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Abstract-- In Wireless Sensor Networks (WSNs), energy
efficiency is one of the main challenges. Clustering is an efficient
method for prolonging the lifetime of WSNs. The canonical
problem in this context is the choice of Cluster Heads (CHs). CHs
consume more energy than member nodes; therefore, the rotation
of the CH role among all nodes is essential to prevent the early
death of CHs. As this problem is NP-hard, traditional approaches
relied on random selection and rotation of the CH role, whil
others considered heuristics such as position, member count,
residual energy to select CHs in either a centralized or distrj
fashion. In this paper, we present a CH selection method
Graph Neural Network (GNN) to replace ad hoc heuristi

goal of prolonging the lifetime of the network.

trained a GNN on WSNs with a few nodes, g S
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of it [1] and as an r of IgW-cost implementation of new
technologies [14]. Rec®t advances in 10T, wireless networks,
i o-Meclanical Systems (MEMS) have

one of the promising tools to achieve

nd many miniaturized, independent, and low-powered sensor
evices capable of sensing various environmental factors,
processing data, and wireless communication. Sensors monitor
the environment and send the sensed data back to the base
station(s) and ultimately to end-users via the internet. Data
acquisition can occur periodically (time-driven), only when an
event happens (event-driven), or upon a query from the end user
(query-driven) [1]. The sensor node's battery cannot be
recharged or replaced after deployment. This causes one of the
main challenges that WSNs face. As the energy available to
devices is limited, the networks’ lifetime will be bounded,
making energy the most critical resource in a WSN [1, 8].
Therefore, designing energy-efficient communication protocols
is a major focus of research in the field of WSN [10, 8, 16, 23].

Energy is spent in a node for different purposes, including
sensing, processing, and wireless communication. Most of the
energy is dissipated due to wireless communication [17, 1, 4,
38]. Therefore, the main focus of studies on energy efficiency
is on optimizing the communication. According to both free-
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space and multi-path propagation models, the energy required
to transmit a message grows exponentially as the distance to the
recipient increases. This behavior suggests that it is more
energy-efficient to send a message over multiple close by hops
than to transmit it directly [8]. On the other hand, many-hop
communication exhibits more delay and leads to the emergence
of the well-known hotspot problem [19]. As all the routes
converge on the BS, the hotspot problem arises from excessive
load on nodes near the BS, leading to their early death and
resulting in coverage holes and the early death of other nodes.
[11, 38, 2]

To mitigate these challenges, the hierarchical clustering
protocols are the most successful [9, 14, 38]. These protocols
exploit local correlations in sensed data to aggregate
information and send more accurate and compact data to the BS
[8]. To achieve this, the time is divided into multiple rounds. In
each round, the network is partitioned into multiple local
clusters, and one CH node is elected for each cluster. Nodes
send the sensed parameters to their respective CHs, and the CH
aggregates the received data into a single message and sends it
to the BS via intermediary relay nodes [23, 2]. As the clustering
structure has a significant effect on the lifetime of WSNs, the
conical question is how to choose CHs and relays to get the
maximum lifetime for the network. The lifetime of a WSN is
defined as the number of rounds until the first, half, and all of
the nodes are dead. These metrics are referred to as FND, HND,
and LND, respectively. Other lifetime definitions based o
coverage and throughput are also proposed; for a discussi
WSN lifetime metrics, refer to [26].

The energy-efficient clustering in WSNs is a welBknown

clusters. In a static clustering method,
at the onset of network operation
the network’s lifetime. In con
protocol, the clusters are

sequences [36], GNNs can effectively learn representations
from data where relationships between entities are inherently
irregular and complex, e.g., computer or social networks,
molecular structures, and transportation systems [45, 39]. By
leveraging the connectivity patterns and node attributes within
a graph, GNNs enable the extraction of rich, contextual
information that captures both local and global structure.

