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Current applications in the Internet of Things generally rely on wireless sensor network deployments 
that measure and control a restricted area. Most of those applications use sensor nodes powered with 
batteries, so efficient energy management is required to maximize the lifetime of the network. To 
tackle this issue, clustering becomes a suitable solution to prolong energy sources, being the selection 
of the cluster heads crucial for its optimal operation. The application of soft computing techniques 
(e.g. fuzzy logic) to clustering has improved the wireless network performance significantly. Therefore, 
this approach proposes a centralized, two-tier clustering method in which there are cluster heads 
and super cluster heads. This hierarchy is defined based on a sustainability filter and a two-stage 
cascaded fuzzy system. Initially, the sustainability filter removes unsuitable nodes in the process of 
selecting the cluster heads. The decision is based on the node residual energy, eliminating those with 
low battery levels. The remainder nodes use a first fuzzy system where some of them are promoted 
as cluster heads. Then, for each CH, a second stage is run, which takes as input the output of the first 
fuzzy system and three other variables to allow the selection of super cluster heads. The findings of 
the simulation of this approach have demonstrated that cascaded fuzzy systems have the capacity to 
circumvent issues such as rapid depletion of energy at the node in close proximity to the base station. 
Additionally, the simulation results of the proposed method demonstrated a substantial enhancement 
in the lifetime across the various scenarios applied. Furthermore, they have been shown to exhibit a 
substantial degree of adaptability to varying base station locations.

Keywords  Wireless sensor network, Internet of things, Clustering algorithm, Energy-efficient management, 
Fuzzy logic

Wireless sensor networks (WSNs) have become a fundamental component of numerous applications of the 
Internet of Things (IoT), as evidenced by Gulati et al.1. Their importance is further underscored by the growing 
number of IoT deployments, including those in smart cities2. Thus, a WSN serves as the foundation for many IoT 
applications, especially those based on sensing and acting in the environment. A typical WSN is composed of a 
multitude of compact devices, commonly referred to as nodes or motes. They are strategically placed within the 
designated sensing area to monitor a wide range of physical parameters, including temperature, humidity, gas 
concentration, noise, vibrations, and more3. The nodes are generally equipped with constrained processing and 
storage capabilities, and are typically powered by batteries. These features limit their ability to perform demanding 
tasks. Several of these restrictions are attributable to the fact that such nodes are frequently expendable4, since 
the cost of replacing or charging their batteries is ordinarily greater than that of the node itself. The primary 
function of those nodes is to measure the physical parameters of its surrounding environment and transmit 
those measurements to a central device, referred to as a base station (BS) for further processing. The BS is 
typically equipped with enhanced hardware and a more reliable power source than the nodes. Consequently, 
data transmission represents the most energy-intensive process a node must undertake. Due to the limitations 
of the nodes, a WSN needs precise energy management to continue operating for as long as possible. For this 
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purpose, topology control techniques, and more precisely clustering, emerge to address this issue together with 
data aggregation5. The primary objective of clustering is to minimize the distance between the node and the 
intended destination for data transmission. This is achieved by establishing a hierarchical structure comprising 
one or more levels of specialized nodes, designated as cluster heads (CHs). Therefore, it is essential that these 
CHs are selected with great care in order to achieve a significant reduction in the energy expenditure associated 
with data transmission by normal nodes, which send their data to those CHs. This hierarchical process can be 
seen in Fig. 1.

In this paper, this particular type of clustering will be referred to as ”Tier-1.”. Subsequently, each CH aggregates 
the collected data in their area and transmits it to the subsequent stage, which is typically the BS. However, in 
some cases, the data may be transmitted to a new layer of CHs within the hierarchy. In this final scenario, the 
data are transmitted through the various layers of CHs until they reach the BS. This structure will be referred to 
as ”Tier-n” clustering. Figure 2 illustrates a Tier-2 WSN. There are cluster heads in tier 1 and super cluster heads 
(SCH) in tier 2. The methodology for selecting the CHs and SCHs depends on the specific approach employed 
and will be discussed in more detail in the following section.

It is important to note that Tier-1 strategies are prone to a significant challenge: selected CHs can be situated 
at a considerable distance from the BS, particularly when the BS is located outside the node deployment area. As 
a result, the energy expenditure by the CHs transmitting the aggregated data to the BS has the effect of reducing 
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the network lifetime. To circumvent this issue, a Tier-2 strategy can be employed to establish a supplementary 
layer of CHs, designated as super cluster heads (SCHs). The designation of these SCHs reduces the distance that 
CH messages must travel. Consequently, each of these SCHs receives aggregated data from a group of CHs, which 
are then aggregated and subsequently transmitted to the BS. This process reduces the energy expenditure of the 
CHs and, if conveniently designed, the network lifetime is prolonged. Similarly to simple clustering techniques, 
the decision of CHs and SCHs in Tier-n methods can be accomplished in a central node or in a distributed way.

Several strategies for two-layer or Tier-2 clustering can be identified:

•	 A single SCH is selected. In this instance, the remaining CHs establish a transmission chain for routing, as 
illustrated in Fig. 3.

•	 Multiple SCHs are selected. In this instance, each SCH is capable of transmitting its aggregated data directly 
to the BS (see Fig. 2). Alternatively, they can form a chain through routing to send the information to the BS.

