
IEEE SENSORS JOURNAL, VOL. 26, NO. 19, 1 OCTOBER 2026 29783

SCOPE: A Hierarchical Event-Triggered
Framework for Spatio-Temporal Coverage
Maximization in WRSNs With Zeno-Free

Scheduling Guarantees
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Abstract— Spatio-temporal coverage quality is a critical per-
formance metric in wireless rechargeable sensor networks
(WRSNs). Existing studies predominantly focus on survival-
oriented scheduling or centralized optimization, often relying
on Boolean sensing abstractions or simplified coverage
metrics. Such approaches fail to capture the stochastic
nature of physical sensing under the probabilistic sensing
model (PSM), overlook the diminishing returns of coopera-
tive coverage, and exhibit limited scalability in large-scale
dynamic networks with mobile chargers (MCs). This arti-
cle proposes spatio-temporal coverage via partitioning and
events (SCOPE), a hierarchical event-triggered framework for
quality-aware coverage scheduling in WRSNs. SCOPE uses
an N-aware hierarchy that transforms large-scale sensor-
level charging demands into three coordinated stages:
energy–coverage density construction and static partitioning, zone-level low-latency scheduling, and Lyapunov-inspired
event-triggered cooperative reorganization. The theoretical analysis is restricted to a fixed-cost single-knapsack
budgeted PSM grouping kernel with a constant-factor approximation guarantee, while the full multi-MC route-cost
implementation is evaluated empirically. Simulation results under the evaluated settings show that SCOPE main-
tains an average coverage-quality ratio of approximately 0.93 under the default setting. In the dense-network case
with N = 600, SCOPE improves travel-normalized charging efficiency by approximately 18% over the multicharger
cooperative charging mechanism (MC3), the strongest baseline in this metric, and maintains an online computation
time of approximately 25–45 ms/decision for N = 200–600. Theoretical analysis further establishes bounded solution
quality for the scoped kernel and a scheduling-level Zeno-freeness guarantee for the event-triggered reorganization
process.

Index Terms— Event-triggered control, mobile charging scheduling, probabilistic sensing model (PSM), submodular
maximization, wireless rechargeable sensor networks (WRSNs).
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I. INTRODUCTION

W IRELESS rechargeable sensor networks (WRSNs)
have emerged as a critical infrastructure for long-term

industrial monitoring and surveillance applications, ranging
from coverage and connectivity-aware networks [1], [7] to
systems employing range-adjustable sensors [16]. Unlike tradi-
tional battery-powered networks constrained by finite lifetimes
[27], WRSNs leverage mobile chargers (MCs) to replen-
ish energy wirelessly, aiming to extend network operation
over long durations [2]. Compared with ambient energy
harvesting techniques such as solar charging, which are
inherently intermittent and weather-dependent [29], MC-based
wireless charging provides a more reliable and controllable
energy supply, making it particularly suitable for long-term
and quality-critical monitoring applications. In such dynamic
environments, the primary performance metric has shifted
from merely delaying the first node death to maximizing
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the quality of service (QoS), specifically the spatio-temporal
coverage quality of targets or areas [22].

Fig. 1 illustrates the considered WRSN scenario, where
static sensors are deployed in a monitoring region Ω and a
set of MCs provides on-demand energy replenishment. Once
the residual energy of a sensor drops below a prescribed
threshold, the sensor issues a charging request carrying its
location and a service deadline, and an MC is dispatched to
perform wireless energy transfer. Without timely replenish-
ment, energy-depleted sensors may create coverage holes. As
discussed in [10], prioritizing the recharging of nodes critical
to data quality is crucial to repair these voids and maintain
surveillance integrity. This tight coupling between sensing
quality, charging timeliness, and charger mobility motivates a
coordinated scheduling framework that is both performance-
aware and designed to avoid scheduling chattering under
event-triggered reorganization.

Early studies of MC scheduling focused mainly on the
“survival” of the network, employing algorithms to minimize
node failure rates or service cost [4], [11]. While effective for
keeping nodes alive, these approaches often rely on binary
availability assumptions (alive or dead), effectively treating
coverage as a Boolean state [4]. However, this binary abstrac-
tion fails to capture the stochastic nature of physical sensing,
where detection probability decays with distance and envi-
ronmental noise [22]. Under the more realistic probabilistic
sensing model (PSM), coverage exhibits a diminishing returns
property (submodularity) [28]. Recent studies have explored
dynamic probabilistic sensing capabilities [13], yet traditional
time-window-based schedules [9] often ignore the nonlinear
coupling between energy and coverage, leading to “coverage
saturation” in redundant regions while leaving critical areas
poorly monitored.

To address these limitations, recent studies have explored
cooperative charging schemes [5], [22] and advanced schedul-
ing techniques. For instance, Wen et al. [14] introduced
hierarchical path reduction strategies to optimize charger
lifetimes, while Hu et al. [21] proposed collaborative partition-
ing strategies to coordinate multiple chargers. Nevertheless,
applying these concepts to large-scale, event-driven scenarios
introduces a computational dilemma. Maximizing submodular
coverage functions is generally NP-hard. Global optimization
approaches, such as multiobjective evolutionary algorithms
[23], suffer from high computational latency, making them
unsuitable for real-time responses to sudden energy bursts or
topological changes. Centralized schedulers also face com-
munication bottlenecks, motivating a hybrid framework that
can maintain a persistent “static backbone” for routine oper-
ations while possessing the agility to dynamically reorganize
resources when local demand surges.

A critical challenge in designing such event-driven schedul-
ing systems is preventing scheduling-level Zeno behavior, i.e.,
the occurrence of infinitely many scheduling or reorganization
triggers within a finite-time interval. In WRSNs, unconstrained
event triggering caused by fluctuating energy demands can
lead to computational chattering, resulting in excessive com-
munication, computation, and charger route reconfiguration.
To prevent scheduling chattering, it is necessary to enforce a
strictly positive minimum interevent interval, τmin. By incor-
porating a Lyapunov-inspired event-trigger mechanism with

Fig. 1. Illustration of the considered WRSN with MCs. Sensors generate
charging requests when their residual energy falls below a threshold,
and MCs travel from depots to replenish energy to prevent coverage
holes.

a dwell-time gate, the proposed framework remains respon-
sive to real-time demand changes without being repeatedly
reorganized by transient noise. Accordingly, the guarantee
established in this article concerns only scheduling-level Zeno-
freeness of the event-triggered reorganization process; it does
not constitute the type of closed-loop Lyapunov-stability or
domain-of-attraction guarantee studied in classical nonlinear-
control analysis [19].

These observations motivate us to study the coverage
maximization problem in WRSNs under the PSM, with the
goal of jointly optimizing surveillance quality and response
latency. To this end, we propose a hierarchical, event-triggered
scheduling framework. Our approach, termed spatio-temporal
coverage via partitioning and events (SCOPE), departs from
the traditional “one-to-one” charging paradigm. Instead, it
employs a gradient-based static partitioning to balance the
inherent coverage potential, followed by an event-triggered
mechanism that dynamically groups charging requests. By
exploiting the submodularity of the PSM coverage objective,
SCOPE derives a scoped approximation guarantee for the
fixed-cost single-knapsack budgeted PSM grouping kernel
used inside event-triggered cooperation, while the full multi-
MC route-dependent scheduling implementation is handled as
a practical extension and evaluated empirically.

Relative to the multicharger cooperative charging mecha-
nism (MC3) [22], the closest PSM-aware cooperative baseline,
SCOPE, does not claim novelty from probabilistic sensing
or multi-MC cooperation alone. MC3 dynamically adjusts
charging groups according to charger positions and sensor
choices to balance workloads and reduce waiting and travel
costs. SCOPE differs in three specific respects. First, it intro-
duces an N-aware hierarchy that aggregates the states of all
N sensors into an energy–coverage demand field, partitions
the network into K service zones, and confines most online
decisions to local request sets; cross-zone cooperation is
activated only for the triggered coalition. Second, cooperative
reorganization is governed by a Lyapunov-inspired sentinel
and an explicit dwell-time gate, which yields a strictly pos-
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itive lower bound on scheduling interevent times. Third, the
approximation claim is deliberately restricted to the fixed-cost
single-knapsack PSM coverage-selection kernel after feasi-
bility pruning, and no approximation guarantee is claimed
for the complete route-dependent multi-MC implementation.
Accordingly, PSM-based utility, coverage-aware prioritization,
request grouping, route-aware costs, and multi-MC cooper-
ation are integrated and extended components, whereas the
N-aware hierarchy, the scheduling-level Zeno-freeness mech-
anism, and the scoped kernel guarantee constitute the principal
new contributions.

In this process, the number of sensors N is not treated
merely as a simulation parameter. It determines the active
sensor population in the PSM-based coverage objective, the
number of residual-energy states and charging requests, and
the scale of the pending request set. The novelty of SCOPE in
handling N lies in its hierarchical decomposition: sensor-level
energy consumption and marginal PSM coverage contribution
are first aggregated into an energy–coverage-aware demand
density using kernel density estimation (KDE) [20], the result-
ing N-sensor demand field is partitioned into K charger service
zones, and online decisions are then made mainly on local
zonal request sets. Cross-zone cooperation is invoked only
when the sentinel detects persistent regional stress, thereby
avoiding repeated global optimization over all N sensors while
preserving coverage quality and real-time responsiveness.

To make the scope of this study explicit, this work addresses
three research questions. Q1: How can the energy states,
request-generation load, and marginal probabilistic coverage
contributions of an N-sensor WRSN be converted into a
scalable energy–coverage demand representation for K MCs?
Q2: How can each MC make low-latency local scheduling
decisions that jointly account for marginal PSM coverage gain,
request urgency, travel cost, deadlines, and energy-safety con-
straints (ESCs)? Q3: When persistent regional stress occurs,
how can cooperative reorganization be triggered and accepted
so that the budgeted submodular grouping subproblem has
a clearly scoped approximation guarantee and the event-
triggered scheduler avoids scheduling-level Zeno behavior?
These questions define the scope of the proposed framework
and motivate the contributions summarized as follows.

Accordingly, the main contributions of this article are
summarized as follows. To distinguish the principal novelty
from supporting integration, the first three items describe the
core architectural and theoretical contributions. The fourth
item describes a supporting implementation contribution that
combines established coverage-gain, urgency, and travel-cost
factors for online execution; it is not claimed as a new general
approximation or stability result.

1) Hierarchical Event-Triggered Framework With Zeno-
Free Scheduling Guarantees: We propose a multiphase
scheduling architecture that decouples macroscopic
topology initialization from microscopic task schedul-
ing. By integrating gradient-flow-based static partition-
ing [25] with a Lyapunov-inspired event trigger [17], the
framework suppresses unnecessary charger reorganiza-
tion during routine operation. Moreover, by enforcing
a strictly positive interevent lower bound, the proposed
trigger is provably free of scheduling-level Zeno behav-
ior at the event-triggered scheduling layer.

2) N-Aware Hierarchical Decomposition for Scalable
Scheduling: We explicitly account for the sensor pop-
ulation size N by converting sensor-level energy states,
charging demands, and marginal PSM coverage contri-
butions into an energy–coverage demand density. Instead
of repeatedly optimizing over all N sensors, SCOPE
decomposes the large-scale charging problem into K
local service-zone scheduling subproblems and rare
event-triggered cooperative reorganization. This process-
level design is distinct from centralized optimization,
fixed region assignment, and proximity-based greedy
scheduling and enables scalable coverage-aware oper-
ation as the sensor population grows.

3) Submodularity-Based Cooperative Grouping With a
Scoped Approximation Guarantee: Under the PSM, we
formulate the core coverage-selection step of coopera-
tive grouping as a fixed-cost single-knapsack budgeted
PSM coverage-selection kernel after feasibility pruning.
The grouped coverage objective is evaluated over the
union of selected requests, so PSM monotonicity and
submodularity are not affected by MC labels. For this
scoped kernel, the modified greedy strategy with a
max-singleton check provides a constant-factor approx-
imation guarantee. The complete multi-MC assignment
with route-dependent costs, deadlines, and gated accep-
tance is treated as a practical scheduling extension and
evaluated empirically.

4) Low-Latency Local Scheduling as a Supporting Imple-
mentation Component: Motivated by multiobjective
optimization principles, we design a lightweight local
adaptive scoring mechanism for steady-state scheduling.
The mechanism enables each MC to switch online
between coverage-aggressive and energy-conservative
modes according to real-time battery states and request
urgency, providing robust performance under hetero-
geneous energy consumption while avoiding the high
latency of global evolutionary optimization. This com-
ponent supports the architecture but is not claimed as a
separate approximation or stability theorem.

II. RELATED WORKS

The scheduling of MCs in WRSNs has evolved from ensur-
ing basic network survival to optimizing high-level service
quality. We categorize existing studies into three streams:
survival-oriented scheduling, coverage-aware scheduling, and
cooperative multi-MC coordination.

.A. Survival-Oriented Scheduling
Early research primarily focused on the “survival” problem,

aiming to minimize the number of dead nodes or extend
network lifetime [4], [11]. Building on these foundations,
Xu et al. [11] formulated the problem of maximizing sensor
lifetime with minimal service cost. To address the constraints
of charger capacity, Wei et al. [9] introduced time-window
constraints into the scheduling model.

More recently, research has shifted toward optimizing charg-
ing efficiency and overhead within these survival constraints.
For instance, Wen et al. [14] proposed the joint perpetual life-
time and path reduction (PLPR) algorithm, which introduces a
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hierarchical charging architecture using super MCs to recharge
regular MCs, thereby maintaining the perpetual lifetime of the
charging system while reducing movement paths. Similarly,
Kan et al. [1] incorporated network connectivity into the
energy replenishment decision, ensuring that the critical relay
nodes essential for data backhaul are prioritized to prevent
network partitioning.

Limitations and Transition: While these survival-oriented
strategies effectively delay node failures, they typically rely
on binary availability assumptions (alive or dead), effectively
treating coverage as a Boolean state [4]. They ignore the
heterogeneous “value” of data generated by different sensors.
In surveillance applications, maintaining a node in a redundant
area is far less valuable than saving a node in a coverage hole.
This agnosticism to sensing quality necessitates a shift toward
coverage-aware scheduling.

.B. Coverage-Aware and Quality-Oriented Scheduling
Recognizing the shortcomings of survival-first approaches,

recent studies have integrated coverage quality into the
scheduling objective. The core idea is to prioritize nodes that
contribute most to the global sensing utility. Yu et al. [12]
proposed the coverage-aware energy replenishment mecha-
nism (CAERM), which quantifies the coverage contribution
of each sensor. Similarly, Dande et al. [15] introduced a
workload-aware recharge scheduling mechanism to further
optimize surveillance quality. To further enhance data quality,
Hu et al. [10] and Dande et al. [26] explored mechanisms to
prioritize recharging for nodes critical to data quality, thereby
dynamically repairing sensing voids and improving spatio-
temporal data accuracy.

In the context of the more realistic PSM, research
has begun to address the nonlinear relationship between
energy and coverage. Zhang et al. [13] proposed a dynamic
probabilistic sensing scheme for solar-powered sensors, opti-
mizing target coverage under unstable energy harvesting
conditions. Similarly, Xu et al. [16] developed the joint
monitoring quality and network lifetime for range-adjustable
sensors (JMLA) algorithm, which adjusts the sensing radii
of sensors to balance monitoring quality against network
lifetime. Yu et al. [22] proposed MC3, which uses a coop-
erative mechanism to maximize surveillance quality under
PSM.

More recently, Xue et al. [30] proposed MaxCov and
the request-grouping-based MaxCov-RG for maximizing tar-
get coverage with multiple chargers while balancing cov-
erage performance and computational complexity. Their
formulation focuses on selecting and grouping charging
requests for target-coverage maximization, whereas SCOPE
addresses PSM-based spatio-temporal coverage through an
N-aware service-zone hierarchy and event-triggered regional
cooperation.

