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ABSTRACT

Wireless Sensor Networks (WSNs) have remained an active research field in both military and civilian domains,
driven by the expanding diversity of their applications. In recent years, there has been a progressive shift toward
integrating Artificial Intelligence to address the persistent challenge of energy optimization in WSNs. We introduce
a novel adaptation of a Fixed Set Search (FSS) mechanism to WSNs. FSS adds a learning phase to the well-known
GRASP metaheuristic. FSS-WSN approach guides the Base Station (BS) in a centralized multi-hop environment
to select the optimal cluster-heads, thereby maximizing the global utility of the network. We evaluated our
approach under documented fairness conditions, against a wide range of established baselines including classical
clustering protocols (LEACH, HEED, SEP), widely used swarm optimizers (PSO, GWO, ABC), the recent multi-
hop hybrid EEM-LEACH-ABC, and recent SO-GJO-family variants (SO, GJO, EMO-GJO, and ESO-GJO). The
results demonstrate a statistically significant improvement (paired Wilcoxon test with Holm correction) over the
best baseline regarding two key metrics—the number of delivered reports and the CPU time required for decision-
making. These results suggest that our approach is a strong, practical option for many WSN use cases.
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1. INTRODUCTION

Energy remains a major limitation in most Wireless Sensor Networks (WSNS), particularly in remote or
safety-critical deployments where replacing batteries is impractical. On many platforms, radio
communication accounts for the largest share of energy consumption. Consequently, both network
lifetime and the volume of data successfully delivered to the Base Station (BS) are closely tied to the
way in which measurements are aggregated and forwarded [1] [2] [3].

WSN-based 10T architectures have been deployed in diverse safety-critical domains, including gas-
leakage detection [4], smart-grid monitoring [5], and industrial-process control [1]. In all such settings,
energy-efficient clustering directly impacts system reliability and data availability.

To address this issue, clustering has become a common approach. Sensor nodes transmit short-range
reports to a cluster head (CH), which aggregates the data and forwards it to the BS, thereby reducing the
number of long-distance transmissions. To avoid premature energy depletion of a small subset of nodes,
most clustering protocols periodically rotate the CH role, as in LEACH [6] and HEED [7]. In networks
with heterogeneous initial energy levels, CH selection is often weighted in favor of higher-energy nodes,
as in SEP [8].

Beyond extending network lifetime, many WSN applications place strong emphasis on the timely and
reliable delivery of decision-relevant information. In scenarios, such as industrial monitoring,
emergency response, or perimeter surveillance, the objective is not only to keep the network operational,
but also to maximize the amount of useful data delivered under strict time and energy constraints.

Things get more complicated when multi-hop forwarding enters the picture, because coverage and
routing can no longer be treated separately. The set of CHs chosen in a given round does not just decide
which sensor nodes are covered—it also shapes the relay chain that funnels data back to the BS. In
practice, CHs that sit near the sink often end up relaying traffic for distant clusters on top of their own,
which drains them faster and creates localized energy bottlenecks [9] [2]. Most existing formulations
gloss over this coupling, either by using rough distance-based surrogates or by folding feasibility into
penalty terms that the optimizer can partially ignore.
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1.1 Related Work

Over the past two decades, a large number of protocols and algorithms have been proposed for cluster-
head selection and clustered routing in WSNs. Early work focused on lightweight distributed heuristics,
while more recent studies have increasingly turned to optimization-based formulations. We review the
most relevant contributions below, grouped by theme.

e Energy-sensitive clustering protocols: A handful of distributed protocols still set the reference
point for CH election. LEACH [6] introduced probabilistic self-election with round-by-round role
rotation and local data aggregation—a design that remains surprisingly competitive given its
simplicity. HEED [7] took a slightly different route, iterating over both residual energy and intra-
cluster communication cost; the result, in our experience, is noticeably more balanced cluster sizes.
For networks where batteries are not identical, SEP [8] provides a natural fix by scaling each node’s
election weight with its initial energy. A more recent entry is EEM-LEACH-ABC [10], in which
Zhang et al. use an Artificial Bee Colony optimizer to automatically set the CH ratio and an energy-
blending parameter within a LEACH-like framework. While their numbers look favorable, the study
covers only one network layout under fixed settings and does not include replicated experiments,
which makes it difficult to draw firm conclusions. It is worth stressing that every protocol in this
group is distributed by design; we therefore treat them as reference baselines and not as direct
alternatives to the centralized, multi-hop optimization that we develop.

e Metaheuristic-based CH selection: CH selection is often framed as an optimization problem,
typically involving a weighted combination of energy, distance, and load balance [11], on the face
of it, a sensible idea, and a long list of continuous-space metaheuristics have been applied to it:
PSO [12], GWO [13], ABC [14], SO [15], GJO [16], among others. Some of these are growing more
sophisticated. Gupta et al., for instance, fold relay-load balancing into a GSO-based clustering
framework [17] and tackle path planning for heterogeneous WSNs separately [18]. All of this sounds
promising, yet the numbers are hard to trust across studies: change in the continuous-to-discrete
decoding rule or tweak coverage feasibility checking, and the rankings can shift substantially [19].

e Augmented metaheuristic frameworks: A few recent studies have tried to patch the encoding and
feasibility problems by bolting domain-specific modules onto existing metaheuristics. Mazumder et
al. recast CH selection as a multi-objective energy-aware task and attacked it with a Golden Jackal
Optimizer variant which they call EMO-GJO [20]—an interesting formulation, though the evaluation
stays within a single simulator setup. Wang et al. [21] went further: their ESO-GJO couples the
Snake Optimizer with GJO, so that CH placement and multi-hop routing are decided in one pass.
Both papers show energy and lifetime gains, but since each team ran its own simulator with its own
parameter conventions, putting their numbers side by side with anything else is not straightforward.

Structural limitations of continuous-space approaches: Strip away the algorithmic labels and every
metaheuristic reviewed above—plain or augmented—does the same thing: search a continuous [0,1] N
space, then snap the result to a binary CH vector with a threshold or top-k rule. That two-step detour has
real consequences. Huge swaths of the continuous space collapse onto the same CH set, so the optimizer
wastes iterations exploring what is effectively one solution. Nudge a single coordinate by a small amount
and a node can flip in or out of the CH set, leaving the fitness surface jagged in ways the search operators
were never designed for. Worse, the memory each algorithm carries—PSO’s velocities and personal
bests, the alpha—beta—delta hierarchy in GWO, ABC’s food-source vectors—Ilives entirely in continuous
coordinates. None of it records which nodes tend to show up in good CH configurations.

