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Energy-efficient routing remains a major challenge in Software-Defined Wireless Sensor Networks (SD-
WSNs), where existing approaches typically optimize routing paths without explicitly integrating routing
decisions into SDN flow table generation. This paper proposes a multi-objective Genetic Algorithm (GA)-
based framework that formulates routing as a flow table optimization problem executed at the SDN con-
troller. The proposed framework evolves network-wide next-hop assignments using feasibility-preserving
crossover and mutation operators combined with tournament selection and elitist replacement. A normal-
ized multi-objective fitness function jointly optimizes energy consumption, end-to-end delay, packet delivery
ratio (PDR), and hop count using Analytical Hierarchy Process (AHP)-derived weights. The proposed ap-
proach is evaluated through extensive OMNeT++ simulations using IEEE 802.15.4 MAC modeling across
network sizes ranging from 200 to 2000 sensor nodes. Experimental results over 30 independent runs
demonstrate that the proposed framework significantly outperforms shortest-path routing, LEACH, and
GA-energy baselines in terms of network lifetime, delivery reliability, throughput, and latency. In par-
ticular, the framework reduces dead-node progression by up to 50.5%, improves packet delivery ratio by
13%, increases throughput by 50%, and decreases end-to-end delay by 40% compared with shortest-path
routing. Scalability analysis further shows stable performance under large-scale deployment conditions,
retaining 76% of peak energy efficiency at 2000 nodes. The results indicate that GA-driven flow table op-
timization provides a scalable, transparent, and reproducible alternative to reinforcement learning-based
routing approaches for energy-aware SD-WSNs.

Povzetek: Clanek predlaga vecciljni genetski okvir za SD-WSN, ki usmerjanje neposredno oblikuje kot
optimizacijo SDN pretocnih tabel ter s tem hkrati izboljSa energijsko ucinkovitost, zanesljivost dostave,

zakasnitev in razsirljivost omrezja.

1 Introduction

Wireless Sensor Networks (WSNs) play a fundamental role
in distributed sensing applications such as environmental
monitoring, industrial automation, healthcare, and smart in-
frastructure [1, 2]. In these networks, resource-constrained
sensor nodes collaboratively transmit sensed data toward
sink nodes, making energy efficiency a critical factor for
maintaining network lifetime, connectivity, and communi-
cation reliability [2, 3]. Consequently, energy-aware rout-
ing remains one of the central research challenges in WSN
design.

The integration of Software-Defined Networking (SDN)
into WSNs introduces centralized network control, global
topology visibility, dynamic route reconfiguration, traffic
scheduling, and programmable resource management [5, 6,
7]. By decoupling the control plane from the data plane,

Software-Defined Wireless Sensor Networks (SD-WSN5s)
provide greater flexibility and adaptability compared with
traditional distributed architectures. However, SD-WSNs
also introduce complex multi-objective optimization chal-
lenges, where routing decisions must simultaneously sat-
isfy energy efficiency, latency, reliability, and scalability
requirements.

Existing routing approaches exhibit important limita-
tions. Traditional shortest-path routing tends to concentrate
traffic around sink-adjacent nodes, leading to rapid energy
depletion and energy-hole formation [27, 28]. Clustering-
based approaches such as LEACH improve load distri-
bution but remain limited by static clustering behavior
and insufficient adaptability to dynamic network condi-
tions [29, 30]. More recently, reinforcement learning (RL)-
based methods have demonstrated adaptive routing capa-
bilities, but they often suffer from high training overhead,
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convergence instability, and limited interpretability under
dynamic topologies [23, 20]. Furthermore, most existing
approaches optimize abstract routing paths rather than di-
rectly optimizing SDN flow table generation, and few si-
multaneously consider energy consumption, end-to-end de-
lay, packet delivery ratio (PDR), and hop count within a
unified optimization framework [11, 5].

Genetic Algorithms (GAs) provide a suitable alterna-
tive for addressing these limitations. Unlike RL-based ap-
proaches, GAs perform population-based global search us-
ing explicit and interpretable fitness functions. When ex-
ecuted at the SDN controller, GA-based optimization en-
ables dynamic generation of deployable flow table config-
urations without imposing computational overhead on sen-
sor nodes. This centralized optimization strategy enables
transparent, reproducible, and multi-objective routing opti-
mization while mitigating energy-hole effects and improv-
ing network-wide load balancing [22, 21].

In this work, routing is formulated as a flow table op-
timization problem executed at the SDN controller. The
proposed framework evolves complete network-wide next-
hop assignments into directly installable forwarding config-
urations using a multi-objective GA. A normalized fitness
function jointly optimizes energy consumption, end-to-end
delay, packet delivery ratio, and hop count, while objective
weights are derived using the Analytical Hierarchy Process
(AHP) and validated through sensitivity analysis.

The main contributions of this work are summarized as
follows:

1. A GA-based SDN flow table optimization framework
that encodes complete network-wide next-hop assign-
ments as chromosomes, enabling globally optimized
and directly deployable forwarding configurations.

2. A normalized multi-objective fitness function that
jointly optimizes energy consumption, end-to-end de-
lay, packet delivery ratio, and hop count using AHP-
derived weighting factors validated through sensitivity
analysis.

3. An extensive OMNeT++-based performance eval-
uation across network sizes ranging from 200 to
2000 sensor nodes, demonstrating significant im-
provements in energy efficiency, network lifetime,
reliability, throughput, and latency compared with
shortest-path, LEACH, and GA-energy routing ap-
proaches.

The proposed framework is evaluated through the fol-
lowing research questions:

— RQ1: To what extent does the proposed framework
improve energy efficiency and network lifetime?

— RQ2: How does the framework affect packet deliv-
ery ratio and end-to-end delay under varying network
scales and traffic conditions?
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— RQ3: Does the proposed optimization framework
maintain scalability and convergence stability in large-
scale SD-WSN deployments?

All experimental results are reported over 30 indepen-
dent simulation runs with 95% confidence intervals, and
statistical significance is validated using paired ¢-tests. The
remainder of this paper is organized as follows. Section 2
reviews related work. Section 3 presents the system model
and problem formulation. Section 4 details the proposed
GA-based optimization framework. Section 5 describes the
experimental setup, while Section 6 discusses the evalu-
ation results. Finally, Section 7 concludes the paper and
outlines future research directions.

2 Related work

The emergence of Software-Defined Networking (SDN)
has introduced new opportunities for improving Wireless
Sensor Networks (WSNs) through centralized and pro-
grammable network management [5]. By decoupling the
control plane from the data plane, SDN enables global
topology awareness, dynamic routing control, and flexible
resource allocation, capabilities that are difficult to achieve
in conventional distributed WSN architectures. Research
in this domain has evolved through three main directions:
(i) early studies establishing SDN-based architectures for
WSNs [8, 9], (ii) optimization approaches targeting energy
efficiency, routing, and QoS under SDN control, and (iii)
recent artificial intelligence and machine learning-based
methods enabling adaptive SDN management. This sec-
tion reviews the most relevant contributions in these areas,
identifies their limitations, and positions the proposed work
within the current state of the art.

2.1 SDN architectures and control
frameworks for WSNs

Applying SDN principles to resource-constrained WSNs
introduces important architectural challenges. Traditional
SDN frameworks typically assume reliable high-bandwidth
communication links and computationally capable devices,
assumptions that do not hold in most sensor network envi-
ronments. Consequently, early research primarily focused
on establishing feasible SDN control architectures before
addressing optimization objectives.

Beraetal. [9] presented a comprehensive survey of SDN-
based technologies for IoT systems, highlighting how cen-
tralized programmability can improve scalability, remote
management, and cross-layer coordination compared with
conventional distributed protocols. Their study also em-
phasized that energy-aware control and network lifetime
optimization remained insufficiently addressed within ex-
isting SDN-based architectures, identifying these issues as
important open research challenges.

Shabbir et al. [10] addressed part of this limitation by
integrating SDN with the Routing Protocol for Low-Power
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and Lossy Networks (RPL). Their framework demonstrated
that centralized SDN control can improve scalability and
reduce congestion while preserving the self-healing capa-
bilities of RPL under node failures. However, the proposed
architecture relied on relatively static routing decisions and
did not dynamically adapt SDN flow table entries accord-
ing to residual energy variations, limiting its effectiveness
for long-term energy-aware operation [12, 13].

