs based on MADDPG.

The core objective of MCEC-MADDPG is to maximize the average residual energy of the entire
sensor network within a fixed scheduling period, thereby enhancing the network’s resilience to risk. Fig. 4
illustrates the dynamic variation of the average residual energy during system operation. The experimental
results show that MCEC-MADDPG achieves the best performance. Although IDDPG also maintains a
relatively high energy level, its curve shows more noticeable fluctuations, indicating weaker continuity and
global coordination in charging scheduling. Since the energy consumption rate of sensor nodes changes
dynamically, relying solely on distance priority, static clustering, or a fixed two-layer divide-and-conquer
strategy often causes UAVs to spend too much flight time in local regions or fail to respond in time to sudden
high-energy-demand nodes across different regions, ultimately leading to a decline in the overall network
energy level. Therefore, the traditional Partition-Greedy algorithm, the K-Means-based divide-and-conquer
algorithm, and the Two-Layer algorithm perform poorly in maintaining network energy.

In highly dynamic environments, ensuring continuous and efficient data transmission is key to
evaluating the quality of survival in large-scale sensor networks. Fig. 5 illustrates the network throughput
comparison across different algorithms during the training process. The results demonstrate that the
proposed MCEC-MADDPG algorithm consistently outperforms all baselines, achieving the highest stable
throughput of approximately 75 kbps. While IDDPG also exhibits an upward learning trend, its throughput
remains at a suboptimal level. This further validates that the CTDE architecture effectively mitigates
multi-agent non-stationarity, allowing UAVs to coordinate efficiently and ensure nodes receive timely
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charging to maintain active data transmission. Conversely, traditional static methods such as K-Means
and Partition-Greedy achieve significantly lower throughput due to their lack of adaptability to dynamic
network conditions.

Figure 4: Comparison of average residual energy.

Figure 5: Comparison of network throughput across different algorithms.

Preventing nodes from dying due to energy depletion is the foundation of energy replenishment in
wireless sensor networks. Fig. 6 shows the performance of each algorithm in terms of the number of dead
nodes and network survival rate as training episodes increase. Fig. 6a shows a comparison of dead node
numbers, all algorithms start with relatively high numbers of dead nodes, around 15–20, because the agents’
policies are not yet mature at the early stage. As training progresses, MCEC-MADDPG demonstrates strong
dynamic adaptability: the number of dead nodes decreases sharply and eventually stabilizes at around 5,
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significantly outperforming the other algorithms. Fig. 6b shows a comparison of the network survival rate,
the advantage of MCEC-MADDPG becomes even more evident. Its survival-rate curve rises steadily and
eventually approaches 90%. In contrast, IDDPG, which cannot explicitly learn the behavioral patterns of
other UAVs, is prone to resource competition and only achieves a survival rate of about 80%, while Partition-
Greedy and Two-Layer remain in the range of 60%–70%. The detailed quantitative results are further
summarized in Table 2.

Figure 6: Comparison of dead nodes and network survival rate.

Table 2: Quantitative performance comparison of different algorithms.

Cumulative
Reward

Average Remaining
Energy (J) Throughput Survival Rate

(%)
MCEC-MADDPG 90 (±7.021) 3875 (±575.342) 732 (±12.846) 87.5 (±1.849)

IDDPG −39 (±70.531) 3750 (±600.092) 652 (±12.506) 79.5 (±1.543)
Partition-Greedy 88 (±9.223) 1300 (±1000.245) 530 (±10.443) 69 (±1.007)

Two-Layer 77 (±15.662) 1400 (±1000.553) 495 (±10.247) 64.5 (±1.763)
K-Means −114 (±136.457) 1350 (±1150.432) 460 (±10.398) 61 (±1.946)

