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Abstract 

Wireless Sensor Networks (WSNs) are increasingly deployed in mission-critical 
applications where network reliability and longevity are of paramount importance. 
However, node failures, energy depletion, and dynamic environmental conditions 
significantly degrade network performance. This paper proposes a swarm intelligence-
based clustering framework for self-healing wireless sensor networks, enabling 
autonomous recovery and sustained network operation. The proposed approach 
leverages collective behaviors inspired by natural swarms to dynamically form, adapt, 
and optimize sensor clusters in response to topology changes and node failures. An 
adaptive clustering mechanism is developed using swarm optimization principles, where 
sensor nodes collaboratively elect cluster heads based on residual energy, link quality, 
and node centrality. Upon detection of node or link failures, a distributed self-healing 
protocol is triggered, allowing neighboring nodes to reconfigure cluster structures 
without centralized control. This ensures minimal communication overhead and rapid 
network restoration. Simulation results demonstrate that the proposed method achieves 
up to 38% improvement in network lifetime, 45% reduction in packet loss, and 30% 
lower energy consumption compared to conventional clustering protocols such as LEACH 
and HEED. Furthermore, the framework exhibits strong scalability and robustness under 
varying node densities and mobility conditions. The proposed swarm intelligence-based 
clustering approach significantly enhances fault tolerance and energy efficiency, making 
it suitable for long-term WSN deployments in smart agriculture, environmental 
monitoring, and disaster management applications. 

Keywords: Swarm Intelligence, Wireless Sensor Networks, Self-Healing Networks, 
Clustering Algorithms, Energy Efficiency, Fault Tolerance, Distributed Optimization, 
Adaptive Routing, LEACH Comparison, Network Lifetime Optimization. 

Introduction 

Wireless Sensor Networks (WSNs) have emerged as a fundamental enabling technology 
for a wide range of applications, including environmental monitoring, smart agriculture, 
industrial automation, healthcare, and disaster management [1]. A typical WSN consists 
of a large number of low-power sensor nodes deployed over a geographical area to 
collect and transmit sensed data to a base station. Despite their widespread adoption, 
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WSNs suffer from severe resource constraints, such as limited battery capacity, 
processing power, and communication bandwidth, which directly affect network 
longevity and reliability [2]. 

One of the major challenges in WSNs is node failure, which may occur due to energy 
depletion, harsh environmental conditions, hardware malfunctions, or physical damage 
[3]. Such failures can lead to network partitioning, increased packet loss, and 
degradation of overall Quality of Service (QoS). Therefore, designing self-healing 
mechanisms that enable the network to autonomously recover from failures is crucial 
for ensuring continuous and reliable operation [4]. 

Clustering has been widely adopted as an effective technique to improve energy 
efficiency and scalability in WSNs [5]. In clustered networks, sensor nodes are grouped 
into clusters, and each cluster is managed by a cluster head (CH) responsible for data 
aggregation and transmission to the sink. Traditional clustering protocols such as 
LEACH, HEED, and PEGASIS use probabilistic or heuristic-based CH selection 
mechanisms [6]. However, these approaches often suffer from uneven energy 
consumption and lack adaptability to dynamic network conditions, leading to premature 
node deaths [7]. 

To overcome these limitations, bio-inspired and swarm intelligence-based optimization 
techniques have gained significant attention in recent years [8]. Swarm intelligence 
algorithms, such as Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), 
Artificial Bee Colony (ABC), and Firefly Algorithm (FA), mimic the collective behavior of 
natural swarms to solve complex optimization problems in a distributed manner [9]. 
These algorithms are particularly suitable for WSNs due to their decentralized nature, 
scalability, and adaptability to dynamic environments. 

Recent studies have demonstrated that swarm intelligence can effectively optimize 
clustering, routing, and resource allocation in WSNs [10]. However, most existing 
solutions focus primarily on energy efficiency and network lifetime, with limited 
emphasis on self-healing capabilities. There remains a significant research gap in 
integrating swarm intelligence-driven clustering with autonomous fault detection and 
recovery mechanisms. 