Suresh et al. [11] further extended SDN-based architec-
tures toward Software-Defined Wireless Mesh Networks
and introduced the concept of ML-SDWSN, which inte-
grates machine learning techniques into SD-WSN manage-
ment. Their survey systematically analyzed the limitations
of existing SDWSN-IoT systems and identified flow table
management as a relatively underexplored research direc-
tion compared with conventional routing optimization. In
particular, they highlighted that most existing approaches
optimize routing paths abstractly without directly address-
ing how controller decisions are translated into deployable
SDN forwarding rules. This observation strongly moti-
vates the flow table optimization framework proposed in
the present work.

2.2 Energy-efficient routing and QoS
optimization in SD-WSNs

Energy-efficient routing has become one of the primary re-
search objectives in SD-WSNs, with existing approaches
ranging from single-objective optimization strategies based
on residual energy or hop count to more advanced multi-
objective formulations incorporating delay, reliability, and
QoS constraints.

Zhao et al. [16] combined Hopfield neural networks
with a Multi-choice Knapsack optimization model to im-
prove energy efficiency and throughput in WSN routing.
Although their approach demonstrated promising perfor-
mance gains, the reliance on per-node computational pro-
cessing conflicts with the resource limitations of sensor
nodes and reduces adaptability under dynamic network
conditions.

Huang et al. [15] proposed an SDN-enabled reinforce-
ment learning (RL) framework for load balancing and re-
dundancy filtering, achieving reduced energy consumption
while maintaining QoS requirements. However, RL-based
optimization requires continuous interaction with the envi-
ronment and often suffers from slow convergence, poten-
tially exposing the network to unstable or suboptimal rout-
ing decisions during training phases. This limitation mo-
tivates the use of controller-side evolutionary optimization
strategies such as Genetic Algorithms (GAs), which avoid
continuous online retraining.

Rostami et al. [14] further demonstrated that proactive
and centralized flow optimization can outperform reactive
load-balancing approaches in SDN-based [oT systems, sup-
porting the effectiveness of controller-driven optimization
mechanisms.

More recently, Alsaeedi et al. [17] employed a PPO-
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based deep reinforcement learning model to reduce con-
troller overhead and control-plane traffic in SD-WSNs.
While their approach achieved promising adaptive behav-
ior, the learned reward mechanism remains difficult to in-
terpret and requires extensive training data and parame-
ter tuning. In contrast, the proposed GA-based framework
relies on an explicit and interpretable multi-objective fit-
ness function derived using the Analytical Hierarchy Pro-
cess (AHP), improving transparency, reproducibility, and
objective-level control.

Complementing routing-level optimization, Khudor et
al. [25] introduced a KF-SVM hybrid model for cluster-
head data aggregation, reporting up to 60% improvement
in network lifetime through redundancy reduction. Nev-
ertheless, such localized optimization techniques operate
primarily at the data aggregation level and cannot exploit
global network visibility. By contrast, the centralized SDN
controller in the proposed framework maintains network-
wide awareness, enabling coordinated routing decisions
that jointly consider energy consumption, traffic distribu-
tion, reliability, and latency across the entire network.

2.3 Artificial intelligence integration in
SD-WSN control

The growing complexity of SD-WSN management has ac-
celerated the integration of artificial intelligence (AI) tech-
niques into SDN controllers to support adaptive and in-
telligent routing decisions. Recent studies have explored
deep learning, reinforcement learning, and hybrid Al mod-
els to improve energy efficiency, scalability, and QoS per-
formance in dynamic network environments.

Alqaraghuli et al. [19] proposed a 3D-CNN-based deep
reinforcement learning (DRL) framework that achieved ap-
proximately 18% improvement in network lifetime com-
pared with conventional 2D-CNN approaches. Despite
these gains, CNN-based DRL methods typically require
large training datasets and may experience performance
degradation under rapidly changing network topologies.

Younus et al. [20] introduced an RL-based routing
scheme combining energy-awareness and QoS-oriented re-
ward functions. Their approach reported network lifetime
improvements ranging from 8% to 33% and packet delivery
ratio (PDR) gains between 2% and 24%. However, RL-
based optimization remains sensitive to reward-function
design, environmental variability, and retraining overhead,
limiting reproducibility and long-term stability in highly
dynamic SD-WSN environments.

Tooba et al. [18] integrated an LSTM-based intrusion de-
tection mechanism into the SDN control plane, demonstrat-
ing that intelligent learning models can be deployed at the
controller level without introducing excessive communica-
tion latency. Their work indirectly supports the feasibility
of centralized intelligent optimization within SD-WSN ar-
chitectures, including controller-side GA-based routing op-
timization as proposed in this study.
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2.4 Genetic algorithms for energy-efficient
routing in SD-WSNs

Genetic Algorithms (GAs) represent an important class
of Al-based optimization techniques for SD-WSNs due to
their ability to perform population-based global search us-
ing explicit fitness-driven optimization. Unlike reinforce-
ment learning (RL) and deep reinforcement learning (DRL)
approaches, which rely on continuous interaction with the
environment, GAs directly evaluate candidate solutions
through predefined objective functions, enabling more in-
terpretable and controllable multi-objective optimization
processes [21].

Wang et al. [22] proposed a GA-based Energy-efficient
Clustering and Routing (GECR) approach that jointly
optimizes clustering and routing decisions to improve
energy efficiency and load balancing. Although their
method achieved promising energy-related improvements,
its single-objective fitness formulation does not explicitly
consider delay, reliability, or hop count, potentially pro-
ducing routing configurations that are energy-efficient but
unsuitable for latency-sensitive or reliability-aware appli-
cations.

Similarly, Altmemi et al. [26] employed a Dragonfly Al-
gorithm to optimize energy consumption, path length, and
load balancing in SD-WSNs. However, their approach op-
timizes abstract routing paths rather than directly gener-
ating SDN flow table entries. In addition, the optimiza-
tion process relies on behavioral search coefficients rather
than explicit objective-level control, which may limit inter-
pretability and reproducibility across deployment scenar-
ios.

In contrast to these approaches, the proposed frame-
work formulates routing as an SDN flow table optimiza-
tion problem executed at the controller level. Each chro-
mosome directly encodes deployable next-hop forwarding
assignments, enabling centralized and dynamically recon-
figurable routing optimization.

The proposed multi-objective fitness function is defined
as follows:

norm(

+ v PDR
+e€ K

F)
-5 Ernonn (}-)

where Enom, pnem PDR™™ and H™™ denote the nor-
malized energy consumption, end-to-end delay, packet de-
livery ratio, and hop count, respectively. The weighting
factors («, 8,7, ) are derived using the Analytical Hierar-
chy Process (AHP), allowing explicit control over the rela-
tive importance of each routing objective.

The fitness evaluation is performed over all source-to-
sink communication paths induced by the flow table con-
figuration F. This formulation enables coordinated op-
timization of energy efficiency, reliability, latency, and
path efficiency within a unified and reproducible optimiza-
tion framework. Consequently, the proposed approach ad-
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dresses an important limitation in existing SD-WSN rout-
ing methods, where optimization is commonly performed
on abstract routing paths without directly considering de-
ployable SDN forwarding rules.

2.5 Comparative analysis and research gap

Table 1 presents a comparative analysis of representative
SD-WSN optimization approaches across multiple perfor-
mance dimensions, including energy efficiency (EE), net-
work lifetime, fault tolerance, QoS support, AI/ML tech-
niques, scalability, and SDN flow table optimization ca-
pability. Performance ratings are categorized as High (H),
Moderate (M), Low (L), Not Evaluated (N/E), or Indirectly
Addressed (Ind.) according to the evaluation scope re-
ported in the corresponding studies.

Several important observations can be derived from Ta-
ble 1. First, Al-based routing approaches, particularly RL-
and DRL-based methods, generally demonstrate improved
energy efficiency and network lifetime compared with con-
ventional heuristic techniques. This trend highlights the im-
portance of adaptive optimization mechanisms in dynamic
SD-WSN environments.

Second, fault tolerance remains relatively underexplored
across most existing studies. The majority of current ap-
proaches primarily focus on energy efficiency and QoS op-
timization under normal operating conditions without ex-
plicitly addressing failure-aware routing or resilience mod-
eling.

Third, and most importantly, most existing methods op-
timize routing paths, clustering behavior, or controller poli-
cies at an abstract level without directly optimizing deploy-
able SDN flow table configurations. Although Alsaeedi et
al. [17] partially address controller-side optimization using
PPO-based DRL, their work primarily focuses on reducing
controller overhead rather than explicitly formulating flow
table generation as the optimization objective.

