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Abstract. Wireless Rechargeable Sensor Networks (WRSNSs) face persistent energy limitations due to the finite battery capacity
of sensor nodes, which can compromise network reliability in remote or dynamic environments. To address these challenges,
this paper proposes a novel Federated Multi-Agent Reinforcement Learning (FedRL-MARL) framework for adaptive and
cooperative energy replenishment using multiple Mobile Wireless Chargers (MWCs). Unlike traditional centralized approaches,
FedRL-MARL leverages decentralized policy learning, enabling each MW(C to train on local observations while contributing to
a globally aggregated model through federated updates. The problem is formulated as a Markov Decision Process (MDP),
allowing agents to make intelligent charging and routing decisions in real time, even in the presence of obstacles and changing
node demands. Simulation results demonstrate that the proposed method improves network lifetime by up to 16%, enhances
energy efficiency by over 9%, and significantly reduces communication overhead when compared to state-of-the-art approaches.
This research sets a strong direction for scalable, decentralized energy replenishment in next-generation sensor networks. It lays
the groundwork for resilient, efficient power management across diverse applications such as smart cities, environmental
sensing, and autonomous 10T deployments.
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1. INTRODUCTION

Wireless Sensor Networks (WSNs) have become integral to a
wide range of modern applications, such as industrial
automation, smart agriculture, environmental monitoring,
healthcare systems, and smart city infrastructures [1]. These
networks comprise spatially distributed sensor nodes that
perform data collection, processing, and transmission to
enable real-time and intelligent decision-making. One of the
foremost challenges in sustaining WSN performance is
energy depletion at sensor nodes, which directly affects the
network's operational lifespan and reliability [2].

Traditional energy management techniques such as energy
harvesting, energy-aware routing, and static wireless charging
have seen varied levels of success [3]. Among them, wireless
charging using mobile chargers has gained attention for its
flexibility and potential to recharge nodes on demand to
extend lifetime of network [4]. In this approach, MCs move
through the network and wirelessly replenish the energy of
critical nodes. However, efficiently scheduling the movement
and charging paths of MCs is a non-trivial task due to the
chargers’ limited battery capacity and the dynamic nature of
energy consumption in the network

Wireless recharging, particularly via mobile chargers [5],
introduces flexibility by enabling targeted power delivery to

sensor nodes based on their energy levels and spatial
distribution. These systems typically employ inductive or
resonant coupling techniques to transfer energy without
physical contact, minimizing the need for manual
intervention. However, the effectiveness of this approach is
bounded by multiple operational constraints [6]. Mobile
chargers have finite energy resources and must be intelligently
scheduled to maximize network coverage and efficiency while
avoiding redundant charging tasks [7]. Moreover,
environmental factors such as node density, obstacle
placement, and fluctuating communication loads introduce
additional complexity. To ensure timely and efficient energy
replenishment, advanced optimization techniques [8, 9] are
required to dynamically plan charger routes and prioritize
nodes based on real-time energy demands and network
topology [10]. This underlines the need for intelligent [11],
adaptive frameworks [12] that can handle the inherent
uncertainties and scalability challenges of large-scale WSNs
[13].Centralized approaches [14, 15] for optimizing MC
schedules often face scalability issues, particularly in large-
scale WSN deployments. These limitations highlight the need
for a more distributed and scalable learning approach [16]. To
overcome these limitations, Federated Reinforcement
Learning (FedRL) is proposed as a decentralized solution
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[17]. Unlike centralized RL approaches, where all data is sent
to a central server for training, FedRL allows each mobile
charger to train a local reinforcement learning model using its
own observations. These models are periodically
synchronized by sharing only model updates such as Q-values
instead of raw data. This approach not only reduces
communication overhead but also addresses data privacy
concerns [17-19], particularly in sensitive applications like
military and healthcare monitoring [20]. FedRL leverages the
distributed nature of WSNSs, making it more adaptable to real-
world constraints [21].

