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Abstract

This paper addresses the critical challenge of deploying a minimum number of wireless
charging pads (WCDPs) in obstacle-rich, large-scale Wireless Rechargeable Sensor Networks
(WRSNSs) to sustain drone operations. We assume a single base station, stationary sensors,
convex polygonal obstacles that drones must avoid, and that both the base station and
WCPs provide unlimited energy. To solve this, we propose the Outside-to-Inside Onion-
Peeling (OIOP) strategy, a novel two-stage algorithm that prioritizes the coverage of the
most remote sensors first and then refines the deployment by removing redundant pads
while strictly adhering to obstacle constraints. Simulation results demonstrate OIOP’s su-
perior efficiency: it reduces the number of required pads by approximately 10.83% =+ 1.30%
and 12.16% =+ 1.59% compared to state-of-the-art methods (SMC and MC) and achieves
execution times that are 58.02% == 2.44% and 72.09% = 2.88% faster, respectively. The algo-
rithm also exhibits remarkable robustness, showing the smallest performance degradation
as obstacle density increases.

Keywords: WRSN; drones; wireless charging; onion-peeling like strategy; local search;
pad relocation

1. Introduction

Wireless sensor networks (WSNs) are a cornerstone of the Internet of Things (IoT), with
applications spanning healthcare monitoring, warehouse management, disaster warning
systems, military intelligence, and industrial operations [1]. A persistent challenge in
WSNs is energy supply: the compact size of sensors restricts battery capacity, and replacing
batteries to prolong sensor lifetime is often impractical.

Recent progress in wireless charging has made wireless power transfer (WPT) a promis-
ing solution. With short-range charging efficiency now exceeding 82% [2], rechargeable
WSNs—known as wireless rechargeable sensor networks (WRSNSs) [1,3]—have emerged
as a viable platform. WRSNs typically rely on multiple wireless chargers, and among
deployment strategies, mobile charging has attracted increasing attention. In particular,
wireless charger vehicles (WCVs), where chargers are mounted on mobile platforms, have
been widely studied as an alternative to static chargers.

Meanwhile, unmanned aerial vehicles (UAVs) have become common in many do-
mains. To overcome UAVs’ own limited battery life, wireless charging methods have
been developed [4]. Building on this idea, researchers have proposed wireless charging
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drones (WCDs) [5,6], which can provide real-time charging services to WRSNs. A further
innovation is the wireless charging pad (WCP) [5,7], a new technology designed to support
the charging needs of WCDs. By deploying wireless charging pads to provide additional
energy replenishment, UAVs thus sustain their operations and effectively complete their
assigned tasks. Therefore, a key problem is how to deploy the minimum number of wireless
charging pads while preserving at least one feasible flying path from the base station (BS)
to each sensor.

When designing optimal algorithms for WCP deployment, it is essential to consider
connectivity, coverage, and geometric properties [5,7]. However, previous approaches
often adopt greedy algorithms to solve WCP deployment problems [5], which typically
address coverage and connectivity as two independent problems. This approach restricts
the placement of WCPs, such as deploying them only at sensor locations. Additionally,
greedy algorithms tend to be overly conservative, leading to the deployment of excessive
WCPs. Furthermore, most previous studies have overlooked a critical issue: avoiding the
deployment of WCPs in a way that leaves a small number of sensors located in uncovered
fragmented areas, which can result in higher costs. Moreover, previous work does not
consider obstacles existing in the deployed area.

To address these issues, this work proposes a novel algorithm for WCP deployment
by considering obstacles. The proposed algorithm deploys charging pads layer by layer
from the outermost region inward, prioritizing coverage before connectivity. Therefore, for
obstacle-aware charging pad deployment, the proposed algorithm is called the Outside-to-
Inside Onion-Peeling (OIOP) strategy.

Simulation results suggest that higher obstacle density significantly increases the
complexity of pad deployment, particularly in large-scale environments with a high number
of sensors. As demonstrated by simulation results, the proposed OIOP method uses
fewer pads on average compared to both SMC and MC across all sensor configurations.
Specifically, the average pad count for OIOP shows an approximate 10.83% =+ 1.30%
reduction compared to SMC and a 12.16% =+ 1.59% reduction compared to MC. As the
number of sensors increases, the relative advantage of OIOP slightly diminishes but remains
statistically significant. Execution time results further reinforce the efficiency of the OIOP
method. On average, the OIOP method is 58.02% = 2.44% faster in execution time than
SMC and shows a 72.09% == 2.88% improvement over MC. The introduction of obstacles
significantly impacts the performance of all methods, primarily increasing execution time
and slightly decreasing pad usage. While all methods experience increased computational
cost due to environmental complexity, OIOP exhibits the smallest increase in execution
time and the least change in pad usage, indicating greater robustness and stability under
obstacle constraints.

The rest of this paper is organized as follows. Section 2 surveys previous related works.
Section 3 presents the proposed OIOP for deploying charging pads. Section 4 describes the
simulation results with discussions. Finally, Section 5 concludes this work.

2. Related Works

The deployment of wireless charging pads (WCPs) to support drone operations in
Wireless Rechargeable Sensor Networks (WRSNSs) is the core problem addressed by this
study. While extensive research exists on mobile charger scheduling and routing, our
focus is specifically on the initial, optimal placement of static charging infrastructure.
Therefore, this section foregrounds work directly pertinent to WCP deployment, explicitly
linking each study’s limitations to the motivation for our Outside-to-Inside Onion-Peeling
(OIOP) strategy.
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Foundational work by Zorbas and Douligeris [8] established the complexity of 3D
drone positioning for charging, highlighting the inherent difficulty of the deployment
problem. Subsequent studies by Lin et al. [9] and Baek et al. [6] explored drone routing and
charging in WRSNSs, but their models typically assume pre-deployed charging points or
unlimited drone range, thus not tackling the core optimization challenge of where to place
the pads.

The most directly related line of research focuses on minimizing the number of WCPs.
Chen et al. [5] proposed greedy algorithms that treat coverage (ensuring every sensor is
within charging range of a pad) and connectivity (ensuring a feasible drone path from
the base station to every pad) as two independent, sequential problems. This decoupled
approach is inherently suboptimal and leads to an excessive number of pads. Further-
more, their method restricts pad placement to sensor node locations, severely limiting the
solution space.

Later, Chen et al. [10] and Cheng et al. [7,11] relaxed this constraint by searching the
entire deployment area. Specifically, Chen et al. [10] proposed a novel two-phase scheme
called Clustering-with-Double-Constraints and Disks-Shift-Combining (CDC&DSC). Their
method first generates an initial solution by clustering sensor nodes based on their ge-
ographic locations (using K-means) and deploying a pad at the center of each cluster.
However, determining the optimal number of clusters is non-trivial and significantly
impacts the solution quality. While Cheng et al. [7] used a computationally expensive
quad-tree method, Cheng et al. [11] introduced a sink-outward strategy that improved
efficiency. However, both approaches deploy pads from the inside (base station) outward.
Asnoted in [11], this can lead to fragmented coverage in the network’s periphery, ultimately
requiring more pads to fill these gaps.

A critical, unaddressed gap in all these deployment strategies [5-11] is their assump-
tion of an obstacle-free environment. Real-world deployment areas invariably contain
obstacles (e.g., buildings, trees, terrain) that drones must navigate around. Ignoring
these obstacles results in infeasible flight paths, rendering the theoretical deployment
solutions impractical. None of the existing pad deployment algorithms account for such
geometric constraints.