Table 1 summarizes these structural differences. Other memory-driven paradigms fare little better: ACO
pheromone trails and Tabu Search lists [22] [23] track individual moves, not recurring sub-sets of
promising nodes.

1.2 Gap and Contributions

In the round-based centralized setting that most metaheuristic studies adopt, the BS picks a CH set at
the start of each round and broadcasts the assignment to all nodes. As discussed above and summarized
in Table 1, every existing optimizer works in a continuous space and must decode its solutions into
binary CH vectors—a process that severs the link between the algorithm’s internal memory and the
discrete structure of the problem that it is actually solving. What is missing, in particular, is a mechanism
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that identifies which specific nodes keep showing up in good CH configurations during a given round
and feeds that information back into the search.

Table 1. How FSS-WSN differs structurally from continuous-space CH selection methods.

Feature PSO, GWO, ABC, SO, GJO variants FSS-WSN (this work)
Search space Real-valued [0,1]M Combinatorial (CH subsets built directly)
Decodin A threshold or top-k step is always needed to Skipped entirely: solutions are already
g obtain a binary CH vector discrete
What the Continuous coordinates: velocity & personal
bests (PSO), pack hierarchy (GWO), food- Which individual nodes recur in high-
memory o ; o . - .
source positions (ABC) none tied to specific quality CH configurations
captures
nodes
Exploitation Population converges toward a global-best Later GRASP iterations are biased by the
style real-valued vector fixed set of promising CHs
. . i Hard two-stage repair (coverage then
Feasibility Usually enfc_)rced wa_penalty terms; post L connectivity), with a regularization term
repair added in some variants . . . .
penalizing solutions that rely heavily on it
Peé—l:l)’&lind 1.1-2.1 s (varies across algorithms) 0.07-0.09s

*AMD Ryzen 5 7600X (6C/12T), Python 3.12, N=100; see Subsection 4.2.

We fill this gap by adapting Fixed Set Search (FSS) [24] [25], a hybrid metaheuristic designed for
combinatorial problems, to centralized CH selection in multi-hop WSNs where routing is part of the
decision. The main contributions are as follows:

1) Native combinatorial search: FSS-WSN works directly on CH sub-sets, without any continuous-
to-binary conversion. Each candidate solution is built by a coverage-driven GRASP procedure that
enforces the cluster radius during construction, avoiding the selection rules commonly used in
continuous-space methods.

2) Two-phase in-round search with component-level memory: Each round is split into two phases.
Phase I runs a diversified GRASP to build a pool of high-quality CH sets; from this pool, per-node
selection frequencies are computed and a fixed set of consistently promising CH candidates is
extracted. Phase Il then biases new constructions toward nodes in the fixed set, provided that they
still have sufficient energy (an energy-guard check prevents the algorithm from over-exploiting
depleted nodes). Because the fixed set is rebuilt at every round, it naturally tracks the shifting energy
landscape.

3) Deterministic repair with regularization: Feasibility is enforced through a two-stage deterministic
procedure: the first stage ensures that every sensor is covered within the cluster radius, and the second
ensures that every CH can reach the sink within its transmission range. No randomness is involved,
so results are fully reproducible. A regularization term in the objective penalizes solutions that lean
heavily on repair, pushing the search toward configurations that are feasible by construction.

4) Uniform experimental comparison: All 11 baselines—PSO, GWO, ABC, SO, GJO, EMO-GJO,
ESO-GJO, LEACH, HEED, SEP, and EEM-LEACH-ABC are reimplemented within a single Python
simulator that enforces the same energy model, repair procedure, multi-hop Dijkstra routing, and
metric definitions. Every experiment is replicated over 30 paired random seeds and assessed with
Wilcoxon signed-rank tests under Holm correction to control family-wise error.

5) Best throughput with markedly lower CPU cost: FSS-WSN achieves the highest cumulative
throughput in all four tested scenarios (homogeneous/heterogeneous energy with center/corner BS),
with Holm-corrected p<0.05 over every baseline. Per-round computation is 10-25 times faster than
the continuous-space alternatives, a margin relevant for deployment scenarios where CH assignments
must be recomputed in near-real time.

1.3 Paper Organization
The remainder of this paper is organized as follows. Section 2 introduces the system model and the
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routing-coupled problem formulation. Section 3 describes the proposed FSS-WSN method in detail.
Sections 4 and 5 present the evaluation protocol and discuss the experimental results. Finally, Section 6
concludes the paper.

2.SYSTEM MODEL AND PROBLEM FORMULATION
2.1 Two-graph Abstraction

Notation: In this subsection, V; denotes the set of alive nodes and d(u, v) the Euclidean distance
between any two nodes u and v. Edge sets are denoted by Ef°Y and E}*.

To model clustering and routing at round t, we use two distinct graphs: one for cluster membership and
one for multi-hop forwarding. This separation makes the execution rules deterministic, i.e., under
identical conditions, the same decisions are obtained. As in classical WSN models, coverage is governed
by a fixed clustering radius R, while data forwarding is restricted to a cluster-head (CH) backbone.
Energy dissipation follows the first-order radio model [6] [26]. At each round, CH selection, routing,
and constraint satisfaction are evaluated under a fixed decision budget.

We use two thresholds:

e R, (Coverage radius): governs cluster membership (clustering feasibility).
e 1, (Transmission radius): governs one-hop connectivity for routing.

Figure 1 illustrates this distinction:

G;‘ov "
L xZ . .
ur Dty e Node = circle CH = square Gt g'"';]’fr. (I:H— Node;=circle
87 S dashed circle = radius Ac “ﬁ: o C;}';c eed— en?d <)
/s \\ s covelr)age %dﬁ o (d»EHC) t thick_= induceg CH Eal():(kbone
/ / \ ! =» = member—CH assignment hy pmmm— =>= chosen route (Dijkstra)
] D R

. Dijkstra shortest
] path on per-hop
energy weights

(sink/BS)

Figure 1. Graph abstractions used in this work.