However, FedRL alone is insufficient for coordinated
behavior among multiple chargers taken as multiple agent
systems [22]. When chargers act independently, issues such
as redundant charging of the same sensor node and inefficient
path planning may arise. To address this, we incorporate
Multi-Agent Reinforcement Learning (MARL), allowing
mobile chargers to learn collaboratively [23]. MARL
introduces a shared learning environment where agents not
only optimize their own actions but also adapt to the behaviors
of others in real time [24]. This inter-agent coordination
significantly improves system-wide efficiency in dynamic and
large-scale WSN deployments [25]. In MARL, each mobile
charger acts as an autonomous agent, capable of learning
optimal strategies while considering the actions of other
chargers [26]. This cooperative behavior ensures better task
allocation, prevents overlaps in charging efforts, and allows
the system to respond effectively to fluctuating energy
demands in the network. By combining FedRL with MARL,
we propose an intelligent, privacy-preserving, and
coordinated charging system referred to as FedRL-MARL.
This hybrid framework ensures that mobile chargers can learn
optimal paths and schedules in a decentralized environment
while effectively collaborating with other agents to enhance
charging performance across the network.

1.1 Key Contributions

We propose a Federated Learning (FL) approach for
decentralized wireless charging in WSNSs, ensuring privacy
and reduced communication overhead. A MARL-based
cooperative strategy enables multiple MCs to coordinate,
minimizing redundancy and optimizing energy use. The
framework supports real-time adaptability to dynamic energy
demands and is lightweight enough for deployment on edge
devices (Raspberry Pi, ESP32, Jetson), eliminating reliance
on cloud infrastructure. Comprehensive simulations show
superior performance over RL, FL, and heuristic methods in
charging efficiency, network lifetime, and scalability.
Unlike prior RL-based charging schemes that are either
centralized or assume isolated learners, our framework jointly
leverages FedRL and MARL to achieve privacy-preserving,
decentralized training with cooperative execution among
multiple MWCs.

Concretely, we: (i) share model updates only (no raw data) to
reduce communication and protect privacy; (ii) use a
coordinated multi-agent policy to prevent redundant charging
and cut path overlap; and (iii) validate scalability under
increasing node densities and multiple MWCs with obstacles.
This pairing of FedRL aggregation with MARL-based
cooperative execution for on-demand WRSN charging is, to
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our knowledge, not reported in prior works and vyields
measurable gains in network lifetime and energy efficiency.

The rest of this paper is structured as follows: Section 2
provides a comprehensive literature review of existing works
in WSN charging strategies, Federated Learning, and Multi-
Agent RL. Section 3 and 4 describes the system model and
detailed methodology of our proposed FedRL-MARL
framework. Section 5 presents the experimental setup,
performance metrics, and simulation results. Section 6
concludes the paper with future research directions.

2. LITERATURE REVIEW

Recent contributions can be broadly classified into four
domains listed below.

2.1. Heuristic / Optimization-Based Charging Strategies

These methods focus us on charging tour planning,
scheduling, and resource allocation through mathematical
programming and heuristic approaches. Bai et al. [27]
introduced a Guided Search Twin-Dueling-Double Deep Q-
Network (GS-TD3QN) to optimize UAV flight paths,
charging strategies, and data upload intervals in AAV-assisted
data collection. Jiang et al. [28] studied the Charging
Sequence Scheduling Problem (CSCE) and developed an
Improved Deep Q-Network (IDQN-CSCE) for efficient and
cost-effective scheduling Ri et al. [29] proposed an Integrated
Fuzzy Cognitive Network Process and Q-Learning-based
Scheduling (iFQS) to balance trade-offs among multiple
performance metrics. Vuong et al. [30] presented an adaptive
charging scheme using Graph Neural Networks (GNNs) that
significantly reduced sensor node failures.

2.2. RL Based methods

These apply deep reinforcement learning to optimize charging
order, routes, and resource allocation without federated
coordination. Jiang et al. [31] proposed a Deep Reinforcement
Learning with Hybrid Action Space (DRLH-JCSCT) method
combining DQN and DDPG to jointly optimize charging
sequences and times, extending network lifetime Sun et al.
[26] introduced a UAV-based dynamic charging strategy
employing the g-MAPPO algorithm to optimize UAV flight
paths and energy allocation. Singh et al. [32] developed an
age-aware UAV-aided energy harvesting framework for
Wireless Rechargeable Mobile Networks (WRMNS),
employing DDPG and MDP modeling to extend system
longevity.