While the above works form the direct foundation for our study;, it is worth acknowl-
edging the broader context of wireless charging research. Shu et al. [12] and Fu et al. [13]
made significant contributions to optimal velocity control and path planning for mobile
chargers. Zhao et al. [2], Wang et al. [14], and Xie et al. [15,16] pioneered integrated data
collection and charging architectures. Guo et al. [17] addressed electromagnetic interference
in multi-vehicle environments. Rong et al. [4] provided a comprehensive review of UAV
wireless power transfer technologies. Commercial efforts, such as Wibotic’s PowerPad [18],
Skysense’s charging boards [19], and Global Energy Transmission’s systems [20], along
with research on autonomous networks by Teng Long et al. [21], demonstrate the practical
viability of the technology. However, these works, while valuable, do not address the
specific, obstacle-aware, optimal deployment problem that is the focus of this paper.

It is precisely to address the limitations of existing deployment strategies—namely,
the inefficiency of greedy/decoupled approaches, the fragmentation issue of inside-out
deployment, and the complete lack of obstacle awareness—that we propose the OIOP
strategy. Our approach integrates coverage and connectivity considerations, deploys from
the outside in to prevent fragmentation, and fundamentally incorporates obstacle avoidance
into its core algorithms, ensuring the generated deployment is not only minimal but also
operationally feasible in real-world scenarios.



Information 2025, 16, 835

4 of 26

3. Onion-Peeling-like Strategy for Obstacle-Aware Charging Pad
Deployment

This section introduces a novel deployment strategy for wireless charging pads (WCPs)
in Wireless Rechargeable Sensor Networks (WRSNSs), termed the “Onion-Peeling Like Strat-
egy.” This method is designed to optimize the placement of charging pads, particularly in
complex environments that include obstacles. The strategy operates in two primary phases:
an initial pad deployment phase and a subsequent optimization phase. By deploying pads
from the network’s outermost perimeter and progressively moving inward, this approach
minimizes the total number of pads required while ensuring efficient and feasible flight
paths for unmanned aerial vehicles (UAVs).

The section begins by defining the core optimization problem, outlining the objectives,
constraints, and key variables such as energy capacity, flight range, and network connectiv-
ity. It then details the Onion-peeling like Max Covering (OLMC) algorithm, which guides
the initial pad placement to guarantee full sensor coverage. Following this, the algorithm is
re-executed to account for obstacle constraints, adjusting the pad configuration to satisfy
connectivity requirements and obstacles restrictions.

Key algorithmic components, including AdjPadPos for local coverage optimization
and ConnectPads for enforcing network connectivity, are explained in detail. Performance
enhancements, such as spatial bounding and phased obstacle handling, are also presented.
Finally, the ReLitePad algorithm is introduced as a post-processing step to remove re-
dundant pads and refine the deployment. The section concludes with a computational
complexity analysis and a discussion of practical design considerations for large-scale
WRSN deployments under realistic flight constraints.

3.1. Optimization Problem: Ensuring Coverage and Connectivity with Considering Obstacles

In this section, we present an onion-peeling like strategy for the deployment of charg-
ing pads with obstacles. The primary objective remains optimizing charging pad placement
to support drone-based recharging while minimizing infrastructure costs, now explicitly
considering obstacles in the deployment area. These restricted areas significantly impact
path planning and pad placement decisions.

Given a WRSN deployed in a two-dimensional area of size X size containing 7,p; convex
polygonal obstacles, with 1 sensor nodes S positioned at (s1,x,51y), (52,052, - - -+ (Snxs Suy).
and a base station (BS) located at the center (pox, poy) = (size/2,size/2), the goal
is to determine obstacle-aware optimal locations for m charging pads P at positions
(Prx Pry)s (P22 P2y)s- - - o (Pmxs Pmy) such that the following conditions are met:

(1) The number of deployed charging pads m is minimized to reduce infrastructure costs.

(2) Every sensor node is accessible via at least one feasible drone path originating from
the BS.

(3) Every sensor node or pad cannot be deployed in one of given obstacles which are
convex polygons in shape.

(4) Network constraints D g and Dy, are satisfied to ensure full connectivity and
coverage with considering obstacles.

Mathematically, the optimization problem can be formulated as follows.

Min) " $ry (1)

1, if a charging pad is placed at (x,y) € Rand 0 < x,y < size
be,y = (2)

0, otherwise
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Subject to:
ijEPU{po} Cij > 1,\V/Sl‘ €S (3)
ijEPU{pg} eij >1, Vp] e PU {po} 4)
i — 1, if d(pi/ p]) § Dpad (5)
g 0, otherwise
i — 1, if d(si/ p]’) < Dcharge (6)
gl 0, otherwise
L5 fi=0 7)
L piePUipo} 8 =0 ®
fi = 1, ifs;is located in one of obstacles ©)
"o, otherwise
1, if p; islocated in one of obstacles
gi= { N . (10)
, otherwise
o 1, if theinterval [p;, p;] does not intersect any obstacle (11)
70, otherwise

e; X Z; X HlQl*le X Z X
Q) is a permutation of (1) * “,0(1) k=1 CO(k)Q(k+1) * 20(k),Q(k+1)

a subset of PU {po} — {pi, p;} (12)
eaqan,; * 2aga),) > 1 Ypipj € PU {po}

where p; # p; when i # j, and pg = BS.

Constraints (3) and (6) ensure that every sensor node (SN) is covered by at least one
pad. Constraints (4) and (5) control whether each pad is connected to at least one other pad.
Constraints (7) and (9) ensure that no sensor node is located within an obstacle. Similarly,
Constraints (8) and (10) ensure that no charging pad is deployed within an obstacle.

Constraint (12) ensures that there is at least one available flying path between any two
charging pads (including BS), so that the UAV can fly along this path. This is fundamental
for maintaining network connectivity. We explain this requirement in a clear, step-by-step
manner:

(1) Obstacle-avoiding Path Existence (Implicit Check): For any two distinct pads p; and
pj (where i # j), there must exist at least one obstacle-free flight path connecting
them. This is not enforced by a separate constraint but is inherently guaranteed by
Constraints (11) and (12). If no such path exists due to obstacles, z; in Constraint (11)
returns 0, which automatically violates Constraint (12).

(2) Range Constraint (Explicit Check): The distance of any two consecutive pads p; and
pj in the shortest feasible flight path must be less than or equal to Dy, the UAV’s
maximum flight range between recharges. This is formally stated as:

d (i, Pj) < Dpaa, Vi, j where i # j.

Here, d(p;, p;) computes the Euclidean distance between pads p; and p;. If d(p;, p))
exceeds Dy, the corresponding e;; becomes zero according to Constraint (5). Consequently,
every path that contains such a pair of pads would violate Constraint (12).

In essence, Constraint (12) serves a dual purpose: (1) Implicit Check verifies the
existence of at least one obstacle-free flight path connecting every two consecutive pads p;
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and p;. (2) Explicit Check verifies the existence of at least one flight path and ensures its
distance of consecutive pads is within the UAV’s operational range.

This integrated check guarantees that the connectivity graph of the charging pads is
not only topologically connected but also physically traversable by the UAV.

