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Abstract 

 

Wireless Sensor Networks (WSNs) comprise spatially distributed wireless sensors, small 

battery powered devices, which are deployed among geographical areas to collect the data 

continuously. The routing plays an important role in a network for deciding the path for 

transmitting the data between source and destination based on certain Quality of Service 

(QoS) parameters. In order to transmit the data in an energy efficient and reliable manner, 

multipath routing is the most viable routing mechanism. The energy of nodes near to sink 

drains quickly and thereby giving rise to network hole and hotspot problem and resulting into 

partitioning of network. If the traffic or load can be distributed over the multiple routes, then 

network hole problem can be avoided and energy dissipation of a network can be balanced. 

To ensure reliability and load balancing, the trade-off is needed between the level of 

redundancy and energy efficiency. As the energy dissipation for communication is 

significantly higher than the energy required for computation, the energy can be conserved by 

performing in-network data aggregation at intermediate nodes instead of sending the whole 

data to the Base Station individually. Therefore, to optimize the QoS parameters such as 

energy, delay and network lifetime etc., there is a need of multipath routing framework for 

energy efficient data aggregation and load balancing for WSNs. 

Currently, most of the data aggregation techniques maximize the energy efficiency without 

paying considerable attention to the data accuracy and varying conditions of underlying 

network topology. The level of data aggregation and frequency of data reporting should be 

adaptive with the varying density of the network and traffic pattern. The energy level of a 

node also gets affected due to collisions happening during the transmissions. These collisions 

should be prevented by applying protocols that are free of contention. While splitting and 

sending the data over the multiple paths, reliability and security should be ensured. Whenever 

the data is lost in between the source and the destination due to dead nodes, it should be 

recovered at the destination and data if captured by the malicious nodes, only a part of it 
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should be revealed. Consequently, there is a need of multipath load balancing routing 

technique, which can assure the required level of Quality of Service (QoS) parameters and 

avoids hotspot problem. 

This work is carried out to develop load balancing and data aggregation multipath techniques 

to efficiently communicate the data based on energy efficient usage of network resources. A 

comprehensive investigation has been conducted to study various existing multipath routing 

techniques in WSNs for data aggregation and load balancing techniques. The load balancing 

through bio-inspired, nature inspired and other optimization techniques have been explored 

for WSNs. The investigations have been extended for multi-objective optimization in WSNs. 

A novel Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) technique has been 

presented for uniform and non-uniform networks while maintaining the data accuracy. The 

aim of this proposed technique is to reduce the energy consumption of sensors and therefore, 

increase the network lifetime without critically affecting the data accuracy. In addition, the 

algorithm is able to handle sudden bursts in the underlying data by recording the data in the 

area of interest for the whole event duration. It introduces the concept of weighted sensors 

and density based clustering to decide nodes to be selected as CHs and nodes responsible for 

sending data at certain rounds. The assignment of weights to nodes is based on the residual 

energy and density. It is a newly developed measure to determine the percentage of its 

neighbor nodes to the total number of nodes. The algorithm includes the adaptivity feature, 

which can handle any sudden bursts in the underlying data values to continuously make sure 

that the data in the areas of interest is captured. Three variants namely DAHDA, Extended 

DAHDA (EDAHDA) and Modified EDAHDA are presented using the level of underlying 

functionalities. Proposed algorithms are compared with variants of LEACH. 

A Cross-layer Energy-efficient Clustering (CEC) technique is proposed for efficient 

contention free data aggregation in heterogeneous networks. In this technique, clusters of 

sensor nodes are formed in hexagonal shape. The cluster head is opted from the members of 

cluster itself on the basis of the ideal cluster head distance and remaining energy of sensor 

nodes having value greater than threshold value. In order to make a balance between 

consumption of energy and the network traffic, the rotation of cluster heads is performed. 

The energy level of a node gets affected due to collisions happening during the transmissions, 

which can be prevented by applying protocols that are free of contention. Slots are allocated 
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by cluster head to all member nodes within a cluster on the basis of their remaining energy so 

that nodes can switch to sleep mode. In the proposed technique, cluster head selection 

probability changes dynamically and data aggregation is performed by Cluster Heads based 

on the cost metric i.e. residual energy of the cluster head. The performance of proposed CEC 

technique is evaluated and compared with SOEECP, LCM and EEPCA. 

A Particle Swarm Optimization Energy Efficient Load Balancing (PSO-EELB) technique is 

proposed. Based on maximum residual energy, paths are selected and load balancing is 

performed by splitting and sending the data over the selected paths using network based 

coding. Deterministic PSO is utilized for faster convergence of the algorithm. The underlying 

network is based on the clustered architecture in which a Cluster Head is elected on the basis 

of fitness function within each cluster. The fitness function is defined in terms of distance and 

residual energy of a node. The proposed technique performs better than existing techniques in 

terms of various QoS parameters.  

In case of WSNs, there are scenarios when conflicting objectives are to be dealt. Based on the 

type of the application, the network scenario and required input/output of the problem, the 

type of optimization problem changes. Multi-objective Load Balancing Clustering (MLBC) 

technique has been proposed. Multi-Objective Particle Swarm Optimization (MOPSO), an 

evolutionary optimization approach, is utilized for accounting multiple objectives at a time. 

Two objective functions namely Energy Efficiency and Reliability have been considered 

simultaneously. Energy efficiency is measured in terms of residual energy of cluster head and 

reliability is measured in terms of packet delivery ratio. Weight is assigned to each node on 

the basis of residual energy and distance. The node having highest weight is selected as CH. 

A healing function is utilized in order to avoid loops in the generated path. The objective 

functions are evaluated for each individual. After, the completion of the execution, a set of 

non-dominating solutions called Pareto set is obtained. In order to choose the best 

compromised solution, fuzzy based approach is applied. The performance of the proposed 

MLBC technique is compared with techniques namely JPSO, MOPSO-DE and IMOWCA in 

terms of residual energy, packet delivery ratio and number of active nodes.  
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Introduction 

Wireless Sensor Networks (WSNs) comprise spatially distributed wireless sensors which are 

small battery powered devices deployed among geographical areas to collect the data 

continuously. This captured data is used to detect occurrences of certain events and to take 

the appropriate actions accordingly. The sensor nodes capture data and then communicate to 

central unit, known as a Base Station (BS) or Sink, for processing, analysis and decision 

making. These sensor nodes have limited capabilities, limited lifetime and short 

communication ranges. Their applications include home automation, environmental 

monitoring, flood detection and military applications, etc. Designing a reliable WSN requires 

efficient methods in routing, data aggregation and load balancing. 

Routing plays a key role in a network for deciding the path for transmitting the data between 

source and destination on the basis of certain parameters. To transmit the data in an energy 

efficient and reliable manner, multipath routing is considered as the most viable routing 

mechanism. It distributes the traffic load over the multiple routes, avoiding the network hole 

problem and balancing the energy dissipation of a network. Energy can also be conserved via 

in-network aggregation of data. Therefore, to optimize the parameters such as energy, delay 

and network lifetime etc., there is a need of multipath routing technique for data aggregation 

and load balancing for WSNs. 

This Chapter summarizes an overview of Wireless Sensor Networks, architecture and 

protocol stack of WSNs and applications of WSNs. The chapter summarizes an overview of 

Multipath routing protocols along with the data aggregation and load balancing techniques. It 

also enlists the research motivation, research objectives, primary contributions of the research 

work and the organization of this Thesis. 
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1.1 Wireless Sensor Networks: An Overview 

A Wireless Sensor Network (WSN) consists of a large number of sensor nodes deployed in 

region of interest for specific applications. These nodes are generally of small size and have 

computation, communication and sensing capabilities. Sensor nodes communicate via a short 

range radio signals and collaborate among themselves to accomplish the common tasks [1]. 

The main task of a sensor node is to sense the target phenomena and then report that data to 

the host controller or Sink in the form of query response as shown in Figure 1.1. However, 

the sensor nodes have limited bandwidth, power, memory, processing resources and lifetime 

[2], [3]. 

 

Figure 1.1 Wireless Sensor Network 

Sensor networks may consist of different types of sensors such as seismic, magnetic, thermal, 

visual, infrared, acoustic and radar to list a few. These sensors are able to monitor a wide 

variety of ambient conditions such as temperature, humidity, vehicular movement, lightning 

condition, pressure, soil makeup, noise levels, the presence or absence of certain kinds of 

objects and the characteristics such as speed, direction and size of an object etc. [4]. The 

important parameters and objectives for an efficient WSN solution are: small size, power 
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Figure 1.1: Wireless Sensor Network 

 

Sensor networks may consist of many different types of sensors such as seismic, low sampling 

rate magnetic, thermal, visual, infrared, acoustic and radar, which are able to monitor a wide 

variety of ambient conditions such as temperature, humidity, vehicular movement, lightning 

condition, pressure, soil makeup, noise levels, the presence or absence of certain kinds of objects 

and the current characteristics such as speed, direction and size of an object etc. [23]. The 

parameters and objectives which are important for an efficient WSN solution are:  small size, 
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efficient, scalability, security, adaptability, self-configurability, reliability, fault-tolerance, 

bandwidth utilization, low cost and Quality of Service (QoS) support. 

1.1.1 Architecture and Protocol Stack 

The sensor node structure, as shown in Figure 1.2, usually consists of four modules namely 

sensing module, processing module, communication module (transceiver) and power module 

along with power generator. Depending upon specific application, it can also be equipped 

with other units. For example in case of location based routing, there can be a Global 

Positioning System (GPS) unit to provide location information for routing decisions. A 

sensor module senses the target and sends the sensed data to the processing module for 

computation. The task of a transceiver is to send and receive the data to/ from the external 

environment. An external power generator along with energy harvester system can be 

deployed to provide continuous power supply to the power unit depending upon the 

environment in which a WSN is deployed. A mobilizer module having an in-built motor may 

be needed to move sensor nodes in region of interest for some sensing tasks.  

 

Figure 1.2  Sensor Node Structure   

The protocol stack of WSN, as shown in the Figure 1.3, consists of five layers namely 

physical layer (media and interface dependent), data link layer (multiplexing, error control 

and flow control), network layer (routing), transport layer (upstream and downstream 

routing) and application layer (application oriented functions). The tasks and responsibilities 

of these layers are described as follows:  
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Physical Layer: It deals with the issues like conversion of bit stream into signals, frequency 

selection, data encryption, carrier frequency generation, signal modulation, design of 

underlying hardware and electrical/mechanical interfaces. 

 

 

Figure 1.3 Sensor Network Protocol Stack 

Data Link Layer: In order to provide reliable point-to-point and point-to-multipoint 

transmissions, this layer performs error control along with other tasks such as medium access 

control, data frame creation and data multiplexing. The primary objective of Media Access 

Control (MAC) is to share the resources among multiple sensor nodes in term of throughput, 

latency and energy consumption. In case of error control, the Automatic Repeat Request 

(ARQ) cannot be used. Despite being little bit complex, Forward Error Correction (FEC) is 

still used in WSNs. 

Network Layer: The main task of this layer is to route the data (received from the upper 

transport layer) to the destination. It is important to take into account the energy constraint as 

well as unique traffic pattern in the design of network layer and routing protocols (for multi-

hop, single-hop). 

Transport Layer: It is responsible for reliable end–to-end delivery of data between the nodes 

and sink. There are two types of data delivery in WSN: Upstream and Downstream. In 

Upstream data delivery, sensor nodes send data to sink node while in downstream data 

delivery, data is originated at the sink node. The reliability of both upstream and downstream 
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data delivery are different. The data delivery should be fault tolerant in upstream, but this is 

not the case in downstream data delivery. 

Application Layer: It performs various application-oriented functions such as query 

dissemination, node localization and network security etc. For example: the tasks of Sensor 

Management Protocol (SMP), an application layer protocol, include moving sensor nodes to 

different locations, exchanging location related data and querying the sensor nodes for 

specific data etc. 

The protocol stack is also divided into management planes including power, connection and 

task management planes. These planes are briefed as follows: 

Power Management Plane: A sensor node performs various tasks such as sensing, 

communication and computation. This plane is responsible for managing the power level of 

various tasks. For example, sensor can be turned off when there is no data to transmit and 

receive. 

Connection Management Plane: It is responsible for configuration or reconfiguration of 

sensor nodes in order to establish and maintain the connectivity of a network in case of node 

failure, node movement and deployment of additional nodes etc. 

Task Management Plane: It is responsible for task distribution among various nodes to 

improve energy efficiency and prolong the network lifetime. It is possible in case of densely 

deployed WSN that many nodes may perform the similar/ redundant task that is of no use and 

leads to wastage of energy resources, so tasks should be properly assigned. 

1.1.2 Applications Areas 

WSNs have number of applications for event detection[5], continuous location sensing and 

local control of actuators. The applications can range from environment, military, health, 

home to other commercial areas etc. [6], [7]. This classification can be expanded with 

categories such as chemical processing, space exploration and disaster relief etc. as shown in 

Figure 1.4. 

Military applications: WSNs can be used as an integral part of military intelligence, 

command, communications, control, computing, reconnaissance, surveillance and targeting 
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systems [8]. The versatile characteristics of WSNs make these networks suitable for self-

organization, fault tolerance, rapid deployment and a very promising technology for military 

services. Since WSNs are based on the dense deployment of disposable and low-cost sensor 

nodes, destruction of some nodes by hostile actions does not affect a military operation. Some 

of the military applications of WSNs are monitoring forces, ammunition and equipment; 

battlefield surveillance; reconnaissance of opposing forces and terrain; targeting; battle 

damage assessment and Nuclear, Biological and Chemical (NBC) attack detection and 

reconnaissance etc.  

 

Figure 1.4 Applications of WSNs 

Environmental applications: There are several environmental applications of WSNs [9], 

[10], which include macro instruments for planetary exploration and large-scale earth 

monitoring; bio-complexity mapping of the environment; forest fire detection; tracking the 

movements of birds, small animals and insects; monitoring environmental conditions that 

affect livestock and crops; chemical/ biological detection; biological, earth and environmental 

monitoring of soil, marine and atmospheric contexts; flood detection; geophysical or 

meteorological research; irrigation and pollution study.  

Health applications: There are number of health applications of WSNs [11], [12] which 

provide interfaces for the disabled; drug administration in hospitals; integrated patient 

monitoring; diagnostics; monitoring the movements and internal processes of insects or other 
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small animals; tele-monitoring of human physiological data; monitoring and tracking  

patients and doctors inside a hospital.  

Home automation: With the advancement of technology, smart actuators and sensors are 

deployed in  appliances, such as micro-wave ovens, vacuum cleaners, refrigerators and 

lighting system in Smart Home [13]. These sensor nodes can interact with each other and 

with the external network via Internet. These nodes allow end users to manage home devices 

more easily.  

Smart environment: There are two design perspectives for smart environment, i.e., 

technology-centered and human-centered [13-15]. In case of human-centered, a smart 

environment can adapt itself according to the user’s requirements in terms of input/output 

capabilities. In case of technology-centered, new networking solutions, middleware and 

hardware technologies have to be developed. Sensors are used to create such a smart 

environment.  

Sensors are usually deployed in appliances where these nodes communicate among 

themselves and with room server. The room server communicates among themselves to know 

about the available services, e.g., printing, faxing and scanning. These sensor nodes and room 

can be deployed into embedded devices to make such environment adaptive, self-organizing, 

and self-regulating [16], [17]. The computing and sensing in this environment has to be 

reliable, persistent and transparent. 

Other commercial applications : There are several other commercial applications of WSNs 

[18], which include factory process control and automation; managing inventory;  monitoring 

product quality;  material fatigue; building virtual keyboards; constructing smart office 

spaces; environmental control in office buildings; robot guidance and control in automating 

the environment for manufacturing; monitoring disaster area; transportation; vehicle tracking 

and detection; factory instrumentation; detecting and monitoring car thefts; local control of 

actuators and instrumentation of semiconductor processing chambers, rotating wind tunnels, 

machinery and anechoic chambers.  

Apart from the above-discussed applications, the popularity of WSNs is growing day by day 

and WSNs are being used in number of real life scenarios. 
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1.2 Routing Protocols 

The routing protocols are used to decide the best route to send data from the sensor node to 

host controller. The routing protocols, as illustrated in Figure 1.5, can be classified on the 

basis of network structure and protocol operation point of view. From network structure 

point of view, protocols can be classified into three categories namely flat routing, location 

based routing and hierarchical routing. In flat routing, a network usually consists of 

homogenous nodes that have same processing power, energy level and same data 

transmission capability. In hierarchical routing, a network is divided into number of clusters 

and within each cluster, a cluster head is elected to gather the data from other nodes in its 

cluster, aggregates the data and reports that data to the BS. In location based routing, the 

exact position of the nodes is gathered via GPS and then routing decision is made. 

 

Figure 1.5 Classification of Routing Protocols 

From protocol operation point of view, protocols are classified into five categories namely 

negotiation based routing, multi-path based routing, query based routing, QoS based routing 

and coherent based routing [19-21]. In negotiation based routing, data redundancy is reduced 

by providing higher-level description to the gathered data and by doing negotiations. In 

multipath routing, each node constructs multiple paths towards the destination, so that fault 

tolerance and reliability can be increased which is the major drawback of single path routing. 

In query based routing, the BS propagates the query for desired information. The node having 
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the requested data sends back it to the BS. In QoS based routing, the desired QoS level such 

as throughput, delay and jitter is maintained depending upon the applications. In coherent 

based routing, data is aggregated first to reduce the data redundancy and enhance the energy 

efficiency. Otherwise, same event may be reported by multiple nodes and which will result 

into wastage of energy. The data can be sent via single-hop and multi-hop routing. In single-

hop routing, there is direct data transmission between the source and destination. In multi-hop 

routing, there are number of intermediate nodes which forward the data between source and 

destination. 

1.3 Multipath Routing  

The multipath routing is carried out to provide high resilience and load balancing to the 

network. In single path routing, a shortest path between the source and destination is 

constructed based on metric such as number of hops, delay and distance etc. Then, the data is 

transferred through this single path which drains out its energy and results in the network 

partitioning [22]. The reliability is always an issue with single path routing because the data 

will not reach to the destination in case of any failure of path due to coverage problem or 

energy depletion. To cope up with such limitations of single-path routing, multipath routing 

has become a promising technique nowadays, which improves network lifetime, load 

balancing and data reliability. This technique identifies multiple routes to transfer the data 

from source to destination, which improves throughput and robustness of network transfer. 

The energy can also be utilized efficiently by balancing load across WSN, which results in 

improved network lifetime.   

The multipath routing protocols are more secure, reliable and energy efficient. These 

protocols are classified into three categories as shown in Figure 1.6 based on the 

methodology and design for constructing paths and data transmission [23]. These categories 

are infrastructure based protocols, non-infrastructure based protocols and coding based 

protocols. 

In infrastructure based routing, multiple paths are constructed between source-destination 

pair before the actual data transmission. In non-infrastructure based routing, there is no need 

to construct and maintain the multiple paths in the table; rather data is forwarded to the 

multiple next neighbours based on the local information. In coding based routing, data is 
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divided into multiple fragments and then these fragments are transmitted individually on the 

multiple paths constructed. 

 

Figure 1.6 Classification of Multipath Routing Protocols 

The discovered paths, as shown in Figure 1.7, can be further classified into three categories 

based on the amount of disjointedness as link disjoint path, node disjoint paths and partially 

disjoint paths [24][25]. In node-disjoint paths, the discovered paths do not have any node or 

path common among themselves. For instance in Figure 1.7(a), there are two paths from node 

A to F and no node is common in these two paths.  Thus, the failure of one path will not 

affect the performance of the other paths. The link disjoint paths may consist of some 

common nodes thereby resulting into failure of multiple paths during the failure of any node 

as shown in Figure 1.7 (b). Partially disjoint paths may have multiple nodes and links 

common among the multiple paths discovered, but these paths are easy to discover as 

compared to other type of paths. In Figure 1.7 (c), there are multiple paths discovered 

between node A and node E having multiple nodes and links in common. 

 

Figure 1.7 Types of Discovered Paths (a) Node Disjoint Path (b) Link Disjoint Path (c) Partial Disjoint path 

The key benefits of multipath routing over single path routing are as follows:  

 Multipath routing offers flexibility in case of node or link failure via two approaches: 

i) transmitting multiple copies of the similar data over the multiple routes to guarantee 

data recovery in case of route failure, and ii) By using network coding, in which data 
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packets are divided into multiple sub-packets and some extra information is added. 

The sub-packets are transferred over different routes. At sink node, original packets 

are reconstructed based on extra information.  

 Fault tolerance is an important aspect of routing protocol and this can be achieved 

through multipath routing by transferring redundant information from source to 

destination through alternative paths that leads to minimum disruption of 

communication.  

 In high-data rate applications, network congestion occurs due to high traffic load 

which effects performance of WSNs. The network traffic is divided over multiple 

routes using multipath routing to minimize the chances of network congestion.  

 Data is divided into different streams and is transferred to destination through multiple 

paths by aggregating bandwidth of the channels (multiplexing). This technique can be 

useful specially when there are multiple low bandwidth channels and the required 

bandwidth is more than individual bandwidth of a channel.  

 The data transmitted over the network is not secure in case of single path routing as a 

node may get compromised due to malicious activity or cyber-attacks. Since, the 

whole traffic is transmitted over the single path, it can be easily altered or captured via 

malicious node. Another type of attack is selective forwarding, in which the packet 

that is supposed to be forwarded is dropped by malicious node. Multipath routing can 

minimize the effects of such type of attacks. In case of multipath routing, as the data is 

transmitted over the multiple paths, the robustness and confidentiality of data can be 

assured. In network coding based multipath technique, data is transmitted through 

encoding and decoding process to prevent eavesdropping of the sensed data during 

transmission. Therefore, this method is effective in resource-oriented environment 

where much less power is needed for encryption and decryption during 

communication.  

 The usage of same path for data transmission in single path routing can cause energy 

depletion very quickly which leads to network partition. By using multipath routing, 

load can be distributed in a balanced way and network partitioning can be prevented. 

Rather than sending the multiple copies of the same data, it can be divided into sub-
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packets and transmitted over multiple paths along with minimal redundancy. In order 

to combine the data coming from multiple sources, data aggregation technique is 

required in multipath routing.  

The design of multipath routing protocol comprises components to construct multiple routes 

between source and destination and to transfer data over identified routes. The important 

components of efficient multipath routing protocol [26] are: 

    Path Discovery: Generally, data transmission is performed in WSNs using multi-

hop data forwarding approaches, in which a set of intermediate nodes should be 

identified to make several routes from source to destination. Different routes are 

identified from source to destination using different parameters.  

    Path Selection and Traffic Distribution: It is also important to select the paths 

from total discovered paths based on the performance demands of the intended 

application. Further, multipath routing protocol distributes traffic over selected 

paths using different traffic management methods.  

    Path Maintenance: To improve network performance and its reliability, there is 

need to maintain the multiple paths from source to destination periodically. 

Discovery of path after the failure of active node affects network performance and 

increases overhead. Multipath routing protocol selects different optimal path in case 

of path failure. The discovery of path is initiated in three scenarios:  i) if all the 

active paths have failed, ii) if certain number of active paths have failed and iii) if a 

single active path has failed, then an alternate discovered path should be utilized. 

1.4 Data Aggregation in Wireless Sensor Networks 

Data aggregation is defined as the process of aggregating the data from multiple sensors to 

eliminate redundant transmission and provide consolidated information to the BS. The energy 

consumption is less for computation as compared to data transmission in WSNs [27]. Rather 

than sending the sensed data each time to the sink node individually, if the data is first 

collected and aggregated using aggregate functions such as sum(), avg() etc. and then 

forwarded to the sink, a lot of energy will be saved.  The effectiveness of the communication 

among nodes depends on the data aggregation technique being used. Data aggregation can be 
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considered as a fundamental processing procedure to reduce energy consumption and to save 

the limited resources. An effective data aggregation technique can enhance network lifetime. 

Data aggregation can also be useful when multiple nodes sense the same phenomena due to 

high node density (also known as data overlapping problem) [28]. In addition, the amount of 

data generated in large WSNs is usually enormous for the BS to process. Use of an effective 

data aggregation technique can help in processing speed. The working of data aggregation 

technique (DAT) in WSN is shown in the Figure 1.8. The DAT can be used to aggregate the 

sensor readings. 

 

Figure 1.8 Data Aggregation Process 

First of all, data is collected from various nodes. The various algorithms like Low Energy 

Adaptive Clustering Hierarchy (LEACH), Centralized approach, Tiny AGgregation (TAG) 

etc. are used to aggregate the sensor data coming from the sensor nodes. The input for an 

aggregation algorithm is the sensor readings taken from various nodes and output is the 

aggregated data. After aggregation, an efficient path is selected to transfer the data to the sink 

node. The idea of data aggregation is to combine the sensed data coming from multiple 

sensor nodes by applying various statistical or algebraic operations such as multiplication, 

addition, median, maximum, minimum and mean etc. The data aggregation architecture 

model of WSNs is illustrated in Figure 1.9.  

In beginning, nodes are selected and distributed among different clusters. Parameters like 

energy consumption, memory and bandwidth etc. are considered to calculate the number of 

nodes that will participate in a cluster. After this, one Cluster Head (CH) is nominated from 

each cluster [29]. The responsibility of CH includes supervision of all nodes inside cluster 

and gathering the data from every node in a cluster and transfers this data to adjacent CH for 

update operation. 
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Figure 1.9 Data Gathering and Aggregation Architecture in WSN 

Cluster will be allotted to newly arrived nodes. The collection of data and various user 

queries are processed by data aggregation technique and then query processor transforms 

these queries into low level format [30]. Database server is used to store the gathered and 

aggregated data. 

1.4.1 Approaches of Data Aggregation  

Data aggregation can be defined as a process of collecting and aggregating the data which is 

performed by a cluster head or master node so that network lifetime can be extended. The 

aggregated data is sent to the BS via underlying routing mechanism. There are various 

approaches to perform data aggregation in WSN [31], [32]. The classification of these DAT 

techniques is shown in Figure 1.10.  

 

Figure 1.10 Data Aggregation Approaches in WSNs  
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Tree based Data Aggregation Approach: In Tree based approach; data aggregation is 

performed by constructing aggregation tree, which can be a Minimum Spanning Tree (MST).  

In this tree, root node acts as BS, leaf nodes act as source nodes and intermediate nodes act as 

parent nodes. Leaf node send its sensed data to its parent node in a path discovered between 

leaf node and BS as shown in Figure 1.11. The aggregation is performed at the parent node. 

 

Figure 1.11 Tree based Data Aggregation Approach 

Multipath Data Aggregation Approach: WSNs are prone to frequent route and node 

failures. In such scenarios, tree based approach is not suitable as the parent/leaf node or the 

path can be easily damaged or compromised due to external attacks or energy depletion. In 

case of multipath data aggregation approach, each node sends the data packets to its 

neighbouring nodes via multiple discovered paths. The task of data aggregation is performed 

at every intermediate node between sources and BS as shown in Figure 1.12.  

 

Figure 1.12 Multipath Data Aggregation Approach 

Path 
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This approach makes the network more robust however the communication overhead ratio 

will be higher than the tree based approach. In any event of link or node failures, this 

approach discovers alternative paths to ensure the delivery of as many packets as possible 

within the time constraints.  