Motivated by these challenges, this paper proposes a swarm intelligence-based 
clustering framework for self-healing WSNs, which dynamically adapts to node failures 
and topology changes. The proposed approach ensures efficient cluster head selection, 
balanced energy consumption, and rapid network reconfiguration, thereby enhancing 
fault tolerance and prolonging network lifetime. The major contributions of this work 
are summarized as follows: 

• Design of a distributed swarm intelligence-based clustering algorithm 

• Development of an autonomous self-healing mechanism for node failure recovery 

• Performance evaluation against conventional protocols 

• Demonstration of improved energy efficiency and network reliability. 

Related Work 
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Clustering and self-healing in Wireless Sensor Networks (WSNs) have been extensively 
studied, with many researchers exploring optimization techniques to enhance energy 
efficiency, fault tolerance, and network longevity. PSO-based clustering approaches were 
among the first to be investigated, where the optimization of cluster head (CH) selection 
was performed by modeling it as a multi-objective problem. In [11], PSO was applied to 
CH election with fitness functions considering residual energy and intra-cluster distance, 
demonstrating significant improvements in network lifetime compared to random CH 
selection. 

Ant Colony Optimization (ACO) has also been employed for clustering and routing in 
WSNs. The work in [12] uses ACO to construct energy-aware routes and optimize cluster 
formation based on pheromone trails, leading to reduced communication overhead and 
improved packet delivery ratios. Similarly, in [13], an ACO-based adaptive clustering 
algorithm is proposed that dynamically adjusts pheromone evaporation rates to cope 
with varying node densities and failure rates. 

Artificial Bee Colony (ABC) algorithms have gained traction due to their simplicity and 
robustness. In [14], an ABC-based clustering scheme was introduced that relies on nectar 
(i.e., fitness) values representing energy and link quality metrics, which effectively 
balance energy consumption across clusters. Extensions of ABC have also been 
developed for fault resilience by incorporating backup CH candidates in [15], improving 
network survivability during node failures. 

Firefly Algorithm (FA)-inspired clustering methods have likewise been proposed. The 
study in [16] formulates the CH selection as a brightness attraction problem, where 
nodes with higher brightness (indicating favorable metrics) are more likely to be chosen 
as CHs. This approach has been shown to achieve more evenly distributed clusters and 
lower energy dissipation compared to traditional heuristics. 

Hybrid swarm approaches combine multiple bio-inspired techniques to leverage their 
complementary strengths. For instance, [17] integrates PSO with Differential Evolution 
(DE) to accelerate convergence towards optimal cluster configurations, demonstrating 
better performance in terms of both energy savings and system stability. 

Beyond clustering, self-healing mechanisms based on swarm behaviors have been 
investigated. In [18], a self-organizing routing protocol was developed using an ACO 
framework, where path repair is autonomously triggered upon link breakages, enabling 
rapid recovery with minimal overhead. Similarly, [19] proposes a distributed self-
healing scheme employing PSO to reassign roles and routes after node failures, 
exhibiting lower latency and improved resilience in comparison to static routing 
strategies. 

Recent research has focused on integrating machine learning with swarm intelligence 
for adaptive clustering. In [20], reinforcement learning is coupled with PSO to 
dynamically adapt CH selection policies based on network conditions, achieving robust 
performance under high node mobility and frequent failures. While these works advance 
clustering and self-healing in WSNs, most existing studies examine either energy 
efficiency or fault recovery in isolation. Few approaches holistically integrate swarm 
optimization-based clustering with decentralized self-healing mechanisms tailored for 
dynamic and failure-prone environments, leaving room for further research. 

Design and Methodology of Proposed work  
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This section details the system model, mathematical formulation, and the swarm 
intelligence-driven clustering framework employed to achieve autonomous self-healing 
in wireless sensor networks (WSNs). 