This document presents a centralized Tier-2 clustering method that includes a new stage in the cluster head 
selection system (a sustainability filter), which discriminates nodes that are not suitable to be selected as CHs 
based on their low residual energy. Subsequently, for those nodes that satisfy the filter criterion, a Type-1 fuzzy 
system in the BS, representing the initial stage in the cascade, calculates the probability of those nodes becoming 
a CH. Thereafter, the CHs are selected at random based on the already computed individual probability. For 
each CH, the system then evaluates its chance of becoming an SCH by means of the second stage of the system. 
This is another Type-1 fuzzy system that employs the output of the previous fuzzy stage and two additional input 
variables to derive the probability of becoming a SCH. Finally, the selection of SCH is determined by this newly 
calculated probability. In consideration of the system’s centralized nature, the BS disseminates a configuration 
message for each round, thereby specifying the nodes designated as CHs and SCHs to initiate the information 
aggregation process.

Compared to other recent approaches, the results obtained show that this method can outperform them 
while maintaining favorable metrics for a wide range of BS locations.

The following section presents a comprehensive review of the existing literature on clustering in wireless 
sensor networks. In section “Proposed clustering method”, we present the proposed Tier-2 clustering algorithm, 
and in section “Results”, we provide a detailed comparison of its results with those of other similar clustering 
approaches. In conclusion, section “Discussion” presents the findings of this study and outlines potential avenues 
for future research.

Related work
Clustering approaches have become a common topology control technique in wireless sensor networks, offering 
an effective means of managing energy resources at nodes. As stated previously, the primary objective of 
clustering is to organize the nodes around a CH in order to minimize the distance that the messages with the 
collected data must travel. In addition, CHs gather the received data and send them to the base station (Tier-1 
methods), or to the next layer or CHs. This is depicted in Fig. 2 for a two-tier hierarchical model (Tier-2) or in 
Fig. fig:2-tier-chain, which shows a chained model to connect CHs. The process of nodes taking measures from 
the environment, selecting the CHs, collecting data in the CHs and sending it to the base station is commonly 
known as a round. This means that clustering is a round-scheduled network management system. It also has 
to take into account the media access for wireless communications and the idle time of the nodes between 

Cluster Head (CH)

Normal node

Influence area for a 

CH

Data message

Aggregated message

from CH/SCH

Base Station

Super Cluster Head

(SCH)

Aggregated message 

from SCH

Fig. 3.  Tier-2 clustering chain example.

 

Scientific Reports |         (2026) 16:1871 3| https://doi.org/10.1038/s41598-025-31549-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


data acquisition and transmission. Therefore, based on an analysis of the relevant literature, four distinct Tier-1 
approaches to CH selection can be identified:

•	 Stochastic. In this case, nodes are designated as CH based on a mathematical or statistical function that usu-
ally only considers the residual energy of each node or the number of rounds6.

•	 Type-1 fuzzy logic. In these approaches, CHs are selected by a Type-1 fuzzy system, which typically produces 
a fitness factor for a node to become a CH78.

•	 Type-2 fuzzy logic. Similarly to the preceding point, a fitness factor is generated by a Type-2 function to de-
cide the CHs. The use of a Type-2 fuzzy system allows for a more robust tolerance of the inherent uncertainty 
associated with this type of problem, usually achieving better results with increasing complexity9.

•	 Artificial intelligence (AI). CHs are selected according to algorithms that typically require an iterative process, 
such as genetic algorithms, particle swarm organization (PSO), ant colony optimization (ACO), etc.10.

It is important to note that the aforementioned strategies may also be implemented centralized or distributed. In a 
centralized approach, the base station (BS) performs all the necessary processing to select the CHs, subsequently 
communicating the results to the entire network so that the CHs can initiate the aggregation of data collected by 
the nodes. Centralized approaches typically necessitate the transmission of control and configuration messages 
from each node, as well as continuous updates, to maintain precise information regarding the status of active 
nodes11. However, some methods rely on estimated data from nodes to maintain the status of the network12. In 
contrast, distributed solutions allow each node to independently determine whether or not to assume the role 
of a CH or not. Distributed approaches often require the precise definition of the parameters utilized in the 
selection process, whereas they tend to necessitate fewer transmissions of control data. However, the uncertainty 
in the parameters used in the clustering methods is usually high.

It is evident that the selection of SCHs can also be categorized into two distinct methods: centralized 
and distributed. This classification is analogous to that of CH selection. As illustrated in Fig. 4, the following 
representative examples are provided for the described categories. One of the most relevant and well-known 
distributed method is Low Energy Adaptive Clustering Hierarchy (LEACH)6. LEACH is a stochastic distributed 
method in which nodes become CHs with a probability that changes each round. The objective is to ensure 
that all nodes become CHs in a fixed number of rounds while ensuring that the energy wasted in the process is 
distributed within the network. For Type-1 fuzzy systems, one of the clustering methods based on this technique 
is Cluster Head Election mechanism using Fuzzy logic(CHEF)7. CHEF is a centralized method in which the 
BS determines which node is the best candidate to become a CH based on a fuzzy rule-based system (FRBS). 
Moreover, Energy-Efficient Distributed Clustering based on Fuzzy (EEDCF)8 employs fuzzy logic for the 
selection of the CH, albeit in a distributed manner. The selection of CHs can also be accomplished using Type-2 
fuzzy logic as described in Statistically Adaptive with Enhanced normalization (SAEZ)9. In the method titled 
Interval Type 2 Fuzzy Unequal Clustering and Sleep Scheduling (IT2FUSS)13 the authors present an algorithm 
that uses a type 2 fuzzy system which uses a fuzzy system to determine who is the CH. Additionally, in IT2FUSS 
there is another mechanism in which the nodes go to sleep to avoid energy consumption. In14 the authors 
proposed a centralized algorithm, named LEACH-C, which uses a simulation annealing algorithm to determine 
the optimal nodes to become CHs. Other recent contribution is an adaptive clustering routing protocol15 in 
which the authors use a memetic algorithm (MA) that minimizes a multi-objective function, seeking to ensure 
that the nodes have the same energy and that consumption is low.

