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ABSTRACT 
In recent years, the utilization of Mobile Wireless Sensor Network (MWSN) goes on increasing tremendously in all kind of real-
time applications. It includes security, computer networks, robotics, control systems, parallel processing, bio-medical engineering, 
data mining, power systems, mobile wireless sensor networks, agricultural application, production engineering, Industrial 
automation, and more. MWSN nodes are autonomous, self-powered with limited battery and easily prone to failure. The mobile 
nature of sensor nodes tends to scarce the network energy quickly which leads to reducing the longevity of the network. So that, a 
lot many clustering methods proposed previously to improve the network lifetime by reducing power consumption. In this paper, 
we provide a detailed survey on Biologically Inspired Clustering (BIC) algorithms. In general, BIC algorithms are stimulated by 
nature, brain, and evolutionary methods provide computational intelligence to resolve real-world problems which affords 
enhanced reliability, effective adaptation with added robustness and scalability. Hence, here, we address the related surveys 
presented previously and also illustrate the algorithms of BIC in MWSN. Further, we provide an insight work that can be done to 
enhance the existing clustering algorithms which help to improve the upcoming research. 
 
KEYWORDS: Energy efficiency, Biologically Inspired Clustering (BIC), Mobile wireless sensor network (MWSN), Mobility, 
Network lifetime, Scalability.  

 

Introduction 

 

Lately, Mobile Wireless Sensor Network (MWSN) plays a vital role in all sort of special applications [1]. In 

some cases, mobile robots have been accessed rapidly for inaccessible places like the disaster, clone wars [2] 

and nuclear plants. MWSNs are similar to the wireless sensor networks (WSN) in which the sensor nodes are 

mobile in nature [3],[4].  At present, researchers and vendors are exclusively focused on sustaining mobility [5] 

in WSN [6]. Earlier, the authors [7] described a distributed protocol to get the minimum power topology for a 

mobile wireless network. While considering flat routing, MWSN has portable sensor nodes [8]which consist of 

many tiny nodes with sensing, processing and communicating (Transmitting as well as Receiving) capabilities. 

Several works went based on mobility of sink and sensor nodes [9],[10]to improve the network lifetime [11], 

[12]. But it operates under ultra low power which includes miniature in size.  

The hierarchical routing techniques (clustering) are preferred by many authors to aggregate the data and to 

scale up the network performance [12]-[14]. So that energy efficiency will be increased. This causes the sensor 

nodes to survive for long duration [11]. A cluster arrangement provides some direct benefits like the spatial 

reuse of resources to enhance the network capability, with the non-overlapping multi-cluster structure [15].  
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In addition, Clusters give performance enrichment in the case of routing protocol [16], [17]. For mobile 

networks, while the position of each node varies over time, the protocol must be able to dynamically update its 

links so as to maintain strong connectivity. However, MWSN employs in all sort of application such as intrusion 

detection, target tracking, border surveillance, guiding systems of intelligent missiles, drip irrigation for crops in 

agriculture, power grids monitoring, habitat monitoring [18], industry automation, disaster recovery, Human 

monitoring related applications and detection of clone attacks [2]and so on. 

Figure1illustratesa typical Clustering Mechanism in MWSN using hierarchical data transmission of a 

clustered network (ie: single-hop intra-cluster communication and multi-hop [19],[20]inter-cluster 

communication). Herein, four hierarchical set of sensors clustered. Every cluster must have a mobile cluster 

head (CH) based on their residual energy [21], [22]. In addition, these cluster heads collect the data from their 

group members (sensors) and pass the information to the base station (sink). In terms of different scenario, in 

the mobile sensor network, sensor nodes can align themselves [17]. The target should be monitored. In such a 

network, the topology may get change time ‘t’ to time as shown in Fig 1.  The position and size of the clusters 

will be changed based on the mobility of the cluster member [23],[24]. Still, the following metrics determine the 

issues of mobile cluster head (MCH) in every cluster [26]. i.e. Residual energy, hop count, mobility level, low 

cost, delay, coverage, and connectivity. MWSN [3],[27] is a specific category of WSN where mobility acting as 

a prime part in the application completion. Moreover, MWSN expects to support for several targets under 

different circumstances [28]. 

 

 
Fig.1: Typical Clustering Mechanism in WMSN  

 

Mostly the MWSN [29] adopted for the environment [18], industrial systems [30] and animal monitoring, 

where the human can not involve for the replacement of failure ones. For example, consider the task of 

monitoring forest animal safeguarding which may not be monitored by the human. In such cases, a mobile 

sensor fixed within the animal, so that easily monitor its activities. Though, many clustering algorithms 

proposed for MWSN [31],[32] the Biologically Inspired Clustering (BIC) algorithms should consider as more 

convenient methods [34] to resolve the network complexity in terms of Energy [35],[36] Delay, coverage and 

connectivity [37]. Throughput, Lifetime [36] and Scalability [38]. 

Moreover BIC algorithms are fully nature based, those algorithms are Ant colony optimization [39], Bee 

colony optimization, Swarm based intelligence [41], Birds fly, Cellular automata, neural networks [42], Genetic 

algorithms [43] and so on. However, BIC algorithms afford resource consumption which leads to maximizing 

the energy conservation in MWSN by reducing the quantity of sensor nodes.  

In the past few years, comparatively much number of clustering algorithms has been focused in MWSNs. In 

that, Biologically Inspired Clustering algorithms create a new innovation in the research area. An attempt is 

done in this paper to comprehensively evaluate and significantly discuss the most important nature-based 

algorithms that have been developed for MWSNs. Earlier, very few surveys alone presented based on 

biologically inspired clustering methods [33],[44],[45].These surveys mainly focus at sketching some attributes 

of clustering and outlining some popular biologically-inspired meta-heuristics clustering algorithms compared 

with its applications. Lack of a complete work in this area encouraged us to look into this study.  

Several attempts have been made based on WSN, but in mobile WSN, to the best of our knowledge, our 

work is the foremost attempt to outline these contributions made by other researchers. This paper presents a 

state-of-art survey and comprehensive review on the BICs along with taxonomy and the significant application 
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areas. The main objectives of this survey are to make a complete awareness on the existing bio-inspired 

clustering algorithms in MWSNs and to emphasize the pros and cons of the proposed methods in terms of the 

clustering performance. 

The rest of this paper is organized as follows: Section 2 provides the related works. Section 3 discusses the 

overview of clustering and the purpose with its attributes. Section 4 surveys the most significant Biologically 

Inspired Clustering (BIC) algorithms presented in MWSN. Section 5evaluates the detailed comparison of 

presented approaches. Finally, Section 6concludes this paper. 

 

2 Related works: 

Most recent, Biologically inspired clustered computing [46] has turned up as a novel era in computing a 

broad range of applications. It covers all most, in all areas which include security, computer networks, robotics, 

control systems, parallel processing, bio-medical engineering, data mining, power systems, mobile wireless 

sensor networks, agricultural application, production engineering, Industrial automation, and more. 

In this section, some significant survey papers are reviewed in the area of Biologically Inspired Clustering 

(BIC) algorithms in MWSNs. Biologically inspired clustering algorithms is a subset of nature inspired 

algorithms [47],[48] which imitating the processes inspired by nature. However, most of the prior surveys have 

made in WSNs clustering on individual meta-heuristic approach [46],[49]-[55]such as Genetic algorithm, 

cellular automata, Bee colony optimization, Swarm based intelligence, Ant colony optimization, Birds fly, 

Differential evolution, Particle swarm optimization and so on. But, no one did the start-of-art in clustering of 

Bio-inspired algorithms in MWSNs. Wireless Sensor networks with biological structures require adapting to the 

diverging environmental conditions [56] including the capability to self-organize, scale effectively, affords 

robustness for the long-term survival of the network [47]. These sorts of attributes create the root for the growth 

of diverse methods and algorithms for robust, efficient and flexible communication at the different network 

layer.  However, In this paper more complete surveys made on few existed surveys of BIC [57]-[70]. Finally, 

the related works are tabulated with its objective and outcomes.    

The foremost survey of biologically (nature) inspired clustered computing which is based on Ant Colony 

Optimization (ACO) is presented in [71] which details from the origin of ACO to the latest clustering in ACO. 

After a short preface related to ACO algorithms, the paper further discusses the specifications of the individual 

algorithm [72],[73]. The authors of the survey explained the ACO concept clearly to handle the uncertainty 

situations of the dynamic network applications with their valuable suggestions. However, less focus was given 

on the merits and demerits of heuristic algorithms. 

Another paper [74]presents a survey of evolutionary algorithms which is designed for clustering tasks. The 

most of the works reviewed to partitioned algorithms that look for hard clustering of data, though overlapping 

approaches are also covered in the paper. First, it provides the latest overview that is fully committed to 

evolutionary algorithms for clustering[53],[75]-[80] is not restricted to any particular type of evolutionary 

approach, and comprises complex topics like multi-objective and ensemble-based evolutionary clustering. 

Second, it provides a taxonomy [81]that highlights some very important aspects in the context of evolutionary 

data clustering. The paper ends by addressing some significant concerns and open questions that can be subject 

of future research. However, the paper failed to compare the clustering metrics of meta-heuristic algorithms.  

[58] Presented a comparative study of ant clustering (biologically inspired data clustering)performance 

relating to other clustering algorithms which are applied to the real-world applications. The authors of the 

survey discussed some fundamental ideas related to the ant-based clustering algorithms and an outline of some 

of its applications. Further, a number of ways in which research on ant-based clustering [82]-[86] can be 

continued and finally concludes with some important future works and research ideas in ant-based clustering 

algorithms. 

Another short survey based on Neural Network heuristic approach is presented in [59] where energy 

conservation in WSNs is reviewed. The survey intends to present the most important feasible application of 

neural networks in the reduction of energy Consumption [59],[87]-[89]. Further, a brief report of various roles 

of neural networks is provided and the schemes are compared with one another. 

A comprehensive study on biologically inspired clustering for large scale sensor networks is performed in 

[60] where few significant heuristic clustering protocols [47],[90]-[92] are examined in detail with its broad 

range of applications. Further, scalability issues should be addressed and evaluated. However, the survey paper 

failed to compare the reviewed approaches.  