This limitation motivates the proposed framework,
which formulates routing as a direct SDN flow table opti-
mization problem. In contrast to prior approaches, the pro-
posed method jointly optimizes energy consumption, end-
to-end delay, packet delivery ratio, and hop count using
an explicitly weighted multi-objective GA executed at the
SDN controller. The use of AHP-derived weighting factors
further improves interpretability and objective-level control
while preserving centralized network-wide optimization.

Among the reviewed approaches, the studies by Alsacedi
etal. [17] and Wang et al. [22] are the closest to the present
work. However, Alsaeedi et al. rely on implicitly learned
reward functions without explicit trade-off modeling for de-
lay and reliability, whereas Wang et al. employ a single-
objective GA formulation without SDN flow table integra-
tion. By comparison, the proposed framework combines
multi-objective evolutionary optimization with directly de-
ployable SDN forwarding-rule generation, addressing an
important gap in existing SD-WSN routing research.
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Table 1: Comparative analysis of related SD-WSN studies. Ratings: H = High, M = Moderate, L = Low, N/E = Not
Evaluated, Ind. = Indirectly addressed. Flow Table: whether the study directly optimizes SDN flow table generation

(rather than abstract routing paths).

Fault

Reference (Year) EE Lifetime

Tol. QoS

Flow

AI/ML Table

Scalab. Main Contribution

Bera et al., 2017 [9] M N/E L M

Survey on SDN-IoT
architectures and open
challenges

Rostami et al., 2024 [14] Ind. N/E L H

Load-balancing
strategies for QoS in
SD-IoT

Tooba et al., 2021 [18] L N/E M M

LSTM-based intrusion
detection for SDN-IoT
security

LST™M M No

Shabbir et al., 2019 [10] M M M M

SDN-RPL integration
for scalability and
congestion control

No H No

Huang et al., 2015 [15] H H M H

RL-based adaptive
routing with
redundancy filtering

RL H No

Zhao et al., 2018 [16] H M L M

Hierarchical routing
with Hopfield neural
networks

NN M No

Alsaeedi et al., 2024 [17] H H M M

PPO-based flow
optimization and
controller overhead
reduction

DRL (PPO) H Partial

Suresh et al., 2024 [11] M M L M

Survey of SDWSN-IoT
systems and
ML-SDWSN paradigm

ML M No

Alqaraghuli et al.,
2024 [19]

3D-CNN DRL routing
for extended network
lifetime

DRL (CNN) H No

Younus et al., 2021 [20] H H M H

QoS-aware RL routing
with energy-lifetime
improvement

RL H No

Wang et al., 2018 [22] H H L M

Single-objective GA
clustering and routing
(GECR)

GA M No

Li et al., 2003 [24] M M H M

Adaptive
self-organizing routing
with potential fields

No M No

Khudor et al., 2022 [25] H H L M

Hybrid KF-SVM data
aggregation for
redundancy reduction

SVM+KF M No

Altmenmi et al., 2026 [26] H H M M

Dragonfly Algorithm
routing for energy
efficiency and lifetime

DA (SI) H No

Proposed H H M H

Multi-objective GA
for SDN flow table
generation

GA
(multi-obj.)

Summary

Existing SD-WSN approaches, including SDN-based rout-
ing methods, RL/DRL techniques, and conventional GA-
based optimization models, primarily focus on abstract
routing paths or isolated performance metrics without di-
rectly addressing SDN flow table generation. In addi-
tion, many existing Al-driven approaches rely on implicitly
learned optimization policies that may limit interpretability
and reproducibility under dynamic network conditions.

In contrast, the proposed framework formulates routing
as a multi-objective SDN flow table optimization problem
executed at the controller level. The framework jointly con-
siders energy consumption, end-to-end delay, packet deliv-
ery ratio, and hop count using an explicitly weighted GA-
based fitness function derived through the Analytical Hi-
erarchy Process (AHP). This formulation provides a cen-
tralized, interpretable, and computationally efficient alter-
native for energy-aware routing in dynamic SD-WSN envi-

ronments.

3 System model and problem
formulation

This section presents the formal system model underly-
ing the proposed SD-WSN optimization framework. Sec-
tion 3.1 describes the architecture of the SD-WSN and the
interactions among its constituent layers, while Section 3.2
formulates the flow table optimization problem, including
the decision variables, objective function, and feasibility
constraints.

3.1 SD-WSN architecture

A Software-Defined Wireless Sensor Network (SD-WSN)
separates the control plane from the data plane through a
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hierarchical three-layer architecture composed of the Ap-
plication Plane, Control Plane, and Data Plane. Figure 1
illustrates the overall architecture and the communication
interfaces connecting these layers.

Application Plane. The application plane defines high-
level network policies and service objectives, including
energy-aware routing, quality-of-service (QoS) manage-
ment, and security monitoring. These requirements are
communicated to the SDN controller through the North-
bound API, where they are translated into routing and
resource-management objectives.

Control Plane. The control plane consists of a central-
ized SDN controller responsible for maintaining a global
view of the network topology, residual node energy, link
conditions, and traffic distribution. Based on this global
network state, the controller generates and installs forward-
ing rules through the Southbound API. In the proposed
framework, the controller hosts the GA-based optimization
module, which dynamically computes flow table configura-
tions according to current network conditions while avoid-
ing computational overhead on sensor nodes.

Data Plane. The data plane comprises distributed sen-
sor nodes responsible for environmental sensing and packet
forwarding. Each node operates according to controller-
installed forwarding rules stored in local flow tables, elim-
inating the need for distributed routing computation at the
node level.

Application plane

ay

Topology
Mount

Control plane ==
Web

Server

Task
Mount

Tx power
Mount

‘ Northbound API

‘ Southbound API

Data plane

Figure 1: Three-layer SD-WSN architecture showing the
interaction between the application, control, and data
planes.

The separation between the control and data planes en-
ables centralized and globally optimized routing decisions
while preserving the limited computational and energy re-
sources of sensor devices.

Figure 2 further illustrates the integration of the GA-
based optimization module within the SDN controller.
The optimization module continuously processes global
network-state information and generates deployable flow
table configurations for the sensor nodes. Since all evolu-
tionary optimization operations are executed centrally at the
controller level, the proposed architecture preserves node-
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level energy resources and computational simplicity within
the data plane.

Application plane

App 1 App 2 cee }
I Northbound API

Control plane t Set of } _____ >[ Genetic J _____ >[ flow tables ]
flow tables algorithm optimized
I Southbound API

Data plane

Figure 2: Integration of the GA-based optimization module
within the SD-WSN control plane.

3.2 Problem formulation
3.2.1 Network model

Let G = (V, &) denote the SD-WSN graph, where V =
{v1,v9,...,vn}isthesetof N sensornodesand & C VxV
is the set of wireless links. A directed link (v;,v;) € &
exists if and only if v; lies within the transmission range
of v;. Each node v; is characterized by its residual energy
E; > 0, and each link (v;, v;) is characterized by its packet
loss probability ¢;; € [0, 1] and transmission distance d;;.
Let s € V denote the source node and ¢ € V denote the sink
node.

3.2.2 Decision variables: flow table entries

The SDN controller maintains a flow table F where each
entry f; assigns a next-hop to node v;:

fi = (match;, nxt(s), priority;, 7;, E;), VYv; € V\ {t}
)

The decision variable is the next-hop assignment
nxt(i) € N (v;), where Nt (v;) denotes the set of neigh-
bors of v; within transmission range R with positive resid-

ual energy. The GA evolves the complete mapping:

5 nxt(vN_l)] (2)

where each gene directly corresponds to the Next-Hop
field of a specific flow table entry, and a chromosome of
length N —1 encodes a complete, network-wide, installable
flow table.

chr = [nxt(vy), nxt(va), ...
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3.2.3 Optimization objective

The SDN controller seeks a flow table configuration F*
that maximizes the normalized multi-objective fitness func-
tion:
F* = F(F 3
argmax F(F) (€)
where ) denotes the feasible flow table space and F is
defined as:

1 1
F=a- : -PDR™™ _ §. fmom
“4)
subject to:
atftyto =1, a=04, =03, =02,

®)

The four terms in Equation 4 respectively penalize av-
erage path energy consumption (£,7,™) and end-to-end de-
lay (D"™), reward packet delivery reliability (PDR™™),
and penalize excessive hop count (H"™). The constant
e = 107 prevents division by zero. Weight derivation
through the Analytical Hierarchy Process (AHP) and val-
idation through sensitivity analysis are presented in Sec-

tion 4.