Among these methods, MC3 [22] is the closest to SCOPE
because both adopt PSM-based surveillance quality and
cooperative multicharger operation. MC3 updates charging
groups according to the current positions of the MCs and
permits sensors to select a suitable charger, with the objec-
tives of workload balancing and reducing waiting and travel
costs. CAERM [12] prioritizes coverage contribution; the
charging scheduling for maximizing coverage of targets

(CSCT) method [5] addresses target-coverage-oriented multi-
charger scheduling and request grouping, and the collaborative
scheme in [21] uses partitioning and batch recharging to
improve data quality and lifetime. These studies establish
the importance of coverage-aware and cooperative charging,
but they do not report the same combination of: 1) an
N-aware density–zone–local-set hierarchy; 2) event-triggered
regional cooperation with a positive scheduling interevent
lower bound; and 3) a formally scoped approximation guar-
antee for a fixed-cost PSM selection kernel. Conversely,
SCOPE does not claim that PSM modeling, multicharger
cooperation, dynamic service-region adjustment, request
grouping, or coverage-aware prioritization are individually
new.

Limitations and Transition: Coverage-aware, probabilistic-
sensing, and target-coverage-oriented methods improve charg-
ing priorities by accounting for sensing utility or target
importance [12], [13], [16], [22], [30]. Request-grouping
approaches further improve coordination among multiple
chargers [5], [30]. However, these studies mainly optimize
coverage or grouping decisions at the sensor/request level and
do not jointly provide an N-aware zonal decomposition, low-
latency intrazonal scheduling, and persistent-stress-triggered
regional cooperation. This motivates a hierarchical frame-
work that preserves coverage awareness while restricting
most online decisions to local request sets. First, the cover-
age function under PSM exhibits submodularity, making the
optimization problem NP-hard [12]. Most existing solutions
rely on centralized heuristic searches or complex evolution-
ary algorithms [23], which incur high computational latency
and are unsuitable for real-time response. Second, simple
greedy strategies based on coverage contribution often fail to
guarantee global efficiency due to the “diminishing returns”
effect. This creates a need for scheduling algorithms that are
both theoretically grounded and computationally efficient for
real-time execution.

.C. Cooperative Coordination and Optimization
Techniques

To handle the complexity of large-scale networks, multi-MC
cooperation and advanced optimization techniques have been
explored. Lin et al. [6] proposed game-theoretic collaborative
charging scheduling (GTCCS) to model the competition and
cooperation among multiple MCs. To enhance collaboration
efficiency, Hu et al. [21] proposed a collaborative recharging
scheme that optimizes charger coordination to enhance data
quality and sustainable lifetime.

Recent work has also extended WRSN coordination
toward probabilistic and integrated sensing and communi-
cation (ISAC)-assisted charging, edge-assisted service, and
mobility-constrained scheduling. Qaisar et al. [31] proposed
Poised, which models multiple charging-priority attributes
probabilistically to balance the loads of multiple mobile charg-
ing vehicles and uses ISAC-assisted coordination to reduce
travel and charging conflicts. Its probabilistic formulation
concerns charging attributes and ISAC coordination, whereas
SCOPE evaluates sensing utility directly under the PSM and
invokes cross-zone cooperation only under persistent regional
stress. Qiu et al. [32] jointly optimized wireless charging
and fresh-data retrieval using a speed-adjustable mobile edge
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device. Their objective is charging–freshness co-optimization,
while SCOPE focuses on sustaining PSM-based spatio-
temporal coverage with multiple chargers. Zhang et al. [33]
jointly designed charger trajectories and charging schedules
in obstacle-constrained WRSNs, emphasizing mobility feasi-
bility and obstacle-aware trajectory planning. In comparison,
SCOPE uses an N-aware zonal hierarchy for routine schedul-
ing and event-triggered local cooperation, with obstacle-aware
travel costs included in the extended evaluation.

Recent data-driven approaches have also been applied to
complex scheduling problems. Liang et al. [18] used digital-
twin-assisted deep reinforcement learning (DRL) to optimize
resource allocation and offloading decisions in autonomous
systems. On the theoretical front, Xue et al. [5] emphasized
the importance of submodular maximization in coverage tasks,
proposing request grouping strategies to approximate the opti-
mal solution.

Limitations and Motivation: These recent studies provide
complementary advances in probabilistic and ISAC-assisted
charging, edge-enabled charging and data retrieval, obstacle-
aware trajectory design, and multicharger cooperation [31],
[32], [33]. Nevertheless, they address different primary
objectives and do not jointly combine PSM-based spatio-
temporal coverage, an N-aware zonal scheduling hierarchy,
and persistent-stress-triggered local reorganization. SCOPE is
designed to connect these three elements within one inter-
pretable scheduling process. DRL-based methods [18], while
promising, operate as closed-box models with limited inter-
pretability of their internal scheduling decisions and high
training overhead, which is risky for safety-critical industrial
applications. On the other hand, existing cooperative schemes
[8], [21] often lack a rigorous mechanism to handle the tradeoff

between static-topology persistence and the agility of dynamic
response. The remaining gap is therefore not the absence of
PSM-based quality metrics or multicharger cooperation, both
of which have been established in prior work. Rather, it is
the absence of a process-level architecture that simultane-
ously localizes routine online decisions as N grows, activates
cross-zone cooperation only under persistent stress, and states
theoretical guarantees at precisely delimited layers. SCOPE
addresses this gap through the N-aware hierarchy, the dwell-
time-gated event process, and the fixed-cost single-knapsack
PSM selection kernel. The complete multi-MC route-cost
assignment remains an empirical implementation layer and is
not included in the approximation claim.

III. SYSTEM MODEL AND PROBLEM FORMULATION

.A. Network Architecture and Entities

As shown in Fig. 2, we consider a WRSN deployed over
a bounded 2-D monitoring domain Ω ⊂ R2. The system
comprises N stationary rechargeable sensors, K MCs initially
located at depots, and a sink that collects charging requests
and coordinates scheduling decisions. The domain boundaries
are known and, where needed, the region is discretized into a
grid of points for computation.

Each sensor si ∈ S is located at static coordinates qi ∈ Ω

and powered by a rechargeable battery with capacity Emax
s .

Sensors consume energy continuously for sensing and data
transmission.

Fig. 2. Network architecture and entities. Static sensors S = {s1, . . . , sN }
are deployed in Ω and report charging requests to the sink; MCs M =
{m1, . . . ,mK } depart from depots {—k } to replenish sensors via wireless
energy transfer.

The residual energy of sensor si is denoted by Ei(t) and mea-
sured in joules. When Ei(t) falls below the request threshold
Eth, the sensor generates a charging request ri = 〈qi, Ei

req, t
ddl
i 〉,

where Ei
req is the requested energy and tddl

i is the service-
completion deadline. Let tgen

i be the request-generation time,
and let bPi(t

gen
i ) > 0 be the current or window-averaged

discharge rate, measured in joules per second. This time-local
estimate is distinguished from the long-term average P̄i used
in Phase I. The request-generation slack is

`
gen
i =

Ei(t
gen
i ) − EminbPi(t

gen
i )

.

The numerator is measured in joules and the denominator in
joules per second; therefore, `gen

i is measured in seconds. The
absolute service-completion deadline is

tddl
i = tgen

i + `
gen
i .

Thus, tddl
i is the latest time by which the charging service

should be completed before the sensor is predicted to reach
Emin. At a later time t, the remaining slack is

`i(t) = max{tddl
i − t, 0}.

The MCs serve as energy replenishment agents. Each MC
mk ∈ M is initially stationed at a specific home depot µk
(determined by the static partitioning in Phase I, inspired by
[25]) and is equipped with a high-capacity battery Bmax. The
MCs travel with a velocity v ∈ [0, vmax] and can wirelessly
transfer energy to sensors upon arrival. In the simulations,
we assume reliable state exchange among sensors, MCs, and
the sink so that the scheduling logic can be evaluated under
controlled conditions. The impact of packet loss, communi-
cation delay, and deployment-level coordination constraints is
discussed in Section V-D.

Role of the Sensor Population Size N: The number of
sensors N = |S | is explicitly considered throughout the
formulation. First, N determines the maximum cardinality of
the active sensor set Sπactive(t) in the spatio-temporal coverage
objective, and therefore affects both the achievable PSM
coverage utility and the degree of sensing redundancy. Sec-
ond, each sensor si contributes an individual residual-energy
state, discharge process, charging request, and marginal PSM
coverage contribution, so increasing N changes both the spatial
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distribution of coverage-critical nodes and the online request-
generation load. Third, let

R(t) = {ri(t) | si ∈ S, ri(t) is pending at time t}

be the pending request set. Since each sensor generates at most
one active request at a decision epoch, |R(t)| ≤ N, implying
that N directly controls the worst-case online scheduling scale.
SCOPE handles this scaling effect by partitioning the N-sensor
network into K charger service zones and making most online
decisions locally within each zone.

.B. Probabilistic Sensing and Submodularity
Let

di(x) = ‖x − qi‖

be the Euclidean distance, in meters, between sensor si at
qi and target point x ∈ Ω. Unlike the deterministic Boolean
disk model, the sensing capability of realistic sensors exhibits
stochastic decay. Following [22], the per-sensor detection
probability is modeled by the truncated exponential-power
PSM

ci (x) =

(
exp

�
−η1di (x)η2

�
, 0 ≤ di (x) < Rs

0, di (x) ≥ Rs
(1)

where Rs (m) is the physical sensing cutoff radius, η2 > 0 is a
dimensionless shape parameter, and η1 > 0 has units of m−η2 ,
so that η1di(x)η2 is dimensionless. A larger η1 produces faster
attenuation, whereas η2 controls the curvature of the distance-
decay profile. The reported experiments use homogeneous
values of Rs, η1, and η2 shared by all sensors.

In the present simulator, η1 and η2 are effective param-
eters that aggregate hardware sensitivity and environment-
dependent sensing attenuation. No additional additive
measurement-noise process is sampled on top of (1). A failed
sensor or a sensor sleeping at or below Emin is assigned zero
sensing availability and therefore contributes zero detection
probability. Conditional on the target location and sensor
states, detection events from different contributing sensors are
assumed independent.

Coverage quality is defined by the collaborative detec-
tion probability. For a subset of active sensors A ⊆ S,
the joint detection probability at point x is given by
the complement of the failure probability, expressed as
Q(x,A) = 1 −

Q
si∈A(1 − ci(x)). To quantify the macroscopic

quality of surveillance, we define the global coverage utility
Φ(A) as the weighted integral of detection probabilities over
the entire domain

Φ (A) =

Z
Ω

w (x)

0@1 −
Y
si∈A

(1 − ci (x))

1A dx (2)

where w(x) represents the spatial weight or importance density
of location x.

A critical theoretical property of this model is diminishing
returns. Let ∆Φ(s|A) = Φ(A ∪ {s}) − Φ(A) be the marginal
gain of adding sensor s to set A. The coverage utility function
Φ(·) is monotone nondecreasing and submodular. That is, for
any subsets A ⊆ B ⊆ S and a sensor s < B, the following
inequality holds:

Φ (A ∪ {s}) − Φ (A) ≥ Φ (B ∪ {s}) − Φ (B) . (3)

Fig. 3. Submodularity (diminishing returns) intuition of probabilistic
coverage. Adding the same sensor s yields a larger marginal gain on
a smaller covered set A than on a larger covered set B, i.e., ∆Φ(s|A) ≥
∆Φ(s|B).

Fig. 3 illustrates the diminishing-returns behavior that
underlies the submodularity of the coverage-quality objective.
Intuitively, when only a few points are already covered by
the sensor set A, adding sensor s contributes substantial
new coverage, leading to a large marginal gain ∆Φ(s | A).
In contrast, when the active sensor set becomes larger, i.e.,
B ⊇ A, more locations within the sensing footprint of s are
already covered, and the marginal gain ∆Φ(s | B) becomes
smaller. This property motivates greedy-style selection with
provable approximation guarantees.

This submodularity property provides the theoretical basis
for the scoped approximation guarantee of the single-budget
grouping kernel analyzed in Section IV-C [3].

Model-Scope Clarification: The implementation uses the
truncated exponential-power profile in (1), but the SCOPE
scheduling logic is not tied to the numerical values of η1, η2,
or Rs. For any fixed per-sensor detection probabilities ci(x) ∈
[0, 1] combined through the same conditional-independence
rule, the union-based coverage utility remains monotone and
submodular. However, the numerical marginal gains, sensing
redundancy, and therefore the selected charging priorities can
vary with the decay scale, shape, and cutoff radius. This
numerical sensitivity is evaluated in Section V-B.

.C. Energy Dynamics and Mobility Model
Fig. 4(a) depicts a typical residual-energy trajectory of a

sensor. A charging request is generated once the residual
energy falls below Eth, and request ri is associated with a
service deadline tddl

i to prevent energy depletion. Fig. 4(b)
illustrates the mobility of an MC traveling from a depot to a
requesting sensor with bounded speed. These coupled energy
and mobility dynamics impose feasibility constraints on charg-
ing timeliness and motivate the scheduling formulation in
Section III-D.

The operation of MCs is constrained by a strict energy
budget. The total energy consumption of an MC mk comprises
two components: movement energy expended in mobility and
the replenishment energy transferred to sensors. Let Tk(t) be
the trajectory of MC mk up to time t. The movement power
is modeled as a convex function of velocity, Pmove(v) =

ξv2 + β, where ξ and β are mechanical coefficients [9]. In the
simulations, ξ and β are calibrated with respect to the default
fixed-speed motion at v0 = 2 m/s. Let c0

move be the default
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Fig. 4. Energy dynamics and charger mobility. (a) Sensor generates a
request when Ei (t) falls below Eth. The deadline tddl

i is the latest service-
completion time before the sensor is predicted to reach Emin. (b) MC
departs from depot —k and travels with speed v to serve a requesting
sensor.

constant movement-energy coefficient used in M0, so that
the reference movement power is P0 = c0

movev0. To preserve
consistency between M0 and M1 at the nominal speed, the
coefficients are selected to satisfy

Pmove(v0) = P0.

A second calibration point is imposed at vmax using a high-
speed penalty factor γv

Pmove(vmax) = γvP0.

Thus,
ξ =

(γv − 1)P0

v2
max − v2

0
, β = P0 − ξv2

0.

In the reported simulations, c0
move = 1.0 J/m, vmax = 3.0 m/s,

and γv = 1.8, and the same calibrated ξ and β are used for all
algorithms in M1–M3.

For compact notation, we define the operational travel
distance between two locations qa and qb as

d(qa, qb) =

(
‖qa − qb‖, in obstacle-free scenarios
dF (qa, qb), in obstacle-constrained scenarios

where dF (qa, qb) denotes the shortest feasible path distance
in the free space F . All travel-time, movement-energy, and
operational travel-distance calculations in SCOPE use d(·, ·).
The movement energy from qa to qb is computed as

Emove(qa, qb) =

Z d(qa,qb)/v

0
Pmove(v) dτ

which reduces to c0
moved(qa, qb) under the default fixed-speed

M0 setting.
For an MC mk to accept a sequence of tasks, it must satisfy

the ESC [11]. This constraint ensures that at any decision
epoch, the MC retains sufficient residual energy to complete
the assigned tasks and return to its designated depot µk or
a charging station. Formally, let Rplan be the set of planned
requests. The residual battery Bres

k (t) must satisfy

Bres
k (t) −

X
r j∈Rplan

�Z
path

Pmove (v) dτ + E j
req

�
„ ƒ‚ …

Service Cost

−Ereturn (qlast, µk) ≥ Bsa f e (4)

where Ereturn is the estimated movement energy required to
return to the depot from the last task location qlast, and Bsa f e is
a reserved buffer. The subset of state space satisfying (4) forms
the feasible operating manifold for the scheduling algorithm.

.D. Problem Statement
The overarching objective is to maintain the highest possible

level of spatio-temporal coverage quality. However, due to
the finite number of MCs and their energy constraints, not
all charging requests can be served immediately, leading to
potential sensor outages and coverage holes. This necessitates
a scheduling policy that trades off between maximizing cov-
erage gain and minimizing service latency.