[61] Presented a detailed performance study in firefly clustering algorithms. In this paper, the Firefly 

Algorithm (FA) is used for clustering on standard problems and the performance of the FA is evaluated with 

other nature-inspired approaches [93]-[95]namely Artificial Bee Colony (ABC) [96], [97]Particle Swarm 

Optimization (PSO) [95].  

Another important comprehensive survey on Artificial Bee Colony algorithms and applications is presented 

in [98]. The survey explains that several algorithms have been developed by researchers conditional on special 

intelligent behaviors of honey bee swarms in the most recent decade[97], [99]-[103]. Further, it covers all type 

https://en.wikipedia.org/wiki/Natural_computation
https://en.wikipedia.org/wiki/Natural_computation
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of applications which are relevant to the Honeybees. The survey has given more insight state –of –art in the field 

of biologically inspired algorithm in general and also covered the clustering approaches. The future scope in this 

area also demonstrated clearly. Yet, reduced figure representation made slight complicate understanding for the 

readers.  

 [63]Presented the taxonomy of various ant colony algorithms with advantages and disadvantages of each 

other relating to different metrics. In this paper, the application of ant colony optimization algorithms is 

addressed to solve the routing problem in mobile networks. There are different categories of ant colony 

algorithms like pro-active (table driven), reactive (on-demand) and hybrid approaches [104]-[106]. Yet, the 

authors have missed comparing the existing algorithms based on performance metrics. 

A brief review is presented in [64]which give an overview of most largest and successful classes of bio-

inspired clustering techniques relating to evolutionary and swarm-based algorithms. These algorithms are 

inspired by nature as well as mutual behavior in animals which are appropriate to adapt for WSN dynamic 

environment. Further, the survey outlined various clustered Computational Intelligence (CI) paradigms such as 

genetic algorithm [78],[107],[108], particle swarm optimization [53] and cuckoo search algorithms [109]. But, 

the survey failed to notice the most significant clustering approaches (Ant colony optimization, Firefly 

algorithms, Cuckoo Search, Artificial Bee colony algorithms and so on) in the work.  

Another most important state-of-art in biologically inspired meta-heuristic clustering algorithms is 

presented in [65]. The paper majorly focus nature-inspired heuristic approaches [49],[58],[110],[111] which are 

used in clustering of dynamic networks [112]. Further, a detailed analysis made in single and multi-objective 

algorithms [77],[113] for the flexible clustering. Latest application areas with future scope in this area are also 

covered with an elaborate explanation. Yet, the survey paper failed to compare the clustering attributes such as 

CH formation, cluster count, cluster size, CH mobility for dynamic networks from the previous works. 

A short survey on Cuckoo Search heuristic algorithm is reviewed in [67]. Related works in this area are 

analyzed in literature [114]. This paper briefs about the Cuckoo Search algorithm and its applications in the 

various domains. The survey paper failed to compare the entire algorithm presented in Cuckoo Search. 

[69] surveyed the clustering approach based on Bio-inspired particle swarm optimization. This paper 

formulates two major roles. Firstly, it provides a comprehensive literature overview focusing on few frequently 

cited approaches [116]that have been applied for PSO-based data clustering. Secondly, the reported results and 

the performances of different techniques against existing clustering techniques were pinpointed. 

 A complete survey made on clustering in sensor networks [118] which detail a state-of-the-art and 

comprehensive survey on clustering approaches. Then, the proposed approaches in the earlier periodwas in 

aconfidential manner and evaluate them based on different metrics such as mobility, cluster count, cluster size, 

and algorithm complexity. This paper also touches upon heuristic based clustering approaches [119]-[121] 

presented in this field. Some open research challenge in this area also pointed for the upcoming researchers. 

A brief survey on swarm intelligence based clustering methods is presented in [68]in which nature inspired 

clustering algorithms [122]are reviewed and divided based on network structure and protocol operation. The 

paper focus majorly on three categories of biologically inspired clustering approaches namely, Swarm 

Intelligence Clustering, Bacterial Foraging Optimization (BFO) Algorithms [123], and Enhanced BFO [124]. 

Further, Proper taxonomy with the discussion of merits and demerits has been done. Yet, Scope of work in this 

area was not concluded crystal clearly. 

A brief analysis overview on an Evolutionary Algorithm based clustering approach is presented in [70]. The 

authors of the paper have given significant for nature-inspired approaches [126],[127] to extract the clusters 

from probabilistic data which utilizes the graphical approach. Further, fitness functions and the genetic 

reproduction operators are analyzed to evaluate the local and global best solution for dynamic networks [32]. 

Reviewed works are not compared based on performance metrics; probabilistic graph analysis alone presented.  

Finally, from the existing survey, we recognized that no comprehensive previous work was made 

exclusively for Biologically Inspired Clustering. The related works of this paper have few limitations while 

analyzing the BIC algorithms. This aspect encouraged us to precede this survey that intends to accumulate the 

most of the existing nature inspired algorithms. Table 1 highlights the summary of previous surveys along with 

the year.  

 
Table 1: List of previous surveys on Biologically Inspired Clustering Algorithms 

 

Year 

 

Author  References 

 

       Objectives and Outcomes 
 

 

2004 

 

Marco Dorigo et al.[71] 

 Analysis of ACO from origin 

 Discussion of nature inspired clustering concepts with its applications 

 Scope of future works 
2009 Eduardo Raul Hruschka et al.[57]  Overview of Evolutionary algorithms 

 Highlights the significant perspective of data clustering 

2010 Mohamed Jafar.O.A et al.[58]  Analysis on Ant-based clustering 
 Key note on fore coming researcher work in ant clustering 
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 Discussion of Real world applications 

2010 Neda Enami et al. [59]  Summary of heuristic approaches 

 Discussion with Neural Networks 
 

 Address the performance issues 

2011 Rune Hylsberg Jacobsen et al.[60]  Presentation of biologically inspired clustering 
 Improvisation of scalability of dynamic networks  

 

2012 Dervis Karaboga et al.[98]  Analysis of special intelligent behaviors of honey bee swarms 
 Discussion of artificial bee clustering 

 Research issues with future directions 

 
2012 Gurpreet Singh et al.[63]  Discussion on pros and cons of ACO based on performance metrics 

 Taxonomy of Ant colony algorithms 

 
 

2013 

 
 

Basma Solaiman et al.[64] 

 Outline of Cluster Computational Intelligence 
 

 Adaptation of WSN to dynamic network 

 Discussion of Real-time applications 
 

 

2014 

 

 

Sulaifanie.A.-A et al. [66] 

 State-of-art on various clustering in sensor networks 

 

 Analysis of adaptive hierarchical MAC protocol 
 Elaborate discussion on future scope 

 

 
2014 

 

 
Sanket Kamat et al.[55] 

 Analysis of Cuckoo Search (CS) algorithms 

 
 Discussion of dynamic network clustering applications 

 Scope of future works in CS 
 

 

2014 

 

 

Shafiq Alam et al.[69] 

 Comprehensive review of bio-inspired data clustering algorithms 

 

 Analysis of performance metrics 
 Comparison of various BIC algorithms 

 

 
2014 

 

 
Pooja Nagchoudhury et al.[68] 

 Presentation of Swarm Intelligence (SI) 

 
 Review on network structure and protocol operation 

 Taxonomy of merits and de-merits in SI 

 
2015 Zahid Halim et al.[70]  Presentation of graphical clustering approach 

 Adaptation to dynamic networks 

 Evaluation of fitness function 
 

2017 Sulaifanie.A.-A et al. [66]   State-of-art on various clustering in sensor networks 

 Analysis of adaptive hierarchical MAC protocol 
 Elaborate discussion on future scope 

 

3. Clustering approach: an overview: 

Clustering is one type of approach that dynamically pursued by various groups in realizing more scalable 

data aggregating and routing. Fig.2 shows a general view of clustering purposes. In this section, we presented a 

detailed analysis of clustering purposes and its attributes. 

 

3.1 Purposes of Clustering: 

Many algorithms have analyzed that the cluster architecture guarantees the basic performance of MWSN 

with a huge number of sensor nodes. A cluster formation offers some direct benefits like the spatial reuse of 

resources to improve the system capability, with the non-overlapping multi-cluster formation. Clusters also 

provide performance enrichment in the case of routing process, the set of CHs generally form a virtual backbone 

for inter-cluster routing. Further, Clustering in MWSNs is a very challenging due to the natural characteristics 

that differentiate these networks from other wireless networks such as mobile ad hoc networks (MANET) or 

cellular networks. Hence, in MWSN the primary concern of clustering is to manage the mobility of nodes which 

enhance the energy efficiency with the intention of extending the utility of the network. The following 

parameters are to be considered as major constraints while doing cluster process in MWSN. 

 

3.1.1 Load balancing: 

In Clustering, the CH will be the responsible for inter and intra-node communication. It is used for data 

gathering, aggregation, transmission and for large scale networks. This result makes a rapid energy exhaustion 

of the CHs. However, many researchers proved and analyzed it is better to rotate this role among all the sensor 

nodes in the specific network. Moreover, load balancing is highly related to the performance of the estimated 

network, because load balancing assists to extend the lifetime of the networks and accumulates the network 

from network jamming. Hence, load balancing must be followed to obtain a better energy efficient network. 
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3.1.2 Data aggregation: 

Data aggregation is the grouping of data from various sources of function such as repression (eliminating 

duplicates), minimum, maximum, and average. While doing computation it consumes less energy than 

communication, significant energy savings can be attained during data aggregation. This method has been used 

to accomplish energy efficiency and traffic optimization in numeral clustering algorithms so as to minimize the 

number of bits to forward. Moreover, data aggregation is also referred to as fusion which enhances the 

reliability. Thus, the data aggregation/fusion is an efficient method to avoid transmitting repetitive data in the 

MWSN. Data aggregation methods are generally based on signal processing methods. Mostly, common data 

aggregation methods in WSNs are to collect all the received packets into one output packet. However, clustering 

lets the data being aggregated in the Cluster Heads which effects in a more energy- efficient network, thereby 

minimizing the entire load of the mobile network. 