The core mechanism of GNNs involves the iterative
aggregation and transformation of information from a node’s
neighbors to update its representation. This process, often
referred to as message passing, allows each node to integrate
features from its immediate and extended neighborhood,
facilitating tasks such as node classification, link prediction,
and graph classification [45].

GNNs are particularly useful for problems in computer
networks, as the underlying structure of the network in terms of
topology is best represented by a graph [35]. they offer
generalization and scalability. Unlike CNNs, 4 igh the size
of inputs and outputs is fixed after traigi

This ability proves very useful for ap@lications
networks, as training for differe jzes i
[28, 39]. Additionally, GNNs a &"by employing
efficient message passing Nere information is

er, due to the NP-hardness of the problem,
still actively pursuing ways to further optimize
consumption in these battery-limited wireless networks.
fgning an energy-efficient clustering and routing protocol
or WSN entails two objectives: to both minimize and balance
energy consumption among nodes. As GNNs have served as a
powerful tool to tackle various problems in computer networks,
we aim to incorporate GNNs to solve energy-efficient CH
selection in WSNEs.

This paper proposes a novel application of GNNs to enhance
energy efficiency in WSNs by selecting CHs, with the
overarching goal of prolonging network lifespan. We introduce
a methodological framework that employs a GNN, trained on
data from small-scale WSNs where exact solutions are
attainable, to predict the suitability rank of nodes for CH
designation. Additionally, we develop a multi-hop routing
scheme to achieve a more equitable distribution of
communication tasks among all nodes, thus achieving more
balanced energy consumption among the nodes. Through
comprehensive simulations and comparisons with recent and
classical WSN clustering techniques, we validate the efficacy
of our approach. The results highlight the promising application
of GNNs in addressing energy efficiency challenges in WSNs
and suggest broader utility for tackling similar issues across
wireless networks and other graph-based combinatorial
optimization problems.

C. Organization

The rest of this paper is organized as follows. Related works
are reviewed in Section Il. The system model and problem
definition are presented in Section Ill. In Section 1V, the
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proposed solution is explained in detail. Section V contains the
performance evaluation simulation results. Furthermore, the
conclusion relies on the last section.

Il. RELATED WORK

In LEACH [17], an early and widely adopted clustering
protocol for WSNs, CHs are selected probabilistically based on
a random number in each node. If the number is below a
threshold, the node is designated as the role of CH and informs
its neighboring nodes of its role. The member nodes join the
nearest CH based on the strength of the received signal.
LEACH has several shortcomings. Firstly, the use of random
numbers for CH selection can lead to selecting CHs with low
energy or unsuitable locations while leaving some nodes in
sparse parts of the field without a CH [25].

Several protocols aim to improve LEACH. LEACH-C [16] is
a centralized counterpart to LEACH. It aims to minimize the
energy consumption of member nodes by minimizing the total
distance between a member and its CH using a simulated
annealing optimization algorithm. To prevent low-energy nodes
from becoming CHs, LEACH-C considers only nodes with
energy above average as CH candidates. However, due to the
use of single-hop communication between CHs and the BS, the
overall energy consumption of LEACH-C is not optimal.
MEACH [7] is another improvement over LEACH. It is a
distributed protocol that forms clusters based on the radio range
and the number of cluster members. To improve ener
efficiency, a multi-hop routing is proposed where some CH
as relays for more distant CHs. It solves some limitagions of
previous protocols, but due to the high number of§ontrol

[24] uses a greedy algorithm at the BS to for
to minimize communication distance an

the data to the BS. To prevent the'e
a new leader is selected a b

stering efficiency through the use
arm intelligence algorithms. Namely,
29, 32, 30], Particle Swarm Optimization
34], Gray Wolf Optimizer [9, 51], Salp
m [8, 41], and Spider Monkey Optimization
[27].

