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Wireless Sensor Networks (WSNs) constitute a critical data-acquisition layer for large-

scale sensing and big-data analytics; however, limited battery capacity, uneven energy 

dissipation, hotspot formation, and excessive clustering overhead can interrupt 
continuous data collection and reduce network lifetime. This paper proposes an Interval 

Type-2 Fuzzy Unequal Clustering with Selective Multi-Hop and Adaptive Re-

clustering protocol (IT2F-UC-SMH-AR) for reliable and energy-efficient WSN data 
acquisition. The framework combines interval Type-2 fuzzy-based cluster-head 

selection, unequal cluster formation, load-aware node association, selective relay-
based forwarding, and energy-dependent re-clustering. By preserving sensing-node 

availability, balancing forwarding loads, and sustaining data delivery to the base 

station, the proposed protocol strengthens the upstream data pipeline required for 
subsequent storage, processing, and big-data analytics. Its performance is evaluated 

through MATLAB simulations under three deployment scenarios and compared with 

Low-Energy Adaptive Clustering Hierarchy (LEACH), Cluster Head Election using 
Fuzzy logic (CHEF), and Gupta fuzzy logic-based scheme (Gupta-FL). The results 

demonstrate that IT2F-UC-SMH-AR delays early node failure, improves cluster-head 

stability and energy balance, and maintains competitive packet delivery under different 
network sizes and communication distances. Its advantages become particularly 

evident in scenarios with increased routing complexity, where unequal clustering and 

selective multi-hop transmission reduce long-range communication costs. Although 
LEACH achieves higher throughput in some compact or dense deployments, the 

proposed protocol provides a more favorable trade-off between network stability, 

energy preservation, and reliable data acquisition. These findings establish IT2F-UC-
SMH-AR as a promising framework for energy-constrained WSN applications 

supporting continuous, large-scale data collection. 
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1. INTRODUCTION 

Wireless Sensor Networks (WSN) form one of the important categories of distributed communication 

systems that consist of many low power sensor nodes spread throughout the physical environment for data 

sensing, collection, processing, and transmission. The application of such networks can be found in 

environmental monitoring, industrial automation, smart agriculture, health care systems, military surveillance, 

disaster management, and smart infrastructure [1][2]. Generally, in a WSN, each sensor node has a sensing 

unit, a processing unit, a radio transceiver, and limited battery energy source. Consequently, the performance 

of WSNs is highly dependent on energy consumption, communication range, packet routing, node density, and 

network topology. Usually, due to deployment of sensor nodes in remote or inaccessible areas, battery 

replacement or recharge is very difficult. This is the reason why energy consumption and network life time are 

very important design issues of WSNs. Generally, the architecture of a WSN network is made up of the 

following components: sensing nodes, Cluster Head (CH), relay or forwarding nodes, Base Station (BS), 

gateway and the information infrastructure which includes the Internet, data center, database and application 

layer. From the illustration in Figure 1, the sensor nodes detect the environment and send the collected data to 

some selected CHs. The CHs aggregate the data to minimize redundancy and then send the collected 

information to the BS or gateway, either directly or through the selection of multi-hop routing scheme [2][3]. 

The gateway acts as a connection between the WSN network and the information infrastructure where data can 

be stored, analyzed and accessed by the end-users. This architecture depicts that WSN networks not only act 

as communication networks but also as data acquisition systems [1]-[4]. 

 

 
Figure 1. General architecture of a wireless sensor network 

 

Low-Energy Adaptive Clustering Hierarchy (LEACH) is one of the first and most popular clustering 

protocols used in WSNs. The primary concept of LEACH is that it makes clusters in the network and rotates 

the role of the CH among the sensor nodes so that energy consumption could be distributed [5]. In every round, 

certain sensor nodes become CH randomly and the other nodes form clusters with these CHs and transmit 

sensed data to them. Afterward, the CH transmits collected data to the BS. Although LEACH is efficient and 

relatively simple as compared to direct transmission protocol, it is also characterized by certain deficiencies, 

such as randomness in CH selection, imbalanced energy consumption, repetitive re-clustering operations, and 

inefficient data transmission over long distance [6][7]. 

A lot of work has been done on introducing Fuzzy Logic (FL) in WSNs due to inherent deficiencies of 

classical clustering algorithms based on random decision making. In contrast to threshold-based and 

probability-based methods, FL allows multiple uncertain and nonlinear parameters such as residual energy, 

distance between nodes, node centrality, node density, communication cost, and node load to be considered 

during clustering. Thus, it is much more appropriate to use fuzzy-based clustering in dynamic WSNs, since 

energy level and communication properties of nodes vary dynamically in time. It should be noted that Type-2 

and Interval Type-2 fuzzy systems have better ability to handle uncertainty in comparison with Type-1 fuzzy 

systems [8][9]. 

Increasingly, the application of AI is contributing to the improvement of the intelligence, adaptability, 

and autonomy of WSNs. The Artificial Intelligence (AI) techniques will assist the network to achieve more 
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efficient decision-making regarding the present conditions at the node and at the communication channel level. 

Some of the applications that can employ AI in WSN include CH selection, routing, data aggregation, anomaly 

detection, energy prediction, fault diagnosis, and adaptive resource management. The intelligent techniques 

like FL, ML, RL, NNs, and metaheuristics optimization can be useful in helping the network to learn or predict 

the optimal communication behavior in light of the changes. However, recent research into forecasting 

techniques has also revealed that the models employing machine learning, deep learning, and meta-heuristic 

assistance can predict temporal load with competitive accuracy and computational efficiency. These prediction 

abilities might facilitate proactive energy allocation, traffic management, and resource scheduling in intelligent 

WSNs [10]. 

Data analysis using big data technology is also gaining popularity in WSN-enabled applications owing to 

the fact that today’s sensing environments are capable of producing large amounts of heterogeneous and 

continuous data. The large-scale WSNs can collect their data from hundreds or thousands of nodes; hence, 

continuous streams of data will be obtained on parameters such as temperature, humidity, pressure, vibration, 

motion, healthcare information, industrial information, or any environmental events. Data analysis using big 

data technology can then be applied after data collection for purposes such as extracting useful patterns, 

detecting abnormal events, prediction, and effective decision-making. However, successful implementation of 

big data analysis requires high-quality data acquisition and transfer within the WSN. This means that energy-

efficient clustering, data aggregation, and routing become critical because these processes minimize 

unnecessary data transmissions, conserve energy at the nodes, and guarantee that valuable sensing data reaches 

the database or data centers for analysis. With respect to this discussion, AI-enabled routing together with big 

data enabled data collection forms a very promising research direction [11]. 

Taking this point further, the efficiency of big-data analytics through WSN-based applications hinges 

largely on the quality of the underlying data acquisition layer. Researchers have thus taken the next step from 

random cluster head rotation to energy-based clustering, where the algorithms take into account residual 

energy, node density, distance to communicate, centrality, quality of links, and traffic load [12]-[16]. There 

have also been a lot of research on the use of metaheuristic optimization to enhance the process of cluster heads 

selection, balancing energy consumption within and between clusters, cutting down communication overhead, 

and ensuring no premature node failures [17]-[22]. Similarly, there have been efforts aimed at designing 

optimized, fuzzy, neural, and hybrid routing approaches to tackle the issue of handling uncertainty, path 

selection, reduction of redundant transmissions, and packet delivery in dynamic network environment. While 

most of the current approaches optimize either clustering, routing, or data aggregation separately, this approach 

leaves much to be desired in terms of taking care of hotspots, imbalance, repeated control actions, and long-

distance communications [23]-[26]. 

In this regard, the design of energy-efficient WSN protocols calls for a holistic approach involving the 

integration of intelligent cluster head selection, balanced cluster creation, efficient data aggregation, data 

forwarding, and minimizing the amount of communication overhead. As shown in Figure 2, clustering of WSN 

is typically done through two phases, which include: the setup phase, where the cluster heads are selected and 

clusters created, and the steady phase where data aggregation and communication take place. Whereas classical 

clustering methods serve as the basis for organizing sensor nodes, current WSN applications call for more 

flexible approaches, which are capable of handling energy changes, traffic load, node distribution, and 

communication uncertainties. This has motivated researchers to adopt not only probabilistic protocols, but also 

fuzzy-based, artificial intelligence (AI)-assisted, and data-driven clustering and routing approaches. Hence, the 

following papers are discussed to bring out the major achievements in energy-efficient clustering of WSNs, 

fuzzy decision-making, unequal clustering, and multi-hop routing [27]. 