 

 
  

Fig.2:A general view in Clustering Purposes 

 

3.1.3 Energy efficiency and improved Network lifetime: 

Energy efficiency [128]is the considered as of the major design objectives in MWSN. Due to the miniature 

in size, the energy carried out by the sensor node is too low. In addition, in border surveillance and some harsh 

environment applications sensors deployed in enormous amount. However, it is impossible to replace the failed 

sensor. Hence, the reduction of energy consumption is a major design [36]. Network algorithms lifetime 

incorporating with energy consumption in sensing, processing, and transmission which is improved by heuristic 

algorithms [129]. Nevertheless, while minimizing every-hop transmission cost, which reduces the total energy 

and avoids sensor nodes prone to errors. Likewise, maximize the network lifetime. 

 

3.1.4 Enhanced Coverage and connectivity: 

The main intention can be either as simple as confirming the existing route from every CH to the BS. 

Clustering the nodes enhances the performance, especially in large-scale MWSNs [130]. Since, comparing to 

the flat architecture when the sensor nodes are clustered, to achieve the connectivity, there may be at least one 

path from every CH to the BS, but not among every node in the network and the base station (BS). In practice, 

various factors influence the coverage, for example; environmental conditions, noise, and obstacles. Initially, the 

positions of sensor nodes in MWSN cannot guarantee the complete coverage and connectivity of the entire 

network sensing field. Sensor nodes have limited sensing range (radio). So, to scale up a sensor network, the 

coverage of the network should be high-quality with low latency. Due to the nature of mobile nodes [131] in 

MWSN the coverage of the network varies time to time. In accordance with that, the connectivity problem 

occurs easily. Hence, in MWSN outstanding coverage is the most important constraint. In addition, every cluster 

head is ready to connect with the base station via single or multiple hops. Therefore, Connectivity is another 

noticeable metric while designing an efficient sensor network [132]. 
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3.1.5 Quality of service: 

        The applications and the functionalities of MWSNs push for the requirement of the quality of service 

(QoS). In general, valuable sample, minimum delay and short-term precision are required. It is complex for all 

the routing protocols to convince all the requirements of QoS, since some demands may violate one or more 

protocol principles. Existing methods in clustering MWSN primarily focused on energy conservation with the 

longevity of the network. But the quality of service (QoS) discussed in detail with effective performance. 

Moreover, QoS issues particularly developed for dynamic traffic applications. For example, in surveillance 

systems, even a minute delay is not acceptable but in battle field monitoring there is no limit for an acceptable 

delay. Hence, quality of service metric should include in the design progression based on the application needs. 

 

3.1.6 Scalability: 

The numeral of sensor nodes deployed in the sensing region may be in the order of hundreds, thousands or 

more. The clustering approach must be scalable [133] to react to events. For several applications such as disaster 

recovery and the border surveillance massive amount of sensors, nodes used for the deployment. So that, the 

designed network sensors should be scalable for different size of networks. 

 

3.1.7 Fault tolerance and repair mechanism: 

Sensor nodes are easily prone to failures, due to the limited battery power and deployment of sensors in 

rugged environments. As a result, the mobility of sensor nodes in may often get failure or interference. 

Nevertheless, these issues considered in clustering methods to obtain link recovery with reliable communication. 

However, an alternative arrangement made with more energy, less traffic. In spite, Re-clustering is the most 

spontaneous way to recover from a cluster failure. Though it generally disturbs the on-going function, 

assignment of CH backup is a feasible scheme for revival from a CH failure [134].  

 

3.1.8 Data redundancy avoidance: 

In most of the mobile sensor network applications, sensor nodes are densely deployed in an area and work 

together to accomplish a common sensing task. Thus, the data sensed by various sensor nodes naturally have a 

certain level of correlation and redundancy. In clustering, the data redundancy precisely avoided due to the work 

nature of Cluster Heads. 

 

3.1.9 Collision avoidance: 

Collision avoidance in MWSNs is essential since each collision causes several packets to be lost. As a 

result, each node has to re-transmit the most recent packets. It is more noteworthy when the nodes are mobile [6] 

and also the topology is dynamic. This raises the energy consumption in the network and is not appropriate for 

energy-constrained networks. In the multi-hop clustering approach, an MWSN is divided into clusters and data 

transmissions among mobile sensor nodes include two modes, which are intra-cluster and inter-cluster, 

correspondingly for data gathering and for data transmissions. Consequently, resources can be distributed 

orthogonally to each cluster to reduce collisions among the clusters. Thus, the multi-hop clustering approach is 

appropriate for large-scale MWSNs. 

  

3.1.10 Latency reduction: 

In few applications of MWSNs, the network should ensure a tough deadline, such as a physical event and 

health-care monitoring. Hence, guarantying reduced routing delay is considered as the most significant 

challenges in meeting the QoS constraints of the network. In MWSNs, which typically use the multi- hop 

approach to transmitting the data, clustering, balanced to flat architectures, thereby effectively minimizes the 

routing delay. In cluster routing scheme, the number of hops can be reduced from source node to the BS. The 

mode of data communication only carried out by cluster which helps to avoid collisions among the sensor 

nodes. Accordingly, the latency gets reduced.  

 

3.1.11 Application specific: 

Though sensor networks are application specific, MWSN should adopt and deploy for a definite 

application. However, the design requirements of an MWSN network changes with its real-time situations, such 

as surveillance in military networks, mobility synchronization between nodes.For that, sensors can be attached 

to people for their health monitoring, which may consist of measuring blood pressure, heart rate and so on. 

Consequently, animals and birds have sensors attached to them in order to monitor their activities for disease 

diagnosis, migration patterns, feeding behavior and for some research task.In addition, Sensors may possibly fix 

in unmanned aerial vehicles (UAV) for surveillance and rescue operations, motion picture film making, 

environment mapping and crop spraying. Hence, in many applications the clustering algorithms should be 

optimized for specific application requirements. 

 

https://en.wikipedia.org/wiki/UAV
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3.2 Clustering Attributes: 

3.2.1 Clustering: 

Clustering means that the sensor nodes in a network are divided into dissimilar virtual groups. In the case of 

dynamic clustering, all the nodes in the network have the mobility nature except base station (BS). They are 

distributed geographically contiguous into the same cluster according to some set of regulations. Under a cluster 

formation, sensor nodes may be consigned to the diverse categories, such as cluster head (CH), cluster member 

(CM), source and sink (base station). In general, each cluster has separate cluster head (CH) which serves as a 

local coordinator, performing intra-cluster communication arrangement, information forwarding, and so on. 

Further, the CH can consolidate the information, analyze and then send it to the base station (sink) as a single 

packet. Moreover, Clustering has advantages for increasing energy conservation by enhancing bandwidth 

exploitation, reducing waste energy consumption by minimizing overhead. Many algorithms aim to maximize 

the network lifetime by improving the energy conservation surrounded by sensor nodes and by sharing the load 

between various nodes from time to time. During the restructuring of clusters, the CH is modified along with the 

members associated with it. Clustering provides the best resource utilization and minimizes energy consumption 

in MWSNs by reducing the number of sensor nodes that take part in large scale networks. 

 

(A) Cluster formation: 

Recently, clustering can be achieved in a distributed approach without any coordination. In some prior 

methods, a centralized or hybrid approach is implemented where one or more coordinator sensor nodes are 

employed to separate the whole network off-line and organize the cluster membership. Data flow along with 

diverse nodes is the main goal of every communication network.  The overhead of information may happen 

while the routing nodes are mobile and frequently changes in topology. This causes unsteadiness in the pre-

established routes. By using the cluster control structure, the topology can be updated and routing information 

can be minimized to exchange of gathered data among various clusters. Hence, in many papers, well-balanced 

cluster is formed to enhance the performance of the network.   

 

(B) CH selection: 

The header nodes of the clusters (CHs) in various proposed algorithms can be pre-assigned for 

heterogeneous environments. In few situations like in homogeneous environments, the Cluster Heads are 

selected from the deployed set of nodes either in a probabilistic or entirely random way, based on specific 

criteria (residual energy, mobility, and hop count etc.).Mostly, the Cluster Heads (CH) are chose either by 

random way or based on residual energy of the sensor node (prefer node which have high residual energy), 

speed of sensor node movement (prefer a node with low mobility), and hop count (either single or multiple hop) 

towards the base station. Moreover, compare to the direct communication between sensor nodes and the base 

station (sink), the energy consumption will be reduced by using CH formation. Consequently, it selects the 

cluster and CH in turn, based on the residual energy, coverage, and connectivity of the sensor node. Hence, the 

network achieves better scalability, in connection with the real-time applications and improves longevity [36] of 

the network. 

 

3.2.2 Data Transmission in Clustering: 

In consideration of energy consumption in a mobile wireless sensor network, data transmission is the most 

significant with respect to others. In a clustered network, the CH and the member node plays a vital role in the 

data transmission. It is done by two ways. One is intra-cluster communication and other is inter-cluster 

communication. In intra-cluster communication, the data transformation process happens with the nodes inside a 

cluster to the CH whereas, in inter-cluster communication, the data transformation process happens from the 

CHs to the base station (sink). Within a clustering organization, intra-cluster communication can be single or 

multi-hop as well as inter-cluster communication. In few initial clustering schemes, the transmission among a 

sensor node and its designated CH is supposed to be direct (single-hop).However, now a day’s multi-hop intra-

cluster communication is often required, i.e., when the transmission range of the sensor nodes is bounded or a 

number of sensor nodes are enormous and the number of CHs is limited. Many Researchers have analyzed that 

multi-hop communication among a source node and a base station is more energy efficient than direct 

transmission because of the characteristics nature of wireless the channel. The energy efficiency of a clustered 

sensor network depends on the selection of the CHs based on its mobility. For the perfectness of data 

transmission in clustering various routing techniques proposed. The data transmission of clustering is a key 

issue to validate the effectiveness and scalability enhancement of a cluster structure. When the primary network 

topology changes quickly due to its mobility and involves many mobile nodes, the clustering-related data 

exchange enhances significantly.  