3.1.1. Network Architecture

This study investigates a wireless rechargeable sensor network (WRSN) operating
in an environment with predefined obstacles. These obstacles are represented as convex
polygons Z = {z1, z, . . ., z}, where k = ny,5. The network comprises a set of rechargeable
sensor nodes S = {s1, sy,.. .54}, distributed across a designated area. Each sensor node
collects environmental data and transmits it to a central base station (BS). To maintain
uninterrupted network operation, a drone is dispatched from the BS to recharge nodes
whose battery levels fall below a critical threshold. The drone’s flight range, however,
is constrained by its own energy capacity. To extend its endurance and enable feasible
navigation, wireless charging pads P = {p1, py, . . .,pm} are strategically deployed throughout
the network. Their placement must account for obstacles to ensure that all flight paths
remain valid. The system is modeled under the following assumptions:

(1) The network includes a single BS and one drone.

(2) All sensor nodes are stationary, identical in function, and equipped with the same
battery capacity.

(38) The BS has complete knowledge of sensor node locations and obstacle boundaries.

(4) When a node requires recharging, the BS dispatches the drone.

(5) Both the BS and charging pads are stationary and have unlimited energy supplies.

(6) All drone flight paths must avoid obstacles.

3.1.2. Drone Energy Consumption Model

The operational capability of a drone within a Wireless Rechargeable Sensor Network
(WRSN) is fundamentally governed by its energy budget. This section details a model for
the drone’s energy consumption, which is essential for determining the feasible flight range
between charging points and the placement of wireless charging pads (WCPs).

The duration required to fully restore the energy of a sensor node, denoted as Esensor,
is contingent upon the power transfer rate of the charging system (Pi) and the efficiency
(77) of the wireless power transfer process. Since not all transmitted power is received by
the sensor due to losses, the effective charging power is 77-Ptx. The charging time Teparge iS

therefore calculated as:

E
Tcharge = rs]eIr)ltsor (13)
x

While the drone is engaged in charging a sensor, it must remain stationary, consuming
energy at a rate of Ppoyer. The total energy expenditure during this hovering phase, Eygyer,
is given by:

Esensor
Enover = PhoverTchurge = DPhover 2 (14)
N Etx

This energy, Epover, represents a direct operational cost of the charging service. After
the charging operation is complete, the residual energy available for flight is the drone’s
full battery capacity (Egyone) minus the energy consumed during hovering. This remaining
energy dictates the maximum distance the drone can travel to reach the next destination
(e.g., another sensor or a charging pad). Given the drone’s flight speed (Vgight) and its
power consumption rate during flight (Pflight), this maximum operational range Dcparge 1s:

E —E
Dchurge - ( drm}; ) hover) Vflight (15)
flight
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In contrast, when the drone is traveling between two WCPs and is not performing
a charging task, no energy is expended on hovering. In this scenario, the entire battery
capacity Egrone is available for propulsion. The maximum distance the drone can cover
between two consecutive pads, Dpad, is therefore:

Edrone

Dypg = 2rone
S

Vilight (16)

It is important to recognize that Ey,yer is not a fixed value; it varies dynamically based
on network conditions, such as the energy required for each charging session (Ereq) and
the network’s charging policy. For the purpose of streamlining the simulation analysis and
focusing on the core deployment algorithm, the subsequent simulations assume that the
energy consumed during hovering is negligible (Epoyer ~ 0). This simplification allows the
drone’s full energy capacity to be used for flight in the model, acknowledging that a more
precise analysis would account for the full energy cost defined above.

3.2. Proposed Outside-to-Inside Onion-Peeling Like Strategy

Previous pad-deployment schemes, such as MSC, TNC, and GNC, have often restricted
pad placement to sensor locations [5]. This limitation significantly narrows the solution
space and overlooks potentially superior positions. While later work by Cheng et al. [7]
relaxed this constraint by searching the entire plane using a quad-tree subdivision, this
recursive partitioning becomes computationally expensive for large maps.

In contrast, the Sink-outward Max Covering (SMC) algorithm starts from the base
station and deploys pads outward [11]. However, as the deployment region expands, gaps
can form between previously placed pads, leading to fragmented coverage and forcing the
algorithm to add more pads than necessary.

To address these shortcomings, this work introduces an outside-to-inside, onion-
peeling strategy. The algorithm begins by placing pads to cover the outermost sensors first.
It then “peels” off this covered layer and repeats the process, moving progressively inward.
This approach inherently confines the search space by leveraging the shrinking boundary
of the uncovered region.

Furthermore, existing methods have not adequately addressed environments with
obstacles that a UAV must navigate around. This work explicitly incorporates such obstacles
into the deployment. The straight-line Euclidean distance is replaced with the actual flight
path distance, calculated using a visibility graph to route the UAV around restricted areas.
While this ensures operational feasibility, the routing computations can be intensive. To
mitigate this overhead, we introduce two acceleration techniques:

(1) Limiting the search space for path-planning calculations.
(2) Phased handling of obstacles, where they are ignored during initial pad placement
and are only enforced during the subsequent optimization stage.

The proposed OIOP approach proceeds in two distinct stages:

(1) Initial pad deployment: OLMC first generates a preliminary layout that guarantees full
sensor coverage while ignoring obstacles. This phase focuses solely on minimizing the
number of pads based on geometric coverage. During the pad configuration process,
OLMC invokes AdjPadPos to perform regional optimization of pad positions, and
finally calls ConnectPads to ensure connectedness between the configured pads.

(2) Obstacle-aware optimization: In the second stage, ReLitePad first removes pads
that are placed on obstacles from the configuration and then invokes ReCover to
supplement appropriate pads, ensuring that the pad configuration complies with
obstacle constraints while maintaining connectedness and coverage. Next, it iden-
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tifies all closely spaced pads and attempts to remove them before calling ReCover
again to search for a better configuration. During ReCover, OLMC is invoked once
more to re-optimize the configuration for the remaining uncovered sensors and valid
pad locations.

The final layout simultaneously satisfies coverage of all sensors, connectivity from the

base station to every pad, and strict adherence to obstacles restrictions.

To provide a clear overview before delving into the component algorithms, the OIOP

strategy can be summarized by the following high-level pseudocode (Algorithm 1) and its

corresponding workflow (Figure 1).

Algorithm 1: OIOP_Strategy (Outside-to-Inside Onion-Peeling)

Purpose: an onion-peeling like strategy for the deployment of charging pads with

considering obstacles.

Input:

S: Set of sensors.
BS: Base station.
OBstacles: cell array of convex polygons (each N x 2) defining obstacles.

Output:

pads (set): Final set of optimally deployed charging pads.

Process:

1:

//PHASE 1: INITIAL DEPLOYMENT (Obstacles Ignored for Speed)
ToCover <— S // All sensors need coverage initially.

2:  DPads<— @ // No pads deployed yet
3:  pads < OLMC(ToCover, DPads) // Deploy pads for full coverage, ignoring
4: // obstacles
5. //PHASE 2: OBSTACLE-AWARE OPTIMIZATION
6:  pads < ReLitePad(pads, S, OBstacles)
7: // ReLitePad internally performs:
8: //  a. Remove any pads placed on obstacles.
9: //  b. Re-deploy pads (using OLMC) to cover any sensors left uncovered.
10: //  c. Identify and remove redundant pad groups, re-deploying only if it
// reduces total pad count.
//  d. Ensure final pad set is fully connected (using ConnectPads).
return pads
- Remove
Call—»| Ad]ust.lr‘\g Pad —Cal#| redundant
Initial Pad Onion-peeling Like Max Position obstacles
Deployment Covering
——Call—pwy
Connecting Pads
Cal
Call
2 § Calculate fly
. cal distance
Call—#»| Recovering sensors f————»|
Obstacle-aware Remove pads that do not meet h]:/ihN:ienr;s
optimization the requirements | P
END

Figure 1. Workflow diagram of the Outside-to-Inside Onion-Peeling (OIOP) charging pad

deployment strategy.
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The detailed workings of OLMC, ReLitePad, and its subroutines (AdjPadPos, Con-
nectPads, ReCover) are described in the following Section 3.3. This top-down approach
allows readers to understand the strategic flow before engaging with the tactical details of
each component.