We formulate the dynamic scheduling problem as a con-
strained spatio-temporal coverage-maximization problem. Let
π = {π1, . . . , πK} be a joint scheduling policy for the K MCs,
where πk(t) specifies the action (move, charge, or wait) of MC
mk at time t. The set of active sensors at time t under policy
π, denoted as Sπactive(t), varies as sensors deplete energy or get
replenished. Let Rserved denote the set of charging requests
completed under policy π. The objective is to maximize the
time-averaged global coverage utility over an infinite horizon

max
π∈Π

lim
T→∞

1
T

Z T

0
Φ
�
Sπactive (t)

�
dt (5)

subject to the following operational constraints:

C1 (Deadline): tarr
j + τsvc

j ≤ tddl
j ∀r j ∈ Rserved (6a)

C2 (Energy): (4) holds for all mk ∈M at all t (6b)

C3 (Flow):
dpk(t)

dt
= vk(t), ‖vk(t)‖ ≤ vmax. (6c)

Constraint C1 is completion-based: the predicted arrival time
plus the service duration must not exceed the absolute
deadline. All three quantities are measured in seconds. Con-
straint C2 imposes the energy safety guarantee for the MCs.
Constraint C3 governs the kinematic limits of the MCs.
This problem formulation combines characteristics of the
vehicle-routing problem with time windows (VRPTW) and the
submodular function-maximization problem, both of which are
NP-hard [12]. The computational difficulty increases with N,
because a larger sensor population increases the number of
possible active-sensor states, potential charging requests, and
feasible service sequences under deadline and MC energy
constraints. Consequently, solving (5) exactly in real time is
computationally intractable. To address this, we propose a
hierarchical, event-triggered framework in Section IV, which
decomposes the problem into static partitioning, steady-state
independent scheduling, and dynamic regional reorganization.

IV. PROPOSED ALGORITHM

Fig. 5 summarizes SCOPE’s three-phase architecture. Phase
I constructs a static energy–coverage-balanced partition and
assigns charger depots. Phase II performs low-latency intra-
zonal scheduling on local request sets. Phase III is activated
only when persistent regional stress is detected, enabling
local cooperative reorganization without repeated full-network
optimization.
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Fig. 5. Overall framework of the proposed SCOPE algorithm. Phase I
performs network initialization and static partitioning with depot selec-
tion. Phase II executes intrazonal default scheduling in steady state.
Phase III performs event-triggered regional reorganization for load rebal-
ancing.

Sensor-Number-Aware Novelty of SCOPE: The novelty of
SCOPE is not that it simply varies N in simulations, but that it
handles the resulting N-sensor scheduling complexity through
a closed-loop hierarchical process. Phase I compresses sensor-
level energy–coverage information from all N sensors into a
continuous nominal demand density and partitions it into K
service zones. Let

Sk = {si ∈ S : qi ∈ Vk}, Nk = |Sk |,

KX
k=1

Nk = N.

Phase II operates on the local request set

Rk(t) = {ri(t) ∈ R(t) | si ∈ Sk}

with
KX

k=1

|Rk(t)| ≤ N

rather than repeatedly searching over the entire network. Under
a balanced partition, the expected online scheduling load of
each MC scales mainly with the local sensor population Nk,
approximately N/K, instead of the full N. Phase III is invoked
only when the sentinel detects persistent regional stress,
and the cooperative grouping is restricted to the triggered
coalition rather than all sensors. This N-aware decomposition
distinguishes SCOPE from centralized global optimization,
fixed assignment, and distance-greedy scheduling and enables
scalable coverage-aware responsiveness.

.A. Phase I: Network Initialization and Static Partitioning

The primary objective of Phase I is to establish a robust
“static backbone” for the WRSN by partitioning the contin-
uous monitoring domain Ω ⊂ R2 into K disjoint subregions
V = {V1, . . . ,VK}. To make the static backbone insensitive
to instantaneous network fluctuations, we adopt a time-scale
separation principle. Rather than responding to transient
energy deficits, this phase focuses on the macroscopic energy
demand distribution to initialize a topology that equilibrates
the “potential coverage gain” across the MCs.

1) Energy–Coverage Density Construction: We consider a
set of sensors S = {s1, . . . , sN} stochastically deployed in Ω.
To capture the realistic sensing quality described in [22], we
adopt the truncated exponential-power PSM ci(x) specified in
(1). The collective coverage quality at point x provided by the
active set Sactive is Q(x,Sactive) = 1 −

Q
si∈Sactive

(1 − ci(x)).
To quantify the topological importance of each sensor, we

define the coverage criticality weight ωcov
i as the marginal

integral gain over the domain Ω

ωcov
i = Φ (S) − Φ (S \ {si})

=

Z
Ω

w (x) [Q (x,S) − Q (x,S \ {si})] dx. (7)

This metric ensures that nodes covering sparse or unique areas
are prioritized.

Definition 1 (Energy–Coverage Density): Crucially, to
construct a time-invariant reference field, let P̄i be the long-
term average power-consumption rate of sensor si. We first
define the dimensionless energy–coverage weight

ai = α
P̄i

max j P̄ j
+ (1 − α)

ωcov
i

max j ω
cov
j

eρEC (x) =

NX
i=1

aiKH (x − qi)

ρEC (x) =
eρEC (x)Z

Ω

eρEC (z) dz
,

Z
Ω

ρEC (x) dx = 1. (8)

Here, eρEC(x) is the unnormalized kernel field and ρEC(x) is
its normalized form, provided that

R
Ω
eρEC(z) dz > 0. The

density represents long-term energy demand weighted by each
sensor’s marginal PSM coverage contribution, while the sum
over all N sensors explicitly embeds the sensor population in
the Phase-I backbone.

For a fixed partition V = {V1, . . . ,VK}, define the
energy–coverage mass of zone k by

ΛEC
k (V) =

Z
Vk

ρEC(x) dx,
KX

k=1

ΛEC
k (V) = 1.

These Phase-I aggregates can therefore be balanced across the
K service zones. They compress the N-sensor energy demand
and marginal coverage information into K zone loads without
discarding the underlying individual service requests. This
nominal zone mass is distinct from the online request workload
Λk(t) used in Phase III.

At initialization, the nominal energy–coverage density used
in the subsequent Phase-I validity monitoring and sentinel
construction is defined as

ρ0(x) ≡ ρEC(x).

After a validated persistent distribution shift, ρ0(x) is updated
according to (17).

The continuous density is used solely for spatial aggregation
in Phase I; it is not itself a submodular set function. Submodu-
larity applies to the discrete PSM utility over active sensors, or
equivalently over feasible service requests. Once the zones are
fixed, they only group requests, whereas the utility continues to
be evaluated over the underlying union of individual requests.
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In all Phase-I KDE computations, KH(·) is implemented as
an isotropic Gaussian kernel

KH (z) =
1

2πh2
0

exp
�
−
‖z‖2

2h2
0

�
(9)

where H = h2
0I2. In the simulations, we set h0 = 40 m,

consistent with the KDE bandwidth used for the online
request-density field. The same kernel definition is also used
when constructing the online empirical densitybρt(x) for Phase-
I validity monitoring. Thus, ρEC(x) provides a normalized,
time-smoothed energy–coverage input for the partitioning
algorithm rather than a stationary probability model of future
coverage gains.

2) Variational Partitioning via Gradient Flow: The partition-
ing problem is formulated as a variational coverage–energy
balancing problem. We seek a partition that minimizes a
generalized distortion-energy functional J (V ,µ), ensuring
both geometric compactness and load balance relative to the
energy–coverage density ρEC(x). Let Ck be the nominal service
capacity of MC mk. The optimization is defined as

min
V ,µ
J (V ,µ) =

KX
k=1

Z
Vk

�
‖x − µk‖

2„ ƒ‚ …
Compactness

+ ζ

�Z
Vk

ρEC(z)dz − Ck

�2

„ ƒ‚ …
Load Balance

�
× ρEC(x)dx (10)

where µ = {µ1, . . . , µK} denotes the set of generating centroids.
The nonnegative coefficient ζ controls the penalty imposed on
energy–coverage load imbalance.

To solve (10), we employ a continuous-time gradient-
descent flow to iteratively evolve the generators. Since ρEC(x)
is treated as time-invariant during Phase-I optimization, the
gradient-flow iteration is run until a stationary partition is
reached in implementation. The control law governing the
motion of the anchors is derived as

µ̇k (τ) = −κprop

 
µk (τ) −

R
Vk

xρEC (x) dx

ΛEC
k (V)

!
− κint

�
ΛEC

k (V) − Ck
�
∇µk Λ

EC
k (11)

where τ represents the fictitious optimization time, and
ΛEC

k (V) =
R
Vk
ρEC(x)dx is the aggregate energy–coverage load.

When the stopping criterion is satisfied, the final centroid µ∗k
is designated as the static home depot for MC mk.

Remark 1 (Time-Scale Separation): The validity of this
static partitioning relies on the assumption that the statistical
distribution of energy demand [captured by ρEC(x)] changes
slowly compared with the daily discharge cycles of sensors.
This separation allows the derived backbone V∗ to remain
optimal for long periods, while instantaneous deviations are
handled by the dynamic scheduling in subsequent phases.

3) Validity Monitor and Rare Phase-I Relearning: The time-
scale separation assumption in Phase I is valid only when
the long-term statistical demand density remains close to the
nominal energy–coverage density field ρ0(x). In practice, this
assumption may become invalid under persistent consumption
changes, sensor redeployment, large-scale sensor failures, or

long-term environmental changes. We introduce a lightweight
Phase-I validity monitor to detect persistent deviations from
the nominal energy–coverage density field.

Let bρt(x) be the online empirical demand density estimated
over a sliding monitoring window of length Tmon. It is con-
structed using the same KDE structure as in Phase I but with
the recently observed average sensor consumption and request
statistics

bρt (x) =

NX
i=1

"
α

bPi (t)

max j bP j (t)
+ (1 − α)

ωcov
i (t)

max j ω
cov
j (t)

#
× KH (x − qi) (12)

where bPi(t) is the window-averaged consumption rate of
sensor si, and ωcov

i (t) is the current PSM marginal coverage
contribution. Both ρ0(x) andbρt(x) are normalized so that their
integrals over Ω equal one.

We quantify the distribution drift by the total-variation
distance

Dρ (t) =
1
2

Z
Ω

ˇ̌bρt (x) − ρ0 (x)
ˇ̌
dx. (13)

In addition, we monitor the induced regional load imbalance
under the current static partition

DΛ (t) = max
k

ˇ̌̌R
Vk
bρt (x) dx − Ck

ˇ̌̌
Ck + εC

. (14)

Finally, to capture topological changes caused by redeploy-
ment or failures, we define

DF (t) =
|Sfail (t) ∪ Sredeploy (t) |

N
(15)

where Sfail(t) and Sredeploy(t) denote sensors that have failed or
have been redeployed since the last Phase-I update.

The time-scale separation assumption is considered to be
broken when

Dρ (t) > Dth
ρ or DΛ (t) > Dth

Λ or DF (t) > Dth
F (16)

for Mhold consecutive validity checks. Each check is evaluated
every ∆chk seconds using the most recent sliding monitoring
window of length Tmon. Thus, Tmon controls the temporal sup-
port used to estimate bρt(x), while ∆chk controls the frequency
at which the break condition is tested. This sliding-window
implementation prevents short-lived bursts from triggering
costly global repartitioning, while still allowing persistent
distribution shifts to be detected within a few check intervals.
Such transient events are still handled by Phase III.

When the break condition in (16) is satisfied, SCOPE
performs a rare Phase-I relearning step. The nominal density
is updated by

ρ+0 (x) =
�
1 − βρ

�
ρ0 (x) + βρbρt (x) (17)

where βρ ∈ (0, 1] controls the update rate. The variational
partitioning in (10) and (11) is then rerun using the current
centroids as warm-starts

µ+k (0) = µold
k (18)

which substantially reduces the computation and avoids unnec-
essary large-scale region reshaping.
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The new partition is accepted only if it provides a sufficient
reduction of the distortion functional

J
�
Vold,µold; ρ+0

�
− J

�
Vnew,µnew; ρ+0

�
≥ ηJ J

�
Vold,µold; ρ+0

�
(19)

and the time since the last Phase-I relearning satisfies

t − tP
last ≥ T P

min. (20)

The dwell-time T P
min ensures that Phase-I relearning remains

rare and cannot degenerate into frequent global reclustering.
During relearning, ongoing charging tasks are not interrupted;
only newly generated requests are assigned according to
the updated partition. MC depots are updated virtually first
and physically relocated only when the corresponding MC
becomes idle. This design preserves scheduling continuity
while allowing the static backbone to adapt to persistent
distribution shifts. The default values of Tmon, ∆chk, Mhold, and
the drift thresholds are summarized in Section V-A.

.B. Phase II: Intrazonal Default Scheduling (Steady
State)

Following the macroscopic partitioning in Phase I, the
system transitions to the steady-state execution phase. In this
phase, each MC mk operates as an autonomous agent within
its designated zone V∗k . To maintain consistency with the
global coverage maximization objective in Phase III, the local
scheduling policy is formulated not as a simple weighted sum,
but as a maximization of spatio-temporal efficiency density.
This decentralized mechanism involves feasibility pruning,
adaptive efficiency scoring, and lookahead trajectory optimiza-
tion.

From the perspective of sensor-number scalability, Phase
II avoids a full N-sensor search and instead schedules only
the locally pending requests Rk(t), which makes the online
decision load depend on the zonal request density rather than
the entire network size.

1) Feasibility Masking and Manifold Pruning: Let Rk(t) be
the set of pending requests in zone k. To ensure operational
safety, we first apply a feasibility mask Ψk : Rk → {0, 1} to
prune the candidate space. An action a j (servicing request
r j) is admissible if and only if it satisfies the strict ESC
and the real-time deadline constraint (RDC) defined in [9].
Considering the nonlinear energy consumption model Pmove(v)
and the operational distance d(·, ·) defined in Section III-C, the
feasible action manifold is rigorously defined as

Ãk (t) =

�
a j ∈ Rk (t)

ˇ̌
I
�
Bres

k (t) − Emove
�
pk (t) , q j

�
− E j

req ≥ Bsa f e
�

·I

 
tnow +

d
�
pk (t) , q j

�
v

+ τ j
svc ≤ t j

ddl

!
= 1

)
. (21)

This hard filtering restricts the subsequent optimization
to a physically realizable subspace, preventing any safety
violations.

2) Adaptive Marginal Efficiency Scoring: To align with the
submodular coverage maximization logic of Phase III, we
define the “value” of a task not by its absolute priority, but
by its marginal efficiency density—the ratio of coverage
gain to resource consumption. Let ∆ΦPSM(a j) be the marginal
coverage gain of task j calculated under the PSM [22], and
let ∆Dtravel(a j) = d(pk(t), q j) be the operational travel-distance
feature, measured in meters, that serves as the travel-cost
component in the local scheduling score. Inspired by the
adaptive operator logic in [23], we introduce state-dependent
exponents to dynamically balance the tradeoff between cover-
age greediness and energy conservation. The scoring function
R(st, a j) is formulated as

R
�
st, a j

�
=

�
∆ΦPSM

�
a j
��λ(B̄k(t))�

∆Dtravel
�
a j
��γ(B̄k(t))

× exp

 
−βtime

t j
ddl − t j

arr

Tspan

!
. (22)

Here, Emove(qa, qb) is the physical movement energy, measured
in joules, whereas ∆Dtravel(a j) is the operational travel-distance
feature, measured in meters, used in the local scheduling
score. These quantities serve different roles and are not used
interchangeably. The normalized MC residual-battery state is

B̄k(t) =
Bres

k (t)
Bmax .