 

3.2.3 Clustering Properties: 
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Previously, many researchers focused on analyzing the Cluster properties. It is categorized based on some 

specifications of the clusters, such as cluster count, cluster size, cluster routing, CH mobility, sensor node type 

and cluster structure. A clear explanation of each is given below: 

 

(A) Cluster count: 

The number of cluster count may be fixed or variable based on the nature of the network.  Every cluster 

must maintain a CH to handle all the data transformation issues. In MWSN, the CHs must be changed based on 

the topology of the network. Further, in accordance with specific the application the formation of cluster count 

may get varied. 

 

(B) CH Mobility: 

In general, The CHs can be either stationary or mobile. The remoteness of mobile CHs should be limited 

one. They can travel within that network structure to minimize the scarce energy. However, need more 

concentration on topology management to form mobile CHs compared to the stationary ones. Mostly, the 

mobile CHs deal with the real-time approaches whereas; the static CHs can be adopted for the present network 

scenarios.  

 
Fig.3: Clustering attributes in MWSNs 

 

(C)Cluster Routing: 

In clustering, the routing plays a powerful role while transferring the data from source to sink. Earlier, 

numerous clustering algorithms have been proposed. The routing can be majorly categorized as three types ie; 

pro-active, re-active and hybrid. In the pro-active routing, in prior the routing path is determined. In re-active 

routing, the path will be selected based on the present scenario. In a hybrid, both pro-active and re-active 

combined to carry out the routing. 

 

(D) Cluster Size: 

Based on the distribution of load among all the clusters, the size of the clusters can be equal or unequal. 

This inequality of clusters is derived from the distance between the nodes and the BS. 

 

(E) Sensor node type: 

       In Clustering, sensor nodes in a network can be grouped based on two types i.e. homogeneous and 

heterogeneous. Homogeneous sensor node should have similar functionality. So that, the network lifetime gets 

reduced due to the recursive usage of same nodes. The heterogeneous nodes have dissimilar capabilities. The 
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node which has high energy levels than other nodes should consider as dominate nodes and are elected as CH’s. 

While considering heterogeneous nodes, it helps to attain energy efficiency and improve network lifetime and 

also the operating cost of re-clustering is minimized. 

 

(F) Cluster Structure: 

The clustering structure can be either static or dynamic. In static approaches, the cluster structure can be 

fixed regardless of the present network conditions. Further, in dynamic approaches, the cluster structure gets 

changed with respect to time instant to act in a real time proposal.   

 

4.  Analysis of Biologically Inspired Clustering (BIC) algorithms in MWSNs: 

In this section, we present a more comprehensive survey of prominent Biologically Inspired clustering 

(BIC) algorithms comparison with previous work in MWSNs. Herein, Evolutionary and swarm based clustering 

are analyzed in a detailed manner. Biologically Inspired Clustering (BIC) algorithms stimulated by nature, brain, 

and evolutionary methods, provides computational intelligence to resolve real-world problems in Military, 

computer science, robotics, engineering and Industry. The evolutionary computation is a special kind of 

technique based on nature adaptability, whereas swarm intelligence follows on the activities of insects, birds, 

and animal behaviors. Further, the authors [135] proposed two novel techniques to examine the clustering 

approach, which is inspired by the behavior of birds and the other is inspired by the behavior of ants in nature. 

However, the inspirations from biological and nature behaviors forced the enhancement of many complicated 

algorithm problem-solving in an ease manner. To the best of our knowledge, our work is the foremost attempt to 

outline these contributions made by other researchers. 

 

4.1 Evolutionary Algorithm (EA) based Clustering: 

Though BIC algorithms developed from the stimulation of nature, the process of biological evolution 

termed as evolutionary algorithms. Then, the groups of individuals modified as a result of natural selections. 

Hence, the children differ from their forerunners in term of physiologically and morphologically. According to 

the Charles Darwin’s quote “survival of the fittest” is a major task among the environments. Initialization, 

selection, recombination (crossover), Fitness function, Mutation, and replacement are the basic functional 

metrics of EA [136]. However, in evolutionary computation, initial populations are generated through crossover 

and mutation to identify the best individuals based on the fitness function. The process will be repeated until to 

obtain the required number of generations. The pseudo code for Evolutionary Algorithms is shown in Table 2. 

In MWSN, the best BIC clusters are formed based on the fitness condition such as node mobility, energy level 

and path cost and so on.  

 
Table 2: Pseudo code for Evolutionary Algorithms (EA) 

 

1: 

 

Initialize the Population 
2: Repeat 

3:            Evaluate the Individuals 

4:            Repeat 
5:                   Select the Parents 

6:                   Generate the children 

7:                   Mutate if adequate solutions are generated 

8:           Until the Population number is reached 

9: Reproduce the best  individuals into the population  

10: Until required numbers of generations are produced. 

 

So that, for the need of clustering, Evolutionary Algorithm (EA) is employed this is pointed by means of 

pKwikCluster algorithm [70]. Further, it is experienced on two inhabitant probabilistic graphs and 9 unnaturally 

converted probabilistic graphs using cluster validity indices of Dunn index, Silhouette coefficient, and Davies–

Bouldin index. The key in feature of the result proposed is the EA which uses numerous populations on behalf 

of various deterministic versions of the matching input graph at the same time. The multiple inhabitants of EA 

make possible to have local and global search capability for optimal clustering. Once the populations of EA are 

generated, the pKwikCluster algorithm is used to regulate the clusters. Afterward, the fitness is estimated for the 

chromosomes in individual population and best solutions for each of the EA iterations are witnessed. The 

Evolutionary Algorithms (EA) family units are the Genetic algorithm (GA), Genetic programming (GP), 

Differential Evolution (DE), Evolutionary strategy (ES), and Paddy Field Algorithms (PFA).  All algorithms 

begin by generating an initial population of sufficient solutions and progresses iteratively from generation to 

generation towards the best solution. Detail analysis could be made of the EA family units are highlighted 

below. 
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4.1.1 Genetic Algorithm (GA) based Clustering: 

The best paradigm of Evolutionary computation is GA. Many previous works were proposed on GA 

including real value [43], [137]. GA follows the mechanism such as recombination (crossover) and mutation to 

resolve optimization issues. Initially, new population is selected from the different generation. Then the fittest 

evaluation originates the best individual of the population through the roulette wheel technique. The process 

repeated to achieve the best individual by applying computational intelligence. 

Hence, GA provides the solution to various fields like engineering, medical, agricultural, robotics, 

bioinformatics, applied science, water resources, manufacturing and mechanical etc. The table 3 pseudo code 

explains the working procedure of GA 
 

Table 3: Pseudo code for Genetic Algorithms (GA) 

 

1: 

 

Initialize the Population of random solution 
2: Evaluate fitness of each solution  

3:              Create anatomy of new population using roulette wheel 

4:              Select the Parents 
5:                          Recombine the parents 

6:                          Mutate the children 

7:              Evaluate fitness of children 
8:              Reproduce the best  individuals into the new population 

9: New population will be the current population 

10: Until required numbers of generations are produced, repeat step 3. 

GA contributes major innovation in clustering process. Then, [138] proposed a biologically inspired 

algorithm have been proposed for modeling the coverage problem in MSNs as finding the optimal topology of 

the sensors. In this, a single objective genetic algorithm (GA) is proposed to maximize coverage and to 

minimize energy consumption.Consequently, [139] proposed, an innovative hybrid algorithm which includes 

the split and merges algorithm based GA in connection with cohesion and coupling metric, used to solve 

automatic clustering in gene ontology. In addition, GA used to minimize the communication distance in 

hierarchical wireless sensor network which is used to create energy efficient network. The representation of 

chromosome is two-dimensional, and the deployment area covered with in the network. The authors [140] 

presented a GA-based clustering in mobile networks. Selection of cluster head is an important aspect while 

doing clustering in mobile networks.  Few metrics (degree difference, battery power, the degree of mobility) are 

analyzed by GA to opt the best CH. So that, the connectivity of network should be better compare than previous 

approaches.  

The authors [25] proposed a clustering algorithm based on GA in MWSNs. This paper provides a logical 

model to calculate the power consumption of a mobile sensor node. Based on this, a clustering algorithm is 

designed to optimize the energy efficiency during CH construction. A genetic algorithm technique is used to 

identify the near-optimal threshold to elect the cluster head. Hence, an efficient clustering achieved with the 

support of evolutionary GA. Subsequently, [108] proposed a new energy efficient clustering algorithm using 

GA for wireless sensor networks which improves the lifetime of the network and outperforms the LEACH-M by 

its network longevity. Furthermore, importance gave to reduce the latency in a reliable network. So that the 

optimum clusters identified using GA (selection, crossover, and mutation). Hence, the energy criterion is not 

added for the feasibility of the network. 

 

4.1.2 Genetic Programming (GP) based Clustering: 

Genetic Programming (GP) was developed by [141], and it is an extension of Genetic algorithms that 

differs in terms of depiction of the solution. GP represent an indirect encoding of a potential solution ( the form 

of a tree), where search can apply to the solution directly, and also the solution could be a computer program. 

Then the next primary difference is in the variable-length representation which is being adopted by GP in 

difference with the fixed length encoding in GA. The GP produces variety not only in the values of the genes 

but also in the structure of the individuals based on population. Further, its mainly used in the automatic 

clustering problems to tackle the real-time issues [142]. The table 4 pseudo code explains the working procedure 

of GP. 
Table 4: Pseudo code for Genetic Programming (GP) 

 

1: 

 

Initialize the Random Population 

2: Repeat 
3:            Evaluate the Individuals by fitness function 

 4:            Select subset of individual  

 5:                   Apply genetic operators 
 6:                   Replace the current population  by this new population 

 7:            Mutate if adequate solutions are generated 

 8: Until required numbers of solutions are Reached. 
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4.1.3 Differential Evolution (DE) based Clustering: 

Differential evolution (DE) is a vector-based meta-heuristic algorithm that has excellent convergence 

properties. The authors [143]developed the DE. It has some resemblance to pattern search and genetic 

algorithms due to the use of crossover and mutation processes. In fact, DE can be considered as a further 

development of genetic algorithms which explicitly update the equations for theoretical analysis. DE is a 

stochastic search algorithm with self-organizing attraction and does not use the information of derivative. 