The main contributions of this study are centered on energy-efficient clustering and routing in WSNs, 

validated through MATLAB-based simulation under multiple network scenarios. The key contributions and 

novelty of this research are as follows: 

o This paper proposes a hybrid protocol called Interval Type-2 Fuzzy Unequal Clustering with Selective 

Multi-Hop and Adaptive Re-clustering (IT2F-UC-SMH-AR) to improve cluster-head selection and 

communication efficiency in Wireless Sensor Networks under dynamic and energy-constrained 

conditions. 

o The proposed protocol integrates interval type-2 fuzzy logic, unequal clustering, selective multi-hop 

transmission, and adaptive re-clustering in a unified framework to achieve better energy utilization, 

improved cluster organization, and reduced control overhead. 

o A load-aware member association and relay selection mechanism is introduced to improve packet 

forwarding behavior, reduce traffic imbalance among clusters, and enhance the stability of inter-cluster 

communication. 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  1037 

 Vol. 8, No. 4, August 2026, pp. 1034-1056 

 

 

Ammar Dawood Jasim (Big Data Acquisition in Wireless Sensor Networks Using an AI-Based Interval 

Type-2 Fuzzy Unequal Clustering and Selective Multi-Hop Routing Framework) 

o The proposed method is compared with LEACH, CHEF, and Gupta-FL, and the simulation results 

demonstrate a more competitive overall performance, particularly in terms of energy preservation, early 

network stability, and clustering efficiency. 

o The effectiveness of the proposed protocol is validated under three different Wireless Sensor Network 

scenarios, where major performance indicators such as alive nodes, dead nodes, average residual energy, 

total energy consumption, throughput, cluster-head stability, and lifetime milestones are analyzed 

comprehensively. 

 

 
Figure 2. Clustering process in wireless sensor networks 

 

 

2. LITERATURE SURVEY  

Recent studies on the WSN have been concentrating on increasing energy efficiency, extending the life 

of the networks, providing reliability in data transfer, and enabling continuous acquisition of data in resource-

limited environment. These issues have become vital especially due to the limited energy sources of the sensors, 

limited computational and transmission capacities, and deployment in large scale and dynamic environments. 

In such conditions, the use of traditional clustering and routing algorithms might result in uneven distribution 

of energy, early failure of overloaded sensors, instabilities in cluster formation, high control costs, and creation 

of hot spots near the base stations. In Big Data applications of WSNs, these issues will become much more 

serious since the hundreds or even thousands of sensors scattered across the environment will produce huge 

amount of high speed and heterogenous sensing data which should be gathered, aggregated, and transferred to 

gateways or data centers. Therefore, the efficiency of Big Data analysis is highly dependent on the quality and 

continuity of the data acquisition performed in WSN.  

Therefore, in the past few years, there have been research works conducted on the intelligent and adaptive 

methods for the selection of cluster heads, the association of nodes, intra and intercluster communications, 

relay node selection, and connection of base stations. The methods that have received maximum consideration 

are improvements made to the LEACH protocol, Fuzzy Logic, Particle Swarm Optimization (PSO), Quantum 

Particle Swarm Optimization (QPSO), reinforcement learning, Deep Reinforcement Learning, and hybrid 

optimization. These techniques attempt to utilize residual energy, communication range, node density, 

centrality, link quality, traffic load, and energy imbalance in order to make decision regarding routing as 

opposed to making random or predetermined decisions. The classical shortest path algorithms too provide 

valuable theoretical guidance for the same. When the weights of links are non-negative, Dijkstra’s algorithm 

is used for efficient route calculation from one source, Bellman-Ford allows iterative path relaxation and deals 

with wider network scenarios, while Floyd-Warshall is used to compute paths between all pairs of nodes at 

higher computational costs [28]. However, shortest-path minimization by itself cannot cope with issues such 

as energy consumption, uncertainty, clustering instability, hotspot formation, and sustained large-scale data 

delivery needs in Big Data-powered sensor networks. Hence, modern research increasingly focuses on 

integrating energy-efficient clustering, uncertainty management using fuzzy logic, clustering reconfiguration, 

and multi-hop forwarding for optimal balance between reliability, complexity, energy conservation, network 

lifespan, and reliable data acquisition. The most relevant studies in this field are discussed below. 



1038 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572 

 Vol. 8, No. 4, August 2026, pp. 1034-1056 

 

Ammar Dawood Jasim (Big Data Acquisition in Wireless Sensor Networks Using an AI-Based Interval 

Type-2 Fuzzy Unequal Clustering and Selective Multi-Hop Routing Framework) 

The authors Kiran et al. (2020) suggested the concept of fuzzy clustering and multidirectional routing for 

extending the lifetime of WSNs. It used FL to facilitate CH selection with respect to energy-based criteria and 

applied multidirectional routing for increasing data forwarding towards the BS. The main novelty of this 

research is in using fuzzy-based CH selection and routing flexibility as compared to direct communication. As 

a result, the increased network lifetime and energy efficiency have been achieved; however, the considered 

approach uses Type-1 fuzzy reasoning and does not consider the problem of uneven clusters and adaptive re-

clustering [29]. 

Following that, the authors Phoemphon et al. (2021) suggested energy efficient fuzzy-based scheme for 

unequal multihop clustering in WSNs. The method simultaneously used FL for competition radius 

determination, CH selection, member joining, and relay selection. The main innovation of this paper is in 

considering clustering and routing as mutually related processes, wherein the process of unequal clustering 

reduces the hotspot effect close to the BS while multihop communication decreases the energy consumption 

for long range communications. Thus, the results of the research confirm that the combination of unequal 

clustering and relay-based communication increases energy efficiency and extends network lifetime; however, 

the method depends on fixed fuzzy rules [30]. 

The E-FUCA was developed by Mehra (2022), which is an advanced fuzzy unequal clustering and routing 

approach for achieving sustainable WSNs. This approach took into account some vital parameters in CH 

selection, and FL was also applied to assist non-CH nodes in selecting suitable CHs when forming clusters. 

Moreover, FL was also considered for next hop selection, thus increasing routing efficiency. The obtained 

results indicated higher lifetime, increased stability period, and better average residual energy in comparison 

with related protocols. The main significance of this paper lies in the fact that fuzzy decision-making becomes 

much more effective when considering CH selection, clustering and routing processes [31].  

Distributed two-hop cluster routing protocol (D2CRP) for WSNs was proposed by Chen et al. (2022). It 

is noteworthy that their approach aimed at enhancing the data communication process in terms of clustering 

by arranging nodes using distributed two-hop routing. The contribution of this research was the possibility of 

reducing the communication load and scalable routing in sensor networks. The achieved results revealed higher 

energy efficiency and data delivery rate compared with traditional cluster routing approaches. It should be 

mentioned that the authors did not pay much attention to AI uncertainty management and fuzzy decision-

making techniques [32]. 

Farooq et al. (2022) suggested the POWER protocol that is a probabilistic and weight-based clustering 

routing protocol that can be considered energy efficient for large scale WSNs. The authors utilized weighted 

probabilistic criteria to select CHs and solve the problem of unbalanced energy consumption in large scale 

WSNs. The contribution of the proposed model is that it uses several energy-aware parameters instead of 

random choice of CHs, making the clustering process more reliable than LEACH. The results obtained show 

improved network lifetime and scalability, but the probabilistic nature of the protocol limits its capacity for 

adaptive response to uncertainty, varying density, and traffic load [33]. 

Rawat et al. (2023) developed an FL- and PSO-based clustering protocol for WSNs. In this case, FL is 

applied to improve the process of decision-making in the CH selection process, whereas PSO is used for 

optimization of clustering behavior and improvement of energy distribution. The contribution of this protocol 

lies in the combination of fuzzy logic reasoning and swarm optimization to make clustering not random. The 

results are improved energy efficiency and increased network lifetime; however, optimization-based protocols 

could be characterized by higher computational complexity, especially in WSNs [34]. 

Moreover, Narayan et al. (2023) presented an E-FEERP method, which was an improved fuzzy-based 

energy-efficient routing protocol for WSNs. In this method, FL was employed to make routing decisions 

through certain criteria, including energy-related and communication-related parameters. The major 

contribution of this study was that this method allowed for making more accurate route selections through 

considering intelligent decision making instead of shortest-path or distance-based forwarding’s. According to 

the authors' reported results, the reliability and lifetime performance were increased. However, E-FEERP was 

still mostly dependent on fuzzy rules and had no adaptation through learning [35]. 

Additionally, Hu et al. (2024) developed QPSOFL, an energy-efficient clustering and routing protocol 

that utilized QPSO and FL techniques. In this protocol, the optimized QPSO was applied for selecting CH and 

FL for choosing the best relay CH with regard to residual energy, energy deviation, and relay distance. The 

major contribution of this work consisted in the integration of optimization and FL for achieving improved 

cluster formation and communication among clusters. The results showed that QPSOFL outperformed some 

other known methods in terms of lifetime, throughput, energy consumption, and scalability [36]. 

Moreover, Zaier et al. (2025) suggested IT2FUSS algorithm, which combined interval Type-2 fuzzy sets, 

dynamic unequal clustering, and sleep scheduling and addressed the problem of uncertainty and effective 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  1039 

 Vol. 8, No. 4, August 2026, pp. 1034-1056 

 

 

Ammar Dawood Jasim (Big Data Acquisition in Wireless Sensor Networks Using an AI-Based Interval 

Type-2 Fuzzy Unequal Clustering and Selective Multi-Hop Routing Framework) 

energy management in IoT-based WSNs. As a result, it was found out that using Type-2 fuzzy modeling, 

uncertainty in residual energy, node density, and relative distance to the BS could be managed better, thus 

leading to the improvement of energy distribution and extended network lifetime. Therefore, this paper is quite 

relevant since it clearly presents the benefit of using Type-2 fuzzy modeling in comparison with the traditional 

Type-1 fuzzy modeling in uncertain WSNs [37]. 