Neural networks have also been widely used to tackle energy-
efficient clustering in WSN. In [3], a multi-hop routing protocol
based on reinforcement learning (RL) is proposed to minimize
delay in energy harvesting WSNs. Both centralized and
distributed RL algorithms are examined. However, using binary
features to approximate the Q-value and delayed convergence
of RL algorithms in general makes this protocol sub-optimal.
RL is also used in [12] to select the next hop for a node in a

distributed fashion. Also, in [13], a distributed coverage hole
recovery method based on RL by re-adjusting the sensing range
of nodes is proposed. Authors of [5] developed a routing
algorithm based on a novel deep belief network framework. An
RL algorithm is adopted for CH selection, while routing is
handled using a deep learning approach. In [6], a GNN is
proposed for deep structural clustering. The GNN is enhanced
to solve the problem of structural information vanishing.

Many other works utilized RL for solving problems in WSNSs,
including [21, 37, 40, 44, 46, 47, 48, 49]. For angxtensive study
of clustering protocols in WSNs, refer to
reviews highlight various advancemenjs=a
clustering protocols, each aiming to imp
stability, and adaptability in WSNS.

DEFINITION

I1l. SYSTEM MODEL ANWPROBL|

A. Network Model
In this work, we copsi

twork consisting of a set of

are using equations from the system model presented in
he LEACH [17]. Here, the dissipated energy to send a message
to a distance d is given by (1).

% Egpec + 1 X Epg x d?,
1# Egpee + 1 X Epppy X d*,

d < d,
d > d,

1
Erx(l,d) = { @

where [ is the length of the message, E,.. is the amount of

energy dissipated by the electronic circuit per bit, E¢; and E,,,,,

depend on the transmitter amplifier model, and the threshold

value d, is given by (2).

_ [E 2)
0= Emp

On the other hand, the dissipated energy for receiving a
message of length | is given by (3).

ERX(l) =1Ix Eelec (3)
The CHs need to use the processing unit to aggregate and
compress the received data from the cluster members, resulting
in energy dissipation as given by (4), where E,, is the per-bit
energy required for aggregation.
Epa() =1X Eyq 4)
In this system model, nodes can take three roles. Namely,
cluster member, CH, and Relay. According to (1)-(4), the
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energy consumption of nodes based on their role in the network
can be formulated. Here, we do not account for the energy
required for sensing [9] as it is relatively negligible [8]. The
energy consumed by a member node in a single round is given

by (5).

Emember (i) = Epx (1, dist(i, CH,)) ®)

where CH; is the CH of node i and dist(-) is the distance
between any two nodes. On the other hand, if a node is CH, the
amount of energy it consumes is approximated by (6).

EE1() = Exx (L x CM;) + Epy (1% (CM; + 1)) ©
+ Epy (l,dist(j.next(i)))

where CM; is the number of members in cluster j, and next(j)
denotes the next hop for node j according to the current routing.
The next hop might be a relay node or the BS. This formulation
corresponds to the energy required for receiving I-bit messages
from all cluster members, aggregating the data, and sending one
I-bit message to the next hop.

Similarly, the energy consumed by a relay is given by (7),
which corresponds to receiving the I-bit message and sending it
as-is to the next hop.

Eg"elay (r) = Egry (D) + Ery (l,dist(r,next(r)))

C. Problem Definition
Here, we propose to maximize the networ

which represents a formulation

Maxciznizef(C, R, 2Z)

(8b)

(8c)

is the CH selection matrix such that
js CH at round t and zero otherwise, and R
tion matrix such that R, .y is the relay of CH n
, the problem parameters, such as location and
residual energy of nodes, are contained in Z. X’ and X" are
feasible sets for clustering and routing, respectively. Finally, t<,
formulated by (9), represents the round at which node n dies.

td =min{t|t =0,..,T Ael <0} 9)
where e/, is the residual energy of node n at round t, and T is the
last round.