In consideration of the number of stages in the CH selection process, TL-LEACH16 proposes a two-stage 
stochastic algorithm. In this approach, the authors present a LEACH-based method in which CHs are selected 
according to that algorithm. Then, from those selected CHs, the SCHs are chosen among those with higher 
residual energy. Another example is the fuzzy logic based distributed clustering protocol (FLBDC)17 in which 
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clusters are randomly formed and then, among the nodes in each cluster, a Type-1 fuzzy system selects the CH. 
Subsequently, the SCHs are obtained from those CHs with a different fuzzy system. Taking into account Type-2 
fuzzy approaches, for the EECAM method18, the authors propose this method to select CHs as well as the last 
substitute of the chain just before BS. Furthermore, the CRT2FLACO method (19) utilizes a Type-2 fuzzy system 
to select the CHs, subsequently employing an ACO to establish a chain of CHs that leads to the BS.

In addition to the aforementioned proposals, hybrid proposals have been submitted, including one entitled 
’Fuzzy Logic LEACH Technique-Based Particle Swarm Optimization’ (FLLTBPSO)20. This proposal involves the 
selection of cluster centers by a PSO, which then selects a primary and secondary CH by a Type-1 fuzzy system. 
Another proposal is that of the optimized system, in which the authors seek to enhance the efficacy of the fuzzy 
system’s rule base employed for the selection of CHs through the utilization of a PSO21.

Furthermore, the classification of clustering algorithms can include the way in which the number of CHs 
is calculated as can be seen in Fig. 5. One strategy that can be employed is the utilization of a predetermined 
number based on various methodologies (e.g. equation, K-Means, etc.). Subsequently, each node is allocated 
to one of the CHs, and the contributing nodes are maintained as linked to the same CH for the duration of the 
lifetime of the network. This strategy is typically implemented in the context of centralized methods, wherein 
an optimization process is initiated at the beginning of the deployment phase. Subsequent re-evaluations of 
network conditions are not a common feature of this strategy. For instance, in22, the authors utilize the Silhouette 
index to determine the number of CHs to select from the duration of the WSN application.

Conversely, the dynamic selection of CHs is more prevalent in distributed clustering methods, wherein CHs 
are selected from among all available nodes. Subsequently, other nodes are typically bound to the closed CH. 
Thus, in23, the CHs are selected in each round by a Type-2 fuzzy system that also outputs the range to which the 
advertising message is to be sent to the normal nodes. This enables the nodes to choose the correct CH.

Following the selection of the nodes that become CHs and their contributed nodes, there are also different 
ways to rotate their roles, as illustrated by Zeng et al.24 in their algorithm known as intra-cluster multi-hop 
based cluster head rotation (ICMH-CHR). In essence, the CHs have the capacity to undergo alteration in each 
round, or alternatively, to remain unaltered for certain rounds. In the second case, the criteria for modifying a 
CH can be predetermined or established based on specific thresholds, such as energy, as outlined in the EFUCSS 
method22. Alternatively, as described in the study by Prince et al.25, a sequential selection approach may also be 
employed. In this method, CHs are chosen successively in each rotation.

It is important to acknowledge that the present proposal introduces two main novelties that are not currently 
present in the revised WSN clustering bibliography.Firstly, it includes a sustainability filter that facilitates more 
efficient calculations in the fuzzy stages by eliminating unsuitable nodes from becoming CHs. That prevents 
those nodes from being selected as CHs, which would result in additional energy being spent and eventually 
lead to the premature death of a node. It is evident that the application of the sustainability filter represents a 
refinement of the two-tier methods, such as FLBDC or CRT2FLACO and EECAM, both with a more complex 
Type-II fuzzy system. Thus, it can be concluded that the implementation of the filter results in a reduction in 
the number of CH candidates and facilitates a more expeditious calculation of the final CHs. Subsequently, the 
selection of CHs is conducted from nodes that exhibit higher energy among the total. Second, it incorporates 
a cascaded architecture that enables the selection of CHs and SCHs within the same process. In contrast to 
the random selection of CHs and SCHs employed by TL-LEACH, this methodology employs a more effective 
selection process by incorporating performance parameters that are not utilized by TL-LEACH in a two-stage 
fuzzy system. Moreover, the cascade facilitates a fine-grained selection of the SCH, based on the information 
from the preceding stage. This reduces the uncertainty of such systems by eliminating candidate nodes in the 
initial stage. The two stage, which do not include the distance as an input variable in the first stage, is another 
refinement from EECAM or CRT2FLACO, which selects the CHs based on the distance to the BS and the SCH 
as the closest node to the BS among the selected CHs, consequently, this can clearly derive a premature dead of 
that SCH because the rotation in the selection of CHs will only depends in their residual energy. The subsequent 
section will provide a more comprehensive overview of the method.