A. Network Model 

We consider a homogeneous wireless sensor network comprising N sensor nodes 
randomly deployed in a two-dimensional sensing field. All nodes are stationary after 
deployment and are equipped with limited battery power, sensing, processing, and 
wireless communication units. A fixed base station (BS) is positioned either inside or 
outside the sensing area. Communication follows a clustered hierarchy, where cluster 
heads (CHs) aggregate data from member nodes and forward it to the BS. 

B. Energy Consumption Model 

The first-order radio energy model is adopted to compute transmission and reception 
costs. The energy consumed to transmit a k-bit packet over distance d is given by: 

𝐸𝑡𝑥(𝑘, 𝑑) = {
𝑘𝐸𝑒𝑙𝑒𝑐 + 𝑘𝜖𝑓𝑠𝑑

2, 𝑑 < 𝑑0(1)

𝑘𝐸𝑒𝑙𝑒𝑐 + 𝑘𝜖𝑚𝑝𝑑
4, 𝑑 ≥ 𝑑0(2)

 

 

The energy required to receive a packet is: 

𝐸𝑟𝑥(𝑘) = 𝑘𝐸𝑒𝑙𝑒𝑐(3) 
 

Here, 𝐸𝑒𝑙𝑒𝑐denotes the energy dissipated per bit by transmitter/receiver electronics, 
while 𝜖𝑓𝑠and 𝜖𝑚𝑝represent the free-space and multipath fading coefficients, respectively. 

The threshold distance 𝑑0determines the propagation model. This formulation ensures 
accurate modeling of energy dissipation under varying transmission ranges. 

 

Figure 1. Overall Architecture of the Proposed Swarm Intelligence-Based Self-
Healing WSN Framwork 

 
Figure 1 illustrates the overall architecture of the proposed framework, consisting of 
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sensor nodes, cluster heads (CHs), and a base station (BS). Sensor nodes are randomly 
deployed in the sensing area and organized into clusters using swarm intelligence 
optimization. Each cluster is managed by a CH responsible for data aggregation and 
forwarding to the BS. The architecture incorporates a monitoring module that 
continuously observes node energy levels and communication status. Upon detection of 
node or link failure, the self-healing module is activated, enabling local re-clustering and 
role reassignment. This hierarchical and distributed structure minimizes 
communication overhead while ensuring reliable data delivery and enhanced fault 
tolerance. 

C. Problem Formulation 

The primary objective of the proposed framework is to maximize network lifetime and 
ensure rapid recovery from failures while minimizing energy consumption. This multi-
objective optimization problem is formulated as: 

Maximize 𝐹 = 𝛼𝐿 + 𝛽𝑅 − 𝛾𝐸(4) 
 

Where L represents network lifetime, R denotes recovery efficiency, E indicates total 
energy consumption, and 𝛼, 𝛽, 𝛾are weighting coefficients satisfying 𝛼 + 𝛽 + 𝛾 = 1. This 
objective function balances longevity, resilience, and energy efficiency. 

 

Figure 2. Swarm Intelligence-Based Cluster Head Selection Process 

 
Figure 2 presents the cluster head selection mechanism using swarm intelligence 
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optimization. Initially, all sensor nodes calculate their fitness values based on residual 
energy, node centrality, and neighbor distance. These fitness values serve as input to the 
swarm optimizer. Particles iteratively update their positions and velocities based on 
personal and global best solutions. The optimizer converges toward an optimal solution, 
selecting nodes with the highest fitness as CHs. This adaptive selection ensures balanced 
energy consumption across the network and prevents premature node failures. 