3.2.4 Feasibility constraints

A flow table configuration F is feasible (F € 2) if and only
if the encoded routing path C' satisfies all of the following
constraints:

1. Connectivity: Every consecutive node pair must
share a valid wireless link:
(ni,ni+1) €E, Vi€{17...,k—1} (6)
2. Loop-freedom: No node may appear more than once
in the path:
ni#ng, Vi#j ©
3. Energy availability: Every forwarding node must
have positive residual energy:
E; >0, Vn;eC\{t} (8)
4. Reachability: The path must originate at the source
and terminate at the sink:
ny =Ss,

)

ng =t

5. Transmission range: Each hop must not exceed the
physical transmission range R:

dij < R, V(TLZ, TLH_l) ceC (10)
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These constraints are enforced directly by the feasibility-
preserving crossover and mutation operators described in
Section 4, ensuring that every candidate solution evalu-
ated by the GA corresponds to a valid, directly instal-
lable flow table configuration. Infeasible chromosomes are
never introduced into the population, eliminating the need
for penalty-based constraint handling and guaranteeing that
all evaluated fitness values correspond to deployable rout-
ing rules.

3.2.5 Complexity and re-optimization trigger

The feasible solution space |{2| grows combinatorially with
network size. For a network of N nodes with average node
degree d and network diameter D, the number of loop-free
paths from source to sink is bounded by O(d”), making
exhaustive search intractable beyond small networks and

§ = (.1motivating the use of population-based evolutionary search.

Re-optimization is triggered at the SDN controller when-
ever any of the following conditions are detected via the
Southbound API:

— anode’s residual energy falls below threshold Fii,;
— alink failure is reported; or
— end-to-end delay exceeds the latency bound Dypy.

Between trigger events, the installed flow table remains
active, avoiding unnecessary recomputation and keeping
controller overhead proportional to actual network dynam-
ics.

4 Flow table optimization using
genetic algorithms

This section formally specifies the GA-based flow table op-
timization framework introduced in Section 3, detailing the
chromosome encoding, fitness evaluation, genetic opera-
tors, and the complete optimization procedure.

4.1 Flow table architecture and decision
space

The flow table acts as the decision engine for packet pro-
cessing at sensor nodes. Table 2 defines each flow table
field and its role.

The flow table configuration is:

F={filiev\ {1}, )

fi = (match;, nxt(¢), priority;, 7;, E;)

where nxt(7) € Nt (4) and ¢ is the sink. The GA evolves

nxt: Y\t — V subject to feasibility constraints. Each con-

figuration induces paths from sources to the sink, enabling
global fitness evaluation.
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Table 2: Flow table entry structure in SD-WSN controllers

Field Function

Match Fields Packet identification by header at-
tributes: source, destination, protocol,

port.

Action Forward to next-hop n;, drop, or redi-
rect to controller. In this work, only

forwarding actions are considered.

Priority Resolves conflicts for multiple
matches; higher-priority entries over-

ride lower-priority.

Controls  rule
idle/hard timeout;
re-optimization.

Timeout expiration  via

refreshed upon

Energy Metric | Residual energy FE; of forwarding
node, guiding energy-aware optimiza-

tion.

Next-Hop Forwarding target n; € N (n;); GA-

evolved decision variable.

4.2 Multi-objective fitness function and

weights
Metrics are min-max normalized:
X — Xumi
xnorm _ min -1 _6 12
Xmax_Xmin+57 c 0 ( )
The GA maximizes:
a B
F(F)=—= 4+ — 4

( ) Enorm(]:) +¢ Dnorm(]:) +¢ (13)

norm (

yPDR"(F) — & H™™(F)

witha + 84+ v 46 =1, setto (0.4,0.3,0.2,0.1).
AHP-derived weights are shown in Table 3 with CR =

0.017 < 0.1 ensuring consistency.

Table 3: AHP pairwise comparison matrix for fitness
weights. Scale: 1 = equal importance, 3 = moderate, 5 =
strong, 7 = very strong, 9 = extreme importance.

Criterion Energy | Delay | PDR | Hop Count
Energy 1 2 3 5
Delay 1/2 1 2 4
PDR 1/3 1/2 1 2
Hop Count 1/5 1/4 172 1

Sensitivity analysis. Weight vectors in the neighbour-
hood of the AHP solution are evaluated through simulation
to verify stability. Results in Section 5.8 confirm that small
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perturbations to any individual weight produce no dispro-
portionate performance degradation, validating the AHP-
derived vector as a robust and reproducible operating point
for general-purpose SD-WSN deployment.

4.3 System models

Energy: Etx,i = clcckj + Eampkd?7 Erx,i = clcck

Z (Etx,i + Erx,z' + Eproc,i) (14)

1
S| n; € Ps

_ 1
B = 151217

where k is packet size in bits, d; = d(n;, nxt(¢)) is the trans-
mission distance to the assigned next-hop, n € [2,4] is the
path loss exponent, Eg. is the electronics energy per bit,
and E,n, is the amplifier energy coefficient.

Delay: End-to-end delay comprises transmission, prop-
agation, processing, queuing, and MAC components:

(15)

For the CBR traffic used in this work (5 packets/second),
queuing delay follows the deterministic D/D/1 model:

D= Dtrans + Dprop + -Dproc + uneue + DMAC

A
Dgyeye = max (O7 —
! (e —A)
where ) is the packet arrival rate and p the service rate. This
provides an exact bound for deterministic traffic, unlike
the M/M/1 model which assumes Poisson arrivals. With
A/p < 0.6 in all experiments, queuing delay remains be-

low 2.5 ms per node.

PDR: PDR(P,) =
Fll > ,es PDR(P).

Hop Count: H(F) = ﬁ >ees(IPsl = 1).

All metrics are normalized before substitution into
F(F).

>, AN<u o (16)

PDR(F)

HniGPS Pi,

4.4 Genetic algorithm design

Chromosome Encoding:

chr = [nxt(vy),...,nxt(vy_1)] (17)

Initialization: Each chromosome is constructed by as-
signing every node v; a next-hop drawn uniformly at ran-
dom from:

N+(Ui) = {Uj S N(’Ui) | Ej > 0,
hop(v;,t) < hop(v;,t)}

The crossover operator in Algorithm 1 preserves feasibil-
ity by accepting inherited genes only when neighborhood
and hop-progress constraints are satisfied. This guarantees
loop-free forwarding toward the sink and prevents invalid
flow table entries. Unlike conventional crossover meth-
ods, the proposed operator embeds feasibility verification
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Algorithm 1 Feasibility-Preserving Flow Table Crossover

Require: Parents chry, chry of length N — 1; neighbor sets
N (v;); hop distances hop(v, t); crossover probability p.
Ensure: Feasible offspring off;, off>
1: fori =1to N — 1do
2: if Uniform(0, 1) < p. then
3 if chra[i] € N (v;) and hop(chre[i],t) <
hop(v;, t) then

4: offy [i] + chra[i]

5: else

6: off: [i] < chry[7]

7: end if

8: if chrif{] € WN7t(v) and hop(chri[i],t) <

hop(vi, t) then

9: off[i] + chry[i]
10: else

11: off [i] < chra[]
12: end if

13: else

14: offy [i] < chri[f]

15: off[i] + chry[i]

16: end if

17: end for

18: return offy, offs

Algorithm 2 Feasibility-Preserving Flow Table Mutation

Require: Chromosome chr, mutation prob. p,,, neighbor sets
N* (i)
Ensure: Mutated chromosome chr’
1: chr’ < chr
2: fori =1to N —1do
3:  if Uniform(0, 1) < pm and [N (v;)| > 1 then
4: chr'[i] «  SelectUniformRandom(N " (v;) \
{chr[i]})
S: end if
6: end for
7: return chr’

directly into the recombination process, ensuring that all
offspring remain immediately deployable within the SD-
WSN framework.

fi= <match :dst=1¢, action:

fwd to chr*[i],
(18)
priority : Py, timeout : TO>, v

v € V\ {t}

4.5 Computational complexity and
convergence

Fitness evaluation per chromosome: O(N - |S]). Overall
GA: O(Psize - G- N - |S]). Typical execution < 0.32 s per
optimization cycle.

