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ABSTRACT

Formation of balanced clusters in loT-based wireless sensor networks constitutes an NP-hard problem for
which no straightforward solution exists. Existing approaches often employ centralized schemes with
significant communication overhead or rely on computationally intensive evolutionary algorithms, which
limit their practical applicability. To address this challenge, we introduce two simple yet efficient
distributed methods: the Load Balanced Greedy Cluster Assignment (LBGCA) for large-scale loT
networks, and its extension, the Multi-modal Load Balanced Greedy Cluster Assignment (MLBGCA) for
QoS-aware applications. Both algorithms adopt a localized greedy strategy that minimizes communication
overhead by requiring only neighbourhood-level information. LBGCA enables nodes to self-organize into
balanced clusters, whereas MLBGCA integrates application-specific QoS constraints by dynamically
adjusting cluster head load profiles. Simulation results across grid, Gaussian, and random deployments
demonstrate that LBGCA reduces load imbalance by 20-40% and energy consumption by 70-90%, while
MLBGCA further improves load imbalance by 30-50% and decreases energy use by 60-90% relative to
existing algorithms.
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1. INTRODUCTION

The evolution of 5G networks is transforming communication technologies by enabling faster
data transfer and supporting large-scale applications such as the Internet of Things (10T) [1]. One
of the most promising applications of 5G’s massive machine-type communications (mMMTC) is
the deployment of distributed wireless sensor networks (DWSNSs), widely used for monitoring
and detection tasks. In such networks, each sensor node operates with limited processing power,
transmission range, and battery capacity. These restrictions make energy efficiency and
scalability critical issues for extending the lifespan of wireless sensor networks (WSNSs), which
serve as the perceptual layer of large-scale 10T infrastructures [2].

Clustering has emerged as a key strategy to mitigate these constraints [3,26,27]. By organizing
nodes into clusters with designated heads (CHs) for data aggregation, this approach reduces
redundant transmissions and improves energy efficiency. A typical hierarchical communication
framework is illustrated in Fig 1. Despite its benefits, the CH role consumes significantly more
energy [11]. While CH rotation helps distribute this load, it often fails to achieve true balance,

DOI: 10.5121/ijcnc.2025.17602 21


https://airccse.org/journal/ijc2025.html
https://doi.org/10.5121/ijcnc.2025.17602

International Journal of Computer Networks & Communications (IJCNC) Vol.17, No.6, November 2025

leading to network instability, coverage gaps, and premature partition [24,30]. The problem is
further complicated by the NP-hard nature of forming optimally balanced clusters [5,33].

Existing solutions often struggle with this complexity. Centralized schemes [35] and heuristic or
evolutionary algorithms —including nature-inspired methods like Grey Wolf Optimizer—can
improve energy distribution but introduce substantial computational and communication
overhead, making them unsuitable for resource-constrained nodes [4,5,8,22]. Similarly,
techniques like compressive sensing and soft-k-means clustering show promise but are limited by
their complexity and reliance on global information [9,16]. Furthermore, the diverse QoS
requirements of different loT applications (e.g., latency for surveillance, reliability for habitat
monitoring) mean no single strategy is universally optimal [10,12,28]. This creates a clear need
for lightweight, adaptive, and distributed clustering methods that can balance energy load without
significant overhead while meeting application-specific QoS demands [14,15,29].

To address this gap, we propose two lightweight, distributed algorithms for load-balanced
clustering. The first, Load Balanced Greedy Cluster Assignment (LBGCA), uses localized
neighbourhood information and minimal messaging to form balanced clusters via a greedy
method. The second, Multi-modal Load Balanced Greedy Cluster Assignment (MLBGCA),
extends LBGCA by integrating application-specific QoS constraints through multimodal load
profiling of CHs. Together, these algorithms provide energy-efficient, scalable, and QoS-aware
clustering for diverse 10T deployments.