2.3. FL Based methods

These methods emphasize privacy preservation and
communication efficiency by enabling local training with
aggregated model updates. Huang et al. [33] presented
Federated Deep Reinforcement Learning (FDRL)-based Joint
Energy Replenishment and Data Gathering (FERG),
improving energy efficiency and reducing latency. Li et al.
[34] proposed a Deep Reinforcement Learning-based
Dynamic Charging—Recycling Scheme (DCRS) using DDQN
to jointly optimize charging and recycling schedules,
minimizing node failures and charging delays.
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2.4. MARL Based methods

MARL-based methods extend reinforcement learning into
multi-agent coordination for distributed scheduling and
cooperative charging. Liang et al. [35] introduced
Asynchronous and Scalable Multi-Agent Hybrid PPO (ASM-
HPPO) for online scheduling with partial charging in multi-
Mobile Wireless Chargers (MWC) scenarios, which
dynamically adapts charging durations to enhance efficiency.
Cao et al. [36] proposed the MARLCS framework for
underwater WRSNs, demonstrating improved survival rates
and reduced charger energy consumption through cooperative
strategies.

TABLE 1. Comparison between Existing methods
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Ref. | Optimiza | Learning | Strategy Contribution
tion Based
based
[27] x v Periodic UAV-Assisted Data
Collection
[31] v x Demand | Hybrid Action Space for
Charging
[26] v x Periodic UAV path optimization
[28] x v Demand Cost-efficient
scheduling
[29] v x Demand Fuzzy Decision-Making
[30] v x Demand Adaptive Charging
[35] v x Demand | Asynchronous MARL
[36] x v Periodic Underwater Charging
[33] x v Demand FedRL for Energy &
Data Gathering
[34] x v Demand Dynamic Charging &
Recycling
[32] x v Periodic UAYV Energy Harvesting

The above Table 1 classifies the existing works based on their
strategies used and methods proposed in wireless recharging.
Despite the significant advancements in WRSN charging
strategies, many methods assume synchronized charging
without considering the asynchronous nature of mobile
chargers, leading to inefficient scheduling. Moreover, privacy
concerns and high communication overhead are evident in
centralized learning approaches. Some works neglect multi-
agent collaboration, resulting in redundant charging or
inefficient movement strategies. Additionally, traditional RL
based models often fail to adapt dynamically to real-time
sensor energy fluctuations and environmental changes. The
proposed FedRL-MARL framework addresses these
limitations by integrating privacy-preserving federated
learning, decentralized cooperative charging, and adaptive
scheduling strategies. Unlike existing methods, our approach
ensures real-time decision-making, enhances multi-agent
coordination, and optimizes charging efficiency while
reducing energy waste and communication costs. By
leveraging FL, our model preserves data privacy while
maintaining global learning capabilities, ensuring scalability
and robustness in large-scale WRSN deployments [37, 38].

3. NETWORK MODEL AND SYSTEM DESCRIPTION

The WSN in this study consists of N sensor nodes and M
MWGCs operating in a 2D plane with obstacles.

3.1. WSN Initialization and Parameters

Each sensor node has an initial energy level and consumes
energy due to sensing, communication, and processing tasks
[1]. MWCs are introduced with limited energy reserves,
requiring intelligent movement strategies to maximize
efficiency. The deployment follows these parameters:

Sensor Node Deployment: S= {Si, S,...Sn} where, each
sensor node s; is randomly deployed within the environment.
Energy Consumption model: Each sensor node consumes
energy due to Communication Energy Ccomm and Sensing
Energy Csensing, the residual energy at any given time t is:
Ei(t)=Ei(t)- Ccomm- Csensing, If Ei(t) drops below a threshold
Einresh, the node is marked as critical and prioritized for
charging.

Obstacle Constraints: Obstacles are represented as a set,
0={04,0,,...,0.}, MWCs must navigate around obstacles
using an optimized path-planning strategy.
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~— -4~ MC Moving path
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Fig.1. WSN Environment with wireless charging architecture

Figure 1 represents a WSN with MWCs, where sensors have
different energy levels (full, medium, low) and communicate
with a central server to request charging. MWCs move along
optimized paths to charge critical nodes while avoiding
obstacles and maintaining communication with the depot. The
dotted circles indicate the communication range of sensors.