The exponents λ(B̄k(t)) and γ(B̄k(t)) are designed as adaptive
control functions using exponential decay and saturation to
smooth the mode transition. Specifically, they are defined as

λ
�
B̄k (t)

�
= 1 + αλ

�
1 − e−βλ B̄k(t)

�
(23)

γ
�
B̄k (t)

�
= 1 + αγe−βγ B̄k(t) (24)

where αλ, αγ > 0 determine the magnitude of the weighting
adjustment, and βλ, βγ > 0 control the sensitivity of the adap-
tation. As energy depletes (B̄k(t) → 0), γ(B̄k(t)) approaches
1+αγ to significantly penalize long-distance travel; conversely,
when the buffer is sufficiently charged, γ(B̄k(t)) decays toward
unity while λ(B̄k(t)) increases, allowing the coverage gain
to dominate the efficiency score. This adaptive formulation
enables the MC to autonomously shift its behavioral mode
from “coverage-aggressive” to “energy-conservative” without
central intervention.

3) Lookahead Trajectory Optimization via Truncated-Horizon
Dynamic Programming: To avoid myopic decisions common
in pure greedy strategies, we employ a truncated-horizon
dynamic programming approach (equivalent to an n-path
search). The decision problem is to find the optimal next-hop
a∗ that maximizes the cumulative efficiency density over a
finite lookahead horizon n. The value function Vn(st, a j) is
defined recursively by the Bellman equation [8]

Vn
�
st, a j

�
= R

�
st, a j

�
+ βdisc · max

a′∈Ãk(t+1)
Vn−1

�
st+1, a′

�
(25)

with the terminal condition V0(·) = 0. The optimal action is
selected as a∗ = arg maxa∈Ãk(t) Vn(st, a). If Ãk(t) = ∅, the MC
enters parking mode and retreats to the home depot µ∗k derived
in Phase I. Since µ∗k is the centroid of the coverage potential
field, hovering there minimizes the expected response latency
for future stochastic arrivals.
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.C. Phase III: Event-Triggered Regional Reorganization
(Dynamic Phase)

While the autonomous scheduling in Phase II ensures scal-
ability under steady-state conditions, the system must remain
responsive to substantial spatio-temporal disturbances, such as
sudden demand bursts or topological disruptions. Phase III
introduces an event-triggered cross-region adjustment (CRA)
mechanism. To address demand imbalance without incurring
the high overhead of global reclustering, we reformulate the
dynamic reorganization as a cooperative request grouping
(CRG) problem governed by the SCOPE framework and a
Lyapunov-inspired sentinel.

The novelty of Phase III is that cross-zone cooperation is
not performed periodically or globally over all N sensors; it
is triggered only by persistent sentinel-detected stress and is
limited to the affected regional coalition.

1) Lyapunov-Inspired Sentinel: We construct a Lyapunov-
inspired sentinel Wk(t) to quantify the operational stress of
zone k. Let Λk(t) be the online pending-request workload
defined below, which is distinct from the Phase-I mass ΛEC

k (V).
Let Ck be the nominal service capacity.

Here, Ek
res(t) denotes the arithmetic mean residual energy of

the sensors assigned to zone Vk, i.e.,

Ek
res(t) =

1
|Sk |

X
si∈Sk

Ei(t)

where Sk is the set of sensors assigned to zone Vk. This zone-
level sensor statistic is distinct from the residual battery Bres

k (t)
of MC mk.

The sentinel is defined as the Hessian-weighted norm of
load saturation combined with energy criticality

Wk (t) =
1
2





Λk (t)
Ck
− 1




2

Hk

+
κ

2
exp

�
Ecrit − Ek

res (t)
σe

�
. (26)

The quantities Ecrit, Ek
res(t), and σe are all measured in

joules; hence, the exponential argument in (26) is dimension-
less.

To make the sentinel fully reproducible, we explicitly define
the Hessian-weighted norm in (26). Let

ek (t) =
Λk (t)
Ck
− 1 (27)

be the normalized workload saturation of zone k. Since ek(t) is
a scalar load-imbalance variable, the Hessian-weighted norm
in (26) is implemented as a curvature-weighted scalar norm

‖ek (t) ‖2Hk
, Hke2

k (t) (28)

where Hk ≥ 1 is a zone-dependent Hessian weight computed
from the nominal demand density field ρ0(x) constructed in
Phase I.

Specifically, we first normalize the KDE-based nominal
demand field as X

xg∈G

ρ0
�
xg
�

∆A = 1 (29)

where G is the density-evaluation grid and ∆A is the grid-cell
area. For a grid point xg = (u, v), the Hessian matrix of ρ0(x)
is approximated by second-order finite differences

ρxx (u, v) =
ρ0
�
u + ∆g, v

�
− 2ρ0 (u, v) + ρ0

�
u − ∆g, v

�
∆2

g
(30)

ρyy (u, v) =
ρ0
�
u, v + ∆g

�
− 2ρ0 (u, v) + ρ0

�
u, v − ∆g

�
∆2

g
(31)

ρxy (u, v) =
1

4∆2
g

�
ρ0
�
u + ∆g, v + ∆g

�
− ρ0

�
u + ∆g, v − ∆g

�
− ρ0

�
u − ∆g, v + ∆g

�
+ ρ0

�
u − ∆g, v − ∆g

� �
. (32)

Boundary grid points are handled using one-sided finite dif-
ferences. The local curvature magnitude is then measured by
the Frobenius norm

h
�
xg
�

=


∇2ρ0

�
xg
�



F =

q
ρ2

xx

�
xg
�
+ 2ρ2

xy

�
xg
�
+ ρ2

yy

�
xg
�
.

(33)
For each zone Vk, the average curvature is

h̄k =
1
|Gk |

X
xg∈Gk

h
�
xg
�
, Gk = G ∩ Vk. (34)

The final Hessian weight is normalized as

Hk = clip[1,Hmax]

 
1 + χ

h̄k
1
K

PK
`=1 h̄` + εh

!
(35)

where χ controls the influence of geometric curvature, εh
avoids division by zero, and Hmax prevents the isolated grid-
level noise from producing excessive trigger sensitivity.

The online workload intensity Λk(t) is computed from the
current pending request set rather than from instantaneous
sensor energy alone. Let R(t) be the set of pending charging
requests at time t. We construct an online request-density field

ρt (x) =
X

r j∈R(t)

$ j (t) Khρ

�
x − q j

�
(36)

where Khρ (·) is a Gaussian kernel with bandwidth hρ, and $ j(t)
is the urgency-weighted coverage importance of request r j

$ j (t) = ∆Φ j

�
1 +

ηu

` j (t) + ε`

�
` j (t) = max

˚
tddl

j − t, 0
	
. (37)

Here, ∆Φ j is the PSM marginal coverage contribution of
sensor s j. The remaining slack ` j(t), urgency time-scale coef-
ficient ηu, and regularizer ε` are measured in seconds, so the
urgency ratio is dimensionless. The aggregate workload of
zone k is then

Λk (t) =

Z
Vk

ρt (x) dx ≈
X
xg∈Gk

ρt
�
xg
�

∆A. (38)

The nominal service capacity is inherited from the Phase-I
nominal partitioning

Ck =

Z
Vk

ρ0 (x) dx ≈
X
xg∈Gk

ρ0
�
xg
�

∆A. (39)

For homogeneous MCs and a balanced Phase-I partition, Ck is
close to 1/K.

In implementation, the drift of Wk(t) is estimated by a
smoothed finite difference. Let

W̄k (t) =
1

LW

LW−1X
`=0

Wk (t − `∆t) (40)
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be the moving average of Wk(t) over a window of length LW .
The numerical drift estimate is

ḃWk (t) =
W̄k (t) − W̄k (t − ∆W )

∆W
. (41)

A reorganization event is generated only when both the stress-
growth condition and the dwell-time condition are satisfied

Etrig : ḃWk (t) > δe−λdecay(t−tlast) and t − tlast ≥ τmin. (42)

The first condition detects persistent growth in regional work-
load stress, while the second condition explicitly prevents
scheduling chattering. The minimum dwell time is chosen as

τmin = max
�
τctrl,

εth

Lrate

�
(43)

where τctrl is the minimum control-cycle duration required
for information exchange and task redistribution. Theorem
2 assumes that Lrate is a conservative upper bound on the

actual sentinel drift |Ẇk(t)| during continuous operation. In the
discrete-time implementation, its numerical value is calibrated
from the maximum observed magnitude of the smoothed
finite-difference drift |ḃWk(t)|, multiplied by a safety factor.

a) Response to bursty or localized stress: A sudden regional
increase in sensor discharge produces additional charging
requests and reduces their remaining slack. Through (36)–(38),
these requests increase the urgency-weighted request density
ρt(x) and the regional workload Λk(t). Persistent growth of
the resulting sentinel Wk(t) satisfies the trigger condition in
(42), after which the sink forms a local coalition contain-
ing the stressed zone and its participating neighbors. The
coalition collects only the corresponding pending requests,
performs feasibility pruning and cooperative grouping through
Algorithm 1, evaluates the gated acceptance conditions in
(47), and then either commits the new MC task sets or retains
the current routes if the tentative reallocation is rejected.
Thus, localized stress is handled by local event-triggered route
reallocation rather than periodic full-network replanning.

Let tdet be the decision epoch at which the trigger con-
dition in (42) is detected. Let tcom be the time at which
state collection, coalition formation, cooperative grouping,
gate evaluation, assignment dissemination, and the com-
mit/acknowledgment exchange have been completed, so that
each participating MC either installs the accepted task set or
explicitly retains its current route. We define the scheduling
reaction time as

Treact = tcom − tdet.

This quantity measures trigger-to-route-commitment
latency. The reaction clock starts at trigger detection and
therefore excludes the preceding stress accumulation and
moving-average detection delay. It also excludes subsequent
physical travel to a reassigned sensor and the charging-service
duration.

2) CRG via Scope Strategy: Upon triggering, the initiator
mk establishes a dynamic coalition Nk with its neighbors.
Unlike the pairwise bargaining in prior works, we adopt a
holistic request-grouping approach to redistribute the union of
pending tasks Tunion = Rk ∪

S
j∈Nk
R j.

Algorithm 1 SCOPE CRG Strategy (Modified Greedy)
Require: Union of pending tasks Tunion; Candidate MCs Nk∪

{mk}; Initial available budget Bi for each MC mi;
Ensure: Task partition G = {Gi}

|Nk |+1
i=1 ;

1: Initialize: Gi ← ∅, Brem
i ← Bi for all MCs; Trem ← Tunion;

2: // Phase 1: Density-Based Greedy Construction
3: while Trem , ∅ do
4: Step 1: Calculate Marginal Density
5: for each task r ∈ Trem and MC mi do
6: Let Gall ←

S
h Gh. Compute global gain ∆Φ =

ΦPSM(Gall ∪ {r}) − ΦPSM(Gall);
7: Compute cost ∆Ccost(Gi, r) = Ccost(Gi∪{r})−Ccost(Gi);
8: Set density ρi,r ← ∆Φ/(∆Ccost(Gi, r) + εc);
9: end for

10: Step 2: Greedy Selection
11: Find (r∗,mbest) = arg maxr∈Trem,mi ρi,r;
12: Let ∆C∗ ← ∆Ccost(Gmbest , r

∗);
13: Step 3: Feasibility Check
14: if ∆C∗ ≤ Brem

mbest
then

15: Gmbest ← Gmbest ∪ {r
∗}; {assign task}

16: Brem
mbest
← Brem

mbest
− ∆C∗; {update budget}

17: Trem ← Trem \ {r∗};
18: else
19: Trem ← Trem \ {r∗}; {Discard infeasible task}
20: end if
21: end while
22: // Phase 2: Max-singleton check
23: Step 4: Comparison with Single Best Task
24: Find the best feasible singleton rmax:
25: rmax = arg max

r∈Tunion
∃mi:Ccost({r})≤Bi

ΦPSM({r});

26: Let Gsingle be the partition containing only rmax;
27: Step 5: Final Selection
28: if ΦPSM({rmax}) > ΦPSM(

S
h Gh) then

29: return G← Gsingle;
30: else
31: return G; {Return Greedy Solution}
32: end if

a) Scope of monotonicity and submodularity: The monotonic-
ity and submodularity used in the theoretical analysis refer to
the PSM coverage utility itself, not to a cost-penalized routing
objective. Travel distance, route-dependent service cost, dead-
line feasibility, and MC energy safety are handled through
feasibility pruning, nonnegative budget constraints, and the
gated acceptance rule. If a path-cost penalty were subtracted
from the coverage objective, monotonicity would not be guar-
anteed in general. Therefore, the approximation guarantee is
stated only for the budgeted PSM coverage-selection kernel
with fixed feasible candidates and fixed nonnegative costs.

b) Scope of the approximation guarantee: The implemented
CRG in Phase III is a multi-MC assignment problem with
route-dependent incremental service costs, per-MC energy
budgets, deadline and energy-safety pruning, and the gated
acceptance rule in (47). These practical components are
necessary for executable MC scheduling, but they are not
covered by the constant-factor bound in Theorem 1. The
formal approximation guarantee is therefore stated for the
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fixed-cost single-knapsack budgeted PSM coverage-selection
kernel obtained after fixing the candidate set and using fixed
nonnegative service costs. The full assignment layer is written
as follows:

max
{Gi}

Jcov ({Gi}) = ΦPSM

0@ [
i∈{k}∪Nk

Gi

1A
s.t.

[
i

Gi ⊆ Tunion, Gi ∩ G j = ∅ (∀i , j)

Ccost (Gi) ≤ Bi ∀i ∈ {k} ∪Nk (44)

where ΦPSM(·) is the PSM coverage utility evaluated over the
union of served requests, Ccost(Gi) represents the energy cost
of serving the group assigned to MC mi, and Bi denotes the
available energy budget of MC mi (e.g., remaining battery
minus safety threshold). Using the union avoids double-
counting coverage contributions across MC groups.

Lemma 1 (Submodularity Under Fixed-Zone Aggregation):
Fix a decision epoch and a partition V = {V1, . . . ,VK}. For each
zone k, let Rfeas

k be the fixed feasible request set obtained after
deadline and energy-safety pruning, and assign every request
to exactly one zone. For any zone-index set A ⊆ {1, . . . ,K},
define

R(A) =
[
k∈A

Rfeas
k , Fzone(A) = ΦPSM(R(A)).

If w(x) ≥ 0 and 0 ≤ cr(x) ≤ 1 for every feasible request r,
then Fzone is monotone nondecreasing and submodular on the
fixed set of zones.

Proof: Let A ⊆ B ⊆ {1, . . . ,K} and let z < B. The marginal
contribution of the fixed request bundle in zone z is

Fzone (A ∪ {z}) − Fzone (A) =

Z
Ω

w (x)
Y

u∈R(A)

(1 − cu (x))

×

241 −
Y

r∈Rfeas
z

(1 − cr (x))

35 dx.

The bracketed term is nonnegative, so every such marginal is
nonnegative and Fzone is monotone. Moreover, R(A) ⊆ R(B)
and 0 ≤ cu(x) ≤ 1 implyY

u∈R(B)

(1 − cu(x)) ≤
Y

u∈R(A)

(1 − cu(x)).

Multiplying both sides by the nonnegative zone-bundle factor
and w(x), and then integrating over Ω, gives

Fzone(A ∪ {z}) − Fzone(A) ≥ Fzone(B ∪ {z}) − Fzone(B)

which is the diminishing-returns condition. The result concerns
the PSM utility of the underlying request union; it does
not treat the continuous Phase-I density as a submodular
function. �

Proposition 1 (Approximation-Factor Preservation Under
a Fixed-Zone Coalition): Fix a zone coalition C ⊆ {1, . . . ,K}
and the coalition-restricted candidate ground set

Rcand(C) =
[
k∈C

Rfeas
k .

Apply the fixed-cost single-knapsack PSM kernel defined
below in (45), with Vcand = Rcand(C), and the same modified

density-greedy procedure with a max-singleton check as in
Theorem 1. If Galg

C is the returned solution and G?
C is the

optimum over this same coalition-restricted candidate set, then

ΦPSM(Galg
C ) ≥ αker ΦPSM(G?