In turn, Wang and Duan (2025) suggested FQ-UCR protocol, which used FL and Q-learning. In particular, 

they designed FIS for calculating CH selection probability and competition radius as well as Q-learning 

technique for selecting the best forwarding CH for data forwarding toward the BS. The results indicated that 

the use of FQ-UCR protocol improves energy efficiency, network lifetime, and reduces the hotspot effect. This 

paper is significant since it combines fuzzy-based unequal clustering and reinforcement learning-based multi-

hop routing [38]. 

Liu Guangjie (2026) introduced QPSODRL, a protocol that performs intelligent clustering and routing 

using QPSO and DRL. Entropy-aided QPSO was employed for the adaptation of CH election process while 

routing was optimized through the use of a modified version of Dueling Double Deep Q-Network (D3QN). 

Moreover, Enhanced Prioritized Experience Replay (E-PER) was employed to enhance the efficiency of 

learning process under energy constraint scenario. The resulting findings indicate that QPSODRL 

outperformed other recent protocols concerning network lifetime, load balancing, throughput, and energy 

consumption [39]. 

As summarized in Table 1, recent studies have adopted different intelligent clustering and routing 

strategies to improve energy efficiency in WSNs. These methods mainly rely on fuzzy logic, optimization 

algorithms, and learning-based techniques to enhance CH selection, reduce energy consumption, and extend 

network lifetime. However, most existing approaches still lack a unified design that jointly considers unequal 

clustering, selective multi-hop routing, adaptive re-clustering, and load-aware communication. 

 
Table 1. Summary of recent related works on energy-efficient clustering and routing in WSNs. 

Authors / Year Utilized Method Obtained Results 

Kiran et al. (2020) FL-based clustering and routing Improved energy use and network lifetime. 

Phoemphon et al. 
(2021) 

FL-based unequal multi-hop 
clustering 

Reduced hotspot effects and improved energy balance. 

Mehra (2022) E-FUCA Improved stability period, residual energy, and lifetime. 

Chen et al. (2022) Distributed two-hop cluster routing Enhanced scalable data forwarding and energy efficiency. 

Farooq et al. (2022) 
Probabilistic energy-aware 

clustering 
Improved CH selection and large-scale WSN lifetime. 

Rawat et al. (2023) FL with PSO clustering Improved clustering stability and energy distribution. 
Narayan et al. (2023) Fuzzy energy-efficient routing Improved route selection and network reliability. 

Hu et al. (2024) QPSOFL Improved lifetime, throughput, and energy consumption. 

Zaier et al. (2025) IT2FUSS Improved uncertainty handling and energy balance. 
Wang and Duan (2025) FL with Q-learning routing Improved CH selection, relay forwarding, and hotspot reduction. 

Liu Guangjie (2026) QPSO with DRL 
Improved lifetime, load balancing, throughput, and energy 

efficiency. 

 

3. NETWORK MODEL AND MATHEMATICAL FORMULATION 

A clustered WSN is analyzed in this paper, in which Nsensor number of nodes are deployed randomly in 

a two dimensional sensing field of size 𝑀 × 𝑀 and all the sensed information is to be finally transferred to the 

BS. As the sensor nodes are power limited devices, the routing protocol should take care of the energy 

consumption while electing the CH, communicating within the cluster and exchanging messages between 

clusters. Just like several clustering based WSN protocols, the proposed scheme also follows the first order 

radio energy model, wherein the transmission energy is a function of both packet length and the distance of 

communication and the clustering process is affected by energy of the nodes, their location and neighboring 

density. The location of 𝑖 − 𝑡ℎ sensor node and the position of the base station can be expressed as [40]- [42]: 

 𝑆𝑖 = [𝑥𝑖 ,  𝑦𝑖] (1) 

 𝐵𝑆 = [𝑥𝐵𝑆 ,  𝑦𝐵𝑆] (2) 

Accordingly, the Euclidean distance between node 𝑖 and the BS, as well as the distance between node 𝑖 
and node 𝑗, can be expressed as follows [43]: 

 𝑑𝑖,𝐵𝑆 = √(𝑥𝑖 − 𝑥𝐵𝑆)2 + (𝑦𝑖 − 𝑦𝐵𝑆)2 (3) 
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𝑑𝑖𝑗 = √(𝑥𝑖 − 𝑥𝑗)2 + (𝑦𝑖 − 𝑦𝑗)2 (4) 

The radio energy dissipation model used in this work follows the common first-order formulation. The 

energy required to transmit an 𝐿-bit packet over distance 𝑑 is given by [44]: 

 𝐸𝑇𝑥(𝐿, 𝑑) = {
𝐿𝐸𝑒𝑙𝑒𝑐 + 𝐿𝜀𝑓𝑠𝑑2, 𝑑 < 𝑑0

𝐿𝐸𝑒𝑙𝑒𝑐 + 𝐿𝜀𝑚𝑝𝑑4, 𝑑 ≥ 𝑑0

 (5) 

where 𝐸𝑒𝑙𝑒𝑐 is the electronic energy per bit, the symbol 𝜀𝑓𝑠 and the 𝜀𝑚𝑝 denote the free-space and multipath 

amplifier parameters, respectively, and 𝑑0 is the threshold distance defined by the following equation [44]: 

 𝑑0 = √
𝜀𝑓𝑠

𝜀𝑚𝑝

 (6) 

Besides the transmission energy, the radio model also includes the energy used in the process of receiving 

packets and aggregating the data at the CH. The amount of energy required to receive an L-bit packet is 

modeled by Equation (7), whereas the energy that is needed to aggregate the packets at the CH is provided in 

Equation (8). Thus, the total energy of communication consumed by a CH when it receives data from 𝑛𝑚 

member nodes, aggregates them, and transmits the aggregated packet to the BS is estimated using Equation 

(9), where 𝑑𝐶𝐻,𝐵𝑆 denotes the distance for transmission between the CH and the BS. To enhance the CH election 

process, energy-based node descriptors are also utilized by the proposed protocol. Hence, the normalized 

residual energy of node 𝑖 is given in Equation (10), so nodes with more energy will have better suitability for 

the election of CHs [44][45]: 

 𝐸𝑅𝑥(𝐿) = 𝐿𝐸𝑒𝑙𝑒𝑐 (7) 

 𝐸𝐷𝐴(𝐿) = 𝐿𝐸𝐷𝐴 (8) 

 𝐸𝐶𝐻 = 𝑛𝑚𝐸𝑅𝑥(𝐿) + 𝑛𝑚𝐸𝐷𝐴(𝐿) + 𝐸𝑇𝑥(𝐿, 𝑑𝐶𝐻,𝐵𝑆) (9) 

 
𝐸𝑖

𝑛𝑜𝑟𝑚 =
𝐸𝑖 − 𝐸𝑚𝑖𝑛

𝐸𝑚𝑎𝑥 − 𝐸𝑚𝑖𝑛

 (10) 

The normalized relative distance to BS can be applied for measuring proximity of sensors to the data 

gathering point. The use of this metric allows reducing the cost of long-range communication and choosing 

CH nodes more wisely [44][45]: 

 𝐷𝑖,𝐵𝑆
𝑛𝑜𝑟𝑚 = 1 −

𝑑𝑖,𝐵𝑆 − 𝑑𝐵𝑆
𝑚𝑖𝑛

𝑑𝐵𝑆
𝑚𝑎𝑥 − 𝑑𝐵𝑆

𝑚𝑖𝑛
 (11) 

To further improve the quality of CH election, the proposed model considers node centrality and local 

neighborhood density as additional descriptors. The centrality term in Equation (12) measures how close node 

i is to the geometric center of the sensing field, while the local density term in Equation (13) represents the 

relative number of neighboring nodes located within a predefined communication radius. These descriptors are 

then integrated with normalized residual energy, relative BS distance, and the uncertainty term to form the 

interval Type-2 fuzzy-inspired suitability score in Equation (14), where nodes with higher 𝐹𝑖 values are more 

suitable for CH election. After CH selection, unequal clustering is applied using Equation (15), where CHs 

farther from the BS are assigned larger cluster radii, whereas CHs closer to the BS maintain smaller clusters to 

preserve energy for inter-cluster forwarding. For selective multi-hop routing, the relay score in Equation (16) 

evaluates each candidate relay according to energy, BS distance, hop quality, and relay load, and the candidate 

with the highest 𝑄𝑗  is selected as the forwarding relay. Finally, Equation (17) defines the adaptive re-clustering 

interval based on the average normalized energy of active CHs, which helps reduce unnecessary cluster 

reconstruction and control overhead [44][45]: 

 𝐶𝑖 = 1 −
√(𝑥𝑖 − 𝑥𝑐)2 + (𝑦𝑖 − 𝑦𝑐)2 − 𝐶𝑚𝑖𝑛

𝐶𝑚𝑎𝑥 − 𝐶𝑚𝑖𝑛

 (12) 
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𝜌𝑖 =

𝑁𝑖

𝑁𝑖
𝑚𝑎𝑥  (13) 