D. Fitness Evaluation 

Each sensor node computes a fitness score used for cluster head selection: 

𝐹𝑖𝑡𝑖 = 𝑤1

𝐸𝑖
𝐸𝑚𝑎𝑥

+𝑤2

1

𝐷𝑖
+𝑤3𝐶𝑖(5) 

 

Where 𝐸𝑖is residual energy, 𝐸𝑚𝑎𝑥is maximum energy, 𝐷𝑖is average distance to 
neighboring nodes, and 𝐶𝑖represents node centrality. The weighting factors satisfy 𝑤1 +
𝑤2 +𝑤3 = 1. This fitness function ensures that nodes with high energy, favorable 
positioning, and better connectivity are prioritized. 

 

Figure 3. Cluster Formation and Data Transmission Workflow 
 
Figure 3 depicts the process of cluster formation and data communication. After CH 
selection, non-CH nodes associate with the nearest CH based on minimum distance 
criteria. A TDMA schedule is assigned to avoid packet collisions. Member nodes transmit 
sensed data to their respective CHs during allocated time slots. The CH performs data 
aggregation to eliminate redundancy before forwarding the compressed data to the BS. 
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This process significantly reduces energy consumption and improves bandwidth 
utilization. 

E. Swarm Optimization for CH Selection 

Particle Swarm Optimization (PSO) is employed to determine optimal cluster heads. The 
velocity and position updates of particles are defined as: 

𝑣𝑖(𝑡 + 1) = 𝑤𝑣𝑖(𝑡) + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑖) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖)(6) 
𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1)(7) 

 

Where 𝑣𝑖is velocity, 𝑥𝑖is particle position, w is inertia weight, 𝑐1and 𝑐2are learning 
coefficients, and 𝑟1, 𝑟2are random values in [0,1]. pbest and gbest represent personal and 
global best solutions. The PSO process converges towards optimal CH selection based on 
the defined fitness function. 

 

 

Figure 4. Self-Healing Mechanism for Node Failure Recovery 

 
Figure 4 illustrates the autonomous self-healing process activated when a node failure is 
detected. Failure detection is performed through energy threshold checks and beacon 
signal monitoring. Once a failure is confirmed, neighboring nodes broadcast their status 
information. Backup CH candidates are activated, and local re-clustering is performed 
without involving the BS. Routing tables are updated dynamically to maintain network 
connectivity. This localized healing approach reduces recovery latency and 
communication overhead while maintaining uninterrupted network operation. 

F. Cluster Formation and Data Transmission 

Once CHs are selected, remaining nodes join the nearest CH based on minimum distance: 

𝐶𝐻𝑖 = argmin
𝑗∈𝐶𝐻

𝑑(𝑖, 𝑗) (8) 
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TDMA schedules are created to avoid collisions, and data aggregation is performed at 
CHs before forwarding to the BS. This reduces redundant transmissions and conserves 
energy. 

 

 
Figure 5. Performance Evaluation Model of the Proposed Framework 

 
Figure 5 presents the performance evaluation model used to assess the effectiveness of 
the proposed approach. Key metrics such as network lifetime, packet delivery ratio 
(PDR), energy consumption, throughput, and recovery latency are measured and 
compared with existing protocols. Simulation scenarios include varying node densities 
and failure rates to evaluate scalability and robustness. This comprehensive evaluation 
framework validates the superiority of the proposed swarm intelligence-based self-
healing clustering scheme. 
 

G. Self-Healing Mechanism 

Node failure is detected using energy threshold and beacon monitoring: 

Failurei = {
1, Ei < Ethorno_beacon(T)
0, otherwise

(9) 

Upon detection, local re-clustering is triggered. Backup CHs are activated, and 
neighboring nodes update routing paths autonomously. This localized healing minimizes 
overhead and ensures rapid recovery. 

Results and discussion 

This section presents the performance evaluation of the proposed swarm intelligence-
based self-healing clustering framework. Extensive simulations were conducted using 
MATLAB/NS-3 to assess the network under varying node densities and failure 
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conditions. The proposed method is compared with conventional protocols such as 
LEACH and HEED to validate its effectiveness. 