V. PROPOSED SOLUTION

Achieving an exact solution for problem (8) is not feasible
for large networks [9]. However, it is possible to find CH
configurations that optimize the objective function (8a) within
smaller networks. For instance, to find three optimum CHs for
a network comprising 60 nodes, (630) = 34,220 solutions must

be examined, a task feasible within a practical time. Our
proposed solution is to train a GNN by generating a training
dataset consisting of small networks solved i
search, then use the trained GNN on larger ne

A. Graph Representation

each node
corresponds to a sensor node i edge exists
between two nodes if their dista
(d;). This construction i
captures the connectivi
is associated with i

residual energy

Urthermore, each node
ure vector containing its
e node would consume if

, the lower the rank, the more suitable
H. Similarly, each edge (u,v) is associated
gr containing the amount of energy that node
ode U is CH, denoted as eS"=%, which is equal
required to send one message from v to u as
by (5). Fig. 1 shows a sample of this graph. With
ph representation established, the objective of the GNN
is ta predict node labels (CH rank) by leveraging the graph
tructure along with the feature vectors of both nodes and edges.
Node representation learning is a suitable GNN framework to
tackle this task.

Fig. 1. The neighborhood graph on a sample WSN with 50 nodes.
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Node Representation Learning

Node representation learning aims to extract effective and
compact node embeddings by training a neural network that
maps the input graph (features of nodes and edges, along with
the graph topology) to the node labels. A common framework
for GNN is the Message Passing Neural Network (MPNN). In
the MPNN framework, multiple layers of message passing are
stacked on top of each other [45]. The basic idea of MPNN is
that relevant information about the nodes, edges, and the entire

graph can be encoded in fixed-size vectors [35]. Denote h,(f) as
the hidden state of the k-th node in the I-th layer. Starting from
the initial node representation, each layer consists of the
following three stages as formulated in (10) and depicted in Fig.
2:

» Message: For each edge, the hidden state of nodes at the
two ends of the edge is fed to an MSG function, and the output

is called the message from node v to u, denoted as m(l) This
step is formulated by (10a).

» Aggregate: Given by (10b), each node aggregates the
messages from all incoming edges by using an AGG function.
The aggregation is denoted by a(’)

« Combine: Finally, applying a UPT function, each node
combines the aggregated messages with its own hidden state,
given by (10c).

MSG: m{) « MSG(h% %, hli1), v(v,u) € € (10a)
466:a? « AGG ({m{|u e v, }vwen)  (10D)
UPT:h® « UPT(h{™™,a),vv e v
where IV, is the set of nelghbors of node v.
A
)

h i
Aw MSG(..) ‘E

three

In the proposed GNN,
Convolutional Graph Neural Network (ECGNN) [39] are
stacked on top of each other. ECGNN is a GNN architecture
designed to be used on weighted graphs [39] and uses the
following formula to update the hidden state of graph nodes.

layers of the Edge

m' = MLP(RS™ . f o kD, WE), v(w,u)  (113)

(SX

h,(,l) = mean ({ (l)|u € J\f} Vv € V) (11b)

Where f,,,, is the edge feature vector of the edge between u
and v, - is the concatenation operator, MLP is a two-layer fully
connected neural network with ReLU activation function,
WI\E,QP is the learnable weight matrix of the MLP at later I, and
mean is the element-wise mean function. Eq. (11a) and (11b)
correspond to the message and aggregate stages of the MPNN
framework, respectively, while the update stag e identity
function. Additionally, a readout network co f a two-

Algorithm 1 Dataset Generation Algorithm

Input: n

Output: set of P training samples D

1:fori=0to P do

2: v = set of N; nodes with random position and energy.

3: cc/L =N

4:r=0

5 while G, # 0 do
Select relays as described in section 4.F
C = set of cluster heads from C_, that optimize (8)
rh=r,vnec
remove selected CHs from: C_,,

10: r=r+1
11: end while
12: end for

12: return D

© N2«

Iay?K/ILP with ReLU activation function is used to map the

idden state of nodes in the final layer to the CH ranks. This
encoder can also be viewed as the update stage of the last layer.
Table I lists the numeric details about the structure of the GNN.