 𝐹𝑖 = 𝛼𝐸𝑖
𝑛𝑜𝑟𝑚 + 𝛽𝐷𝑖,𝐵𝑆

𝑛𝑜𝑟𝑚 + 𝛾𝐶𝑖 + 𝛿𝜌𝑖 − 𝜂𝑈𝑖 (14) 

 𝑅𝑖 = 𝑅𝑏𝑎𝑠𝑒(0.60+0.60 𝐷𝑖,𝐵𝑆
𝑛𝑜𝑟𝑚) (15) 

 𝑄𝑗 = 𝜇𝐸𝑗
𝑛𝑜𝑟𝑚 + 𝜈𝐷𝑗,𝐵𝑆

𝑛𝑜𝑟𝑚 + 𝜉𝐻𝑗 + 𝜁(1 − 𝐿𝑗) (16) 

 

𝑇𝑟 = {

2, 𝐸̄𝐶𝐻 > 0.75

1, 0.45 < 𝐸̄𝐶𝐻 ≤ 0.75

0, 𝐸̄𝐶𝐻 ≤ 0.45

 (17) 

This process avoids unnecessary recomputation of the clusters when the network is in steady-state 

condition and activates re-clustering only if the mean residual energy of the remaining Cluster Heads (CHs) 

drops below a particular threshold value. Thus, the model presented herein incorporates an energy-efficient 

cluster head selection mechanism along with unequal clustering and adaptive re-clustering to optimize the 

performance of the WSN [44][45]. 

 

4. METHODOLOGY 

The methodology adopted in this work is organized into three main phases. The first phase focuses on the 

construction of the WSN environment and the underlying energy-aware communication model, including node 

deployment, clustering structure, and radio energy dissipation formulation. The second phase is devoted to the 

development of the proposed Interval Type-2 Fuzzy Unequal Clustering with Selective Multi-Hop and 

Adaptive Re-clustering (IT2F-UC-SMH-AR) protocol, in which cluster-head election, cluster formation, 

member association, relay selection, and adaptive re-clustering are integrated into one hybrid framework. The 

third phase centers on the performance evaluation of the proposed method under multiple WSN scenarios, 

where its behavior is compared with LEACH, CHEF, and Gupta-FL using major network metrics such as alive 

nodes, dead nodes, residual energy, throughput, cluster-head stability, and lifetime milestones. Detailed 

explanations of each phase of the proposed WSN model and protocol implementation are presented in the 

following subsections. 

 

4.1. Phase One: Wireless Sensor Network Model 

The first phase consists of establishing the WSN simulation model used for protocol implementation and 

evaluation. In this study, 𝑁sensor nodes are randomly distributed over a two-dimensional sensing field, while 

a fixed base station is placed outside or above the monitored region depending on the selected scenario. Each 

node is initially assigned the same energy level, and the communication process is organized using a clustering 

structure in which ordinary sensor nodes transmit their data to elected cluster heads, and cluster heads forward 

the aggregated information toward the base station. Since the primary challenge in WSNs is energy limitation, 

the network model is constructed using the first-order radio energy model to represent transmission, reception, 

and data aggregation costs under realistic communication distances. The energy consumed to transmit an 𝐿-bit 

packet over distance 𝑑is expressed as: 

 𝐸𝑇𝑥(𝐿, 𝑑) = {
𝐿𝐸𝑒𝑙𝑒𝑐 + 𝐿𝜀𝑓𝑠𝑑2, 𝑑 < 𝑑0

𝐿𝐸𝑒𝑙𝑒𝑐 + 𝐿𝜀𝑚𝑝𝑑4, 𝑑 ≥ 𝑑0

 (18) 

where 𝐸𝑒𝑙𝑒𝑐 represents the electronic energy consumed per bit, while 𝜀𝑓𝑠 and 𝜀𝑚𝑝 denote the free-space and 

multipath amplifier coefficients, respectively.  

The threshold distance in Equation (19) identifies whether the free-space or multipath propagation model 

will be used in the process of packet transmission. For distances lower than the threshold value, the free-space 

amplifier coefficient is considered while distances higher than the threshold value need the use of multipath 

amplifier coefficient. Moreover, the radio model comprises the energy of reception in Equation (20) that is 

determined by the packet length and electronic energy consumption and energy for data aggregation in 

Equation (21) that is used to describe the energy consumed by CH to aggregate the received packets before 

sending them to BS. This type of energy cost calculation equations is widely used in clustering-based WSN 
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routing models in order to calculate the communication cost and energy dissipation [44]-[47]. This formulation 

of radio-energy is used in recent WSN clustering and routing works, which given as follows: 

 𝑑0 = √
𝜀𝑓𝑠

𝜀𝑚𝑝

 (19) 

 𝐸𝑅𝑥(𝐿) = 𝐿𝐸𝑒𝑙𝑒𝑐 (20) 

 𝐸𝐷𝐴(𝐿) = 𝐿𝐸𝐷𝐴 (21) 

Accordingly, the total communication burden of a cluster head depends on the number of associated member 

nodes, the reception of their packets, the aggregation of these packets, and the forwarding energy required to 

reach the base station or an intermediate relay node. The initial WSN simulation parameters used throughout 

this study are summarized in Table 2. 

 
Table 2. Main WSN simulation parameters used for modeling and testing. 

Parameter Name Values 

Network field size 100 × 100, 200 × 200 

Number of nodes 100, 200 

Initial node energy 𝐸0 0.5 𝐽 

Number of simulation rounds 2000 

Data packet length 𝐿 4000 bits 

Control packet length 200 bits 

Desired CH probability 𝑝 0.08 

Electronics energy 𝐸𝑒𝑙𝑒𝑐 50 × 10−9J/bit 

Free-space coefficient 𝜀𝑓𝑠 
10 ×

10−12𝐽
𝑏𝑖𝑡
𝑚2

 

Multipath coefficient 𝜀𝑚𝑝 0.0013 × 10−12 𝐽
𝑏𝑖𝑡

𝑚2
 

Data aggregation energy 𝐸𝐷𝐴 5 × 10−9
𝐽

𝑏𝑖𝑡
 

Number of Monte Carlo runs 25 

Base station positions (50, 150), (100, 250) 

Network field size 100 × 100, 200 × 200 

Parameter Name Values 

Network field size 100 × 100, 200 × 200 

Number of nodes 100, 200 

Initial node energy 𝐸0 0.5 𝐽 

Number of simulation rounds 2000 

Data packet length 𝐿 4000 bits 

Control packet length 200 bits 

Desired CH probability 𝑝 0.08 

Electronics energy 𝐸𝑒𝑙𝑒𝑐 50 × 10−9J/bit 

Free-space coefficient 𝜀𝑓𝑠 10 × 10−12J/bit/ m2 

Multipath coefficient 𝜀𝑚𝑝 0.0013 × 10−12J/bit/ m4 

Data aggregation energy 𝐸𝐷𝐴 5 × 10−9J/bit 

Number of Monte Carlo runs 25 

Base station positions (50, 150), (100, 250) 

Network field size 100 × 100, 200 × 200 

 

4.1.1. Network Descriptors and Cluster-Head Selection Variables 

To improve the quality of the CH election, each candidate node is evaluated using four main descriptors: 

residual energy, distance to the BS, centrality, and local density. The normalized residual energy in the 

Equation (22) gives priority to nodes with higher remaining energy, while the normalized distance-to-BS 

descriptor in Equation (23) helps reduce long-range communication cost. The centrality term in Equation (24) 

measures the relative position of the node with respect to the geometric center of the sensing field, which 

supports compact cluster formation. In addition, the local density term in Equation (25) reflects the number of 

neighboring nodes around each candidate node and helps identify nodes that can serve as effective CHs for 

nearby members. These descriptors are widely used in intelligent and fuzzy-based WSN clustering because 

they directly affect CH reliability, cluster compactness, forwarding cost, and energy balance [48][49], as 

follows: 
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 𝐸𝑖
𝑛𝑜𝑟𝑚 =

𝐸𝑖 − 𝐸𝑚𝑖𝑛

𝐸𝑚𝑎𝑥 − 𝐸𝑚𝑖𝑛

 (22) 

 
𝐷𝑖,𝐵𝑆

𝑛𝑜𝑟𝑚 = 1 −
𝑑𝑖,𝐵𝑆 − 𝑑𝐵𝑆

𝑚𝑖𝑛

𝑑𝐵𝑆
𝑚𝑎𝑥 − 𝑑𝐵𝑆

𝑚𝑖𝑛
 (23) 

 
𝐶𝑖 = 1 −

√(𝑥𝑖 − 𝑥𝑐)2 + (𝑦𝑖 − 𝑦𝑐)2 − 𝐶𝑚𝑖𝑛

𝐶𝑚𝑎𝑥 − 𝐶𝑚𝑖𝑛

 (24) 

 
𝜌𝑖 =

𝑁𝑖

𝑁𝑖
𝑚𝑎𝑥  (25) 

where 𝑁𝑖  is the number of neighboring nodes located within a predefined communication radius around node 

𝑖. These four descriptors are later used by the proposed interval Type-2 fuzzy-inspired scoring mechanism in 

order to determine the most appropriate nodes for CH election under uncertain and dynamic WSN conditions. 