3.3. Main Algorithm (OLMC)

The OLMC algorithm, detailed in Algorithm 2, is the cornerstone of this methodology
and is invoked twice. In its first call, it generates the initial layout with the ToCover set
containing all sensors and the DPads (deployed pads) set being empty. After constraint
violators are removed, the remaining valid pads are assigned to DPads, and any newly
uncovered sensors are added to the ToCover set for the second invocation of OLMC.

Algorithm 2: OLMC (Onion-peeling Like Max Covering)

Purpose: Deploy charging pads in an outside-in, onion-layer fashion, prioritizing
coverage of the outermost sensors first, while ensuring full coverage and connectivity
under obstacles constraints.
Input:
Obstacle (boolean): Whether to consider obstacles.
ToCover (set): Target sensors that must be covered.
DPads (set): Pre-deployed charging pads (may be empty).
Output:
pads (set): Final set of optimally deployed charging pads.
Process:
1: Sort all sensors in ToCover in descending order by Euclidean distance from the
base station (BS).
Pads < DPads
while ToCover is not empty do
target < first sensor in ToCover //farthest uncovered sensor
[pos, NewCovered] <— AdjPadPos(NoFlyZone, ToCover [1]);
Add a new pad at position pos to pads
Remove NewCovered sensors from ToCover
end while
pads < ConnectPads(pads); / /Ensure connectivity among all pads

—
<

return pads

The overall worst-case complexity of the OLMC algorithm is O(n? + p®), where n is
the number of sensors and p is the number of deployed pads. In practice, since p << n, the
complexity is dominated by the O(n?) term.

3.3.1. Flight Distance Calculation in Obstacle-Aware Environments

In an environment with obstacles, the calculation of flight distance is the most affected
aspect. The dist algorithm used in this paper, presented as Algorithm 3, computes the
shortest obstacle-avoiding flight distance between two points.

First, when the map is obstacle-free or the two query points already enjoy a clear line
of sight, only one geometric test is executed. That test intersects the single segment (p1, py)
with every edge of every convex obstacle; with 1, polygons and e edges each, this costs
O(k-e) time.

When obstacles do block the straight line, the routine must expand the existing
visibility graph. Two extra vertices (p; and py) are inserted, and each of them is checked for
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mutual visibility against the n obstacle vertices already stored in the graph. Each individual
visibility test again inspects every edge of every obstacle, summing to O(n-k-e).

Finally, the shortest route is extracted by running Dijkstra’s algorithm [22] on the
augmented graph. The graph now contains 1 + 2 vertices and at most m + O(1n) additional
edges. With a binary heap, the search takes O((m + n) log n). In the worst-case visibility
graph m can approach @(1n?), yielding O(n’log 1), yet in typical sparse environments m
remains ©(n) and the bound collapses to O(n log n). Combining these computations,
the overall worst-case running time isT(n, k, e) = O(n-k-e + (m + n) log n),which can be
simplified to O(n-k-e + n? log n) for dense visibility graphs, or O(11-k-¢ + n log n) for sparse,
well-behaved maps. Algorithm 3 is described in detail below.

Algorithm 3: dist (Calculate fly distance between two points)

Purpose: Return the shortest flight distance between two planar points p; = (x1, y1) and
p2 = (x2, y2) that respects every convex obstacle in the map.
Input:
p1, pa: start and goal coordinates.
OBstacles: cell array of convex polygons (each N x 2) defining obstacles.
free_points: cell array of OBstacles vertices that are reachable by the UAV.
freeG: undirected weighted graph that already links mutually-visible vertices.
Output:
d; scalar flight distance (Inf if no route exists).
Process:
if is_collision_free (p1, p2, OBstacles)
return the Euclidean distance between p; and p»;
end
V < {p1, p2} U free_points.

For every veV
if segment (p1, v) is collision-free, add edge (p1, v) with weight||v-p; |/into G.
if segment (py, v) is collision-free, add edge (py, v) with weight||v-p;|/into G.
Run Dijkstra’s algorithm on G from node p; to node p».
Let d be the obtained path length; if the search fails, set d <— Inf.
9:  Returnd.
10:

1
2
3
4:
5:  Build an auxiliary graph G identical to freeG, then add p; and p; as two new nodes.
6.
7
8

3.3.2. Pad Position Adjustment

In the OLMC algorithm, the primary computation is the AdjPadPos function
(Algorithm 3), which finds the optimal position for a new charging pad. It examines
a square search area around a target sensor to find a location that maximizes the coverage
of yet-uncovered sensors. As illustrated in Figure 2, the algorithm employs three spatial
filtering mechanisms: (1) a circular LimitB region(red) with radius Dy, for preliminary
sensor screening, (2) a bounding box (red dashed line) for obstacle pre-selection, and (3) a
grid-based search space (gray dots) for precise positioning. This hierarchical filtering en-
sures only relevant obstacles (blue polygon) and sensors are evaluated. The time complexity
of AdjPadPos is O(n).
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Figure 2. Conceptual diagram of LimitB and restricted obstacles.

When obstacles are present, as analyzed in Algorithm 3, both the quantity and geo-
metric configuration (specifically the vertex count of convex polygons) of obstacles directly
influence the computational cost of distance measurements. However, since the visibil-
ity relationships between vertices of these obstacles remain constant, the corresponding
visibility graph can be precomputed once and subsequently reused. As demonstrated in
Figure 2, any obstacle that falls completely outside the red circular boundary region can be
disregarded without affecting the calculations.

To exploit this observation, AdjPadPos first collects all sensors that lie within twice
D parge of the target into a working set PB (line 4), thereby limiting the inner loop to PB
instead of the entire sensor field and accelerating the coverage count in line 10. Addition-
ally, clipObstacles (line 6) discards irrelevant obstacle fragments, further speeding up the
distance checks performed in lines 9 and 10.

To efficiently discard irrelevant no-fly areas, we derive a bounding box that tightly
encloses (i) every sensor in PB and (ii) the local-search window used by AdjPadPos. A
no-fly polygon is retained for further processing only if at least one of its vertices lies inside
this bounding box or if any of its edges intersects the box; otherwise, it is ignored when
computing obstacle-avoiding flight distances within AdjPadPos.

The computational complexity of Algorithm 4 (AdjPadPos) reveals an elegant balance
between thoroughness and efficiency in its design. At its core, the algorithm employs a
systematic grid-based search pattern that carefully navigates the trade-off between pre-
cision and performance. The fixed grid resolution serves as a crucial design parameter,
establishing a predictable upper bound on the outer loop’s iterations regardless of the
network’s scale. This intentional constraint transforms what could be an unbounded search
into a manageable, constant-time operation.