Cluster Based Data Aggregation Approach: In cluster based approach, the whole network 

is divided into several clusters. The sensor nodes themselves form a cluster and elect a node 

as cluster head as shown in Figure 1.13.  The data sensed by the sensor nodes is passed to the 

cluster head. Cluster head performs data aggregation and forwards the data to the sink. 

Communication cost is reduced since only aggregated results reach the BS. Each node reports 

the data to its cluster head rather than sending the data directly to the BS. Hence, it saves a lot 

of energy in a network. 

 

Figure 1.13 Cluster based Data Aggregation Approach 

Centralized Data Aggregation Approach: In this approach, each and every node transmits 

its sensed data to the central node, which is usually the most powerful node (in terms of 

resources such as energy, lifetime and bandwidth etc.) using the shortest path as shown in 

Figure 1.14. Address centric routing is used along with multi hop algorithm by considering 

cost metric at every intermediate node. The central node’s task is to aggregate the data 

received from other nodes and report the same data to the BS. This approach suffers from the 

problem of high traffic due to large number of messages being transmitted to the central 

node. The various techniques like vector quantization clustering are implemented for efficient 

centralized data aggregation. 
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Figure 1.14 Centralized Data Aggregation Approach 

In-Network Data Aggregation Approach: In this methodology, data is processed at 

intermediate nodes in order to reduce consumption of critical resources such as energy, 

memory and computation time etc. This approach increases the network lifetime as it tries to 

reduce the energy consumption at every node as shown in Figure 1.15.  

 

Figure 1.15 In-network Data Aggregation Approach 

There are two approaches for in-network aggregation: lossy aggregation with packet size 

reduction and lossless data aggregation without packet size reduction. In lossy aggregation, 

data is gathered from various source nodes and then a group function is applied over the 

gathered data such as sum(),count(),maximum() and minimum() etc. In this approach, size of 

the packet is reduced, as only calculated value of aggregate function is inserted into the 

packet after compression, rather than sending the whole packet of every node. For 
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applications such as forest fire monitoring system, average or maximum temperature reading 

is required in a timely manner. Hence, a lossy aggregation is required, as it responds in a 

timely manner to the BS. In lossless aggregation, every packet is merged into single packet 

without compression. 

Hybrid Data Aggregation Approach: The hybrid data aggregation approach is a blend of 

various approaches. Figure 1.16 depicts the structure of Hybrid data aggregation in which 

multipath approach, tree based approach and cluster based approach are utilized. In this 

approach, data aggregation will be performed based on specific network situation, 

performance statistics and network structure. The sensed information will follow various 

approaches based on the underlying network topology.  

 

Figure 1.16 Hybrid based Data Aggregation Approach 

1.4.2 Queries in Data Aggregation 

In data aggregation, a query is generated at BS or cluster head and is sent towards source 

nodes to sense the data required to answer the query and to revert back with a reply [33], 

[34]. There are generally three types of queries, which are generated during data aggregation 

in WSNs namely simple query, complex query and event based query. 
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 Simple query: In these queries, a predicate clause is used for filtering the sensed data.  

Aggregate functions or aggregators are not used. Example: SELECT humidity 

FROM sensors WHERE node=1; 

 Complex query: In this type of query, aggregate functions and sub-queries are used. 

Example: SELECT humidity FROM sensor WHERE loc= (SELECT roomno 

WHERE floorno = 7); 

 Event Driven Query: In this type of query, data is returned or reported from source 

nodes at periodic time intervals for event reporting.  

1.4.3 Parameters for Designing Data Aggregation Technique 

The four aspects namely time bound, energy efficiency, applicability and QoS support are 

important and must be considered while implementing data aggregation approaches. These 

are briefed herewith as:  

 Time Bound: While performing data aggregation, time constraint should be 

considered along with energy efficiency. A considerable time is involved in 

aggregating the data and then reporting the aggregated data to the BS. But, in some 

real life applications, delay is the main constraint. So an aggregation approach should 

be applied in such a manner that it reduces delay along with energy consumption. 

 Energy Efficiency: Every sensor should consume same amount of energy in every 

data-gathering round in an ideal situation but in real world situations, sensor nodes 

consume different amount of energy for data transmission. Data aggregation 

technique is energy efficient if it provides the maximum functionality with minimum 

energy consumption in WSNs. Energy Efficiency      is a ratio of amount of data 

successfully transferred in a sensor network to total energy consumed to transfer that 

data. Equation (1.1) is used to calculate energy efficiency. 

    ∑(
                                                            

                                           
)

 

   

 (1.1) 

where   is the number of sensors nodes deployed in a sensor network. 
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 Application Oriented: Data aggregation is applied as per the application 

requirements. In some cases, delay is the main constraint, thus lossy aggregation may 

be applied in this case as data accuracy is not the main concern. In other applications, 

data accuracy is the main concern, so there is a necessity of lossless aggregation to 

grasp the minute details of every event. 

 QoS Support: Energy is one of the main constraints in WSNs. There are several other 

parameters also known as Quality of Service (QoS) parameters, which are considered 

while designing and implementing data aggregation approach. Some QoS parameters 

are delay, data accuracy, bandwidth and throughput etc. The required level of QoS 

parameters varies according to the application requirement. 

1.5 Load Balancing in Wireless Sensor Networks 

Load balancing is a method to balance the energy consumption of all nodes to avoid network 

hole problem. In load balancing, the lifetime of the network does not depend only on the 

lifetime of weak node but depends on the lifetime of all nodes in the network which helps to 

increase the network lifetime [35], [36]. Load balancing can be used to extend the lifetime of 

a WSN by reducing energy consumption. Load balancing using clustering can also increase 

network scalability. WSN with the different energy levels nodes can prolong the lifetime and 

reliability of the network. 

The sensor nodes if not properly assigned to their Cluster Heads (CHs) for cluster formation, 

then some CHs may be overloaded with high number of sensor nodes and traffic load. Such 

overload may increase latency in communication and degrade the overall performance of the 

WSN [37]. Therefore, load balancing is the most important issue for clustering of sensor 

nodes particularly, when the sensor nodes are not uniformly distributed. In order to balance 

the load of the CHs, some sensor nodes are assigned to a CH that may be farther from it. As a 

result the energy of these nodes may drain out due to long haul transmission to the CH and 

may quickly die. Therefore, while designing clustering algorithm, one should take care not 

only the load balancing of the CH but also energy consumption of the sensor nodes to 

increase the network lifetime. 
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1.6 Performance Metrics 

The metrics have been designed to measure the performance of multipath routing technique 

in WSNs. These are the measures of: 

 Energy efficiency 

 Network lifetime 

 Packet delivery ratio 

 Data accuracy 

 Route setup time 

 End to end delay 

 Energy Efficiency: Energy efficiency of multipath routing can be evaluated based on 

network coverage, connectivity, computation and communication cost and energy 

consumption. It can also be evaluated based on the number of data packets successfully 

transferred from source to destination. Average energy consumption for various network 

operations such as transmitting and receiving data are calculated based on some 

underlying radio energy model. 

 Network Lifetime: Network Lifetime in WSN can be defined as ‘the time span from the 

deployment of the network to the instant when the network is considered as non-

functional’.  Network lifetime can be defined as the time until the first sensor node or 

group of sensor nodes in the network runs out of energy (battery power) or the time 

(number of rounds) of network disconnection due to the failure of one or more sensor 

[38]. It is expressed as Equation (1.2):  

    
               (1.2) 

 where the network lifetime    
   ends as soon as the first node fails, with     being the 

lifetime of node   and   is the node set excluding the sink node. 

 Packet Delivery Ratio (PDR): It is the ratio of the number of packets received 

successfully and the total number of packets being transmitted as given by Equation 

(1.3): 
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 (1.3) 

 Data accuracy: It is evaluated by estimating the difference between the actual data sent 

and the actual data received at the receiver end. It is defined in different contexts, based 

on the application for which sensor network is designed. For example, the close estimate 

of target location at the sink defines the data accuracy in target localization problem.  

 Data Aggregation Rate (DAR): It is defined as the ratio of amount of data aggregated 

successfully to total amount of data sensed as given by Equation (1.4). 

    
                                       

                           
      (1.4) 

Route Setup Time: To evaluate the overhead of multipath routing, route setup time can 

be used. It is defined as the amount of time taken by source node to identify the paths 

from sender to receiver.  

 End-to-end Delay: Multipath routing could take a longer path than single path routing 

due to consideration of reliability and load balancing factors. Delay is the amount of time 

between the data packets produced at the source node and received at the sink. In other 

words, it can be a defined as a time difference between sending the data and receiving 

the data by a sensor node. It includes the delay involved in data transmission, routing and 

data aggregation. Network congestion can result into delay in transmission and degrades 

the performance.  

 Average end-to-end delay is evaluated by taking the average of the time required for the 

delivery of all surviving data packets (   ) from the source node to destination node as 

given by Equation (1.5). 

              
∑                             

   
   

   
  (1.5) 
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1.7 Research Motivation 

The reliable WSN requires efficient methods in routing, data aggregation and load balancing. 

The multipath routing is important in a network for transmitting the data between source and 

destination in an energy efficient and reliable manner. To avoid network hole problem and to 

balance the energy dissipation of network, the traffic load needs to be distributed over the 

multiple routes. The efficient data aggregation and load balancing multipath routing should 

be based on optimizing the parameters such as energy, delay and network lifetime etc. 

Mostly the data aggregation techniques maximize the energy efficiency without paying 

considerable attention to the data accuracy. The level of data aggregation and reporting 

frequency of data should be adaptively changed with the varying density of the network and 

traffic pattern. While splitting and sending the data over the multiple paths in a network using 

load balancing multipath technique, reliability and energy efficiency should be assured. 

Whenever the data is lost due to dead nodes or is captured by malicious nodes, then only a 

part of the data should be revealed. The lost data should be recoverable at destination end. 

Consequently, there is a need of multipath load balancing routing technique that can assure 

the required level of QoS parameters and avoids hotspot problem. 

In case of WSNs, there are scenarios which need to be modelled as multi-objective 

optimization formulations, in which objectives can be conflicting and consequently there is a 

need to choose one of the trade-off solutions. The optimization problem changes with the 

nature of application, network scenario and input/output parameters. Therefore, there is a 

need of an appropriate Multi-Objective Optimization technique to resolve such issues. The 

required technique should be able to manage the multiple conflicting objectives 

simultaneously and to provide an overall optimal solution depending upon the underlying 

application requirements. 

In this thesis, an efficient multi-objective load balancing and data aggregation multipath 

routing technique is proposed that will efficiently communicate the data and would be based 

on energy efficient usage of network resources. A comprehensive investigation has been 

conducted to study various existing multipath routing techniques in WSNs accomplished by 

in-depth learning of data aggregation and load balancing techniques. The various load 

balancing techniques based on bio-inspired, nature inspired and other optimization techniques 
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have been explored for WSNs. After much exploration, a multi-objective load balancing and 

data aggregation multipath routing technique for WSNs based on underlying requirements 

has been proposed and designed. The proposed technique automatically manages multiple 

objectives that may or may not be conflicting in nature in a more efficient way. 

1.8 Research Objectives 

On the basis of identified research gaps and research motivation, research work entitled 

"Efficient Load Balancing and Data Aggregation Multipath Routing in Wireless Sensor 

Networks" has been accomplished through various research objectives. The broad objectives 

of this research work are: 

 Study and analyse the multipath routing problem for Wireless Sensor Networks.  

 Develop a multi-objective multipath technique for an energy efficient data 

aggregation and load balancing routing in Wireless Sensor Networks. 

 Validation and comparison of proposed technique with existing approaches. 

1.9 Thesis Contributions 

The attainment of research objectives, summarized above, is resulting into this Thesis. The 

contributions are summarized as follows:  

 A comprehensive investigation has been conducted to study various existing multipath 

routing techniques in Wireless Sensor Networks by in-depth learning of data 

aggregation techniques. Along with that, load balancing techniques based on heuristic 

and meta-heuristic approaches such as bio-inspired, nature inspired and other 

optimization techniques have been explored for energy efficiency. 

 A novel Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) has been 

proposed with its three variants with significant improvements to perform the data 

aggregation efficiently for uniform as well as non-uniform networks. 
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 Cross-layer Energy based Clustering (CEC) technique is proposed to form clusters of 

sensor nodes in heterogeneous WSNs. It provides a contention free energy efficient 

data aggregation technique along with the required level of accuracy. The level of data 

aggregation changes dynamically in accordance to the residual energy. 

 An intelligent PSO based Energy Efficient Load Balancing technique (PSO-EELB) 

has been proposed in which deterministic PSO based clustering approach is utilized. 

The proposed technique works in three phases: Cluster formation, cluster head 

selection and data transmission. Data is sent from source to sink via multiple paths 

using erasure coding.  

 A Multi-Objective Load Balancing Clustering (MLBC) technique for load balancing 

and data aggregation is proposed. Reliability and energy efficiency are considered as 

objective functions. To demonstrate the validation of the proposed work, the 

simulation environment has been used. The experimental results demonstrate the 

superiority of the proposed technique in terms of several QoS parameters. 

  Statistical analysis of simulation output has been performed in order to assess the 

accuracy of the estimated performance indices by using Coefficient of Variation 

(CoV). The CoV has been calculated for execution time achieved by existing and 

proposed load balancing (PSO-EELB) and data aggregation (CEC) techniques.  

1.10 Thesis Outline 

After the Introduction to the research work in this chapter, the rest of the thesis is organized 

into following chapters:  

Chapter 2 Literature Survey 

This chapter provides literature review on multipath routing techniques in Wireless Sensor 

Networks. Moreover, load balancing and data aggregation techniques in WSN have been 

identified, discussed and analysed. It also presents the summary of research challenges 

derived from the literature review.  
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Chapter 3: Dynamic Adaptive Hierarchical Data Aggregation for WSNs 

A novel Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) algorithm has been 

presented in this chapter for evolving, uniform and non-uniform networks while maintaining 

the data accuracy. The functionality of the proposed technique is divided into four phases: 

Information Propagation phase, Network Partitioning phase, Cluster Formation phase and 

Weight based Data Aggregation (WDA) phase (Section 3.2). 

. Three variants namely DAHDA, Extended DAHDA (EDAHDA) and Modified EDAHDA 

(Section 3.3 to 3.5) are presented based on the level of underlying functionalities. DAHDA 

introduces the concept of weighted sensors. The weights are assigned to nodes on the basis of 

residual energy and density to decide which nodes will be selected as CHs and which nodes 

will send their data at certain rounds. Each variant works for different type of application 

requirement. NS-2.34 simulator has been set up to test and validate the proposed work 

(Section 3.6). Proposed algorithms are compared with variants of LEACH (Section 3.7). 

Chapter 4: Cross-layer Energy based Clustering for Heterogeneous WSNs 

In this chapter, Cross-layer Energy based Clustering (CEC) technique is proposed to form 

clusters of sensor nodes in hexagonal shape. The cluster head is opted from the members of 

cluster on the basis of the ideal cluster head distance and remaining energy of sensor nodes. 

In order to make a balance between consumption of energy and the network traffic, the 

rotation of cluster heads is performed (Section 4.2). The time slots are allocated by cluster 

head to all member nodes within a cluster on the basis of their remaining energy so that nodes 

can switch to sleep mode. To reduce the consumption of energy, data aggregation is 

implemented on the basis of the remaining energy of the cluster head (Section 4.3). In the 

proposed technique, cluster head selection probability changes dynamically. The performance 

of proposed CEC technique is evaluated and compared with existing SOEECP, LCM and 

EEPCA for three-level heterogeneous WSNs (Section 4.4).  

Chapter 5: PSO based Energy Efficient Load Balancing in WSNs 

This chapter presents PSO based Energy Efficient Load Balancing (PSO-EELB) technique 

for WSNs. The proposed technique is executed in three phases: Cluster formation, cluster 

head selection and multi-hop intra-cluster and inter-cluster data transmission (Section 5.2). 

A deterministic PSO variant is utilized for faster convergence rate. The required number of 
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routing paths and energy consumption of different nodes and paths are calculated. Utilizing 

maximum value of residual energy and distance, paths are selected and load balancing is 

performed. Erasure coding is utilized for splitting the data over the multiple disjoint paths. 

The discovered multiple paths result in balanced energy dissipation in the network and avoids 

network hole problem. The performance of the proposed PSO-EELB is compared with 

existing load balancing techniques in the simulated environment (Section 5.4).  

Chapter 6:Multi-objective Load Balancing Clustering Technique for WSNs 

In this chapter Multi Objective Particle Swarm Optimization (MOPSO) is utilized and novel 

Multi-objective Load Balancing Clustering (MLBC) technique is proposed (Section 6.2). 

Two objective functions are defined: Energy efficiency and Reliability. Energy efficiency is 

based on the average residual energy of CHs. Reliability is based on the transmission cost of 

inter-cluster routing. Weights are assigned to each edge based on link quality, which is 

calculated on the basis of PDR. For nodes, weights are assigned based on residual energy and 

distance. For each CH, sets of neighbours are stored along with their count. Then an encoding 

scheme is applied which results in cluster formation and cluster head selection. After 

applying sorting, the node having highest weight is selected as next hop for data transmission. 

The role of nodes, depending on weights, keeps on changing and network hole problem is 

avoided. Nodes transmit their information to Cluster Head or Base Station in single-hop or 

multi-hop manner. A healing function is utilized in order to avoid loops in the generated path. 

The objective functions are evaluated for each individual. The best compromise solution is 

selected based on the fuzzy based approach (Section 6.2.4).  The experimental results 

conclude that the proposed technique is better as compared to the existing techniques in terms 

of various QoS parameters (Section 6.3). 

Chapter 7 Conclusions and Future Scope 

This chapter summarizes the conclusions drawn in the thesis along with future research 

directions. 
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Chapter 2  

                                                                             

Literature Survey 

Data aggregation and load balancing are important design factors in multipath routing. Data 

aggregation improves energy efficiency in WSNs by eliminating redundancy in routing 

packets from source nodes to base station, which otherwise has been present in sensor 

networks with high node density. The load balancing also plays an important role for energy 

efficient operation of the underlying network. It distributes the load evenly in a network in 

order to avoid network hole problem. Therefore, a comprehensive review has been 

conducted on various multipath routing techniques with emphasis on data aggregation and 

load balancing techniques in WSNs.  

2.1 Multipath Routing: State of the Art 

The sensor nodes in WSNs have limited bandwidth, power, memory, processing resources 

and limited lifetime; which impose challenges in design of efficient communication 

protocol [2]. Some of the routing techniques have been designed on the basis of single path 

routing protocol without handling network congestion [39]. Single path routing is prone to 

failure due to low battery power constraint, which thereby effects network lifetime and 

reduces throughput in critical situations. Under heavy traffic conditions, multipath routing is 

treated as an effective way of data transmission to increase resource utilization and network 

lifetime.  

The review on multipath routing appeared from time to time [23], [26], [40]. Gopi [40] and 

Masdari et. al [26] presented a comprehensive taxonomy on the existing multipath routing 

protocols. The design and operation of different multipath protocols for Alternate Path 

Routing and Concurrent Multipath Routing have been compared on the basis of parameters 



30  Chapter 2  Literature Survey 

 

like path dis-jointness, energy efficiency, delay, fault tolerance and reliability. Sha et al. 

[23] categorized various multipath routing protocols on the basis of three parameters: Based 

on building multiple paths and delivering sensing data, non-infrastructure based and 

infrastructure based and summarized the design of protocols and evaluation metrics for each 

category. The comprehensive classification of the multipath routing protocols is shown in 

Figure 2.1. The methods are classified on the basis of energy efficient, data transmsion 

reliabilty, load balancing and alternate path routing [26]. 

 

Figure 2.1 Classification of Multipath Routing Protocols 

2.1.1 Energy Efficient Multipath Routing Protocols 

The energy efficient multipath routing protocols are designed to choose the path yielding 

minimum energy consumption. The path selection is difficult because nodes with minimum 

energy drain out quickly i.e. early death of nodes [41]. On the other hand, nodes having 

higher energy increase throughtput of the network. The objective of these routing protocols 
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is to improve network lifetime, in which network operations is performed in an energy-

efficient way. These protocols [42-48] are described as follows: 

Maximally Radio-Disjoint Multipath Routing: The Maximally Radio-Disjoint Multipath 

Routing (MR2) [42] offers required bandwidth to multimedia applications via non-

interfering paths. Only one route is created for a particular session using incremental 

approach. During network congestion, an additional path is created. Only selected nodes 

will be in active state while other nodes will be switched into sleep mode that leads to 

energy savings and improved network lifetime.  

Energy-Efficient and Collision-Aware Multipath Routing: The Energy-Efficient and 

Collision-Aware Multipath Routing (EECA) [43] utilizes broadcast nature of wireless 

communication to avoid collisions among discovered routes. This protocol regulates 

transmitting power of a node with the assistance of information of node position which 

reduces energy consumption, improves average packet delivery ratio and reduces average 

end-to-end delay.  

Low-Interference Energy-Efficient Multipath Routing: Low-Interference Energy-

Efficient Multipath Routing (LIEMRO) [44] identifies the multiple interference-minimized 

node disjoint routes between source to destination to improve latency, network lifetime and 

packet delivery ratio. Further, based on quality of every path LIEMRO distributes traffic 

over multiple paths through load balancing and reduces route coupling effect.  

Energy-Efficient Multipath Routing: This protocol is used to identify multiple node-

disjoint paths between source and destination. Adhoc On-demand Distance Vector 

Multipath (AOMDV) [45] approach is used in this protocol to construct the route using 

overhearing neighbouring nodes’ transmissions, in which receiver constantly remains in the 

receive state that leads to energy efficiency.  

Energy Efficient-adaptive Multipath Routing (EEMR): This protocol [46] uses 

minimum energy routes in which energy of nodes is drained out quickly and finds alternate 

paths to save energy consumption. 

Energy-aware Multipath Routing: An Energy-Aware Multipath Routing (EAMR) 

protocol [47] is proposed to improve the energy efficiency of sensor network. The sink 
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initiated route discovery process is used to find the optimal paths for data transmission, 

which has maximum value of network lifetime.  

Genetic Algorithm based Multipath Routing Protocol:  A Genetic Algorithm based 

Multipath Routing(GA-MR) protocol [48] is proposed, in which base station prepares the 

routing schedule for all the sensor nodes participating for transfer of data from source to 

destination. Further, a fitness function is proposed find out the minimum distance required 

to transfer data. This protocol gives better results in terms of network lifetime and energy 

efficiency.  

2.1.2 Data Transmission Reliability Multipath Routing Protocols 

To improve the reliability of network, multiple copies of same data are transmitted through 

different paths. The protocols in this category [41], [49-56] are described as follows: 

Delay-Constrained High-Throughput Routing: For multipath video streaming over 

WSN, Delay-Constrained High-Throughput Routing (DCHT) [49] is used in which multiple 

disjoint paths are utilized to improve throughput and reliability of network.  

Multi-Constrained QoS Multipath Routing: The Multi-Constrained QoS Multipath 

Routing (MCMP) [50] considers QoS requirements such as reliability and delay while 

transferring data from source to destination through braided routes. This protocol selects 

path with minimum number of hops to save energy consumption. Further, MCMP reduces 

overhead for resource limited sensor nodes and satisfies required level of QoS. 

Energy Constrained Multipath Routing: The Energy Constrained Multipath Routing 

(ECMP) [51] is an extension of MCMP, which uses geo-spatial path selection constraints to 

optimize energy consumption. ECMP chooses route that has maximum energy efficiency 

and minimum number of hops and satisfies QoS requirements.  

Energy-Efficient and QoS-based Multipath Routing: The Energy-Efficient and QoS-

based Multipath Routing (EQSR) [41] protocol uses the concept of service differentiation to 

transfer high traffic over the network by balancing energy consumption and maximizes 

network lifetime and reduces end-to-end delay. EQSR predict the best next hop through the 
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paths construction phase using Signal-to-Noise Ratio, node available buffer size and 

residual energy.  

H-SPREAD: Hybrid Secure Protocol for REliable dAta Delivery (H-SPREAD) protocol 

[52] identifies the extra paths and divides the message into small messages using “one 

message per node” property. Every time, neighbourhood is informed about identification of 

new alternate path and increased number of disjoint paths per node thereby improving 

message delivery ratio.  

Multipath Multispeed Routing: SPEED based protocol creates more than one path from 

source to destination and offers multi-speed transmission. To avoid congestion and reduce 

the packet loss rate, Multipath Multispeed Routing (MMSPEED) [53] sends packets by 

considering delay parameter. Further, this protocol offers multiple delivery speed options 

for timely delivery of packets.  

N-to-1 Multipath Routing: This protocol [54] identifies node-disjoint multi paths between 

source and destination and tree is traversed to transmit data, which improves reliability of 

network without focusing on energy consumption. This protocol uses one route discovery 

process to identify multiple paths from every sensor node. Base Station (BS) broadcasts 

updated route message periodically for discovery process and the node which receives the 

updated message first time, is considered as a parent node. 

Opportunistic Communication Multipath Routing: An Opportunistic Communication 

Multipath (OCM) routing [55] is proposed based on distributed width-controllable braided, 

which are working based on the information of neighbour nodes. Further, the information 

about adjacent nodes is attached with data packet for reliable transmission of data from 

source to destination. Moreover, less cooperative topology is used to reduce the delay of 

data transmission. 

Immune Based Multipath Routing Algorithm: An algorithm [56] (IMR) is proposed for 

reliable transmission from source to destination, which improves the fault tolerance of 

sensor network. This algorithm makes the multipath quickly to improve the network 

stability in terms of transmission reliability as compared to single path multipath routing.  
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2.1.3 Load Balancing Based Multipath Routing  

The main goal of load balancing based multipath routing protocols is to optimize network 

traffic and divert traffic through alternate paths when link becomes over-utilized to avoid 

congestion and bottlenecks. Such protocols [57-59] are described as follows: 

Meshed Multipath Routing: This protocol distributes load efficiently and uses route with 

minimum overhead with respect to packet forwarding technique. The Meshed Multipath 

Routing (M-MPR) [57] improves throughput and reduce end-to-end delay by distributing 

traffic more evenly along the meshed route.  

Load Balanced Energy-Aware (LBEA): This protocol [58] uses poll-reply 

communication model to transfer data and balance load efficiently. Minimal hop distance 

based multiple paths are constructed from source to destination while poll messages are 

flooded and receiver sends the acknowledgement. Further, mesh structure is used for multi 

path routing for data reply to reduce network congestion.  

Geographic Multipath Routing (GMR) Protocol: A geospatial division (GMR) [59] in 

duty-cycled underwater based is proposed to reduce the delay of data transmission. In this 

protocol, three-dimensional underwater network is divided into small space cubes and 

which are used to transfer data packets by finding the node in target data cube using 

Geographic Forwarding based on Geospatial Division approach.  

2.1.4 Alternative Path Routing Protocols 

To increase resiliency to route failures and provide route failure protection, alternative 

multipath routing can be used. It discovers and maintains multiple paths between the source 

and destination. The protocols in this category are described [60-64] as follows: 

Reliable Energy Aware Routing Protocol: In Reliable Energy Aware Routing (REAR) 

protocol [60], Routing paths are created using residual energy capacity of every node to 

improve reliability of data transfer. After succesful transfer of data, REAR provides 

acknowledgement.  