C)

where αker is the approximation factor already stated in
Theorem 1. Fixed-zone aggregation introduces no additional
multiplicative factor because it only partitions and restricts the
candidate ground set; it does not change the PSM objective,
fixed request costs, single budget, or selection rule. This
guarantee is relative only to the optimum over the same fixed
coalition. It excludes coalition formation, route-dependent
multi-MC assignment, deadline dynamics, and gated accep-
tance in the complete implementation.

Proposition 2 (Trigger-to-Route-Commitment Bound Under
One-Cycle Coordination): Suppose that a sink-assisted imple-
mentation guarantees that state collection, coalition formation,
cooperative grouping, gate evaluation, assignment dissemina-
tion, and commit/acknowledgment exchange are completed
within one fixed coordination interval τctrl. Then, for every
detected trigger

Treact = tcom − tdet ≤ τctrl.

In the reported configuration, τctrl = 50 s is the nominal
coordination interval used in the simulations. Hence, under this
one-cycle coordination abstraction, an accepted reallocation
is committed, or a rejected tentative reallocation is resolved
without changing the current routes, within the nominal bound
of 50 s after trigger detection.

Proof: Under the stated one-cycle assumption, all control
stages defining tcom finish no later than tdet + τctrl. Therefore,
tcom ≤ tdet + τctrl, and subtracting tdet gives the claimed
bound. �

c) Scope of physical execution: After route commitment, the
physical time required to reach and serve a reassigned request
remains task-dependent. For an assignment of request ri to
MC mk, feasibility continues to be governed by the deadline
condition in (21), which at the commitment time requires

tcom +
d(pk(tcom), qi)

v
+ τi

svc ≤ tddl
i .

Accordingly, Proposition 2 bounds only the scheduling deci-
sion under the stated coordination assumption, while the
existing deadline and energy-safety checks govern physical
execution. Packet-level exchange and acknowledgment timing
are abstracted rather than explicitly simulated, so 50 s is not
a measured end-to-end hardware latency. A hardware imple-
mentation must replace the nominal interval with a verified
worst-case communication-and-computation latency, including
any additional coordination cycles.

For the theoretical guarantee, we consider the following
single-budget coverage-selection kernel:

max
G⊆Vcand

ΦPSM (G)

s.t.
X
r∈G

C̄r ≤ B (45)
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where Vcand is the feasible candidate request set after energy-
safety and deadline pruning, C̄r ≥ 0 is the fixed nonnegative
service cost of candidate request r, and B is a single available
energy budget. Path-dependent assignment, multi-MC budget
coupling, and gated acceptance are used in the executable
Phase-III implementation but are not included in this scoped
kernel.

To guide the cooperative redistribution, we use a density-
based modified greedy strategy with a max-singleton check.
The formal constant-factor bound is established for the
single-knapsack coverage-selection kernel in (45). In the full
implementation, the same density principle is embedded in
a multi-MC assignment procedure with feasibility pruning,
route-dependent incremental costs, and gated acceptance. The
algorithm iteratively assigns the unassigned task r∗ with the
highest marginal gain density to the MC mbest that maximizes

(r∗,mbest) = arg max
r∈Trem,mi

∆ΦPSM (r | Gall)
∆Ccost (Gi, r) + εc

∆ΦPSM (r | Gall) = ΦPSM (Gall ∪ {r}) − ΦPSM (Gall)

Gall =
[

h

Gh (46)

where Gall is the union of all tasks currently selected across
participating MCs, so the numerator measures the global
marginal PSM coverage gain without double-counting cover-
age across MC groups. The denominator remains MC-specific:
∆Ccost(Gi, r) is the incremental group cost of adding task r to
the current task set of MC mi. The sets Gi store the tasks
assigned to each MC, Bi denotes the initial available budget
of mi, and Brem

i tracks the remaining budget during Algorithm
1. In particular, Gmbest and Brem

mbest
represent the current task

set and remaining budget of the selected MC mbest. If adding
r∗ to mbest satisfies ∆Ccost(Gmbest , r

∗) ≤ Brem
mbest

, it is included in
Gmbest , and Brem

mbest
is decreased by the same incremental cost.

The small constant εc prevents numerical instability when the
incremental cost is close to zero.

This density-based greedy strategy, together with the max-
singleton check (Step 4 in Algorithm 1), guides the
cooperative redistribution. The formal bound in Theorem 1
applies to the scoped single-knapsack kernel after candidate-
set fixing and feasibility pruning, whereas the implemented
multi-MC route-cost assignment is treated as a practical exten-
sion and evaluated empirically.

3) Gated Acceptance and Theoretical Analysis: The derived
grouping strategy {Gi}

∗ is committed only if it satisfies the
following physical and scheduling-level gatekeeping criteria:

∆Unet ≥ εU , ∆Ccost ≤ Θ, ∆Wk ≥ εth. (47)

Here, ∆Unet denotes the net PSM coverage gain produced by
the reassignment, and εU is the minimum normalized net-
utility-gain threshold. The implementation uses εU = 0.5,
preserving the existing numerical utility gate. The quantity
∆Ccost is the additional travel/charging cost introduced by the
cooperative grouping. The third condition is the sentinel stress-
decrease gate, where

∆Wk = Wk
�
t−`
�
−Wk

�
t+`
�
. (48)

The tentative reassignment is evaluated before commitment
by recomputing the Lyapunov-inspired sentinel Wk under the
updated workload distribution. Thus, an event is accepted only

when it provides a nonnegligible coverage benefit, respects
the cost-surge budget, and guarantees a measurable decrease
in the sentinel stress metric. The stress-decrease gate in (48)
is the decrease condition used in Theorem 2 to establish
scheduling-level Zeno-freeness.

In all obstacle-constrained scenarios, the incremental cost
∆Ccost(mi, r) and the group cost Ccost(Gi) are computed using
the operational distance d(·, ·) defined in Section III-C.

The event-trigger threshold δ acts on the sentinel drift,
whereas εth acts on the accepted sentinel decrease. To
ensure dimensional consistency, the minimum accepted stress
decrease is parameterized as

εth = ηεδ (49)

where ηε > 0 is a threshold-conversion time scale. In the
reported simulations, δ = 1.0 normalized stress/s and ηε =

0.5 s, yielding εth = 0.5 normalized stress.
The cost-surge threshold is defined as an aggregate budget-

normalized cap over the participating MCs

Θ =
X

mi∈{mk}∪Nk

ηΘBi (50)

where Bi is the available energy budget of MC mi, as defined
for the grouping problem above, and ηΘ ∈ (0, 1) controls the
maximum additional cost allowed by one accepted cooperative
reorganization. In all simulations, we set ηΘ = 0.2, meaning
that an accepted cooperative reorganization cannot introduce
additional travel/charging overhead exceeding 20% of the
aggregate available budget of the participating MCs. This
gated design ensures that every accepted event produces a
nonnegligible coverage benefit and sentinel stress decrease
while keeping the extra physical cost bounded, which is
required by the proof of scheduling-level Zeno-freeness in
Theorem 2.

Although the union-based grouped coverage objective
remains monotone and submodular, the full implementa-
tion also contains multiple MC-specific budgets, route-
dependent incremental costs, deadline pruning, and gated
acceptance. Hence, the constant-factor approximation guar-
antee is restricted to the fixed-cost single-knapsack PSM
coverage-selection kernel stated below, while the complete
multi-MC route-cost reorganization implementation is treated
as a practical extension evaluated empirically.

By Proposition 1, applying the scoped kernel within a fixed
triggered-zone coalition preserves the approximation factor
stated in Theorem 1 relative to the optimum over the same
coalition-restricted candidate set. No additional approximation
factor is introduced by the fixed-zone labels.

Theorem 1 (Fixed-Cost PSM Kernel Guarantee): Con-
sider the single-knapsack budgeted PSM coverage-selection
kernel in (45), where ΦPSM(·) is monotone nondecreasing and
submodular, each candidate request has a fixed nonnegative
cost C̄r, and B is a single energy budget. The modified
density-greedy procedure with a max-singleton check returns
a solution Gker satisfying

ΦPSM (Gker) ≥
�
1 − 1/

√
e
�

ΦPSM
�
G?

ker

�
(51)

where G?
ker is the optimal solution of the scoped kernel. This

guarantee applies only to the single-knapsack selection kernel.
It is not claimed for the full implementation, which includes
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multi-MC route-cost assignment, feasibility pruning, deadline
constraints, and gated acceptance.

Proof: The PSM coverage utility remains monotone because
adding a feasible request cannot decrease the collaborative
detection probability. It is submodular because the marginal
detection gain decreases as the already selected active coverage
set grows. Formally, for any subsets A ⊆ B ⊆ Vcand and a
candidate request s < B

ΦPSM (A ∪ {s})−ΦPSM (A) ≥ ΦPSM (B ∪ {s})−ΦPSM (B) . (52)

Since the service cost C̄r is imposed only through the single
budget constraint and is not subtracted from the objective,
the objective of (45) remains monotone and submodular.
The scoped kernel therefore matches the budgeted coverage-
selection setting addressed by the modified density-greedy
algorithm with a max-singleton check. Following the standard
budgeted maximum-coverage result of Khuller et al. [24], the
returned solution satisfies the stated (1 − 1/(e)1/2) bound with
respect to the optimum of (45). The full multi-MC implemen-
tation is a practical route-cost assignment extension and is
evaluated empirically rather than covered by this theorem. �

Remark 2 (Physical Zeno Behavior Versus Scheduling-
Level Zeno Behavior): It is crucial to distinguish between
physical Zeno behavior and scheduling-level Zeno behavior.
In WRSNs, physical Zeno behavior, i.e., infinitely many
physical movements in finite time, is naturally precluded by
the bounded velocity vmax of MCs. However, the primary
threat in our event-triggered framework is scheduling-level
Zeno behavior or chattering, where the controller repeatedly
generates reallocation events within a finite interval due to
small state fluctuations. Such chattering can cause excessive
communication, computation, and route reconfiguration over-
head. Therefore, the dwell-time gate in (42) explicitly enforces
a positive interevent lower bound and guarantees feasibility of
communication and computation cycles.

Scope of the Scheduling-Level Zeno-Freeness Guarantee:
Accordingly, the guarantee established in this article concerns
only scheduling-level Zeno-freeness of the event-triggered
reorganization process; it does not constitute a Lyapunov-
stability guarantee for the complete WRSN closed-loop
system, including all sensor energy states, charger battery
states, request queues, and physical trajectories. The result
instead ensures that, under the bounded-drift assumption and
the enforced dwell-time gate, the scheduler cannot generate
infinitely many reorganization events within a finite-time inter-
val.

Theorem 2 (Absence of Scheduling-Level Zeno Behavior):
Consider the event-triggered scheduling process induced by
the stress-growth condition and the dwell-time gate in (42).
Suppose that the drift of the sentinel is bounded during
continuous operation, i.e.,ˇ̌

Ẇk(t)
ˇ̌
≤ Lrate < ∞

and that every accepted reorganization satisfies the sentinel
stress-decrease gate ∆Wk = Wk(t−` ) − Wk(t+` ) ≥ εth > 0 in
(47). Then the event-triggered scheduling process is free of
scheduling-level Zeno behavior. In particular, the interevent
interval is lower bounded by

t`+1 − t` ≥ τmin = max
�
τctrl,

εth

Lrate

�
> 0. (53)

Fig. 6. Empirical approximation ratio for the fixed-cost single-knapsack
budgeted PSM grouping kernel. The dashed line indicates the theoret-
ical lower bound 1 − 1/(e)1/2 for the scoped kernel. This experiment
checks the theoretical kernel used in the cooperative grouping step,
rather than claiming a constant-factor bound for the complete multi-MC
route-dependent scheduling implementation.

Proof: By the gated acceptance rule in (47), each committed
event satisfies the sentinel stress-decrease condition ∆Wk =

Wk(t−` ) −Wk(t+` ) ≥ εth. This condition is used below to derive
the positive interevent lower bound.

Let {t`}∞`=1 be the event-triggering sequence. We prove that
the sequence cannot accumulate within a finite-time interval.
By the dwell-time gate in (42), a new event cannot be
generated unless

t − tlast ≥ τmin.

Therefore, for any two consecutive events t` and t`+1

t`+1 − t` ≥ τmin.

Since τmin > 0, infinitely many events cannot occur within a
finite-time interval.

We further show that this enforced dwell time is consistent
with the sentinel decrease produced by the gated acceptance
test. At an accepted event time t`, the reorganization yields a
nonnegligible reduction in the sentinel stress metric

Wk
�
t+`
�
≤ Wk

�
t−`
�
− ε, ε ≥ εth. (54)

During the subsequent continuous phase, the growth rate of
the sentinel is bounded by Lrate. Hence, the minimum time
required for the sentinel to recover the removed stress amount
is lower bounded by

∆t ≥
ε

Lrate
≥

εth

Lrate
. (55)

Together with the minimum control-cycle duration τctrl, this
yields the lower bound in (53). Thus, the event-triggered
mechanism strictly precludes scheduling-level Zeno behavior
and prevents computational chattering. �

a) Implementation-oriented summary: In implementation,
Phase III is executed as a local event-triggered procedure
rather than as a full-network optimization. When the sentinel
detects persistent regional stress, the sink-assisted scheduler
first forms the triggered local coalition and collects the
pending requests in the corresponding union set. It then
removes requests that violate the deadline or ESCs, evaluates
the marginal PSM coverage gain over the union of already
selected requests, applies the density-based greedy assignment
rule, and commits the tentative reorganization only when the
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TABLE I
SIMULATION PARAMETERS

coverage, cost-surge, and sentinel stress-decrease gates are
satisfied. Thus, route-dependent costs and deadlines enter the
executable pruning and acceptance stages, whereas the formal
approximation statement is restricted to the fixed-cost single-
knapsack PSM coverage-selection kernel.

TABLE II
EXTENDED ROBUSTNESS SCENARIOS

TABLE III
OBSTACLE MAP USED IN S2 AND S3

.D. Empirical Checks of Scoped Theoretical Results

To empirically check the scoped approximation guarantee
in Theorem 1, we evaluate the fixed-cost budgeted PSM
coverage-selection kernel on small-scale instances where the
optimal solution can be computed exactly. Fig. 6 reports the
approximation ratio Jalg/Jopt as a function of the number of
candidate requests in the scoped kernel. The horizontal dashed
line indicates the theoretical bound 1−1/(e)1/2 derived for the
fixed-cost single-knapsack budgeted PSM grouping kernel.

We further examine Theorem 2 and its proof by plotting
the Lyapunov-inspired sentinel and the interevent time induced
by the event-triggered reorganization mechanism. As shown in
Fig. 7(a), the sentinel W(t) decreases at accepted event instants,
indicating that each accepted reorganization enforces a mea-
surable reduction in the sentinel stress metric. The vertical
dashed lines in Fig. 7(a) correspond to accepted event instants
that satisfy the stress-decrease gate ∆Wk ≥ εth. Fig. 7(b)
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TABLE IV
REPRODUCIBILITY SETTINGS FOR THE EVENT-TRIGGERED SENTINEL

TABLE V
REPRODUCIBILITY SETTINGS FOR PHASE-I VALIDITY MONITORING

AND RELEARNING

compares the empirically observed minimum interevent time
mink T (k)

IE with the analytical dwell-time lower bound

τmin = max
�
τctrl,

εth

Lrate

�
.

In the plotted simulation range, the measured mink T (k)
IE remains

no smaller than this lower bound for all tested εth. These results

Fig. 7. Validation of scheduling-level Zeno-freeness. (a) Evolution of
the Lyapunov-inspired sentinel with accepted event instants marked by
vertical dashed lines. (b) Minimum interevent time versus the minimum
sentinel stress-decrease threshold ›th; the dashed line indicates the
theoretical dwell-time lower bound fimin = max{fictrl, ›th/Lrate}.