Proposed clustering method
As previously stated, the proposed clustering method is a centralized one that establishes a two-tier hierarchy. In 
this structure, there are cluster heads and super cluster heads. The purpose of this architecture is to convey the 
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information collected by the sensor nodes to the base station more efficiently by reducing the distance between 
the levels of the network hierarchy.

Each role is set by means of a two-stage cascade fuzzy system named C2TCascade. The CH and SCH selection 
system is depicted in Fig. 6. It is composed of two cascaded Type-1 fuzzy systems with an initial sustainability 
filter that removes unsuitable nodes from becoming CHs or SCHs. This filter also allows for a faster calculation 
in the next stages and the subsequent energy savings in the BS and the degradation of the network lifetime 
with the selection of inappropriate nodes as CHs or SCHs. In addition, we have found that the moment at 
which the first node dies in the network is delayed because those nodes are removed from the selection process. 
Consequently, the network can operate for longer with all its nodes.

The overall process of the clustering method is as follows:

•	 Startup

	– The BS starts and sends a broadcast message to the WSN.
	– Each node sends a start message with its identification and transmission power.
	– The BS estimates the network conditions from the received messages.
	– The BS begin the clustering process.

•	 Clustering process (the clustering process is executed in rounds, provided that there are still active nodes.):

	– The BS runs Algorithm 1.
	– The BS transmits the results of the previous step in a configuration message for each node.
	– Each node receives the configuration message, which includes its status (normal node, CH or SCH) and 

executes the Algorithm 2.
	– Data gathering: After the execution of Algorithm 2 in each node, the BS has received all data.
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Algorithm 1.  Algorithm for the process in the BS for each round.

The different parts of the selection system and their configuration parameters are explained next.

Algorithm 2.  Algorithm for the process in nodes after receiving de configuration message from the BS.

Sustainability filter
The objective of the sustainability filter, as previously discussed, is to ensure that nodes with low relative residual 
energy do not participate in the selection of CHs and SCHs. Therefore, the BS estimates the residual energy of 
each node after a round, depending on its role (i.e., contributing node, CH or SCH) and calculates the median of 
the residual energy. Consequently, nodes that exhibit a residual energy level that exceeds the median are allowed 
to enter the CH/SCH selection system. The remaining nodes are required to wait for subsequent rounds. It is 
expected that after some rounds the median will have been reduced, thus enabling their re-participation in the 
CH/SCH selection. Consequently, the sustainability filter ensures that the nodes that are intended to be excluded 
from the election process do not disrupt it. In this way, the filter favors the selection of more suitable nodes such 
as CH or SCH in successive rounds.

First stage—Type-1 fuzzy system for CH selection
The initial Type-1 FRBS of the selection system determines whether a node will be promoted as a CH or not, 
thereby contributing to its potential promotion to a SCH due to the cascaded design of the proposed system. 
The selection of inputs from this initial stage has been determined by our prior experience in this domain and 
a comprehensive review of the existing literature. The rationale behind this selection is to identify solutions that 
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typically yield optimal outcomes while circumventing the undesirable consequences associated with the ’hole’, 
a phenomenon characterized by the rapid depletion of batteries in nodes that are in close proximity to the BS. 
Consequently, the distance to the BS is negated in this stage of the selection process. Therefore, this fuzzy system 
has the following inputs:

•	 Residual energy (Er): The remaining energy of a node is measured in joules (J). This variable is chosen to 
reduce, or even prevent, the participation of nodes in the selection process that are unlikely to complete the 
entire clustering process (that is, the aggregation of data from contributing nodes or transmission to a SCH), 
a node is considered dead (it must be removed from the selection process) when its battery reaches only 0.01 
J. Consequently, the probability of a node becoming a CH should be low when its energy is low. The selection 
of a node with low Er  as CH would only be made under optimal conditions, i.e., when other variables are 
very favorable.

•	 Centrality (C). This variable is calculated based on the distance between the nodes in a CH to the center of the 
sensing area of their cluster, as used in26. In this approach, the K-means function in27 is used to determine the 
center of each area. The number of CHs used for K-means is 5% or the total number of nodes in the network. 
This percentage is used because it is assumed to be an optimal value defined for clustering in WSNs6. Subse-
quently, the distance from each node to the center of that area is calculated. This variable indicates which node 
acting as CH is better located to have its contributing nodes closer. Thus, during the selection process, nodes 
with higher C values should be selected over nodes with higher energy because they can save more energy by 
forming a cluster with that CH.

•	 Neighbors (N). This parameter is used as the number of neighbors that a particular node has divided into the 
maximum number of neighbors that any nodes has computed.28. It is assumed that a neighbor is a node that 
is closer than d0 meters (d0 is a constant of the first-order radio model that will be detailed later; see Section 
4.1). Consequently, this variable is necessary because the number of possible contributing nodes must be high 
enough in order to be selected as CH. Therefore, nodes with a high N value should be selected over others, 
even if they have lower energy than nodes with fewer neighbors.

•	 Times selected as CH (TCH): The quantity specified herein denotes the number of instances in which a node 
has been designated as a CH by the BS. It is important to note that a node designated as CH can also be des-
ignated as SCH; however, this value will be incremented only once in those circumstances. This variable is 
important to prevent nodes from becoming CH too many times because they are well-placed in the network 
(C and N have high values). Therefore, when nodes are selected multiple times as CH, this variable is used to 
reduce the likelihood of their being selected again, thereby increasing the possibility that other nodes will be 
selected to balance the energy among all the nodes.