The remainder of this paper is structured as follows: Section 2 defines the problem and reviews
related work. Section 3 details proposed LBGCA algorithms, and section 4 analyzed its
performance. Section 5 describes multi modal load balancing scheme and MLBGCA
algorithm. In section 6 performance of our proposed algorithms are detailed. Finally, section 7
concludes the paper.

% Cluster Member
& Cluster Head
. Base station

Figure 1. Cluster based network

2. RELATED WORKS

Forming load-balanced clusters in WSNs and 10T is an NP-hard problem, necessitating heuristic
and meta-heuristic solutions aimed at maximizing network longevity by evenly distributing the
energy burden of Cluster Heads (CHSs) [18, 20, 25, 31, 41]. Research has evolved from simple
probabilistic methods to more sophisticated algorithms [45].
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Early protocols, such as the seminal LEACH [3], established CH rotation to prevent node
burnout. While innovative, its stochastic nature led to suboptimal clusters. Enhancements like I-
LEACH [6] incorporated residual energy and distance, but the core probabilistic approach still
lacked a guarantee for balanced cluster sizes [6].

Subsequent metric-based algorithms sought more deterministic control. Protocols like LBC [4]
used geographical positioning to minimize cluster size disparities, while NLDLB [9] assigned
nodes based on local density rules. These methods improved balance but introduced overheads
like localization costs and lacked adaptability [4, 9].

The pursuit of near-optimal solutions led to bio-inspired and centralized optimization techniques,
such as Genetic Algorithms (GAs) [7,8,40]. While capable of high-performance clustering, their
non-deterministic nature and high computational complexity relegate them to a centralized base
station, creating a single point of failure and significant communication overhead [7, 8, 19].

In parallel, distributed protocols [17,21] emerged to minimize overhead and enhance
scalability[37]. Algorithms like DLBCA [12] and CALB [49] use local information (e.g., residual
energy, neighbour proximity) for independent CH election, achieving low overhead [12, 13, 49].
However, a critical limitation of these approaches is their narrow definition of "load," which is
predominantly based on cluster size and residual energy, overlooking the quality of the onward
multi-hop path to the base station.

Recognizing that cluster size is an insufficient metric, later work incorporated more nuanced
strategies. DEACP [47] managed intra-cluster traffic with sleep scheduling, HRLBP [50] used
mobile data collectors, and other methods employed Vice-Cluster Heads [51] or multi-level
heterogeneity [42]. While these advanced load management, they largely side stepped the
integration of application-specific Quality of Service (QoS) parameters like latency and reliability
into the core load-balancing decision [47, 50]. Non-clustered approaches like ORR

[32] also face significant overhead from centralized control.

A comparative analysis of these protocols (summarized in Table 1) reveals a clear taxonomy of
trade-offs. Centralized and bio-inspired algorithms achieve high performance at the cost of
impractical overhead, while distributed algorithms offer scalability but use an oversimplified load
model that ignores both the onward path to the sink and application-level QoS.

This leaves a pronounced gap for a practical, distributed solution that employs a low-complexity
strategy to achieve load balancing based on a multi-modal assessment of load, incorporating not
just energy and cluster size, but also the critical QoS parameters demanded by modern loT
applications. Our proposed LBGCA and MLBGCA algorithms are designed to fill this gap.

3. LoAD BALANCED GREEDY CLUSTER ASSIGNMENT (LBGCA)

We first propose a lightweight and distributed strategy for cluster formation we call Load
Balanced Greedy Cluster Assignment (LBGCA) algorithm. LBGCA prioritizes load balancing
with minimal complexity.

3.1.System Assumptions

The network comprises several sensor nodes and a few coordinator nodes (Cluster Heads, CHS).

Communication occurs over wireless links within a fixed range. We assume node positions are
known, typically via GPS. Each sensor node greedily selects the CH with the fewest existing
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members, thereby promoting balanced cluster sizes.