TABLE |

Numeric Details of the GNN
Parameter Value
Number of node features 2
Number of edge features 1

Number of node hidden features at layer 1 16
Number of node hidden features at layer 2~ 32
Number of node hidden features at layer 3 64
Number of Encoder MLP layers 3

Encoder MLP structure 64t032to1

C. Training the GNN

generated a synthetic dataset to train the GNN. As mentioned
before, an exact solution for problem (8a) can be found for
small WSNs in a feasible time. The training dataset contains 60-
node WSNs where the position and residual energy of the nodes
are drawn randomly from uniform distributions. For each of
these samples, all the permutations of selecting 3 CHs from the
set of candidates were examined to find the one that maximizes
the objective function. Initially, all nodes are considered CH
candidates. The best CH are given the rank value of 0 and
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removed from the candidate set. Then the process repeats for
the remaining candidates, while in each iteration the rank value
is increased by one. This results in assigning a rank value to
every node. Algorithm 1 shows this process in a formal way.

The generated training samples are converted to the graph
representation and are used to train the GNN based on the mean
absolute error (MAE) loss function.

D. Application

To employ the trained GNN to select CHs, the network in its
current state should be converted to a graph representation. To
calculate the energy a node consumes when selected as CH, the
next hop should be known. Therefore, in our proposed protocol,
the routing precedes the CH selection. The trained GNN can
predict optimal CH ranks when a suitable graph is fed into it.
First, the graph is constructed based on the description in
Section 4. A, then it is fed into the GNN. The GNN output is
the CH ranks. We select the top k nodes with the lowest ranks
as CH. This procedure is detailed in Algorithm 2. To assign CH
to relays, each CH will be connected to the relay corresponding
to the cluster center closest to it.

Theorem 1. The time complexity of the GNN-based CH

Algorithm 2 GNN-based CH selection
1: R, = (et eh=") vv eV

2: fupr = (V) V(u,v)€eE
3:forl e {1,2} do

4:  forall (u,v) € £do

5. My, = MLP(RS™ - fup - hS ™, WiE,)
6: endfor

7: forallveVdo

8: h,(,l) = mean ({mffalu € ]\Q,})

9: endfor

10: end for

11: forallv € V do

12: 1k, = MLPrpapour (hl(JlZZ))

13: end for

14: C(;ny = 1 for k nodes with least rank r,-#, and zero for
other nodes.

15:return C; ,)Vn € V'

Igorithm 2, is O(n?), where n is
] ork.
the time complexity of the algorithm by

selection method, as@hown in
the number of no

going thr pseudo code. At line 1, h,(,o) is constructed for
e as each graph node corresponds to a node
in theQetwork) this line is completed in O(n). In line 2, edge

feature re initialized. The number of edges in the graph
is in O(n?). At line 3, a for loop that repeats 2 times starts. In
line 4, a nested loop that repeats for each edge of the graph
starts. In every iteration of this loop, the message m,,, is
calculated by running an MLP. As the size of MLP layers and
their inner weights in each layer are fixed and do not grow with
the size of the problem, it can be regarded as a constant time
computation. Line 7 declares another loop that repeats for each
node. Inside the loop, all messages from neighbors of a node

are aggregated, and as the number of neighbors of a node is in
O(n), the time complexity of line 8 is O(n). This is multiplied
by the repeat count of the enclosing loop. Therefore, the total
time complexity of the loop at line 7 is O(n?). Line 11 is a
similar loop that runs the readout MLP for each node, and as
the MLP has constant runtime, the total time complexity of the
loop at line 11 is O(n). In line 14, the top k nodes among n nodes
are found. As finding the least element of a list is in O(n),
repeating this k times is in O(nk), and as n is an ypper-bound
for k, O(nk) can be replaced by O(n?).Thereforg/the total time
complexity is (12).

o(n)+0m?) +2 x (0(n?) x o1
0(n)) + 0(n) x 0(1) +0(n?) = O
0(n?) +2x 0(2n?)+0(n) ?
2n) = 0(n?)