Heterogeneous Disjoint Multipath Routing Protocol: In Heterogeneous Disjoint 

Multipath Routing Protocol (HDMRP) [61], root neighbors are called sub-roots while sink 
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neighbors are called root nodes. To construct multiple energy-node-disjoint paths, Route 

Request (RREQ) message propagation is used. Routing table is also maintained by every 

non-root node to store record of every discovered path. At master nodes, HDMRP uses 

controlled intersection by permitting these nodes to forward numerous RREQ messages to 

their neighbors. 

Directed Diffusion (DD): This protocol [62] offers support for source node to flood a 

query towards the intermediate nodes for data transfer. In this, every node is aware of data 

transfer and interpet data of their intrest without forwarding directly to next nodes. 

Braided Multipath Routing (BMR): This protocol [63] transfers data along routes and 

constructs small aletrnate paths in case of failure. Alternate path does not involve any node 

from main path for data transmission from source to destination.  

Time Frame based Congestion Avoidance (TFCA) Multipath Routing Protocol: A time 

frame based congestion avoidance multipath routing protocol [64] is proposed for Low 

power and Lossy Networks. Further, direct acyclic graph is used to find the path with 

minimum average delay during data transmission. It improves the performance by reducing 

packer loss ratio.  

Apart from the above classification, the multipath routing techniques can also be classified 

as infrastructure based, non-infrastructure based and coding based. 

2.1.5 Infrastructure Based Multipath Routing Protocols 

This protocol constructs and maintains the multiple paths from source to destination as per 

topology. Such as, in MST, tree is traversed to discover multiple paths. Message 

broadcasting protocols are used to design topology independent infrastructure. In this 

protocol, every sensor node stores list of capable neighbours to transmit data efficiently. 

Further, node-disjoint multiple paths are identified based on position, location and 

capability of a node to avoid collision. This type of protocols offers fast and reliable 

transmission of data as the next hop is selected in advance. This protocol also provides 

alternative route that can reduce failure recovery time. Infrastructure based multipath 

routing protocols are categorized into three categories: energy-aware, hierarchy-based and 

ant-based. These protocols are described as follows: 
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Energy-aware Multipath Routing Protocols: This protocol selects the next hop based on 

remaining energy of neighbouring nodes. The nodes having higher energy efficiency are 

selected. The load is balanced based on the remaining energy of sensor nodes and thus 

network performance is improved. To make a neighbouring table, this protocol uses 

message broadcasting. Every node has a neighbouring table that contains details about 

signal strength, hop distance and residual energy. This table is used to find out the best next 

hop. This is reactive type of routing in which path is created only when required to decrease 

communication overhead. The inter-arrival delay for each data packet is monitored by 

destination node to check the performance of path. If the value of delay is more than 

threshold, then new route is created considering that current path is broken.  

The energy-aware multipath routing protocol [65] distributes the traffic based on the signal 

strength and remaining energy of a particular node. To improve load balancing and to save 

energy, larger amount of load is assigned to under-utilized paths and puts the idle nodes into 

passive state. The protocol [66] identifies the node-disjoint multiple paths to transfer data. 

Further, hop distance and energy based link cost function is used to construct multiple  

paths. In [67], reliable and energy efficient protocol is developed to construct multiple paths 

using message broadcasting considering energy and node reliability as QoS parameters.  

Hierarchy-Based Multipath Routing Protocols: This protocol mainly focuses on 

discovering the effective multiple paths by creating hierarchical relationship. Further, it 

reduces communication overhead and improves network lifetime by allocating heavy load 

to nodes with high residual energy. The update message is broadcasted to construct the 

hierarchy and the next hop is selected based on hierarchal relationship generated during 

transfer of data. The protocol [68] uses set of relay nodes to improve reliability of data. 

Based on the position of node in the hierarchy, relay nodes are selected. Further, the 

bottleneck nodes are avoided which have minimum energy efficiency to improve 

throughput of network. In [69], hierarchy-based multipath routing protocol is proposed to 

improve scalability, network lifetime and reduce energy consumption. Further, message is 

broadcasted to neighbouring nodes to construct multiple paths. Every node which is 

receiving the data further transfers the same to neighbouring nodes and treated them as 

child node iteratively until the every node identifies its child node. Each sender receives an 

acknowledgement from receiver, which improves reliability of the network.  
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Ant-Based Multipath Routing Protocols: In this protocol, population-based meta-

heuristic is used to construct multiple paths by inspiring from the behaviour of ants. This 

protocol utilizes the capability of ants to identify the shortest path between then nest and 

food source. The AntNet algorithm based multipath routing protocol [70] identifies the 

multiple paths from source to destination. Ants search the path parallelly and Forward Ants 

utilize the meta-heuristic approach on middle nodes to construct the paths. Ant ignores the 

middle node that has been visited by some other node and search for other nodes. Otherwise 

ant checks the closeness of sensor node to the sink and pheromone is updated accordingly. 

On the other hand, based on the information received from forward nodes, local pheromone 

is updated by backward ants. Yang et al. [71] proposed an ant colony optimization and 

dynamic clustering based multipath routing protocol to identify the multiple path. Based on 

signal strength and residual energy, Cluster Head (CH) is selected, then the path between 

sink node and CH is identified. The CH then selects the dynamic route for data 

transmission.  

2.1.6 Non-Infrastructure Based Multipath Routing Protocols 

These protocols construct multiple paths to transmit data from source to destination without 

considering any infrastructure. Every intermediate node uses local information to transmit 

data instead of finding prior information of next hop. The packet is forwarded towards sink 

to save energy and to reduce delay. This routing has many benefits: i) no need of path 

maintenance as path is created while forwarding the packet ii) improved load balancing as 

data is transmitted to the destination using randomized routing mechanism and iii) utilizes 

dynamic packet state for data transfer where data packet contains an important information 

about conditions of network. Such non-infrastructure based protocols are described as: 

Geography-based Multipath Routing Protocols: In such protocols, the positions of 

destination node, neighboring node and source node are used to make routing decision. 

When data packet is received by intermediate node, it is forwarded to the neighbor node 

that is closest to the destination. The benefits of routing is: i) no need to store neighboring 

table, ii) no need of path maintenance as path is constructed using the location of neighbor 

and destination, and iii) the query is distributed only to limited area instead of complete 

network. In [43], multipath routing algorithm (EECA) is proposed to design collision free 

multiple paths. A route discovery message is broadcasted to the neighbors of the node in 
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order to transmit the data packet towards BS. With the help of information of node’s 

location, every node sends the route discovery message. As the information is disseminated 

to the limited region of sensors, this technique saves more energy. When the source has data 

packet to transfer then it selects two groups from neighboring nodes fulfilling these 

conditions: i) all the nodes should be closed to the destination, ii) both the group of nodes 

should lie opposite to each other and iii) the distance between nodes of two different groups 

should be more than     to construct paths without interference and collisions.   

In [57], meshed multipath routing based protocol is proposed to provide many options to 

transfer the data packet. Network considered for this type routing is collection of static 

nodes, while some mobile nodes are used to broadcast the information about the location of 

node. Further, query message is used to identify the meshed routes. A receiver sends a 

confirmation message after receiving the query. Every receiver node can receive a 

maximum of two queries to avoid loops in meshed routes. Selective forwarding approach is 

used to distribute the data packets into multiple paths, which improves load balancing and 

network lifetime.  

2.1.7 Coding Based Multipath Routing Protocols 

Coding based routing solves the problems of infrastructure and non-infrastructure based 

multipath routing. Path construction and path maintenance are two important overhead in 

infrastructure based protocols. The non-infrastructure based multipath routing protocols has 

solved the path construction and maintenance overheads while it has a problem of security 

and energy consumption. Coding based routing uses encryption and decryption techniques 

to provide the security to the data packets transferred over the network. It saves energy as it 

does not require transmitting same copy of data packet through multiple paths. At source 

node, the data packets are split into fragments and redundancy is added to the fragments 

before transferring through the discovered paths. After receiving the required number of 

fragments, the original data will be reconstructed at the destination using decoding process. 

The coding schemes are: XOR based coding, network coding and erasure coding, which 

possess with different efficiency of compression and decompression.  

The erasure coding based multipath routing protocol [43] utilizes on-demand routing 

algorithm to create a path from source to destination for energy savings. The message is 
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broadcasted over the network to create multiple paths. Destination node sends a route reply 

message when it receives the request message.  

In [72], network coding based multipath routing protocol is proposed to improve data 

security and reliability. Based on coding opportunity and path reliability, paths are switched 

dynamically to improve the network throughput. In [73], Robust and Energy Efficient 

multipath Routing (REER) protocol is proposed for traffic allocation using single optimal 

path and through multiple paths with XOR based error correction codes. HELLO message 

is broadcasted over the network to construct multiple paths and neighbouring table is used 

to select next best hop. Another protocol improves network lifetime using two batteries.  

The battery recovers during rest and improves energy savings. The comparison of multipath 

routing protocols on the basis of various QoS parameters are summarised in Table 2.1. 

2.2 Load Balancing in Wireless Sensor Networks 

Network lifetime of WSNs is an important performance criteria and it depends on energy 

consumption of sensors [74]. Load balancing is vital as scarce energy is consumed rapidly if 

the whole traffic is redirected towards a single path. The energy consumption in a network 

should be minimized and balanced in order to increase the network lifetime. Energy 

consumption, reliability and network lifetime are important QoS parameters to be accounted 

during load balancing. The load balancing techniques are classified as heuristic and meta-

heuristic load balancing techniques.  

2.2.1 Heuristic Load Balancing Techniques 

Gupta and Younis [75] proposed Cluster Based Load Balancing Mechanism (CBLBM), 

which improves the transmission power to become a member of cluster. The cluster 

membership depends on the communication cost. Zhang et al. [76] presented technique in 

which comprehensive weight value composed of distance between the member and CH is 

used. It also provides the selection of cluster member that improves residual energy. This 

technique does not focus on network lifetime.  

Kim et al. [77] presented Cluster Based Load Balancing (CBLB) to provides an effective 

data aggregation. By distributing the load equally among CHs, the reconfiguration is 
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performed to increase the network lifetime. Endre [78] proposed Optimal Scheduling 

Algorithm (OSA) for load balancing. The time slots are allocated to sensor nodes for 

transferring the data packets. This technique ensures uniform packet loss probability. 

Ozdemir [79] presented Hierarchical Data Aggregation based Secure (HDAS) load 

balancing for heterogeneous WSNs. It considers pseudo sink to increase bandwidth 

utilization and data accuracy to improve network lifetime.  

Table 2.1 QoS based Comparison of Multipath Routing Protocols 

Protocols 
Path 

Disjointedness 

Energy-

Consumption 
Delay 

Fault 

Tolerance 
Reliability 

H-SPREAD Node-disjoint     

MR2 Node-disjoint     

EEMR Node-disjoint     

AOMDV Inspired Link-Disjoint     

N-to-1 Node-disjoint     

MMSPEED Partially disjoint     

MCMP Partially disjoint     

ECMP Partially disjoint     

DCHT Node-disjoint 
 

 
 

 

EQSR Node-disjoint     

M-MPR Node-disjoint 
 

   

LBEA Partially disjoint     

REAR Node-disjoint   
 

 

DD Partially-disjoint     

BMR Partially-disjoint     

LIEMRO Node-disjoint     

EECA Node-disjoint     

HDMRP Node-disjoint     
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Zhang et al. [80] proposed Pruning mechanism based Load Balancing Technique (PLBT). It 

handles the problem of hot spot in WSNs and leads to effective load balancing. The 

function cost evaluation is based on count of cluster nodes, residual energy, node location 

and pruning mechanism, Mahdavi et al. [81] presented Connected Coverage based Energy 

efficient (CCE) load balancing that organizes sensor nodes into small subsets. The network 

connectivity is ensured by adding extra nodes in every subset. Canci et al. [82] proposed 

Threshold based Load Balancing (TLB) to improve energy efficiency through adaptive 

distributed control strategy and yields energy consumption lower than its threshold value.  

Kuila et al. [83] presented Clustering Based Load Balancing Algorithm (CBLBA) in which 

CHs manage the network traffic by considering traffic load as QoS parameter. It is assumed 

that all sensor nodes produce same traffic load. Sivasanskar and RamaKrishnan[84] 

proposed Vitality Aware Cluster Head Election method to prolong the network lifetime. 

The proposed clustering technique chooses a CH based on residual energy and distance upto 

BS. The node which does not fulfil the threshold value of the parameters considered, is not 

allowed to participate in the CH selection process. 

Deng et al. [85] presented Load-balancing Clustering Algorithm for Data Gathering (LCA-

DG) to improve energy efficiency in heterogeneous WSN. Energy distribution based 

dynamic route calculation is used to balance the battery power and to improve network 

lifetime. In order to balance the load, receiving threshold and optimization threshold are 

defined. Zeynali et al. [86] proposed Fuzzy based Load Balancing (FLB) for distribution of 

database to improve the network lifetime. Further, vertical partitioning algorithm is used to 

balance the load efficiently, in which clusters are formed to distribute the traffic in different 

clusters.  

Perillo et al. [87] proposed Energy based Load balancing (ELB) technique and investigated 

the problem of transmission range distribution. It has been identified that hot-spot problem 

cannot be solved by changing the transmission power of individual nodes. Kim et al. [88] 

developed a Load Balancing technique for Infrastructure (LBI) based WSN that focuses on 

heterogeneous traffic distributions. The optimal user association consists of load-equalizing, 

delay-optimal, throughput-optimal and rate-optimal policies to formulate the cost function. 

The minimum level of connectivity to all spatial locations is desired.  
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He et al. [89] proposed Network Lifetime based Load balancing (NLL) and considered the 

load balancing factor and size of WSN while creating the Virtual Backbone. The NP-Hard 

problems for backbone allocation have been investigated. The technique performs 

effectively in terms of network lifetime and energy. Petrioli et al. [90] proposed 

CONtention based load balancing method (CON) for converge casting in which 

connectivity holes are detected for data routing and solved the problem of routing around a 

dead end. It performs well in terms of energy, PDR and end-to-end latency.  

Chen et al. [91] presented Maximum Connected load-balancing Cover Tree (MCCT) 

mechanism to balance the load by achieving full coverage. The load of nodes in 

transmitting and sensing is shared to improve connectivity maintenance and energy 

efficiency. Baranidharan and Santhi [92] proposed Distributed Unequal Clustering (DUCF) 

based load-balancing that chooses CH using fuzzy logic. Residual energy, node degree and 

distance to BS are considered as input variables and size of network as output variable. It 

performs effectively in terms of network lifetime, energy consumption and load balancing. 

Nguyen et al. [93] presented Energy efficient and Load balanced Distributed Routing 

(EDR) scheme for WSNs with holes. The approximate polygon of a specific hole is 

determined and packets are forwarded using the hole covering parallelogram. It improves 

the energy consumption, network lifetime and reduces the average length of routing paths.  

Zuo et al. [94] analysed the problem of load balancing in context-aware and proposed a 

Fuzzy Neural Network Based Load Balancing Optimization(FNNLBO) technique for 

context-aware WSNs. Authors used greenhouse environment to test the proposed technique 

and experimental results show that it performs effectively and captures stable state quickly 

while distributing the load on the network. Liu et al. [95] proposed a Variable Weight based 

Clustering Approach (VWCA) for balancing the load effectively in WSNs to improve 

energy efficiency. In this technique, weight is assigned to every node based on their residual 

energy and based on residual energy and distance between nodes, the load is allocated. The 

proposed technique performs effectively in energy hole avoidance, which improves the 

network lifetime of network.  

Kamal et al. [96] proposed a Unbalanced Routing Load Detection and Mitigation algorithm 

(URLDM) technique for low data rate WSNs based on supervisory routing control to 

improve packet delivery ratio. Authors used path tagging to visualize the network traffic 
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load and find the overloaded routes to manage traffic effectively using mitigation 

algorithms. This technique gives better results in terms of network lifetime and PDR. Kim 

[97] proposed Sub-Network Management based Load Balancing (SNMLB) and an 

analytical model based an energy-efficient load balancing technique to increase lifetime of 

network. This technique uses sub-network management to balance the load, which utilizes 

the nodes simultaneously to improve the energy efficient and network lifetime.  

Gherbi et al. [98] proposed an adaptive clustering based load balancing technique for 

effective management of residual energy of sensor nodes. This technique distributes the 

network data traffic among cluster members to reduce overflow of traffic and transferred to 

the destination successfully. The experimental results show that it performs effectively in 

terms of energy efficiency, network lifetime and average data transmission delay. Baroutis 

et al. [99] proposed a load balancing technique to preserve the location privacy of base 

station and manages the traffic density across the sensor nodes, which makes base station 

undistinguishable. Further, a trade-off between network lifetime and location privacy is 

highlighted and experimental results demonstrate that it balances the load effectively while 

preserving the privacy of base station.  

2.2.2 Meta-heuristic Load Balancing Techniques 

Swarm Intelligence (SI) based routing protocols and their applications have been explored 

[100]. The important features of routing protocols are identified as minimal computational 

and memory requirements, autonomy, energy efficiency and in-network data aggregation.  

The min-heap based Energy Efficient Load-Balanced Clustering Algorithm (EELBCA) 

[101] focuses on load balancing and energy efficiency based on clusters’ cardinality. The 

number of nodes allotted to the CH is used to construct a min-heap. In Parameter-Based 

Clustering Algorithm (PBCA), communication load of the CHs is incorporated with respect 

to the BS. The Energy Efficient Fault Tolerant Clustering and Routing (EEFTCR) algorithm 

[102] uses concept of distributed run time recovery of the nodes to handle sudden failure of 

the CHs. CH forms Time Division Multiple Access (TDMA) schedule after cluster 

formation for member nodes. Further, fault-tolerant clustering algorithm is proposed which 

balances the energy consumption of the CHs.  
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Differential Evolution based Clustering Algorithm (DECA) [30] improves the network 

lifetime by avoiding quicker failure of highly loaded CHs. An efficient vector-encoding 

scheme is used to derive the fitness function. The generation of initial population is 

restricted by considering the connectivity between nodes and their CHs. Only those children 

chromosomes are generated which balance the load and hence the proposed algorithm 

converges faster as compared to basic GA. 

PSO based Linear/Nonlinear Programming (LP/NLP) formulations have been presented for 

energy-efficient clustering and routing by using multi-objective fitness function and 

efficient particle encoding [103]. A trade-off between number of relays and transmission 

distance is presented for particle encoding. It balances the load efficiently to save energy 

and performs efficiently for delivery of total data packets to the BS and network lifetime.  

The categorization of routing protocols in WSNs is done based on path establishment, 

energy efficiency, network structure and computational complexity [104][105]. SI based 

and classical routing protocols are compared and various performance metrics have been 

presented. Multi-Objective Particle Swarm Optimization (MOPSO) based clustering [106] 

is presented to reduce energy consumption, improve network lifetime and optimize the 

number of clusters. A GA based Clustering Algorithm (CAGA) [83] is used for efficient 

load balancing that uses communication between CH and nodes to generate initial 

population and checks its effectiveness through measures such as the rate of convergence, 

number of active CHs and nodes, energy consumption and execution time.  

The Energy-efficient Delay-aware Lifetime-balancing (EDL) data collection technique 

[107] is designed to decrease its computational overhead and make the large-scale network 

operations scalable. The technique is integrated with compressive sensing to decrease total 

traffic cost for gathering sensor readings under loose delay bounds. A load balancing 

clustering algorithm [74] performs efficiently while nodes having equal load and runs in 

O(nlogn) time for n nodes. The algorithm is tested in terms of execution time and network 

lifetime with variable load.  

The study on consumption of energy while balancing the traffic suggests that the multiple 

paths based traffic generation is effective as compared to single path [108]. The Analytical 

Model for Load Balancing (AMLB) suggests that efficient management of traffic increases 

the network lifetime.  
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Hybrid Differential Evolution and Simulated Annealing (DESA) [109] approach performs 

clustering to select CH and prevents the prior death of CHs. DESA includes a fitness 

function accounting the residual energy and distance between the CH and the nodes. The  

Modified Artificial Bee Colony (MABC) based clustering [110] is used for load balancing 

of clusters resulting in quick convergence and improved search in choice of CHs. 

Yinggao et al. [111] proposed Artificial Bee Colony (ABC) based data collection technique 

for WSNs. It permits a small data latency to identify the mobile sink balance: network 

reliability optimization, mobile path length optimization and data collection maximization. 

A GA inspired protocol for Congestion Control in WSNs using Trust based Routing 

(GACCTR) [112] is proposed for distributing the load among different routes between sink 

and source node. This protocol is efficient in selecting reliable or trustworthy paths 

regularly. Life Time Aware Routing Algorithm [113] based on Ant Colony Optimization is 

used to reduce energy consumption. The energy consumption and hop count are integrated 

with routing choice by designing new pheromone update operator.  

ACO based Load Balancing Routing Algorithm (ACOLBR) [114] uses MST for intra-

cluster routing and inter-cluster routing by finding optimal and sub-optimal paths. The 

message's positive feedback is utilized to consider transmission delay, residual energy and 

propagation distance as the heuristic factor. Ant Colony based Multi-path Routing 

Algorithm (ACMRA) [115] identifies disjoint multiple paths between nodes and CH. 

ACMRA is an on demand multipath algorithm where the traffic is distributed over 

identified multiple paths. ACO based Ad-Hoc On-Demand Distance-Vector (ACO-AODV) 

[116] protocol is proposed for transmitting data using identified paths simultaneously, 

which reduces energy consumption, end-to-end delay, buffer overflow and routing 

overhead.   

GA based Construction (GAC) of load-balanced connected dominating set reduces number 

of participant nodes in communication to improve network lifetime [117]. The workloads of 

all the dominators are balanced to improve the network lifetime. Load Balanced Clustering 

Algorithm (LBCA) [118] balances the load among clusters by utilizing gateway to control 

the network. The CH was used to control different cluster of nodes of dissimilar nature. If a 

CH gets failed, then Gateway node takes its place. 
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Multi-Objective Fractional Artificial Bee Colony (MFABC) algorithm [119] is proposed to 

select the CH optimally using delay, distance and energy consumption based fitness 

function to control the convergence rate. The GA inspired protocol for Congestion Control 

in WSNs using Trust based Routing (GACCTR) [112] balanced the traffic among different 

nodes for different route trust values. General Self-Organized Tree-based Energy-Balance 

(GSTEB) Routing Protocol [120] utilize ABC to find the shortest path between source and 

sink based on clustering. Improved Meta-heuristic (ABC) based Energy-efficient Clustering 

(IMEC) protocol [121] maintains a balance between exploration and exploitation search 

abilities with least memory requirements. It performs well in terms of PDR, throughput, 

energy consumption, network lifetime and latency.  

The QoS comparison of load balancing techniques is summarized in Table 2.2. 

Table 2.2 QoS Comparison of Load Balancing Techniques 

Load Balancing Technique Year 
Energy 

Consumption 

Packet 

Delivery 

Ratio 

Data 

Accuracy 
Throughput Delay 

Network 

Lifetime 

Cluster Based Load Balancing 

Mechanism (CBLBM) 
2003             

Energy Based Load balancing 

(EBL) technique 
2004            

Threshold based Load Balancing 

(TLB) technique 
2005            

Clustering Based Load Balancing 

Algorithm (CBLBA)  
           

Cluster Based Load Balancing 

(CBLB) technique 
2008            

Hierarchical Data Aggregation 

based Secure (HDAS) load 

balancing 

2009 

          

Pruning mechanism based Load 

Balancing Technique (PLBT)            

Connected Coverage based Energy 

efficient (CCE) load balancing 

technique 
           

Fuzzy based Load Balancing 

(FLB) technique 
           

Load-balancing Clustering 

Algorithm for Data Gathering 

(LCA-DG) 
2010            

Optimal Scheduling Algorithm 

(OSA) based load balancing 

technique  
           
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Load Balancing Technique Year 
Energy 

Consumption 

Packet 

Delivery 

Ratio 

Data 

Accuracy 
Throughput Delay 

Network 

Lifetime 

Load Balancing technique for 

Infrastructure (LBI) 
2012            

Network Lifetime based Load 

balancing (NLL) technique 
2013           

CONtention based load balancing 

method (CON) 
2014           

Maximum Connected load-

balancing Cover Tree (MCCT) 

mechanism 

2015            

Distributed Unequal Clustering 

using Fuzzy logic (DUCF) based 

load-balancing technique 
2016           

Energy efficient and load balanced 

Distributed Routing (EDR) 

scheme 
2017           

Analytical Model for Load 

Balancing (AMLB) 
2008             

Ant Colony based Multi-path 

Routing Algorithm (ACMRA) 
2009            

ACO based Load Balancing 

Routing Algorithm (ACOLBR) 
2010           

Swarm Intelligence (SI) based 

routing protocols 
2011 

           

GA based Construction (GAC)            

Energy Efficient Load-Balanced 

Clustering Algorithm (EELBCA) 
2012            

Clustering Algorithm based on GA 

(CAGA) 

2013 

          

GA inspired protocol for 

Congestion Control in WSNs 

using Trust based Routing 

(GACCTR)  

 

          

Differential Evolution based 

Clustering Algorithm (DECA) 
2014 

           

PSO based Linear/Nonlinear 

Programming (LP/NLP) 
          

Energy Efficient Fault Tolerant 

Clustering and Routing (EEFTCR) 

algorithm 
2015 

 
          

Energy-efficient Delay-aware 

Lifetime-balancing (EDL) 
 

        
  

Hybrid Differential Evolution and 

Simulated Annealing (DESA) 
2016            
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Load Balancing Technique Year 
Energy 

Consumption 

Packet 

Delivery 

Ratio 

Data 

Accuracy 
Throughput Delay 

Network 

Lifetime 

Variable Weight based Clustering 

Approach (VWCA)  

 

 
      

Sub-Network Management based 

Load Balancing (SNMLB) 
      

Artificial Bee Colony (ABC)           

Hierarchical Energy-Balancing 

Multipath (HEBM)       

Preserve Location Anonymity 

through Uniform Distribution of 

Traffic volume (PLAUDIT)  
      

Improved Meta-Heuristic based 

Energy-efficient Clustering 

(IMEC) protocol 

2017 

 

          

Fuzzy Neural Network Based 

Load Balancing Optimization 

(FNNLBO) 
      

Unbalanced Routing Load 

Detection and Mitigation 

algorithm (URLDM) 
      

 

2.3 Data Aggregation in Wireless Sensor Networks 

In a sensor network having high node density, the redundancy is caused as many nodes 

sense same data. This redundancy can be eliminated by using data aggregation approach 

and thereby improving energy efficiency. The papers [122] [123] summarize the literature 

and the state of art in the field of data aggregation techniques (DATs) in WSNs. Still the 

research is persistently growing and many techniques have been reported in the field of data 

aggregation. The evolution of DATs from 2002 to 2017 is shown in Figure 2.2, which also 

depicts the focus of study (FoS).  
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Figure 2.2 Evolution of Data Aggregation Techniques 
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The classification of various Data Aggregation Techniques (DATs) is presented in Fig. 2.3. 

The various DATs are described as follows: 

 

Figure 2.3 Data Aggregation Techniques 

2.3.1 Adaptive Data Aggregation Techniques 

The latency based energy efficient adaptive DAT [124] that follows staggered active/sleep 

schedule to forward data in continuous flow in a multi-hop fashion. It uses data prediction 

along with More-To-Send packet, by which a parent node knows whether its child node has 

more data to send or not.  