3.2. Reinforcement Learning and Federated Multi-Agent
Setup

To formulate the charging decision problem in WRSNs, each

MWC is modeled as an autonomous RL agent. The process is

expressed as MDP consisting of state space, action space, and

reward function, combined with federated learning for

distributed coordination.,

State Space (S): (agent j at time t)

5! = {pe, (0, E™C®), {ps, E:(®)]si € N}, 0,0, Hi(®) (1)

In the above Eq. (1), pcj(t) is 2D position of charger ¢; at

t, E;(t), EM™C(¢) is residual energy of s and cj, fixed position
of sensor si, N;(t) set of sensor nodes within charging radius
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Rc of charger ¢j, Q;(t) is task queue of pending tasks and H; (t)
is a short history of task completions/failures.

Action Space (A):
A = {Movey, Moveg,, Moveg,, Movey, , Charge, Idle} (2)

As per Eq. (2) each MWC can move, charge, or remain idle
based on its learned policy.

Reward Function: The per-step reward balances successful
charging, energy consumption, and task failures, as defined in
Eg. (3).

i_ i cost __ j
Ri=a. Tet B. e Y. ftask'j

®

Where, 7/, is number of successful charges attributable to c;,

egj’-“is energy consumed by ¢; , ft{lskj denotes penalties for

failed or uncompleted tasks.

Reward Components:

To improve interpretability, the compact reward in Eq. (3) is
decomposed into its components.

Charging reward as of Eq. (4) prioritizes charging of
critically low-energy nodes.

Movement penalty as of Eq. (5) penalizes unnecessary travel
based on distance.

Collision penalty as of Eqg. (6) penalizes collisions with
obstacles or other MWCs.

RO = o (Emax — Ei(D) @)
thl:}ove = _Bmd(pc] (t)l pSi) (5)
R = —, (6)

The total shaped reward, combining Egs. (4)—(6), is expressed
in Eq. (7).

j h
Ry = Zieno Rejr o +REY + R ©)
Policy Optimization:
Each MWC aims to learn an optimal policy that maximizes
the cumulative discounted reward, as shown in Eqg. (8).
' = arg max En, [Z0 Y RY

(8)

Local Learning Updates:
During training, MWCs iteratively update their models. This
can be represented as a gradient update (Eq. (9a)) or
equivalently as a Q-learning update (Eg. (9b)).

0; « 6; + Ve, L;(6))
Q(s, a; Gj) « Q(s, a; Gj) + ag[r + ymaxQ (s’, a’; 6-‘) -

a

Q(s,a; ;)]

(92)

(9b)

Federated Model Aggregation:

To preserve privacy and reduce communication cost, MWCs
share only their model parameters 6; , which are aggregated
using the FedAvg rule in Eq. (10).
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Qglobal = 3 TE.Q (10)
where M is the number of MWCs. The aggregated model is
redistributed to MWCs to refine policies collaboratively.

Global (joint) optimization objective:
The collective objective of all MWCs is to maximize the total
expected reward across the network, as defined in Eq. (11)

max Y1, E, [ZT,v'RY] (11)

(TT]' j=1

MARL coordination:

Although each MW(C is trained independently, the framework
is embedded within a MARL paradigm. MARL ensures
cooperative behavior by applying the Centralized Training
and Decentralized Execution (CTDE) principle: global
updates are aggregated centrally using Eg. (10), while
individual agents execute their policies locally as per Eq. (8).
Conflict avoidance and fairness are enforced through the
reward components Egs. (4-7), preventing redundant
charging and ensuring balanced workload distribution across
MW(GCs. Figure 2 represents a FedRL framework, where
MW(GCs independently train on local environments and share
only Q-value updates with a central server, ensuring data
privacy and efficient global policy updates.