Fig. 8. Simulation scenario and illustrative charger-region partition
(sensor deployment, MC depots, and region boundaries).

support the scheduling-level Zeno-freeness guarantee of the
proposed event-triggered reorganization mechanism under the
stated dwell-time and bounded-drift assumptions.

V. PERFORMANCE EVALUATION

In this section, we evaluate the proposed SCOPE frame-
work and compare it with three representative baselines,
namely, MC3, CAERM, and Dist-Greedy. MC3 is a recent
multi-MC cooperative charging scheme with dynamic service-
region adjustment, CAERM is a coverage-aware method with
relatively static charger assignment, and Dist-Greedy repre-
sents a myopic heuristic that makes charging decisions based
on instantaneous information. The evaluation focuses on cov-
erage effectiveness, charging efficiency, network survivability,
and charging latency under identical simulated system settings.
Table I summarizes the simulation parameters, Table II sum-
marizes the extended robustness scenarios, Table III specifies
the obstacle map used in S2 and S3, and Table IV lists the
reproducibility settings for the event-triggered sentinel.

The event-triggered sentinel parameters are selected using
a normalization-first procedure. The Phase-I KDE uses the
Gaussian kernel in (9) with h0 = 40 m, followed by nor-
malization of ρ0(x) over the monitoring region. First, the
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Fig. 9. Performance comparison among SCOPE, MC3, CAERM, and
Dist-Greedy. (a) Average coverage-quality ratio versus time. (b) Travel-
normalized charging efficiency versus the number of sensors. (c) Dead-
node ratio versus the number of chargers. (d) Average charging latency
versus the number of chargers. Shaded bands in (a) and error bars in
(b)–(d) indicate 95% CIs over 50 paired Monte Carlo runs.

Fig. 10. Finite-horizon coverage retention: average coverage-quality
ratio versus time under an extended 6000-s simulation horizon. Shaded
bands indicate 95% CIs over 50 paired Monte Carlo runs.

normalized nominal demand density makes the nominal zone
capacity Ck comparable across different deployments. Second,
the Hessian weights Hk are normalized by the average regional
curvature and clipped to [1,Hmax], preventing isolated KDE
artifacts from dominating the event trigger. Third, the event-
trigger threshold δ is chosen from the sensitivity analysis
in Section V-B8. A smaller δ increases the event frequency
and control overhead, whereas an excessively large δ reduces
responsiveness. We therefore use δ = 1.0 normalized stress/s
as the default tradeoff. Finally, the minimum sentinel stress-
decrease threshold is set to εth = ηεδ, with ηε = 0.5 s, ensuring
that every accepted event yields a measurable reduction in the
sentinel stress metric.

In the simulations and in the validation of Fig. 7, τctrl
is set to 50 s, corresponding to one complete information-

Fig. 11. Utility-normalized charging efficiency versus the number of
sensors. Error bars indicate 95% CIs over 50 paired Monte Carlo runs.

Fig. 12. Effective surveillance quality (RE) versus sensing radius Rs .
Error bars indicate 95% CIs over 50 paired Monte Carlo runs.

exchange, coalition-formation, and task-redistribution cycle
in the 1-s slotted simulator. Under the one-cycle coordina-
tion assumption in Proposition 2, the same nominal control
period gives Treact ≤ 50 s from trigger detection to route
commitment or explicit rejection of the tentative reallocation.
Packet-level dissemination and acknowledgment delays are
abstracted rather than measured in the simulator. In the pilot
calibration, each candidate parameter setting was evaluated
over 50 no-drift reference runs using an independent seed
pool disjoint from the evaluation runs. For implementation,
Lrate was numerically calibrated from the maximum observed
magnitude of the smoothed finite-difference drift |ḃWk(t)|, mul-
tiplied by a safety factor of 1.2, and was conservatively fixed
at 0.015 normalized stress/s. With εth = 0.5 normalized stress,
the analytical recovery term is εth/Lrate ≈ 33.3 s, and thus
τmin = max{τctrl, εth/Lrate} = 50 s, which is used as a common
dwell-time gate for all tested scenarios.

The Phase-I validity thresholds in Table V are selected using
the same independent pilot-calibration protocol, with a seed
pool disjoint from the evaluation runs. Specifically, Dth

ρ , Dth
Λ ,

and Dth
F were selected above the 95th percentile of normal

short-term fluctuations observed in the no-drift reference runs,
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TABLE VI
COMMUNICATION OVERHEAD OF THE EVENT-TRIGGERED

COOPERATIVE REORGANIZATION UNDER THE DEFAULT SETTING

and then verified to be exceeded by the persistent distribution
shifts in B1–B3 for consecutive validity checks. The choice
Tmon = 300 s, ∆chk = 100 s, and Mhold = 3 requires
persistent violation over multiple consecutive checks, while
ηJ = 0.03 and T P

min = 1000 s reject numerically insignificant
repartitioning and ensure that Phase-I relearning remains rare.

.A. Simulation Model
We consider a square monitoring domain of 500 × 500 m2,

in which N rechargeable sensors are deployed uniformly at
random. A fleet of MCs is initialized at designated depots and
travels at a constant velocity. A sensor triggers a recharge
request when its residual energy falls below a predefined
threshold Eth; should the energy further drop below a critical
minimum Emin, the sensor is deemed dead (i.e., unable to
perform sensing tasks). The PSM detailed in Section III is
adopted for all comparative methods. Fig. 8 depicts a snapshot
of the simulation environment, illustrating sensor distribution,
MC depot locations, and the partition of charger service
regions. Table I summarizes the simulation parameters. Unless
otherwise stated, all reported data points are averages over 50
independent Monte Carlo trials, and the terms deployment,
operating condition, and scenario refer to controlled simula-
tions rather than hardware or field-test validation.

To emulate an ongoing long-term WRSN rather than a cold-
start network with all sensors fully charged, the initial residual
energy of each sensor is sampled as

Ei(0) ∼ U(0.25, 0.65)Emax
s .

This warm-start energy distribution ensures that a subset of
sensors may generate charging requests during the 2000-s
evaluation horizon, while still leaving sufficient heterogeneity
for the scheduling policies to exhibit a different coverage and
survivability behavior.

All stochastic deployments, initial energy states, demand
perturbations, mobility/load/efficiency realizations, and ran-
dom seeds are generated once per Monte Carlo trial and
shared by all compared algorithms. This common-randomness
protocol ensures that the reported differences are caused by
the scheduling policies rather than by different environmental
realizations.

Reproducibility Artifact Statement: To support reproducibil-
ity, the source code, random-seed lists, simulation scripts, and
configuration files used in this study are publicly available
at https://github.com/shilonghan244-maker/Scope. The reposi-
tory contains the seed pool used for the 50 paired Monte Carlo
trials, scripts for generating random sensor deployments, initial
energy states, demand perturbations, mobility/load/charging-
efficiency realizations, and configuration files corresponding
to Tables I–V and the S0–S3, Burst, and M0–M3 scenarios.
Because most experiments in this work are based on random
deployment and stochastic operating realizations, the reported
results should be interpreted as statistical Monte Carlo results
rather than deterministic single-run outcomes. A single run or
a small number of runs may not reproduce the reported mean
curves exactly; reproducibility is instead achieved by using
the released seed pool and configuration files to regenerate
the same paired trial set and recompute the reported means,
standard deviations, confidence intervals (CIs), and statistical
tests. The released package is intended for key statistical
reproducibility: it regenerates the 50 paired Monte Carlo trial
records, Tables VI–VIII, and figure-concordance checks for
the main trends and method rankings. It is not intended as
a pixel-level or point-by-point reproduction of every panel in
Figs. 9–20.

Statistical Analysis: Since all compared algorithms are
evaluated using the same Monte Carlo seed pool and the
same environmental realizations, pairwise comparisons are
performed using paired samples. For each reported key metric
in Table VIII, SCOPE is compared with the strongest or
representative non-SCOPE baseline under the corresponding
setting, as specified in the table. The paired difference is
defined so that a positive value favors SCOPE, except where
the table explicitly reports a latency tradeoff or a statistically
comparable near-zero result. The Wilcoxon signed-rank test
is used as the primary test, and Holm correction is applied
to control multiple comparisons across the reported statistical
tests. We report the mean paired difference, 95% CI, Holm-
adjusted p-value, and paired effect size dz. The effect size dz
is reported as a paired standardized difference and is used
only to describe the magnitude of the paired effect; it is inter-
preted together with the corrected p-value and CI, rather than
as an independent significance criterion. When the adjusted
p-value is not below 0.05, or the CI includes zero, the result
is interpreted as comparable performance rather than as a
statistically supported separation.

In all figures reporting Monte Carlo means, error bars or
shaded bands denote 95% CIs over the same 50 paired trials;
illustrative deployment/path panels, representative trajectory
panels, and theoretical single-trace validations are excluded.

Charging-Latency Statistic for Table VII: Let Rlat ⊆ Rserved
be the postinitialization requests that reach charging service
start and are included in this statistic; requests pending at
initialization and requests that do not reach service start within
the evaluation horizon are excluded. For each ri ∈ Rlat, let
tasg
i be the time at which the request is first accepted and

assigned to an MC by the scheduler. Let τoff be the fixed
control-cycle offset used by the simulator latency metric. In
the reported experiments, τoff = 25 s. Initial backlog requests
remain included in the coverage and survivability evaluation.
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TABLE VII
STATISTICAL SUMMARY OF THE MAIN SIMULATION RESULTS OVER 50 PAIRED MONTE CARLO RUNS

TABLE VIII
SUMMARY OF PAIRED STATISTICAL TESTS FOR REPRESENTATIVE KEY COMPARISONS

The default comparison experiments in Fig. 9 and the
extended robustness tests are conducted over a 2000-s sim-
ulation horizon. The finite-horizon coverage-retention test in
Fig. 10 extends the horizon to 6000 s.

We further evaluate SCOPE under three groups of extended
robustness experiments involving nonuniform obstacle-
constrained simulated deployments, spatio-temporally
correlated bursty demands, and simulated mobility/energy
dynamics. The extended experiments use the same basic
network scale as the default setting, i.e., a 500 × 500 m2

monitoring area, N = 500 rechargeable sensors, K = 5 MCs,
a simulation horizon of 2000 s, and 50 independent Monte
Carlo trials.

For the extended robustness experiments in Figs. 17–20,
the reported PSM coverage-related percentage is interpreted as
normalized PSM coverage retention with respect to the fully
active reference network under the corresponding monitoring
domain and scenario configuration. Therefore, these values are
used to compare robustness degradation within each extended
scenario, rather than to directly replace the absolute coverage-
time trajectories in Figs. 9 and 10. For obstacle-constrained
scenarios, the PSM utility is evaluated over feasible monitoring
grid cells in F and normalized by the fully active PSM utility
on the same feasible domain.

For the simulated mobility/energy-dynamics scenarios
M1–M3, v0 = 2 m/s, vmin = 1.2 m/s, vmax = 3.0 m/s, and
σv = 0.35 m/s. The load-variation process uses ∆load = 60 s,
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ρP = 0.85, σP = 0.03, and εmax
P = 0.15. The charging-

efficiency factor is sampled at the beginning of each charging
service from U(0.72, 1.0). The common-randomness protocol
described above is also applied to the M1–M3 mobility, load,
and efficiency realizations.

In obstacle-constrained scenarios, gray blocks denote phys-
ical obstacles such as buildings or blocked structures, while
red dashed regions denote restricted buffer zones. Sensors are
not deployed inside these regions, and MCs are not allowed
to traverse them. Therefore, the Euclidean travel distance
is replaced by the shortest feasible path distance dF (·, ·) in
the free space F , computed using a grid-based shortest path
search. The same obstacle-aware distance model is applied to
SCOPE and all baselines.

The nonuniform deployment in S1 is generated by a
truncated Gaussian-mixture model. Specifically, 70% of the
sensors are sampled from four spatial clusters, and the remain-
ing 30% are sampled uniformly over the monitoring region.
The cluster centers are sampled uniformly in Ω with a mini-
mum intercenter distance of 80 m, and clustered sensors are
sampled fromN (c`, σ2

c I2) with σc = 35 m. Rejection sampling
is used to ensure that all sensors lie inside Ω and outside
infeasible regions.

For S2 and S3, the physical obstacle set is represented as
O = ∪9

`=1O`, where each O` is an axis-aligned rectangular
building block. The coordinates of all obstacle blocks are listed
in Table III, match the scripts used in the obstacle-constrained
robustness experiments, and are kept identical for all Monte
Carlo trials and all compared algorithms. The restricted buffer
set in S3 is constructed by a 10-m dilation around O, i.e.,

B = {x ∈ Ω : dist(x,O) ≤ 10 m}.

Thus, the feasible space is F = Ω\O for S2 and F = Ω\(O∪
B) for S3. All candidate sensor positions falling in infeasible
regions are rejected, and MC operational travel distances are
computed on a 10-m grid using a shortest path search over
feasible cells.

1) Default Evaluation Metrics: Let G be the coverage-
evaluation grid and ∆A the grid-cell area. The average
coverage-quality ratio used in Figs. 9(a) and 10 is

Cavg =
1
T

Z T

0

P
xg∈G w

�
xg
�

Q
�
xg,A (t)

�
∆AP

xg∈G w
�
xg
�

∆A
dt. (56)

The coverage entry in Table VII is reported as an average
coverage-quality ratio computed using the same Fig. 9(a)
coverage-quality reporting pipeline and the released coverage-
evaluation configuration.

The travel-normalized charging efficiency in Fig. 9(b) is
defined as

ηtravel =

P
ri∈Rserved

Ei
delP

mk∈M dmove
k + εd

(57)

where Ei
del is the energy delivered to sensor si, dmove

k is the
travel distance of MC mk, and εd avoids division by zero. The
utility-normalized charging efficiency in Fig. 11 is

ηutil = 1000

P
ri∈Rserved

∆ΦiP
ri∈Rserved

Ei
del +

P
mk∈M Emove

k
(58)

reported in utility/kJ. The average dead-node ratio and the
Table VII charging-latency statistic are computed as

Davg = 100
1

T N

Z T

0

NX
i=1

I {Ei (t) ≤ Emin} dt (59)

Lavg =
1
|Rlat|

X
ri∈Rlat

�
tstart
i − tasg

i + τoff

�
. (60)

Finally, the effective surveillance quality RE in Fig. 12 is eval-
uated as the normalized PSM utility under the corresponding
sensing radius Rs

RE (Rs) =
1
T

Z T

0

ΦRs (A (t))
ΦRs (Sfull)

dt. (61)

2) Metric Definitions for Extended Robustness Tests: For the
extended robustness tests, the PSM coverage-related percent-
age is reported as a normalized coverage retention metric. Let
A(t) be the active sensor set at time t, and let Sfull be the
fully active reference network under the same deployment and
feasible monitoring domain. For a feasible domain F ⊆ Ω, we
define

Rcov = 100
1
T

R T
0 ΦF (A (t)) dt
ΦF (Sfull)

(62)

where ΦF (·) is the PSM coverage utility evaluated over F . For
unconstrained cases, F = Ω; for obstacle-constrained cases, F
excludes obstacles and restricted regions. This metric is used
in Figs. 17, 19, and 20.