In the adaptive Application Independent DAT [125], aggregations are decided independent 

of the application by an intermediate layer between data link layer (MAC) and network 

layer. It adjusts itself according to the varying network traffic conditions in a timely 

manner. The cluster based Adaptive DAT [126] mainly focuses on to shift the load of 

sensor nodes and CHs to the resource enriched sink side and to enhance reliability factor of 

network. Sink node determines the reporting frequency of nodes and aggregation frequency 

of CHs. The reliability of event features is represented by Spatial Reliability and Temporal 

Reliability which are determined by aggregation ratio and reporting frequency respectively.  

The node with maximum energy is elected as an aggregator in Adaptive Energy aware Data 

aggregation Tree [127]. Only the sink and aggregator nodes remain in active mode. Beyond 

2	
	

2.3.3 Data Aggregation Techniques 

The various types of Data Aggregation Techniques (DATs) are shown in Figure 2.4.  
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Figure 2.5: Adaptive DATs Taxonomy 

  

	
	
	

	

 

Figure 2.6: Cluster based DATs Taxonomy  
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the threshold value for traffic, packets are selected as per parent capacity. Whenever the 

estimated load exceeds the communication capacity of parent node, OVERLOAD message 

is transmitted to the network. Shortest path and energy are the factors considered for 

routing. In the Semantic Correlation Tree (SCT) based DAT [128], whole sensor field is 

divided into ring like structures. Each ring is further partitioned in terms of sectors. A sector 

head is selected in each sector, which works as an aggregation node whose task is to report 

the aggregated data from its respective sector to the BS. 

The Adaptive Data Aggregation using Network Coding [29] is an energy oriented cluster 

based DAT in which sensor nodes of a cluster are divided into simple relay and network 

coder nodes. Network coder nodes act as Aggregator Nodes.  Data aggregation is based on 

level of data correlation. Whenever the lower data correlation factor is reported in the 

received packets, then network encoding is performed. Improved energy consumption and 

network lifetime are resulted due to reduced communication cost. 

The DAT [129] is a hybrid approach that considers varying network dynamics and 

robustness in terms of packet loss. To achieve robustness, virtual rings are used which 

transfer a packet to multiple nodes. For dynamic data aggregation, Density Aware – 

Medium Access Control is used. It is specifically designed for event triggered based 

scenario where events are occurring at unknown time and unknown regions. Yoon et al. 

[130] proposed an adaptive data aggregation and compression technique for solar-power 

WSNs to improve energy efficiency of sensor network. In this technique, energy budget is 

determined to find out the value of residual energy and data is aggregated, compressed and 

transferred to the network. The effective management of data in WSN improves the 

network lifetime of network.  

2.3.2 Cluster based Data Aggregation Techniques 

The clustering techniques are very effective in terms of scalability and energy savings 

[131][132], which are used in number of energy efficient clustering algorithms for WSNs.  

Some of the routing protocols in this group include Low Energy Adaptive Clustering 

Hierarchy (LEACH) [133][134][135], Energy Efficient Clustering Scheme (EECS) [136], 

Energy Efficient Unequal Clustering (EEUC) [137] and efficient Cluster Head Selection 

approach for Collaborative Data Processing (CHSCDP) [138]. In LEACH for homogeneous 
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WSNs, nodes elect themselves as CHs randomly and thus every node gets a fair chance to 

be elected as a CH. 

In Hybrid Energy Efficient Distributed (HEED) [139], the CH is chosen based on residual 

energy of the node. Member nodes choose a cluster to join using minimum value of cost of 

communication between CH and member nodes. EECS [136] uses the concept of weighted 

parameters for selection of CH for minimizing the consumption of energy while 

communicating to the sink. The clusters that are distant from the sink are assigned lesser 

number of member nodes. 

In EEUC [137], the clusters that are more distant from the sink have more member nodes. 

This reduces energy consumption of communication between cluster members and CH. 

Additional overheads, due to aggregation of data in larger number of nodes, degrade the 

network efficiency in multiple hops scenario. Multi-hop Unequal Clustering (MUC) [140] 

addresses the issue of hot spots. The nodes possessing the maximum amount of energy 

becomes the CH. CHs which are in close affinity of the sink have smaller cluster in size. 

The selection of CH in Hierarchical Cluster Control (HCC) [141] is done on the basis of a 

weight factor assigned to the nodes. When the energy level of CH is more than a prefixed 

threshold, then the formation of a new cluster is initiated. The two-level hierarchical model 

for heterogeneous network [142] suggests that each node can independently elects itself as 

CH by comparing its energy level with the energy level of neighboring nodes. In 

Distributed Energy Efficient Clustering (DEEC) [143], CH is selected using probability that 

depends upon the average energy of the network and remaining energy of nodes. In 

Developed Distributed Energy-Efficient Clustering (DDEEC) [144], CHs are selected 

dynamically on the basis of residual energy of nodes.  

The Enhanced Developed Distributed Energy-Efficient Clustering (EDDEEC) protocol 

[145] is based on heterogeneity resulted by incorporating an additional energy level. There 

are three types of nodes namely normal, super and advanced. However, the probabilities of 

the CHs selection are not adjusted by energy level. The Stochastic Distributed Energy 

Efficient Clustering (SDEEC) routing protocol [146] proposed a balanced CHs selection 

method for heterogeneous WSNs. The hybrid clustering based data aggregation technique 

[147] selects adequate clustering technique on the basis of network status to improve data 

aggregation.  
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The Link-aware Clustering Mechanism (LCM) [148] proposes Predicted Transmission 

Count (PTC), a clustering metric, on the basis of node status and link condition. PTC plays 

an important role in cluster formation. A Stochastic and Optimized Energy Efficient 

Clustering Protocol (SOEECP) [146] reduces energy consumption and prolong the lifetime 

in WSNs.  

The two-layer architecture [149] generates different routes based on the knowledge of 

geographic deployment. The routing protocol for WSNs considers the required transmission 

energy of a selected path from source to destination and the residual energy of nodes [150]. 

In the Self-Organized and Smart Adaptive Clustering (SOSAC) [151] protocol for WSNs, 

the fitness value is changed with time by sub-mechanisms. For any potential breakdown in 

the network, back-up information of routes can be easily extracted from fitness value.  

In [152], an energy-efficient clustering based algorithm is proposed for WSNs. It is based 

on a regional competition, in which nodes can individually detect the events and can form 

clusters. In [153], it is assumed that the residual energy of nodes is based on a random 

distribution. The clusters are then formed by ensuring load balancing on the nodes. The CH 

is selected by considering the relative distance among the nodes and their density.  

The distributed data aggregation mechanism [154] uses Clustered Slepian–Wolf Coding 

(CSWC) problem to choose a disjoint potential cluster to cover the network and to increase 

the compression gain. A low-complexity joint-coding technique is used to decrease the data 

redundancy generated by spatial correlation among various clusters. A hybrid DAT named 

Combined Clustering Based data aggregation [155] is proposed to enable dynamic 

aggregation by applying various techniques of clustering simultaneously. It provides both 

static as well as dynamic clustering depending upon the network status.  

The Efficient Cluster Head Selection Scheme for Data Aggregation (ECHSSDA) [156] uses 

the concept of selection of CH and formation of cluster. The concept of an Associate CH is 

used to take responsibility of CH during the dropping down of energy level of CH below a 

threshold value. The Two Tier Cluster based Data Aggregation (TTCDA) mechanism [157] 

applies functions based on additive and divisible aggregation to data packets produced by 

every node through temporal and spatial correlation. Local Aggregators perform intra-

cluster data aggregation. This aggregated data is then combined into one packet using 

division or additive functions as per application requirements.  
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The Energy Efficient and Balanced Cluster-based Data Aggregation Algorithm (EEBCDA) 

[158] used one-hop communication to transfer the data from CH to BS. Network is divided 

into different sizes of rectangular regions called swim lanes and each swim lane is divided 

into number of rectangular regions called grids. A node having maximum energy is elected 

as CH in every grid. CHs are rotated among the nodes in the grid based on energy 

consumption. Grouping nodes and Clusters for Efficient Data Aggregation (GCEDA) [159] 

suggests that grouping of CHs helps to reduce energy consumption and improves network 

stability without considering heterogeneity of nodes and data accuracy.  

The Hierarchical Data Aggregation using Compressive Sensing (HDACS) [160] reduces the 

amount of data transfer by enabling several compression thresholds dynamically as per 

clusters size. Instead of configuring only one node as sink, a hierarchy of multi-level cluster 

is configured for intermediate data collection. DCT Based recovery algorithm is used for 

underlying domain. Evenly loaded distribution based data aggregation mechanism [30] uses 

fuzzy logic to select the CH and distribute the load equally among clusters. This approach 

addressed energy leakage problem of CHs that occurs due to uneven load distribution.  

The Bandwidth Efficient Cluster-based Data Aggregation (BECDA) [161] technique 

focuses on energy consumption for heterogeneous network. As per different energy levels, 

nodes are classified as Normal, Advance and Super Nodes. A node with highest energy 

among the cluster members and a node with the highest number of neighbor nodes with one 

hop connectivity are considered as CHs.  

The CLUstered diffusion with Dynamic Data Aggregation (CLUDDA) [162] is a diffusion 

and clustering based data-centric technique. It uses in-network processing to aggregate data 

and combines Directed Diffusion with clustering approach. Rather than sending an interest 

message to each node, it is communicated only to CHs. It supports dynamic, layered data 

aggregation and uses try and heal mechanism to restructure the network during path failure. 

Karen et al. [163] explored and compared three mechanisms based on the normalized least 

mean square, moving average and autoregressive models to forecast local sensed samples in 

order to decrease wireless data communication. Further, it analyzed the relevance of each 

estimator depending on the features of the samples acquired in a scenario where the leader 

and sensors are in communication range of a jump. Mantri et al. [164] proposed sink 

mobility and nodes heterogeneity aware cluster-based data aggregation technique for 
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efficient bandwidth utilization and an increase in network lifetime. It further reduces the 

energy consumption and improves network lifetime without mobility of the sink. Khorasani 

et al. [165] proposed a neural network based data aggregation technique using three-layered 

neural network with three layers (input, hidden and output). Further, input layer neurons are 

resided in every cluster member, cluster head contains the hidden layer neurons and base 

station contains the output layer neurons. The experimental results show that it aggregates 

data with minimum consumption of energy.  

2.3.3 Concealed Data Aggregation Techniques 

Concealed data aggregation is proposed to provide end-to-end encryption and in-network 

processing. Ozdemir and Xiao [166] proposed Integrity Protecting Hierarchical Concealed 

Data Aggregation (IPHCDA) technique which uses holomorphic encryption based on 

elliptic curve cryptography to perform data aggregation in encrypted manner. Chen et al. 

[167] presented Recoverable Concealed Data Aggregation (RCDA) mechanism using 

homomorphism encryption. This technique uses the concept of recoverable aggregation. 

There are two variants of RCDA namely RCDA-HOMO and RCDA-HETE for 

homogeneous and heterogeneous types of networks.  

Lin et al. [168] proposed holomorphic public encryption system based concealed data 

aggregation technique i.e. CDAMA for multi-application environment in which BS collect 

data from aggregated cipher texts for particular application. This technique reduces the 

impact of compromising attacks and unauthorized aggregations. Zhang et al. [169] 

proposed slicing and mixing technology based Balanced Privacy-preserving Data 

Aggregation (BPDA) model. It enhances the privacy-preserving efficacy by ensuring that 

slice can be sent to the nodes that have lower privacy preservation. Node degree and energy 

are considered as QoS parameters and performance of proposed technique has been 

evaluated in terms of communication overhead and privacy-preserving efficacy. 

Sicari et al. [170] presented discrete-time control loop based privacy aware dynamic data 

aggregation mechanism. It uses Dynamic Data Aggregation with Privacy (DyDAP) 

functions to provide end-to-end secure data aggregation. Linear Discrete Time control 

theory is the underlying mechanism. Liu et al. [171] proposed an enhanced trust 

management method for data aggregation using the strength of trust between sensor nodes 
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and BS. Strength of ties between the nodes is calculated from the information coming from 

other nodes using watch-dog mechanism. This model is used to increase the level of 

security for data aggregation by classifying the nodes as compromised or trustworthy nodes. 

Gopikrishnan and Priakanth [172] proposed hybrid secure data aggregation technique to 

offer high secure data aggregation which implements an end to end symmetric key 

cryptography for secure authentication using shared public key and it uses hop by hop 

asymmetric key cryptography with the private keys of each node for data integrity and 

confidentiality. Zhao et al.[173] proposed a lightweight and integrity protecting oriented 

data aggregation technique for WSNs which has easy, lightweight and secure operability to 

preserve integrity and data privacy during data aggregation in wireless sensor network. 

Moreover, compared with existing techniques, proposed technique has verifiable 

completeness, higher accuracy, less traffic and lower calculation. 

2.3.4 Energy based Data Aggregation Techniques 

Çam et al. [174] proposed Energy efficient Secure Pattern based Data Aggregation 

(ESPDA) mechanism to reduce duplicate data transmission from node to CH. The task of 

CH is to evaluate the pattern codes received and to select the nodes for data transmission. 

The CHs use pattern codes to transfer data from node to BS without using 

encryption/decryption key distribution.  

Xu et al. [175] proposed cooperative communication based data aggregation mechanism to 

solve the traditional problem of cluster based data aggregation which is an NP hard 

problem. In cooperative communication, a node is deployed with single transceiver and 

multiple source nodes can send their data to that node. Li et al. [176] proposed distributed 

and latency based data aggregation technique to prevent conflicts among neighboring 

clusters during transfer. The well-known Minimum-Latency Aggregation Schedule (MLAS) 

problem has been addressed by an energy-efficient distributed scheduling algorithm. It 

constructs cluster based tree and its respective CHs for efficient transfer of data among 

clusters.  

Misra and Thomasinous [177] presented LEO: Simple Least-Time Energy-Efficient Routing 

Protocol with One-Level Data Aggregation. It is time and energy based data aggregation 

mechanism in which shortest path is used to transfer data. Each node stores information 
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about its neighbour only to save memory. It increases network lifetime as task of data 

aggregation is performed by next node of source node. The estimated time to reach the BS 

from that particular node and residual energy information is maintained in the neighbour 

node table of each node.   

Chen et al. [178] proposed cost based technique by using in-network aggregation in which 

data is aggregated at the intermediate nodes from route to the sink using summation (sum, 

mean, and weighted sum) and extreme (max and min) functions. An algorithm has been 

presented to find the trade-off between finding a low cost path to the sink and local 

aggregation of flows in terms of cost taking as a QoS parameter. Chen et al. [179] proposed 

adaptive fault tolerance based data aggregation technique to fulfil QoS requirements of 

applications and have a trade-off between reliability and energy consumption.  

Xiang et al. [180] presented greedy heuristic and mixed integer programming based 

compressed data aggregation technique that considers the concept of compressed 

aggregation and joint routing. The optimal aggregation tree is obtained to solve both large 

and small scale problems. Li et al. [181] proposed High Energy-Efficient and Privacy-

Preserving (HEEPP) data aggregation technique. It provides security through encryption 

and decryption during data transmission. To encrypt a message, shared key is used and then 

it is sent to the neighbor nodes in a tree. All received packets are checked to get shared keys 

and decryption of data. The scheme works in four phases by constructing aggregation tree, 

dividing/slicing its data packet of particular node into   units, receiving slices of the 

neighbor nodes and summing up all the data received. 

Kuo and Tsai [182] proposed tree based data aggregation mechanism by using relay nodes 

to construct a data aggregation tree to reduce power consumption. Tree construction 

with/without relay node is considered as a NP complete problem. Approximation algorithm 

is proposed based on shortest path mechanism in a distributed fashion.  

Chao and Hsiao [183] proposed Structure Free and Energy-Balanced (SFEB) based data 

aggregation technique. It uses data aggregation along with dynamic aggregator selection 

scheme. The selection of dynamic aggregators is performed to collect the data from their 

respective regions then the data is aggregated and reported to the higher level node. Liu et 

al. [184] proposed reliability based data aggregation technique using iRTEDA protocol that 

combines residual energy, reputation system, recovery mechanism and link availability to 
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improve security. The Beta distribution based reputation function is used to calculate 

trustworthiness and reputation of nodes. When an aggregator node is identified as 

compromised node, then re-selection of aggregator node is initiated based on residual 

energy level and availability of link.   

Pourpeighambar et al. [185] presented Data Aggregation for Mobile Object using Rate 

Distortion (RD) with Static Clustering (DAMORD-SC). The predefined clusters are divided 

into grids and data aggregation is performed through pre-calculated correlation matrices. 

The data redundancy is reduced due to spatial correlation using RD theory. A target 

tracking component is installed in each node and each node is aware of location 

information. Tsai et al. [186] proposed delivery delay based DAT by using the concept of 

buffered packets and configured the parameters in Machine-to-Machine (M2M) networks. 

A periodic per-hop timing control method is deployed to reduce the energy consumption 

while there is increase in buffered data or buffering time is longer than aggregation rate. 

Krishna and Doja [187] proposed Multi-Objective Meta-Heuristic approach for Energy-

Efficient secure Data Aggregation(MH-EESDA). The divide-and-conquer is used to create 

the secure clusters. The technique works through formation of clusters, selection of secure 

nodes and energy efficient data aggregation. Ramachandran and Porter [188] proposed a 

remote component binding technique named Hitch Hiker to offer sustenance for multi-hop 

data aggregation. The model is based on priority information associated with high-priority 

and low-priority bindings. A meta-data component is used to determine bindings of remote 

component and to create a network of multi-hop overlay within the payload’s unused space 

of current flows of traffic.  

Lee et al. [189] proposed restructuring binomial trees and energy-efficient delay-aware data 

aggregation for energy consumption scenario. The roles are swapped by sensor nodes 

periodically to make tree balanced and rebuilt Bionomical tree to keep the network 

balanced. Kim et al. [190] presented Energy-aware Hybrid Data Aggregation Mechanism 

(EHDAM) in which data transmission is controlled adaptively with transmission based on 

timeout and burst length. The Energy Hole problem has been addressed that arises due to 

the heavy burden near the sink and CHs causing higher node failure rate.   

Xiao et al. [56] presented Centralized Energy Allocation (CEA) technique based on the 

Immune-Genetic heuristic to find the effective strategy of energy allocation to maximize the 
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precision of the aggregated data received by the sink. The underlying model of proposed 

approach assumes the link failure factor for considering unreliability in incoming and 

outgoing links. Zhang et al. [191] presented energy based DAT namely Data Aggregation 

Supported by Dynamic Routing (DASDR) in which depth potential and queue potential 

have been considered. The DASDR utilizes only local information for decisions based on 

potential dynamic routing mechanism. A queue potential field is implemented to make 

packets spatially convergent by exploring local information of queue length. Abbasi-

Daresari et al. [192] proposed sparse random measurement matrix based weighted 

compressive data aggregation technique in which energy efficient routing trees are formed. 

Further, Cluster-based Weighted Compressive Data Aggregation mechanism is proposed 

and applied to every cluster which reduces the number of sensors during every compressive 

sampling measurement. Kandukuri et al. [193] developed pre-filtration method to suppress 

a huge amount of correlated or redundant data transmissions to maximize battery lifetime of 

nodes. Further, a data aggregative window and function and relative variation are used to 

exploit temporal and spatial redundancies in Cluster-Head (CH) nodes. This technique helps 

to provide reliable data towards the base station. Tang et al. [194] proposed bio-level 

Voronoi diagram based data aggregation technique which integrates routing, Multiple 

Access Control (MAC) and topology control to improve energy-efficiency. 

2.3.5 Latency based Data Aggregation Techniques 

Li et al. [195] presented distributed data aggregation algorithm namely Cell-Aggregation 

Scheduling (Cell- AS) which uses physical interference model. It uses time slots to finish 

the task of aggregation using the ratio between the shortest and longest link length in WSN, 

which divides the network into cells to alleviate the need of global information. Liu et al. 

[196] proposed approximation based conflict-aware DAT to reduce latency. It used switch 

beam and steering beam antennas with protocol interference model. Li et al. [197] proposed 

Markovian chain based waterfalls random partial aggregation technique to analyse the 

Trade-Off Index (TOI) of different applications. It is observed that the trade-offs among 

data accuracy, delay and energy depend upon the application’s requirement.  
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2.3.6 Network Lifetime based Data Aggregation Techniques 

Yum [198] presented distributed data aggregation technique using smoothing 

approximation function and underlying routing scheme. It combined data aggregation with 

maximum lifetime optimized routing. Reducing the traffic across the network and applying 

data aggregation to compress the traffic data extended network lifetime. Wang et al. [199] 

proposed a joint mobility and routing algorithm for aggregation to extend the network 

lifetime of WSNs. Heterogeneous networks have been considered as collection of both 

mobile and static nodes. Mobile nodes release the load of highly loaded network within a 

two-hop radius of BS and enhance the network lifetime. Only limited number of nodes is 

having the location of mobile node and hence decreases the computational cost.  

Shan et al. [200] presented the problem of finding a shortest path tree while applying data 

aggregation with the maximum lifetime. The problem is transformed into a tree in a 

polynomial time and is solved by load balancing approach. Azad and Sharma [201] 

presented Pareto-optimal theory based multi-criterion decision-making approach for 

effective data aggregation. The selection of CHs is based on energy consumption and 

cluster density.  

Asemani and Esnaashari [202] proposed Learning Automata based aGgregation (LAG) 

algorithm to find the route to transfer data after aggregation. It is capable of adapting itself 

dynamically in changing environment and to choose innovative paths towards the sink 

consequently. Every node is trained with Learning Automata (LA) which aids the sensor 

node to choose its next hop for transferring data towards the sink. Awang and Agarwal 

[203] proposed data aggregation technique where aggregator nodes were speculated without 

being dependent on global knowledge. Each data packet generated by a node is identified 

by an aggregation ID. The nodes that are closer to the aggregator node are favoured for data 

forwarding process. Ngoc-Tu et al. [204] proposed virtual data aggregation trees based data 

aggregation technique to improve network lifetime. In this technique, a local-tree-

reconstruction-based scheduling algorithm is designed to solve maximum lifetime data 

aggregation tree scheduling problem. Further, network lifetime of different number of 

sensors is analysed and experimental results shows that proposed technique is effective in 

improving network lifetime.  
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2.3.7 Nature-inspired Optimized Data Aggregation Techniques 

Misra and Mandal [205] proposed Ant colony based DAT to design aggregation tree. The 

Node Set act as an input to this algorithm and ants are assigned to the nodes. The routes are 

searched by ants and are communicated via pheromones. The node potential is considered 

as an estimate of distance to the final destination.  Each ant iterates until an aggregation tree 

is constructed and converges to an optimal solution. Yucheng and Fan [206] presented 

energy based DAT in which data aggregation tree is constructed to transfer the sensed data 

to single sink node using the path designed by pheromone in ant colony algorithm.  

 Lin et al. [207] presented network lifetime based Data Aggregation Ant Colony Algorithm 

(DAACA) technique. The value of energy and amount of pheromone of neighboring nodes 

can be estimated to dynamically select the next hop for transmission. Based on local and 

global information, pheromones are adjusted after certain number of transmission rounds. 

Ho et al. [208] presented ladder diffusion and ACO based data aggregation technique to 

find path for transmission and data relay while preventing the generation of circle routes. 

Back-up routes are also maintained in case of path failure.  Lu et al. [209] proposed semi-

structured multi-objective tree based dynamic data aggregation protocol. Paul and 

Gopinathan [210] proposed Ant Colony Optimization (ACO) based hybrid data aggregation 

mechanism to aggregate fruitful messages through shortest path. Anomaly messages are 

identified and removed by Support Vector Machine based classification.  

2.3.8 Scheduling based Data Aggregation Techniques 

The energy consumption is reduced when the nodes are in idle state of listening by 

switching the nodes into sleeping state at regular intervals or randomly [211]. The 

algorithms can be contention free, based on contention or hybrid in nature. Two protocols 

Low Power Down link MAC Protocol (WiesMAC) [212]  and Short Preamble MAC 

Protocol (X-MAC) [213], based on contention, maximize the duration of the state of 

listening by adaptive preface sampling. Higher energy consumption is incurred for multiple 

hops routing in WiesMAC. The energy in X-MAC is reduced at both transmitting and 

receiving ends by reducing the length of preface sampling and by utilizing an adaptive duty 

cycle. 
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The contention free protocols, namely energy saving Sensor-MAC (SMAC) and energy 

saving with adaptive nature Timeout MAC (TMAC) [214] etc. are able to record the 

sleeping and active period of nodes. There are few protocols that are periodic in nature 

[214]. The nodes themselves do the synchronization of time slots and the frame. TMAC 

reduces the duration of listening mode [214]. When no data is received during listening 

state then node enters into sleeping state but in case of an event driven application, 

convergence is not obtained. It is solved by Utilized- Media Access Control (UMAC) by 

harmonizing duty-cycle with the traffic. TDMA [215] solves this issue by modifying the 

frame length of TDMA. The count of source nodes is the basis of frame length. CH cannot 

provide more than a single time slot in a frame even if the node demands more.  

The distributed scheduling algorithm [216] is based on colouring protocol TDMA-CA and 

uses the idea of dimensional re-use of the channel. Different colours are assigned for 

conflicting sensors in the network and distinct slots are arranged for transmissions for every 

colour. The extra overheads are added for synchronizing activities in the network. The 

cluster-wide correlated grouping algorithm [126] presents a combined notion for spatial and 

temporal partitioning of nodes. By making it adaptive in [217], the degree of temporal 

fusion is administered by the event frequency and fusion’s spatial degree is administered by 

the ratio of fusion at the CH. The whole data fusion process is in the control of sink, which 

transmits the spatial and temporal degree. In Grid based Spatial Correlation Clustering 

(GSCC) protocol [218], nodes having highly similar values are placed into same clusters.  

Hu et al. [219] presented timing control protocol based dynamic DAT to calculate the 

minimum aggregation period and to reduce energy consumption and latency. As per 

required quality of data aggregation, aggregation time period can be dynamically changed. 

An intelligent timer and high level knowledge of the network is considered. Data sink 

requests for certain number of reports with maximum latency period. If the number of 

reports is received before the maximum time, then the value of minimum aggregation time 

is changed.  

Yu et al. [220] proposed maximal independent sets based distributed data aggregation 

technique to produce collision-free schedule. It uses greedy strategy to improve time 

latency. This algorithm works through Construction of distributed aggregation tree and 

distributed aggregation scheduling using underlying MAC protocol for distributed nature. 
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The underlying model can adapt itself and can schedule according to the network conditions 

as some node dies or joins the network. Bagaa et al. [221] proposed semi-structured and 

unstructured based data aggregation mechanism to construct and execute aggregation tree 

simultaneously. This algorithm works through network organization and simultaneous data 

aggregation tree construction and data scheduling. 

Li et al. [222] modified the algorithm by Bo [220] and presented distributed DAT to 

generate a collision-free schedule. It is implemented by using breadth first search tree at 

sink node. Jhumka et al. [223] proposed collision free Data Aggregation Scheduling (DAS) 

in which sensor nodes aggregate data and transfer to a sink node by using TDMA. Joo et al. 

[224] presented delivery delay based DAT using node-exclusive interference model. Two 

types of approaches namely Myopic and Non-Myopic have been considered for scheduling 

present state and future requirements respectively.  

Bagaa et al. [225] proposed Distributed scheme for Integrated tree Construction Algorithm 

(DICA) along with data aggregation. A collision-free schedule is determined to find the 

route with minimum time duration to transfer aggregated data to the BS from sensor nodes. 