It is evident that, given the centralized nature of this clustering algorithm, the BS will infer, for every round, 
the probability of a node being CH for each node that passes the sustainability filter. This probability is referred 
to as the chance of CH or cCH. Consequently, the BS will exclusively select as CHs those with the highest cCH 
probability and no more than 25% of the total number of nodes in the WSN. Subsequently, the recently selected 
CHs progress to the next stage of the cascade, and the probability of being CH (cCH) is utilized as input for the 
new Type-1 fuzzy system. The selection of only 25% is supported by experimental evidence obtained in our 
study, which revealed that a sufficient number of CHs are required to promote to SCHs. This study includes an 
evaluation of different percentages for promoting CHs and SCHs (see section “Network model and simulation 
scenarios”, where the percentage of CHs promoted as SCHs is found). The study utilizes a simulation process 
that employs three different percentage values to promote CHs and three different percentages to promote SCHs. 
As outlined in section Network model and simulation scenarios, the simulation scenarios involve three distinct 
base station locations. Additionally, the simulations were carried out for 100, 500, and 1,000 nodes within the 
deployment area. From those simulations, we have selected the percentages that maximize the lifetime of the 
wireless sensor network (also known as LND or Last Node Dies instant). The simulation results of the study 
commented above are shown in Table 1 where the best LND is achieved (highlighted in bold) for a 25% of CHs 
in the first stage and 1% of SCHs for the second stage as outlined in the subsequent section.

Second stage—Type-1 fuzzy system for SCH selection
The second stage of the CH/SCH selection system is a new Type-1 fuzzy system in which one of its inputs, the 
chance of becoming CH for a node (cCH), comes from the output of the previous stage, completing the cascaded 
fuzzy selection system. A key distinction from the preceding stage is the incorporation of the distance of the 
node to the BS, enabling, in this instance, the selection of previous good CHs (high output value of the first stage) 
that are more proximate to the BS. Furthermore, this stage infers a new probability that each node will become 
SCH or cSCH.

The complete set of input variables is listed below.

CH/SCH 1% 2% 4%

5% 2333.3 2336.3 2349.4

10% 2335.2 2345.0 2348.7

25% 2393.4 2383.6 2350.2

Table 1.  Results for mean LND values for different CH and SCH selection percentages.
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•	 Chance of being CH (cCH): The output of the preceding stage that constitutes the probability of a node be-
coming CH is used.

•	 Times selected as SCH (TSCH): This input quantifies the number of instances in which a node has been pro-
moted as an SCH by the BS.

•	 Distance to BS (dBS); The purpose of this variable is to measure the normalized distance of each node to BS. 
To do this, the maximum distance from a node in the WSN to the BS is used as a normalization parameter. 
The magnitude of the system is indicative of the dispersion of the nodes. This is a factor commonly considered 
in most fuzzy controllers (see29). In this particular instance, as was previously stated, the distance is incorpo-
rated into the inputs to facilitate the selection of SCHs that are closer to the BS.

•	 Times selected as CH (TCH): the same value in the previous fuzzy stage.

The final determination of the SCHs is carried out by the BS, which selects only the CHs with the highest inferred 
probabilities. This results in a SCH comprising no more than 1% of the total number of nodes in the WSN 
(please, see explanation in section “First stage—Type-1 fuzzy system for CH selection”). As mentioned above, 
once this selection has been completed, the BS will broadcast a configuration message to the entire network.

Design of the fuzzy rule based systems
Both stages of the CH/SCH selection system are Mamdani30 Type-1 fuzzy systems or FRBS containing the blocks 
depicted in Fig. 7. Each FRBS is defined by a set of inputs and outputs (see sections “First stage—Type-1 fuzzy 
system for CH selection” and “Second stage—Type-1 fuzzy system for SCH selection”). It is important to note 
that the inputs are first normalized from their crisp values to other new values ranging from 0 to 1. Subsequently, 
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all variables are fuzzyfied and passed to the inference engine that uses a knowledge base (KB), which comprises 
a set of semantic rules that represent the expert knowledge.

In a FRBS, each variable is defined by a set of fuzzy sets, which can vary in shape. In our proposal, all variables 
have the same three triangular fuzzy sets as can be seen in Fig. 8 for the residual energy. The semantic labels for 
each variable of the first stage are as follows.

•	 Residual energy (Er) and Centrality (C): ’Low’ (L), ’Medium’ (M), and ’High’ (H).
•	 Neighbors (N) and Times selected as CH (TCH): ’Few’ (F), ’Medium’ (M) and ’High’ (H).

For the second stage, the input variables have the following semantic labels:

•	 Chance CH (cCH): ’Low’ (L), ’Medium’ (M) and ’High’ (H).
•	 Distance to BS (dBS): ’Far’ (F), ’Medium’ (M) and ’Near’ (N).
•	 Times selected as CH (TCH) and Times selected as SCH (TSCH): ’Few’ (F), ’Medium’ (M) and ’High’ (H).

The output variables cCH and cSCH are both defined with the same nine triangular fuzzy sets with stands for the 
following categories: ’Very Very Low’ (VVL), ’Very Low’ (VL), ’Low’ (L), ’Lower Medium’ (LM), ’Medium’ (M), 
’Upper Medium’ (UM), ’High’ (H), ’Very High’ (VH) and ’Very Very High’ (VVH). The layout of those fuzzy sets 
can be observed in Fig. 9.