E. Relay Selection

The proposed
nodes' energy cons
candidates should be

6,9,8]. This strategy prevents relays from being
verloadggs resulting in more evenly distributed energy
umption and mitigating hotspot issues. Starting from the
furtlyst cluster centers, a relay is selected for the cluster center,

)and repeatedly, the next hop is chosen for the relay until the BS
i

s reached. This procedure is then repeated for each cluster.

To determine the next hop for a given node or cluster center,
a set of relay candidates is formed by considering the nodes that
are not already a relay for another cluster and have more
residual energy than the average. To choose the next hop, the
nodes in the relay candidate set are examined, and the closest
node that satisfies the following conditions is selected as the
relay. Firstly, the relay should be closer to the BS than the
current node. Secondly, the relay should not be closer than a
threshold Dy,;,, to the current node. This constraint is to avoid
selecting very close relays, which results in increased hop count
and delay. Finally, the detour via relay to BS should not be
much longer than the direct route from the current node to the
BS. The first, second, and final conditions are given by (13),
(14), and (15), respectively.

dist(r, BS) < dist(n, BS) (13)
dist(n,r) < D},in (14)
dist(n, r) + dist(r, BS) < dist(n, BS) + D}, 4y (15)

Where D}, is a threshold controlling the maximum allowed
difference between the direct node to BS distance and node to
relay plus relay to BS distance. The complete routing procedure
is given in Algorithm 3.
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V. PERFORMANCE EVALUATION AND DISCUSSION
We conducted a series of simulations to evaluate the

Algorithm 3 The routing algorithm

Input: Location of nodes and cluster centers

Output: Ry,

1: C: = clusters sorted by distance from center point to
BS in descending order

2: R: = set of nodes with higher energy than average.
3:forallC €C

4: n=center point of cluster C

5: whilen! = BS do

6: R' = setof relay candidate that satisfy formula
(13) to (15)

7: if R = @ then

8: r = BS

9: else

10: r = closest relay candidate in R’ to n
11: end if

12: R(t,n) =T

13: Remove r from R

14: n=r

15: end while

16: end for

17:return R

effectiveness of our proposed protocol and compare it again
several recent protocols to establish benchmarks. T,

implemented using PyTorch and the Deep Graph
(DGL) [43], a comprehensive library specifically #si
deep learning on graphs. During the traini

optimization capabilities. This optimiZe
learning rates for each parg
convergence. The convergence
in Fig. 3.

efficient
is depicted

= Train
—— Test
0.5 A
0'12_ S R .
A A A A A ]
0.4
0.10 T T T
30 325 350 375 40
@
(=]
-
0.2
A
0 50 100 150 200 250 300 350 400

Epoch
Fig. 3. Loss per epoch for the train and test datasets.

A. Metrics

We have used several common metrics to assess the
performance of our proposed method and compare it with other
protocols. These are listed below:

« Alive nodes per round: The number of alive nodes in
each round until all nodes are dead. FND, HND, and LND are
extracted from this metric and presented separately.

« Throughput: The total amount of data that is delivered to
the BS; this is a function of alive nodes per rqund, as each
round in

which it is alive.

« Radius of the largest coverage
proposed this metric in [36]. This is
distance between a dead node angds :
guantify how
well a protocol distributes enerd tion throughout the

sensing field and its abili

protocol. In LEACH, CH are
(Mbuted fashion based on randomly chosen

lustering and multi-hop routing protocol utilizing the Salp
warm Algorithm. Its routing scheme shares many similarities
with the current work. An exclusive chain of relays is selected
for each CH based on a heuristic algorithm to mitigate the
hotspot problem.

GECP (2024) [36]: Our previous work was the GNN-based
equal clustering protocol. This work aims to equalize the
member count across static clusters to better balance energy
consumption for CHs. It also used a routing similar to [8].