During tree formation, a node has multiple available options for the selection of the parent 

node. Kwon et al. [226] presented timeout control based data aggregation mechanism which 

enables the changes in timeout period dynamically as per currently accumulated data at a 

node. The routing layer is given prominence over MAC layer that was followed 

traditionally.  

2.3.9 Tree based Data Aggregation Techniques 

Tan et al. [227] proposed energy based autonomic data aggregation mechanism named 

Localized Power-Efficient Data Aggregation Protocols (L-PEDAP). The Local Minimum 

Spanning Tree (LMST) [162] and Relative Neighborhood Graph (RNG) topologies have 

been used to construct a MST.  Based on MST, the position of next adjacent hop is 

calculated to find the shortest path between sender and receiver to increase the network 

lifetime. Kumar and Rajkumar [128] proposed approximation based Semantic Correlation 

Tree (SCT) data aggregation technique. 

Virmani et al. [127] presented Adaptive Energy aware Data aggregation Tree (AEDT). 

Hakoura and Rabbat [228] presented Collective Tree Protocol (CTP) based data aggregation 
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mechanism and compared CTP with Broadcast Gossip and Pairwise Randomized Gossip 

algorithms. Intanagonwiwat et al. [27] proposed tree based data aggregation technique in 

which greedy approach is used to adjust points of aggregation to increase the amount of 

path sharing.  Data centric reinforcement mechanism is used to construct an energy efficient 

tree.  Lin et al. [229] proposed Evolutionary Game-Based Data Aggregation Model 

(EGDAM). The adjustment of weights between the sensors is considered as a game. An 

optimal weight distribution is achieved at Nash Equilibrium in weight allocation.  

Paul and Gopinathana [210] proposed Ant Colony Optimization (ACO) based hybrid data 

protocol. Lu et al. [209] proposed semi-structured multi-objective tree based dynamic data 

aggregation protocol in which ACO is used to find the optimal route for data transmission. 

Concept of sliding window is used for prediction of arriving packets to improve the 

aggregation probability and to reduce the transmission delay. The convergence of packet 

transmission is achieved from both temporal and spatial point of view. Villas et al. [230] 

proposed scalability based data aggregation mechanism i.e. Dynamic and Scalable Tree 

(DST), to create a scalable and dynamic structure and to reduce the problem of load 

balancing. In this approach, there are Collaborator, Coordinators and Aggregators. A relay 

node forwards the data towards BS, while Aggregator nodes forward the aggregated data 

from two or more Coordinators. Ibrahim et al. [231] presented Bayesian belief network 

algorithm based data aggregation technique in which data is transferred from aggregator to 

sink in different parts. Further, OriginPro software is used for experimental purposes and 

energy is saved due to lesser transmission of data. 

2.3.10 Prediction based Data Aggregation Techniques 

Wei et al. [232] proposed prediction based data aggregation technique by using double-

queue mechanism to enable synchronization between sensor node and sink node to reduce 

cumulative error of continuous predictions. Three algorithms are designed: Grey-Model-

based Data Aggregation (GMDA) used to process data series noise, Kalman-Filter based 

Data Aggregation (KFDA)  used to predict accuracy and Combined Grey model and 

Kalman Filter Data Aggregation (CoGKDA) used to increase prediction accuracy. Jiang et 

al. [233] proposed energy-efficient data aggregation technique in which adaptive 

mechanism is used to enable or disable the prediction of performance. For rapid 
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propagation of aggregates, cluster to cluster propagation is used instead of node to node 

propagation. 

Meng et al. [234] presented clustering based data aggregation technique DACP in which 

entire network is divided by sink node into different clusters and CH node is selected from 

every cluster to predict the data coming from different sources. The received predicted data 

is compared with sensed data to decide that whether to send this data further or not. Energy-

Efficient Prediction Clustering Algorithm (EEPCA) [235] is proposed to reduce energy 

dissipation and prolong network lifetime. This approach is based on heterogeneous WSNs. 

It is adaptive in nature as it enables the nodes to select the CH according to energy and 

communication cost. A node with higher residual energy has higher probability to become a 

CH as compared to other nodes and thereby the energy dissipation is balanced.  

2.3.11 Structure Free Data Aggregation Techniques 

Yousefi et al. [236] proposed structure-free Real-time data Aggregation (RAG) protocol. 

Two mechanisms are considered for spatial and temporal convergence of packets. 

Judiciously Waiting policy is used for temporal convergence and Real-time Data-aware 

Anycasting policy is considered for spatial convergence of packets. Dietzel et al. [237] 

proposed fuzzy logic based approach for structure-free data aggregation technique for 

applications which require periodic dissemination of information. Fuzzy logic is used to 

take decisions based on flexible and extensible set of inputs and outputs to satisfy the 

different requirements of applications. The decision is made on the basis of correlation in 

the data. Haghighi et al. [238] presented a stochastic time-domain method for burst 

aggregation of data in IEEE 802.15.4 protocol under the assumption of arrival of burst 

traffic which helps to find a station level information such as failure distributions, collision 

and delay etc. using bottom-up approach. Ren et al. [239] proposed packet-driven timing 

algorithm based Attribute aware Data Aggregation (ADA) technique. The data has been 

gathered from different heterogeneous source nodes and therefore attributes of packets may 

differ. An attribute aware data routing is proposed that makes the packets with the same 

attribute spatially convergent. 
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2.3.12  Evolutionary Game based Data Aggregation Techniques 

Engouang et al. [240] presented game based data aggregation mechanism by considering 

ZigBee and Self-Fulfilling Belief (SFB) for two player’s game theory. It provided collision 

free communication to the nodes. Claude Shannon’s information theory is considered for 

maintaining privacy. Based on SFB, every player plays its best with its energy parameter 

and also assumes that other players are also trying their best to win the game. EGDAM 

[229] is a data aggregation technique used to map the cooperation and competition in 

aggregation process into games through theoretic model to improve resilience. Based on 

this technique, Evolutionary Game based Adaptive Weighing Algorithm (EGWDA) is 

proposed for pixel level data aggregation. The adjustment of weights between the sensors is 

considered as a game. An optimal weight distribution is achieved when a Nash Equilibrium 

is achieved in weight allocation. 

The comparison of DAT in reference to QoS parameters is presented in Table 2.3.  

2.4 Multi-objective Optimization in WSNs 

The aim of Multi-objective optimization algorithms is to optimize the conflicting goals in 

WSNs simultaneously[241][242][243]. Most of these algorithms try to optimize the 

consumption of energy while considering other conflicting goals together. Jin et al. [244] 

presented a technique for cluster formation to optimize the number of CHs and 

communication distance using Genetic Algorithm (GA). The fitness function is based on the 

total distance between the BS and CHs, total distance between the CHs and non-CHs nodes 

and the difference between the number of all nodes and the number of CHs. Weights are 

assigned to the input parameters, which transform the multi-dimensional optimization 

problem to single-dimension. Ouchitachen et al. [245] proposed an Improved Multi-

Objective Weighted Clustering Algorithm (IMOWCA) in which network is divided into 

number of clusters and a set of sensors is selected based on residual energy. The major 

objective is to provide a good level of communication in a network for which a Base Station 

Genetic Algorithm (BGA) is proposed. 
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Table 2.3 Comparison of Various Data Aggregation Techniques in Terms of QoS Parameters 

Data 

Aggregation 

Technique 

Subtype Energy Delay 

Packet 

Delivery 

Ratio 

Degree of 

Data 

Aggregation 

Reliability 
Network 

Lifetime 

Data 

Accuracy 

Transmission 

Cost 

Node 

Density 

Computational 

Complexity 
Throughput 

Communication 

Cost 

Adaptive 

DA 

Energy and 
Latency 

   
         

Application   
 

 
        

Cluster 
    

 
       

Energy   
   

 
      

SCT 
      

 
    

 

Distributed and 

Energy      
 

      

Robust   
         

 

Cluster 
based DA 

Adaptive 
    

 
       

Distributed 
           

 

Hybrid  
 

  
 

 
      

Head Selection 

Scheme 
 

    
 

      
Two Tier 

Clustering 
 

           

Balanced 
Clustering 

 
    

 
      

Group of Clusters  
           

Energy 
  

 
  

 
 

 
    

Adaptive and 

Energy      
 

      

Bandwidth - 
         

 
 

Load Distribution 
     

 
      

Bandwidth and 
Energy 

 
           

Diffusion & 

Clustering  
 

       
 
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Data 

Aggregation 

Technique 

Subtype Energy Delay 

Packet 

Delivery 

Ratio 

Degree of 

Data 

Aggregation 

Reliability 
Network 

Lifetime 

Data 

Accuracy 

Transmission 

Cost 

Node 

Density 

Computational 

Complexity 
Throughput 

Communication 

Cost 

Hierarchical  
           

Concealed 

DA 

Hierarchical 
    

 
       

Recoverable 
       

 
    

Multiple-

Application 
 

   
 

       

Trust management 
         

 
  

Balance privacy-

preserving     
 

      
 

Privacy Awareness  
      

 
    

Energy 

based DA 

Secure Pattern  
         

 
 

Hierarchical  
    

 
      

Co-operative 
     

 
      

Distributed and 
Latency 

  
          

Compressed  
           

Data Accuracy 
     

 
      

Tree Based  
           

Privacy Based 
      

 
  

 
 

 

Design of Structure 
based 

 
  

 
     

 
  

Game based 
 

  
       

 
 

Reliability based  
    

  
     

Static Clustering  
     

 
     

Delivery Delay 

based  
 

   
 
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Data 

Aggregation 

Technique 

Subtype Energy Delay 

Packet 

Delivery 

Ratio 

Degree of 

Data 

Aggregation 

Reliability 
Network 

Lifetime 

Data 

Accuracy 

Transmission 

Cost 

Node 

Density 

Computational 

Complexity 
Throughput 

Communication 

Cost 

Multi-objective 

meta-heuristic 
 

   
 

       

Remote component 

binding 
  

          

Delay-aware   
          

Heterogeneous 

network 
 

     
 

     

Dynamic  
           

Latency 

based DA 

Adaptive and 

Energy 
   

         

Distributed 
 

 
          

Conflict aware 
 

 
          

Network 
Lifetime 

based DA 

Energy  
    

 
      

Linear 

Programming 
 

           
Precision 

Constrained 
 

    
 

      

Distributed 
   

 
 

 
      

Shortest Path based 
            

Multi-criterion 

decision-making 
  

          

Learning Automata 

based 
 

    
 

      

End-to-end delay  
 

 
         

Network 

Density 

based DA 

Tree  
           

Cluster 
    

 
       

Nature-

inspired 

Optimized 
DA 

Search Space based 
            

Energy  
           

Network Lifetime  
 

 
      

 
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Data 

Aggregation 

Technique 

Subtype Energy Delay 

Packet 

Delivery 

Ratio 

Degree of 

Data 

Aggregation 

Reliability 
Network 

Lifetime 

Data 

Accuracy 

Transmission 

Cost 

Node 

Density 

Computational 

Complexity 
Throughput 

Communication 

Cost 

Ladder Diffusion  
           

Tree 
 

 
 

 
        

Hybrid 
      

 
    

 

QoS based 

DA 

Energy   
    

 
     

Waterfalls Random 
partial aggregation 

  
    

 
     

Network Lifetime 
and Fault Tolerance      

 
      

Time & Energy   
   

 
      

Cost 
   

 
        

Scheduling 
based DA 

Dynamic  
           

Distributed 
 

 
          

Semi-Structured 

and Unstructured  
 

   
 

      

Improved 
Distributed  

 
          

Collision Free 
 

 
          

Delay based 
 

 
          

Integrated tree 
construction 

  
          

Timeout Control 

Scheme 
  

          

Tree based 

DA 

Energy  
    

 
      

Adaptive and 
Energy 

 
    

 
      

Hybrid 
      

 
    

 
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Data 

Aggregation 

Technique 

Subtype Energy Delay 

Packet 

Delivery 

Ratio 

Degree of 

Data 

Aggregation 

Reliability 
Network 

Lifetime 

Data 

Accuracy 

Transmission 

Cost 

Node 

Density 

Computational 

Complexity 
Throughput 

Communication 

Cost 

Collective Tree 

Protocol        
 

    

Energy oriented 

cluster based 
 

           

Greedy approach   
          

Prediction based 
      

 
    

 

Structure-free real-

time 
    

        
Evolutionary game-

based  
  

         

Dynamic 
 

   
        

Scalability 
   

 
       

 

Prediction 
based DA 

-  
     

 
    

 

Structure-

free DA 

Real time     
        

Stochastic time-

domain   
 

  
 

      

Attribute-aware 
  

 
     

 
   

Evolutionary 
game-based 

DA 

- 
 

 
 

 
        

Hybrid DA - 
     

 
      

 

 



72  Chapter 2  Literature Survey 

 

Hussain et al. [246] presented a technique for cluster formation based on GA, in which 

fitness function is calculated in terms of the total distance between all the BS and nodes, 

total distance between CHs and non-CH nodes and distance between CHs and BS, standard 

deviation of the distances from CHs, the energy dissipation for the delivery of gathered data 

in CH to BS and the number of transmission. A weighting coefficient is assigned to each 

parameter in fitness function, which is adaptively updated in iterative manner and therefore 

the multi-objective optimization problem is transformed into single-objective problem.   

Peiravi et al. [247] proposed an algorithm which is based on Pareto-optimal method to 

address multi-objective clustering problem. It results in generation of number of optimum 

solution points rather than a single optimum solution. The network lifetime and the number 

of the hop between nodes and BS are optimized using centralized control. Ozdemir et al. 

[248] presented a Multi-Objective Evolutionary Algorithm based on Decomposition 

(MOEA/D) to optimize the energy conservation and to maintain required coverage in 

clustering based WSNs. Lu et al. [249] presented Jumping Particle Swarm Optimization 

(JPSO) using an adaptive double layer encoding scheme to obtain Pareto-optimal solution. 

Jameii et al. [250] presented Multi-Objective Optimization Coverage and Topology 

Control(MOOCTC), in which conflicting objectives namely number of active sensor nodes, 

coverage and network connectivity were optimized. The domain-specific knowledge is 

considered while obtaining the required solution along with LA to adapt the mutation and 

crossover rates dynamically without external control. 

Prasad et al. [251] proposed Multi-Objective Particle Swarm Optimization Differential 

Evolution (MOPSO-DE) approach for efficient clustering of nodes in WSNs. The CHs are 

selected based on fitness functions in terms of transmission energy and distance between 

source and destination. Residual energy and signal strength of neighbouring nodes are also 

considered while routing the data and selection of CH. Attea et al. [242] utilized Non-

dominated Sorting Genetic Algorithm-II (NSGA-II) to take decision regarding location of 

mobile sensor nodes to provide longer network lifetime and high coverage by maximizing 

both number of detected targets and network lifetime. Xue et al. [252] utilized a Multi-

Objective Differential Evolution (MODE) algorithm in which latency and energy are 

considered to generate optimal routes between source and destination. Konstantinidis et al. 
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[253] presented an optimized solution for the deployment and for determining the energy 

levels of transmission of sensors based on MOEA/D. 

2.5 Research Challenges  

Although research in WSNs is evolving over the past few decades, still there are number of 

research issues that need to be addressed [254][255]. Few of these research areas are listed 

as follows: 

 Route Discovery and Maintenance: The main issues in multipath routing are: how 

many paths are sufficient to provide reliability and fault tolerance; how paths are 

discovered and maintained and based on what parameters optimal paths are 

discovered. Based on the signal strength and residual energy of node, intermediate 

node selects the next node to forward the data to the destination. It is also checked 

that the selected node should not be malicious node based on trust factor; otherwise it 

will cause transmission delay and will hamper confidentiality of data. Due to 

continuous topological changes, route discovery is more challenging in WSNs. 

Multipath routing protocol selects another optimal path in case of path failure. Path 

maintenance is a complex and continuous task which needs updated information of 

network to be maintained. 

 Efficient Routing: In order to provide energy efficient data dissemination, routing 

plays a vital role. Under high network load conditions, traffic can be split over 

multiple paths which are discovered during route discovery phase using data 

dissemination algorithms. But, the concurrent use of multiple alternate paths results 

in inter-path interference which results in degradation of performance of the network. 

When multiple paths are concurrently used, then there must be some data 

aggregation procedure to merge the data together before sending to the BS or Sink 

for efficient utilization of resources like bandwidth, time and energy etc.  

 Redundancy: Sensor nodes sense the similar data in densely deployed regions and 

forward it to the Sink node. Sink node and CHs dissipate their energy unnecessarily 

in processing this redundant data. So, to improve the network lifetime, there is a need 

of redundancy elimination. Data aggregation functions reduce redundancy but may 

increase delay as the data from the nearer sources may have to be held back at an 
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intermediate node in order to be aggregated with data coming from sources which are 

far away. In the worst case, the delay in case of aggregation will be proportional to 

the number of hops between the sink and the farthest source. 

 Quality of Service (QoS): QoS demands based on applications while performing 

data aggregation is an open research issue in WSNs. The various QoS parameters 

which can be considered are energy, delay and reliability etc. Some researchers made 

efforts to provide the required level of QoS parameters based on the underlying 

application. 

 Data Accuracy, Reliability and Fault-Tolerance: Data aggregation accuracy 

means how closely the aggregated data matches with the original sensed data. In data 

aggregation process, as the level of aggregation increases, the data accuracy of the 

sensed data decreases. Due to time-varying network conditions and dynamic 

topology, providing reliability and fault tolerance is a very challenging task in data 

aggregation. Depending upon the power or energy available several methods have 

been used to determine the residual energy of the network for their self-organization. 

 Power-saving Modes of Operation: A sensor node enters into a sleep mode, when 

there is reduced or no activity running. This will save the energy and can prolong the 

network lifetime. The transition management for these nodes is open to research. 

2.6 Chapter Summary 

In this chapter, the existing research work on multipath routing in WSN is presented. The 

existing work has been analysed in various ways like types of multipath routing protocols 

and QoS based comparison of multipath routing protocols. The load balancing and data 

aggregation techniques and their sub types in detail are explored. Key discoveries in these 

areas occurred after 2001 are found. The existing research is presented in chronological 

order. The design of data aggregation techniques for a specific network application will 

depends on the aims and objectives.  



 
75 

Chapter 3  

                                                                             

Dynamic Adaptive Hierarchical Data Aggregation 

for Wireless Sensor Networks 

The WSNs sense and collect the various types of attributes such as light, temperature, 

humidity and seismic activities etc. for processing, analysis and decision making. This 

captured data is used to detect occurrence of certain events and to take the appropriate actions 

accordingly. The efficient methods in routing, data aggregation and localization are needed to 

design a reliable WSN. In this work, the problem of data aggregation has been considered to 

improve the network lifetime. The main goal of data aggregation algorithm is to minimize the 

amount and size of data transfer. These techniques decide which data reading to be 

transmitted and what is the most appropriate timing to transmit the collected data. Since 

aggregation algorithms can decide not to send some data records at certain time periods in 

order to save battery power, the aggregated data may not reflect the actual recorded values. 

This might affect the accuracy of the decisions, taken by the system. Data accuracy of the 

aggregated data is, therefore, a major concern in the field of data aggregation algorithms to 

ensure accurate system decisions.  

The WSNs can be deployed via uniform and non-uniform distribution of nodes. In uniform 

networks, some nodes die with time when their energy is exhausted, which may result into a 

non-uniform distribution at some point. WSNs can, hence, be networks of evolving nature 

since the distribution of the sensors in the networks may change with time. The values of the 

sensed data can, also, change distributions. The data readings can either change gradually or 

have sudden bursts. Sudden changes in values of specific sensors of the network can happen 

due to the occurrence of any event, for example, natural hazards in field applications or 

sudden medical disorder in health applications can result in such changes. These changes 

would be of interest to capture their data values in order to ensure that no important events in 
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the sensed field are missed. Therefore, a clustering based data aggregation is required which 

can provide the required level of data aggregation along with adequate accuracy. 

A novel Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) algorithm has been 

presented for evolving, uniform and non-uniform networks while maintaining the data 

accuracy. The functionality of the proposed technique is divided into four phases:  

Information Propagation phase, Network Partitioning phase, Cluster Formation phase and 

Weight based Data Aggregation (WDA) phase. The proposed algorithm is able to handle 

sudden bursts in the data by recording the information in the area of interest for the whole 

event duration. The algorithm performs well in terms of extending the lifetime of the 

network, maintaining the original distribution of the sensors as long as possible, maintaining 

the accuracy of the sensed data and being able to detect and handle sudden bursts of data.  

The proposed data aggregation technique DAHDA has been modified into Extended 

DAHDA (EDAHDA) and Modified EDAHDA based on the level of underlying 

functionalities.  

3.1 Preliminaries for DAHDA  

The new algorithm, Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) is 

proposed to reduce the energy consumption of sensors and increase the network lifetime 

without critically affecting the data accuracy. DAHDA extends the functionality of LEACH-

C [134] as it introduces the concept of weighted sensors. The weights are assigned to the 

clusters to decide which nodes will be selected as Cluster Heads (CHs) and which nodes will 

send their data at certain rounds. The assignment of weights to nodes is based on the residual 

energy and density. The preliminaries for the development of DAHDA has been reviewed 

and summarized in this section. These preliminaries include the review on: 

 Network model 

 Energy model 

 LEACH algorithm 

 Density based clustering 
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3.1.1 Network Model 

A WSN is monitored and commanded by a sink node or Base Station (BS). Sensors nodes are 

divided into several clusters after being deployed. The existing literature shows that a cluster-

based WSN has several advantages such as efficient energy management, better scalability of 

Medium Access Control (MAC) or routing etc. Within each cluster, a Cluster Head (CH) is 

elected which is responsible for collecting and aggregating sensed data from other nodes 

within the same cluster. A CH forwards the aggregated results to the BS. This technique 

saves energy, since not all sensors are required to communicate with the BS directly. In a 

homogeneous WSN, CHs behave as normal sensor nodes. In a heterogeneous WSN, CHs act 

as powerful nodes, in which various types of nodes having varying capabilities are deployed. 

In this proposed work, each node is equipped with GPS unit to provide the location 

information to the BS.  

3.1.2 Energy Model 

An energy model designed in physical layer is used for calculating energy loss in each sensor 

node for various network operations while communicating with the other nodes[256]. Two 

channel propagation models which are used are the free space (   
power loss) for the purpose 

of one-hop or direct transmission and the multipath fading channel (   power loss) for packet 

transmission via multi-hop. Thus, the energy exhausted for transmission (     of l-bit packet 

over distance   is calculated, as given by Equation (3.1): 

    (            {
             

      

                                
 (3.1) 

where     is free space energy loss,     is multipath energy loss. The electronics energy 

(     ) includes many factors such as modulation, digital coding, the filtering and the 

spreading of the signal etc.   is distance between source node and destination node and     is 

the crossover distance given by Equation (3.2): 

   √
   

    
 (3.2) 
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The energy dissipated for the radio to receive (     this message is given by Equation (3.3): 

     (           (3.3) 

Therefore, the transmission power and receiving power energy levels are designed in 

physical and MAC layer of the WSN. 

3.1.3 LEACH Algorithm  

Heinzelman et al. [133] presented a data aggregation algorithm based on cluster routing 

named Low Energy Adaptive Clustering Hierarchy (LEACH) algorithm. This approach 

works in terms of rounds, where each round is further divided into two phases, namely, setup 

phase and steady state phase. In the first phase i.e. setup phase, based on a threshold, k% of 

total number of nodes ( ) are selected randomly to be CHs in a uniform manner as given by 

Equation (3.4):  

  (     

{
 

 
 

(   (      (
 
 
) 

          

 
           

 (3.4) 

where   denotes the required number of CHs, current round is represented by    and    

represents those set of nodes which have not been chosen as CHs in the last 
 

 
  rounds. It 

gives an assurance that a node which is selected as CH, will not be selected in the following 

rounds until all remaining nodes become CHs in a WSN. This constraint results into fair and 

uniform energy consumption, hence, results into increased network lifetime. In steady state 

phase, actual data transmission takes place. In LEACH, non-uniform networks are not 

considered as CHs are selected randomly and uniformly. After the selection of all CHs, 

clusters are formed dynamically based on distance. In the steady state phase, each non-CH 

node will join the cluster of the nearest CH. According to the Time Division Multiple Access 

(TDMA) schedule, each CH gathers the data from all nodes in its cluster as shown in Figure 

3.1.  
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Figure 3.1 Routing Mechanism of LEACH Protocol 

3.1.4 Density based Clustering 

Density based Clustering (DC) algorithm detects those areas where the objects are densely 

populated in the regions. Low-density regions distinguish these clusters from each other. DC 

based approaches perform significantly better as compared to the hierarchical and partitioned 

algorithms. The arbitrary shaped clusters can be defined as well as can also effectively 

identify noise points. However, two input parameters need to be specified which are difficult 

to estimate: the range of the cluster (  ) and minimum number of points needed within a 

cluster (        ). The general idea of DC approach [257] is as follows: 

Definition 1 (R1 locality of a point):    locality of a point x is represented by   (  . It is 

defined as a set of objects i.e.  , as given by Equation (3.5): 

  (                   (           (3.5) 

Definition 2 (Directly density-accessible): A point   is directly density-accessible from point 

  wrt.    and         , in the set of points  , if Equation (3.6) and Equation (3.7) are 

satisfied: 

      (   (3.6) 

   (               (3.7) 
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Definition 3 (Core object and edge object): A point is defined as a core point if it satisfies 

Equation (3.7). An edge point is density-accessible from another core point and not a core 

point itself. 

Definition 4 (Density - accessible): A point   is density accessible from a point   wrt    and 

         if there is a chain of points         ;       ;       such that       is 

directly density accessible from   . 

Definition 5 (Density-connected): A point   is density-connected to a point  , if there is a 

point       such that   and   are density-accessible to  . 

Definition 6 (Noise): Let                be clusters of the data set   wrt.    and 

        . Here,          denotes number of clusters. Noise is defined as the set of data 

points in   which does not belong to any of the clusters    . 

                                               

Definition 7 (Cluster): Let   denotes a dataset of data points. A cluster   is a non-empty 

subset of   wrt.      and          if the following constraints are satisfied: 

(1) Maximality:                and   is density-accessible from   wrt.     and         , 

then      . 

(2) Connectivity:              is density-connected to   wrt    and         . 

The process of DC algorithm is summed up in Algorithm 3.1. 

Algorithm 3.1 Density based Clustering Algorithm 

Function DC(Dataset              ) 

Begin 

1. Choose an arbitrary point   from a dataset  ; 

2. Find all the points density-accessible from   by random/arbitrary values of   and 

         values; 

3. if   satisfies Equation (3.7), then  

       Consider it as a core point and cluster formation will occur. 

4. if   satisfies definition 3, then  
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Take it as an edge point and other points are not density accessible from   and DC    

retrieve the next point in  ; 

else 

               Noise point is assigned to  ; 

5. repeat the procedure for all of the data points in  . 

End  

3.2 Proposed DAHDA 

After reviewing the preliminaries for the proposed Dynamic Adaptive Hierarchical Data 

Aggregation (DAHDA) in section 3.1, the workflow of the proposed DAHDA algorithm is 

shown in Figure 3.2. DAHDA algorithm works in four phases namely Information 

Propagation phase, Network Partitioning phase, Cluster Formation phase and Weight based 

Data Aggregation (WDA) phase. 