Therefore, it is a population-based, derivative-free method. Further, DE uses real numbers as solution strings, so 

encoding and decoding process is not necessary as in GA. The table 5 pseudo code details the working 

procedure of DE. 

 
Table 5: Pseudo code for Differential Evolution (DE) 

 

1: 

 

Initialize the Population of random solution 
2: Evaluate fitness of initial solution  

3:           Repeat 

4:           Select 3 solutions arbitrarily from each parent 
5:                    Create one child (offspring) using DE operators 

6:                    Repeat until it equals the population size 

7:           Evaluate fitness of children 
8:           If children are more shaped than the parent 

9: Then that particular parent will be replaced 

10: Until to meet the end condition. 

 

In past few decades differential evolution (DE) based clustering plays a major role to optimize the real-time 

issues. Furthermore, the mathematical function measures the goodness of separation, on the source of distance 

measure. However, the number of clusters exceeds three [49] then that clustering has NP-hard problem. 

Although among several SI techniques available, Differential Evolution (DE) applied to a significant amount of 

NP-hard problems due to its search capacity through enormous spaces of feasible solutions. Several clustering 

algorithms proposed for automatic clustering in partitioning data without any prior knowledge. Further the 

authors detailed about the performance methods of auto-clustering, namely crisp and fuzzy. In the case of crisp 

clustering, by nature, the clusters are disjoint and non-overlapping and any patterns come under the only one 

class. While in fuzzy clustering, the pattern may come under all the classes within a particular fuzzy 

membership status. [144] demonstrates a population-based protocol named LEACH-DE provides considerable 

development in the optimal clustering, as well as in network lifetime compared to the conventional routing 

protocols.  Consequently, [145] proposed a virtual force directed differential optimization algorithm which is 

suitable for heterogeneous sensor network node coverage and connectivity. Moreover, this algorithm intends at 

the network coverage optimization through difference algorithm. Subsequently, initiates the virtual force in the 

process of differential evolution so that the convergence rates speed up the population evolution. [70] 

implemented a novel approach based on probabilistic graph used to cluster the large graphs. Furthermore, 

pKwikCluster algorithm used to regulate the clusters within the area. Consequently, eleven benchmark datasets 

used to evaluate the performance and it showed valuable results.   

 

4.1.4 Evolutionary Strategy (ES) based Clustering: 

Evolutionary Strategies (ES) are Evolutionary Algorithms (EA) exclusively intended to solve real 

parameter optimization problems. As EAs, they use mutation, recombination, and selection applied to a 

population of individuals containing candidate solutions in order to evolve iteratively better solutions [147]. 

Each iteration, one offspring (child) is generated from a population of size.  

 
Table 6 Pseudo code for Evolutionary Strategies (ES) 

 

 
1: 

 
Initialize the individual arbitrarily 

2:                Evaluate fitness of each individual  

3:                New children are produced using recombination 
4:                        Mutate the children 

5:                        Evaluate fitness of each child 

6:                New population will be generated   
7:               Reproduce the best  individuals from the new population 

8: New population will be the current population 

9: Until required numbers of generations are produced, repeat step 3. 
  

 

The same parents are used to adapt to all object parameters in the child, and again the parents are re-

selected. The parents are selected randomly from the obtainable population. Mutation is the major accomplice in 
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ES and it acts upon object parameters. The table 6 pseudo code explains the working procedure of Evolutionary 

Strategies. A multi-objective evolutionary strategy clustering proposed [148] for effective coverage control in 

mobile sensor networks. Further, an adaptive evolutionary clustering algorithm is proposed [127]which is 

dependable for the purpose of all living individuals on earth.   

 

4.1.5 Evolutionary Programming (EP) based Clustering: 

EP was developed by [149] and it is based on the evolution of finite state machines which utilizes a 

constrained symbolic alphabet encoding. Each EP individuals include a string of real numbers. The evolution of 

EP wholly based on mutation operator not only includes the recombination operator. This makes the difference 

among GA and ES. 

 
Table 7: Pseudo code for Evolutionary Programming (EP) 

 

1: 

 

Initialize the current population randomly 
2:            Assign the fitness values for each individual 

3:                     Evaluate the Individuals by fitness function 

4:                     Mutation operator is used to obtaining the children  
5:            Assign fitness values to the new children 

6:            If the termination conditions are met exit,  

7: Else go to step 3.   
  

 

The Gaussian probability distribution is used to perturb each variable. The self-adaptation technique 

provides to control the Gaussian mutation operator. The fresh population can be generated by using tournament 

selection method from parents whereas mutation operator is used to generating the children. The pseudo code 7 

demonstrates the working procedure of EP. Evolutionary clustering [81] is implemented to optimize the network 

lifetime. 

 

4.1.6 Paddy Field Algorithm (PFA) based Clustering: 

The authors [150] recently developed the Paddy Field Algorithm (PFA). This PFA operates on a re-

productive principle dependant on closeness to the global solution and also the population density is analogous 

to plant populations. PFA follows the five-step procedure namely, sowing (initialize the seeds scatter in an 

uneven field), selection (the best plants are selected based on a threshold method), seeding (based on fitness 

function like fertile soil, best drainage, soil moisture will get the outcomes), pollination (either by animal or 

wind) and dispersion (based on land condition repeat the process). Compare to other Evolutionary Algorithms, 

the PFA has a lower computational cost. The table 8pseudo code explains the working procedure of PFA. The 

clustering approach is implemented [151] to enhance the productivity effectively. 

 
Table 8: Pseudo code for Paddy Field Algorithms (PFA) 

 

1: 

 

Initialize the seeds, scatter in an uneven field 

2:           Assign the fitness values for each individual seed 
3:                    Evaluate the Individuals by fitness function 

4:                    Pollinate the best solutions  

5:            If the termination conditions are met exit,    
6: Else go to step 3. 

 

4.1.6 Artificial Neural Networks (ANN) based Clustering: 

The neural network comes under the category of Artificial Intelligence which includes a vast training 

scheme like growth of the human brain. However, a baby doesn't know how to talk, walk or understand the 

conversations. Consequently, the brain has to learn and practice by some association. As a result, Neural 

Networks (NN) is a division, draws the inspiration from the biological neural networks. Appropriately, the 

easiest meaning of a Neural Network (NN) referred as an 'artificial' neural network (ANN), which consists of 

neurons connected in a graph topology containing large distributed processing components. Nevertheless, [42] 

defined ANN as “a computing system made up of a number of simple, highly interconnected processing 

elements, which processes the information by their dynamic state response to external inputs”. However, ANN 

consists of numerous interconnected neurons which communicate each other and extracts the information from 

the large amount of inputs denoted as ‘X’ in Figure 4 Based on learned information, numeric weights (act as 

connection strength e.g. W0 to Wn) assigned to each neurons in the hidden layer called synapses (weight vector). 

Finally, all the weights cumulated, processed to achieve a desirable output.  Furthermore, the Neural network 

alters the weight rates input through the new data, the network will able to return the accurate response as output 

by the term "learning" mechanism. The foremost characteristics of NN are able to identify the infected data by 

noise or interference. Then they remove those infected data after learning. Furthermore, [87]proposed a SOM 
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neural network used for shrinking and taxonomy related patterns. Herein, SOM used in a cluster based network, 

in which the nodes arranged in a number of clusters based on CH or fusion centers. The table 9 pseudo code 

explains the working procedure of ANN. Nevertheless, by using this SOM the reliability of the feasible solution 

achieved easily. So that obtained optimal power conservation [89]which enhances the network lifetime.  

 
Table 9: Pseudo code for Artificial Neural Networks (ANN) 

 

1: 

 

Begin 
2: Initialize the population 

3:            Generate the initial solution randomly 

4:            Define error rate 
5:                        Evaluate each solution by based on error rate  

6:                        Select a solution among the best solution  

7:            Generate the new solutions randomly 
8: Accept  the new solutions  

9: End of the algorithm 

 

In addition, Data Association Algorithms (DAA) contains three divisions namely, acquiring, processing and 

combining. DAA in mobile sensor tracking is a requirement process for mobile sensor surveillance over 

conventional methods. Using DAA, several techniques proposed for multiple targets tracking issues which are 

suitable for harmful situations with false targets. So that, solving this issue, Hopfield neural networks (HNN) 

proposed. To enhance the tracking result, HNN takes a cost of the weighted object, with minimum energy 

constraints. Thus optimal target tracking achieved through HNN. The authors [152] presented a clustering 

algorithm using the neural network in WSN in terms of dynamic clustering. The data transmission sensor nodes 

create the cluster dynamically using the neural network. An advanced rebuilding grid algorithm is employed 

which re-cluster the sensors after every round of communication to enhance network lifetime, to increase of 

packet delivery ratio and to decrease the packet loss rate. 

 

4.2 Swarm Intelligence (SI) based Clustering: 

Swarm Intelligence (SI) is a subset of biologically inspired algorithms which focuses on the group behavior 

of swarms so as to build up some meta-heuristics which imitate the swarm's problem solution abilities. By 

evolution along with natural selection, living organisms have turned into the most optimized systems on earth. 

In constructing realistic engineering systems, biological phenomena symbolize good sources of inspiration to 

achieve high effectiveness, stability, and performance. Along with many organizational structures in living 

organisms, the social structures of social insects are preferred as the basis of stimulation in this study due to 

their enormous number of simple individuals and decentralized control mechanisms [153], which show the 

greatest similarity to wireless sensor networks. A novel clustering algorithm is proposed [154] based on Social 

Insect Colonies in Wireless Sensor Networks. Taking an insight from the success and efficiency of the 

distributed, co-ordinate and collective behavior of swarms in a real world, few researchers have tried to build up 

sophisticated techniques and systems which make use of the techniques of the swarms to locate solutions to 

complex optimization issues [155].Moreover, the expression was introduced by Gerardo Beni and Jing Wang in 

1989, in the context of cellular robotic systems [156]. Furthermore, to examine the behavior of social animals, 

and trying to mimic those behaviors on computer systems, the SI used as frequent manner. Typically, SI 

methods have a population of simple agents which work together in the neighborhood with one another 

including their environment. Furthermore, SI inspired from nature, particularly biological systems. Figure 6 

shows a basic swarm agent structure which consists of sensors (to sense the solution path), an analyzer (to 

obtain the optimum solution, based on knowledge and rules), and effectors (fetch the best optimum solution). 