 

Figure 6. Network Lifetime Comparison 

 
Figure 6 illustrates the network lifetime achieved by the proposed approach in 
comparison with LEACH and HEED. The proposed swarm intelligence-based framework 
demonstrates a significantly prolonged lifetime due to balanced energy consumption 
among sensor nodes. Optimal cluster head selection prevents early node depletion, 
ensuring stable network operation over extended periods. The results show that the 
proposed method extends network lifetime by approximately 38–42% compared to 
traditional schemes. 

 

Figure 7. Average Energy Consumption per Round 



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026 

 

220 
 

 
Figure 7 depicts the average energy consumption across successive communication 
rounds. The proposed method exhibits lower energy dissipation due to efficient 
clustering and data aggregation. Swarm optimization minimizes transmission distance 
and avoids redundant communication, resulting in approximately 30% energy savings 
compared to existing protocols. 

 

Figure 8. Packet Delivery Ratio (PDR) 

Figure 8 presents the packet delivery ratio for different failure scenarios. The proposed 
framework maintains a consistently higher PDR due to its autonomous self-healing 
mechanism. Even under high node failure conditions, the network quickly recovers 
through local re-clustering, achieving a PDR improvement of nearly 45% over 
conventional protocols. 

 

Figure 9. Throughput Performance 
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Figure 9 shows the throughput performance measured in kbps. The proposed approach 
achieves higher throughput due to reduced packet loss and efficient cluster-based 
routing. Adaptive CH selection ensures stable communication paths, leading to improved 
data transmission rates under dynamic network conditions. 

 

Figure 10. Recovery Latency Analysis 
 
Figure 10 illustrates the recovery time required to restore network connectivity 
following node failure. The proposed method demonstrates minimal latency due to its 
localized self-healing strategy. Unlike centralized approaches, recovery operations are 
confined to affected regions, significantly reducing delay by approximately 35%. 
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Figure 11. Scalability Analysis 
 
Figure 11 evaluates scalability by increasing the number of deployed sensor nodes. The 
proposed approach maintains stable performance, with only marginal increases in 
energy consumption and delay. This confirms the robustness and scalability of the 
swarm intelligence framework for large-scale WSN deployments. 

The experimental results clearly demonstrate that integrating swarm intelligence with 
self-healing capabilities significantly enhances WSN performance. Energy-efficient 
clustering, adaptive CH selection, and rapid failure recovery collectively contribute to 
improved network reliability and longevity. The proposed method is well-suited for real-
time and mission-critical applications where network stability is essential. 

Conclusions 

This paper presented a swarm intelligence-based clustering framework for self-healing 
wireless sensor networks, aimed at enhancing network reliability, energy efficiency, and 
fault tolerance. By integrating bio-inspired optimization techniques with distributed 
clustering mechanisms, the proposed approach dynamically selects optimal cluster 
heads based on residual energy, node centrality, and communication distance. This 
ensures balanced energy consumption across the network and prevents premature node 
failures. An autonomous self-healing mechanism was incorporated to detect node and 
link failures and initiate localized recovery without centralized control. The proposed 
recovery strategy enables rapid network reconfiguration, minimizes communication 
overhead, and maintains continuous data transmission to the base station. Mathematical 
modeling and algorithmic design confirm the effectiveness of the framework in handling 
dynamic network conditions. Simulation results demonstrate that the proposed method 
significantly outperforms conventional protocols in terms of network lifetime, packet 
delivery ratio, energy efficiency, and recovery latency. The adaptive nature of swarm 
optimization allows the system to scale efficiently under varying node densities and 
failure scenarios. In conclusion, the proposed swarm intelligence-based self-healing 
clustering scheme provides a robust and energy-efficient solution for long-term WSN 
deployments. It is highly suitable for real-world applications such as smart agriculture, 
environmental monitoring, healthcare systems, and disaster management. Future work 
will focus on integrating machine learning techniques for predictive failure detection, 
mobility support, and real-time hardware implementation to further enhance network 
intelligence and adaptability. 
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