 

Figure 3.2 Workflow of Proposed DAHDA  

The detailed explanation of working of this proposed DAHDA technique is depicted in 

Figure 3.3 as a flowchart. The flowchart shows the actual tasks performed in the four 

aforementioned phases of DAHDA. The explanation of these phases is presented in the 

subsections. In the last step of flowchart, the number of nodes is calculated for each cluster 

for each round. If the minimum number of nodes (represented by         ) required in a 

cluster are not present (in case any nodes die) then the process of cluster reformation will be 

initiated again using Meta-Heuristic Computational – Density based Clustering (MHC-DC) 

algorithm presented in section 3.3. The tasks performed in the four phases are detailed as:  
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Figure 3.3 Flowchart of DAHDA Algorithm 
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3.2.1 Information Propagation Phase 

In the proposed approach, nodes are deployed in the region of interest. Each node sends its 

location and residual energy information to the BS. The whole proposed algorithm is 

executed at power enriched BS. 

3.2.2 Network Partitioning Phase 

Based on the gathered location information, a network is partitioned into four equal quadrants 

(             to achieve better load balancing [258]. The network partitioning provides 

better coverage of the whole region. Figure 3.4 depicts the optimal load distribution approach 

among nodes in a network in the form of quadrants.  

 

Figure 3.4 Network Partitioning in Quadrants 

Nodes are deployed randomly in a         field. The overall network area   is defined 

in Equation (3.10) as follows: 

                   (3.10) 

   
  (        

Where,    denotes the number of quadrants and is defined as      .   denotes magnitude 

of distance and is defined as       . Hence, the overall field is partitioned as given by 

Equation (3.11): 
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 +                 
       

 +               
        

 +                
        

 (3.11) 

The network partitioning in the form of quadrants leads to an energy efficient utilization of 

nodes. In LEACH, some of the cluster members are located very distant and clusters are of 

arbitrary size. Due to this dynamic cluster formation, the energy of distant nodes is exhausted 

very rapidly and leading to the performance degradation of the network. On the contrary, in 

the proposed approach a network is divided into quadrants. Hence, clusters formed within 

these quadrants are more deterministic in nature. 

3.2.3 Cluster Formation Phase 

Density-based Spatial Clustering is widely used in many areas of research due to its ability to 

discover clusters of arbitrary shapes, simplicity and robustness against outlier values. 

However, initially it requires two input parameters for cluster formation: radius of the cluster 

denoted by    and the minimum number of nodes or data points required inside the cluster, 

represented by         . The performance of clustering algorithm is significantly 

influenced by these two parameters. It is very difficult to determine these parameters 

beforehand. The MHC-DC algorithm is used for determining these two parameters in 

proposed DAHDA as presented in section 3.3. 

3.2.4 Weight based Data Aggregation in Proposed DAHDA 

The proposed data aggregation technique i.e. DAHDA is based on centralized data 

aggregation approach. It consists of two phases namely setup phase and steady state phase. 

In the setup phase, DAHDA calculates a weight value,    initially and assigns it to each 

sensor   . The definition of   has been modified.   is defined as the percentage of the 

maximum number of CHs instead of the actual number of CHs as it is defined in the original 

LEACH. A maximum of k% of alive sensors are selected to be CHs based on the calculated 

weights, such that the higher are the weights, the better are the chances for nodes to become 

CHs. Unlike LEACH, DAHDA does not take into consideration the fact whether the node 

was a CH for previous rounds or not. After all CHs are chosen, clusters are formed such that 

each sensor is assigned to its nearest CH. 
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In the proposed algorithm weights, which are assigned to sensors, are calculated as given in 

Equation (3.12): 

             {
                        

                                 
  (3.12) 

Where di is calculated as given by Equation (3.13): 

   
(                                           

 
 (3.13) 

Here    represents the density of a sensor node   ,   denotes the coverage range of sensor     

   is the residual energy of sensor    and         represents the threshold of density to 

determine the node set in areas of low density.          
       

 
  varies as the number of 

alive nodes   varies, where         is the number of sensors that defines the low density areas 

and it is application specific. In this work, so         is selected as 1. Therefore, 

        substitutes to the value of  
 

 
. As the maximum value of    is 1 and the maximum 

value of    is 1, so the term          cannot exceed the value of 1 and the higher the value of 

    or   , the higher is the value of weight   . 

DAHDA selects a set of nodes within each cluster which will send their data readings to 

respective CHs. It is based on a predefined percentage         in steady state phase. 

These nodes are selected based on the assigned weights, so that the nodes having lesser 

weight are considered as better nodes to transmit their data to CHs. The regions which are 

having low densities and nodes which are distant from their CHs are also considered. Nodes 

having densities            may be therefore selected more often because of low weights, 

and thus their lifetime may be shortened. To solve this problem, DAHDA requires that 

sensors in these areas send their data with some probability 𝑝, such that    sensors are 

chosen in each round  ; then if any of these chosen sensors has the value of           , 

then it does not send data to the CH unless it satisfies a probability 𝑝 , which is an 

application specific parameter and can be chosen empirically.  
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3.3 Meta-Heuristic Computational – Density Based Clustering  

The performance of clustering algorithm is significantly influenced by radius of the cluster 

   and the minimum number of nodes or data points required inside the cluster         . 

In this section, an efficient and effective clustering method i.e. Meta-Heuristic Computational 

– Density based Clustering (MHC-DC) algorithm is presented to find the optimal values of 

   and           This approach utilizes the features of Binary Differential Evolution and 

Density-Based Spatial Clustering algorithm to quickly estimate the appropriate values for 

input parameters i.e.    and          automatically. The blend of Tournament Selection 

(TS) method and an analytic way of estimating radius of cluster(    is also utilized.  

In this section, initially a basic Meta-Heuristic Computational (MHC) approach is presented 

for estimation of input parameters of DC algorithm. The blend of DC and MHC approach is 

presented as MHC-DC algorithm in which clusters are formed. 

3.3.1 Meta-Heuristic Computational Algorithm  

Meta-Heuristic Computational (MHC) algorithm is a meta-heuristic based method for global 

optimization over continuous spaces [259]. It is based on the Binary Differential Evolution 

(BDE) structure. The proposed algorithm comprises three basic operations: mutation, 

crossover and selection. The MHC algorithm can be summed up as follows: 

1. Initialization: In this phase, an initial population is generated arbitrarily in   

dimensional space as given by Equation(3.14) as follows:   

  (     
      (       

   (3.14) 

where   (   represents the j
th

 variable of the i
th

 individual, and   
  represents the lower 

limit and   
  denotes the upper limit of j

th
 variable respectively.     (     denotes a 

random value which is uniformly distributed within range  [0..1]. 

2.  Mutation: Two population vectors           are selected randomly and should be 

different from each other. The difference between these individuals     ,     is used by 

scaling factor  . Usually a value is set within a range [0.5 1]  to mutate      and result is 

stored in    as given by Equation (3.15): 
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          (            (3.15) 

3. Crossover: In this operation,    and    are recombined to generate a new individual 

  (    as given by Equation (3.16): 

  (   {
  (          (                    

  (            
  (3.16) 

    (     represents a random number within a range [0 1],        is a randomly 

selected index to  make  sure that the train vector    does not duplicate    and 

Crossover Rate is represented by      . 

4.  Selection: Greedy approach is applied to choose the best solution among the parent 

vector   and trial individual    for the next generation by choosing a cost function   as 

given by Equation (3.17): 

   {
       (     (   

            
      (3.17) 

The detailed algorithm of MHC is discussed in Algorithm 3.2 as follows. 

Algorithm 3.2 Pseudo-code of MHC Algorithm 

Function MHC 

//   𝑝 represents the population and    represents the number of individual in population. 

Begin 

1. Initialize the population   𝑝 by using Equation (3.14); 

2. repeat 

3. for      to    over   𝑝(   do 

                  Perform Mutation operation by using Equation (3.15); 

                  Perform Crossover operation by using Equation (3.16); 

                  Perform Selection operation by using Equation (3.17) using a cost function; 

                end 

                until terminating condition; 

      End 
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3.3.2 Meta-Heuristic Computational - Density based Clustering Algorithm 

A Meta-Heuristic Computational - Density based Clustering (MHC-DC) algorithm has been 

proposed in which the binary coding scheme is adopted. In this approach, a bit string is used 

to represent each individual of population. Some definitions of the proposed algorithm are 

described as follows:  

Radius of Cluster:   Parameter 

   parameter affects the performance of the DC algorithm. In this approach, the blend of TS 

method and an analytical way for estimating R1 is incorporated. TS approach creates more R1 

values with very high diversity until the required blend of          and   values is chosen 

based on its specifications.    parameter is calculated by an analytical way as shown in 

Equation (3.18) [260]: 

   (
(    

   (         (      )       (           

     √     
)

 
    

 (3.18) 

Here,      represents the data matrix of      number of variables and    number of 

objects.     denotes the number of nodes in a locality of a particular node and the factorial 

function is interpolated by  . In each iteration, value of    is calculated and compared with 

the stored    values obtained from previous iterations of TS method. The initial value of     

has high probability by default so that it can be selected among others in the tournament. It is 

highly suitable for the selection of   and         . 

Tournament Selection 

It is the most commonly used strategy for selection in evolutionary algorithms [261]. TS 

selects the   value based on the fitness function (purity) from a population of stored    

values. Better the purity value of each   , more are the chances of it to be chosen. The 

achiever of each tournament is chosen for executing the DC algorithm by the generated 

population (        ). 
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Apply limit over real-coded vectors 

The real-coded vectors are generated by standard GA operations but the required data should 

be in the form of bit strings. A simple method is presented to map these values to 0 or 1 is 

given by Equation (3.19): 

                  (   (                  (3.19) 

Uniform Distributions of Scaling Factor 

A random number of size      bit strings is created from the continuous uniform 

distributions for scaling factor (   in mutation operator. The lower and upper bound are 

represented by      and      respectively. This is given by Equation (3.20): 

           (                 (3.20) 

Performance Metric 

Clustering is an unsupervised classification and is generally harder to measure than a 

supervised approach. The performance of MHC-DC algorithm is measured in terms of Purity 

criterion to evaluate its effectiveness and accuracy. It evaluates the wellness of clusters 

generated and is defined as fitness function in the proposed algorithm. This metric calculates 

the frequency of the most commonly used class/category in each cluster as given by Equation 

(3.21): 

        
 

  
∑          

 
         

 
 (3.21) 

Where,    denotes the total number of samples;    is the number of categories,      
 

  is the 

number of samples in cluster    that belongs to the original class   (          . A large 

purity (approximately 100%) is required for a good clustering. After this phase, the required 

number of clusters denoted by          is calculated. In the next phase, Weight based Data 

Aggregation along with routing mechanism within each cluster is discussed in section 3.2.4. 

The evolution process will terminate when the maximum number of generations is generated 

or when the maximum fitness value is achieved. The elaborated approach of MHC-DC 
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algorithm is presented in the Algorithm 3.3. The entire process of MHC-DC algorithm is 

represented in Figure 3.5. 

Algorithm 3.3 MHC-DC Algorithm for Cluster Formation 

Function MHC-DC (Input Matrix: data set) 

// Declare parameters of Meta-Heuristic Computational (MHC) algorithm; 

//        represents the maximum iterations of MHC algorithm; 

//   represents the number of individuals in population; 

 //     represents the number of decision variables; 

//         represents the best solution in each loop based on the maximum fitness value 

using Equation (3.21). Initially,          =null; 

// Structure of Population is defined 

//   𝑝(            represents  position of each individual point in the search space,   

         

//   𝑝(         represents  fitness/purity value of each individual; 

//   𝑝(       represents solutions of each individual stored which includes              

        and         ; 

Begin 

1.   𝑝  𝑝  𝑝     𝑝    e.g., if               and          then   𝑝  

             //An array is defined for storing global information. 

2. for             do 

           𝑝(                   (            ;  

         //Generate the random initial position value (called MinNodes) based on the number 

of      by using binary coding (0 or 1); 

     𝑝(          𝑝(                          (  𝑝(              

            end 

//MHC Main Loop 

3. for        to         do 

              Call Function MHC as shown in Algorithm 3.2 

              //Update Best Solution of each   𝑝(   

              if   𝑝(                        then 

                                  𝑝(    
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else if (  𝑝(                             (  𝑝(                

                     then 

                              𝑝(    

          end 

           if              (      then  

                   Exit;       /* fitness value==100%*/ 

           end 

end 

end 

 

Fitness Function(         

Begin 

1. Compute an analytical formula of calculating locality radius (    for DC by using 

Equation (3.18); 

2. Execute TS approach to choose    value by high probability (fitness value) among  

stored values of   ; 

3. Execute   (             standalone Algorithm 3.1; 

4. Execute fitness function over DC results by Equation (3.21); 

5. return                      and         

End 

3.4 Extended DAHDA 

This variant is directed to add more to the technical aspects of the algorithm to achieve longer 

network lifetime. The proposed DAHDA is further improved to optimize the total energy 

consumption in the network and is termed as Extended DAHDA (EDAHDA). It adds a 

dynamic nature to one important parameter of DAHDA.  

A new metric, namely, CH-density (    
), is defined to represent the density of clusters as 

given by Equation (3.22): 

    
 

(                                            

(                              
 (3.22) 



92 Chapter 3  Dynamic Adaptive Hierarchical Data Aggregation for Wireless Sensor Networks 

This metric is used to dynamically adjust  , the number of sending nodes for each cluster, 

such that clusters with higher     needs less percentage of nodes than clusters with lower 

   . This is justified as follows: for clusters with high    , the percentage of sending sensors 

could be safely decreased and yet it results in a reasonable number of sending sensors, while 

for clusters with low    , the percentage is required to be increased in order to reach a fair 

and appropriate number of sending nodes. 

 

 

Figure 3.5 Flowchart of Meta-Heuristic Computational - Density based Clustering 
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The percentage of nodes used to transmit data in DAHDA is  , therefore, redefined as given 

by Equation (3.23): 

            

{
 
 

 
 

    

       (            
 

       (            
 

(                      

  (3.23) 

Here           varies from 0.1 to 0.5 (10% to 50%). When              , then the 

algorithm acts as the original DAHDA that is presented in Section 3.2. Since the main target 

is to reduce the number of sending sensors whenever possible rather than increasing their 

density. The maximum limit is set in the above Equation (3.23). The minimum limit is 

application specific and it is chosen to be 10% to ensure that the number of selected sensors 

for big clusters at any time is not very low and therefore data is not lost. 

As it is shown in the Equation (3.23), the value of     is inversely proportional to 

         which means the more nodes a cluster has, the lesser is the percentage of its 

transmitting nodes to transmit the data. Solving the Equation (3.23) for    , the 

minimum               is achieved for those clusters which are having          , which 

means the clusters with ≥ 50% alive nodes are formed in the network. The maximum value of 

               is achieved for those clusters having            means clusters have less 

than or equal to 15% of alive nodes. 

3.5 Modified EDAHDA 

This variant considers the data accuracy while applying EDAHDA on non-uniform WSNs, to 

show that the algorithm does not affect the general accuracy of the collected data. This 

approach has been termed as Modified EDAHDA.  The algorithm includes the adaptivity 

feature that can handle any sudden bursts in the data values making sure that the data in the 

areas of interest is captured continuously.  

The proposed EDAHDA approach has been further modified in order to handle sudden bursts 

in the underlying values of the data. The changes in data may appear according to sudden 

events in the sensed field. Handling such sudden events is based on the actual values of the 
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sensed data. The algorithm should, therefore, keep track of the values of the data for each 

sensor independently. 

For each sensor   , at a specific round  , the change in values of the sensed data affects the 

weight    of the sensor in the network. The more significant the change is, the more is the 

weight reduced to have a better chance to be selected by the algorithm to send its data to CH 

for this specific round. The number of transmitting sensors in each cluster is not affected by 

this improvement. This phase only highlights the area of interest so that the algorithm is more 

attracted to choose sensors in the area of interest for transmitting data to their CHs in order to 

reflect the changes. 

The algorithm keeps track of the changes in values of sensor   , such that for each round  , 

the accumulated average      (    is calculated as the average of values seen so far. The 

difference between the current recorded value and the average is defined as   (    

   (         (  . Suppose that sensor    is located in cluster    at round  . So, it is defined 

as        (   =    (  (     
   The ratio of the difference    (   to the maximum recorded 

difference in cluster    at round  (       (    (        (           (   affects the 

weight. The higher is the ratio   (  , the lower is the weight. The weight formula is modified 

accordingly as given by Equation (3.24): 

    {
      

                       

 

  
              

 (3.24) 

The modification is a plausible solution to reflect the required constraints as follows: 

(i) When there is no change in the readings of sensor   , the density is not affected as    is 

zero and therefore the weight remains the same. 

(ii) As changes occur, the value of   (   starts to affect the weight, such that a larger value of 

 (    means a more serious change. Therefore, a higher is the value of the power and less is 

the overall value of the weight as the density is a fraction;          . 

(iii) The weight reduction is limited, such that the maximum limit of reducing the weight is 

  
 

 , which means to reduce value of    to its half. Comparing the accumulated average for a 

sensor to its recorded values helps to give an indication that this specific sensor has detected 
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some event only if the current recorded value is far from the average value. If so, the 

algorithm is attracted to choose the sensor or group of sensors which have detected an 

interesting event and remains interested in choosing these nodes again until the event is over 

and the values are getting back to regular state. 

3.6 Experimental Settings  

The existing LEACH and the proposed DAHDA algorithm are simulated using NS2. While 

simulating the various scenarios, it is assumed that all nodes can directly communicate each 

other within a communication range. 

3.6.1 Testing Parameters  

The proposed DAHDA algorithm is executed on non-uniform WSNs only. The uniform 

networks are not considered since uniform networks are taken as a special case of non-

uniform networks. While executing the proposed algorithm it is evident that the performance 

of evolving networks is similar to the performance of non-uniform networks, which shows its 

effectiveness to be utilized for evolving networks. The various performance parameters 

which are considered for evaluation of the proposed algorithms are discussed as follows: 

(i) Node distribution through network lifetime: It shows the variation in the 

distribution of nodes in the region of interest by monitoring the network structure 

through the full execution for static regions only. The evolving networks are not 

considered in this measure. 

(ii) Lifetime of first node, last node and average sensor lifetime: It includes the 

monitoring of the round at which the energy of the first node and the last node gets 

exhausted in the network. The average sensor lifetime for nodes is calculated by 

taking the sum of the lifetime divided by the total number of nodes. 

(iii) Number of alive nodes:  This parameter represents the number of nodes which are 

still alive at the end of each iteration. 

(iv) Residual energy: This parameter represents the residual energy for the network at the 

end of each iteration. 
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(v) Data accuracy: This parameter measures the average of the data recorded by 

DAHDA and compares it with the actual average of data to ensure that the sensor 

readings which are aggregated at the BS represent the current situation accurately. 

(vi) Sudden bursts detection: In this, behaviour of the algorithm is monitored to make 

sure that the variations in values are captured. The results are measured in terms of all 

performance parameters except for the first parameter i.e. node distribution. 

3.6.2 Simulation Settings 

The algorithms are tested by taking number of alive nodes         initially where each 

node has a radius of   . A network of size         meters is configured, with a BS located 

at point [25, 50]. The initial energy          of the sensors is set to   . The sensors’ energy 

consumption for transmitting and receiving data in this work is based on the radio model as 

shown in Table 3.1. Apart from these parameters, energy dissipation for data aggregation 

   is taken as 5nJ/bit. 

Table 3.1 Simulation Parameters for Experimental Setup 

Task/Operation Energy dissipation 

Receiver/ Transmitter circuit dissipation       50 nJ/bit 

    10pJ/bit/m
2
 

    0.0013pJ/bit/m
4
 

Message Size   2000 bits 

 

The probability of selecting the maximum number of CHs    is defined as 5%, based on 

results obtained for LEACH. However,   is increased to 15% for the real dataset to reflect 

better cluster functionality. Since using 5% would result in one cluster even at the early 

rounds of the iterations as the real data set which is used has only 18 sensors, so 5% of 18 

results in only one cluster. Finally, the probability of transmitting the data in low density 

areas is set as 𝑝  = 25%. The values of   (for the real data set) and 𝑝  are chosen empirically, 

while the value of   in the case of synthetic data is chosen based on the LEACH results. 
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3.6.3 Network Structure  

The network structures for which the simulation tests are performed are shown in Figure 3.6, 

Figure 3.7 and Figure 3.8 for non-uniform, evolving and real data WSN, respectively.  

 

Figure 3.6 WSN with Non-uniform Sensor Distribution 

  

(a) Initial Network 
(b) Round 2000 

  

(c) Round 5000 
(d) Round 6000 

Figure 3.7 Evolving WSNs 
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The non-uniform network is used for synthetic dataset to show the adaptive nature of the 

algorithm using Modified EDAHDA as shown in Figure 3.6, while the network which is 

shown in Figure 3.8 is used for the real dataset accuracy test as well as for event detection. 

 

Figure 3.8 WSN with Sensors Positioned According to the Sensor Scope Deployment 

3.6.4 Data Sets 

The synthetic and real data sets are used to test the data accuracy of the EDAHDA algorithm 

and to evaluate the performance of the Modified EDAHDA algorithm with adaptivity feature. 

(i) Real Data: To test the data accuracy of EDAHDA, data set is taken from a real-world 

deployment SensorScope (Grand-St-Bernard Deployment)[262]. The data set consists of 

readings which have been collected over 43 days by 18 weather stations with sensors. The 

ambient temperature values are used which are recorded by the sensors to test the data 

accuracy. The files which contain the sensor readings have been checked to eliminate any 

erroneous values which might exist. Also, any readings which are not synchronized due to 

certain sensors going off and back on have been removed before using the files. The 

maximum number of rounds in the simulation is taken as 9300. The GPS positions of the 

sensors in the SensorScope deployment have been used to recreate the actual WSN while 

testing EDAHDA. In all of the simulations, the actual sensor positions are mapped to a 

network size of        . Figure 3.8 shows the location of the different sensors on the 

          grid for real data testing. Although the Grand-St-Bernard deployment is 

relatively small since it contains only 18 sensors, still it is used as data set as it is the most 

suitable data for the testing requirement since most of the recorded sensor readings are 
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already synchronized and the GPS positions of the WSN are available. Therefore many pre-

processing tasks are not needed which might result in major changes in the real sense of the 

data set. 

ii) Synthetic Data: A synthetic data set has been used on a large WSN in order to better test 

the performance of the Modified EDAHDA with the adaptivity feature. The size of the WSN 

for the synthetic data set is taken as 100 sensors. To create the synthetic data for each sensor, 

the recorded ambient temperature values are used from one of the sensors in the SensorScope 

deployment and noise is added to the values. The noise is applied by taking each temperature 

value and shifting it randomly by fixed amount in the range [−2, 2]. This process is repeated 

to create the entire synthetic data set for WSN with 100 sensors. The total number of values 

in the synthetic data set is taken as 9300.The synthetic data set has been applied on the non-

uniform WSN with the sensors positioned as shown in Figure 3.6. 

3.7 Results and Discussions 

DAHDA has been simulated and its performance has been analyzed in terms of node 

distribution through network lifetime, lifetime of first node, last node and average node 

lifetime, number of alive sensors, residual energy, capturing data in areas with events of 

interests and data accuracy. 

Test Case 1: Node Distribution during Network Lifetime 

The initial node distribution in a non-uniform network is depicted in Figure 3.6. Figure 3.9 

shows a structure while executing the EDAHDA. Figures 3.9(a) and 3.9(b) depicts the node 

distribution at rounds 8330 and 8355, respectively. The proposed algorithm can evidently 

successfully handle non-uniform networks as depicted in Figure 3.9. In round 8330, with 

99.5% of the network lifetime, the network still operates with 65% of its nodes. Few of these 

nodes represent the areas with lesser densities. This shows that EDAHDA algorithm 

enhances the lifetime of the nodes at less dense regions so that data readings of these areas 

are not missed. 
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Test Case 2:  Lifetime of First Node, Last Node and Average Lifetime of node 

The lifetime of first node, lifetime of last node and average lifetime of nodes are compared 

when LEACH and EDAHDA are performed on the non-uniform networks as depicted in 

Figure 3.10. As it is clearly shown in the figure, EDAHDA dramatically extends the lifetime 

of first node, last node and the average lifetime when compared to LEACH. The most 

affected variable is the lifetime of first node, which is thrice more than its average value as it 

is shown Figure 3.10. 

 

(a) Round 8330 

 

(b) Round 8355 

Figure 3.9 Node Distribution in Non-uniform WSN for EDAHDA  

This shows that the proposed algorithm tends to save the battery power in the different areas 

of the network as much as possible to make sure that the network captures all data equally. 
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Even when the first node dies, the algorithm makes an effort to save the energy of network 

and operates with less number of nodes which are deployed all over the region of non-

uniform network. As shown in Figure 3.10, the recorded results for lifetime of last node and 

average lifetime of the networks are very close to each other. 

The non-uniform WSN has higher network lifetime as compared to the evolving WSN as it 

can be seen from the lifetime of last node values. Although the network deployment is 

different for evolving and non-uniform networks, both are presented in one figure 3.10 to 

show that the algorithm performs similarly on both evolving and non-uniform networks, as 

the non-uniform can be considered as variant of the evolving networks. 

 

Figure 3.10 Lifetime of Last Node, First Node and Average Lifetime of Node for LEACH 

and EDAHDA 

Test Case 3:  Number of Alive Sensors  

Figure 3.11 shows the number of alive nodes versus number of rounds in LEACH and 

EDAHDA for evolving and non-uniform networks. As it is depicted in the figure 3.11, the 

number of rounds of LEACH on non-uniform networks is around 5200 rounds with about the 

last 1000 rounds performing with less than 5 sensors. Whereas for EDAHDA, the number of 

rounds is increased by more than 3000 rounds resulting in approximately 8500 rounds as 

compared to the existing technique. 90% of the sensors are still performing till the last 200 

rounds where the number of alive sensors starts to drop. Similarly, EDAHDA performs well 

for evolving networks. It saves the power of the sensors to later rounds. Even though the 
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number of remaining alive sensors drops gradually at later rounds, the overall network 

lifetime is, however, increased. 

 

Figure 3.11 Number of Alive Sensors Versus Rounds for LEACH and EDAHDA 

Test Case 4: Residual Energy  

Figure 3.12 presents the total residual energy versus number of rounds in case of non-

uniform networks for LEACH and EDAHDA. It also presents the total residual energy for 

EDAHDA when applied over evolving networks. The figure clearly shows that huge amount 

of energy is saved when EDAHDA is applied to evolving as well as non-uniform networks. 

These above illustrated results in terms of number of alive sensors are also supported by the 

results as shown in Figure 3.11. Since EDAHDA saves sensors’ lives to later rounds of the 

network as it works with higher residual energy than LEACH. 

 

Figure 3.12 Residual Energy Versus Rounds for LEACH and EDAHDA 
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Test Case 5: Data Accuracy 

 The data accuracy of EDAHDA is evaluated using the ambient temperature values from the 

real dataset. The accuracy of the data collected by the EDAHDA is shown in Figure 3.13. 

The figure compares the average ambient temperature that is recorded by EDAHDA to the 

actual average temperature. The average temperature values of EDAHDA are calculated by 

finding the average values of the temperature which are collected from the sensors, which are 

selected by the algorithm in every round. The actual average temperature is basically the 

average value of all the temperature readings which are recorded by all the sensors in the 

field. The figure shows that EDAHDA maintains higher data accuracy. It records an average 

change of only 7% from the actual average. 