Within this carefully bounded search space, the algorithm performs its most com-
putationally intensive work during sensor coverage evaluation. Each candidate position
undergoes rigorous assessment, with the algorithm meticulously counting how many
sensors fall within the effective charging radius. The working set PB, containing potential
sensors within twice the D, distance of the target, represents the algorithm’s opera-
tional horizon. In worst-case scenarios where the network density is high, this set may
encompass nearly all sensors, creating a linear relationship between sensor count and
computation time.
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Algorithm 4: AdjPadPos (Adjust pad positions)

Purpose: Find the best grid position to place a new charging pad for sensor sid,
maximizing uncovered-sensor coverage while respecting obstacles and
map bounds.

Input:

sid: 1D of the target sensor to cover,

pos: Initial candidate positions (usually the sensor’s locations).
Output:

bestpos: Optimal pad position [x, y],

bestNW: List of sensor IDs newly covered by bestpos.

Process:

1: CX, Cy ¢— pos; bestPos < pos; bestNW < @

2: GWidth <= Dpgrge; step < 100

3: PB « {k € B | dist(k,sid) < Dy} // LimitB

4: bbox +— boundingBox(PB U {pos})

5: obstacles <« clipObstacles(bbox)

6: for i, j in grid(cxGWidth, step)

7: p < [ex+i, cy+j]

8: if outside(p) or inObs(p) or dist(p,pos) > Dparee then continue
9: NW < {k € PB | dist(p,SIk]) < Dcnarge}

—_
@

if INWI > [bestNW | then bestPos<p; bestNW<-NW
11:  return (bestPos, bestNW)

Algorithm 5 formalizes this clipping procedure, which inspects every vertex and every
edge of each obstacle polygon once. With M obstacles and an average of N vertices per
obstacle, the total complexity is O(M-N).

Algorithm 5: clipObs (Remove redundant obstacles)

Purpose: Remove all obstacles that lie completely outside the given bounding box,
returning only those (or parts of those) that could affect the current
local search.
Input:
bbox: structure {xmin, xmax, ymin, ymax} defining the rectangular region of interest.
Output:
clippedQbs: cell array of convex polygons that intersect or lie inside bbox.
Process:
1 clippedObs <+ @
2 foreach polygon P in obstacles
3 P + convex polygon vertices // N X 2 matrix
4 if any vertex of P lies inside bbox
5: clippedObsf{end+1} < P
6 else if bbox intersects any edge of P
7 clippedObsf{end+1} < P
8 return clippedObs

What makes this linear complexity particularly remarkable is how it’s achieved despite
the algorithm’s comprehensive functionality. The spatial filtering through LimitB acts as
an intelligent gatekeeper, dramatically reducing unnecessary computations by focusing
only on relevant areas. Meanwhile, the reuse of precomputed obstacle visibility graphs
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from Algorithm 3 demonstrates the system’s architectural elegance, avoiding redundant
calculations while maintaining accuracy.

The practical implications of this O() complexity become evident when examining the
algorithm’s performance in large-scale deployments. As shown in the simulation results,
this linear scaling allows the system to maintain responsive performance even as network
size grows, a critical requirement for real-world WRSN applications where sensor counts
can number in the hundreds or thousands. The algorithm’s design exemplifies how careful
attention to computational boundaries and intelligent filtering can yield solutions that are
both thorough and efficient.

3.3.3. Connectivity Enforcement

Algorithm 6, named ConnectPads, is designed to transform an initially disconnected
set of charging pads into a single connected component that is reachable from the base
station. At its core, it follows a strategy similar to Prim’s algorithm for constructing a
minimum spanning tree: starting from the base station pad, it iteratively identifies the
closest pad not yet included in the connected component and attempts to establish a
connection between them. The term “closest” refers to the shortest feasible flight path
for the drone. Therefore, the length of each candidate edge is computed using either a
straight-line Euclidean distance or an obstacle-avoiding path metric, depending on the
presence of obstacles in the environment.

Each outer iteration incorporates exactly one new pad into the connected component,
so the loop runs at most p times, where p is the total number of charging pads to be
connected. During each iteration, the algorithm must identify the globally shortest edge
connecting a pad in the connected set to one in the unconnected set. A straightforward
implementation evaluates all possible pairs between the two sets, which requires o(p?)
primitive operations.

If the computed distance between the selected pads is within the maximum allowed
inter-pad distance D4, the new pad is added to the connected component without requir-
ing further adjustment of its position. Otherwise, the algorithm attempts to reduce the
gap by incrementally relocating one or both endpoint pads in steps of « meters. After each
tentative relocation, the algorithm re-evaluates sensor coverage and overall pad connec-
tivity to ensure constraints are still satisfied. These validation steps—potentially repeated
for multiple candidate edges—constitute the most computationally intensive part of the
algorithm. Their cost scales with both the number of pads p and the number of sensors 7,
leading to a worst-case time complexity of approximately O(p3) when p < 1.

In environments without obstacles, distance computations reduce to simple Euclidean
calculations, allowing the algorithm to operate close to the theoretical O(p®) bound. How-
ever, when obstacles are present, each distance query requires computing the shortest
obstacle-avoiding path around n,ps convex polygons, each represented by an average of m
vertices. This involves dynamically constructing a visibility graph and applying Dijkstra’s
algorithm, increasing the cost per distance query to O(rn,s mlog(ngps m)). Since these
expensive queries are embedded within the O(p?) edge-selection loop and are also invoked
during relocation validations, the overall runtime becomes significantly higher, scaling as
the product of the obstacle-dependent query cost and the original polynomial complexity
inp and n.
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Algorithm 6: ConnectPads (Connecting Pads)

Purpose: Ensure all pads form a connected network (spanning tree) from the base
station (pad 1). If any two pads exceed the maximum link distance Dy, insert
additional relay pads or move existing pads to bridge the gap while preserving coverage.
Input:

p: array of pad positions.pos = [x, y].,
Output:

pads: updated array of connected pads (original + added /relocated).
Process:
1:  pads < {p1} // start with base station
2:  remain < p\{p1} // pads to connect
3:  while remain # @
4: (i,j) < argmin dist(p,q)

pEpads,qcremain

5 if dist(i, /) < Dpug
6 pads <— pads U {j}; remain < remain \ {j}
7: else

8 // Try to move i or j closer

9: moved < moveCloser(i, j, Dpaq)

10: if moved

11: continue

12: else

13: // Insert relay pad on straight line
14: relay < midpoint(, j, Dpaq)

15: pads <— pads U {relay}

16: end

17: end

return pads

3.3.4. Post-Processing: Redundant Pad Removal

After the initial deployment and connection, a post-processing stage called Redundant-
pad Removal and Lightweight Re-deployment (ReLitePad), detailed in Algorithm 7, is
invoked to eliminate inefficiencies. ReLitePad operates in two phases:

(1) Redundant-Group Detection: It identifies candidate groups of redundant pads by
constructing a graph where an edge exists between any two pads within distance D4
of each other.

(2) Selective Removal & OLMC-Based Recovery: For each candidate group, ReLitePad
tentatively removes the pads and then runs the ReCover subroutine (Algorithm 8)
to re-establish coverage for any affected sensors using the OLMC algorithm. If this
results in a layout with fewer pads, the change is accepted.

If the resulting layout P’ satisfies full sensor coverage and inter-pad connectivity while
using fewer pads than the original layout P, the change is committed (P < P’); otherwise,
the tentative removal is discarded. The process repeats until no further reduction is possible.