TCSAA (2022) [41]: Aims to address the main limitation of
the LEACH protocol, i.e., the multi-hop routing. Clustering in
this protocol is similar to LEACH, but instead of direct
transmission from CHs to BS, it devises multi-hop routing for
both inter-cluster and intra-cluster transmissions. The routing
problem is solved via a Taylor-based Cat Salp Swarm
Algorithm.

ESCVAD (2022) [25]: Forms static clusters of equal size
based on VVoronoi division and a heuristic post processing. The
equalization of clusters is aimed at as a means of balancing
energy consumption among CHs. The multi-hop routing
proposed in this protocol is executed in a distributed manner
using a heuristic weighting mechanism that accounts for
distance and energy.
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TABLEII
Parameters of Scenarios
Area BS location Nodes
Scenario 1  200m*200m (100,100) 100
Scenario 2 300m*300m (150,500) 500

C. Simulation Setup

Two scenarios are devised to assess the performance of the
proposed protocol and to compare it with benchmarks. The
scenarios differ in terms of the dimensions of the sensing field
and the number of sensor nodes. These parameters are listed in
Table I1, while Table Il lists the details of other parameters
used in the simulation that remain unchanged across the two
scenarios.

TABLE Il
Common Parameters Used in Simulation

Parameter Value

Initial Energy 0.5J

Percentage of CHs 5%

Packet length 200bits

Message Length 4000bits

Max hop 5

Mpin 0.8

Mpypax 15

Elec 50nJ/bit

Efg 10pJ/bit/m?

Epmp 0.0013pJ/bit/

Epa 5nJ/bit/sign

do 87m

d: for scenario 1 94

d; for scenario 2

GNN Training epochs

GNN initial learning rate

IN| for train and test

Number of samples in dataset,

ational efficiency of the
gueThead associated with data
ataset construction involves an
ine the optimal clustering

approximately 35,000 combinations).
ecuted using a straightforward Python

minutes. Furthermore, the GNN training phase, conducted over
400 epochs with an average duration of 30 seconds per epoch,
was completed in less than 3 hours and 20 minutes.
Consequently, the total time required for both data generation
and model training was under 4 hours on standard CPU-based
hardware. This demonstrates that the proposed approach is
computationally efficient, and the training overhead could be
further reduced significantly by utilizing GPU-accelerated
environments.

To evaluate the feasibility of the proposed GNN model for
real-time deployment, we analyze the computational
requirements of the inference phase at the BS. The proposed
architecture is a lightweight, shallow GNN with the following
configuration: 2 node features and 1 edge feature with 3
message-passing layers with hidden dimensions of 16, 32, and
64, respectively, and finally, a 3-layer MLP with a structure of
64 to 32 to 1. Given this architecture, the model contains
approximately 9,500 trainable parameters. Exgcuting this

lightweight GNN is negligible
highly suitable for practical W
inference latency is ord

desp
otocol led to an almost equal FND
anaged to overcome this limitation
igher HND compared to the best protocol
d 33% in comparison with GECP. As for

Our protocol has several features that aid it in achieving
etter results in comparison to benchmarks, including the
adaptation of FND as the objective function and using GNN to
find a solution for maximizing FND. Also, using multi-hop
routing and selecting an exclusive route for each cluster to the
BS ensures balanced energy consumption among members,
CHs, and relays. Finally, omitting the setup phase in some
rounds in which the previously selected CHs and relays are still
good enough is another factor for the energy efficiency of our
protocol.