Central Server

Global model

A
ﬁca\ updates(Q values)
no sharing of raw data

Local updates(Q values)
no sharing of raw data

WSN Environment

Fig. 2. Federated Learning Framework

4. PROPOSED METHODOLOGY

The proposed framework integrates FedRL with MARL to
develop an efficient and adaptive wireless charging strategy
for WSNs. Unlike traditional centralized charging methods
that rely on a single decision-maker and require raw data
transmission, this approach enables multiple MWCs to
independently learn and make optimal charging decisions
while sharing only model updates to enhance network
longevity, reduces communication overhead, and improves
energy efficiency. The methodology is structured into three
primary phases: (i) FedRL-based learning for global
knowledge sharing, (ii) MARL-based cooperative charging
for local decision-making, and (iii) an integration phase
ensuring continuous learning and adaptation. Figure 3
illustrates the integration of FedRL and MARL, where MWCs
collaboratively learn optimal charging strategies.
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4.1. FedRL Based Learning

In this phase, FedRL is employed to train a global model that
enables MW(Cs to learn an optimal charging strategy without
centralized data sharing [39]. Traditional RL requires a large
amount of training data, often collected in a centralized
manner, which is impractical in distributed WSNs due to
communication constraints and privacy concerns.

FedRL overcomes these limitations by allowing MWCs to
train models locally on their respective data and share only
model updates with a global aggregator. Each MWC acts as
an independent RL agent and follows the MDP formulation
described in Eq. (1-7).

Once local training is completed, each MWC updates its local
parameters 6; using the learning rules in Egs. (9a—9b). These
parameters are then sent to a global server, where the
aggregation function FedAvg Eq. (10) combines all received
models into a single global model 6¢ . This aggregated model
is redistributed to all MWCs, improving their decision-
making capability without requiring raw data exchange. This
decentralized approach enhances data privacy, scalability, and
adaptability to varying network conditions. By integrating
local learning with federated aggregation, FedRL effectively
balances computational efficiency with network-wide
coordination.

4.2. MARL- based Cooperative Charging
After receiving the updated global model, MWCs enter the
MARL-based cooperative charging phase. Here, multiple
MW(GCs interact in real time to optimize charging schedules
while avoiding redundancy. MARL ensures cooperation
through the CTDE paradigm, where policies are trained with
shared global knowledge Eg. 10 but executed locally
according to the optimal policy Eq. 8. In this phase, MWCs
make charging decisions based on real-time observations,
such as:
e Energy demand of sensor nodes: low-energy nodes
are prioritized (reward component in Eq. 4).
Path optimization: MWCs minimize travel distance
using the movement penalty as of Eq. (5).
Collision avoidance: MWCs avoid conflicts with
obstacles or other chargers as of Eqg. (6).
To illustrate this behavior, Table 2 provides example reward
values for different actions. These numerical cases are
consistent with the shaped reward design of Eq. (7).

4.3. Decentralized FedRL -MARL Integration

The integration of FedRL and MARL ensures that MWCs can
effectively learn global charging strategies while executing
decentralized, cooperative decision-making in real time.
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FedRL Phase: MWCs learn locally using state/action/reward
definitions Egs. (1-7) and share only model updates,
aggregated via Eq. (10).

MARL Phase: MWCs execute charging decisions
cooperatively, guided by the optimal policy in Eq. (8), while
avoiding redundant charging through conflict-aware
strategies.

Continuous Adaptation: Experiences collected during
execution are fed back into FedRL, ensuring the global model
evolves dynamically to reflect changing WSN conditions.
This iterative loop ensures scalability, robustness, and
efficiency in dynamic WSN environments, significantly
improving network lifetime compared to traditional
approaches.

TABLE 2. Reward function calculation for MWC Action

. . Reward Computed
Action (Ai) @) | &) Function R, | Reward
Moves to a critical
node & charges 5 10 R=Ci-§ S
Moves to a critical 0 8 Ri=-Ej -8
node but fails to
charge
Moves 0 7 Ri=-E;j -7
unnecessarily (no
critical node nearby)