 

Figure 3.13 Data Accuracy of EDAHDA 

Test Case 6: Capturing Data in Areas with Events of Interests 

The performance of the Modified EDAHDA with adaptivity feature is evaluated by capturing 

sudden bursts or events in the underlying values of the data. The performance is evaluated by 

introducing sudden events into the synthetic and real dataset files and then running the new 

data on EDAHDA (original and modified version with adaptivity feature) to highlight the 

difference. In addition, the events take place over a specific area in the sensed field, means 

that only part of the sensor network is able to detect the event. For the simulation, an event is 

defined using three parameters: change in the underlying temperature, event duration in 

simulation rounds and coordinates of the rectangular area in which the event lies. The 

events which are introduced in the synthetic dataset are shown in Table 3.2. Figure 3.14 

shows the area of the events on the sensed field. From the figure, there are ten sensors in the 
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event area for events 1 and 2, while for events 3 and 4 the number of sensors is seven. One 

factor that affects the performance of EDAHDA in capturing sudden events is the number of 

sensors in the event area (event-area sensors) that eventually sends the event-data to their 

CHs. Another factor is capturing the event throughout its whole duration. The event is 

represented more accurately if a high number of event-area sensors send the event data and if 

the event data is recorded for the whole event. To evaluate the performance of EDAHDA in 

capturing events of interest, a new metric i.e.                 is defined in Equation (3.25): 

                
                                         

𝑝                                 
 

(3.25) 

 

Table 3.2 List of Events 

Event ∆Temperature Rounds Event Coordinates 

1 +25.0 2000-2020 (26,30),(34,22) 

2 +15.0 4000-4020 (26,22),(34,22) 

3 +20.0 5000-5020 (46,34),(50,24) 

4 +30.0 7000-7020 (46,34),(50,24) 

 

 

Figure 3.14 Position of the Events 1, 2, 3, and 4 in the Sensed Field 

The possible number of event sensors is the maximum number of event sensors nodes which 

can be selected in a given round. This value depends on the number of sensors that will send 

data to the CHs. EDAHDA will choose the number of sending sensors for each cluster in 

each round. 
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To illustrate, consider the following case in which the current round has two clusters (   and 

  ). Cluster    has three event sensors along with other sensors, while cluster    has no event 

sensors. It is assumed that each cluster will have one sensor which will send the sensed data 

to the CH. In this case, the possible number of event sensors is one because at most one event 

sensor can be selected from cluster   . The actual number of event sensors selected can be 

either zero or one depending on whether or not any event sensor will eventually be chosen 

from cluster   . The possible number of event-sensors cannot be zero because in each round 

at least one sensor from each cluster will send the data. The                 value becomes 

1, if all the possible event sensors are actually selected by EDAHDA to send the event data to 

their respective CHs. 

Figures 3.15 show the                 for the original and Modified EDAHDA algorithms 

under the events which are specified in Table 3.2. From the figures, it is evident that the 

detection ratio for the Modified EDAHDA is higher than that of the original EDAHDA for 

the duration of the different events with the exception of few rounds. Outside the event 

window, the detection ratio value for the Modified EDAHDA becomes closer to the original 

EDAHDA. There are a few cases, rounds 2013 and 2017 in Figure 3.15(a) and round 4009 in 

Figure 3.15(b), in which the                 of the Modified DAHDA is equal to or lower 

than that of the original DAHDA.  

These six rounds might reflect some of the cases where far away sensors (sensors with low 

density that is less that        ) are having low weights (lower than the sensors in the area of 

interest) and therefore attract the algorithm to choose these nodes for sending data to their 

CHs. Again, it is emphasized that a higher detection ratio during events means that the events 

are captured more accurately. Thus, it is clear that the Modified EDAHDA performs better 

than the original EDAHDA in detecting sudden events by biasing its sensor selections 

towards the sensors in the events area. 

The modified EDAHDA algorithm is also simulated on the real dataset with a single event. 

Figure 3.15(e) shows the detection ratio for both versions of EDAHDA during the event. In 

Modified EDAHDA,                  is constantly one throughout the duration of the 

event resulting in better event detection. 
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(a) Event 1 

 

(b) ) Event 2   

 

(c) Event 3 

 

(d) Event 4 

 

(e) Detection ratio for Real Data Set 

 

Figure 3.15 Sudden Burst Detection Ratio of EDAHDA and Modified EDAHDA with 

Adaptivity for the Synthetic Dataset  
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Test Case 7: Packet Delivery Ratio Vs. Number of Iterations 

The value of Packet Delivery Ratio (PDR) with respect to number of iterations has been 

calculated for Modified EDAHDA, EDAHDA, DAHDA, VIBE and EHEED. As shown in 

Figure 3.16, with the increasing number of iterations, the receiving rate of data packets is 

decreasing due to decreasing residual energy. Initially, in Modified EDAHDA technique 

maximum number of packets are received with Packet Delivery Ratio (PDR) of 0.931 

(93.1%) in 20 iterations; but existing techniques EHEED, EDAHDA and EHEED are 

receiving almost same number of data packets with PDR value of 0.88 approximately. The 

minimum number of data packets is received in Modified EDAHDA at 100
th

 iteration with 

value of PDR as 0.68. Average number data packets received in Modified EDAHDA are 

7.18%, 20.35%, 13.14% and 6.06% more than EHEED, DAHDA, EDAHDA and VIBE 

respectively.   

 

Figure 3.16 Packet Delivery Ratio Vs Number of Iterations 

Test Case 8: Throughput 

 It is a ratio of total amount of data transferred successfully to the total amount of time 

required to transfer data. Throughput is calculated using Equation (3.26).  

       𝑝   
                                             

                                               
 (3.26) 

The value of throughput has been calculated for Modified EDAHDA, VIBE, EDAHDA, 

EHEED and DAHDA with different number of nodes (20 to 100). Figure 3.17 shows the 
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comparison of throughput of Modified EDAHDA, VIBE, EDAHDA, EHEED and DAHDA. 

It is clearly shown that Modified EDAHDA performs better than the selected existing 

techniques. The maximum value of throughput at 20 nodes i.e. Modified EDAHDA has 

6.41%, 9.17%, 17.66% and 18.22% more throughput as compared to EDAHDA, DAHDA, 

VIBE and EHEED respectively. The rationale behind this performance is the higher PDR and 

energy efficiency of proposed Modified EDAHDA as compared to the existing techniques 

which already have been analysed via results depicted in Figure 3.12 and Figure 3.16. 

 

Figure 3.17 Throughput Vs. Number of Nodes 

3.7.1 Comparison with Selected Extensions of LEACH Algorithm 

Unlike the above mentioned algorithms, the proposed algorithm, DAHDA, is mainly based 

on extended LEACH in the way of data aggregation. It is, however, similar to the group of 

algorithms which extend LEACH in the way of selecting the CH, since the weights which are 

introduced by DAHDA affects the CHs selection as well. A comparison between proposed 

algorithm and existing variants of LEACH algorithm is presented in Table 3.3.  

As it can be seen from Table 3.3, the two best algorithms in extending LEACH are EHEED 

and proposed EDAHDA. EHEED extends the network lifetime by 87% approximately and 

provides 60% better energy consumption. The proposed DAHDA is tested on non-uniform 

and evolving networks. It also performs with 120% more in average node life than LEACH 

and 155% more in first node dies, which shows that the nodes are kept to later stages. 
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Table 3.3 Comparison between DAHDA and Other Selected LEACH based Algorithms 

Algorithm Extension over LEACH 

Modified LEACH based stochastic cluster-head 

selection [263] 

22% longer network lifetime 

ER-LEACH [264] 30% longer network lifetime 

VIBE [265] 18% longer network lifetime 

EHEED [266] 87% longer network lifetime 

EBRAMS[267] 82% longer network lifetime 

Proposed DAHDA 120% longer average node lifetime 

155% more delay in first node dies 

3.8 Chapter Summary 

DAHDA is an adaptive data aggregation algorithm for WSNs that is based on LEACH-C 

algorithm. Three variants have been presented: Basic DAHDA, Extended DAHDA 

(EDAHDA) and Modified EDAHDA.  EDAHDA has added an extension to the basic variant 

and is based on the assumption that not all sensors readings are important in every round 

since the readings might be similar with readings of nearby sensors. Another extension of 

DAHDA i.e. Modified EDAHDA can handle sudden changes in the underlying data which 

can happen due to occurrence of events in the sensed field. Simulation results show that 

EDAHDA and modified EDAHDA extend the network lifetime and perform well in both 

evolving as well as non-uniform WSNs while maintaining the accuracy of the data. The 

proposed algorithm performs well in terms of residual energy, number of alive nodes, data 

accuracy, sudden burst detection, sensor distribution, lifetime of last node, first node and 

average node lifetime for uniform, non-uniform and evolving networks. The results also 

demonstrate the adaptivity of the algorithm by being able to capture the events of interest. 

The proposed algorithm has been simulated and compared with basic LEACH and other 

existing variants of LEACH in terms of the network lifetime without affecting the accuracy 

of the results.  
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Chapter 4  

                                                                                     

Cross-layer Energy based Clustering for 

Heterogeneous Wireless Sensor Networks 

Increasing the lifetime of the network is one of the key research issues in Wireless Sensor 

Networks. It arises due to the limitations on the energy in the sensor nodes and the 

occurrence of hot-spots due to high network traffic. Sensor nodes residing in hot spot 

locations get drained out of energy very quickly, which leads to disruption in operations of 

the network. Thus, a cluster based technique for increasing the energy efficiency is required 

to extend the lifetime of the network. 

In this chapter, Cross-layer Energy based Clustering (CEC) technique is proposed to form 

clusters of sensor nodes in hexagonal shape. The cluster head is opted on the basis of the 

ideal cluster head distance and remaining energy of sensor nodes. In order to make a balance 

between energy consumption and network traffic, the rotation of cluster heads is performed. 

In the proposed technique, cluster head selection probability changes dynamically.  

The energy level of a node also gets affected due to collisions happening during the 

transmissions. These collisions can be prevented by applying protocols which are free of 

contention. In addition to this, slots are allocated by cluster head to all member nodes within 

a cluster on the basis of their remaining energy so that nodes can switch to sleep mode. In 

order to reduce the consumption of energy, data aggregation is used on the basis of the 

remaining energy of the cluster head.  

This chapter presents an energy efficient clustering based solution for data aggregation 

problem in heterogeneous type of networks. The underlying heterogeneous network consists 

of three types of nodes: Optimal Nodes, Distinguished Nodes and Divine Nodes. The energy 

levels of these types of nodes are different. The proposed technique works in three phases 
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namely Setup Phase, Slot Allocation phase and Steady Transmission Phase. The level of data 

aggregation varies according to the residual energy level.  

4.1 Preliminaries for CEC Technique 

The proposed Cross-layer Energy based Clustering (CEC) technique addresses several issues 

with the following advantages over most of the existing techniques:  

1. The proposed CEC algorithm utilizes the concept of dynamic data aggregation which 

increases the scalability and reliability in networks with high density. The level of 

data aggregation changes dynamically according to the current energy level. 

2. There is a proper selection of MAC protocol while scheduling the tasks of MNs. Time 

Division Multiple Access (TDMA) is used for scheduling and transmission which 

performs better than Carrier Sense Multiple Access with Collision Avoidance 

(CSMA/CA) in terms of sleeping time, energy efficiency, reliability and lesser packet 

drop ratio.  

3. The proposed technique is based on heterogeneous networks in which different types 

of nodes are considered according to the varying energy level to address the issue of 

hot spot regions. 

The preliminaries for the development of CEC has been reviewed and summarized in this 

section. These preliminaries include the review on: 

 Network Model 

 Energy Consumption Model 

4.1.1 Network Model 

A network consists of   number of nodes in a network field  . Here the nodes are of three 

types based on energy level namely: Optimal Nodes, Distinguished Nodes and Divine Nodes 

and having no node is common. Thus, a three level heterogeneous network is assumed.    

denotes the energy of an optimal node.    denotes the percentage of nodes having energy 

more than optimal nodes, i.e. percentage of Distinguished and Divine nodes. Therefore, count 

of divine and distinguished nodes can be derived as     . Hence, the total number of optimal 

nodes will be           The distinguished nodes are derived as    percentage of      nodes 
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and have   times more energy than that of optimal nodes. The total number of distinguished 

nodes can be derived as         . Thus, the remaining         percentage of      nodes 

which come out to be              in number, possess    times higher amount of energy 

when compared to optimal nodes are known as divine nodes. Therefore, the count of divine 

nodes is               

The total energy present at the initial stage of this heterogeneous network is represented by 

      , also known as total initial energy  is given by Equation (4.1) as: 

                                                       

                         

(4.1) 

Here, the energy of this three levelled heterogeneous network is               times higher 

than homogeneous networks. 

4.1.2 Energy Consumption Model 

The methodology proposed in the research work utilizes the model presented in [135] to 

calculate the consumption of the energy. This model considers three main components for 

energy consumption namely:  power amplifier, transmitter and receiver. The consumption of 

energy in the transmitter comes under circuitry of the transmitter and the amplifier. The 

consumption of energy for receiver includes the reception of data comes under circuitry of 

the receiver. The power of the signal received by the receiver, represented by       is given 

by Equation (4.2):  

      
        

             
  (4.2) 

Here   denotes the distance between transmitter and receiver,    denotes the power of the 

transmitter,    represents gain of receiver and    represents gain of transmitter. 

       denotes energy dissipation in the transmission of the packet and    as 

                  . The variation of   (propagation loss factor) varies from 2 to 4 [133]. 

Thus, when       and        equals to unity, the power of the signal received is given by 

Equation (4.3):  
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  (4.3) 

For the successful reception of data packets, the power of the received signal should be 

greater than a threshold            Therefore, the power of the signal transmitted by the 

transmitter should be greater than threshold; 
           

  
. Thus, transmitter’s absorbed 

energy(    is given by Equation (4.4): 

   (   
           

    
)            (       )            (4.4) 

Here    
         

    
, representing per bit energy utilized in the RF amplifier of the 

transmitter,    denotes the sending /reception bit rate for every node of the network. The 

maximum range of transmission for node is denoted by    Here,           denotes bit count 

of packet to be transmitted and    denotes the consumed per bit energy of the transmitter. 

   denotes energy spent per second to listen to radio environment.        and    are derived 

from designed transceiver characteristics. Thus, on the basis of [218], sensor node’s absorbed 

energy per second in the three states namely transmit, receive and listen is represented as 

Equation (4.5-4.7): 

                (4.5) 

          (4.6) 

                                  (4.7) 

  ,   ,    denote energy consumption of transmission, reception and idle state for traffic 

burst respectively. Reception/Transmission time of traffic in between clusters is represented 

as    and    respectively,    and    denote bits of data-traffic received/transmitted 

respectively.  

    
  

  
 (4.8) 
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 (4.9) 

Time spent to sense the radio channel (total time is taken as 1 second)             

                   
  

  
 

  

  
   . 

Assuming the data traffic to be static and    and    equal to  , Equation (4.10) presents   

as: 

        
 

 
             (4.10) 

Thus, the maximum transmitted data i.e.        in each second is given as 
 

 
    bits. The 

conditions for this amount of data being transmitted are:  

(i) Members of the cluster become deaf to radio environment  

(ii) 
 

 
 second is spent for the reception of packets  

(iii) Other 
 

 
 second is spent for transmission.  

4.2 Optimum Distance for Cluster Head 

In proposed CEC technique, clusters are formed in hexagonal shape. In an equi-symmetric 

cell of hexagonal shape, the optimum route comes out be a straight line directing from 

       towards      assuming multiple hops. The Figure 4.1, shows that transmission of 

data packets which takes place from               ;  where L denotes the distance between 

sink and source. 

Inter-Cluster Heads distance is considered as D and number of clusters is denoted by 

         as given by Equation (4.11) and Equation (4.12): 

  √     ,   √    (4.11) 

         
 

 
 

 

√   
 (4.12) 
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Figure 4.1 Clustering based Hexagonal Structure for End to End Multi-hop Transmission  

The underlying considerations of proposed CEC are:  

(i) The network traffic is still i.e. the data rate is unchangeable. 

(ii) For the hexagonal model of cluster[138];   denotes the length of hexagon’s side and 

optimum distance for cluster head as shown in Figure 4.1; the maximum range of 

transmission for node is denoted by   which is derived in Equation (4.11). Within this range 

 , any two nodes located in neighboring clusters can receive/transmit data. The consumption 

of energy for the multiple hops transmission (    on the basis of energy consumption model 

is given by Equation (4.13): 

               

   (        )             (  
  

  
) 

Putting value of    in    component from Equation (4.10). So,    comes out to be: 

    (         
 
)  (4.13) 

The total energy consumption can be calculated as given by Equation (4.14): 

                      
 

√  
*       (√    )

 
+   (4.14) 

Source Node 
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1
st
 derivative of          is calculated w.r.t ‘ ’, to derive energy consumption’s minimum 

value. 

This is done by setting 
 

  
             

 

     
            = 

 

√ 
 (    √               − 

    

       (4.15) 

By using Equation (4.15), the optimum value of   is deduced, which is given by Equation 

(4.16): 

    
 

√  
(

   

       
)
   

  
 

√  
(

    
   

              
)

   

 (4.16) 

By calculating the right set of parameters in Equation (4.16), the optimum value of   is 

calculated. Here   in turn depends on   (propagation loss factor) having values within [2,4] 

and the traffic of the network. Figure 4.2 shows the relation between   and  , optimum value 

of distance for CH and side length of hexagonal cell goes down when   grows, while traffic 

in the network remains constant. Moreover, there exists an inversely proportional relationship 

between the number of CHs and the consumption of energy. On the basis of Equation (4.13), 

when CHs count decrements, the side length of cluster increases. It is concluded that the CHs 

dominate consumption of energy as the energy consumption in the transmitter amplifier 

present in every CH increases at a very fast pace. 

 

 

Figure 4.2 Optimal CH Distance   Variation with   
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4.3 Cross-layer Energy based Clustering Technique  

In WSNs, nodes are densely deployed and are operated in autonomic manner. Nodes are 

generally powered with batteries and left aloof in severe conditions, thus recharging or 

replacement of batteries is difficult. So, the major problem in WSNs is to extend the lifetime 

of the network due to limited energy. The nodes placed near the sink become hot spot 

regions, as these nodes have to relay huge volume of traffic and may result into network hole. 

The other major issue arises, when some nodes receive and transmit the data simultaneously 

which leads to data congestion and collisions. Hence, solving the problems of energy 

drainage, network hot spot and congestion are very critical for extending the lifetime of the 

network. 

Clustering is one of the mostly used mechanisms to solve such problems, in which sensors 

nodes are divided into various groups on the basis of their location. It reduces the frequency 

of data transmission between the nodes and Base Station (BS). The data is collected by 

Cluster Heads (CHs) and then reported to the BS in an aggregated form. Hence, it decreases 

the load on the channel and increases the stability. But there exist computation and 

communication overheads while electing the CH and formation of clusters [138]. In addition 

to this, it seems that the lifetime of CH is shorter as compared to the other Member Nodes 

(MNs), as same CH works for a long period of time. These problems of clustering can be 

avoided by shuffling the role of CH among MNs and utilizing appropriate MAC protocol.  

By the selection of correct MAC protocol, reliability and sleeping duration of nodes are 

increased which further increase the network lifetime. The MAC layer protocol can be 

contention based or free of contention or hybrid in nature. The protocols based on contention 

like Carrier Sense Multiple Access with Collision Avoidance (CSMA/CA) suffer from huge 

contention among MNs for the utilization of resources. In addition, it is observed that 

CSMA/CA performance degrades when the density of nodes and load on the network 

increases. Contention increases packet drop ratio and thus degrades the reliability of WSNs.  

In order to resolve this issue, protocols like Time Division Multiple Access (TDMA) which 

are free of contention are preferred. Here time is assigned to MNs in the form of time slots 

for transmission, based on a slot scheduling algorithm. By increasing the sleeping time in 

TDMA, the reliability of the network can be improved. It is highly utilized in real time 
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processes and the most properly used technique for communication i.e. converge cast, in 

which CH receives data from MNs and relays it to BS. 

In this chapter, a clustering based methodology i.e. Cross-layer Energy based Clustering 

(CEC) Technique has been proposed. The main objective is to reduce the frequency of data 

transmissions to the sink by selecting an efficient Media Access Control protocol. A data 

aggregation technique is also incorporated based on the energy present in the nodes. By 

removing the redundancy, packet size is reduced, which further brings down the congestion 

of the network. 

The proposed CEC works for heterogeneous WSNs, in which there are three types of sensor 

nodes namely: Optimal Nodes, Distinguished Nodes and Divine Nodes.  The initial energy 

levels of these nodes are in the given order: Distinguished Nodes > Divine Nodes > Optimal 

Nodes. In order to minimize the energy consumption, the optimum distance from MNs to the 

CH is deduced. The energy consumption is proportional to the deduced optimal distance. The 

entire WSN is divided into clusters which are hexagonal in shape. Here every MN selects a 

CH on the basis of deduced optimum distance and the residual energy in the nodes having 

value greater than threshold value (average residual energy). Every MN is assigned a time 

slot on the basis of remaining energy and sleep duration slot for increasing the lifetime of the 

network.  

CEC presents a self-organizing approach for clustering in WSNs, in which every node 

performs tasks like field parameters anticipation, formation of packets of data and 

communications with the CH. A unique identifier is assigned to every node. Each node is 

capable of switching between sleeping and active state. CH can relay the aggregated 

information to the successive hop cluster head leading towards BS. Every node transmits its 

current location, current residual energy, probability of becoming CH based on remaining 

energy, Cluster-Identity and the CH-Identity with neighbours who are one hop distant to 

reduce the cost of idle listening. CEC works into three phases namely Setup Phase, Slot 

Allocation phase and Steady Transmission Phase as described below: 

4.3.1 Setup Phase 

In this phase, the grouping of sensor nodes is done in the form of clusters in a hexagonal 

shape. It helps in selecting the CHs nearer to the optimum CH location. The optimum length 



120  Chapter 4  Cross-layer Energy based Clustering for Heterogeneous Wireless Sensor Networks 

of the side of every cluster is calculated based on mathematical model described in Section 

4.2. Here the value of β is considered as 2. After this, cluster is formed by utilizing the 

optimum side length for solving the problem of hot spot formation and to balance the energy 

dissipation. Initially, the CHs are opted arbitrarily from distinguished sensors as these nodes 

have maximum energy present in the network. After this selection is done, the selected CH 

broadcasts its selection status to all the neighbours who are one hop apart; nodes receiving 

this status will change their CH status. 

Determining the probability of CH selection on the basis of Residual Energy  

In LEACH, the process of selecting the cluster head is divided into rounds. In every round, 

node takes a decision of becoming a CH on the basis of threshold        determined by 

taking into account the predetermined CHs percentage and count of previous selections of the 

sensor node as a CH. The decision of becoming a CH is done on the basis of an arbitrary 

number chosen between zero and one. If the selected number is less than      , node is opted 

as CH for present round as given by Equation(4.17): 

       {

  

       (       
 

  
)
         

               

  (4.17) 

Here    signifies the chances/probability of a node (    to elect as a CH or required CH 

percentage,    denotes the ongoing round and   denotes the node set that has not been opted 

as CH in previous rounds; expressed as    . The usage of the threshold calculation is to 

determine that every node is going to be elected as a CH, only once in the span of  
 

 
 number 

of rounds. In heterogeneous network model, each node type has a distinct value of reference 

for   . The values of probabilities      for optimal, divine and distinguished nodes are 

calculated as given by Equation (4.18):  
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Thus threshold value for electing the CH is derived for optimal, divine and distinguished 

nodes by putting Equation (4.18) into Equation (4.17):  

        

{
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     (4.19) 

where           represent the chunk of optimal nodes, divine nodes and distinguished 

nodes which has not been opted as CHs in the span of previous 
  

  
 rounds respectively.    

denotes the count of particular type of node. However, it can be seen that after few rounds, 

the residual energy level of some distinguished and divine nodes comes down to same level 

as that of optimal nodes because of the nodes are being repeatedly selected as CHs. The 

energy of divine and distinguished nodes gets continuously exhausted. Therefore, to prevent 

the unbalanced energy dissipation in the network, an enhanced function has been proposed 

for the calculation of probabilities of optimal, divine and distinguished nodes. The changes 

are proposed on the basis of level of absolute remaining energy i.e.          . Here,           

denotes the value where both types of nodes (divine and distinguished) have same energy 

level as that of the optimal nodes. This suggests that with           the probability for all 

optimal, divine and distinguished nodes to become CH comes down to the same level.    

controls the number of clusters. If    is high, then more number of CHs are sending their data 

to BS. The probabilities proposed for selecting the CH are given by Equation (4.20):  
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         , is expressed as: 

                  (4.21) 
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where,           In the real scenarios, it is possible that divine and distinguished nodes may 

not become CHs in some number of rounds. Also there can be a scenario, when only some of 

these nodes become CHs and same is applicable to the optimal nodes. Therefore, the exact 

value of z cannot be derived. However, by performing number of simulations in randomized 

topologies, the value nearest to   can be estimated by changing it to achieve the finest results. 

The best result for   is attained at 0.7. Hence,                   . 

 The calculation of probabilities is done on the basis of the average energy present in network 

(represented by     ) in the current round denoted by   . Therefore, the average energy is 

calculated as: 

         
 

 
         

  

      
   (4.22) 

Here         signifies the total number of rounds in the network lifetime expressed as: 

         
      

        
 (4.23) 

Here          is the dissipated value of energy in the network during current round given by 

Equation (4.14). 

Re-Election of Cluster Head  

The re-election of cluster head is done on the basis of probability      and derived optimum 

Cluster Head distance for the node to minimize the consumption of energy and to improve 

the lifetime of the network. Every MN calculates a value based on Equation (4.24), here    

denotes the number of nodes which are single hop apart, the distance from node   to   is 

represented by     and   represents the mean distance value from sensor node to all 

neighbors which are one hop apart. Thus all MNs broadcast a message with the calculated 

probability     , remaining energy, mean distance value from sensor node to all neighbor 

which are one hop apart, the Cluster-Identity, the CH-Identity and location: 

∑
   

  
                  

  

   
  (4.24) 
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              (4.25) 

Here,    represents the mean distance value from sensor node to all neighbor which are one 

hop apart.   is weight which is assigned to the parameters considered: distance and residual 

energy based on     Here,   is the probability of a node to become CH based on the basis of 

residual energy level. The relative importance of input parameters is decided by the weight 

function  . (     ) means only residual energy parameter is considered and         

means residual energy and average distance are considered while making decision as given 

by Equation (4.25). (     ) means only the average distance parameter is considered 

without paying any attention to energy consumption. The cluster heads are opted by 

following a rule according to which a node closest to optimum location of cluster head with 

minimum value of distance and maximum probability     , is selected for the successive 

round. MN which minimizes the value of function given by Equation (4.25) is opted as a 

cluster head.  

4.3.2 Slot Allocation Phase 

After the election of cluster head, there is a need of synchronization among all elected CHs, 

members of the clusters and BS for communication. In addition, all the members of the 

clusters have an additional state for listening in order to synchronize their acts with 

neighboring MNs. In every period of contention, all MNs turn their radios on. A short 

preamble is utilized by cluster head to keep its cluster members in sync. 