Balancing energy consumption between nodes also limits the
growth of coverage holes. The largest coverage hole metric is
designed to assess the ability of a protocol to spatially distribute
energy consumption across the sensing field to prevent loss of
coverage over large areas. Fig. 5 plots the radius of the largest
coverage hole over time for the proposed and benchmark
protocols. The largest coverage hole for the competitive
protocol GECP grows with a higher slope until around round
850 at 200m and grows more slowly afterward. In comparison,
our protocol limits the growth of coverage holes throughout the
network's lifetime. Preventing the use of near-death nodes for
higher energy-demanding tasks via designating the FND and
the objective function will result in prolonging the lifetime of a
node as much as possible, and is reflected in these results.
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Fig. 4. Alive nodes per round for scenario 1.
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The second scenario tests the ability of the protocols for
larger WSNSs. It consists of 500 sensor nodes in a larger field of
300m*300m, while the BS is located outside the field at a far
distance. In this scenario, the routing plays a more vital role,
and the emergence of the hotspot problem is more prevalent as
the nodes close to the BS are the most spatially suitable relays.

Fig. 7 shows the alive nodes per round for the second
scenario. In this scenario, the proposed protocol yields better
results in FND, HDN, and LND, signifying the suitability of
this design for larger networks in comparison with the
benchmarks.

When analyzing the results more carefully, a complementary
trend can be observed in the FND metric. In Scenario 1, FND
improvement is negligible (0%), whereas in Scenario 2, FND is
improved by approximately 52%. In other words, the smaller

stronger improvement in FND. The re
characteristics of the two scenarios. Scepe

node dies, where nod
differences become jag@

In contrast, S
leading to longer
transmissi

unication distances and increased
h conditions, maintaining a strong

critical in practical WSN applications than merely
elaying the final node death.

The growth of the coverage hole in the second scenario is
plotted in Fig. 8. We observe a sharper slope for the growth of
the largest coverage hole in comparison with the first scenario,
as the network field is much larger this time. However, the
proposed protocol also outperforms the benchmarks in this
setup. Overall, keeping more nodes alive for a longer time will
enable the transmission of more data messages containing
sensed parameters and finally a higher throughput, as plotted in
Fig. 9. Finally, the summary of the results for both scenarios is
presented in Table IV.
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Fig. 7. Alive nodes per round for scenario 2.
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Scenario 2 Future work will include a more comprehensive benchmarking
S| = against recent learning-based protocols.

-

1
400 / N | Second, to construct the input features for the GNN, the routing

L

T procedure must be executed before the CH selection stage. To

1 r L

o break this circular dependency between routing and CH
300 / ] N selection, the routing algorithm assumes that candidate CHs are

located at the centers of grid cells when estimating relay paths.

While this assumption provides a practical way to generate
-~ Proposed . consistent energy estimates, it may introduce a degree of

/
1
1
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200 I
h --- GECP sub-optimality in the estimated routing cos
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the routing-clustering dependency while further
the overall efficiency of the network.

Throughput (M
B
o

20+
VII. CONCLUSION

We introduced a novel method for selecting energy-efficient
O_ProposedGECP CSMC ESCVADTCSSA LEACH CHs in WSNs to extend network lifespan. To address this

challenge, we employed a GNN trained using data from small-
y scale WSNs for which obtaining exact solutions is feasible.

Fig. 9. Total throughput scenario 2.

TABLEI\ _ : Subsequently, the trained GNN was utilized to predict the

Common Comparisop@f Lietime Wieyrics suitability rank of nodes for CH designation. Furthermore, to

Scenario 1 <l achieve more balanced energy consumption, we devised a

Proposed | FND | HND ND | HND | LND | mylti-hop routing scheme to distribute communication tasks
GECP 691 ’% 1151 4 227 402 among all nodes as evenly as possible. By conducting
CsSMC 499 69 129 308 366 simulations and comparing them with both recently proposed
ESCVAD | 500 118 169 196 and classic WSN clustering approaches, we demonstrated the
TCSSA 33 43 140 185 effectiveness of our specific design choices. The success of
LEACH 246 17 70 102 GNNs in addressing this particular challenge in WSNs

9 | 1371 204 342 406 highlights their promising potential to tackle similar issues
within wireless networks and other graph-based combinatorial
optimization problems in general.

Propos
32% 19% 52% 11% 1%

Improved
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