However, the KB is not the same for both stages. It can be found in Table 3 for the first stage of the FRBS, and 
in Table 4 for the second stage. The definition of the base of rules was accomplished from the expert knowledge 
of the research team based on previous algorithms like CSBA11 where a centralized clustering method was 
proposed using similar input variables, and CFC3PSO21 which optimizes the weights of the KB rules in a 
centralized clustering method for similar scenarios. For illustrative purposes, let us consider the interpretation 
of one rule from the KB (see Table 2). It is evident that when a node is poorly positioned in the WSN (Centrality 
is ’Low’) but has sufficient residual energy (’Medium’) and neighbors (’Medium’), and it has been selected as a 
CH only a few times in the past, the rules aim to increase its chance of becoming a CH. Accordingly, the rule sets 
its output as ’Very Very High’ in order to achieve a more equitable distribution of the costs associated with being 
a CH. Nodes that are unable to be well placed in the WSN but with favorable conditions will also contribute to 
prolonging the network lifetime thanks to this rule.

Centrality Residual energy Neighbors Times CH Chance CH

L M M F VVH

Table 2.  Example of fuzzy rule of the first stage Type-1 fuzzy system.
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It must be also noticed that the computational cost of the system is perfectly affordable for common devices 
that can be used as base stations. For example, the execution of one round of the whole system in an Intel (®) 
Core (™) I7 CPU of 10th generation at 3.8 GHz with 64 GBytes of RAM in less than 0.1 ms, which is insignificant 
although the system would be deployed in other devices like the Raspberry PI series with less processing power. 
Moreover, for devices with very low processing capabilities used as BS, in our previous contributions such as 
CHEETAH31 or EUDFC32, the entire solution space for FRBS is sampled avoiding any processing at the nodes 
with insignificant variation in the results for the clustering algorithm.

Results
In order to evaluate the proposed method and facilitate a comparison with other approaches, it is necessary 
to define the parameters commonly used in WSN clustering to measure the performance and effectiveness of 
those methods. In the context of applying clustering for WSN lifetime maximization, three distinct instants are 
typically examined: the point at which the initial node depletes its battery (or ceases to function), designated 
as the first node dies (FND); the moment when half of the nodes have expired, or half of the nodes have been 
eliminated (HND); and the occurrence of the final node’s death, or last node dies (LND). It is important to 
acknowledge the interdependence of these three parameters, as evidenced by the fact that the maximization 
of one parameter is contingent upon the minimization of at least two other parameters. This phenomenon, 
often referred to as a Pareto front in the context of multiobjective optimization, underscores the complexity and 
interconnectedness of the parameters under consideration.

In addition, the proposed methodology requires the utilization of an energy model to regulate the power 
expended in communications and data aggregation. A network model is also required to delineate the 
characteristics of the communication channels and the attributes of each test scenario. This network model must 
encompass the dimensions of the deployment area, the number of nodes and their initial energy charge, and the 
location of the base station. These two issues will be discussed next.

Energy model
The energy model used in the simulations was the well-known first-order radio model detailed in Heinzelman 
et al.6. This model defines the energy consumption for the transmission (ET x) and for the reception (ERx). The 
equations of the model are detailed in Eq. (1) for transmission (and in Eq. (2) for energy expenses in reception.

C Er N TCH Chance CH C Er N TCH Chance CH C Er N TCH Chance CH

L L F F VVH M L F F VVH H L F F VVH

L L F M VL M L F M L H L F M LM

L L F H VVL M L F H VL H L F H L

L L M F VVH M L M F VVH H L M F VVH

L L M M L M L M M LM H L M M M

L L M H VL M L M H L H L M H LM

L L H F VVH M L H F VVH H L H F VVH

L L H M LM M L H M M H L H M UM

L L H H L M L H H LM H L H H M

L M F F VVH M M F F VVH H M F F VVH

L M F M L M M F M LM H M F M M

L M F H VL M M F H L H M F H LM

L M M F VVH M M M F VVH H M M F VVH

L M M M LM M M M M M H M M M UM

L M M H L M M M H LM H M M H M

L M H F VVH M M H F VVH H M H F VVH

L M H M M M M H M UM H M H M H

L M H H LM M M H H M H M H H UM

L H F F VVH M H F F VVH H H F F VVH

L H F M LM M H F M M H H F M UM

L H F H L M H F H LM H H F H M

L H M F VVH M H M F VVH H H M F VVH

L H M M M M H M M UM H H M M H

L H M H LM M H M H M H H M H UM

L H H F VVH M H H F VVH H H H F VVH

L H H M UM M H H M H H H H M VH

L H H H M M H H H UM H H H H H

Table 3.  Rule base for the first stage Type-1 fuzzy system.
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ET x(l, d) = f(x) =

{
l · (Eelec + Efs · d2), d ≤ d0
l · (Eelec + Emp · d4), d > d0

� (1)

	 ERx(l) = Eelec · l� (2)

	
d0 =

√
Efs

Emp

� (3)

where

•	 l defines the length in bits of the message sent by a node.
•	 Eelec quantifies the energy expenditure in Joules of the transmitter and receiver circuitry for each bit trans-

mitted or received, respectively.
•	 d is the distance between the source and destination of the message measured in meters.
•	 d0 is the threshold value for using the free-space model or the multi-path model.
•	 Efs denotes the energy in Joules that the amplifier consumes to achieve an acceptable bit error rate, according 

to the free space model where (d ≤ d0).
•	 Emp is defined as the energy consumption of the amplifier in Joules, required to achieve a satisfactory bit 

error rate in the multipath (MP) model (d ≤ d0).