 

4.2. Phase Two: Proposed IT2F-UC-SMH-AR Protocol 

The second phase consists of constructing the proposed hybrid protocol called IT2F-UC-SMH-AR, which 

combines interval Type-2 fuzzy-inspired cluster-head election, unequal clustering, selective multi-hop 

forwarding, adaptive re-clustering, and load-aware communication mechanisms. The objective of this phase is 

to improve network stability and energy efficiency while reducing the shortcomings of conventional clustering 

schemes, such as random CH election, repeated cluster reconstruction, hotspot formation near the base station, 

and inefficient inter-cluster transmission. 

 

4.2.1. Interval Type-2 Fuzzy-Inspired Cluster-Head Suitability Scoring 

The first parameter that is incorporated into the suggested protocol is the Interval Type-2 fuzzy-based 

numerical score for cluster-head selection. As compared to the random selection of cluster-heads in the LEACH 

protocol, the suggested method determines the score for each potential sensor node using four parameters based 

on energy and topology criteria. They include the normalized residual energy, normalized distance to the sink, 

centrality of the node, and local neighborhood density. This is done since these parameters influence the ability 

of the potential node to collect, process, and disseminate information. 

The suggested mechanism is not a conventional rule-based Interval Type-2 Fuzzy Inference System, 

consisting of a set of linguistic IF-THEN rules, an inference engine, a type reduction process, and 

defuzzification step. Rather, it involves an uncertainty aware numerical aggregation system based on the 

principles of Interval Type-2 fuzzy logic. Each descriptor is first normalized to the interval [0, 1], where a 

higher value represents a more desirable condition for cluster-head selection. The nominal membership value 

of descriptor 𝑞for node 𝑖is denoted by 𝜇𝑞,𝑖, where 𝑞 ∈ {𝐸, 𝐷, 𝐶, 𝜌} represents residual energy, BS proximity, 

centrality, and local density, respectively. 

In order to model uncertainty in descriptor measurement values and network conditions, lower and upper 

membership bounds are created for each nominal membership value through the use of descriptor-specific 

uncertainty width 𝜀𝑞. The lower and upper membership bounds are computed as follows: 

 𝜇
‾ 𝑞,𝑖

= max(0, 𝜇𝑞,𝑖 − 𝜀𝑞) (26) 

 𝜇‾
𝑞,𝑖

= min(1, 𝜇𝑞,𝑖 + 𝜀𝑞) (27) 

where 𝜇
‾ 𝑞,𝑖

and 𝜇‾ 𝑞,𝑖denote the lower and upper membership values, respectively, and the 𝜀𝑞 determines the 

uncertainty width associated with the descriptor 𝑞. The bounding operations ensure that all membership values 

remain within the normalized interval [0, 1]. The interval between the lower and upper membership values 

forms the footprint of uncertainty, representing possible variations caused by residual-energy fluctuations, 

communication-distance estimation, changes in node density, and local topology conditions. 

Since the suggested approach does not employ a linguistic rule base and iteration-based type reduction, 

the midpoint value of each membership function is taken to be the crisp contribution of the respective 

descriptor. The midpoint membership function is defined as follows: 
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 𝜇̃𝑞,𝑖 =
𝜇
‾ 𝑞,𝑖

+ 𝜇‾
𝑞,𝑖

2
 (28) 

The width of the membership interval corresponds to the degree of uncertainty in each description. The 

narrower the membership interval, the higher is the degree of confidence in its value, and vice versa. As such, 

the degree of uncertainty penalty imposed on node (𝑖) is determined as follows: 

 𝑈𝑖 =
1

4
∑ (𝜇‾

𝑞,𝑖
− 𝜇

‾ 𝑞,𝑖
)

𝑞∈{𝐸,𝐷,𝐶,𝜌}

 (29) 

After incorporating the midpoints of all descriptors and considering the uncertainties involved in their 

membership intervals, the suitability measure for cluster heads in each node is formulated as below: 

 𝐹𝑖 = 𝛼𝜇̃𝐸,𝑖 + 𝛽𝜇̃𝐷,𝑖 + 𝛾𝜇̃𝐶,𝑖 + 𝛿𝜇̃𝜌,𝑖 − 𝜂𝑈𝑖  (30) 

where 𝜇̃𝐸,𝑖, 𝜇̃𝐷,𝑖, 𝜇̃𝐶,𝑖 , and 𝜇̃𝜌,𝑖 are representing the midpoint membership contributions associated with 

normalized residual energy, normalized BS proximity, node centrality, and local density, respectively. The 

coefficients 𝛼, 𝛽, 𝛾, and 𝛿 are nonnegative weighting factors satisfying the (𝛼 + 𝛽 + 𝛾 + 𝛿 = 1). 

The value of the dimensionless uncertainty-penalty coefficient (𝜂) dictates how much weight will be given 

to the penalty term in the calculation of the final suitability scores in terms of reducing the suitability score for 

those nodes that have higher membership values and less accurate descriptors. Numerical values of all the 

weights along with their functions are given in Table 3. 

 
Table 3. Weighting coefficients used in the proposed cluster-head suitability score. 

Coefficient Associated descriptor Value Selection rationale 

𝛼 
Normalized residual 

energy 
0.40 

Gives priority to nodes with sufficient energy for data reception, aggregation, and 

forwarding 

𝛽 
Normalized BS 

proximity 
0.24 Reduces the energy cost associated with long-distance communication 

𝛾 Node centrality 0.20 
Encourages compact cluster formation and shorter member-to-CH communication 

distances 

𝛿 Local node density 0.16 
Favors nodes that can efficiently serve a sufficient number of neighbouring sensor 

nodes 

𝜂 Uncertainty penalty 0.08 
Reduces the suitability of nodes associated with wide membership intervals and 

uncertain descriptor values 

 

The weights of the descriptors are determined based on the operational significance of the considered 

descriptors in clustered WSNs. Residual energy is given the highest weight since extra energy consumption by 

CHs occurs while receiving packets, aggregating them, and sending to other clusters. The distance to BS is 

used to decrease costly long distance communication, while centrality and density are required for small-sized 

clusters. An uncertainty coefficient is introduced in order to decrease the probability of selection of nodes with 

unstable or unreliable descriptor values. The same coefficients remain unchanged in all scenarios and during 

Monte Carlo simulations. 

Those nodes having high residual energy level, better proximity with respect to BS, better centrality, 

better neighbor density, and small uncertainty intervals would get higher suitably values. On the other hand, 

those nodes which have more uncertainty with respect to the descriptors get penalized heavily and hence are 

not very much likely to be chosen. The candidate nodes are sorted according to their (𝐹𝑖) values, and the nodes 

having the maximum (𝐹𝑖) values become cluster heads based on the required probability of cluster head and 

spatial separation. This way of uncertainty aware selection of cluster heads without linguistic rule evaluations 

is made possible through direct aggregation of the intervals. 

 

4.2.1. Unequal Clustering 

After the cluster heads are elected, the proposed protocol applies unequal clustering to mitigate the hotspot 

problem near the base station. In conventional equal clustering schemes, the CHs located close to the base 

station experience faster energy depletion because they not only serve their own cluster members but may also 

participate in forwarding traffic from distant clusters. To overcome this issue, the proposed method assigns 

smaller cluster radii to CHs near the base station and larger radii to the CHs farther away. The competition 

radius of the 𝑖 − 𝑡ℎ CH is defined by the following mathematical expression: 
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 𝑅𝑖 = 𝑅𝑏𝑎𝑠𝑒(0.60+0.60𝐷𝑖,𝐵𝑆
𝑛𝑜𝑟𝑚) (31) 

where 𝑅𝑏𝑎𝑠𝑒 is the basic cluster radius. This mechanism enables distant CHs to support more member nodes, 

while closer CHs preserve energy for inter-cluster forwarding. 

 

4.2.2. Load-Aware Member Association 

Once the cluster heads and their radii are determined, ordinary sensor nodes are associated with CHs 

according to a load-aware membership rule. Instead of joining only the nearest CH, each node selects the CH 

that minimizes a joint association cost considering communication distance, CH quality, current cluster load, 

and energy condition. The association cost for node 𝑖with respect to cluster head 𝑗 is expressed as follows: 

 𝐴𝑖𝑗 = 𝑑𝑖𝑗
𝑛𝑜𝑟𝑚 − 𝜆𝑄𝑗 + 𝜙𝐿𝑗 + 𝜓𝑃𝑗  (32) 

where 𝑑𝑖𝑗
𝑛𝑜𝑟𝑚 is the normalized node-to-CH distance, 𝑄𝑗  is the quality of cluster head 𝑗, 𝐿𝑗  is the current load 

of cluster 𝑗, and 𝑃𝑗 is an energy-related penalty term. This formulation improves cluster compactness and 

reduces excessive traffic concentration on weak CHs. 