Let p denote the number of deployed pads and n the number of sensors. Redundant-
group enumeration requires O(p?) time to scan all pad pairs and O(p) per group to collect
neighbors. Then, ReCover is dominated by O(p x n) to verify coverage for sensors, and O(k?)
where k < n is the number of uncovered sensors when OLMC is invoked. ConnectPads,
invoked after ReCover to restore connectivity, incurs O(p®) in the worst case.
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In practice, only a small fraction of pad pairs qualifies as redundant, and k < 7, so the
observed runtime is far below the worst-case bound. When k or p approaches , the overall
complexity becomes O(n?).

Algorithm 7: ReLitePad (Redundant-pad Removal and Lightweight Re-deployment)

Purpose: Redundant-pad Removal and Re-deployment Optimization for
Obstacle-Aware WRSNs.
Global:
D charge: UAV one-hop charging radius.
Dypaq4: max inter-pad connection distance.
Obstacles: convex obstacle polygons (empty if ObstacleMode = false).
Input:
P:{p1, ..., pm} is the current charging-pad set (each p = (x, v)).
S: sensor set (here index 1 is the base-station).
Output:
P': subset of P plus possibly new pads such that every sensor s € S is within
D cnarge of >1 pad, and the induced communication graph (edges < Dypag) is

connected.
Process:
1 originNumPad « | Pl
2: foreachp € P do // filter invalid pads
3: if inObs(p) then
4: P+ P-{p)
5: end for
6: if |P| <originNumPad // removed some pads located in obstacles
7 P < ReCover(®, P)
8: repeat
9: changed < false
10: BuildAdjacency(P) // connli] < {jldist(p;, pj) < Dpaa }
11: RP + @ // candidate redundant groups
12: fori+ 2. IPl-1do
13: forj<i+1.. IP| do
14: if dist(pi, pj) < Deparge/2 then
15: RP < RP U {{i,j} U conn[i] U conn]j]}
16: foreach set R in RP do
17: P’ < ReCover(R, P)
18: P’ + ConnectPads(P’)
19: if IP'l < IPI then
20: P« r
21: changed < true
22: break RP-loop // restart scanning with a new layout
23:  until changed = false
24:  P'+P
25:  return P’
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Algorithm 8: ReCover (Recovering sensors)

Purpose: Re-deploy charging pads after removing redundant or obstacle-overlapping
pads while guaranteeing full sensor coverage and preparing for connectivity restoration.
Global:
S: sensor set (index 1 = BS)
D charge: UAV one-hop charging radius
Obstacles: convex obstacle polygons.
Input:
R: indices of pads to remove
P: original set of pads
Output:
P': updated pad set covering every sensor within D ¢harge under obstacle
constraints.
Process:
P« // initialize new pad set
foreachp € Pdo // filter invalid pads
if p ¢ R then
P« P Ulip)

ToCover < @ // sensors left uncovered
foreachs € S do

covered <+ false

foreachp € P’ do

1
2
3
4:
5: end for
6.
7
8
9:
10: if dist(s, p) < Dejigrge then

11: covered < true

12: break

13: end if

14: end for

15: if s is not covered then

16: ToCover < ToCover U {s}
17: end if

18:  end for

19:  if ToCover # @ then / / re-deploy pads for uncovered sensors
20: P’ + OLMC(ToCover, P")

21:  endif

22:  return P’

When obstacles are considered, the computational complexity of the ReLitePad al-
gorithm and its subroutines, ReCover and ConnectPads, is primarily influenced by two
factors beyond standard geometric and graph-based calculations.

(1) Obstacle-Aware Distance Queries

Every distance calculation performed using the dist(u, v) function must compute the
shortest obstacle-avoiding flight path, rather than a simple straight-line Euclidean distance.
This introduces significant computational overhead.

Worst-Case Cost Per Query: For a map with n,,s convex obstacles, each having an
average of m vertices, the cost of constructing a local visibility graph and running Dijkstra’s
algorithm is O(nyps m log(neps m)) per query.

Total Impact in ReLitePad: The increased query cost affects several components of
the algorithm:
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Redundant-group detection: Requires up to O(p?) queries, where p is the number
of pads.

ConnectPads: Require up to O(p?) queries.

ReCover coverage checks: Need up to O(p x n) queries, where n is the number of
Sensors.

Consequently, the total overhead introduced by obstacle-aware distance calculations
can be expressed as O((p* + p3 + pn) X Nghs M log(1gps M)).

(2) Bounding-Box & Clipping Optimizations

To mitigate the above overhead, ReLitePad applies two pruning techniques:

clipObstacles: This technique reduces the number of active obstacles (11.ps) and ver-
tices (m) for each local search by considering only those polygons that intersect a tightly
defined bounding box. This significantly cuts the average-case cost of each query to nearly
O(log(nobs) +1m).

LimitB: This method further prunes the search space by narrowing it to a circular area
with a radius of 2 X Djg¢e around each candidate pad. As a result, the effective values of
1ops and m become small constants in practice.

These optimizations lead to a more manageable complexity:

Worst-case overall: The overall worst-case complexity is O((p® + pn + k?) -ngps m
log(1,ps m)), where k is the number of uncovered sensors (k < n).

Practical large-scale scenario: With the LimitB and clipObstacles optimizations, the
complexity in practical, large-scale scenarios is reduced to O((p> + p-n +k?) log 114pg), which
is only poly-logarithmic in the number of obstacles.

3.4. Practical Interpretation of Complexity Bounds

The formal worst-case complexity bounds presented in Section 3.3 (e.g., O(n?log n),
O(p?)) are mathematically rigorous but may appear overly pessimistic in practice. These
bounds assume worst-case scenarios—such as densely packed obstacles or fully connected
visibility graphs—that rarely occur in real-world deployments.

In practice, the OIOP strategy performs far more efficiently due to two key
design features:

(1) Spatial Pruning: The LimitB and clipObstacles optimizations restrict computations to
small, local neighborhoods. This means variables like the number of obstacles (1,;5)
and obstacle vertices () behave as small constants, not scaling factors.

(2) Favorable Scaling: The number of pads (p) is typically much smaller than the num-
ber of sensors (11). For example, with 500 sensors, p rarely exceeds 45—making p°
computationally trivial (~91 k operations).

Empirical Validation: As shown in Section 4.2, these optimizations reduce execution
time by over 80% in large-scale scenarios. This confirms that the algorithm’s practical
performance is excellent, even if its theoretical bounds are high.

In short, while the formal bounds ensure algorithmic soundness, practitioners can
confidently deploy OIOP knowing it is efficient, scalable, and robust—even in obstacle-rich,
large-scale WRSNS.

4. Simulation Results

To evaluate the effectiveness of the proposed algorithm, a large-scale WRSN testbed
comprising 50 to 500 sensor nodes is employed. The nodes are uniformly and randomly
deployed within a rectangular area, with the BS positioned at the center. Simulations are
conducted in MATLAB (R2023b) on a machine equipped with an Intel Core i7-13700H
CPU and 32 GB of RAM. Each result is averaged over 30 independent runs.
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For the test maps, four different sizes are used: small (4096 x 4096), medium
(6144 x 6144), large (8192 x 8192), and extra-large (16,384 x 16,384), following the setup in
Cheng et al. [11]. Ten distinct node deployments are generated for each map size, resulting
in a total of 40 test environments.