In all experiments, we set R, = 25m and r;, = 50 m (i.e., 1, = 2R.) unless stated otherwise. The
clustering (coverage) graph is G£°V = (V, Ef®Y), where (u,v) € Ef°V ifand only if d(u,v) < R,. The
communication graph is G£* = (V, EF¥), where (u,v) € EF* if and only if d(u, v) < 1.

Keeping these constraints separate is important: full coverage does not guarantee balanced multi-hop
forwarding. A design may still create relay bottlenecks (hotspot) and drain the nodes closest to the sink,
this phenomenon is known as the ’energy hole’ problem [27] especially when the sink placement is
unfavorable (e.g., at the corner) [2] [9].

In round t, a candidate is a CH seed set denoted H,, < V;. We enforce feasibility via the deterministic
mapping to construct the repaired CH set %+ = Repair,(H,), and only £+ is deployed. The repair
step guarantees a non-empty CH set, strict radius coverage.

Repair, (-) proceeds deterministically in two stages:

First, in the coverage: if H, = o, it selects one initial CH maximizing a fixed greedy score (residual-
energy ratio, sink-centrality, local density; ties by smallest node index), then iteratively adds the node
that covers the largest number of currently uncovered alive nodes under R, (ties by smallest index)
until (1) holds.

Second, in the connectivity (multi-hop): if no CH is within 3, of the sink, it promotes the highest-energy
sink-direct node as a CH, then connects remaining CHs by promoting intermediate nodes along a
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deterministic BFS path on Gf* to a connected component containing a sink-direct CH (neighbors
explored in increasing index order).

Vv €V, dhe H* st d(v,h) <R, 1)

and CH-to-sink reachability over the inter-CH backbone under r.,.. Each node then attaches to its nearest
CH in H* (using deterministic tie-breaking). This repair-first convention is standard in constrained
optimization [19]; moreover, minimizing | *| subject to (1) reduces to the NP-complete minimum
dominating-set problem [28], for which approximation algorithms with logarithmic ratios have been
established [29].

2.2 Bounded Fitness Surrogate

A link (u, v) exists if and only if d(u, v) < 1y, i.e., u and v can communicate in one hop. We weight
each edge by the energy spent to forward one aggregated packet of length L over that hop using the first-
order radio model [6] [26], which is widely adopted in the WSN literature for energy accounting. This
choice makes the routing cost physically meaningful: it captures the strong dependence of transmission
energy on distance and thus reflects the actual energy drain induced by multi-hop forwarding. Running
Dijkstra on the graph G™*(#*) (the multi-hop backbone derived from the global communication graph
GF*) then yields, for each CH h € ' *, the minimum-energy delivery cost k;, to the sink s.

Score normalization: All surrogate components with the symbol tilde (e.g., p, C,) are normalized to
lie in [0,1] (lower is better). We use clipyo,4(x) to truncate any value x to the interval [0,1].

Bounded surrogate terms and component definitions We compute a bounded surrogate in the
repaired clustering that combines: CH energy robustness Cr, member-to-CH distance Cp, cluster-size
imbalance €, and a routing-aware term CI*" derived from {x,}. Specifically:

Cg, is the average CH energy depletion ratio 1 — E.¢s/Eipi; OVer h € H'*;

Cp is the mean distance from each alive node to its selected (nearest) CH in 2+, normalized by
the area diagonal;

C,, is the normalized variance of the resulting cluster sizes {|Cy,|},esc+ (I0ad imbalance);
CM™ is the mean minimum-energy multi-hop delivery cost from each CH to the sink (Dijkstra
on G™(H*)), normalized by a fixed constant.

From the Dijkstra next-hop structure, we also compute each CH relay load q;, (own plus relayed packets)
and penalize relay-load dispersion via Cr, defined as the normalized variance of CH relay loads induced
by the next-hop structure.

Base objective and anti-hotspot component:
We first define:

Cp+ ot

F0:W1CE+W2< 2

>+W3C~L, W1+W2+W3:1. (2)

and then incorporate the anti-hotspot term as:

Fbase = (1 - WR) FO + WR C~R' WR € [0,1] (3)

Repair-dependence regularizer and final fitness: While repair mechanisms guarantee feasibility,
naive repair can bias metaheuristics toward ’easy-to-repair’ regions of the search space—a phenomenon
discussed in constrained optimization literature [19] [30]. To address this bias, we penalize candidates
that rely heavily on repair, we measure the fraction of CHs added by Repair;(-), where | - | denotes set
cardinality and “\” denotes set difference:
+
P(H,) = WNM € [0,1]. (4)
t

We measure the per-round regularized objective:
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Fitness;(H,) = clip1](Fpase) + A P(Hy), A>0. (5)

The parameter 2 > 0 weights the repair-dependence penalty and discourages seeds that rely on
Repair;(-).The BS keeps the candidate with minimum fitness, applies Repair;(-), and deploys the
repaired CH set.

3. PROPOSED FSS-WSN ALGORITHM
3.1 Algorithm Description

At the beginning of each round ¢, the Base Station (BS) computes a deployable clustered configuration
using FSS-WSN. Let V, = {i € V: E;®(t) > 0} denote the alive nodes at round start; E/®*(t) denotes
residual energy (should not be confused with the edge sets EC°V, EF*, or E™"). The decision variable is
a seed set of prospective cluster heads (CHs), # < V;; the configuration ultimately deployed in the
network is obtained by selecting the seed that minimizes the regularized surrogate fitness (Eg. (5)).

All seeds are evaluated under a fixed deployment convention. Given H, we first apply the deterministic
feasibility mapping H'* = Repair,(H) (Eq. (4)). This mapping enforces three hard requirements:
H™* # @; strict R, coverage for member attachment; and reachability of each CH to the sink on the
inter-CH backbone under rz,.

Once H* is obtained, every alive node attaches to its nearest CH, and multi-hop forwarding costs are
computed by running Dijkstra on the induced CH backbone with energy-based hop weights. The
deployed round output is therefore H;* = Repair,(;), where H/ is the best seed under Fitness,(-).

FSS-WSN follows a two-phase routine. Phase | populates a small elite pool using GRASP-style
randomized greedy constructions (optionally followed by bounded swaps). Phase Il extracts from that
pool a compact set of recurrent, energy-safe CH nodes and uses this set as a warm start for additional
constructions [24] [25] [31] [32].

Algorithm 1 summarizes the round-level procedure. (Unless stated otherwise, swap refinement is
disabled in experiments Ly,.x = 0).