However, the agents trail with the very simple set of laws, and there is no centralized control structure stating 

how individual agents ought to behave locally. Nevertheless, to a certain degree random, communications 

among such agents guide to the “emergence of intelligent" of global behavior, which is unfamiliar to the 

individual agents. Provided, such examples in natural systems of SI comprise ant colonies, particle swarm, 

fish schooling, animal herding, microbial intelligence, firefly, and artificial. At the end, SI affords heuristics to 

resolve complicated optimization issues.  

 

4.2.1 Ant Colony Optimization (ACO) based Clustering: 

Ant Colony Optimization (ACO) probabilistic algorithms inspired by the behavior of ants and described 

mathematically for complex optimization. The ant travels more or less at a random environment in the region of 

the colony. Imagine, the ants find a food source then leaving a trail of ‘pheromones' (a special kind of hormones 

traced by ants) and may return (at the same path) straight to the ‘home'. However, these types of pheromones are 

attractive so that crossing nearby ants will lead to following the trail. By the way of returning to the ‘home', 

these ants will strengthen the pathway. Consequently, two pathways are probable to accomplish the similar food 

https://en.wikipedia.org/wiki/Gerardo_Beni
https://en.wikipedia.org/wiki/Intelligent_agent
https://en.wikipedia.org/wiki/Emergence
https://en.wikipedia.org/wiki/Ant_colony
https://en.wikipedia.org/wiki/Shoaling_and_schooling
https://en.wikipedia.org/wiki/Herding
https://en.wikipedia.org/wiki/Microbial_intelligence
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source then they will decide the shortest pathway. Provided the shortest pathway enhanced increasingly. On the 

other hand, the longest pathway will ultimately vanish as pheromones are unpredictable.  

In recent years, usage of meta-heuristic based approaches goes on increasing. Though we have several SI 

techniques, Ant Colony Optimization (ACO) is a probabilistic technique which implies a great deal for solving 

computational issues, by the way of finding best routes through graphs. Initially, [157]proposed the ant systems 

and further developed [39]. SNP (scented node protocol) is inspired by the scent localization and tracking in 

insect colonies. Insects themselves track a route to regions of privileged pheromone absorption by means of 

olfactory intelligence and SNP is exclusively proposed for mobile wireless networks. Different biologically 

inspired routing algorithms based on ant colony clustering, AntHocNet [72],have been proposed to improve the 

performance and robustness of the classical MANET to improve the throughput performance under realistic 

wireless network assumptions, in particular mobility and wireless interference effects. Two categories of ants 

are used in AntHocNet namely, reactive ants which are used for route establishment and proactive ants for path 

maintenance. Compared with MANET protocols like AODV, the AntHocNet illustrates important performance 

enhancement in terms of packet delivery ratio and end-to-end delay. The authors [121] proposed a swarm 

intelligence-based clustering algorithm based on the ANTCLUST approach. The ANTCLUST is a model of an 

ant to resolve clustering issues. Initially, the sensor nodes with more residual energy become CHs 

autonomously. Then, arbitrarily chosen nodes to meet each other, swap in turn, and clusters are formed, 

combined, and comparison of their information. Ultimately, energy efficient clusters have created an extension 

of the lifetime in WSN.  

Another allied approach [119] T-ANT clustering protocol utilizes the social agents to guide the election of 

CHs in a totally distributed manner. Further, an analysis was performed to establish the number of CHs required 

to achieving the optimal performance in terms of energy dissipation. This made to produce a good distribution 

of CHs with high energy efficiency. Due to the robustness of any biologically-inspired algorithm, this protocol 

[119] could handle unexpected circumstances in the environment and node failures. The authors [158]presented 

a hybrid routing algorithm for mobile ad-hoc network based on ACO and zone routing framework of border 

casting. Herein, the algorithm HOPNET based on ants hopping from one zone to the next consists of the local 

proactive route discovery within a node’s neighborhood and reactive communication between the 

neighborhoods. Although, numerous clustering algorithms available, based on ant colony optimization (ACO) 

algorithms and doing the major task, to resolve heuristic optimization problems. 

 
Table 10: Pseudo code for Ant Colony Optimization (ACO) 

 
1: 

 
Initialize the Pheromone trails  

2: Repeat 

3:            Set the Parameters 
 4:            Generate the population 

 5:                   Fitness Calculation for each individual   

 6:                   Determine  each ant for its best position 
 7:           Apply local search (optional) 

 8:           Update pheromone trail 

 9: Until required numbers of condition not met repeat step 5 
  

 

Further, enhanced modified ant colony optimization which develops a novel description of pheromone 

among ants for radar sensor clustering networks using new cooperation mechanism [159]. At the same time, 

[160] proposed an uneven clustering technique which divides the each sensor nodes, within the region level to 

formulate the clusters, nearer to sink (BS) has minor scale than those out of from the sink. Most recent, the 

authors [161] presented ACO based clustering for vehicular mobile networks. Cluster heads are selected by the 

process of clustering, deal with inter-cluster and intra-cluster communication. The lifetime of clusters and 

amount of CHs decides the efficiency of network and forms optimized clusters for robust communication. The 

table 10pseudo code explains the working procedure of ACO. Moreover, optimal path found using ant colony 

optimization which increases the network lifetime. In Ant-based clustering algorithms, it relies only on their 

personal experience ie; only one ant which is used for each iteration. So that, the ant-based clustering algorithms 

needs the considerably better amount of iterations, to provide adequate results. Further, the problem of outliers 

may appear. This can be resolved by presenting a final clustering enhancement that increases the complication 

of the algorithms. 

 

4.2.2 Particle Swarm Optimization (PSO) based Clustering: 

Particle Swarm Optimization (PSO) is one type of computational method that optimizes an issue to develop 

a feasible solution. [40]Originated the PSO concepts and again altered using enhanced ideas, so that PSO will 

energize the results for heuristic approaches. In general, shows the basic PSO technique formed based on 

initialization of parameters, evaluating the individual particle, updating particle to optimize the solution. The 
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authors [162] presented biologically inspired algorithms have been proposed for modeling the coverage problem 

in MSNs as finding the optimal topology of the sensors. In [162] the coverage and energy consumption have 

been optimized but using a single objective two-stage PSO. The artificial mode used to initiate for creating 

clusters in Particle Swarm Optimization [163]. However, clustering enhances the particle swarm techniques.  

Furthermore, using PSO, a new cluster-based technique introduced. The authors [163] proposed a protocol 

that has the intention of reducing the intra-cluster distance and optimizing the network energy consumption 

using Particle Swarm Optimization (PSO). Generally, biologically inspired clustering algorithms to prove that 

they can dynamically manage the CH selection while attaining the uniform distribution of CHs and power 

consumption. The table 11 pseudo code illustrates the working procedure of PSO. Subsequently, the position of 

the sensors which improves the network coverage and connectivity enhanced using PSO. Precisely, [164] 

practiced PSO on the basis of multi-objective function. Hence, it follows the semi-distributed (SD) method 

which implements the technique within the clusters than base station leads to maximize the network lifetime. 

Recent days, PSO based clustering proves effective performance including in data mining. Provided, the 

effective area of PSO based on multi-dimensional clustering which enhances the particle search and updates the 

centroids with the help of ‘K'means algorithms. The authors [165] presented PSO based sensor network 

clustering to reduce the energy consumption which extends the network lifetime. 

 
Table 11: Pseudo code for Particle Swarm Optimization (PSO) 

 

1: 

 

Initialize the each particle 
2: Repeat 

3:          Calculate fitness value for each particle 

4:          Select the particle with the best fitness value 
5:                    Update particle velocity 

6:                    Update particle position 

7:         If the maximum number of  iterations are attained exit 
8: Else go to step 3  

  

 

In PSO based clustering algorithms, it emerges from the cooperative intelligence of the complete set of 

particles. Every particle updates their location according to its prior knowledge as well as according to the 

swarm’s prior knowledge. The only inconvenience of the PSO-based clustering algorithm is that it needs to 

identify in advance a maximum amount of clusters that should be acquired. 

 

4.2.3 Firefly Algorithm (FA) based Clustering: 

The firefly algorithm (FA) is a very important associate of the swarm intelligence (SI) algorithms, which 

have recently proved remarkable performances in resolving optimization issues. Firefly is the type of insects 

which lives in the tropical environment. Moreover, the FA is a meta-heuristic algorithm, originated by the 

flashing behavior of fireflies. Provided the majority of fireflies produced short and rhythmic flashes and have 

dissimilar flashing behavior. Hence, the major purpose of a firefly is its flash which acts as a signal and system 

to create a center of attention of other fireflies. Thus, this firefly algorithm by supposing the following rules: 

 All fireflies are unisex so that the attraction will be quite easy. 

 Their attractiveness is proportional to their brightness (light intensity) 

 The brightness of a firefly is affected or determined by the landscape of the objective function. (or) If 

there are no fireflies brighter than a given firefly, it will move randomly. 

Moreover, FA is mainly applicable to optimize all continuous and discrete issues in mobile networks [166]. 

In addition, for ease handling of optimization issues, a numerous variants are developed most recently. Finally, 

detailed review captured on FA [167]. Though the clustering technique divides the entities into sets or classes, it 

widened which derives from unsupervised learning. In order to achieve grouping of trained data the FA based 

clustering selected based on the numerical information in the data.  