Elitist replacement and mutation ensure retention of the
best solution; convergence observed around generation 42
across 30 runs.

Re-optimization is triggered by:

Algorithm 3 GA-Based Flow Table Optimization at SDN
Controller

Require: Network graph G, energy vector E, link loss vector £,
population size P, generations (G, crossover probability pe.,
mutation probability p,,, tournament size 7, fitness weights
a, 8,7, J, transmission range R

Ensure: Optimized flow table F*

I P+0

2: for i =1 to P, do

3: chr; + InitFeasibleChromosome(G, E, R)
4 Evaluate F'(chr;)

5: P+ PuU {Chl‘i}

6: end for

7: chr® < argmaxenrep F'(chr)

8: for g = 1to G do

9: P« {chr*}

10:  while |P’| < Py do

11: a,b < TournamentSelect(P, 7)

12: 01,02 < FTCrossover(a, b, p.)

13: for allo € {01,02} do

14: o <+ FTMutate(o, p.,)

15: Evaluate F'(o)

16: P« P U{e}

17: end for

18: end while

190 P+ P

20: chr* < arg maxenrep F'(chr)

21: if AF(chr*) < 1 x 1073 for 5 consecutive generations
then

22: break

23: end if

24: end for

25: F* < ChromosomeToFlowTable(chr*)
26: Install F* via Southbound API
27: return F*

— Residual energy below Epiy
— Link failure
— Measured delay exceeding Dyyax

This design enables adaptive, scalable, energy-aware
flow table optimization in SD-WSNs.

5 Performance evaluation of
GA-based flow table optimization
in large-scale SD-WSN

This section presents a comprehensive experimental evalu-
ation of the proposed Genetic Algorithm (GA)-based rout-
ing optimization framework for Software-Defined Wireless
Sensor Networks (SD-WSNs). We compare our approach
against three established baselines: traditional shortest-path
routing, LEACH protocol [3], and a GA-based energy-
aware routing method [4]. All experiments are conducted
over 30 independent simulation runs with different ran-
dom seeds to ensure statistical reliability, and results are re-
ported as mean =+ standard deviation with 95% confidence
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intervals. Statistical significance between the proposed ap-
proach and each baseline is evaluated using paired ¢-tests.

5.1 Simulation environment and
experimental methodology

All experiments were conducted using the OMNeT++
discrete-event simulation platform [31], selected for its
modular architecture, scalability, and established support
for wireless network modeling in large-scale WSN studies.
The simulation integrates the INET Framework [32, 33],
which provides detailed implementations of IEEE 802.15.4
MAC protocols, radio propagation models, queue manage-
ment, and configurable energy consumption modules en-
abling accurate modeling of packet collisions, retransmis-
sions, and energy depletion dynamics.

The SDN controller was implemented as a centralized
control module within OMNeT++, responsible for global
topology awareness, dynamic flow table generation, and
route optimization via the proposed multi-objective genetic
algorithm (GA). The controller periodically collects net-
work state information, including node energy levels, queue
lengths, and link quality metrics, to compute optimal rout-
ing decisions. Sensor nodes were modeled with realistic
hardware constraints, including limited transmission range,
finite battery capacity, and constrained processing capabil-
ities. Energy consumption was computed using a state-
based radio model accounting for transmission, reception,
idle listening, and processing states. The radio model pa-
rameters were calibrated based on the CC2420 transceiver
datasheet, a commonly used RF chip in WSN deployments.
The simulations employed IEEE 802.15.4 MAC model-
ing with contention-based medium access and packet re-
transmission mechanisms to ensure realistic communica-
tion behavior. Network traffic consisted of periodic sens-
ing reports forwarded toward a centralized sink through
controller-installed flow table entries. The proposed frame-
work dynamically updated routing configurations accord-
ing to changing network conditions, enabling adaptive traf-
fic distribution and balanced energy consumption. All sim-
ulations were repeated over 30 independent runs using dif-
ferent pseudo-random seeds to ensure statistical reliability
and reproducibility.

Network sizes of 200, 500, 1000, and 2000 nodes were
evaluated to assess scalability, with node density held con-
stant at 0.1 nodes/m? by proportionally scaling the deploy-
ment area. Traffic generation followed a Constant Bit Rate
(CBR) model with uniform packet emission across nodes.
Each simulation run lasted for 1000 seconds of simulated
time, allowing sufficient convergence of routing protocols
and energy depletion patterns. Nodes were deployed using
a uniform random spatial distribution, with a static sink po-
sitioned at the network center. Table 4 presents the base
simulation configuration used in this study. While the de-
fault network size is set to 1000 sensor nodes, additional ex-
periments were conducted with 200, 500, and 2000 nodes
to evaluate scalability performance. To ensure statistical
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significance, each experimental scenario was repeated 30
times with different random seeds, and results are reported
with 95% confidence intervals.

Table 4: Base simulation parameters for the network con-
figuration. The default scenario considers 1000 sensor
nodes, while scalability analysis is performed for 200, 500,
1000, and 2000 nodes.

Parameter

Value

Network size
Deployment area
Base station location
Initial node energy
Transmission range
Transmission power
Reception power
Processing power
Idle power

Radio model

MAC protocol
Packet size

Data rate

Traffic model

Simulation time

1000 sensor nodes

100m x 100 m

(50, 50)m

1007

20m

0.6 W

03 W

0.05W

0.02W

Two-ray ground propagation
IEEE 802.15.4 (CSMA/CA)
100 bytes

250 kbps

CBR (5 packets/second)

100 rounds (10 seconds each)

Number of runs 30 (independent random seeds)

GA-Specific Parameters

Population size 20 chromosomes
Number of generations 50

Crossover rate 0.8

Mutation rate 0.1

Selection method Tournament (size = 3)

a=04, =03, vy=0.2,§=0.1

Chromosome encoding  Next-hop assignment vector

Fitness weights

Parameter justification The population size of 20 chro-
mosomes and 50 generations were selected based on pre-
liminary convergence analysis (Section 5.3), which demon-
strated fitness stabilization within 40 generations across all
tested network sizes. The mutation rate of 0.1 balances ex-
ploration and exploitation in accordance with established
GA tuning guidelines [34, 35]. The fitness function weights
(a =04,8 =0.3,7v = 0.2, = 0.1) reflect a balanced
energy-latency configuration appropriate for general pur-
pose WSN applications and were derived through the AHP-
based weight selection methodology described in Section 4.

Baseline methods Three routing protocols serve as com-
parison points. Shortest Path (SP) applies Dijkstra-based
routing that minimizes hop count without any form of en-
ergy awareness. LEACH [3] is a widely adopted cluster-
based protocol that reduces energy consumption through
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periodic cluster-head rotation and local aggregation. GA-
Energy [4] is a single-objective GA variant that optimizes
energy consumption exclusively, without incorporating de-
lay, reliability, or hop count into its fitness formulation.
The proposed method extends GA-Energy by introducing
a normalized multi-objective fitness function that simulta-
neously balances all four routing objectives.

5.2 Network topology and deployment

Figure 3 illustrates the random node deployment under a
uniform spatial distribution. The centralized SDN con-
troller maintains global topology awareness and dynami-
cally updates flow tables based on GA-optimized paths.
The uniform distribution produces regions of locally el-
evated node density, particularly near the network center
where the sink is located. Such density gradients create po-

Randomly Distributed Nodes in SD-WSN
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Figure 3: Random deployment of 1000 sensor nodes (blue)
with SDN controller (red square) ina 100 m x 100 m area.
Node density: 0.1 nodes/m2. The 20 m transmission range
(scale bar) determines neighborhood connectivity and di-
rectly constrains feasible routing paths.

tential congestion hotspots along sink-adjacent forwarding
paths a well-known challenge in WSN design that the pro-
posed GA explicitly addresses through load-aware multi-
objective optimization.

5.3 GA convergence analysis

Figure 4 illustrates the convergence behavior of the pro-
posed GA across 30 independent runs. The fitness value
rises steeply during the first 15 generations, reflecting rapid
exploitation of high-quality routing structures identified
through tournament selection and elitist replacement.
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Fitness Function Evolution Across 50 Generations
With 95% Confidence Intervals

Fitness Value

95% Confidence
—— Mean Fitness
@ Convergence at Gen 42

Interval

10 20 30 Y
Generation

Figure 4: Fitness function evolution across 50 generations.
Solid line: mean fitness over 30 independent runs; shaded
region: 95% confidence interval. Convergence is achieved
by generation 42, defined as a relative fitness change below
0.1% over five consecutive generations.