The algorithm follows a two-pass pattern:

o Phase I (diversified GRASP seeds): Starting from @, we build seed CH sets using GRASP
until all alive nodes are covered within R, or the construction reaches K, (a practical cap to
control effort and avoid oversized CH sets when coverage is hard). K, is used only during
construction and should not be confused with K1o4t, which is a deterministic per-round bound
used solely to normalize the routing-cost term.

At each step, GRASP ranks candidates by a greedy key, forms a restricted candidate list
controlled by y, samples one CH from that list, and continues [31] [32]. If enabled, Local-
Search-Swap refines the seed by swapping a CH with a nearby non-CH node using a first-
improvement rule, up to L,,,x accepted improvements while scanning at most k,,, neighbors
per move. Each seed is evaluated through the deterministic pipeline (repair, assignment, routing)
and may enter the elite pool Pgjite, Which keeps at most B seeds ranked by Fitness;(+); near-
duplicates can be discarded using a Jaccard similarity threshold §.

o Phase Il (fixed-set biased constructions): From P.;te, We learn a fixed set F; by counting
how often each node appears in elite seeds. We retain nodes above frequency threshold = and
filter out low-energy nodes using threshold 6. We then rerun the same GRASP construction,
starting from H < F, when F, # @ (otherwise from @), with the same optional swap
refinement and elite updates as in Phase I.

Finally, we select the best elite seed H;* (minimum Fitness;(:)) and deploy the repaired configuration
Ht = Repair, (H{). Figure 2 presents an FSS-WSN round-level pipeline.
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Algorithm 1 FSS-WSN (round t at the BS)

PR R RRER R PP

Input: Alive nodes V; with their energies E (t)
Input: Parameters (B, ¥, Kcap, Lmax: knns T, 6,6, 11, I5)
Output: Deployed CH set H;*
Pelite <0
foriter=1to I, do
H < GRASPCONSTRUCT(V, E(t), ¥, Kcap)
if Lhax > 0 then
H < LOCALSEARCHSWAP(H,, Linax, knn)
end if
UPDATEELITE(Py)ite, £, B, 5)
end for
F; < LEARNFIXEDSET(Pqjite, T, 0)
foriter =1to I, do
H « F ifF, + Qelse @
H « GRASPCOMPLETE(H, Vi, E(t),V, Kcap)
if Lhax > 0 then
H « LOCALSEARCHSWAP(H, L yax, Knn)
end if
UPDATEELITE(P,jite, H, B, 6)
end for
H{ « argming ¢p . Fitness (3)
return Repair, (H)

> Phase I: populate the elite pool

D> Extract recurrent components
D> Phase I1: construct with F as a bias

FSS-WSN
optimisation

Elite pool

|Pelrte|S8 L

Deployment

pipeline

FSS-WSN: Round-level pipeline

Phase | — GRASP constructions
1, diversified seeds — elite pool Pgj;t.

Learn fixed set F;
frequency threshold 7, energy filter 6

Phase Il — Biased GRASP
L5 constructions seeded from F

Select best seed
H; = argmin Fitnessy(-)

Repair:
enforce R, coverage + CH-sink backbone

!

Assign members
each alive node — nearest CH in #;*

!

Multi-hop routing
Dijkstra on CH backbone (energy-weighted)

!

Energy debit
transmit + receive costs, update E/**

i

deployment steps).

_ Swap refinement
(optional, Lmax)

Swap refinement
~7 (optional, Lmax)

Figure 2. FSS-WSN round-level pipeline (black: BS-side optimization; white: deterministic
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3.2 Computational Complexity

Let N = |V;| and K = |#*]|. One fitness evaluation is dominated by nearest-CH assignment, O (NK),
and shortest-path computation on the CH backbone (Dijkstra), 0((K + |Emh|)logK), hence:

Teval = O(NK + (K + |[E™)logK). (6)

Across a round, we perform I; + I, constructions. Because construction length is capped by K, and
swap refinement (when used) is bounded by L,,,.x accepted moves (each scanning k,,, candidates), the
number of evaluations per construction is bounded by a constant Cy.s(Kcap, Lmax, knn)- Therefore,

Tround = 0((11 + 1) Cis Teval)r (7)

up to lower-order costs for elite maintenance and fixed-set learning. In the recommended configuration,
Lmax = 0, so swap refinement is disabled and Cy s simplifies accordingly.

4. EXPERIMENTAL SETUP AND CONFIGURATION

All methods are evaluated within the same simulator core and under the same execution rules: strict
clustering feasibility under R, routing on the CH-induced backbone, and the deterministic feasibility
mapping Repair, (). Each run is simulated for up to R,,,x = 2500 rounds, or until no node remains
alive.

4.1 Compared Methods and Literature Positioning
FSS-WSN is compared against 11 baselines under identical conditions:

e Metaheuristic optimizers (centralized): PSO [12], GWO [13], ABC [14], SO [15], GJO [16],
EMO-GJO [20], ESO-GJO [21].

e Distributed protocols: LEACH [6], HEED [7], SEP [8], EEM-LEACH-ABC [10].

Centralized optimizers (including FSS-WSN) run at the BS, which knows node positions a priori and
collects one residual-energy scalar (I..;; = 200 bits) per alive node per round. The resulting control-
plane overhead is ~ 1.25 mJ/round (centre BS) to = 1.98 mJ/round (corner BS), i.e. <4%to < 7%
of the per-round energy budget (= 31.7 mJ), borne identically by all eight centralized methods.

Table 2 confirms that all methods share the standard LEACH radio constants; EEM-LEACH-
ABC originally uses different parameters and was re-implemented under ours.

Table 2. Simulation parameters vs. literature (=: identical to the previous).

Method | Fieldm) | N | E(® | Eaee | 1(bits) | BSposition
LEACH 1007 100 0.5 50 4000 (50,175)
HEED 1007 100 0.5 = = center
SEP 1002 100 0.5 = = (50,50)

PSO-CH 1007 100 0.5 = = center
GWO-CH 1002 100 0.5 = = center
ABC-CH 1002 100 0.5 = = center

SO-CH 1002 100 0.5 = = center
GJO-CH 1002 100 0.5 = = center
EMO-GJO 1007 100 0.5 = = center
ESO-GJO 1007 100 0.5 = = center
EEM-LEACH-ABC 25072 150 0.5 55 4400 (100,250)
This work 1002 100 0.5 50 4000 center & corner

Common constants shared by all rows except EEM-ABC: €75 = 10 pd/bit/m?, €mp = 0.0013 pd/bit/m*, Ep, = 5 nd/bit,
dy =87 m, L = 200 bits.
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4.2 Simulation Platform and Energy Model

The evaluation platform is a custom Python 3.12.3 simulator (NumPy 1.26.4) implementing the first-
order radio energy model. All twelve methods execute within the same simulation core—identical
energy accounting, Dijkstra-based multi-hop routing, and packet-level forwarding—so that differences
in delivered utility reflect differences in the CH-selection strategy only.