Moreover, the new approaches called hybridized approach and K-means FA used to cluster the data so as to 

improve the clustering accuracy. Furthermore, it showed how the FA implemented to find the centroids of the 

particular cluster. Hence, [146], [168] proposed a novel technique namely clustering firefly synchronization 

algorithm (CFSA) which reduces the overhead of the network loads by using maximum and minimum phase 

conditions. The authors [169] presented architecture for Dynamic Data-aware Firefly-based Clustering (DDFC) 

to knob spatial similarity among node readings. The DDFC operation takes into account the biological 

principles of fireflies to make sure distributed synchronization of the clusters. The protocol, utilizing the 

biological principles of fireflies, groups nodes with related readings. DDFC synchronizes related reading 

aggregations in clusters, supporting their dynamic maintenance and internal routing, thereby enabling an easy 

recognition of nodes which should be clustered together. DDFC acts among the link and network layers, making 

use of link layer broadcasts to establish logical clusters and perform intra-cluster routing. Thus, the network 

https://en.wikipedia.org/wiki/Metaheuristic
https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Firefly
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layer uses the clusters formed by DDFC, routing messages among the cluster-heads and the sink. The table 

12pseudo code explains the working procedure of FA. 
Table 12: Pseudo code for Firefly Algorithm (FA) 

 
1: 

 
Initialize the Population of fireflies 

2: Generate the objective function 

3:              Evaluate fitness based on light intensity  
4:              Move firefly from i towards  j 

5:                     If light intensity varies then the distance also changed  

6:                    Attractiveness varies with distance 
7:              Evaluate light intensity of new solution  

8: Update current best solution 

9: Until to obtain the end solution. 

 

Such data similarity-aware clusters make possible various sorts of applications in the real world. For 

instance, with seismic data similarity information, patterns can point to eruptions with some weeks of 

antecedence with pollution data similarity analysis, water quality contamination and so on. Nevertheless, [170] 

developed an energy aware cluster based tree formation firefly algorithms which reduce the cluster numbers 

with energy aware so as to extend the lifespan of the network.  

 

4.2.4 Bacterial Foraging Optimization (BFO) based Clustering: 

Foraging is a variety of social insect behaviors and can be molded as an optimization process where an 

animal seeks to maximize energy intake per unit time spent for foraging. This view led to developing a new 

optimization algorithm which is inspired by the social foraging behavior of Escherichia coli (E. Coli) bacteria 

and named as Bacterial Foraging (BF) [171]. Until today, this newest optimization algorithm  BF, is adding 

significance in the optimization problems and successfully implemented to some engineering problems for 

example optimal controller design [171], antenna arrays systems [172], active power filter synthesis, and 

learning of artificial neural networks.  

 
Table 13: Pseudo code for Bacterial Foraging Optimization (BFO) 

 
1: 

 
Initialize the parameters 

2: Generate the objective function, elimination-dispersal loop 

3:                Compute the fitness function 
4:                Generate a random vector and do swarming process 

5:                         Evaluate chemotaxis 

6:                         Sort the parameters and reproduce the loop 
7:                 Find the current best solution 

8:                 If solution optimized then exit  

9: Else go to step 3 
  

 

Further, data clustering is a process of function optimization, BF might be applied to solve clustering issues 

with its global search capability. The table 13 pseudo code explains the working procedure of BFO. 

The authors [173] presented a new clustering algorithm based on the mechanism analysis of Bacterial 

Foraging (BF). It is an optimization methodology for clustering issue in which a group of bacteria forage to 

come together to certain locations as final cluster centers by reducing the fitness function. The quality of this 

approach is evaluated on several well-known benchmark data sets. 

 

4.2.5 Bat Algorithm (BA) based Clustering: 

Bat algorithm (BA) mainly focused on echolocation behavior of bats. Moreover, Echolocation is the use of 

sound waves and echoes used to determine where objects are in space [174]. Bats use echolocation to navigate 

and find food in the dark. To echolocate, the bats send out sound waves from their mouth or nose. When the 

sound waves hit an object they produce echoes. Thus, the echo bounces off the object and returns to the bat's 

ears. Bat-inspired algorithm used to analyze the optimization problems. Subsequently, Bats listen to the echoes 

to figure out where the object is, how big it is, and its shape. Moreover, the bat algorithm used to target the 

significant issues like numerical optimization issues. In addition, DC wheel motor problems tackled using bat 

algorithm (BA) technique. Nevertheless, Binary Bat Algorithm (BBA) implemented [175], to solve the binary 

problems existed in the heuristic environment.  

Recent analysis shows that the clustering through Bat Algorithm (BA) significantly suitable for different 

holistic issues. Clustering deals primarily in the case of wireless sensor networks for real-time applications. 

Consequently, proposed a Bat clustering method based on Fuzzy to monitor the office workplaces. The table 14 

pseudo code explains the working procedure of BA. 
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In addition, using BA algorithm K-Medoids clusters implemented [176] to enhance the cluster selection. 

Moreover, due to multi-hop communication of WSN, a hot spot problem plays a major role. To avoid this hot 

spot issue, [177] described a novel algorithm based on BA using unequal clustering which optimizes the 

communication distance with nodes energy consumption. 

 
Table 14: Pseudo code for Bat Algorithm (BA) 

 

1: 

 

Initialize the bat population 
2: Generate the objective function 

3:             Define pulse frequency, initial pulse rate, loudness 

4:             Generate new solutions by adjusting the frequency  
5:                       Update the velocity and positions 

6:                      Select a solution among the best solution  

7:            Generate the new solutions by flying randomly 
8:            Accept  the new solutions  

9: Rank the bat and find the current best 

1
0: 

Until to obtain the end solution. 

 

4.2.6 Cuckoo Search (CS) based Clustering: 
Cuckoo Search (CS) is Nature-inspired heuristic search algorithm which inspires through the imitation 

approach of cuckoos. In general, these types of algorithms are user-friendly, well-organized and simple to put 

into practice. Moreover, the CS algorithm to resolve the complicated issues which enhance the overall 

performance of the network. However, by giving attention to the applications, CS performs superior to further 

meta-heuristic algorithms. However, CS is based on three idealized rules as described in Wikipedia. First, every 

cuckoo putsingle egg at a time and leaves its egg in anarbitrarily chosen nest. Secondly, the most excellent nests 

with a premium of eggs will put back to the next generation. Finally, the amount of existing host nests is 

predetermined, and the egg laid by a cuckoo is discovered by the host bird with the probability . 

Hence, determining few set of worst nests, discovered solutions discarded from further calculations.  

The table 15pseudo code shows the working procedure of CS. To speed up the convergence which reduces 

the amount of objective function needed to find the overall minimum. As a result of CS employed in various 

domain applications [55] such as job scheduling, to find optimized cluster centers, to a fine optimal path, 

industry, wireless sensor network, health sector, neural network RBF and image processing. Clustering method 

in WSN is well suitable for generic issues. Moreover, Cuckoo Search (CS) based clustering performs the 

eminent job by means of cluster head selection and a creation of clusters along with the sensor nodes. 

Furthermore, [67] developed Cuckoo Based Particle Approach (CBPA) which improves the lifetime of the 

network considerably.  

 
Table 15: Pseudo code for Cuckoo Search (CS) 

 

1: 

 

Initialize the ‘n’ host nest population 
2: Generate the objective function 

3:           Evaluate fitness and rank eggs 

4:           Generate new solutions by Levy flights / Get a cuckoo randomly  
5:                      Evaluate fitness quality 

6:                      Select random nest and replace by new solution  

7:           Find the current best nest 
8: Post process results and visualization  

9: Until to obtain the end solution. 

  

 

In addition K-means unsupervised clustering algorithm which is popular to select the initial cluster 

centroids. Subsequently, the authors [178] proposed a CS based clustering algorithm which is used to improve 

the accessibility of sensor nodes by selecting the best possible sensor node from each cluster according to 

specificconstrains applied bynetwork conditions. Provided, it creates the various values of different clusters, to 

solve the optimization issues. 

 

4.2.7 Artificial Bee Colony (ABC) based Clustering: 

Recently Artificial Bee Colony (ABC) algorithm plays a vital role in all disciplines. Though, many 

optimization algorithms available, ABC replicates the smart foraging activities of a honey bee swarm. 

Moreover, [179]originated the numerical optimization based on Honey Bee Swarm. Furthermore, he examined, 

in detail about ABC algorithm which is majorly focused on the population of Honey bees. In general ABC 

algorithms formed based on initialization phase which originates the ‘S’ random solutions [180], evaluating the 

individual bee phase such asemployed (i.e., already working on a identified food source), onlooker (i.e., waiting 

for a food source), and scout (i.e., arbitrarily searching for new sources), updating convergence used to optimize 
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the solution [62]. Hence, Artificial Bee Colony (ABC) algorithm used to solve the diverse kinds of issues. Even 

though ABC utilized for diverse tasks, including multi-level thresholding which offers the optimum solutions, it 

is used in various image processing real-time applications and also used to speed up the physical design Phased 

lock loop (PLL) optimization in the platform of nano electronics. The table 16pseudo code shows the working 

procedure of ABC. 

Over past few years, clustering is a significant taxonomy technique which employs for resolving optimal 

real-time issues. Furthermore, Artificial Bee Colony (ABC) clustering algorithms, which was a recent 

innovative and simple optimization technique introduced [96].   

 
Table 16: Pseudo code for Artificial Bee Colony (ABC) Algorithm 

 

1: 

 

Initialize the Population 

2: Evaluate the fitness of the population 
3:                Cycle 1 

4:                 Repeat  

5:                         For each employed bee 
6:                         Produce a new solution 

7:                                   Evaluate the fitness value and apply greedy selection process 

8:                                   Calculate the probability values for the solution 
9:                          For each onlooker bee 

10:                          Select a solution depending on the probability values  

11:                 Produce a new solution 
12:                 Calculate the fitness value and apply greedy selection 

13:         IF an abandoned solution for the scout exists  

14:        THEN replace it with a new solution at random 
15: Memorize the best solution so far 

16: Cycle++ 

17:  Until to reach MCN (Maximum cycle number) 

 

Further, a novel energy efficient clustering mechanism, based on Artificial Bee Colony (ABC) algorithm, is 

evaluated to extend the life-time of the network. Artificial bee colony algorithm, imitating the intelligent 

foraging behavior of honey bee swarms, has been successfully implemented in clustering techniques [62], 

[181]by a dynamic deployment of sensor nodes. However, the first half of the colony which includes employed 

bees and the second half includes onlookers. Nevertheless, the amount of the employed bees or the onlooker 

bees will equal the resultant solutions (numbers of clusters heads) in the main population.  