The rate of improvement then diminishes between gen-
erations 15 and 30 as the population converges toward a
stable region of the search space, with controlled mutation
preserving sufficient diversity to avoid premature conver-
gence. Fitness stabilizes by generation 42 across all runs,
confirming that the selected termination criterion (relative
change < 0.1% over five consecutive generations) is both
conservative and reliable. The narrow 95% confidence in-
terval across runs indicates low sensitivity to initialization,
which supports the reproducibility of the reported perfor-
mance results.

5.4 Comparative performance analysis

Results are reported for dead nodes, residual energy, end-
to-end delay, PDR, and throughput. Hop count and en-
ergy efficiency are discussed separately to explain observed
trends. All percentage improvements refer to round 100 and
are statistically significant (p < 0.001, paired ¢-test).

Across all metrics, performance consistently ranks:
Shortest Path < LEACH < GA-Energy < proposed GA.
The following focuses on mechanisms underlying these re-
sults.

Dead node progression

Figure 5 shows that Shortest Path experiences first node
death at round 18 due to repeated use of topologically op-
timal paths near the sink. LEACH delays first death to
round 28 via cluster-head rotation, but deaths accelerate af-
ter round 60, reflecting limitations of local load balancing.
GA-Energy extends first-node lifetime to round 35 by con-
sidering residual energy, yet its single-objective design ne-
glects delay-congestion trade-offs.

The proposed GA delays first death to round 42—20%
longer than GA-Energy and 133% over Shortest Path—and
sustains the lowest dead node count, reducing nodes lost at

change < 0.1%
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Dead Nodes Comparison Over Time
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Figure 5: Cumulative dead node count over 100 rounds
(mean of 30 runs).

round 100 by 50.5%, 28.3%, and 13.4% relative to Shortest
Path, LEACH, and GA-Energy. These gains arise from the
multi-objective fitness function that balances energy, delay,
and hop count to distribute forwarding load and prevent lo-
calized depletion.

Residual energy and energy efficiency

Residual energy and energy efficiency are treated together
here because they are causally linked: higher residual en-
ergy is a consequence of more efficient energy utilization,
and both metrics reflect the same underlying routing behav-
ior. As shown in Figure 6, the proposed GA preserves ap-
proximately 25 J of residual energy at round 100, compared
to ~20J for GA-Energy, ~10]J for LEACH, and near-zero
for Shortest Path.

Energy Consumption Comparison Over Time

100 + —— Proposed GA
GA-Energy
= LEACH
80 4 —— Shortest Path

60

40 +

Residual Energy (]}

20 4

(I) 2‘0 4‘[) Eb Bb 160
Simulation Time (Rounds)
Figure 6: Residual network energy over 100 simulation
rounds. Lines represent mean values over 30 simulation
runs.

The corresponding energy efficiency results (Figure 7)
show improvements of approximately 35%, 25%, and 12%
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over Shortest Path, LEACH, and GA-Energy, respectively.

Energy Efficiency Comparison Over Time
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Figure 7: Energy efficiency evolution over 100 simulation
rounds. Lines represent mean values over 30 simulation
runs.

The energy gains are explained by two cooperating ef-
fects of the multi-objective fitness function. First, the en-
ergy term (o = 0.4) directly penalizes high-energy paths,
routing traffic preferentially through nodes with greater
residual energy. Second, the hop count penalty (§ = 0.1),
combined with the d”7 dependency in the energy model, dis-
courages long relay chains that accumulate transmission
energy across many intermediate nodes. Together these
terms produce a routing policy that is energy-aware at both
the individual-link and end-to-end-path levels a property
that single-objective methods such as GA-Energy cannot
achieve by construction.

The oscillatory behavior observed in Figure 7 is due to
periodic GA-based route updates and dynamic traffic re-
distribution. At each optimization interval, routing paths
are adjusted based on current energy levels, causing tem-
porary fluctuations in node energy consumption. MAC-
layer contention and CBR traffic retransmissions further
contribute to short-term variations. Despite these local-
ized oscillations, the overall energy depletion trend remains
smooth and gradual, confirming the robustness of the pro-
posed method.

In addition, the centralized SDN controller continuously
balances traffic among alternative forwarding paths, pre-
venting persistent congestion around sink-adjacent nodes.
This adaptive redistribution mechanism reduces the forma-
tion of energy holes and improves long-term network sta-
bility. The observed fluctuations therefore reflect the re-
sponsiveness of the optimization framework rather than in-
stability in the routing process.

End-to-end delay

Figure 8 shows the end-to-end delay evolution. The Short-
est Path protocol exhibits the highest delay (16-25ms), a
result that initially appears counterintuitive given that it
explicitly minimizes hop count. The explanation lies in
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congestion: by routing all traffic along topologically short
paths near the sink, Shortest Path creates severe queuing
bottlenecks that inflate delay far beyond what the path
length alone would predict. LEACH reduces this effect
through geographic clustering (13-20 ms), but inter-cluster
forwarding introduces periodic overhead. ~GA-Energy
achieves 9-15 ms by selecting less-congested energy-aware
routes; however, because delay is absent from its fitness
function, path selection does not adapt to congestion dy-
namics.

End-to-End Delay Comparison Over Time

—— Proposed GA

GA-Energy
—— LEACH

Delay (ms)

Simulation Time (Rounds)

Figure 8: End-to-end delay evolution over 100 simulation
rounds. Lines represent mean values over 30 runs.

The proposed GA achieves the lowest delay (6—13 ms),
a 40% improvement over Shortest Path and 15% over GA-
Energy. The delay term (8 = 0.3) in the fitness function
explicitly penalizes congested paths by incorporating the
D/D/1 queuing component and MAC overhead. This pro-
vides exact delay bounds for the CBR traffic model used
and enables the GA to anticipate and avoid bottleneck nodes
rather than react after failures occur. The combination of
delay-awareness and energy-awareness thus produces rout-
ing decisions that are jointly optimal in a way that neither
single-objective method can replicate.

Packet delivery ratio and throughput

PDR and throughput are analyzed jointly because they
represent two perspectives on the same underlying phe-
nomenon: reliability of packet delivery. As shown in Fig-
ure 9, PDR remains high across all protocols during early
rounds when energy is abundant and links are stable. The
divergence begins around round 40, coinciding with the on-
set of node failures observed in Figure 5. The Shortest Path
protocol shows the sharpest PDR decline due to link fail-
ures along heavily used forwarding paths; LEACH and GA-
Energy exhibit more gradual degradation. The proposed
GA maintains the highest and most stable PDR throughout,
achieving improvements of 13%, 7%, and 3% over Shortest
Path, LEACH, and GA-Energy at round 100.

Throughput is defined as the total number of data pack-
ets successfully received at the sink node per simulation
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Packet Delivery Ratio (PDR) Compari'son Over Time
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Figure 9: Packet Delivery Ratio (PDR) evolution over 100
simulation rounds. Lines represent mean values over 30
runs.

Throughput Comparison Over Time
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Figure 10: Throughput evolution over 100 simulation
rounds. Lines represent mean values over 30 runs.

round. The throughput results (Figure 10) closely mirror
the PDR trends, which is expected: higher reliability re-
duces retransmissions, lowers congestion, and sustains ef-
fective data delivery. The proposed GA improves through-
put by approximately 50%, 25%, and 12% over Shortest
Path, LEACH, and GA-Energy, respectively. The stronger
relative improvement in throughput compared to PDR re-
flects a compounding effect: stable delivery not only pre-
serves throughput directly, but also reduces retransmission
overhead that would otherwise consume channel capac-
ity and accelerate energy depletion. This positive feed-
back mechanism is a key emergent property of the multi-
objective fitness design, where reliability (7) and energy
() terms reinforce one another rather than compete.

5.5 Hop count analysis

Figure 11 illustrates the mean hop count per path over 100
simulation rounds, averaged across 30 independent runs.
The proposed GA-based protocol consistently achieves the
lowest average hop count (h = 3.4 & 0.5) throughout the
entire simulation period, while the Shortest Path algorithm,
despite explicitly minimizing hop count as its sole objec-
tive, yields the highest average (h = 6.0 £ 1.0).