The simulator operates at the network layer; MAC-layer contention and PHY-layer impairments are
abstracted out, in line with all the referenced baselines. Experiments run on Windows 10 Pro, AMD
Ryzen 5 7600X (6C/12T), 32 GB RAM. Source code: https://github.com/RaoufOuanis/wsn-

fss-simulation.

Energy model: Fixed packet sizes: [ = 4000 bits, [ = 200 bits; Egec = 50 nl/bit, €r5 =
10 pd/bit/m?, €,,,, = 0.0013 pJ/bit/m*, dy = 87 m, Ep, = 5 nJ/bit. Member-to-CH links are single-
hop under R,; backbone forwarding uses Dijkstra under r;,.. A hop the endpoint of which lacks energy
is silently dropped.

Topology: N = 100 nodes, uniform 100 x 100 m field, R, = 25 m. Two energy profiles and two BS
positions (center/corner) yield the four configurations of Table 3.

Table 3. Network scenarios and topological parameters.

Parameter S1 (Homogeneous) S2 (Heterogeneous)
Field (L x L) 100 X 100 m 100 X 100 m
N 100 100

E, = 0.5
Energy (J) E,=0.5 Eazv —10
Percentage of advanced nodes (m) — 20%
BS position center / corner center / corner
Rmax 2500 2500

4.3 Algorithm Configuration

All iterative optimizers (FSS/PSO/GWO/ABC/SO/GIJO/EMO-GJO/ESO-GJO) use the same per-round
iteration budget, n;.r = 60. For population-based methods, we use pop_size= 30 as a common setting.
For FSS-WSN, the budget is split as implemented: I; = round(0.60 njer) and I, = nyer — I1. All
hyper-parameters are summarized in Table 4.

Table 4. Algorithm configuration and hyper-parameters.

Swap refinement (Lmax, Knn)

Algorithm Parameter Value
Iterations (I, + I) 36+ 24 =60
Elite pool size (B) 10
RCL parameter (y) 0.2
Fixed-set thresholds (z, 8) 0.6, 0.3
FSS-WSN Fitness weights (w;, w, Wy, Wi, ) 0.4, 0.4, 0.2, 0.05, 1.0
Greedy-score weights (a4, a,, a3) 0.5, 0.3, 0.2
Construction cap (Kcap) ~ 20

disabled (0, 0)

All swarm methods below: n;.,, = 60
and pop = 30* k € [1, 20]

PSO-WSN Inertia w; ¢4, ¢, 0.7;1.5, 1.5
GWO-WSN Control a 2 - 0 (Linear decay)
ABC-WSN Limit; pop 10; 20**

SO, GJO, EMO-GJO, ESO-GJO Default settings from original papers

LEACH Popt 0.05

HEED Pinit> Cmins Miter 005' 002' 3

SEP Popt» M, Eg, Eady 0.05, 0.2, 0.5, 1.0
EEM-LEACH-ABC ¢y, U, epochs 0.10, 0.70, 5

* Kcap is @ GRASP construction cap, whereas

Kroute js a deterministic, per-round normalization bound used only inside the
routing-cost term and is not a tunable hyperparameter. ** ABC uses pop = 20 food sources (2x evaluations/iteration).
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4.4 Evaluation Protocol

Every method produces a seed CH set #,, which may be empty or infeasible. The deterministic mapping
H™* = Repair;(H,) (Eq. (4)) is applied before any routing or energy debiting, enforcing a non-empty
CH set, strict R, coverage, and CH-to-sink reachability under r;,.. Members attach to their nearest CH
(smallest-index tie-breaking); routing follows Dijkstra on the induced backbone (Sub-section 2.2).

Protocol baselines (LEACH, HEED, SEP, EEM-LEACH-ABC) invoke repair once per round. lterative
optimizers invoke it at every fitness evaluation (Eq. (5)). The average number of CHs added by repair
is reported for transparency.

Monte-Carlo protocol: Each configuration is evaluated over 30 paired seeds. A given seed fixes the
node deployment—and, in S2, the advanced-node identities—across all methods; per-round randomness
derives deterministically from the seed and round index. Results: u + o; paired Wilcoxon signed-rank
tests (@ = 0.05) with Holm correction.

Reported metrics: Wall-clock CPU time of the CH-selection routine (single machine); NFE for
iterative methods only. Lifetime markers: FND, HND, LND, Rj,s. Primary endpoint: cumulative
delivered throughput.

Ablation and sensitivity: Ablation results (+Phase I, tregularizer) and one-at-a-time sensitivity
sweeps over (y, T, 8, niwer) are reported in Sub-section 5.4 following standard metaheuristic validation
practice [33] [34] [35] [36].

5. EXPERIMENTAL RESULTS

We evaluate FSS-WSN under the protocol described in Section 4: common simulator core, first-order
energy accounting, strict clustering under R, multi-hop CH to sink forwarding, and deterministic hard-
feasibility enforcement via Repair,(-). All results are reported as mean u + o over 30 paired Monte-
Carlo seeds. Paired Wilcoxon signed-rank tests are computed on matched seeds. Since multiple
baselines are compared to FSS-WSN within a configuration, the Holm correction is applied within that

configuration.

5.1 Protocol Recap and Reported Endpoints

All methods run for up to Ry,ax = 2500 rounds in a centralized and round-based mode. For each seed,
the same node deployment (and, in S2, the same advanced-node identities) is reused across methods.
All methods -including classical protocols- are evaluated under the same convention of feasibility: the
runner applies Repair,(-) before routing and energy accounting, enforcing strict R. coverage and
CH-—ssink reachability under ;.. We report:

Primary endpoint: is the cumulative useful delivered reports, denoted Throughput.

Service duration: Rj,s; and FND/HND/LND.

Traffic proxy: CH-sink (pkts).