3.2.The LBGCA Algorithm

The detailed pseudo code for LBGCA is decribed in Algorithm 1. For every sensor node, the
algorithm initializes two key variables namely, ‘points_con’ (the minimum number of members a
candidate CH has) and ‘dist’ (the Euclidean distance to the nearest candidate CH). At start both
‘points_con’ and ‘dist’ are set to a high initial value. The node then identifies all CHs within its
communication range. The assignment follows a two-tiered rule set. Primary Rule (Load): The
sensor node is assigned to the CH with the fewest current members. Tie-Breaker Rule
(Proximity): If multiple CHs have the same smallest number of members, the node selects the
closest one (i.e., the CH with the minimum Euclidean distance, path_dist). Once a member joins a
CH, the assigned counter for the selected CH is incremented.

Table 1. Comparative analysis of load balancing algorithms

role using local
data.

Protocol [Methodology Key Achievement Limitations
LEACH [3]  |Probabilistic; randomized CH [Foundational protocol; CH selection is random; ng
rotation. simple; distributesenergy |guarantee  of balance o
load. optimality.
I-LEACH [6] [Probabilistic; CH selection Improved network lifetime [Still probabilistic; limited
based on over metric selection.
energy & distance. LEACH.
LBC[4] |Deterministic; uses GPSfor |Creates clusters with High overhead of GPS; lacks
location-aware balanced sizes. adaptability.
assignment.
NLDLB [9] |Deterministic; fixed CH range;[Manages local node density [Performance is sensitive to the
density- effectively. pre-
based assignment. defined CH range.
GALBCA [8] [Centralized; uses Genetic Finds near-optimal cluster [High computational cost; not
Algorithm formations. suitable for
(GA) for clustering. sensor nodes.
DLBCA[12] [Distributed; nodes self- select [Fully distributed; low Uses simple metrics; can lead tg

communication
overhead.

sub-optimal
global state.

DEACP [47,28]

Distributed; intra- cluster
traffic
management & sleep

Reduces packet drop via load
distribution.

Focus is on intra-cluster QoS,
not end-to-end path quality.

data collectors (MDCs).

scheduling.
ORR[32] [Centralized; sink computes  [Optimizes for residual Extreme communication

energy- energy on overhead; not scalable.
aware forwarding sets. the path.

CALB [49] Distributed; local load \Very low overhead; highly |lgnores onward path QoS; no
balancing + gossiping scalable. guarantee of
for routing. end-to-end reliability.

HRLBP [50] [Hybrid; uses mobile Handles network dynamics |Requires complex

well.

mobile elements; use MDCs.
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Algorithm 1 Load Balanced Greedy Cluster Assignment
(LBGCA)

Input:
(i) Given N sensor node in the network with coordinates ,
Vi={(X1, Y1), (X2, ¥2), evvnee (xnyn)}
(i) Vector with coordinates of the prospective CHs,
Vi={(ay, b1), (a2, b2), ... (amam)}
(iii) List of allowable communication range of nodes, Range={r1,r2,r3}
(iv) List of the members sensor nodes already assigned to a cluster,
Assigned={s;,S,...... ,Sn)
Output:
CH Id’s assignment to the member nodes, Clusters: ¢i,c;..,Cn

procedure ASSIGNHEAD (V1, V2, Range, Assigned)
for each node i in V;do
Clusters[i] < -1
for each node i in V; do
dist <1 /*larne sustem valiie*/
points_con «—
for each head j in V,do
(ab) «  Vo[]]
(xy) «  Vili]
dist «—sqrt ((x-a)*(x-a)+(x-b)*(x-b))
if dist <= Range[i] then
if Assigned[j] < points_con then
points_con = Assigned[i]
Clusters[i]=j
else if Assigned[j] = = points_con then
points_con = Assigned[i]
Clusters[i]=j
Assigned|[clusters[i]]++
return Clusters[]

4. PERFORMANCE EVALUATION OF LBGCA

To evaluate the efficacy of LBGCA algorithm, we compared it against classic load balancing
protocols (LBC [4], EELBCA [20]) and some more recent approaches like (LLALBC [13],
DEACP [47]) using MATLAB Simulink [54]. Simulations were conducted under varied network
conditions to assess performance in terms of load balance and energy efficiency.