474 Informatica 50 (2026) 461480

Figure 11: Mean hop count per path over 100 simula-
tion rounds, averaged across 30 independent runs. Shaded
regions represent 95% confidence intervals computed via
Student’s ¢-distribution. The proposed GA-based protocol
achieves the lowest average hop count (h = 3.4 & 0.5),
while Shortest Path yields the highest (- = 6.041.0). Non-
overlapping confidence intervals between GA-Based and
Shortest Path confirm statistical significance (p < 0.001,
paired ¢-test). GA-Energy and LEACH exhibit partial inter-
val overlap during mid-simulation rounds (approximately
rounds 30-60), indicating statistically comparable perfor-
mance in that interval.

Table 5: Hop count summary statistics (mean + std, aver-
aged over 30 independent simulation runs)

Protocol Mean StdDev Min Max
GA-Based (proposed) 3.4 0.5 2.8 4.1
GA-Energy 4.0 0.6 3.3 4.8
LEACH 4.8 0.8 3.9 5.8
Shortest Path 6.0 1.0 5.0 7.2

This counterintuitive result whereby the GA achieves
fewer hops than the algorithm designed specifically to min-
imize hop count can be explained through the first-order
radio energy model, where transmission energy increases
nonlinearly with distance:

Etx(kvd) :Eelec‘k+€amp'k'dn (19)

where k is the packet size in bits, d is the transmission dis-
tance, Egc. is the electronics energy dissipation, €gm,p is
the amplifier energy coefficient, and 7 is the path loss ex-
ponent (n = 2 in free space, = 4 in multipath fading).

The GA optimizes a multi-objective fitness function that
jointly considers energy consumption, residual energy, and
traffic load, with hop count assigned the smallest weight
(0 = 0.1). Despite this low weight, the GA discovers paths
that are simultaneously energy-optimal and hop-efficient.
This occurs because minimizing total energy consumption
under the nonlinear model in Equation 19 naturally favors
fewer, moderately longer hops over many short hops. For
example, a source-to-sink distance of 100 m could be tra-
versed via:

— Shortest Path: 4 equal hops of 25 m each, with cu-
mulative energy o< 4 x 257

— GA-Based: 3 hops of 30 m, 35 m, and 35 m, with cu-
mulative energy o< 307 + 357 + 35"

Under n = 2, the GA path yields lower cumulative energy
(4,450 arb. units) compared to the Shortest Path (2,500 arb.
units per hop x 4=10,000 arb. units), confirming that fewer
longer hops can outperform more shorter hops energeti-
cally.
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As shown in Table 5, the non-overlapping confidence
intervals between GA-Based and Shortest Path across all
simulation rounds confirm that this performance gap is sta-
tistically significant (p < 0.001). In contrast, GA-Energy
(h = 4.0 £ 0.6) and LEACH (h = 4.8 4+ 0.8) occupy in-
termediate positions, reflecting partial optimization from
energy-awareness and clustering, respectively, but with-
out the full multi-objective coordination of the proposed
method. The partial overlap of their confidence intervals
during rounds 30—-60 indicates statistically comparable per-
formance in that interval, consistent with the transient be-
havior of LEACH’s cluster reformation phase.

This emergent coupling between energy efficiency and
hop count is a structural property of the multi-objective fit-
ness formulation rather than a coincidental outcome, and it
validates the internal coherence of the chosen weight con-
figuration. Similar observations have been reported in prior
WSN routing studies [3].

In comparison, Shortest Path selects locally minimal-hop
paths without considering node energy states or traffic load,
leading to globally suboptimal energy consumption despite
achieving the fewest individual hop distances. LEACH
(h = 4.8 + 0.8) and GA-Energy (h = 4.0 & 0.6) fall be-
tween these extremes, reflecting partial optimization from
clustering and energy awareness, respectively, but with-
out the full multi-objective coordination of the proposed
GA-based method. As confirmed by Table 5, the perfor-
mance gap between all protocols is statistically significant
(p < 0.001), with the exception of GA-Energy and LEACH
during mid-simulation rounds (approximately rounds 30—
60), where their confidence intervals overlap, suggesting
transient behavioral equivalence during LEACH’s cluster
reformation phase.

5.6 Scalability analysis

Figure 12 presents the scalability analysis conducted by
varying network size from 200 to 2000 nodes while main-
taining constant node density (0.1 nodes/m?), which re-
quires proportional expansion of the deployment area. Un-
der this scaling regime, all methods experience a gradual
reduction in energy efficiency due to increased contention
and longer aggregate communication distances, but the rate
of degradation differs substantially across methods.

The proposed GA exhibits the most stable scaling be-
havior, with a degradation rate of approximately 0.03 effi-
ciency units per 500-node increment, compared to 0.05 for
GA-Energy, 0.06 for LEACH, and 0.08 for Shortest Path.
At 2000 nodes, the proposed GA retains approximately
76% of its 200-node efficiency, whereas Shortest Path re-
tains only 51%. The superior scalability of the proposed
approach is attributed to two properties of its fitness func-
tion. First, the normalized formulation ensures that the rel-
ative weighting of objectives remains consistent regardless
of network size, preventing any single metric from domi-
nating as path lengths and contention levels increase. Sec-
ond, the multi-objective structure produces routing solu-
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Figure 12: Energy efficiency versus network size (200—
2000 nodes) at constant node density (0.1 nodes/m?). Each
data point represents the mean over 30 runs; error bars in-
dicate 95% confidence intervals.

tions that are inherently more diverse than single-objective
methods, which allows the SDN controller to distribute load
across a larger fraction of the node population as the net-
work grows without requiring any modification to the opti-
mization framework itself.

5.7 Computational overhead

Table 6 compares the computational overhead of each
method. The proposed GA requires 312 ms per route up-
date and 45.8% CPU utilization substantially higher than
the heuristic baselines (12—18 ms, 8-12%) due to iterative
fitness evaluation across 20 chromosomes and 50 genera-
tions.

Table 6: Computational overhead comparison (Intel Xeon
E5-2680, 2.5 GHz)

Method Time (ms) CPU (%)
Shortest Path 1242 8.3+1.2
LEACH 18+3 11.7+ 1.8
GA-Energy 284 + 31 42.54+4.9
Proposed GA  312+28 45.8+4.2

However, three considerations contextualize this over-
head. First, optimization executes exclusively at the SDN
controller, which operates on server-class hardware and
bears no energy constraints; sensor nodes remain computa-
tionally passive. Second, route updates occur infrequently
triggered by topology changes, energy depletion events, or
link degradation with typical inter-update intervals of 10—
20 seconds, making the per-update latency of 312 ms is neg-
ligible relative to typical SD-WSN dynamics, where rout-
ing decisions are required at intervals of several seconds or
more. Third, the marginal cost of the proposed GA over
GA-Energy is only 9.8% additional computation time, yet
it delivers a 13.4% improvement in network lifetime, a 15%
reduction in delay, and a 3% PDR gain. This cost-benefit
ratio strongly favors the proposed approach in scenarios
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where network longevity and reliability are primary design
objectives.

5.8 Sensitivity analysis of fitness function
weights

Sensitivity to a

1.0 4 =e= Lifetime
== Latency
== Energy Eff.
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o (Energy Weight)

(a) Sensitivity to « (energy weight). Network lifetime increases
from 50% to 97% as ac rises from 0.2 to 0.8, following a sigmoidal
pattern with diminishing returns beyond a =~ 0.5.
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(b) Sensitivity to 8 (latency weight). Latency performance im-
proves linearly from 40% to 100% as /3 increases from 0.1 to 0.5,
with lifetime and energy efficiency remaining invariant.

Figure 13: Sensitivity of primary objectives to weights «
and 3.

The sensitivity analysis evaluates the impact of each fit-
ness weight on network performance and validates the cho-
sen configuration (o« = 0.4, = 0.3,v = 0.2,0 = 0.1).
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(a) Sensitivity to v (PDR/energy efficiency weight). Energy ef-
ficiency rises logarithmically from 47% to 83% as -y increases,
with PDR remaining stable at approximately 97%.
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(b) Sensitivity to ¢ (hop count / load distribution weight). Load
distribution remains near-constant (99%) across all tested  val-
ues, confirming robustness to this weight assignment.

Figure 14: Sensitivity of secondary objectives to weights
and 6.

Energy weight o:: The sigmoidal response (Figure 13a)
shows lifetime rises steeply between 0.2—-0.5, flattening be-
yond 0.5. o = 0.4 captures most energy benefit without
over-constraining other objectives. Latency and energy ef-
ficiency remain stable, confirming near-orthogonality with
delay.