6 Conclusion and Future Research Directions
To address the challenges of limited UAV endurance, insufficient charging efficiency, and heteroge-

neous energy demands in large-scale Battery-free SWIPT-enabled Sensor Networks, this paper proposes
the MCEC-MADDPG algorithm. The proposed mechanism constructs a cooperative one-to-one wireless
charging model, in which UAVs hover above target nodes to deliver energy precisely. This design avoids the
need for complex beamforming and improves both the stability and efficiency of the energy replenishment
process. In terms of the optimization objective, instead of minimizing flight time alone, this paper takes
the maximization of the average residual energy of all nodes in the network as the core criterion, with the
aim of enhancing the overall robustness and long-term operability of the network. Meanwhile, a CTDE
framework is adopted to effectively alleviate the non-stationarity caused by continuously changing policies
in multi-agent environments, and continuous action control together with collision avoidance mechanisms
are incorporated to improve the safety and smoothness of UAV coordination.

Simulation results demonstrate that MCEC-MADDPG outperforms the comparison baselines, includ-
ing IDDPG, Partition-Greedy, and Two-Layer task allocation strategy, K-Means, in terms of convergence
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speed, training stability, and overall scheduling performance. The proposed method is able to maintain
the average residual energy of the entire network more effectively under dynamic energy consumption
conditions, significantly reduce the number of dead nodes, and improve the network survival rate to a high
level, thereby validating its effectiveness and superiority in multi-UAV cooperative charging scenarios.

Nevertheless, this work still has several limitations. First, the current charging model mainly relies
on a simplified path-loss-based formulation, which provides a clear and controllable basis for algorithm
design but cannot fully capture all physical factors in practical UAV-enabled wireless power transfer. In real
environments, the received energy may be affected by antenna gain, beamforming design, nonlinear energy
harvesting characteristics, small-scale fading, UAV hovering instability, and LoS/NLoS channel conditions.
Second, the current problem formulation mainly takes the maximization of network-wide average residual
energy as the optimization objective. Although this metric can effectively reflect the overall energy state of
BSSN and provide a stable continuous feedback signal for reinforcement learning, it cannot fully replace
other important metrics, such as the number of dead nodes, network lifetime, energy fairness, and data
throughput. In particular, when node energy consumption is highly heterogeneous or node distribution is
uneven, simply increasing the average residual energy may not sufficiently guarantee the long-term survival
of critical nodes. Third, collision avoidance in the current framework is mainly handled through reward
penalties and safety-distance constraints. Although this design can discourage unsafe behaviors during
policy learning, it still belongs to a soft-constraint mechanism. During the exploration stage, RL agents may
still generate actions that temporarily violate safety constraints before the policy converges. Therefore, the
current method cannot provide strict safety guarantees for collision-free multi-UAV coordination.

Future work will be extended in the following directions. First, a more realistic UAV-enabled WPT
model will be developed by incorporating antenna gain, directional beamforming, nonlinear energy harvest-
ing, fading effects, hovering instability, and probabilistic LoS/NLoS channel conditions, so as to improve the
physical fidelity of the charging process. Second, a multi-objective optimization framework will be developed
by jointly considering average residual energy, minimum residual energy, the number of dead nodes,
network lifetime, fairness, and throughput, so as to construct a more comprehensive multi-UAV cooperative
charging strategy. Third, systematic scalability evaluations will be conducted under different numbers of
sensor nodes and UAVs. Specifically, the proposed framework will be tested under larger node densities,
different UAV-team sizes, mobile-node scenarios, variable UAV speeds, and adaptive charging radii, thereby
more comprehensively verifying its scalability, robustness, and applicability in large-scale dynamic BSSN
scenarios. Fourth, safer multi-UAV reinforcement learning mechanisms will be investigated. Constrained
reinforcement learning, control barrier functions, action shielding, safe exploration, and model-predictive
safety filters can be introduced to prevent unsafe actions before execution, rather than relying only on post-
action reward penalties. Fifth, UAV hovering locations can be jointly optimized with energy replenishment,
task scheduling, and path planning to further improve charging accuracy and energy efficiency. Finally,
hardware-in-the-loop simulations and real UAV experiments can be conducted to evaluate the actual
performance of the proposed algorithm under realistic communication, computation, mobility, safety, and
energy constraints, providing further support for future engineering deployment.
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