4.1.Simulation Setup

We modelled multiple network scenarios with 50, 100, and 150 sensor nodes distributed across
areas of 50x50, 100x100, and 150%150 units, respectively. Two primary node distribution models
were employed: uniform normal distribution, and Gaussian grid-based distribution. Normal
distribution is applicable typically for broad-area monitoring. Gaussian grid-based distribution is
more suitable for applications that require focused coverage on specific points of interest [34, 36].
Performance metrics compared are, standard deviation of cluster sizes (indicating load balance),
average energy consumption across all nodes, and network lifetime until the First Node Death
(FND) and Last Node Death (LND) [23, 43].

4.2 Performance of LBGCA and Analysis

Fig. 2 and Fig.3 shows the load balancing performance of LBGCA for normal node distribution
and grid-based node distribution, respectively. LBGCA consistently achieves a lower standard
deviation in CH load compared to all benchmarks across various network scales and topologies.
This improvement is a direct result of LBGCA's core mechanism, which explicitly monitors and
minimizes the number of members per CH during cluster formation. Furthermore, LBGCA
demonstrates better energy efficiency, as depicted in Fig. 4 and Fig. 5. In all tested scenarios,
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LBGCA maintained lower average energy consumption over multiple operational rounds. This
advantage stems from the algorithm's simplicity, which relies on minimal localized message
passing and avoids the computational overhead of more complex methods.

ELBC N EELBC O DEACP
B LLALBC @ LBGCA
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L
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Figure 2. Standard deviation in CH load (Normal random distribution of nodes)
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Figure 3. Standard deviation in CH load (Grid based distribution of nodes)
4.3.Limitations and Motivation for Multi-Modal Profiling

Despite its strengths, LBGCA, defines cluster head "load" solely by the count of member nodes,
as like the benchmarks it outperforms. This simplistic metric ignores critical application- specific
Quality of Service (QoS) factors[38,53]. For instance: A CH with few members may lack
sufficient energy for the onward multi-hop transmission to the base station. Again, a CH may be
unable to relay data within a required latency bound due to congestion on its path. Therefore, a
more comprehensive load model is necessary. This motivates our next enhanced algorithm, which
incorporates a composite multi-modal load profile for each CH, considering key factors like
residual energy, path viability, and service parameters, while retaining a low-complexity greedy
assignment methodology. We detail this modified algorithm in the following section.
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Figure 5. Mean(Avg.) energy consumption (200*200 network, 100 nodes)

5. MuLTi MobDAL LoAD BALANCED GREEDY CLUSTER ASSIGNMENT
(MLBGCA)

MLBGCA algorithm meticulously performs the QoS aware cluster formation based on the
prospective cluster head's Composite Multi-modal Load characteristics Profile (CMLP).

5.1. Components of Composite Multi Modal Load Characteristic Profile of
Prospective CHs (CMLP)

To compute the prospective cluster head's Composite Multi-modal Load characteristics Profile
(CMLP) the following key parameters taken in to consideration.

5.1.1. Number of Neighbors (NN)
NN is defined as the total number of neighboring nodes of prospective CH, that is, the quantity of

sensor nodes that the current cluster head will service in the subsequent rounds of network
operation. NN is calculated as follows.
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Each prospective CHs maintains a counter NN initialized to zero. During the cluster setup phase,
each CH broadcasts an ADVertisement packet with a preset power level. The non cluster nodes
who are within the communication range of multiple CHs may receive multiple ADV packets
from different CH nodes. Each non cluster head node sends their JOIN request to all CH nodes
that are within the feasible radio range of the non CH node. Note that a non CH node may have
received m number of advertisement messages, but it may not have sufficient energy to sends its
data packets to feasibly to reach all m such CHs. So the non CH nodes on receiving the ADV
packets, sends their JOIN request to a subset of CH nodes in its proximity from which it received
the ADV packets, ordered by the distance of the CH node from itself calculated based on the
RSSI (the received signal strength indicator) of the ADV packets. On receiving JOIN request
from each non CH nodes, the cluster head node (CH) increments its NN count by 1. NN oriented
load profile (LP1) escalates by an application-specific characteristic load factor viz. a with the
augmentation of nodes inside the current cluster.