Compute cost: per-round CPU time as the main indicator; NFE only as an implementation-
dependent proxy.

5.2 Primary Endpoint: Delivered Utility across Configurations

Table 5 summarizes Throughput (reports) across the four configurations (S1/S2 with centered/corner
BS). The pattern is stable: FSS-WSN achieves the highest delivered utility in all configurations. A
visual summary against the best baseline in each scenario is provided in Figure 3. Concretely:

e S1 (homogeneous): 119,533 + 1,190 (center) and 97,064 + 1,610 (corner), i.e., +4.57%
vs. HEED (center) and +3.16% vs. GWO (corner).

e S2 (heterogeneous): 140,131 + 5,210 (center) and 116,025 + 3,829 (corner), i.e., +3.68%
vs. HEED (center) and +2.40% vs. GWO (corner).

Positioning vs. SO/GJO-family variants (EMO-GJO, ESO-GJO): Under the unified evaluation
protocol used in this study, FSS-WSN outperformed both EMO-GJO and ESO-GJO in all four
configurations. In terms of delivered reports, FSS-WSN achieved gains of 8.17% in S1-center, 3.51%
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in S1-corner, 5.88% in S2-center, and 5.08% in S2-corner relative to the best SO/GJO-family variant.
These results suggest that part of the advantage reported for EMO-GJO and ESO-GJO in prior studies
may depend on differences in feasibility handling and routing assumptions across simulation
frameworks.

Table 5. Primary endpoint (delivered reports) across configurations (mean + std, 30 seeds).

Method S1-center S1-corner S2-center S2-corner

FSS-WSN 119,533 + 1,190 97,064 + 1,610 140,131 + 5,210:116,025 + 3,829
ESO-GJO 110,389 + 1,581 93,004 + 1,576 132,312 + 4,954 110,412 + 3,332
EMO-GJO 110,377 + 1,595 93,774 + 1,591 132,352 + 4,988 108,218 %+ 3,670
GJO 110,388 + 1,608 91,525 + 1,559 132,313 + 5,015:108,168 + 3,205
SO 110,500 + 1,603 91,398 + 1,511 132,294 £+ 5,010:107,508 %+ 3,026
PSO 110,433 + 1,626 93,484 + 1,558 132,019 + 4,967 : 109,888 + 3,431
GWO 110,417 + 1,596 94,092 + 1,335 131,991 + 4,973 113,309 + 3,597
ABC 110,372 + 1,622 92,623 + 1,543 132,423 + 4,988:110,144 + 3,504
HEED 114,306 + 1,734 87,358 + 1,366 : 135,153 + 5,676 107,175 + 3,488
LEACH 110,276 + 1,624 87,714 + 1,546 131,205 + 4,976 105,366 + 2,610
SEP 107,190 + 1,289 91,247 + 1,487 131,550 + 4,453 107,612 + 3,422
EEM-LEACH-ABC 109,658 + 895 190,471 + 1,603 131,421 + 4,605:109,348 + 3,999

All 44 FSS-WSN vs. baseline differences significant (paired Wilcoxon, proim < 0.001, rmn = 1.0).
g-
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Figure 3. Primary endpoint summary (delivered reports): FSS-WSN compared to best baseline.

Positioning of EEM-LEACH-ABC: We added EEM-LEACH-ABC, as it is the most recent protocol
in this problem family. Under our unified evaluation protocol, it ranked in the lower half across all
configurations (11" in S1-center and S2-center, 10" in S1-corner, and 6™ at best in S2-corner). Its
throughput remained 6.11% to 9.00% below that of FSS-WSN, suggesting that ABC-based parameter
tuning within a LEACH-style framework is not sufficient to match direct CH-set optimization in the
present setting.

5.3 Service Duration, Robustness, and Computational Cost

Advantage persists under routing-coupled multi-hop: Two observations support the view that the
throughput advantage is not merely an artifact of the experimental setup:

(i) Lower repair dependence: Repair,(+) silently adds CHs or relays to force feasibility, so any method
that relies heavily on repair is partly “cheating”—its throughput is artificially propped up by nodes that
it did not choose. FSS-WSN barely triggers repair at all: 0.27 added CH/round in S1-center, as low as
0.004 in S1-corner, and similar numbers in S2. The EMO/ESO family, by contrast, needs ~ 2.6-3.5
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insertions per round. This aligns perfectly with the regularizer’s goal: the optimizer has already learned
to produce near-feasible solutions on its own.

(ii) Lower relay hotspots in corner geometry: Corner placement stretches multi-hop paths, and a few
relay nodes inevitably become bottlenecks. What we found is that FSS-WSN nearly halves the worst-
case relay load: mh_g_max drops from = 22.4 to 12.83 (S1-corner) and 14.01 (S2-corner). Concretely,
fewer packets pile up at any single relay, so fewer get dropped along the chain.

Service duration and tail behavior: Table 6 lists R, for all methods. One thing that we noticed right
away is that a longer R;,5; can be misleading: several baselines linger for dozens of extra rounds while
barely delivering anything. Figure 4. Cumulative delivered reports over rounds (mean, 30 seeds). FSS-
WSN plateaus highest in all scenarios depite shorter operational lifetime in some cases captures this
well—FSS-WSN’s curve climbs faster, finishes higher, and then the network dies. HEED and GWO
approach FSS-WSN’s final level in certain setups, but do not reach it; LEACH and SEP lag by a wider

margin.

Table 6. Operational lifetime R;,; across configurations (mean + std, 30 paired seeds).

Method Sl-center S1-corner S2-center S2-corner

FSS-WSN 1575+ 56 @ 1400 + 78 2349 + 51 1560 + 62

ESO-GJO 1674 + 50 | 1620 + 68% 2419 + 111% 1781 4 204*
EMO-GJO 1684 + 541 | 1590 + 65¥ 2440 + 105% 1772 + 219*
GJO 1685 +52* 1612 + 65 2417 + 100 1773 £ 219*
SO 1684 + 48t | 1598 + 65¥ 2440 + 105% 1773 + 219*
PSO 1692 + 54% | 1612 + 66%F 2438 4+ 104™ 1773 + 219%
GWO 1690 + 52T © 1490 + 61% 2438 + 102" 1773 + 219*
ABC 1692 + 53™ | 1612 + 67F 2440 + 1057 1773 + 219%
HEED 1812 + 59% 1529 £ 57™ 2294 4+ 111* 1605 + 218*
LEACH 1724 + 48% | 1524 + 44% 2419 4+ 1127 1 1802 + 240*
SEP 1513 + 70% | 1603 + 58% 2440 4+ 1057 11773 + 219¢
EEM-LEACH-ABC 1797 + 120" 1527 + 122* 2499 + 0t 2358 + 195*

Significance markers are based on paired Wilcoxon signed-rank tests (Holm-corrected): § proim < 0.001; t pPHom<
0.01; * pHom < 0.05; ™ not significant. A positive rrb indicates that FSS-WSN has a longer Riast.