A novel protocol named BEES for WSN is introduced [182]. It emphasis the localization, clustering by the 

means of routing where it leads to the enhancement of task management. Subsequently, BEE-C employed for 

reducing energy consumption using optimization methods contrast with LEACH and LEACH-C. Even though, 

different heuristics approaches already exist, At the latest, ABC based clustering plays a vital role in all sort of 

applications including agriculture, robotics, and industrial automation.  The authors [183] presented a cluster 

formation algorithm which provides us with a way to establish the node to be selected as a CH with in a cluster 

through the use of Ant colony optimization (ACO). It clearly illustrates that the chance of given node to be 

elected as a CH and is directly proportional to the amount of backward Ant Packet received on a particular node. 

 

Comparisons: 

In this section, various Biologically Inspired Clustering algorithms that have been proposed in the previous 

section are compared based on their features. Table 17 shows the comparison of these algorithms. To the best of 

our knowledge, our work is the foremost attempt to outline these contributions made by other researchers in 

mobile sensor networks. 

 
Table 17: Comparison of Biologically Inspired Clustering (BIC) algorithms 

 
Author References 

 
Classification 

 
Year 

 
Features 

 

 

Vesanto J et al.[87] Artificial Neural Network 
based (ANN) 

2000 Selection of CH based on SOM. 
Obtaining the feasible solutions. 

 

Tseng L Y et al.[142] Genetic Programming based 
(GP ) 

2001 Efficient power conservation 
Handling uncertainties 

 

Suen [138] Genetic Algorithm based  
(GA) 

2002 Formation of auto-clustering.  
Finding feasible solutions. 

 

Bandyopadhyay S et 
al.[81] 

Evolutionary Programming 
based (EP)  

2002 Speedy network performance. 
Handling uncertainties 
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Paterlini S et al.[49] Differential Evolution based 

(DE) 

2003 Formation of mutation operators. 

Minimizing energy consumption. 

 
Di Caro et al.[72] Ant Colony Optimization 

based (ACO) 

2005 Handling uncertainties 

Throughput optimization 

 
Razib M O et al.[139] Genetic Algorithm based  

(GA) 

2005 Innovation of hybrid algorithm. 

Formation of auto-clustering.  

Effective energy utilization 
 

Werner-Allen G et 

al.[166] 

Firefly Algorithm based  

(FA) 

2005 Speedy network performance. 

Efficient power conservation 
 

Kamimura J et al.[121] Ant Colony Optimization 

based (ACO) 

2006 Centralized algorithm based clustering. 

Ease of identifying the false target 
 

Xiaoling et al.[162] Particle Swarm Optimization 

based (PSO) 

2006 Network lifetime optimization. 

Finding feasible solutions. 
 

Tyrrell A et al.[146] Firefly Algorithm based  

(FA) 

2006 Handling uncertainties 

Throughput optimization 
 

Abdul Latiff N M et 

al.[163] 

Particle Swarm Optimization 

based (PSO) 

2007 Distributed algorithm based clustering. 

Effective power conservation. 
 

Selvakennedy S et 
al.[119] 

Ant Colony Optimization 
based (ACO) 

2007 Enhanced performance metrics. 
Ease of identifying the false target 

 

da Rosa Joel M C[74] Genetic Programming based 
(GP) 

2009 Finding feasible solutions. 
Ease of CH selection 

 

Jianping Wang et 
al.[158] 

Ant Colony Optimization 
based (ACO) 

2009 Formation of auto-clustering.  
Effective power conservation. 

 

Ting Jiang et al.[159] Ant Colony Optimization 
based (ACO) 

2010 Enhanced performance metrics. 
Centralized algorithm based clustering. 

 

Bhaskar Nandi et 
al.[140] 

Genetic Algorithm based 
 (GA) 

2010 Speedy network performance. 
Ease of identifying the false target 

 

Aslam N et al.[80] Artificial Neural Network 
based (ANN) 

2010 Enhances the network lifetime. 
Effective power conservation. 

 

Ali Norouzi et  al.[20] Genetic Algorithm based  
(GA) 

2011 Enhanced performance metrics. 
Throughput optimization 

 

Jiang Du Et al.[160] Ant Colony Optimization 
based (ACO) 

2011 Selection of hierarchical clusters. 
Maximization of network lifetime. 

 

Dhivya M et al.[67] Cuckoo Search based  
(CS) 

2011 Efficient CH selection. 
Extends the network lifetime. 

 

Karaboga D et al.[54] Artificial Bee Colony based 
(ABC) 

2011 Equal CH formation. 
Efficient power conservation. 

Longer network lifetime 

 
LingaRaj.K.et,al.[108] Genetic Algorithm based  

(GA) 

2012 Finding shortest path. 

Improves lifetime of the network.  

Minimizing the latency 
 

Yi Sun et al.[168] Firefly Algorithm based  

(FA) 

2012 

 

Network lifetime optimization. 

Handling uncertainties 
 

Getsy S Sara et al.[25] Genetic Algorithm based 

(GA) 

2012 Formation of auto-clustering.  

Efficient power conservation 
 

Attea BA  et al.[148] Evolutionary Strategy based 

(ES) 

2012 Finding feasible solutions. 

Enhanced coverage and connectivity 
 

Buddha S et al.[164] Particle Swarm Optimization 

based (PSO) 

2012 Initialization of multi- objective function. 

Extends the network lifetime. 
 

Lei Gang et al.[152] Paddy Field Algorithm based 

(PFA) 

2012 Finding feasible solutions. 

Enhanced coverage and connectivity 
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Abdelsalam H S et 

al.[182] 

Artificial Bee Colony based 

(ABC) 

2012 Adopted localized clustering. 

Enhancement of task management. 

Reduction of energy consumption. 
 

Miao Wan et al.[173] 

 
 

Bacterial Foraging 

Optimization based (BFO) 

2012 

 

Network lifetime optimization. 

Efficient power conservation 

Stephen Gundry et 

al.[125] 

Differential Evolution based 

(DE) 

2013 Enhanced performance metrics. 

Throughput optimization 
 

Xiangyuan Y et al.[144] Differential Evolution based 

(DE) 

2013 Election of optimal clustering. 

Network lifetime optimization. 
 

Monica Sood et al.[176] Bat Algorithm based 

 (BA) 

2013 Analysis of Different clustering methods. 

Enhancement of cluster selection 
 

Junyang Z et al.[145] Differential Evolution based 

(DE) 

2014 Election of optimal clustering. 

Network lifetime optimization. 
 

Amaninder S G et 

al.[152] 

Artificial Neural Network 

based (ANN) 

2014 Finding feasible solutions. 

Enhanced coverage and connectivity 
 

Xu K S et al.[127] Evolutionary Strategy based 

(ES) 

2014 Formation of auto-clustering.  

Speedy network performance. 
 

Amin Rostami et al.[165] Particle Swarm Optimization 
based (PSO) 

2014 Efficient power conservation 
Enhanced coverage and connectivity 

 

Sai Prakash S K L V et 
al.[170] 

Bat Algorithm based  
(BA) 

2014 Reduction of cluster numbers. 
Extends the lifespan of network. 

 

Swati Atri et al.[183] Artificial Bee Colony based 
(ABC) 

2014 Network lifetime optimization. 
Speedy network performance. 

 

Mirjalili S et al.[175] Bat Algorithm based (BA) 2014 Finding feasible solutions. 
Reduces the delay. 

 

Sanket Kamat  et al.[55] Cuckoo Search based (CS) 2014 Network lifetime optimization. 
Enhanced performance metrics. 

 

Zahid H et al.[70] Differential Evolution based 
(DE) 

2015 Handling uncertainties 
Finding feasible solutions. 

 

Trong-The Nguyen et 
al.[177] 

Bat Algorithm based  
(BA) 

2015 Formation of unequal clustering.  
Reduces the delay. 

Removes the hot-spot problems. 

 
Iztok Fister Jr.  et 

al.[167] 

Firefly Algorithm based  

(FA) 

2015 Efficient power conservation 

Handling uncertainties 

 
May Kamil et al.[175] Cuckoo Search based  

(CS) 

2015 Speedy network performance. 

Enhanced performance metrics 

 
Aadil F et al.[161] Ant Colony Optimization 

based (ACO) 

2016 Formation of auto-clustering.  

Network lifetime optimization. 

Centralized algorithm based clustering. 
 

 

Conclusions: 

Mobile Wireless Sensor Networks (MWSN) created a core of attention over the past few years. Moreover, 

the developing list of social and military applications can employ mobile networks for enhanced effectiveness, 

especially in hostile and isolated areas. Clustering of sensor nodes based on nature-inspired algorithms has been 

the most popular approach for supporting scalability, minimizing power consumption and maximizes the 

network lifetime in MWSN. Considerable attention focused on clustering strategies and algorithms, yielding the 

greatest amount of publications. Several attempts have been made based on WSN, but in mobile WSN, to the 

best of our knowledge, our work is the foremost attempt to outline these contributions made by other 

researchers. This paper presented a state-of-art survey and comprehensive review on the BICs along with 

taxonomy and the significant application areas. This survey made a complete awareness on the existing bio-

inspired clustering algorithms in MWSNs and also emphasized the pros and cons of the proposed methods in 

terms of the clustering performance. In this paper, an overview of previous BIC algorithms detailed in a 

structured manner. From our analysis, we noticed that a very few algorithms alone gave the clear idea about 
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BIC. Hence, Biologically Inspired Clustering approaches need to be more investigated by researchers to 

improve the network performance and to resolve the optimization issues. 

In future, enhanced data aggregation will follow in CH to reduce the redundant data as well as to reduce the 

CH load. However, CH data would be compressed based on advanced compressing techniques which provide 

efficient power conservation in MWSN. At the same time, the combination of evolutionary and swarm 

intelligence based algorithms should be the perfect and effective solution to improve inter and intra-cluster 

communication of a dynamic network. Moreover, Recently Internet protocol version 6 (IPv6) and the Internet of 

Things (IoT) offers attractive solutions based on WSN. In addition, layered clustering approach will enhance the 

scalability of the dynamic network. Hence, BIC algorithms will create more thrust for the researchers in mobile 

sensor networks. 
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