Stays idle when 0 0 R=0 0
needed

Charges a non- 2 6 Ri=Ci- E; -4
critical node

Avoids obstacle - 2 Ri=2-E 0
while moving

Moves optimally & 8 12 Ri=Ci- E; -4
charges multiple

nodes

Algorithm 1: Federated RL Training

Input: WSN environment, number of sensor nodes N,
number of MWCs M, energy levels Es(i), learning rates I, I,
discount factor vy, batch size B, exploration rate e, training episodes N.
Output: Optimized charging policy n*(s,a) for MWCs.
Initialization:
Deploy N sensor nodes and M MWCs.
Initialize energy levels Eq(i) for each sensor node S;,
Set movement constraints and obstacles O.
Initialize local DQN models for MWCs with random weights 0q
Initialize federated aggregation model with global weights Ogiopar.
Initialize experience replay buffer with capacity B.
Training Phase:
for episode = 1 to N, do
Observe initial state S(0) for all MWCs.
for step =1to Kdo
Update sensor node energy: Es(i)=Es(i)- Ccomm~ Csensing
if Es(i) < Etresn , mark S;as critical.
Compute state S; (sensor energy, location, obstacles).
Compute action A; (Move, Charge, Idle) using € -greedy policy.
Compute reward: R=w;C—w,E
Store (S, ARy, Si+1) in replay buffer B .
Federated Model Aggregation:
if local training iteration is complete then
MWCs send Q-values to central server.
Aggregate global Q-values:

1
leobal =u 2?4:1 Qj
Redistribute updated model parameters to MWCs.

end for
Check convergence criteria; if met, proceed to Phase 2.
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Fig.4. Flowchart for FedRL-MARL execution

Figure 4 illustrates the workflow of the proposed FedRL—
MARL charging strategy. After deploying sensor nodes and
MW(GCs, the system monitors node energy levels and identifies
charging needs. Each MWC trains a local RL model, which is
aggregated using FedAvg Eg. 10 into a global model and
redistributed for collective learning. Using this shared
knowledge, MARL coordinates MWCs to balance charging
loads and avoid conflicts. The updated policies are then
executed to determine optimal charging routes, improving
efficiency and extending WSN lifetime.

Algorithm 2: MARL-Based Execution & Optimization

Execution & Path Planning:
for each MWC in deployment do
Execute real-time actions based on learned policy.
Compute optimal path to critical nodes:
Optimal Path = min 3L, d(C;, S;))
Use reservation tables to avoid conflicts and redundant charging.
Policy Refinement & Learning Update:
Compute new reward function: R=w;C—w,E
Update Q-learning policy:
Q(S,a) « Q(S,a) + a[R + ymaxQ(S',a") — Q(S,a)
Check for Convergence:
if policy converges then terminate execution.
else repeat MARL execution.
end for
Output: Optimized policy for MWCs ensuring efficient sensor node
charging.
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5. SIMULATION ANALYSIS AND DISCUSSION
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communication, while MWCs navigate the network to B v ol B To . m i
recharge critical nodes avoiding obstacles. The simulation : R § ol g iy gy
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MARL interactions. Reinforcement learning algorithms, = g 02 "_:‘: g ise
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parameters are summarized in Table 3. Scenario 2
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TABLE 3. Network simulation Parameters B LR | v
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Parameter Scenario 1 Scenario 2 Scenario 3 800 * e L ) oy o
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?Il\lil)mber of Sensor Nodes 100 200 300 s00 = @y S g W -
= gl e me , e, “s W
Number of MWCs (M) 2 3 5 . o g 2N “Q‘;'_':‘““
Initial Node Energy J R oo e
1.5) 1.5) 1.5) v e YO .
Joules 400 . e o
( ) . e .
Charging Efficiency (%) | 88% 92% 94% Nl s e "
— o oy o
Communication N . . e _m
Overhead (MB) 5.2 MB 7.8 MB 9.5 MB o) s . o e L
y oy .
Obstacle Density (%) 10% 15% 200% * - e
Movement Speed (m/s) 2mls 25m/s 3m/s ® ™ i e s ,:: . “.,tf .. R
. . " g - L S ’
Threshold Energy (J) 0.3J 0.3J 0.3J o7 00 e o pvos 000
(b)
TABLE 4. Hyperparameters for training Scenario 3
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local and global models. These values were selected through
preliminary tuning and adapted from previous WRSN studies.