S1 — Center BS S1 — Corner BS

120,000 4 100.000

100,000 80,000
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40,000 4
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Figure 4. Cumulative delivered reports over rounds (mean, 30 seeds). FSS-WSN plateaus highest in
all scenarios depite shorter operational lifetime in some cases.
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Wilcoxon tests back this up: in corner configurations, FSS-WSN terminates significantly earlier than 10
of 11 baselines (pyoim < 0.001). HEED is the sole exception—its aggressive clustering sometimes
drains the network even faster than FSS-WSN does. The pattern is consistent: FSS-WSN pushes harder
per round, finishes sooner, but accumulates more reports overall.

Practical significance of the throughput gain: The observed throughput improvement (2.4-4.6%)
corresponds to approximately 2,700-5,200 additional reports delivered to the BS, which is equivalent
to about 27-52 rounds of full service in a 100-node network. When combined with the 17-22x% reduction
in per-round CPU time relative to the fastest swarm baseline (Table 7), these results indicate that FSS-
WSN offers a particularly favorable throughput-computation trade-off in the evaluated settings (Figure
5). This interpretation is supported by the statistical analysis, as all 44 pairwise throughput comparisons
against FSS-WSN were significant (r = 1.0, prom < 0.001).

Computational cost: Table 7 and Figure 5 complete the picture: FSS-WSN is the cheapest iterative
optimizer and the highest in delivered utility, in every configuration. The 17-22x CP advantage over
the fastest swarm baseline stems in part from fitness memoization; the reported NFE counts include
cache hits, so effective unique evaluations are substantially fewer. All 28 pairwise CPU-time
comparisons are significant (prom < 0.001, ry, = 1.0). Protocol baselines (LEACH, HEED, SEP, EEM-
LEACH-ABC) are lightweight by design and are not reported.

Table 7. Per-round computational overhead for iterative optimizers (CPU time in seconds).

Scenario Method CPU (s) NFE
FSS-WSN 0.085 600 +91
SO 1.440 £+ 0.047 1830+ 0
GJO 1.448 + 0.047 1830+ 0
S1-center EMO-GJO 1.451 + 0.053 1800 £ 0
ESO-GJO 1.428 + 0.077 1800 £ 0
PSO 1.431 4+ 0.077 1800 + 0
GWO 1.425 + 0.067 1800 + 0
ABC 2.068 + 0.087 2528 + 4
FSS-WSN 0.076 754 + 107
SO 1.357 + 0.032 1830+ 0
GJO 1.362 + 0.032 1830+ 0
S1-corner EMO-GJO 1.370 + 0.026 1800 £ 0
ESO-GJO 1.450 + 0.033 1800 £ 0
PSO 1.412 + 0.039 1800 £ 0
GWO 1.802 + 0.143 1800 £ 0
ABC 2.198 + 0.261 2527 +5
FSS-WSN 0.0885 711 + 89
SO 1.982 + 0.072 1830+ 0
GJO 2.159 4+ 0.071 1830+ 0
So-center EMO-GJO 3.029 +0.074 1800 + 0
ESO-GJO 2.981 + 0.052 1800+ 0
PSO 2.050 + 0.056 1800+ 0
GWO 2.088 £ 0.070 1800 £ 0
ABC 3.152 £ 0.091 2529+ 5
FSS-WSN 0.067 860 + 124
SO 1.112 +0.180 1830+ 0
GJO 1.190 + 0.267 1830+ 0
So-cormer EMO-GJO 1.103 + 0.209 1800+ 0
ESO-GJO 1.323 + 0.276 1800+ 0
PSO 1.370 + 0.271 1800 + 0
GWO 1.215 + 0.282 1800 + 0
ABC 1.695 + 0.367 2531+ 6
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Figure 5. CPU-utility trade-off of FSS-WSN vs. the strongest iterative competitor per scenario.

5.4 Ablation Study

To quantify the contribution of the two main components added on top of Phase | GRASP, we run 30-
seed ablation experiments on the four test settings. Two algorithmic variants are considered: (1) without
Phase Il, which disables fixed-set intensification and relies on Phase | alone; and (2) without regularizer,
which sets 4 = 0 and removes the repair-dependence penalty from the objective. All other parameters
remain as in Table 4, and the same paired seeds are used throughout. Table 8 reports relative changes
with respect to the full FSS-WSN configuration. For reference, on S1-center (the setting used for
detailed reporting), the absolute throughput values are: 119,533 + 1,190 (full FSS-WSN), 118,534 +
1,190 (without Phase Il), and 118,859 + 1,198 (without regularizer).

Table 8. Ablation study: relative changes with respect to full FSS-WSN (30 paired seeds).

S1-center Sl-corner S2-center S2-corner
A Throughput (%)
without Phase Il —0.84" —1.18% —1.01" -1.07*
without regularizer —0.56F —0.80" —0.20* —1.02"
A Per-round CPU time (%)
without Phase 11 —-36 —42 —33 —41
without regularizer -5 +1 -1 -3

Table 8 reports throughput changes in % and CPU changes as relative per-round time; statistical
significance is assessed via paired Wilcoxon tests (+ p < 0.001; * p < 0.05; ™not significant).
Removing Phase 11 consistently lowers mean throughput across the four test settings, although the effect
remains modest in magnitude. This indicates that, at N = 100, the marginal contribution of Phase Il
over a Phase-l-only variant is small, but consistent. We therefore keep Phase Il in the reference
configuration: it delivers the best mean throughput in all cases and provides a principled intensification
mechanism, at the cost of roughly one-third of the per-round CPU time (33%-42% reduction when
disabled). Removing the repair-dependence regularizer also leads to small, but consistently negative,
throughput changes, with negligible runtime impact (|A| < 5%). We retain it, because it biases the
search away from solutions the quality of which depends heavily on repair; in that sense, the regularizer
acts primarily as a robustness-oriented term rather than as a direct throughput booster.