To assess the impact of restricted zones, we introduce obstacles into the maps. Each
obstacle is generated by randomly selecting a center point (cy, ¢;) on the map. Five points
are then independently and uniformly sampled on the circumference of a circle with a 500 m
radius centered at this point. The convex hull of these five random points is computed using
Andrew’s monotone chain algorithm [23] to form the final convex polygon representing
the obstacle boundary.

The maps are categorized based on the number of obstacles they contain: 1, 3, 5, 7, or
9. This results in a total of 200 (40 x 5) distinct testing scenarios. However, to conserve
space, the simulations presented in Sections 4.1 and 4.2 focus primarily on the large maps
(8192 x 8192) with 9 obstacles, representing complex terrain.

The comparison metrics include the number of deployed pads and the execution time.
Parameter values are set according to prior work, as summarized in Table 1. To the best of
our knowledge, this is the first study that considers obstacles in pad deployment. Related
works [MSC, CDC, QT, SMC] do not account for such restrictions; therefore, except for
Section 4.1, no comparisons with other methods are made.

Table 1. Parameters and values.

Parameters Values
Esensor 200 Joules
Edrone 1000 ]oules
Pight 10 Joules/s
Vﬂight 35m/s

4.1. Performance Comparison of Pad Deployment in Environments with and Without Obstacles

As shown in Figures 3-7, the simulation data presents a comparative analysis of
three pad deployment methods—OIOP, SMC, and MC—evaluated based on two key
performance metrics: the number of pads used and execution time. These metrics are
assessed across varying numbers of sensors (ranging from 50 to 500) and under two
environmental conditions defined by the presence or absence of obstacles (obstacles).
Overall, the OIOP method consistently demonstrates superior performance in both resource
efficiency and computational speed.
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Figure 3. Comparison of the impact of different configuration sequences on algorithm performance in
terms of (a) the number of pads and (b) the average time used on large-scale maps without obstacles.
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Figure 4. Comparison of the impact of different configuration sequences on algorithm performance
in terms of (a) the number of pads and (b) the average time used on large-scale maps with 3 obstacles.
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Figure 5. Comparison of the impact of different configuration sequences on algorithm performance
in terms of (a) the number of pads and (b) the average time used on large-scale maps with 5 obstacles.

The number of PADs

1= o1op

—e— SMC

160

—=— 0I0P
—e— SMC
—A— MC

140

120

100

60

40

The average time used (S)
%
&
1

)
S
L

T T T T
0 100 200 300 400

The number of sensors

(a)

500

100 200 300 400 500
The number of sensors

(b)

Figure 6. Comparison of the impact of different configuration sequences on algorithm performance
in terms of (a) the number of pads and (b) the average time used on large-scale maps with 7 obstacles.
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Figure 7. Comparison of the impact of different configuration sequences on algorithm performance
in terms of (a) the number of pads and (b) the average time used on large-scale maps with 9 obstacles.

In terms of pad usage, without obstacles, the OIOP method uses fewer pads on
average compared to both SMC and MC across all sensor configurations. Specifically, the
average pad count for OIOP is approximately 14.48 £ 1.94, while SMC and MC average
around 16.23 £ 2.12 and 16.52 + 2.38, respectively. This translates to an approximate
10.83% = 1.30% reduction compared to SMC and a 12.16% = 1.59% reduction compared
to MC. Execution time results further reinforce the efficiency of the OIOP method. On
average, it executes in about 1.29 & 0.82 s, whereas SMC and MC require approximately
3.02 £ 1.88 and 4.81 + 3.11 s, respectively. This corresponds to a 58.02% = 2.44% faster
execution time over SMC and a 72.09% = 2.88% improvement over MC.

The introduction of obstacles significantly impacts the performance of all methods,
primarily increasing execution time and slightly decreasing pad usage. On average, the
presence of nine obstacles causes the execution time to rise by 21.17 + 14.46 s for OIOP,
51.53 4= 34.91 s for SMC, and 76.89 +£ 53.55 s for MC. In terms of pad usage, the average
reduction is approximately 1.23 =+ 0.48 for OIOP, 1.45 + 0.46 for SMC, and 1.54 £ 0.55 for
MC. While all methods experience increased computational cost due to environmental com-
plexity, OIOP exhibits the smallest increase in execution time, indicating greater robustness
and stability under obstacle constraints.

In summary, the OIOP method outperforms both SMC and MC in minimizing pad
usage and accelerating execution, particularly in less complex environments with fewer
sensors. Its performance degradation under increased environmental complexity is also
relatively mild, making it a more reliable and efficient choice for path planning tasks that
involve dynamic or constrained spatial conditions.

4.2. Performance Impact of Main Mechanisms of the Proposed Strategy

As described in Section 3.2, this work introduces two key mechanisms: LimitB (re-
stricted search area) and NoObsFirst (phased handling of obstacles) used in the proposed
strategy.

The LimitB approach improves computational efficiency during local search by first
filtering out sensors that cannot possibly be covered (Algorithm 4). It uses the bounding box
of the candidate sensor coverage to exclude irrelevant obstacles from further consideration,
thereby reducing unnecessary computations.

The NoObsFirst approach adopts a phased strategy: in the initial pad deployment
phase, obstacles are ignored; only in the optimization phase are they considered. The
NoObsFirst approach simplifies the initial pad deployment by ignoring obstacles, resulting
in faster computation with a minimal increase in the number of pads required.
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Figure 8 compares four configurations on an 8192 x 8192 map containing 9 randomly
placed obstacles and 50~500 sensors distributed in accessible areas:

(1) No: the baseline Onion-like pad deployment method without any acceleration
techniques,

(2) LimitB: with LimitB acceleration only,

(3) NoObsFirst: with the phased obstacle handling only,

(4) All: combining both LimitB and NoObsFirst.
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Figure 8. Impact of the proposed strategy’s components on (a) the number of pads and (b) the
average time used on large-scale maps with 9 obstacles.

As shown in Figure 8a, the number of pads used under No and LimitB are identical, as
are those under All and NoObsFirst, indicating that LimitB does not affect the final solution
quality—it merely filters out unnecessary computations. In contrast, Figure 8b demonstrates
that applying LimitB significantly reduces execution time. As the map complexity increases
(i.e., with more sensors), the performance gain becomes more pronounced due to the
increased number of sensors excluded from local search.

For example, with 50 sensors, using LimitB alone reduces execution time by 43.35 s
(from 50.62 s to 7.27 s); with 500 sensors, the reduction reaches 673.9 s (from 836.63 s to
162.73 s). When combined with NoObsFirst, the execution time is further reduced—by
8.46 s (from 12.47 s to 4.01 s) with 50 sensors and by 231.28 s (from 280.80 s to 49.52 s) with
500 sensors.

On the other hand, the NoObsFirst approach simplifies the initial pad deployment
by ignoring obstacles, resulting in faster computation. In terms of pad count, this phased
strategy leads to a minimal increase in the number of pads required. For instance, with
350 sensors, it requires at most 0.43 additional pads (14.6 vs. 14.17), while saving 386.93 s
(from 532.82 s to 145.89 s) in execution time. With 500 sensors, the increase is negligible
(14.83 vs. 14.87 pads), yet the time saved reaches 555.83 s (from 836.63 s to 280.80 s).