Fig.5. MWC Path Trajectories a). Scenario 1, b). Scenario 2, c).

Scenario 3
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Figures 5(a)-5(c) shows the MWC path trajectories in three
WSN scenarios with obstacles. In Scenario 1 (100 nodes, 2
MWCs), routes are short and efficiently cover the area.
Scenario 2 (200 nodes, 3 MWCs) increases path complexity
as MWCs coordinate to balance coverage. Scenario 3 (300
nodes, 5 MWCs) depicts dense trajectories in a constrained
space, where MWCs adapt to obstacles and minimize
redundant movements. Dotted paths highlight collaborative
navigation for efficient charging.

Below visualization of Fig.6 compares Network Lifetime and
Energy Efficiency across three different scenarios. The first
plot illustrates the variation in network lifetime, showing how
sensor networks perform under different numbers of nodes
and chargers. The second plot highlights the energy efficiency
trends, indicating improvements in power utilization with
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MARL method . The performance of the proposed FedRL-
MARL strategy is evaluated using key metrics, each
quantified using the following equations:

Dead Node Ratio: This metric indicates the proportion of
sensor nodes that have exhausted their energy and are no
longer functional. Here, N;.,4is the number of sensor nodes
with depleted energy, and N, is the total number of
deployed sensor nodes.

DNR(%) = 1422 + 100

total

(12)

Charging Latency: This refers to the average time delay
between a sensor node's request for charging and the actual
initiation of charging. In the equation, R is the total number of
charging requests, téhmge star¢1S the time at which the i-™

TABLE 5. Metric evaluation of mean distance travelled by MWCs, variability in MWC travel distance and overall efficiency in recharging

sensor nodes

Methods Scenario 1 (100 Nodes, 2 MW(Cs) Scenario 2 (200 Nodes, 3 MW(Cs) Scenario 3 (300 Nodes, 5 MW(Cs)

Avg. Avg. Avg.
. . Std Energy . Std Energy . Std Energy

Metrics Distance Dev Efficiency (%) Distance Dev Efficiency (%) Distance Dev Efficiency (%)
(m) (m) (m)

FedRL- 24.75 072 | 8832 39.12 120 | 89.45 50.89 255 | 90.72

MARL ) ) ) ) ) ) ) ) )

DRLH-

JCSCT 31.62 0.93 72.60 47.23 1.28 74.20 61.23 2.14 76.35

FDRL- 30.81 099 | 74.89 46.08 174 | 76.30 59.08 233 | 78.42

JERDG . . . . . . . . .

GS-TD3QN 28.06 0.87 80.97 42.02 143 82.12 55.19 2.83 83.95

UAV-

gMAPPO 27.14 0.78 82.57 40.62 1.26 84.30 52.62 2.69 85.90

DCRS 25.91 0.74 84.47 38.63 1.22 86.69 48.63 2.62 88.58

optimized charging strategies. The results in Table 5 highlight
the average charging distance, standard deviation, and energy
efficiency of each method across three scenarios.

Network Lifetime Energy Efficiency
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Fig.6. Performance comparison over 3 scenarios

5.1. Performance comparison over evaluation metrics

The comparative analysis of six different charging strategies
including FedRL-MARL (proposed), DRLH-JCSCT [31],
FDRL-JERDG [33], GS-TD3QN [27], UAV-gMAPPO [26],
and DCRS [34], demonstrates the superiority of the FedRL-

request was made, and tﬁequestis the time at which charging
started for that request.

1R (i )
CL = EZi:l(t}:harge start — t}“equest) (13)

Communication Overhead: This measures the total data
transferred in the network in megabytes (MB), accounting for
packet size and count. Here, P; is the number of packets sent
by node i, and S; is the average size of each packet in bytes.

N Pix§j
=1 106

CO(MB) =

(14)

Network Lifetime: This metric calculates the duration the
WRSN remains operational from the initial deployment to a
defined failure threshold. Here, T;,;+:4; 1S the deployment time
and Tf;pq is the time at which the network reaches failure
NL = Ttnal — Tinitial (15)
Energy Efficiency: This denotes how effectively the MWCs
utilize their energy to deliver usable energy to sensor nodes.