For the burst-demand experiment, the risk-weighted PSM
coverage loss at time t is computed over the burst-affinity field.
Let

ψb(x, t) = exp
�
−
‖x − b(t)‖2

2σ2
b

�
be the spatial burst-affinity weight centered at the moving
hotspot b(t). The corresponding weighted PSM utility is

Φb (A (t) , t) =

Z
Ω

ψb (x, t) Q (x,A (t)) dx. (63)

The risk-weighted coverage loss is then defined as

Lb (t) = 100
�

1 −
Φb (A (t) , t)
Φb (Sfull, t)

�
(64)

and is reported in percentage points.
The peak coverage loss is computed over the early burst-

response window Tbr = [500, 1300] s

Lbr
peak = max

t∈Tbr

Lb (t) . (65)

Let Iout
i (t) be an outage indicator that equals one when

sensor si is below the sleep threshold and zero otherwise. The
burst-critical outage ratio is defined as

Rburst
out = 100

PN
i=1

R
Tburst
Iout
i (t)ωcov

i ψb (qi, t) dtPN
i=1

R
Tburst

ωcov
i ψb (qi, t) dt

(66)

where Tburst = [500, 1100] s is the burst-active window.
This metric weights outage duration by both PSM marginal
coverage contribution and burst-region affinity.
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For the simulated mobility/energy-dynamics experiment,
the coverage-critical outage ratio is defined over the full
simulation horizon as

Rout = 100

PN
i=1

R T
0 I

out
i (t)ωcov

i dt

T
PN

i=1 ω
cov
i

. (67)

The critical-outage degradation from M0 to M3 is then

∆Rout = Rout (M3) − Rout (M0) . (68)

.B. Simulation Results and Discussion

1) Average Coverage-Quality Ratio and Short-Term Conver-
gence: Fig. 9(a) illustrates the temporal evolution of the
average coverage-quality ratio. SCOPE demonstrates rapid
convergence and sustains the highest steady-state coverage
among all compared methods. Dist-Greedy exhibits a sharp
initial rise but subsequently degrades due to its myopic
decision-making, which fails to prevent coverage holes under
energy scarcity. CAERM outperforms Dist-Greedy by incor-
porating coverage awareness, yet its limited adaptability leads
to a lower performance plateau. While MC3 improves upon
CAERM by leveraging cooperative multi-MC coordination
and dynamic region adjustment, it consistently underperforms
SCOPE, suggesting that purely heuristic region reshaping and
proximity-based strategies may not fully align with the global
quality-aware objective under PSM.

2) Charging Efficiency Versus Network Size (Travel-
Normalized): Fig. 9(b) presents the charging efficiency as
a function of the number of sensors, measured in a travel-
normalized metric (J/m) to quantify energy delivered per
unit of operational travel distance. SCOPE yields the highest
plotted mean performance as N increases, indicating that
its scheduling decisions generate higher effective charging
outcomes per unit of operational travel distance in the
evaluated mean trends. Although MC3 improves efficiency
over CAERM via dynamic service-region adjustment,
frequent region reshaping incurs additional movement
overhead, thereby reducing travel-normalized efficiency.
Dist-Greedy exhibits the poorest performance due to a lack
of global coordination, frequently resulting in inefficient
charging trajectories. At N = 600, SCOPE improves the
travel-normalized charging efficiency by approximately 18%
over MC3, the strongest baseline in this metric.

3) Network Survivability and Charging Latency: Fig. 9(c)
compares the dead-node ratio across varying charger quanti-
ties. SCOPE achieves the lowest dead-node ratio across all
tested values of K, thereby improving survivability under
the default moderate-resource setting. Fig. 9(d) evaluates the
average charging latency versus K. SCOPE attains the lowest
average charging latency in all settings by jointly prioritizing
request urgency (energy safety) and coverage-quality contri-
bution.

4) Charging Efficiency (Utility-Normalized): Complementing
the travel-normalized efficiency in Fig. 9(b), Fig. 11 reports
the utility-normalized charging efficiency (utility/kJ) versus the
number of sensors. SCOPE also has the highest plotted mean
utility return per unit of energy expenditure under this metric,
followed by MC3, while CAERM and Dist-Greedy show lower
mean values.

Fig. 13. Ablation study of SCOPE: average coverage-quality ratio
and charging efficiency for SCOPE-Full and three variants. Error bars
indicate 95% CIs over 50 paired Monte Carlo runs.

Fig. 14. Sensitivity to KDE weight factor ¸: average coverage-quality
ratio and dead-node ratio. Error bars indicate 95% CIs over 50 paired
Monte Carlo runs.

Fig. 15. Sensitivity to event-trigger threshold ‹ (normalized stress/s):
event frequency and average coverage-quality ratio. Error bars indicate
95% CIs over 50 paired Monte Carlo runs.

5) Finite-Horizon Coverage Retention: Fig. 10 exam-
ines finite-horizon coverage retention over an extended
6000-s simulation period. This experiment is intended as a
coverage-retention stress test rather than a proof of indefi-
nite energy-neutral operation. Under the default setting, the
aggregate sensing consumption of all sensors can exceed
the aggregate instantaneous charging rate of the MC fleet;
therefore, the objective is not to keep every sensor alive
indefinitely, but to preserve the PSM coverage quality by pri-
oritizing coverage-critical sensors under redundancy. SCOPE
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TABLE IX
SENSITIVITY OF THE AVERAGE COVERAGE-QUALITY RATIO TO THE CALIBRATED PSM DECAY SHAPE

Fig. 16. Comparison of average computation time per decision epoch
versus sensor population size N. SCOPE maintains low computation
time because most online decisions are made on local zonal request
sets rather than by repeated global optimization over all sensors. Error
bars indicate 95% CIs over 50 paired Monte Carlo runs.

maintains a relatively high average coverage-quality ratio over
the evaluated finite-horizon setting, whereas the baselines
suffer larger oscillations or accumulated coverage degradation.

Sensor-Number Scalability and Process Novelty: To directly
answer how the proposed framework considers the num-
ber of sensors, we vary N from 200 to 600 and evaluate
SCOPE from both performance and computational perspec-
tives. First, Fig. 9(b) reports the travel-normalized charging
efficiency versus the number of sensors. SCOPE consis-
tently yields the highest delivered-energy return per unit
of operational travel distance as N increases, indicating
that the energy–coverage-aware scheduling decisions remain
effective in denser networks. Second, Fig. 11 reports the
utility-normalized charging efficiency versus N, confirming
that SCOPE also achieves the highest PSM utility return
per unit charging energy. Third, the computation-overhead
analysis in Section V-B9 reports the average computation
time per decision epoch as (N) increases from 200 to 600.
SCOPE maintains a controlled online computation time of
approximately 25–45 ms because its online scheduler operates
mainly on local zonal request sets, whereas baselines involving
global reclustering or iterative optimization scale more rapidly
with N. These observations support the proposed N-aware
hierarchical scheduling process, which transforms large-scale
sensor-level requests into density-based partitioning, local
scheduling, and event-triggered cooperation rather than relying
on empirical parameter tuning alone.

6) Effective Surveillance Quality Under Different Sensing
Radii: Fig. 12 investigates the effective surveillance quality
under varying sensing radii Rs. While all algorithms benefit

from extended sensing ranges, SCOPE yields the highest
plotted mean RE and the largest observed mean gain as Rs
increases. This indicates that SCOPE more effectively exploits
enhanced sensing capabilities while mitigating redundancy
and energy waste inherent in the PSM. Fig. 12 specifically
evaluates sensitivity to the PSM cutoff radius Rs: it shows how
the normalized PSM utility changes as the sensing footprint
expands, while η1 and η2 are held at their default values.

To separately evaluate sensitivity to the distance-decay
shape, we use the default setting N = 500, K = 5, T = 2000 s,
fix Rs = 40 m, and test η2 ∈ {1.5, 2.0, 2.5} with the same 50
paired Monte Carlo seeds and common-randomness protocol.
For each profile, η1 is calibrated as

η1(η2) =
− ln pref

dη2
ref

, dref = 20 m, pref = e−1

so that every tested profile satisfies c(dref) = e−1 while
the decay shape changes. All non-PSM paired realizations,
including the deployment, initial energy, and base-load field,
are held fixed. Table IX reports the resulting average coverage-
quality ratios for SCOPE and MC3, the strongest PSM-aware
baseline. Taken together, Fig. 12 and Table IX cover two dis-
tinct PSM sensitivities: the cutoff radius Rs and the calibrated
distance-decay shape. The framework and its union-based cov-
erage formulation remain applicable under all tested profiles,
whereas the absolute coverage level and the magnitude of
the performance gap remain conditional on the selected PSM
parameters.

7) Ablation Study: Fig. 13 presents an ablation study
quantifying the contributions of key SCOPE components.
We compare the full framework (SCOPE-Full) against
three variants: SCOPE-NoPart (excluding adaptive partition-
ing), SCOPE-Fixed (using fixed charger assignments), and
SCOPE-Periodic (employing periodic rescheduling rather than
event-triggered control). The full version simultaneously
achieves the highest observed average coverage-quality ratio
and charging efficiency among the tested variants, supporting
the roles of both adaptive partitioning and event-triggered
control.

8) Sensitivity Analysis of Key Parameters: Fig. 14 analyzes
the KDE weight factor α, reporting both average coverage-
quality ratio and dead-node ratio. An intermediate range is
shown to provide a desirable tradeoff between coverage quality
and survivability. Fig. 15 evaluates the event-trigger threshold
δ in terms of event frequency and average coverage-quality
ratio. A smaller δ triggers frequent events (increasing control
overhead) yielding marginally higher coverage, whereas an
excessively large δ compromises responsiveness and degrades
coverage. These results offer simulation-based guidance for
parameter selection under the evaluated settings.
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9) Computation Overhead Analysis: We measure the aver-
age computation time per decision epoch for all algorithms as
N increases from 200 to 600. Simulations were conducted on
a PC equipped with an Intel Core i7-10700 CPU at 2.90 GHz
and 16-GB RAM.

Fig. 16 shows that Dist-Greedy achieves the lowest compu-
tation time (<10 ms) because of its simple scheduling logic.
SCOPE maintains a slightly higher but controlled computation
overhead (approximately 25–45 ms/decision in the tested
range of N = 200–600), which is negligible relative to the
physical travel and charging time scales. This efficiency stems
from its hierarchical design: the computationally intensive
partitioning (Phase I) is performed offline, whereas the online
scheduling (Phase II) relies on efficient local calculations.
MC3 and CAERM exhibit higher computational costs that
increase rapidly with N, primarily because of complex iterative
optimization and global reclustering processes.

The practical consequence of this architectural distinction is
quantified by the paired results. At N = 600, SCOPE requires
44.7±2.9 ms/decision, whereas MC3 requires 724.2±37.5 ms
(see Table VII). Under the same dense-network setting, the
paired travel-normalized-efficiency difference is +0.151 J/m
(95% CI: +0.077 to +0.225 and Holm-adjusted p = 0.002) in
favor of SCOPE (see Table VIII). These values quantify the
empirical consequence of the hierarchy over the tested range;
they are not presented as an asymptotic complexity proof or
a universal dominance claim.

10) Communication Overhead Analysis: In addition to com-
putation time, we account for the scheduling-control communi-
cation overhead introduced by SCOPE. The reported overhead
includes request-report, trigger, coalition-formation, state-
summary, assignment, and commit/acknowledgment messages
used for scheduling and event-triggered cooperative reor-
ganization. Regular sensing-data traffic, medium access
control/physical layer (MAC/PHY) headers, retransmissions,
encryption/authentication fields, and hardware-specific pro-
tocol overhead are not included. Thus, the numbers below
should be interpreted as compact scheduling-control payload
accounting under the tested simulation settings, rather than as
a complete wireless-link-layer measurement.

For an accepted cooperative reorganization event e, let Ce
be the triggered charger coalition, qe = |Ce| be the number of
participating MCs, and Re = |Tunion,e| be the number of pending
requests considered in the local union set. With batched
task assignment, the number of logical control messages per
accepted event is

Me = 1 + 2 (qe − 1) + qe + qe = 4qe − 1 (69)

where the four terms correspond to the trigger report, coali-
tion invitation/state-summary exchange, assignment packets,
and commit/acknowledgment messages, respectively. Using a
compact binary payload format, the trigger report, coalition
invitation, MC state summary, assignment header, task descrip-
tor, and commit/acknowledgment message require 48, 40, 64,
32, 64, and 24 B, respectively. Therefore, the payload size of
one accepted event is estimated as

Be = 48 + (qe − 1) (40 + 64)

+
X

mi∈Ce

(32 + 64|Gi|) + 24qe

= 160qe − 56 + 64Re bytes. (70)

Table VI summarizes the resulting event frequency, logical-
message count, and compact control-payload estimates under
the default setting.

Under the default setting with δ = 1.0 normalized stress/s
and τmin = 50 s, SCOPE triggers about 8.3 accepted coop-
erative reorganizations over a 2000-s run, corresponding to
approximately 14.9 events/h. This frequency is well below
the dwell-time upper bound frequency of 3600/50 = 72
events/h. With an average local coalition size of about three
MCs and about 8–10 pending requests in the triggered union
set, each accepted reorganization requires about 11 logical
control messages and approximately 1.0 kB of control payload.
Therefore, the additional scheduling-control communication
cost remains controlled under the tested simulation settings,
while avoiding periodic global reorganization.

Table VII summarizes the trial-level means, standard devi-
ations, and 95% CIs over the 50 paired Monte Carlo runs.
Table VIII reports representative paired comparisons under the
statistical protocol defined in Section V-A.

Table IX examines the sensitivity to the PSM decay shape
while keeping the detection probability at dref = 20 m fixed.
The absolute coverage-quality values change with the decay
profile because the marginal PSM gains and sensing redun-
dancy change. Nevertheless, SCOPE retains the same relative
mean ranking against MC3 across the tested profiles: the paired
SCOPE–MC3 difference is positive for every profile, with 95%
CIs [0.0470, 0.0542], [0.0464, 0.0556], and [0.0473, 0.0556]
for η2 = 1.5, 2.0, and 2.5, respectively. This indicates that
the observed scheduling advantage is not caused solely by the
default choice η2 = 2, although the numerical performance
remains parameter-dependent.

.C. Robustness Under Simulated Deployment and
Dynamic Operating Conditions

1) Nonuniform and Obstacle-Constrained Simulated Deploy-
ments: To evaluate the proposed framework beyond the
standard uniform simulated deployment, we construct four
simulated deployment scenarios with increasing spatial com-
plexity. S0 is the default uniform simulated deployment
without obstacles. S1 is generated by a Gaussian-mixture
topology with four mildly separated clusters and a uniform
background. S2 further includes the fixed physical-obstacle
map listed in Table III and illustrated in Fig. 17(a), and S3
combines the same obstacles with restricted buffer zones. In
S2 and S3, the operational travel distance of each MC is
computed using the shortest feasible path distance dF (·, ·)
in the free space, rather than the Euclidean distance. All
compared algorithms use the same obstacle map, the same
feasible-path distance model, and the same initial network
realizations.

Fig. 17(a) illustrates an example simulated S3 deployment
using the fixed obstacle map in Table III. The coverage-
retention results in Fig. 17(b) are computed using (62). As
shown in Fig. 17(b), SCOPE has the highest mean PSM
coverage retention in all four simulated scenarios. In the most
constrained S3 scenario, SCOPE maintains an average PSM
coverage retention of 98.75%, compared with 97.91% for the
best baseline. Fig. 17(c) further shows that SCOPE achieves
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Fig. 17. Robustness under nonuniform and obstacle-constrained simu-
lated deployments. (a) Example S3 simulated deployment with physical
obstacles, restricted buffer zones, and SCOPE depots. (b) Average PSM
coverage retention under S0–S3. (c) Average dead-node ratio under
S0–S3. (d) Average charging latency. Error bars in (b)–(d) indicate 95%
CIs over 50 paired Monte Carlo runs.

Fig. 18. Response to simulated spatio-temporally correlated bursty
demands. (a) Moving burst-demand corridor with b0 = (125,370) and
b1 = (390,140). (b) Risk-weighted coverage loss during and after the
burst window. (c) Peak coverage loss within the early burst-response
window t ∈ [500,1300] s. (d) Burst-critical outage ratio. Shaded bands
in (b) and error bars in (c) and (d) indicate 95% CIs over 50 paired Monte
Carlo runs.

the lowest average dead-node ratio. In S3, the dead-node ratio
is reduced to 4.16%, whereas the best baseline remains at
4.83%.