1)

LP1l = o = NN
5.1.2. Residual energy profile (REP) of Prospective CH

Considering E.,... as the energy required by the transceiver circuitry to process 1 bit of
information, the amount of energy expended by CH node to receive k bit data packets n number
of cluster member nodes can be computed as:

)

Ep=mn=hk=* E .

Each CH needs to collect the data packets from the potential members within the cluster,
thereafter aggregate the n data packets if the application demands and then send the aggregated
packet towards next hop on the path to the base station. Depending on the number of neighbors or
number of cluster member nodes to be serviced the CH can estimate the amount of energy to be
expended for receiving m number of packets from m member nodes. If the current application
requires in network data aggregation, the CH can estimate the amount of energy required for data
aggregation.

Combining the above energy consumption estimates the CH compares its current remaining
energy and computes its REP as follows:

REP = Current Remaining energy — (Sum of energy required for reception of packets from m
member nodes, energy required for data aggregation)

The REP-oriented component of the load profile, referred to as LP2, increases proportionally with
an application-specific parameter 3 as the remaining energy of a potential cluster head decreases.
The parameter B is influenced by factors such as the nature of the application, transceiver
hardware characteristics, and the region of interest (ROI).

LPZ == ©)

REF

5.1.3. Base Station (BS) Distance or Next Hop Node Distance Towards BS from Prospective
CH (DIST)

The component load profile LP3 increases by an application specific factor ¥ when the
distance of the potential Cluster Head from BS increases or the distance of next of node
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down line to the Base Station increases. The parameter vy is determined by factors such as distance
dispersion, channel variability, and shadowing effects associated with wireless communication
within the region of interest (ROI).

Upon reception of data packets from different cluster member(s) and aggregating if application
demands, the CH needs to transmit the aggregated packets to the next hop CH towards BS. The
CH can estimate the amount of energy required for successful transmission of the aggregated data
packet from its distance from the next hop node on the different paths towards the base station.
On receiving data packets from the cluster member nodes, each cluster head node must have
sufficient energy to process and transmit the packet to next hop nodes towards the sink for the
path to be feasible.

The amount of energy expended to transmit k-bit data packet over a distance d can be calculated
as follows:-

) (4)
Ery (k.d) = ‘[k{Eeier + E,r'sd‘}J d
=D, k{:Eeier + Empdild
=10,

Where Eelec is the ambient energy dissipation in relaying node circuitry, £ and £,,, are the
path loss coefficients for line of sight propagation and multi path propagation respectively.

While the energy required collecting a k-bit packet is:

ERx U‘) = k=* Ealsc (5)

Thus the total energy needed to forward a k-bit packet in from ith hop to (i+1)th on a multi hop
path towards destination can be computed as:

N
EHI (I.,I + 1] = Z 2k = Ealac + k g‘?mwdé (6)

n=1
If DIST is the distance from CH to its next hop relay node in the path towards the sink node,
amount of load component is estimated as:-
(")
LP3 = y= DIST

Here, y is an application-specific parameter influenced by factors such as deployment distance
spread, channel interference, and potential wireless shadowing effects within the deployment
region.

For a given DIST the optimal number of hops can be computed using the following equation:

——

3=
Hopt — 4”5;5? . -2 8)

8! glec
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5.1.4. Prospective Path Delay (PD)

Component load profile LP4 with respect to path delay (PD) increased by an application specific
factor 0 as the prospective path to the base station via the CH increases. Some specific application
like video surveillance often requires the sensed information packet to be transmitted to the base
station within the bounded delay. Path delay in itself may comprises of packet propagation delay,
packet processing time required at the CH and delay involved in the Queuing of the packets at the
CH.