One-at-a-time sensitivity sweeps: Figure 6 reports the throughput variation when each of the four main
hyper-parameters (y, t, 8, nje,) is varied individually while the others are kept at the defaults of Table
4. Each bar shows the percentage throughput change relative to the default value (marked with x),
averaged over 5 paired seeds on Sl-center (2500 rounds). All variations remain below +1% in
throughput (t, 6, and n;.e, stay within £0.05%; only y reaches = 0.9%), confirming that the selected
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configuration is not a local optimum artifact and that FSS-WSN performance is robust to moderate
hyperparameter perturbations.

A Throughput {%)

One-at-a-time sensitivity: throughput change relative to default (51, center BS)

1.0 4 0.2 4 0.2 1 0.2 1

0.1 0.1 4 011

o 1% ((;EL) > o T (freq. (t):reshold) ° DJG (energ;:hreshold)gﬁ e f‘l?:: *°
Figure 6. One-at-a-time sensitivity: throughput change relative to default (S1, center BS, 5 seeds,
2 500 rounds). All deviations are below 1%; the x marks the retained configuration.

5.5 Scalability N = 200

To assess how FSS-WSN scales beyond the 100-node configuration, we ran experiments with N = 200
homogeneous nodes in the same 100 x 100 m area (S1, center BS, E, = 0.5J, 10 seeds, Ry,ax = 2000).
Table 9 shows that FSS-WSN maintains the highest throughput (238,707, +8.7% vs. HEED) and the
most stable FND (—2.8% degradation vs. —15% to —20% for LEACH/SEP). Per-round CPU time scales
from ~0.085 s (N =100) to ~0.20 s (N =200), consistent with the complexity of Eq. (7), all FSS-WSN
vs. baseline differences are significant (paired Wilcoxon, p = 0.002, r,, = 1.0).

Table 9. Scalability: N =100 (30 seeds) vs. N =200 (10 seeds), S1 center BS.

Throughput FND (rounds)
N =100 N =200 N =100 N =200
FSS-WSN 119,533 238,707 975 947 (—2.8%)
HEED 114,306 219,706 812 805 (—0.9%)
LEACH 110,276 216,869 201 172 (—14.7%)
SEP 107,190 216,413 200 161 (—19.7%)

5.6 Scope and Threats to Validity

These results concern a configuration that assumes a centralized round-based decision, with multi-hop
CH to sink routing, under a strict deterministic feasibility convention for all methods. Interpretation is
delimited by:

Routing abstraction and MAC/PHY gap: The simulator operates at the network layer: Dijkstra
provides optimal multi-hop relay paths, but MAC-layer contention (e.g., CSMA/CA back-off, duty
cycling) and PHY -layer effects (fading, interference, packet-error rate) are abstracted out. This is the
standard evaluation framework for all twelve compared methods.

Three arguments bound the impact of this abstraction on the relative comparison (FSS-WSN
vs. baselines): (i) MAC losses are topology-dependent and round-dependent, but all methods produce
comparable cluster counts (612 CHs/round) and comparable traffic patterns, so that the expected
MAC loss ratio is similar across methods; (ii) the FSS-WSN advantage stems from better CH
placement (lower relay hotspots, lower repair dependence), which reduces spatial congestion—a
feature that would improve rather than degrade under a contention-based MAC; (iii) prior
comparative studies using full-stack simulators for LEACH-family protocols report that relative
algorithm rankings are preserved even though absolute packet-delivery ratios decrease . Nonetheless,
full-stack validation (ns-3 or Cooja with IEEE 802.15.4 MAC) remains an explicit direction for
future work.

Feasibility convention: Deterministic repair enforces strict radius coverage and backbone
reachability; alternative constraint handling may change absolute metric scales.
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e Bounded surrogate: Normalization makes the optimization more stable across rounds under a fixed
budget, but it can also “compress” differences among weak candidates. Therefore, our conclusions
rely primarily on end-to-end system metrics, notably Throughput.

e Central observability: The BS is assumed to know all node positions (fixed, from pre-deployment
survey) and to receive a single residual-energy scalar from each alive node at every round. As
quantified in Subsection 4.1, this control-plane overhead represents less than 4 % (centre BS) to 7 %
(corner BS) of the total network energy per round, and is borne identically by all eight centralized
optimizers.

o Compute-cost dependence: CPU time is platform-dependent; we report it on a fixed platform and
complement it with NFE as a secondary proxy.

Within this scope and the paired Monte-Carlo protocol, FSS-WSN shows a consistent delivered-utility
advantage across the four configurations.

6. CONCLUSION

This work presented FSS-WSN and demonstrated its usefulness for Wireless Sensor Networks. By
adding a learning mechanism to the well-known GRASP metaheuristic, the proposed approach naturally
fits a centralized decision-making setting for selecting cluster heads. It improves overall network utility
through a more guided search that is faster and less costly. We enforced strict feasibility through a
deterministic repair procedure, since our goal was to implement a realistic and deployable approach.

The simulations, which covered both favorable and unfavorable configurations, and included diverse
and representative baselines (including classical protocols, population-based metaheuristics, and more
recent optimizers), demonstrated across all settings (four scenarios) that FSS-WSN consistently
achieved the highest “cumulative throughput” until the network becomes inactive, with gains ranging
from 2.4% to 4.57% over the best baseline. BS-side CPU time was dramatically lower than that of the
strongest iterative competitors, with reductions ranging from 94.1% to 97.19% depending on the
scenarios.

The results also indicate that the approach is particularly effective in scenarios with a high risk of
bottlenecks. However, compared to some protocol baselines, FSS-WSN can be less favorable in terms
of LND (Last Node Die). Overall, this positions FSS-WSN as a strong choice for use cases where the
priority is to deliver as much useful information as possible, with a quick decision time (e.g., industrial
monitoring, emergency response, sensitive perimeter surveillance, ...etc.), and where the survival of the
very last node is less meaningful if it does not correspond to end-to-end delivery.

Future work will focus on bringing the simulation even closer to real conditions by incorporating
MAC/PHY constraints that are currently abstracted. Additionally, we will seek to better understand the
utility—cost trade-off by using a fixed time limit per round when the BS has to decide under real
deadlines.
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