Fig. 17(d) reports the raw average charging latency. Since
distance-oriented baselines tend to serve nearby requests
first, they may obtain lower raw latency in some obstacle-
constrained cases. However, this comes at the cost of higher
coverage degradation and higher node mortality. In contrast,
SCOPE prioritizes coverage-critical requests under the PSM
and therefore shows improved mean coverage robustness and
survivability under the constrained simulated topologies. The
paired tests in Table VIII support the S3 mean improvements in
PSM coverage retention and dead-node ratio, with statistically
supported paired differences of +0.769 percentage points and
+0.727 percentage points, respectively. Table VIII also con-
firms that SCOPE does not optimize raw charging latency in
this obstacle-constrained setting. This is consistent with the
intended coverage-critical scheduling objective.

2) Spatio-Temporally Correlated Bursty Demands: We next
evaluate the dynamic response of SCOPE under spatially and
temporally correlated bursty demands. A moving Gaussian
demand hotspot is introduced from t = 500 s to t = 1100 s.
The hotspot center moves linearly from b0 = (125, 370) to
b1 = (390, 140). The burst-induced discharge increment of
sensor si is modeled as

∆Pi (t) = λbP0
i exp

�
−
‖qi − b (t) ‖2

2σ2
b

�
(71)

where P0
i is the nominal discharge rate and b(t) is the time-

varying hotspot center. In the experiments, we set λb = 8.0
and σb = 115 m, producing a localized but persistent demand
surge along the moving corridor rather than a network-wide
load increase. This setting is more challenging than indepen-
dent random request arrivals because it creates both spatial
correlation and temporal persistence in the generated charging
requests.

The moving-hotspot experiment evaluates the burst-
handling mechanism described in Section IV-C. The formal
bound in Proposition 2 concerns the scheduling interval from
trigger detection to route commitment or explicit rejection;
the delayed physical coverage response in Fig. 18 additionally
includes request generation, sensor-energy depletion, charger
travel, and charging-service time.

To emphasize the affected region, we evaluate the risk-
weighted PSM coverage loss along the burst corridor. The
risk-weighted coverage loss, early window peak loss, and
burst-critical outage ratio are computed using (64)–(66).
Fig. 18(b) shows that all algorithms experience a delayed
coverage degradation after the burst starts, because sensors first
consume energy faster, then generate requests, and eventually
may fall below the sleep threshold if not served in time.
SCOPE consistently yields the smallest mean coverage loss
throughout the burst-response process.

The peak coverage loss in Fig. 18(c) is computed within the
early burst-response window t ∈ [500, 1300] s, rather than over
the entire 0–2000-s horizon. SCOPE achieves the lowest mean
peak loss of 11.19 percentage points, compared with 11.83
percentage points for CAERM, 11.91 percentage points for
MC3, and 12.68 percentage points for Dist-Greedy. Fig. 18(d)
further reports the burst-critical outage ratio, where sensor
outage durations are weighted by both PSM marginal coverage
contribution and burst-region affinity. SCOPE achieves the
lowest mean burst-critical outage ratio of 7.00%, compared
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with 7.37% for the best baseline. These mean results suggest
improved response under spatio-temporally correlated bursty
demands, but the statistical interpretation depends on the CIs,
corrected p-values, and effect sizes in Table VIII. Table VIII
reports statistically supported but modest-to-moderate reduc-
tions in the burst window: 0.580 percentage points for peak
coverage loss relative to CAERM and 0.362 percentage points
for the burst-critical outage ratio relative to MC3. We therefore
describe the result as an improved mean response to correlated
bursts, not as broad dominance.

3) Nonlinear Mobility, Heterogeneous Loads, and Variable
Charging Efficiency: Finally, we evaluate SCOPE under simu-
lated mobility and energy dynamics. Four simulated operating
conditions are considered. M0 is the default reference case
with fixed-speed motion at v0 = 2 m/s, homogeneous sen-
sor load, and fixed charging efficiency. In M0, movement
energy is computed using the default constant per-distance
coefficient c0

move.
M1 activates the calibrated nonlinear movement-power

model Pmove(v) = ξv2 + β under variable trip speeds. For
each trip, the speed is sampled as v` = clip(v0 + εv

` , vmin, vmax),
where εv

` ∼ N (0, σ2
v), vmin = 1.2 m/s, vmax = 3.0 m/s,

and σv = 0.35 m/s. The corresponding movement energy is
computed as Emove,` = Pmove(v`)d`/v`, where d` is the feasible
path length.

M2 further introduces heterogeneous and higher average
sensor loads with bounded temporal variation. The baseline
discharge rate is sampled as P0

i ∼ U(0.085, 0.185) J/s, and the
time-varying load is Pi(t) = P0

i (1 + εP
i (t)). The perturbation

εP
i (t) is updated every ∆load = 60 s using a bounded autore-

gressive process with ρP = 0.85, σP = 0.03, and εmax
P = 0.15.

M3 additionally introduces service-level wireless charging
efficiency. At the beginning of each charging service, the
effective charging efficiency is sampled as ηi(t) ∼ U(0.72, 1.0),
and the received charging power is Peff

ch,i(t) = ηi(t)Pch. The
common-randomness protocol described above is applied to
all M1–M3 mobility, load, and efficiency realizations.

The coverage-critical outage ratio and M0–M3 degradation
are computed using (67) and (68).

Fig. 19 shows the results. In M0 and M1, SCOPE remains
comparable to the strongest baseline because the simulated
operating conditions are still relatively mild. In terms of
average PSM coverage retention, the leading methods remain
very close under the most demanding simulated M3 setting.
Specifically, SCOPE obtains 98.29%, compared with 98.26%
for MC3, 98.21% for CAERM, and 97.57% for Dist-Greedy.

The mean robustness trend is more clearly reflected by
the coverage-critical outage ratio and the M0–M3 coverage-
critical outage degradation. Fig. 19(b) reports the coverage-
critical outage ratio. In M3, SCOPE reduces this ratio to
4.02%, while MC3, CAERM, and Dist-Greedy obtain 4.11%,
4.26%, and 5.93%, respectively. Moreover, Fig. 19(c) com-
pares the increase in coverage-critical outage from M0 to
M3. SCOPE has the smallest degradation of 3.12 percentage
points, compared with 3.24 for MC3, 3.25 for CAERM, and
4.41 for Dist-Greedy. Under M3, the coverage-retention values
of SCOPE and MC3 are statistically comparable. Table VIII
nevertheless reports small-to-moderate reductions for SCOPE
in the coverage-critical outage ratio and its M0–M3 degrada-

Fig. 19. Robustness under simulated nonlinear mobility, heterogeneous
loads, and variable charging efficiency. (a) Average PSM coverage
retention. (b) Coverage-critical outage ratio. (c) Increase in coverage-
critical outage from M0 to M3. Error bars indicate 95% CIs over 50 paired
Monte Carlo runs.

tion. Accordingly, the evidence supports comparable coverage
retention with modest outage-robustness improvements.

4) Failure of Time-Scale Separation and Rare Phase-I
Relearning: The static partitioning in Phase I relies on a time-
scale separation assumption: the long-term statistical demand
density should evolve more slowly than the short-term request
and energy fluctuations handled by Phases II and III. This
assumption is appropriate under routine operation, where
transient energy deficits, local request bursts, and short-lived
workload fluctuations can be absorbed by the local scheduling
and event-triggered reorganization mechanisms. However, it
may become invalid when the long-term demand distribu-
tion changes persistently, such as after a sudden regional
consumption shift, sensor redeployment, large-scale sensor
failure, or sustained environmental changes.

Using the Phase-I validity monitor in Section IV-A, we
examine when the time-scale separation assumption breaks
and how rare Phase-I relearning restores the static backbone.
The monitor jointly evaluates the online demand-distribution
drift, the regional load mismatch, and the failure/redeployment
ratio, and triggers Phase-I relearning only when the persistent
break condition in (16) remains true for consecutive validity
checks. This section focuses on the resulting stress-test behav-
ior under persistent distribution shifts.

Three persistent-shift scenarios are considered: B1, a
regional consumption shift; B2, sensor redeployment into a
new spatial cluster; and B3, permanent failures of coverage-
critical sensors. These shifts are injected at t = 800 s and
are fundamentally different from short-lived bursty requests,
because they alter the long-term statistical demand distri-
bution used by the static Phase-I backbone. We compare
three variants: SCOPE-Static, which keeps the original Phase-
I partition unchanged; SCOPE-Periodic, which reruns Phase
I periodically; and SCOPE-Triggered, which uses the Phase-I
validity monitor in Section IV-A, including the persistent break
condition in (16), to perform rare trigger-based relearning only
when the persistent drift condition is satisfied.

The three persistent break scenarios are instantiated as
follows. In B1, at t = 800 s, sensors within a regional shift
center cB = (360, 360) experience a persistent consumption
increase

Pi(t)← Pi(t)
�

1 + λB exp
�
−
‖qi − cB‖

2

2σ2
B

��
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Fig. 20. Time-scale separation break and rare Phase-I relearning.
(a) Representative drift-score trajectories under the three persistent-shift
scenarios. Downward markers indicate the detected break time after
Mhold = 3 consecutive validity checks evaluated every ∆chk = 100 s
using sliding Tmon = 300 s monitoring windows. (b) PSM coverage
retention, normalized by the no-drift reference coverage under the
same network realization. (c) Average dead-node ratio. (d) Number of
Phase-I relearning operations and total Phase-I overhead. Error bars in
(b)–(d) indicate 95% CIs over 50 paired Monte Carlo runs. In (d), the
bars show the average number of Phase-I relearning operations, and
the diamond markers show the average total Phase-I computational
overhead.

with λB = 0.8 and σB = 100 m. In B2, 15% of sensors are
redeployed at t = 800 s into a new truncated Gaussian cluster
centered at cR = (380, 140) with standard deviation 35 m,
while avoiding obstacles and restricted zones. In B3, 15%
of sensors are selected from the highest coverage-criticality
quartile and permanently marked as failed at t = 800 s.
These perturbations are held fixed after injection and follow
the common-randomness protocol described in the simulation
model.

To avoid mixing absolute coverage levels with recovery-
oriented stress-test statistics, Fig. 20(b) reports PSM coverage
retention, defined as the achieved PSM coverage after the
persistent shift normalized by the no-drift reference coverage
under the same network realization. Thus, the values in
Fig. 20(b) should be interpreted as the retained fraction of
nominal PSM coverage after a persistent distribution shift,
rather than as the raw average coverage level reported in the
main baseline comparison.

Fig. 20(a) shows that the drift score remains below the
validity threshold before the persistent shift and exceeds
it afterward. The detection markers follow the sliding-
window validity-check protocol summarized in Table V.
Fig. 20(b) and (c) shows that SCOPE-Static suffers from
reduced PSM coverage retention and increased dead-node
ratio after persistent shifts, whereas SCOPE-Triggered restores
the coverage-retention level to around 98% while keeping
the dead-node ratio close to the periodic relearning baseline.
Fig. 20(d) further shows that SCOPE-Triggered achieves this
adaptation with fewer Phase-I relearning operations and sub-
stantially lower Phase-I overhead than periodic repartitioning.

a) Summary: The extended tests show that SCOPE pre-
serves coverage-aware robustness across obstacle-constrained,
burst-demand, mobility/energy, and persistent-shift scenarios.
Statistical claims are limited to the paired comparisons in
Table VIII; small absolute differences are described as modest
improvements, and comparisons without statistical separation
are reported as comparable performance.

.D. Practical Deployment Implications
The results above should be interpreted as simulation-based

evidence under controlled and reproducible settings rather than
as hardware or field-test validation. In practical WRSN deploy-
ments, several assumptions used in the simulator may affect
the achieved performance. First, the simulation uses reliable
state exchange as a baseline abstraction rather than modeling
perfect communication at the packet level. Packet losses, com-
munication delays, and stale state reports may affect request
deadlines, residual-energy estimates, and workload imbalance
measurements. A practical implementation should therefore
use timestamped requests, acknowledgments, retry policies,
and conservative slack margins in the deadline and energy-
safety checks. The current framework also uses a sink-assisted
coordination layer for request aggregation, event monitoring,
and cooperative reorganization. This architecture is suitable for
deployments with an edge gateway or base station, but fully
decentralized deployments would require local leader election,
distributed consensus, or redundant gateway support to avoid
a single coordination bottleneck.

Second, the dwell-time gate and the sentinel assume that
trigger checks and deadline evaluations are performed on
a sufficiently consistent time base. Clock-synchronization
errors should therefore be bounded and incorporated into
the control-cycle duration, dwell-time margin, and service-
deadline feasibility test. Global Positioning System (GPS)
and indoor-positioning errors, as well as charger localization
errors, can also affect travel-distance estimation, obstacle-
aware path planning, and charger-to-sensor alignment. In
deployment, feasible-path distances, travel-time estimates,
and charging-alignment tolerances should be inflated by a
localization-error margin, especially in indoor or GPS-denied
environments.

Third, battery degradation changes sensor capacity, dis-
charge behavior, and available charger budgets over long
horizons. Periodic recalibration of sensor energy models,
MC battery states, and safety reserves is therefore required.
Practical wireless power transfer (WPT) may also be affected
by distance variation, coil or antenna misalignment, envi-
ronmental interference, and time-varying charging efficiency.
These factors can be handled only conservatively in a
simulation-oriented study, for example through online effi-
ciency estimation, longer charging-time allocation, and larger
energy-safety buffers. These deployment factors delimit the
conditions under which the simulation-based performance and
the scheduling-level guarantees should be interpreted and
transferred to hardware-oriented implementations.

VI. CONCLUSION

This article studied spatio-temporal coverage maximization
in WRSNs under probabilistic sensing and mobile-charging
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constraints. To address the coupling among coverage qual-
ity, sensor energy depletion, charger mobility, and online
request generation, we proposed SCOPE, a hierarchical event-
triggered scheduling framework. SCOPE decomposes the
scheduling process into energy–coverage demand partitioning,
local adaptive scheduling, and event-triggered cooperative
grouping, so that most online decisions are made on local
zonal request sets rather than by repeated global optimization
over all sensors.

The novelty claim is therefore limited to the N-aware hierar-
chical process, the scheduling-level Zeno-freeness mechanism,
and the scoped PSM kernel guarantee; probabilistic sensing,
coverage-aware prioritization, and multi-MC cooperation are
treated as established ingredients integrated into the proposed
framework.

The theoretical results are scoped to two components
of the proposed framework. For the Phase-III fixed-cost
single-knapsack budgeted PSM coverage-selection kernel after
feasibility pruning, the modified greedy selection with a
max-singleton check provides a constant-factor approximation
guarantee. For the event-triggered reorganization process, the
bounded-drift assumption together with the dwell-time gate
ensures scheduling-level Zeno-freeness by enforcing a strictly
positive lower bound on the interevent interval. These results
do not claim Lyapunov stability of the complete WRSN
closed-loop system, including all sensor energy states, charger
battery states, request queues, and physical trajectories.

Simulation results under the evaluated finite-horizon set-
tings indicate that SCOPE improves coverage-aware charging
performance over representative baselines. Under the default
setting, SCOPE maintains an average coverage-quality ratio
of approximately 0.93. In the dense-network case with N =

600, SCOPE improves travel-normalized charging efficiency
by approximately 18% over MC3, the strongest baseline in
this metric, and keeps the online computation time within
approximately 25–45 ms/decision for N = 200–600. The
extended simulated scenarios further suggest that SCOPE
maintains robust coverage-aware behavior under nonuniform
deployments, obstacle-constrained travel, bursty demands, and
heterogeneous mobility/energy conditions. When the empirical
separation is small or CIs overlap, these results should be inter-
preted as robustness consistency rather than large statistical
dominance.

Several limitations remain. The current validation is
simulation-based and does not include hardware field tests.
In practical deployments, communication delays and packet
losses can render request states stale; localization errors can
distort feasible-path and charging-alignment estimates; battery
aging can alter effective capacity and discharge behavior;
and WPT uncertainty can change service times and deliv-
ered energy. Future work will incorporate these effects into
hardware-oriented validation and scheduling design.
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