A further element of energy expenditure in the clustering process is the amount of energy expended in the data 
aggregation process (ERx−DA) for each CH33 defined in Eq. (4):

	 ERx−DA = (Eelec + EDA) · l� (4)

where

•	 EDA denotes the energy in Joules expended by the CH when it receives and aggregates data from a contrib-
uting node.

•	 l is the length in bits of the final aggregated message.

cCH TCH TSCH dBS cSCH cCH TCH TSCH dBS cSCH cCH TCH TSCH dBS cSCH

L F F N M M F F N UM H F F N H

L F F M UM M F F M H H F F M VH

L F F F H M F F F VH H F F F VVH

L F M N LM M F M N M H F M N UM

L F M M M M F M M UM H F M M H

L F M F UM M F M F H H F M F VH

L F H N L M F H N LM H F H N M

L F H M LM M F H M M H F H M UM

L F H F M M F H F UM H F H F H

L M F N LM M M F N M H M F N UM

L M F M M M M F M UM H M F M H

L M F F UM M M F F H H M F F VH

L M M N L M M M N LM H M M N M

L M M M LM M M M M M H M M M UM

L M M F M M M M F UM H M M F H

L M H N VL M M H N L H M H N LM

L M H M L M M H M LM H M H M M

L M H F LM M M H F M H M H F UM

L H F N L M H F N LM H H F N M

L H F M LM M H F M M H H F M UM

L H F F M M H F F UM H H F F H

L H M N VL M H M N L H H M N LM

L H M M L M H M M LM H H M M M

L H M F LM M H M F M H H M F UM

L H H N VVL M H H N VL H H H N L

L H H M VL M H H M L H H H M LM

L H H F L M H H F LM H H H F M

Table 4.  Rule base for the second stage Type-1 fuzzy system.
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Network model and simulation scenarios
For simulation purposes, it is assumed that the communication channels are free from losses and interference. 
They are also full duplex. The medium access mechanism is based on a time division media access (TDMA) as 
is commonly used by this kind of networks. For instance, the IEEE Standard for Low–Rate Wireless Networks 
(IEEE 802.15.4) follows this approach34.

Furthermore, the proposed method C2TCascade and the other previous approaches have been tested in 
three different typical WSN scenarios, which are usually used by other clustering methods for comparison. The 
dimensions of the node deployment area the same for the three variants: a square area of 100 × 100 m2, where 
the nodes were randomly placed. The number of nodes deployed for each scenario has been set in 100, 500 and 
1000 nodes. The main difference between the three scenarios was the location of the BS. The three scenarios can 
be identified as follows.

•	 Scenario 1: BS is located in a corner of the deployment area at (100, 0) m.
•	 Scenario 2: BS is located outside the deployment area at (150, 50) m.
•	 Scenario 3: BS is located in the center of the deployment area at (50, 50) m.

When considering errors or losses in communications in the model used, it should be noted that the BER rate 
in wireless communications is very low (around 10−4 or even low with modern techniques35). In any case, a 
distinction must be made between centralized and distributed methods. In centralized methods, the worst case 
would be one in which a CH/SCH does not receive the message from the BS. This loss has a low probability 
because the BS has no power limitations and the number of messages of this type is very low.

However, in distributed methods, there is a possibility of loss of several control messages: the broadcast 
message from candidate CHs (if any), the message from CHs, final SCHs, and the node assignment and data 
sending messages. It is evident that the number of messages to be transmitted is greater, and the impact of 
losses, in addition to being more probable, has the potential to further compromise the efficacy of the clustering 
algorithm. This is due to the fact that, in numerous instances, the execution of the algorithm on each node 
is contingent on the updating of the information contained within these messages to ascertain whether that 
node will become a CH. However, as previously stated, even in a noisy environment, the failure of a message 
transmitted by the base station to a node designated as a CH/SCH would simply result in the node’s inability to 
receive information from the other nodes assigned to it by the base station. Furthermore, since the base station 
would not receive the message from that SCH, retransmission mechanisms could be implemented to obtain 
the data not received. Nevertheless, the clustering algorithm would not see its performance degraded, since the 
new parameters for the new selection could be estimated based on the worst-case scenario (the message sent 
by the CH/SCH being lost and not that of the base station) and, given the low costs of a single transmission, 
future estimates would not be significantly affected. Conversely, in the event that the lost message pertains to 
the configuration of a normal node, only the measurement data would be affected, with minimal impact on the 
network.

Simulation results
To obtain the results presented in this section for each different method and each scenario, we have carried out 
30 simulations in Matlab to assume normality for statistical processing. The parameters used for the energy 
model, data aggregation, and node setup are detailed in Table 5. Each of those 30 simulations uses a different 
deployment of the nodes. Each simulation is stopped when 90% of the nodes are dead. This assumption is 
established to avoid undesirable side effects such as no CH selection or the presence of only CHs. Therefore, for 
each of the three scenarios, we have used the same 30 different node deployments to allow a better comparison. 
Taking into account the values in Table 5, the final value of d0 is 87.7 m.