While wireless channel propagation delay, packet processing time required by the electronics
circuitry at the CH can be estimated beforehand and almost remain constant, the queuing delay
remain dynamic and temporally depends on the number of neighbours being served by the CH as
well as packets generation rate at the member nodes. This can be estimated dynamically by the
number of packets still waiting to be processed at a particular time.

Combining the above CH calculates its LP component as follows,

PD = Packet size * (Wireless propagation delay/bit + Processing time required/bit) + Estimate of
gueuing delay,

Thus, we calculate corresponding LP component as,

LP4=§+=PD 9
5.1.5. Forward link & path reliability (FLR & FPR)
Reliability of next hop communication link in the path towards the Sink [46] is one of the most
important factors for successful transmissions for achieving high throughput and avoiding re-
transmission of packets due to packet loss. Thus, forward link reliability or FLR can be
formulated as the joint probability of successful packet transmission by the CH and subsequently
reception of the acknowledgement packet by the CH corresponding to the transmitted packet.
Thus, FLR can be measured as follows:-
FLR = probability of successful transmission of packet by the CH to its next hop neighbour
towards the path to base station * probability of successful reception of the acknowledged packet
If there are m number of relay nodes from the CH to sink or base station on the path towards the
base station, then forward path reliability (FPR) can be calculated as,

FPR =sumof all FLR

Based on the above observation, Load profile (LP) of a node in decreased by a factor 8 for the
higher value of FPR that is if a particular path from this CH to the Sink is more reliable. The load
component for forward link/path reliability is calculated as:

(10)
LP5 =@+ FPR

5.1.6. Computation of Composite Multi modal Load Profile (CMLP)

Based on the above load factors calculation for the prospective cluster head we can
formulate the composite multi modal load profile (CMLP) as follows:-
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CMLP= Cy* LP1+ C,=LP2+ C; *LP3
(11)
+C,*LP4+ C.* LPS

Where 0< C;<1and =1

€y through C: are the coefficients to be used to enumerate the weightage to particular load
profile factor depending upon the application demand.

5.2. CMLP based Greedy Load balanced Clustering algorithm

For the purpose of assigning Cluster Heads to individual nodes who are not members of the CH,
we present a straightforward and greedy strategic approach based on the Composite Multi modal
Load characteristic Profile (CMLP) of each potential cluster head candidates. A 'Feasible CMLP'
is determined by dividing the network's total current capacity by the number of cluster heads. We
iteratively identify the potential cluster heads within the range of transmission of every node in
the network and assign each node to a CH with minimum CMLP dynamically based on the
current network state.

Algorithm 2 outlines the complete procedure for MLBGCA. The variable NearestCH represents
the shortest distance between a given sensor node and its selected cluster head, whereas
Neighbors refers to the highest number of sensor nodes connected to cluster heads that fall within
the communication range of the current sensor.

The MLBGCA algorithm starts by initializing the variables ‘NearestCH’ and ‘Neighbors’ with
large placeholder values. When a cluster head (CH) is found within the transmission range of a
sensor node and has fewer connected sensors than the current Neighbours threshold, the sensor is
assigned to that CH—provided the CH's feasible CMLP (Composite Multimodal Load Profile)
remains within permissible bounds, and the CMLP is updated accordingly. If the CH’s CMLP
exceeds the threshold, the sensor connects to that CH only if no other CH exists within its
transmission range. In cases where multiple CHs are within range, the one with the lowest current
CMLP is selected for assignment. After each successful node assignment, the CH checks whether
its CMLP still falls within acceptable limits. If the updated CMLP surpasses the permissible value,
the CH broadcasts this change to its neighbouring nodes.