Furthermore, when LimitB is applied together with NoObsFirst, the execution time
can be further reduced by up to 113.21 s (from 162.73 s to 49.52 s) in the 500-sensor scenario.

Therefore, all subsequent simulations incorporate both LimitB and the NoObsFirst
strategy to achieve optimal performance in terms of both efficiency and solution quality.

4.3. Effect of the Number of Obstacles on Algorithm Performance

This section presents simulation results evaluating the performance of the OLMC
algorithm under varying environmental conditions. The simulations were conducted
using maps of different sizes with varying numbers of obstacles and sensors. Two key
performance metrics were analyzed: (1) execution time and (2) PAD usage.
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Figures 9-12 show simulation results obtained for four different map sizes:
4096 x 4096, 6144 x 6144, 8192 x 8192, and 16,384 x 16,384. These results reveal the
following observations:

(1) PAD Usage Is Stable Across Sensor Counts:

As the number of sensors increases, there is no clear linear increase in PAD usage.
Instead, PAD usage remains relatively stable within certain ranges:

1. On the 4096 x 4096 map, increasing the number of sensors from 50 to 500 resulted in
PAD usage remaining between 5 and 6.

2. Onthe 16,384 x 16,384 map, increasing the number of sensors from 50 to 500 resulted
in PAD usage staying between 24 and 45.

This implies that PAD usage is primarily influenced by the scale of the deployed area
rather than the number of sensors.

(2) Obstacles Slightly Decrease PAD Usage:

Increasing the number of obstacles results in a slight decrease in PAD usage. For
example: On the 4096 x 4096 map with 500 sensors: With 1 obstacle, PAD usage was ap-
proximately 6.03. With 9 obstacles, PAD usage decreased to 6. On the 16,384 x 16,384 map
with 500 sensors: With 1 obstacle, PAD usage was approximately 44.9. With 9 obstacles,
PAD usage decreased to 39.6.

This may be because obstacles restrict the available space for pad deployment, leading
the algorithm to use PADs more compactly.

(3) Map Size Significantly Affects Execution Time:

As shown in Figure 9b, for a smaller map size of 4096 x 4096, the execution time
ranged from 0.29 to 41.55 s depending on the number of sensors and obstacles. In contrast,
for the much larger 16,384 x 16,384 map, the execution time increased significantly, ranging
from 2.71 to 159.51 s.

(4) Number of Sensors Positively Correlates with Execution Time:

For example, as shown in Figure 9b, in the 4096 x 4096 map with 50 sensors, the execu-
tion time ranged from 0.29 to 4.44 s. However, when the number of sensors increased to 500,
the execution time rose to between 3.88 and 41.55 s. Similarly, in the 16,384 x 16,384 map
with 50 sensors, the execution time ranged from 2.70565 to 70.53 s, increasing further to
between 6.06 and 150.45 s with 500 sensors. This confirms that the number of sensors has a
significant impact on computational cost. It also indicates that computational complexity
increases rapidly with larger map dimensions, especially when the number of sensors
is high.
(5) Obstacle Count Increases Execution Time:

An increase in the number of obstacles generally leads to longer execution times. For
instance, in the 4096 x 4096 map with 500 sensors: With 1 obstacle, the execution time was
3.88 s. With 9 obstacles, the execution time increased to 41.55 s.

Similarly, for the 16,384 x 16,384 map with 500 sensors and with 1 obstacle, the
execution time was 6.06 s. With 9 obstacles, the execution time increased to 150.45 s.

This suggests that higher obstacle density significantly increases the complexity of
pad deployment, particularly in large-scale environments with a high number of sensors.
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Figure 9. Impact of varying the number of obstacles on (a) the number of pads and (b) the average
time used for small-scale map.
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Figure 10. Impact of varying the number of obstacles on (a) the number of pads and (b) the average
time used for medium-scale map.
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Figure 11. Impact of varying the number of obstacles on (a) the number of pads and (b) the average
time used for large-scale map.




Information 2025, 16, 835 24 of 26
_ m :1)) 180j 1
454—® . i-e—3
a5 ) P i . 160 )
v ; P //l/ P4 //A\X @ uodl-—v—7
‘,,
é 40 /: y & v o B 9
o A/' 2120
E j
G P 4 i
z 100 x -
35 ey \
£ o 80 x v
= o
El S ¥ v
5 5 60 A A
2204 2 A
=90 ® 404 Ve N Sy A _A
2 v/ » & 'y
T d & .
. ] . oo o, o o *
25 0 §f = =8 83 s = 5 =1
T T T T T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500
The number of sensors The number of sensors
(a) (b)

Figure 12. Impact of varying the number of obstacles on (a) the number of pads and (b) the average
time used for extreme large-scale map.

5. Conclusions

This study has presented a novel framework for the efficient deployment and op-
timization of wireless charging pads in WRSNs, with a specific focus on environments
containing obstacles. The proposed OIOP strategy addresses the critical challenges of
ensuring full sensor coverage, maintaining a connected charging infrastructure, and strictly
adhering to obstacle constraints. The core contribution lies in the two-stage optimization
process. The first stage employs an “onion-peeling” strategy to deploy an initial set of pads,
prioritizing the coverage of the most remote sensors to minimize the total number of pads
required. The second stage, ReLitePad, systematically refines this initial deployment by
identifying and removing redundant pad groups.

A key strength of the proposed method is its explicit integration of obstacle-avoidance
into the distance and connectivity calculations. By utilizing a visibility graph-based ap-
proach, the algorithm accurately computes the shortest feasible flight paths for the drone,
ensuring that all operational constraints are met in complex, real-world environments.
The complexity analysis demonstrates that while the worst-case theoretical bound is high,
practical optimizations such as clipObs and LimitB significantly reduce the computational
overhead, making the solution scalable for large-scale networks.

Simulation results validate the effectiveness of the approach. The algorithm consis-
tently produces WCP configurations that use fewer pads compared to baseline methods,
while guaranteeing full sensor coverage and a connected network. The simulations also
highlight the significant impact of obstacle density on computational time, underscoring
the importance of the proposed optimizations.

Future work will focus on extending the model to dynamic environments with mobile
sensors and integrating real-time drone scheduling with the pad deployment strategy and
validating the approach through Hardware-in-the-Loop (HIL) simulations or small-scale
field experiments. Moreover, deploying advanced wireless charging pads represents a
substantial challenge. Deploying high-power and high-cost wireless charging pads also
makes the optimization problem more complicated. In the future, we also may consider
deploying vehicle mounted with a wireless charging pad to support real-time wireless
charging services for wireless charging drones.
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Abbreviations

The following abbreviations are used in this manuscript:

BS Base Station
CDC&DSC  Clustering-with-Double-Constraints and Disks-Shift-Combining
Dijkstra Dijkstra’s Shortest Path Algorithm
HIL Hardware-in-the-Loop
ToT Internet of Things
MC Max Covering (baseline algorithm)
MSC Max Sensor Coverage (baseline algorithm)
OIOP Outside-to-Inside Onion-Peeling
OLMC Onion-peeling Like Max Covering
ReLitePad = Redundant-pad Removal and Lightweight Re-deployment
SMC Sink-outward Max Covering (baseline algorithm)
SN Sensor Node
UAV Unmanned Aerial Vehicle
WCD Wireless Charging Drone
WCV Wireless Charger Vehicle
WPT Wireless Power Transfer
WRSN Wireless Rechargeable Sensor Network
WSN Wireless Sensor Network
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