E jeriverea 1S the total energy received by the sensor nodes, and
Egupplieals the total energy output by the MWCs.
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EE(%) — Egdelivered *100 (16)
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Dead Node Ratio vs. Simulation Time

—e— FedRL-MARL 2
30 | -m- DRLH-JCSCT ~ .
—4- FDRL-JERDG e ,;f_n
25 ] & G5TD3GN ¥
| . o
UAV-gMAPPO P .f/’/
_ —e- DCRS et
& 20 ol
»
[
B
= 15
-1
(]
i)
o
10 A
5 4
04
0 100 200 300 400 500

Simulation Time (Rounds)

Fig.7. Dead Node Ratio Over Time for Various Algorithms

Charging Latency vs. Number of Requests
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Network Lifetime vs. Number of Sensor Nodes
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Fig.9. Lifetime Performance of Charging Strategies

Equations (12) to (16) define Dead Node Ratio, Charging
Latency, Communication Overhead, Network Lifetime,
Energy Efficiency respectively. These equations ensure
consistent and accurate benchmarking of the proposed
FedRL-MARL framework against baseline approaches.
Hence, this method consistently outperforms existing

charging strategies. Figures 7 to 12 highlight FedRL-MARL's
superior performance across all evaluation metrics. It achieves
the lowest dead node ratio, minimal charging latency and
communication overhead, highest network lifetime, and best
energy efficiency with faster convergence compared to
existing methods.

Communication Overhead vs. Sensor Nodes

10
@ FedRL-MARL !l
o1 M DRLHjCSCT
. $ FDRLJERDG Y
[aa]
g .l A GSTD3QN | -
_‘5 UAV-gMAPPO !! hd
© @ DCRS
£ 7 L4
£
W
g (]
& o
S [[]
=} 3
g 51 L
[=
3
E 47 &
£
s 0
Yosy
21 @
T T T T
50 100 150 200

Number of Sensor Nodes

Fig.10. Impact of Node Count on Communication Overhead

Smoothed Convergence of Energy Efficiency over Training Rounds
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Federated aggregation propagates effective policies globally
without raw-data exchange, allowing MWCs trained in
distinct local conditions to benefit from shared policy priors.
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The most pronounced gains appear when node density and
obstacle complexity increase: (i) lifetime rises due to less idle
travel and better prioritization of critical nodes (ii) latency
drops via conflict-aware routing and (iii) energy efficiency
improves as fewer “wasted” movements occur before a
successful charge.

The superior performance of the FedRL-MARL framework
arises from two key factors: (i) federated aggregation, which
enables each MWC to benefit from the collective experiences
of all agents without sharing raw data, thereby reducing
redundancy and improving policy generalization; and (ii)
multi-agent cooperation, which minimizes overlapping
charging actions and ensures balanced energy distribution
across nodes. In contrast, baseline methods such as DQN [40]
and MARL-only approaches either suffer from overfitting to
local experiences or from inefficient charger coordination.
These results demonstrate that the integration of FL and
MARL leads to a synergistic improvement, particularly in
dense deployments with high obstacle density.

6. CONCLUSION

This paper proposed a FedRL-MARL framework for efficient
wireless charging in WRSNs. By integrating federated
aggregation with cooperative MARL decision-making, the
framework enables distributed learning, privacy preservation,
and effective coordination among multiple MWOCs.
Simulation results across three deployment scenarios
demonstrated that the proposed approach improves network
lifetime by up to 16% and energy efficiency by 9% compared
to baseline RL and heuristic methods. These improvements
highlight the effectiveness of combining FL with MARL for
real-world WRSNs. This study also establishes a scalable
foundation for future intelligent energy management systems
in dynamic WRSN environments. By integrating federated
learning into real-time mobile charger coordination, our work
opens new avenues for decentralized energy replenishment
strategies, relevant to smart infrastructure, remote monitoring,
and autonomous loT systems. Future work will focus on
extending this framework to larger-scale networks,
incorporating UAV-based charging strategies, and enhancing
fault tolerance mechanisms to address charger or node
failures. Such extensions will further improve the scalability,
robustness, and applicability of the proposed method in
practical 10T and industrial WSN environments.
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