 

4.2.3. Selective Multi-Hop Forwarding 

The proposed protocol further improves inter-cluster communication through selective multi-hop 

forwarding. In conventional LEACH, each CH transmits directly to the base station, which may cause large 

energy loss when the BS is located far from the sensing area. In the present work, a CH transmits directly to 

the BS only when direct communication is acceptable; otherwise, it forwards its aggregated packet through 

another CH selected as a relay. The relay selection score for candidate relay 𝑗is given by the following 

mathematical expression: 

 𝑄𝑗
𝑟𝑒𝑙𝑎𝑦

= 𝜇𝐸𝑗
𝑛𝑜𝑟𝑚 + 𝜈𝐷𝑗,𝐵𝑆

𝑛𝑜𝑟𝑚 + 𝜉𝐻𝑗 + 𝜁(1 − 𝐿𝑗) (33) 

where 𝐻𝑗  is referring to the normalized hop-quality term and 𝐿𝑗 is the normalized relay load. The CH with the 

highest relay score is selected for forwarding. This selective multi-hop strategy reduces expensive long-

distance transmission and supports better packet delivery performance. 

 

4.2.4. Adaptive Re-Clustering 

Repeated re-clustering in every round introduces considerable control overhead and unnecessary energy 

consumption. Therefore, the proposed protocol adopts adaptive re-clustering, where the network decides 

whether to maintain the current clustering structure or rebuild it based on the average condition of the active 

CHs. The re-clustering interval is defined byn the following relationship: 

 𝑇𝑟 = {

2, 𝐸̄𝐶𝐻 > 0.75

1, 0.45 < 𝐸̄𝐶𝐻 ≤ 0.75

0, 𝐸̄𝐶𝐻 ≤ 0.45

 (34) 

where 𝐸̄𝐶𝐻 is the normalized average residual energy of the active cluster heads. This mechanism reduces 

clustering overhead when the current CH structure remains efficient and stable. 

 

4.3. Phase Three: Performance Evaluation 

The third phase focuses on evaluating the performance of the proposed IT2F-UC-SMH-AR protocol 

under different WSN deployment conditions. Three scenarios are considered in this work: a 100 × 100 field 

with 100 nodes, a 200 × 200 field with 100 nodes, and a 100 × 100 field with 200 nodes. For fairness, the 

same randomly generated topology is used for all compared protocols in each Monte Carlo run. The proposed 

method is compared with LEACH, CHEF, and Gupta-FL using the following metrics: 

o Alive nodes  

o Dead nodes  

o Average residual energy  

o Total energy consumed  

o Packets delivered to the BS  

o Cumulative throughput  

o CH count stability  

o Energy balance indicator  
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o Lifetime milestones: FND, HND, 70%ND, and LND  

The following network lifetime milestones are adopted for assessing the lifetime of the WSN throughout 

the simulation process. The FND given in Equation (31) refers to the round when the energy of at least one 

sensor node is exhausted. On the other hand, the HND specified by Equation (32) is the round when half of the 

deployed nodes become dead. ND70 as presented in Equation (33) shows the network degradation phase. 

Finally, LND in Equation (34) is the round where all sensor nodes get drained. These parameters are normally 

adopted in energy-efficient WSN clustering and routing researches for assessing early stability, middle lifetime, 

late robustness, and overall network lifetime [50]-[52]. 

 𝐹𝑁𝐷 = min{𝑟: 𝑁𝑑𝑒𝑎𝑑(𝑟) ≥ 1} (35) 

 𝐻𝑁𝐷 = min{𝑟: 𝑁𝑑𝑒𝑎𝑑(𝑟) ≥ 0.5𝑁} (36) 

 𝑁𝐷70 = min{𝑟: 𝑁𝑑𝑒𝑎𝑑(𝑟) ≥ 0.7𝑁} (37) 

 𝐿𝑁𝐷 = min{𝑟: 𝑁𝑑𝑒𝑎𝑑(𝑟) ≥ 𝑁} (38) 

where 𝑁𝑑𝑒𝑎𝑑(𝑟) is the number of dead nodes at round 𝑟, and 𝑁 is the total number of deployed nodes. The use 

of the above-mentioned extensive and multi-dimensional set of performance measures makes it possible to 

analyze the IT2F-UC-SMH-AR protocol not only from the communication but also from the point of view of 

energy management. These performance measures altogether demonstrate the efficiency of the protocol to 

conserve energy of nodes, to balance communication load distribution, control the process of cluster head 

selection, prevent unnecessary re-clustering processes, and guarantee efficient data delivery to the base station 

in case of changing network density and communication distance. In particular, FND, HND, 70% ND, and 

LND points describe all the stages of operation of the network. On the other hand, cumulative throughput and 

packets sent to the base station indicate the continuity and efficiency of the data collection process. At the same 

time, energy balance and cluster heads' number show how much workload fairness and cluster sustainability 

have been achieved using the suggested scheme. An analysis of these metrics will help identify the trade-off 

between aggressive packets delivery and sustainable energy saving. Therefore, the used method allows 

performing a fair comparison of IT2F-UC-SMH-AR with LEACH, CHEF, and Gupta-FL in various application 

environments. In order to make the process clearer and allow the reproduction of the algorithm independently, 

its full computation scheme is presented in Algorithm 1. 

 
Algorithm 1. Proposed IT2F-UC-SMH-AR Protocol for Energy-Efficient Clustering and Routing in WSNs 

1. Initialize node positions, initial energies, and BS location 

2. Compute node descriptors: distance to BS, centrality, and local density 

3. For each round r = 1 to Rmax do 

4. Update alive and dead nodes 

5. Compute residual energy and consumed energy 

6. If adaptive re-clustering is required then 

7. For each eligible alive node do 

8. Compute normalized energy, BS distance, centrality, and density 

9. Evaluate interval Type-2 fuzzy-inspired CH score 

10. End for 

11. Select highest-scored nodes as CHs 

12. Assign unequal clustering radius to each CH 

13. Set next re-clustering interval 

14. Else 

15. Reuse previous alive CHs 

16. End if 

17. For each non-CH alive node do 

18. Compute association cost to feasible CHs 

19. Join CH with minimum cost 

20. End for 

21. For each member node do 

22. Transmit data to its CH 

23. Update transmission, reception, and aggregation energies 

24. End for 

25. For each alive CH do 

26. If direct transmission to BS is efficient then 
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27. Send aggregated packet directly to BS 

28. Else 

29. Select best relay CH using energy, hop distance, BS distance, and load 

30. Forward packet through relay 

31. End if 

32. Apply packet success condition 

33. Update throughput and residual energies 

34. End for 

35. Apply mild energy balancing if needed 

36. Update FND, HND, 70%ND, and LND 

37. End for 

38. Return alive nodes, dead nodes, residual energy, consumed energy, 

39. throughput, CH stability, and lifetime metrics 

 

5. RESULTS AND DISCUSSION 

In this section, the proposed IT2F-UC-SMH-AR protocol is analyzed in detail, and the results obtained 

from different WSN scenarios, comparative performance tables, and improvement figures are presented. The 

effectiveness of the proposed method in enhancing early network stability, improving energy-aware clustering 

behavior, and maintaining competitive overall performance is discussed in each subsection through comparison 

with LEACH, CHEF, and Gupta-FL. 

 

5.1. Results of the Proposed IT2F-UC-SMH-AR Protocol Under Different WSN Scenarios 

The performance analysis of the presented IT2F-UC-SMH-AR algorithm in the WSN is provided by 

considering three distinct WSN deployments, as shown in Figure 3 to Figure 5. These figures show a 

comparison of the presented algorithm versus LEACH, CHEF, and Gupta-FL algorithms concerning the 

number of alive nodes, the number of dead nodes, average residual energy, energy consumption, packets 

delivered to BS, total throughput, CH stability, energy balance, and lifetime. Figure 3 above, for Scenario #1 

(100 ×  100 𝑚2, 100 nodes), the presented algorithm shows better initial stability behavior and comparable 

residual energy conservation when compared to the benchmark algorithms. The presented algorithm is also 

showing less uncontrolled CH generation and energy fluctuation compared to conventional LEACH algorithm, 

which means that the incorporation of IT2FDM and clustering adaptation has helped provide better stability. 

The throughputs graphs above show that while the presented algorithm is still competitive, LEACH has better 

cumulative packet delivery performance in this small network. 

 

 
Figure 3. Comparative performance under Scenario 1: 100 × 100 m² with 100 nodes 
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Figure 4. Comparative performance under Scenario 2: 200 × 200 m² with 100 nodes 

 

  
Figure 5. Comparative performance under Scenario 3: 100 × 100 m² with 200 nodes 

 

In Figure 4, which represents Scenario #2 (200 ×  200 𝑚2, 100 nodes), the performance of the proposed 

method becomes more balanced across the evaluated metrics. The larger network field increases the 

communication burden and makes direct transmission more costly, which highlights the importance of unequal 

clustering and selective multi-hop forwarding. Under this scenario, the proposed method achieves better 

behavior in terms of CH stability, residual energy trend, and several lifetime indicators, while maintaining 

competitive throughput relative to the compared methods. This result confirms that the proposed protocol 

becomes more effective when communication distance and routing complexity increase, since its hybrid 

structure is designed to better manage long-range transmission and traffic distribution. 