6. RESULTS & DISCUSSION

To study the effectiveness and efficacy of our algorithm, MLBGCA we compared it with similar
widely quoted classic hybrid load balancing algorithms viz. HRLBP[50] and two recently
published & widely quoted algorithms, viz. LLALBC [13], and CALBJ[49] for similar network
conditions in Matlab [54]. Simulations were carried out across multiple network scenarios using
different node deployment distribution functions, namely Uniform, Gaussian, and grid-based
layouts. For each scenario, separate deployments of 50, 100, and 150 sensor nodes were tested
within network areas of 100x100, 200x200, and 250x250 units, respectively, in accordance with
the chosen distribution models.

For calculating CMLP we have taken simple values for @, 2, ¥,d and # equals to 0.50 though
they can be best measured from different application experience[38,39,52], and for load
coefficients C1 through C5 for generalization we have taken value as equals to 0.20 giving equal
weightage to all load factors. We use the following metrics [43,44,48] as defined for
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performance evaluation of our algorithm, (i) Variation in load distribution across various
cluster heads, (ii) Average Energy expenditure at different stages of operational network, (iii)
Average throughput, (iv) Packet delivery ratio (PDR) that is average number of packets delivered
with respect to average number of packets generated in different algorithms, (v) End to end
packet transmission delay, that is time required for delivering data packets to base station with
respect to total number of packets delivered to base station by different protocols, and (vi)
Network stability period that is rounds of network operation achieved by different protocols until
the first node dies.

Algorithm 2: Multi modal load balanced greedy cluster assignment (MLBGCA)

Input:

(i) Given N sensor node in the network with coordinates, Vi={(x1, y1), (X2, y2),
(Xn,yn)}

(ii) Vector with coordinates of the prospective CHs, V2= {(a1, b1), (a2, b2),
(am,am)}

(iii) List of allowable communication range of nodes, Range={r1,r2,r3}

(iv) List of the members sensor nodes already assigned to a cluster, Assigned={s1,s>,

,SN)
Output: CH Id’s assignment to the member nodes, Clusters: c1,Co..,Cn
procedure ASSIGNCLUSTER (V1, V2, Range, Assigned)
for each node i in V1 do
Clusters[i] «— -1
for each node i in V1 do
NearestCH « L /*large system value*/
Neighbors «— L
for each head j in V2do
dist « Euclidian dist between V1[i],V2[j]
if dist <= Range[i] then
if Assigned[j] < Neighbors then Neighbors = Assigned[i] Clusters[i]=j
Update CMLP as described in section 5 else if UpdatedLP < permissible LP
then
CMLP = UpdatedCMLP Clusters[i]=j Assigned[clusters[i]]++
else broadcast Updated CMLP
return Clusters[]

Fig. 6 and Fig. 7 illustrate the standard deviation across CH load distributions for different node
deployment distributions viz. Uniform distribution, and Gaussian distribution. Our algorithm
demonstrates a significant reduction in the standard deviation of cluster head load across various
network types. Because our technique explicitly monitors and restricts the total members entering
into the cluster during cluster formation, the variance in cluster load is also far lower than with
existing algorithms.
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Figure 6. Standard deviation of CH load with normal distribution of deployment
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Figure 7. Standard deviation of CH load with Gaussian distribution of nodes

Fig. 8 and Fig. 9 show the average energy consumption of sensor nodes over multiple rounds of
operation for two distinct setups: a 200200 grid network with 100 nodes and a 250x250 grid
network with 150 nodes, respectively. Across all scenarios, our approach consistently
outperforms existing algorithms in terms of energy efficiency. This improvement stems from our
protocol’s use of accurately computed load profiles for cluster head selection, rather than relying
solely on the number of connected members. Additionally, the algorithm maintains minimal
localized message overhead, ensuring effective load-balanced cluster assignments.