The methods selected for comparison with the present proposal are: IT2FUSS13, SAEZ9, EFUCSS22, TL-
LEACH16 and FLLTBPSO20. A description of these methods is provided in the related work section. The results 
obtained for the three scenarios are presented in the following subsections. These results were obtained with 100, 
500, and 1,000 nodes. Each figure presents the FND, HND, and LND of the simulated method. Furthermore, 
a variance analysis (ANOVA) has been performed for all experiments, resulting in the presentation of the 95% 
confidence interval for each method in the figures.

Parameter Value

Initial energy of nodes 0.5 J

Length of control message 200 bits

Length of data message 2000 bits

Eelec 50 nJ/bit

Efs 10 pJ/bit/m2

Emp 0.0013 pJ/bit/m4

EDA 5 nJ/bit

Table 5.  Values of the setup parameters for the simulations and energy model.
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Simulation results for scenario 1
The results for this scenario are presented in Figs. 10, 11 and 12. As can be seen, the results for 100 nodes in Fig. 
10, C2TCascade outperform all other methods for FND, HND and LND but the case of HND of EFUCCS which 
is higher. This situation is similar with 500 nodes (Fig. 11), however, the result for FND of C2TCascade is higher, 
but similar to EFUCCS FND. In the results for 1000 nodes C2TCascade improves the previous results of 100 
and 500 nodes, achieving the best FND, HND (the same result for EFUCCS) and LND. In addition, as can be 
seen in the figures, C2TCascade maintains good values for LND for the three set of nodes, due to its scalability.

Simulation results for scenario 2
For these simulations, shown in Figs. 13, 14 and 15, C2TCascade is sometimes outperformed by EFUCSS, 
mainly in HND for the three different number of nodes (FND are similar). However, C2TCascade provides 
better support for scalability, achieving significantly better results for LND with 500 nodes and 1000 nodes.
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Fig. 11.  Scenario 1, 500 nodes. Source: Matlab.
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Fig. 10.  Scenario 1, 100 nodes. Source: Matlab.
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Simulation results for scenario 3
The results for the last set of simulations are plotted in Figs. 16, 17 and 18. For 100 nodes, C2TCascade performs 
significantly better than any other method, almost doubling the values for TL-LEACH or FLTBPSO FND results. 
For 500 and 1000 nodes, the behavior of C2TCascade is similar, showing its good scalability, achieves the best 
LND and FND, while only EFUCSS is slightly better in HND.

Summary
As illustrated in the previous subsections, the results obtained for C2TCascade demonstrate a general superiority 
over all other methods in the three scenarios. Specifically, C2TCascade achieved a nearly twofold increase in 
results compared to TL-LEACH and FLLTBPSO, and exhibited a significant enhancement (with the exception 
of EFUCSS in some cases) over alternative methods in FND. This suggests that C2TCascade has the capability to 
maintain the functionality of the network with all nodes for an extended period, with the capability to maintain 
good performance with a large number of nodes showing its scalability.
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Fig. 13.  Scenario 2, 100 nodes. Source: Matlab.
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Fig. 12.  Scenario 1, 1000 nodes. Source: Matlab.
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Furthermore, in order to check the evolution of the total energy in the network of the compared methods, Fig. 
19 depicts the evolution for Scenario 1 and 100 nodes (the results are very similar for the rest of the scenarios). 
Thus, as can be seen in that figure, C2TCascade manages to keep more energy in the network for longer time.

Discussion
The proposed centralized two-tier clustering method, C2TCascade, has been shown to support the selection of 
CH and SCH in two cascaded Type-1 fuzzy systems. The method also includes a preliminary stage in the form of 
a sustainability filter. It has been shown that C2TCascade is a reliable and effective method for topology control 
in WSNs. First, the incorporation of the sustainability filter resulted in a reduction in computation cost, as the 
BS was required to operate the selection system on fewer occasions and an improvement in the FND parameter 
of the network. Secondly, the elimination of the distance to the BS of a node from the initial stage of the CHs 
selection Type-1 fuzzy system has effectively circumvented the ’hole’ effect, thereby ensuring the attainment of 
optimal outcomes by C2TCascade when the BS is not situated at the center of the WSN (scenarios 1 and 3). In 
conclusion, the two-tier configuration, incorporating CHs and SCHs, has been demonstrated to optimize energy 
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Fig. 15.  Scenario 2, 1000 nodes. Source: Matlab.
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Fig. 14.  Scenario 2, 500 nodes. Source: Matlab.
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resources, yielding substantial benefits in LND and maintaining HND at a level comparable to the most effective 
methods.

In future research, the design of the sustainability filter could be improved to incorporate additional 
parameters that facilitate accelerated calculation in subsequent processing stages. Furthermore, in view of the 
evident uncertainty surrounding the proposal, the use of a Type-2 fuzzy system could be investigated to achieve 
improved results for C2TCascade.
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Fig. 17.  Scenario 3, 500 nodes.   Source: Matlab.
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Fig. 16.  Scenario 3, 100 nodes. Source: Matlab.
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Data availability
The datasets used and/or analyzed during the current study available from the corresponding author at ​h​t​t​p​s​:​/​/​
r​u​j​a​.​u​j​a​e​n​.​e​s​/​h​o​m​e​.​​​​​​
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Fig. 19.  Total energy in the network per round for scenario 1 and 100 nodes.    Source: Matlab.
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