In the following Figure 5, corresponding to Scenario #3 (100 ×  100 𝑚2, 200 nodes), the network 

becomes denser, and the influence of clustering efficiency becomes more pronounced. The proposed method 

shows strong performance in early stability and controlled energy dissipation, particularly during the initial 
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and intermediate rounds of operation. The energy balance indicator also demonstrates that the proposed 

protocol can reduce excessive imbalance more effectively than LEACH, which suffers from larger fluctuations 

in CH behavior and energy consumption. Although LEACH achieves higher throughput in this dense 

deployment, the proposed protocol still preserves competitive communication performance while providing 

better clustering organization and more stable energy-aware operation. 

Finally, the results mentioned indicate that the proposed IT2F-UC-SMH-AR protocol provides a more 

balanced and competitive overall performance than the classical clustering approaches. Its main strengths are 

reflected in improved early network stability, more efficient CH organization, and better energy-aware 

behavior under different deployment conditions. These findings confirm that combining interval Type-2 fuzzy-

inspired CH election with unequal clustering, selective multi-hop routing, and adaptive re-clustering constitutes 

an effective strategy for enhancing the operation of energy-constrained WSNs. 

The following Table 4 to Table 9 and Figure 5 to Figure 11 offer a thorough analysis of the performance 

of the suggested IT2F-UC-SMH-AR protocol in the context of the three scenarios analyzed for WSN 

deployment. Generally speaking, the obtained results prove that the suggested protocol has well-balanced 

performance with some scenario-specific advantages, which are mostly associated with early stability of the 

network, energy-aware clustering approach, and cluster formation control. 

Specifically, in the case of Scenario #1, the suggested protocol provides the most significant improvement 

precisely during the stage of early stability based on the high FND value and its positive difference from all 

the protocols. Such a result proves the efficiency of the use of interval Type-2 fuzzy-based CH selection in 

providing the delay of node death and maintaining the network topology. Nevertheless, the suggested protocol 

demonstrates lower throughput and other lifetime-related values, indicating its preference for clustering 

stability over aggressive packet delivery. 

With the Scenario #2, the performance of the suggested algorithm is now balanced since the expanded 

sensing area leads to increased distance and forwarding of data. In such a scenario, the algorithm of unequal 

clustering and selective multi-hop routing will be more advantageous and lead to better HND, ND70, and 

throughput than CHEF and Gupta-FL, while retaining high FND in comparison to LEACH and Gupta-FL. It 

is confirmed that the hybrid clustering and routing framework benefits from an increase in transmission 

distance and routing complexity. 

In the case of Scenario #3, the tight deployment becomes another testament of the capability of the 

presented protocol to ensure network stability in its initial stages. Again, the protocol achieves the highest FND 

value and a competitive HND, together with the lowest average number of clusters created. This is an indication 

of greater control in creating clusters and less clustering overhead. However, the lifetime and throughput values 

are relatively lower compared to certain benchmark protocols such as LEACH. 

In summary, these results indicate that the suggested IT2F-UC-SMH-AR mechanism is mostly efficient 

as a power-aware and stability-related approach. The significance of the approach is evidenced by the ability 

to postpone the node failure at an early stage, improve the clustering process, avoid the unnecessary formation 

of CHs, and maintain the network behavior. Nevertheless, further work on the approach is required to increase 

throughput and lifetime. 

 
Table 4. Improvement of the proposed IT2F protocol in Scenario 1 

Scenario 
Compared 

with 

Imp_FND 

(%) 

Imp_HND 

(%) 

Imp_ND70 

(%) 

Imp_LND 

(%) 

Imp_Thr 

(%) 

Imp_Balance 

(%) 

Scenario 1:  

100 ×
 100 𝑚2, 100 

nodes 

LEACH 32.54361 1.804662 -7.51117 -6.67315 -43.5844 43.54745682 

CHEF 0.366958 -1.50873 -1.61197 -7.82766 -11.432 -81.77223208 

Gupta-FL 7.460602 -0.63162 -1.19949 -9.03382 -10.7759 -1.480989463 

 
Table 5. Comparative performance metrics in Scenario #1 

Scenari

o 
Protocol FND HND ND70 LND 

Throughpu

t 

Final 

energ

y 

Consume

d energy 

CH 

count 

Energy 

balance 

Scenario 
#1: 

100 ×
 100 𝑚2

, 100 

nodes 

LEACH 
742.8

8 
995.20 

1100.7

6 

1111.3

2 
6106.68 0 50 

3.3451

6 
0.01494777 

CHEF 
981.0

4 
1028.6

8 
1034.7

6 
1125.2

4 
3889.80 0 50 

2.1356
4 

0.00464229
1 

Gupta-

FL 

916.2

8 

1019.6

0 

1030.4

4 

1140.1

6 
3861.20 0 50 

2.1126

2 

0.00831524

8 

Propose

d IT2F 

984.6

4 

1013.1

6 

1018.0

8 

1037.1

6 
3445.12 0 50 

1.8701

2 

0.00843839

6 
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Table 6. Percentage improvement in Scenario #2 

Scenario 
Compared 

with 

Imp_FND 

(%) 

Imp_HND 

(%) 

Imp_ND70 

(%) 

Imp_LND 

(%) 

Imp_Thr 

(%) 

Imp_Balance 

(%) 

Scenario #2: 

200 ×  200 𝑚2, 

100 nodes 

LEACH 33.12203 17.01725 -4.89218 14.93149 -12.08763 -20.26524 

CHEF -11.63708 9.48632 3.36078 -8.47152 12.40342 -5.39656 

Gupta-FL 68.00000 4.33886 3.70618 -9.59776 12.96957 8.37357 

 
Table 7. Comparative performance metrics in Scenario #2 

Scenario Protocol FND HND ND70 LND Throughput 
Final 

energy 

Consumed 

energy 

CH 

count 

Energy 

balance 

Scenario 

2: 

200 ×
 200 𝑚2, 

100 
nodes 

LEACH 201.92 570.48 717.88 741.52 3428.96 0 50 1.96238 0.016558082 

CHEF 304.20 609.72 660.56 931.12 2681.84 0 50 1.49856 0.018893991 

Gupta-
FL 

160.00 639.80 658.36 942.72 2668.40 0 50 1.48028 0.021733487 

Proposed 

IT2F 
268.80 667.56 682.76 852.24 3014.48 0 50 1.65836 0.019913617 

 
Table 8. Percentage improvement in Scenario #3. 

Scenario 
Compared 

with 

Imp_FND 

(%) 

Imp_HND 

(%) 

Imp_ND70 

(%) 

Imp_LND 

(%) 

Imp_Thr 

(%) 

Imp_Balance 

(%) 

Scenario #3: 

100 ×
 100 𝑚2, 200 

nodes 

LEACH 60.12161 9.10994 -12.74158 -13.17356 -40.24790 50.67387 

CHEF 6.71169 -0.65787 -2.24555 -12.10218 -12.67730 -17.25177 

Gupta-FL 22.57564 0.16583 -2.15251 -18.90413 -11.62940 34.42758 

 
Table 9. Comparative performance metrics in Scenario #3 

Scenari

o 

Protoco

l 
FND HND ND70 LND 

Throughpu

t 

Final 

energ

y 

Consume

d 

energy 

CH 

count 

Energy 

balance 

Scenario 

#3: 

100 ×
 100 𝑚2

, 200 

nodes 

LEACH 631.52 974.32 
1225.2

8 

1263.4

4 
12428.88 0 100 

6.8201

2 

0.02551057

2 

CHEF 947.60 
1070.1

2 
1093.7

2 
1248.0

4 
8504.68 0 100 

4.6635
4 

0.01073193
0 

Gupta-

FL 
824.96 

1061.3

2 

1092.6

8 

1352.7

2 
8403.84 0 100 

4.5832

4 

0.01919004

6 
Propose

d IT2F 

1011.2

0 

1063.0

8 

1069.1

6 

1097.0

0 
7426.52 0 100 

4.0136

0 

0.01258337

8 

 

 

 
Figure 6. Percentage Improvement of the Proposed IT2F Protocol over LEACH, CHEF, and Gupta-FL in Scenario #1 
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Figure 7. Comparative Performance Data Metrics of LEACH, CHEF, Gupta-FL, and the Proposed IT2F Protocol in 

Scenario #1 

 

 
Figure 8. Percentage Improvement of the Proposed IT2F Protocol over LEACH, CHEF, and Gupta-FL in Scenario #2 

 

 
Figure 9. Comparative Performance Metrics of LEACH, CHEF, Gupta-FL, and the Proposed IT2F Protocol in 

Scenario#2 

 



1052 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572 

 Vol. 8, No. 4, August 2026, pp. 1034-1056 

 

Ammar Dawood Jasim (Big Data Acquisition in Wireless Sensor Networks Using an AI-Based Interval 

Type-2 Fuzzy Unequal Clustering and Selective Multi-Hop Routing Framework) 

 
Figure 10. Percentage Improvement of the Proposed IT2F Protocol over LEACH, CHEF, and Gupta-FL in Scenario #3 

 

 

 
Figure 11. Comparative Performance Metrics of LEACH, CHEF, Gupta-FL, and the Proposed IT2F Protocol in 

Scenario#3 

 

5.2. Runtime and Computational-Overhead Analysis 

In addition to the network performance assessment, the computational needs of the suggested IT2F-UC-

SMH-AR algorithm were evaluated against LEACH, CHEF, and Gupta-FL algorithms. All the protocols were 

simulated with the same version of MATLAB software on identical computing platforms with the same 

network settings, simulation conditions, and random seeds. Simulations were conducted on the computer with 

Intel(R) Core(TM) i7-1065G7 CPU @ 1.30GHz, 15.75 GB RAM and Microsoft Windows 11 Home Single 

Language, Version 10.0.26200, utilizing MATLAB R2023a, Version 9.14.0.2206163. In each network 

scenario, each algorithm was assessed with 25 Monte Carlo simulation runs containing 2,000 simulations per 

run. The same generated node topology and random initialization were used within each simulation run for all 

the protocols to maintain fairness in the computational needs assessment. 