Average Throughput in different protocols for different communication range of the nodes
different distributions for 200x200 network with 100 nodes, is analysed and reported in Fig. 10
and Fig. 11. Throughput increases with all protocols with increasing communication range.
However due to efficient and reliable weighted load profile based cluster assignment in our
CMLP algorithm average throughput is substantially higher in all cases than the other protocols
for both normal and Gaussian distribution of node deployment.

Fig. 12 and Fig.13 shows the average end-to-end delay in different protocols, for both normal and
Gaussian distribution of node deployment. There is a general trend seen that average delay
minimizes with increasing number of nodes in the network if with keep the communication range
constant. This is possibly because humber of next hops for any CH
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to send a packet to base station minimizes, as the probability of finding a node for next hop at an
optimum position increases with increasing number of nodes in the network. Also as MLBGCA
takes into account the congestion and queuing delay for all the prospective paths towards the base
station from each CH to calculate load profile for each CH to find always the best path from
multiple available path, delay in case of MLBGCA is always found to be lower than the other
classical protocols.
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Figure 8. Mean (Avg.) energy consumption [network size 200*200, 100 nodes]
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Figure 9. Mean (Avg.) energy consumption [network size 250*250, 150 nodes]

Fig 14 illustrates packet delivery ratio for different protocols at different stages of network
operation when all, three forth, half, and one fourth of the nodes alive in the network. Although
PDR decreases with decreasing number of alive nodes, in MLBGCA we get higher PDR in all
cases with respect to other protocols. This is because MLBGCA also takes into account the both
forward and reverse link vis-a-vis path reliability to compute the load profile of the CHs and the
best path is always selected as the nodes selects the CHs with lowest load following the simple but
effective greedy algorithm.
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Fig. 15 reveals the network stability period in different protocols for normal distribution of nodes
in network of size 250*250. Similar results obtained in Gaussian distribution of nodes also. It is
observed that as MLBGCA takes into account various factors meticulously like number of
neighbors, remaining energy, distance, path delay and link reliability to form a composite load
profile for the Cluster heads and as the normal member nodes always choose the best CH from
within their range to forwards their data packets following a simple greedy assignment the
average energy consumption of the network nodes always lower in case of MLBGCA. This has a
direct impact on the network stability period as it is seen that maximum number of nodes
remained alive in case of MLBGCA for almost 80% of the entire effective network lifetime until
the network got disconnected. Also the total number of nodes died always remained lower in case
of MLBGCA with respect to other classic load balancing protocols.

7. CONCLUSION & FUTURE WORK

This paper introduces a straightforward yet effective greedy algorithm designed for multimodal
load balancing in a cluster-based 5G 10T sensor network, aiming to enhance energy efficiency
and ensure balanced workload distribution among cluster heads. In our
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first algorithm we use the one hop neighbourhood information to perform well balanced cluster
formation using solely localized information without any global knowledge of the network.
Subsequently in our modified algorithm we proposed a framework to compute efficient
composite multi modal load profile of CH node and use simple and localized greedy approach not
only to achieve well balanced cluster but also to support application specific QoS demand for
advanced applications like multimedia traffic and video surveillance applications for 5G loT
based clustered sensor network.
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Figure 15. Network stability period in different protocols, Normal distribution of nodes in network of size
250*250

We have tested our algorithm on various node distributions and different network scenario to
evaluate its efficacy. While the cluster is being formed, our algorithm significantly reduces the
variance of load among the CHs by assigning members to cluster head nodes in a simple yet
efficient manner.

Additionally, our algorithm does not employ centralized or global network information; rather, it
establishes a load-balanced cluster based on minimal local information. Experimental results on
different network setup show that our algorithms significantly out perform the existing algorithms
in terms of energy usage, delay, PDR and throughput. The fact that our technique doesn't rely on
computationally intensive algorithms makes it suitable for usage with both homogeneous and
heterogeneous sensor networks. Further investigation into other application domains and
networks with distinct deployment patterns, such as linear, c-shaped, and y-shaped networks, will
allow us to optimize application-specific composite load parameters estimation in our future
work.
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