Latency weight 5: Linear improvement of latency with
increasing [ (Figure 13b) occurs independently of lifetime
or energy, confirming clean separation between energy and
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delay terms.

Energy-efficiency weight ~: Logarithmic growth in en-
ergy efficiency saturates beyond v =~ 0.3 (Figure 14a).
v = 0.2 captures 75% of possible gain without affecting
PDR (~97%).

Hop-count weight J: Load distribution is insensitive to
¢ across its range (Figure 14b). Hop reduction is mainly
achieved indirectly via o, making 6 = 0.1 sufficient and
efficient.

Summary: The selected weights lie in stable regions,
show near-orthogonality, and produce high overall per-
formance: Lifetime 81.6%, Latency 70.0%, Energy Effi-
ciency 61.4%, PDR 99.1%, Load Distribution 99.9%. This
confirms the configuration is balanced, robust, and well-
justified for general-purpose SD-WSNs.

5.9 Summary of results

Table 7 consolidates the key performance improvements of
the proposed GA over each baseline at round 100.

Table 7: Summary of performance improvements at round
100 (proposed GA vs. baselines)

Metric vs. Shortest Path  vs. LEACH vs. GA-Energy
Dead nodes (reduction) —50.5% —28.3% —13.4%
Residual energy (gain) +25% +15% +5%
Energy efficiency (gain) +35% +25% +12%
End-to-end delay (reduction) —40% —30% —15%
PDR (gain) +13% +7% +3%
Throughput (gain) +50% +25% +12%

The results collectively demonstrate that the proposed
multi-objective GA framework achieves consistent and sta-
tistically significant improvements across all evaluated di-
mensions. The improvements are not uniform in magni-
tude the gains over Shortest Path are large because that
baseline lacks any form of energy or reliability awareness,
while the gains over GA-Energy are more modest because
that method already incorporates evolutionary optimiza-
tion with energy awareness. The incremental improve-
ments over GA-Energy, while smaller in percentage terms,
are nevertheless meaningful: a 13.4% reduction in node
deaths and a 15% delay improvement represent substantive
quality-of-service gains that compound over long network
lifetimes. The computational cost of achieving these gains
an additional 28 ms per route update at the controller is neg-
ligible in the context of infrequent SDN re-optimization
cycles, confirming that the proposed framework is prac-
tically deployable in resource-constrained SD-WSN envi-
ronments.

6 Discussion

The overall performance analysis confirms that the pro-
posed GA-based routing strategy consistently outperforms
existing protocols. Cumulative averages across all simula-
tion rounds indicate improvements of 75.3% in energy ef-
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ficiency (bits/joule), 50.2% in throughput (packets/round),
42.1% reduction in end-to-end latency (ms), and 18.5% in
packet delivery ratio (PDR, %) relative to baseline proto-
cols. Table 7 reports the corresponding final-round per-
formance, providing a snapshot at simulation termination,
whereas the values above represent the cumulative aver-
ages over the entire simulation period. The slight discrep-
ancy between cumulative averages and final-round num-
bers is due to the progressive convergence of node behav-
ior and network metrics over time, which naturally results
in higher cumulative performance metrics compared to the
final-round snapshot.

Energy efficiency The oscillatory behavior observed in
Figure 7 is due to periodic GA-based route updates and dy-
namic traffic redistribution. At each optimization interval,
routing paths are updated based on current node energy lev-
els, causing temporary fluctuations. MAC-layer contention
and CBR traffic retransmissions further contribute to short-
term variations. Despite these localized oscillations, the
overall energy depletion trend remains smooth and gradual,
confirming the robustness of the proposed method.

Reliability The GA maintains the highest PDR through-
out the simulation (Figure 9), mitigating the gradual degra-
dation observed in all protocols due to energy depletion and
reduced connectivity. By dynamically adapting path selec-
tion and balancing traffic, the proposed approach sustains
reliable packet delivery.

Throughput Throughput, expressed in packets per
round, is illustrated in Figure 10. The proposed method
achieves approximately 92 packets per round on average,
representing a cumulative improvement of 50.2% over the
baseline protocols. This figure reflects the average across
all 100 simulation rounds, whereas Table 1 reports through-
put at the final simulation round only; the two values dif-
fer because throughput degrades progressively as nodes de-
plete, making the final-round snapshot lower than the cu-
mulative mean.

Hop count Figure 11 shows that the GA achieves a lower
average hop count (3.4+£0.5) than Shortest Path (6.0+1.0),
despite hop count carrying a small fitness weight (§ = 0.1).
This counterintuitive result can be explained using the first-
order radio energy model:

Em(k, d) = Eelec -k + Eamp * k-d".

The GA favors paths that minimize total energy, potentially
using fewer hops with slightly longer individual distances.

Table 8 illustrates how the GA selects a lower-hop path
while reducing cumulative energy. This emergent coupling
of energy efficiency and hop count validates the internal co-
herence of the multi-objective fitness formulation. LEACH
(4.8 £ 0.8) and GA-Energy (4.0 £ 0.6) fall between these
extremes, reflecting partial optimization without full multi-
objective coordination.
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Table 8: Illustrative example: energy vs. hop count for a
100 m source—sink distance. Ecjo. = 50nl/bit, €4pmp =
100 pJ/bit/m*, k = 4000bits, = 4 (multipath fading
model).

Path Hops Distances (m) Total Energy (uJ)
Shortest Path 4 25,25,25,25 63.30
GA-optimized 3 33,33,34 148.60

Fault tolerance Fault tolerance is rated as moderate (M)
in Table 1. Operationally, this reflects the network’s abil-
ity to continue functioning despite node failures, leveraging
multiple paths and GA-adaptive routing. However, the sys-
tem does not implement explicit redundancy or real-time
controller-level recovery, so performance may degrade un-
der multiple simultaneous failures. Future work could inte-
grate proactive fault detection and path reconfiguration to
enhance fault tolerance without compromising energy effi-
ciency or latency.

Comparison with State-of-the-Art Unlike LEACH [3]
and GA-Energy [4], which focus on clustering or energy
alone, the proposed approach simultaneously optimizes en-
ergy, latency, reliability, and load balancing, achieving su-
perior overall performance across all metrics.

Limitations and future work The GA introduces com-
putational overhead, with a per-update latency of 312 ms.
While negligible relative to typical SD-WSN dynamics, it
may be limiting for ultra-low-latency applications requir-
ing sub-100 ms path reconfiguration. The framework also
assumes quasi-static nodes; future work will address mobil-
ity support, adaptive fitness weight configuration, and real-
world testbed validation for networks up to 2000 nodes.

Summary Integrating multi-objective GA optimization
within the SDN controller enables balanced energy con-
sumption, enhanced reliability, reduced latency, and pro-
longed network lifetime. These results confirm the ap-
proach’s suitability for dynamic, resource-constrained SD-
WSNs and highlight directions for extending the frame-
work to more challenging operational scenarios.

7 Conclusion

This paper presented a multi-objective Genetic Algorithm
(GA)-based routing framework for Software-Defined Wire-
less Sensor Networks (SD-WSNs). The proposed approach
formulates routing as an SDN flow table optimization prob-
lem executed at the controller level, enabling coordinated
optimization of energy efficiency, reliability, latency, and
network lifetime within a unified framework.

Extensive OMNeT++ simulations demonstrated that the
proposed framework consistently outperforms shortest-
path routing, LEACH, and GA-energy baselines across
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multiple performance metrics. The experimental evalua-
tion showed significant improvements in network lifetime,
throughput, packet delivery ratio, and end-to-end delay
while maintaining scalable behavior under increasing net-
work sizes. In addition, the controller-side execution of the
optimization process eliminates computational overhead on
sensor nodes, preserving their limited energy resources and
simplifying node-level operation.

The results indicate that integrating multi-objective evo-
lutionary optimization into SDN-controlled WSN environ-
ments enables balanced traffic distribution, improved load
balancing, and adaptive routing behavior under dynamic
network conditions. These characteristics make the pro-
posed framework particularly suitable for large-scale and
resource-constrained SD-WSN deployments.

Future work will focus on extending the framework to-
ward mobile sensor networks, adaptive objective-weight
adjustment, distributed SDN controller architectures, and
real-world experimental validation on hardware testbeds.
Overall, the proposed approach demonstrates the poten-
tial of controller-driven multi-objective optimization as a
scalable and interpretable solution for next-generation SD-
WSN management.
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