The following five metrics were used in order to measure the computational cost based on the earlier 

stated experimental settings: overall execution time of simulation, mean execution time per round, mean re-

clustering time per event, maximal usage of workspace-memory, and runtime relative to LEACH. Total 

simulation execution time was defined as the period from the beginning of initialization of the network till the 

end of all rounds of simulations. Mean execution time per round was calculated as the ratio between total 

execution time and total rounds of simulations. As for re-clustering time, it was recorded in cases when cluster 

head elections and clusters reconstructions took place, and the presented result is the average of all re-clustering 

events. Maximal workspace memory usage was defined as the maximum memory which was used while 

executing the protocol. The relative runtime of protocol 𝑝, based on LEACH as the reference protocol, can be 

expressed by: 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  1053 

 Vol. 8, No. 4, August 2026, pp. 1034-1056 

 

 

Ammar Dawood Jasim (Big Data Acquisition in Wireless Sensor Networks Using an AI-Based Interval 

Type-2 Fuzzy Unequal Clustering and Selective Multi-Hop Routing Framework) 

 𝑅𝑝 =
𝑇𝑝

𝑇LEACH

 (39) 

where 𝑇𝑝 is referring to the average execution time of protocol 𝑝, and the 𝑇LEACH is referring to the 

corresponding average execution time of LEACH. The percentage computational overhead relative to LEACH 

was calculated as follows: 

 𝑂𝑝 =
𝑇𝑝 − 𝑇LEACH

𝑇LEACH

× 100 (40) 

The running time is presented as an average value with a standard deviation, based on 25 simulations via 

Monte Carlo method. As can be seen from Table 10, LEACH needs the minimum computation power since 

the election of cluster heads in this protocol is random, and it does not include multi-criteria scoring and relay 

assessment. The CHEF protocol and Gupta-FL require extra computational resources due to fuzzy logic 

application for the evaluation of cluster heads. The developed protocol IT2F-UC-SMH-AR requires extra 

computation since it includes evaluation of the interval-membership values, the calculation of uncertainty 

penalty, unequal clustering, load-conscious member association and selective relay selection. However, since 

the adaptive re-clustering technique is applied, there is no need to reconstruct the clusters during every iteration 

and the same cluster configurations can be used. 

 
Table 10. Runtime and computational-overhead comparison of the evaluated protocols 

Scenario Protocol 

Execution time 

per simulation, 

mean ± SD (s) 

Execution 

time per 

round, mean 

± SD (ms) 

Re-clustering 

time per 

event, mean ± 

SD (ms) 

Peak 

memory, 

mean ± SD 

(MB) 

Relative 

runtime 

Overhead 

relative to 

LEACH (%) 

Scenario #1: 
100 × 100 

m², 100 

nodes 

LEACH 
0.741368 ± 

0.066151 

0.370684 ± 

0.033075 

0.024962 ± 

0.003749 

0.252061 ± 

0.000125 
1.0000 0.00 

CHEF 
0.886809 ± 

0.018869 

0.443405 ± 

0.009434 

0.018439 ± 

0.002313 

0.254081 ± 

0.001535 
1.1962 19.62 

Gupta-FL 
0.830741 ± 
0.025281 

0.415370 ± 
0.012640 

0.016912 ± 
0.001477 

0.253925 ± 
0.001998 

1.1206 12.06 

Proposed 

IT2F-UC-
SMH-AR 

1.347918 ± 

0.091288 

0.673959 ± 

0.045644 

0.053013 ± 

0.009071 

0.279604 ± 

0.000140 
1.8181 81.81 

Scenario #2: 
200 × 200 

m², 100 

nodes 

LEACH 
0.508815 ± 

0.044934 

0.254408 ± 

0.022467 

0.025748 ± 

0.002360 

0.249035 ± 

0.000288 
1.0000 0.00 

CHEF 
0.640190 ± 

0.038267 

0.320095 ± 

0.019133 

0.018853 ± 

0.002231 

0.253399 ± 

0.000424 
1.2582 25.82 

Gupta-FL 
0.578084 ± 
0.047646 

0.289042 ± 
0.023823 

0.018042 ± 
0.001418 

0.253513 ± 
0.000464 

1.1361 13.61 

Proposed 

IT2F-UC-
SMH-AR 

1.143688 ± 

0.088468 

0.571844 ± 

0.044234 

0.051660 ± 

0.004665 

0.282118 ± 

0.000605 
2.2477 124.77 

Scenario #3: 
100 × 100 

m², 200 

nodes 

LEACH 
1.697011 ± 

0.135346 

0.848505 ± 

0.067673 

0.048817 ± 

0.004382 

0.264030 ± 

0.000219 
1.0000 0.00 

CHEF 
1.936377 ± 

0.098642 

0.968189 ± 

0.049321 

0.026415 ± 

0.002199 

0.265085 ± 

0.000321 
1.1411 14.11 

Gupta-FL 
1.729605 ± 
0.073911 

0.864803 ± 
0.036955 

0.021500 ± 
0.001389 

0.265838 ± 
0.000428 

1.0192 1.92 

Proposed 

IT2F-UC-
SMH-AR 

3.032303 ± 

0.173233 

1.516152 ± 

0.086617 

0.068200 ± 

0.004964 

0.293223 ± 

0.000603 
1.7868 78.68 

 

6. CONCLUSION  

This paper introduced a novel protocol called the IT2F-UC-SMH-AR protocol, which stands for an 

Interval Type-2 fuzzy inspired unequal clustering and selective multi-hop routing with adaptive re-clustering 

to enhance the energy efficiency and robustness of WSNs. The protocol combines an interval type-2 fuzzy-

based cluster head selection criteria, unequal clustering, load-aware member allocation, selective multi-hop 

relay forwarding, and energy-aware re-clustering into one routing paradigm. In doing so, it manages to 

overcome some weaknesses of traditional clustering protocols by simultaneously considering factors such as 

residual energy, proximity to the base station, node centrality, local node density, distance, and traffic loads. 

The protocol in question was tested using three different deployment scenarios and was compared to LEACH, 

CHEF, and Gupta-FL. The obtained results show that IT2F-UC-SMH-AR proves especially efficient in terms 
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of delaying early node death, controlling the number of cluster-heads, and achieving energy-aware stable 

network performance. The main feature of IT2F-UC-SMH-AR was its efficiency in the First Node Dies 

scenario, which means that it provided more stability at the very beginning of the test run and a lower chance 

of early degradation of the network. The controlled number of cluster-heads shows how efficient it is to use 

adaptive re-clustering in order not to reconstruct clusters and decrease the communication overhead involved. 

This aspect is especially important for energy-limited and Big Data WSNs where nodes need to remain alive 

and transmit their information to the base station. These results highlight a trade-off between stability-based 

energy conservation and throughput optimization as well. While the suggested protocol demonstrates better 

network stability at the initial stages, cluster formation, and balanced energy usage, it is not always better than 

LEACH when it comes to overall throughput and performance metrics towards the end of the lifetime of the 

network in compact or dense settings. Consequently, the proposed approach is especially appropriate in cases 

when reliable coverage, late failure of nodes, energy balancing, and constant data gathering are preferred to 

high-throughput packet delivery. Future research directions from the recognized drawbacks and findings of the 

current study will include: 

o Deployment and validation of the suggested scheme through practical WSN devices and setups. 

o Performance analysis of the scheme in scenarios involving dynamic mobility of nodes as well as mobile 

sinks. 

o Evaluating the robustness of the proposed protocol under the dynamic traffic loads, packet losses, link-

quality variations, interference, and unexpected sensor-node failures. 

o Learning of fuzzy inspired weights, width of uncertainty, threshold for re-clustering, and relay parameters. 

o Comparison with schemes based on deep reinforcement learning and graphs under dynamic and large-

scale scenarios. 
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