A newly elected CH broadcasts a message for synchronization, which will contain its identity 

and Cluster-Identity. MNs will send a message of acknowledgement upon receiving the 

message from cluster head. The cluster head will start the allocation of time slots to its cluster 

members on the basis of remaining energy. A channel allocation strategy is adopted on the 

basis of free of contention communication to minimize the consumption of energy. It 

partitions the time in slots of size   . Consecutive time slots construct a frame. The length of 

the frame is taken as    Therefore, every node repeats its actions after a time period  , 

assuming that all cluster heads contain equal length of frame. Energy is also consumed by 

nodes in listening state. Thus for minimizing the consumption of energy these MNs will enter 

the sleep state. Here the number of time slots is same as the count of MNs in a cluster. 
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A TDMA schedule is generated by the CH and is broadcasted to the MNs of the cluster. The 

scheduling algorithm assigns slots           of time to all members. MNs can switch 

among the four states: receiving, listening, sleeping and transmitting. It is assumed that all 

MNs co-exist in perfect synchronization and every member of a particular cluster which is 

not in transmitting state, goes to sleep state. The main goal of this scheduling is to reduce the 

state transitions of the nodes in order to reduce the energy consumption. The schedule is 

generated in such a way that the members gets out of sleep mode only two times: first for 

receiving the data from its CH and second for the transmission of data to its CH. According 

to this methodology, time slots are assigned by BS to CHs which in turn assign slots to MNs. 

Figure 4.3 shows the packet header of MN packets. 

Figure 4.3 shows cluster head as starter (CH1), forwarder (CH4) and sink as cluster head’s 

successive hop (CH7). The cluster head of the cluster at the utmost end is represented by 

CH1. CH1 doesn’t require hearing data from other cluster heads for sending data to BS. 

CH1’s frame is partitioned in five slots: for (i) hearing messages from members (ii) hearing 

messages from sink, (iii) transmitting data to successive hop cluster head and (iv) sending 

data to cluster nodes and (v) sleep state. 

The time slots are assigned to MNs based on their residual energy. MN having minimum 

amount of energy gets the 1st slot for transmitting the data to cluster head. Member node 

goes to sleep state after transmitting the data and rises up for the reception of data from 

cluster head. After this, forwarding state of cluster head is initiated towards the sink. Sleeping 

state for every CH is decided on the basis of its location. CHs at the utmost end get longer 

sleep in comparison to those which are nearer to the BS. Light green colored time slots in the 

frame are reserved for listening; dark green slots represent up-link; yellow color represents 

down link. The gap between CH1 and CH4 shows the presence of an additional state for 

listening and waiting for the data coming from CH1. 

State of listening for cluster head, only relays three cluster heads’ data because of the 

hexagonal structure of cluster. The count of slots present in the sink is also six due to its 

hexagonal structure. Inside down-link, sink sends information to all cluster heads via single 

hop transmission. System stabilizes as soon as all MNs get slots in the cluster head frame and 

every cluster head get a slot in the frame of the sink. The size of every packet and length of 

every time slot is same, except for the CH slot and the slot of sink transmission. 
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Figure 4.3 TDMA for CH and Sink Frames 

4.3.3 Steady Transmission Phase 

In this phase, two types of data transmission take place: inter-cluster and intra-cluster 

routing. MNs forward their data to cluster head in intra-cluster routing while cluster head 

forwards the fused data to the BS or the next hop cluster head in inter-cluster clustering using 

data aggregation. This aggregation/fusion scheme comprises of CH, cluster members and the 

sink. This scheme is comprised of distinct levels of clustering. The level of clustering 

depends on the residual energy of the cluster head. The level of aggregation is higher when 

there is low residual energy. Window of energy of a particular level is calculated by the 

division of overall energy of the nodes by count of aggregation levels. 
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Aggregation of data comprises of distinct components for the reduction of data. For instance, 

temperature of node is taken as parameter and the objective is to aggregate the data of 

different nodes with the required level of precision. For this fusion, data with high similarity 

is preferred. A decision making scheme is proposed which is aware of the cost to opt two 

nodes to aggregate data for reducing the packet size. Additionally, this scheme prevents 

extreme values from getting ignored and thus increases the precision of data. The level of 

aggregation of every cluster head is utilized for controlling the aggregation rate on the basis 

of remaining energy of each cluster head. The cost function utilizes a weight parameter for 

the calculation of data aggregation cost for two MNs   and  .      is taken as the parameter 

set and the value for parameter   of nodes   and   are represented as    and    respectively. 

The weight for i
th

 parameter is considered as   . Here,     denotes the maximum value 

reported for parameter   in time interval  . The cost is then calculated as given in Equation 

(4.26): 

      ∑    |
     

    
|

        

 (4.26) 

Here,                      Utilizing the notation and considering the system which 

utilizes only two parameters     : {temperature, position}. The weights for the position and 

temperature are considered as 0.5.  Moreover, considering the weights to vary from 0 to 1, 

the point for best results of the components of the decision can be determined. The size of 

Window of Energy (  ) for every level of aggregation is determined in Equation (4.27), 

here      represents the average energy holding ability of MN and the count of levels of 

aggregation is denoted by   .    is then calculated and assigned to each level of 

aggregation. Initially, each and every cluster head checks      each time before transmitting 

to the sink node and compares it with the size of level of aggregation. If a change is found, 

then an updation is made to its level of aggregation. Table 4.1 shows the varying level of data 

aggregation based on the residual energy of CH. As the residual energy decreases, the level 

of data aggregation is increasing to minimize the energy consumption.  

    
     

  
  (4.27) 
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Table 4.1 Aggregation Levels based on Residual Energy Range 

Aggregation Level Residual Energy of Cluster Head 

Level 0 1.6 to 2.0 J 

Level 1 1.1 to 1.5 J 

Level 2 0.6 to 1.0 J 

Level 3 0.1 to 0.5 J 

 

After data aggregation, it will be transmitted to the next CH towards the sink. For informing 

all probable cluster head candidates heading towards sink, cluster head broadcasts signal to 

the next cluster head. As the final step, cluster heads form a path in the direction of the sink. 

Transmitting data via this path reduces consumption of energy as compared to direct-

forwarding by cluster heads to sink. The cluster heads perform their functions while 

switching into these three modes: 

● Initial mode: During the initialization phase, every cluster head is assigned with 

predefined values. 

● Route broadcasting mode: Here signals are broadcasted to create a route between 

the clusters.  

● Establishment of routes mode: Routes are generated with the collaboration of 

neighbour routes. 

Algorithm 4.1 shows the complete description of the steps followed in the proposed CEC 

algorithm working in three phases: 
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Algorithm 4.1 Cross-layer Energy based Clustering Technique 

Input Data: Number of nodes and their values of residual energy, node id, location 

(distance from the BS in X and Y position),       denotes the initial energy of the network. 

         denotes the number of clusters formed.        denotes the total number of slots 

assigned to member nodes.   denotes total number of nodes,          denotes average 

energy of current round. 

Begin 

1. Initialize Node List and residual Energy value for each node. 

2. while           >                

3. for        do 

Calculate its probability of becoming cluster head for present round as given in 

Equation (4.20). 

            end 

4. Calculate the optimal side length for hexagonal clusters using Equation (4.16). 

5. Select the optimum number of clusters based on optimal side length and 

(propagation loss factor) based on mathematical model of Section 4.2. 

6. Select cluster head for each cluster based on the probabilities calculated in Step 6 

and optimum cluster head location calculated based on mathematical model of 

Section 4.2. 

7. for                   do 

                   CH broadcasts message containing cluster_id to members nodes. 

                   Every member sends acknowledgement in return. 

                   Consecutive time slots of size    are allocated to each member node 

via channel   allocation strategy on the basis of residual energy. 

                   TDMA schedule is generated and broadcasted to each member node. 

           end 

8. for                   do 

                      for                do 

                                Cluster member send its data to CH in its respective slot. 

                    end 
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a. Each Cluster Head calculates its residual energy. 

b. Based on the residual energy Cluster Head calculate its level         of 

  aggregation and energy window pertaining to it using Equation (4.27). 

c. Aggregation cost is calculated by Cluster Head utilizing weight function 

for aggregation level using Equation (4.26). 

d. The aggregation of data is done by Cluster Head by packet size reduction. 

e. Cluster Head forms path heading in the direction of the sink.  

        end 

End            

4.4 Experimental Setup and Results  

In this section, simulation results are presented for proposed CEC and existing approaches 

SOEECP[146], LCM[148] and EEPCA[235] for three-level heterogeneous WSNs. WSNs 

consist of          nodes which are randomly deployed for region of interest. The 

performance of proposed CEC has been evaluated in terms of network lifetime (centered and 

non-centered sink), energy consumption, number of packets received and data accuracy using 

100 iterations. The experimental settings for simulations are described in Table 4.2. 

Table 4.2 Simulation Settings for Experimental Setup 

Simulation Parameters Value 

Total number of nodes 1800 

Area of deployment               

Count of Sinks 2 

Location of 1
st
 Sink In the center (200,200) 

Location of  2nd Sink Randomly deployed 

Optimal Node’s Initial Energy 1J 

Divine Node’s Initial Energy 2J 

Distinguished Node’s Initial Energy 3J 
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Frequency of carrier                   

Rate of Data Transmission (                

Factor of Propagation     2 

Time of Simulation                

Number of member nodes in each cluster formed 20 (equal count for each type of 

node) 

Individual cluster area on the basis of optimal 

hexagon side length (25.07) 

1631m
2
 

Number of clusters having same number of cluster 90 

Threshold power                      

Average Node Energy 2J 

                  

                    

                
bits / sec 

 

The association of MNs with their cluster does not change in the whole simulation as the 

distance between MNs remains same. A periodic transmission of messages to the sink node 

takes place. While comparing the technique with SOEECP, LCM and EEPCA, 802.15.4 

MAC is utilized. The optimal length of the side of the hexagon is obtained by Equation 

(4.16); (        ). The analysis of consumption of energy and network lifetime with 

variable number of MNs is performed for proposed CEC and existing SOEECP, LCM and 

EEPCA techniques. A slot for transmission is provided to every cluster head in every frame 

of sink. As per the structure which is a hexagon in shape, sink has 6 neighboring cluster 

heads. Frame length required by these six CHs comes out to be      ; here duration of the 

slot is denoted by   .                             
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4.4.1 Performance Evaluation 

The proposed CEC is compared for distinct values of weight factor   with existing 

techniques such as SOEECP, LCM and EEPCA. In order to observe location effect on 

lifetime of the network and consumption of energy, the sink is deployed at different location 

randomly. 

Test Case 1: Energy Consumption Vs. Number of Nodes  

The value of energy consumption is calculated for proposed CEC technique and   existing 

techniques LCM, EEPCA and SOEECP with different number of nodes. The value of energy 

consumption is calculated on the basis of energy model presented in Section 4.1.2 and values 

of parameters are shown in Table 4.2. Initially, the average energy for each node 

                                                                       is taken 

as 2J. With the increase in the count of sensor nodes, the change in consumption of energy is 

shown in Figure 4.4 and Figure 4.5 for centered and non-centered Sink. Each node consumes 

energy for communication and computation. So, with the increase in the number of nodes, 

the value of energy consumption also increases.  

 

Figure 4.4 Analysis of Energy Consumption (centered – Sink) 

The energy consumption in case of non-centered Sink is more as compared to the network 

scenario in which Sink is deployed in the center position. The rationale behind this 

performance is, for transmitting the data over a long distance more energy is consumed as 

compared to the shorter distance. It is evident in Figure 4.5, that proposed CEC (         

better as compared to the existing techniques. 
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Figure 4.5 Analysis of Energy Consumption (Non-Centered – Sink) 

Test Case 2: Fraction of Survived Nodes 

The fragment of nodes remaining alive over the time is termed as Fraction of Survived 

Nodes. It provides the estimation of the time duration for which network remains active. 

Setting   to an optimum value prolongs the fraction of survived nodes as shown seen in 

Figure 4.6 and 4.7 for centered and non-centered sink placement respectively. 

 

Figure 4.6 Comparative Analysis of Fraction of Survived Nodes (centered sink) 

It can be observed that CEC (     ) results in lesser energy consumption when compared to 

other existing techniques. CEC with   as 0.5 and 1 performs better than the existing 

techniques. CEC with   as 0 makes 64% consumption of the entire network’s energy before 

the death of 30% of the network nodes. CEC increases the energy efficiency by making the 

MNs to sleep between transmitting and receiving time of packets.  
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Figure 4.7 Comparative Analysis of Fraction of Survived Nodes (Non-centered sink) 

Figure 4.6 shows the fraction of survived nodes (assuming sink in center) on the basis of 

changing values of  , where          and existing techniques LCM, EEPCA and SOEECP. 

Figure 4.6 depicts that for LCM, SOEECP and EEPCA respectively, the fraction of survived 

nodes decreases in a drastic manner as compared to proposed CEC variants. The rationale 

behind this output is that SOEECP, EEPCA and LCM do not consider the remaining energy 

of the nodes while selecting the cluster head, which may results into the election of cluster 

head with lesser energy. It results into the early death of a node and loss of data. CEC      

only considers the remaining energy while opting for cluster head, resulting into higher 

lifetime of the network as compared to the existing techniques.  

In CEC with   as 0, the nodes on the low energy side will never be elected as cluster heads 

when there is a presence of nodes with higher energy in the cluster. Whereas, in the case of 

CEC with   as 0.5, the cluster head selection is done on the basis of cost of communication 

and remaining energy of the nodes; resulting in the moderate lifetime of the nodes in 

comparison to other methodologies. Placing the sink in the center reduces the count of 

packets to be sent to sink by fusing these packets and thus increasing the fraction of survived 

nodes. Considering the sink in center as shown in Figure 4.6, fraction of survived nodes said 

to be 30% of nodes drained completely out of energy. The fraction of survived nodes of the 

proposed or the said techniques is as follows: 

LCM:EEPCA:SOEECP:                                     0.62: 

0.58:0.88:0.94:0.96:1;  it proves that CEC when   is set as 0, sink is placed in center 
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performs better with respect to fraction of survived nodes as compared to the existing 

techniques. Since CEC with   as 1 and SOEECP does not consider the remaining energy of 

the nodes while opting the cluster head, the fraction of survived nodes shows drastic 

decrement in comparison to other techniques. Apart from this, the fraction of survived nodes 

for CEC          is almost 3% more when sink is placed in center as compared to non-

centered sink as clearly depicted in Figure 4.7. The rationale behind the difference in this 

performance is:  less energy is consumed in centered-placed sink as the data transmission 

involves lesser distance as compared to the non-centered sink.  

Test Case 3: Packet Delivery Ratio 

To determine the effect of loss of packets due to election of cluster heads with less amount of 

energy, here the count of received packets by the sink for the different techniques is analysed 

and compared.  

 

Figure 4.8 Comparative Analysis of Packet Delivery Ratio (Centered Sink) 

The value of number of packets received with respect to number of iterations has been 

calculated for proposed CEC, EEPCA, SOEECP and LCM as given by Equation (1.3). Figure 

4.8 and 4.9 clearly show that the number of packets received is higher when the sink is 

placed at the center as compared to when it is not placed at the center. 

In the figure 4.8 and 4.9 it is shown that before WSN gets disconnected to BS, CEC with   as 

0.5 collects greater count of packets of data than other techniques. Figure shows that the PDR 

grows more rapidly in CEC with   set as 0.5 and sink at the center than other algorithms. 
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Figure 4.9 Comparative Analysis of Packet Delivery Ratio (Non-Centered Sink) 

In figure 4.9 (non-centered sink), the highest value of PDR is 0.94         while, for 

centered sink it is calculated as 0.97, which concludes that CEC provides better results when 

sink is placed at the centre. The proposed CEC technique adapts the probability of CH 

selection dynamically and chooses better CHs as compared to the existing techniques. Hence, 

it results in prolonged network lifetime and stability time period, due to which more number 

of packets are received in the proposed technique as compared to the existing techniques. 

Test Case 4: Data aggregation Vs. Accuracy 

Data accuracy means the ratio of summation of data after aggregation and the summation of 

the original sensed data without aggregation. The higher value of accuracy metric defines the 

higher quality of data aggregation technique deployed. The increment in the count of slots of 

time for the MNs in the cluster heads results in the greater size of the packet therefore 

increasing the consumption of energy in the transmission of the packet. The size of the packet 

is maintained by the fusion of data into packets. Higher level of data aggregation will result 

in less accuracy and more error at the BS. In figure 4.10 the correctness of data collected at 

sink is shown. The level of accuracy increases over the period of time. The graph of precision 

(correctness) is plotted by the comparison between the collected data at sink and the 

originally sent data by the MNs. The factor which contributes to the accuracy is: With longer 

time interval, the data messages to be sent within this duration will have less chance to 

collide and have a better chance of being delivered within the deadline. Hence the chance of 

occurring collisions is also decreased and results in more aggregation accuracy. Here, the 
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values of CEC           are considered only, as this variant outperforms the other 

proposed variants in other aspects. Experimental results in Figure 4.10 depicts that CEC 

maintains better data precision as compared to the existing techniques LCM, EEPCA and 

SOEECP. 

 

Figure 4.10 Data Accuracy Vs Time Period 

Test Case 5: Statistical Analysis 

Coefficient of Variation (              ) is used to analyze the statistical significance of the 

results.  It is a statistical measure which is used to analyze the data dispersion about the mean 

value and for comparing the different means. It also provides an overall performance analysis 

of the technique being used for generating the statistics. It defines the data deviation as a 

proportion of its mean value and is calculated as given in Equation (4.28): 

 

                  
  

 
      

(4.28) 

                                              

Where    is a standard deviation and   is mean.                of energy consumption has 

been studied of proposed data aggregation technique (CEC) and existing techniques (EEPCA, 

SOEECP and LCM) as shown in Figure 4.11.   

               is calculated for energy consumption results attained by CEC, EEPCA, 

SOEECP and LCM. Range of                 (0.52% - 1.55%) in terms of execution time 
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of nodes are varying. The value of                decreases as the number of nodes is 

increasing. Statistical analysis illustrates that the CEC outperforms existing load balancing 

techniques for large numbers of nodes.  

  

 

Figure 4.11 CoV for Execution Time of Various Clustering Techniques 

4.5 Chapter Summary  

The Cross-layer Energy Based Clustering (CEC) technique is based on dynamic data 

aggregation for heterogeneous networks. The whole network is divided into clusters that are 

hexagonal in shape. The size of the cluster is based on the side length of the cluster. Cluster 

head is elected by the member nodes of the cluster based on residual energy and distance. 

Additionally, a weight parameter     makes the decision for the importance to be given to 

the two parameters namely: probability of becoming the cluster based on remaining energy 

and cluster head’s consumption of energy, in reaching to or from member nodes. TDMA 

based MAC scheme is utilized, in which time slot allocation is done by sink for the six 

adjacent cluster heads on the basis of the remaining energy. The member nodes go to sleep 

after transmitting the data and rise up only when these nodes are in listening state (cluster 

head to member nodes transmissions). Before sending the data to the sink or the next hop 

cluster head, it fuses the data on the basis of the remaining energy and appropriate level of 

aggregation. Simulation results show that the performance of CEC         is better as 

compared to the CEC       and CEC       as equal importance is given to residual 

energy and distance for selection process of next hop. In case of CEC        nodes with 

low energy level are not selected and in case of CEC      , the selection of distant nodes 
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is avoided. The results of simulation evaluations demonstrate that CEC technique is effective 

in terms of energy consumption, network lifetime, number of active nodes and number of 

packets received as compared to existing techniques LCM, EEPCA and SOEECP with 

varying number of nodes and number of iterations.  
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Chapter 5  

                                                                                                                                       

PSO Based Energy Efficient Load Balancing in 

Wireless Sensor Networks 

The path for transmitting the data between the source and destination is decided based on 

underlying routing mechanism by taking into account the certain QoS parameters. Multipath 

routing is the most suitable routing mechanism for energy efficient and reliable data 

transmission. Load balancing also plays an important role for the maximization of network 

lifetime as limited energy is consumed rapidly if the whole traffic is redirected towards a 

single path. Due to the relationship between energy consumption and network lifetime of the 

sensor nodes, energy consumption in a network should be minimized and balanced in order 

to increase the network lifetime. To solve this problem, there is a need of energy efficient 

load balancing technique. 

The energy dissipation for communication is always more than the energy required for 

computation. Hence, energy can be conserved via in-network aggregation of data using 

clustering, rather than sending the whole data to the Base Station by the sensor nodes 

individually. By utilizing the multipath routing along with the load balancing approach, the 

traffic or load can be distributed over the multiple paths. This approach leads to balanced 

energy dissipation and avoids network hole problem which is the result of the overutilization 

of the same path or nodes in a repetitive manner.  

In this chapter, a PSO based technique has been proposed to analyse and divide the network 

traffic over the multiple paths so that load balancing can be performed in an energy efficient 

way. To provide more reliability in case of node or path failure, data is split over the multiple 

paths using Erasure Coding. The proposed load balancing technique works in three phases 

namely cluster formation, cluster head selection and data transmission between the source 
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and the sink. The sink/cluster head aggregates the data coming from multiple paths at the 

destination end. The various fitness functions are defined in terms of distance and residual 

energy for making routing decisions.   

5.1 Preliminaries for PSO-EELB 

Particle Swarm Optimization (PSO) based Energy Efficient Load Balancing (PSO-EELB) 

technique is proposed in this chapter. The motivation of this research work is to design an 

energy efficient load balancing technique for efficient transmission of data which considers 

energy consumption as an optimization parameter. The main contributions of this research 

work are to:  

(i) Propose an energy efficient load balancing technique, in which required number 

of routing paths and energy consumption of different paths is calculated,  

(ii) Select different routing paths based on optimal value of residual energy and 

distance and further PSO based load balancing is performed for data transmission,  

(iii) Optimize the network lifetime, throughput, number of alive nodes, number of data 

packets received, execution time and energy consumption.  

Therefore, Particle Swarm Optimization (PSO) based Energy Efficient Load Balancing 

(PSO-EELB) technique is proposed. The preliminaries for the development of PSO-EELB 

has been reviewed and summarized in this section. These preliminaries include the review 

on: 

 Network Assumptions 

 Estimation of number of paths  

 Erasure Coding 

5.1.1 Network Assumptions 

The proposed work simulates a WSN consisting of “𝑛” number of sensor nodes deployed for 

monitoring applications in a rectangular field of interest. Some assumptions are made 

regarding the deployment of nodes as given below: 
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I. All the chosen nodes are considered as static after deployment.  

II. Two types of nodes are deployed as follows:  Sensor Nodes are used for monitoring 

the environment and another type of node is Sink or Base Station (BS) which is fixed 

in the center of the sensor network for collecting the data and taking the decision 

accordingly.  

III. Sensor nodes are assigned with a distinctive identification (ID) to each node and 

similar preliminary energy. 

IV. Node is allowed to use transmission power with different levels to communicate with 

the target node. The radio energy model is utilized for calculating the energy 

consumption for various network operations (as described in Chapter 3, Section 

3.1.2). 

V. The BS once in a while sends a request message in terms of the packet to the cluster 

head for getting sampled data from sensors.  

VI. Links are assumed to be symmetrical. 

5.1.2 Estimation of number of paths  

A data packet is routed from a source node to the BS via number of intermediate nodes which 

act as forwarder nodes in single-path routing. In multi-path routing scheme, the same packet 

is routed via multiple paths discovered between source and destination. In single-path 

routing, there is a probability of failure of intermediate nodes due to which reliability of data 

transmission is decreased. In multipath routing, a packet is divided into 𝑛  number of sub 

packets of equal size with some added amount of redundancy and is communicated over 𝑛  

disjoint paths using network coding technique. A small number of sub-packets are required, 

to reconstruct the original packet at the destination.  

Let    
 be a random variable which represents the number of successfully data delivering 

paths.    
 is upper bounded by 𝑛 , that is,    

 𝑛 . The process of transmitting a data 

packet is considered as a Bernoulli experiment. For the     path, if the transmission process is 

successful, 1 is assigned to sub-run; otherwise, 0 is assigned. The value of    
 is the sum of 

the values assigned to the 𝑛  sub-runs for 𝑛  disjoint paths. Thus, the expected number of 

successful data delivering paths can be calculated as given by Equation (5.1): 



142 Chapter 5  PSO Based Energy Efficient Load Balancing in Wireless Sensor Networks 

     
  ∑   

  
     (5.1) 

where    is the probability of delivering a packet to destination node successfully using the 

path  . Let   is an upper bound for required probability of successfully reconstructing the 

sent message at the destination. In order to compute the value of    
 for a given   bound by 

a standard distribution            is calculated, where the mean (   is given by Equation 

(5.2): 

       
  ∑   

  
     (5.2) 

and the standard deviation (     is calculated as given by Equation (5.3): 

    ∑   
  
            (5.3) 

The degree of multipath routing 𝑛  determines the total number of sub packets. A given pair 

  𝑛              
    results in a different normal distribution         𝑛      𝑛    each time. 

So, to address this issue, the random variable    
 is transformed into    

   
    

   

 
, which is 

a standard normal distribution variable,         However, the values of the bound    are 

given for any   such that  (   
     )    is satisfied. As a result,    

  
   

  

 
     

implies that    
              and hence probability is given by Equation (5.4): 

 (   
           )    (5.4) 

By equating this probability with     
       

    , an estimation of     
 can be obtained 

for a given bound   is given by Equation (5.5): 

    
                   (5.5) 

By using values of Equation (5.2) and Equation (5.3), the value of     
   s given by Equation 

(5.6): 

    
            √∑          

  
      ∑   

  
   , 1) (5.6) 
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which represents an estimated number of paths successfully delivering data for a given value 

of   and data is sent over the multiple paths using Erasure coding.  

The proposed technique creates different paths to transfer data. The different activities of 

sensors need to be scheduled in an efficient manner to improve residual energy. So, Time 

Division Multiple Access (TDMA) method is used to schedule the tasks of a subset of nodes 

into different groups with successive time slots.  

In proposed technique, entire WSN is divided into number of different groups. Each group 

consists of parent nodes (Cluster Heads) and children nodes (Cluster Members). Parent nodes 

collect the data from the children nodes and transfer that data to BS for further processing as 

shown in Figure 5.1. In this network model, load (  ) is calculated for every group (   ) as 

given in Equation (5.7):  

   ∑   

  

[   ]      

 (5.7) 

Here 𝑛  represents the total number of nodes used in a group. Let    is the load at particular 

sensor   is calculated as given by Equation (5.8):  

   
    

     

   

 (5.8) 

where     
 represents the packets which are generated by the sensors of the group (  ),     

represents the number of packets received from the child nodes of the group (  ) and    
 is 

total number of packets transferred in one time slot using TDMA scheduling.        is total 

amount of load transferred in entire network as given by Equation (5.9):  

   𝑛             ∑   
 
     (5.9) 

The energy consumption is calculated as the amount of energy used to transfer the total load 

(      ) as per the radio energy model. In this model, the residual energy is considered before 

transferring the data in assigned time slots.  
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Figure 5.1 Selection of Path with Maximum Value of Residual Energy 

5.1.3 Erasure Coding 

Erasure code is based on FEC code in which redundancy of 𝑛  words is added to the original 

𝑛  data words. The total number of words which are transmitted to receiver is  𝑛    𝑛  

words. The original data word will be recovered if any 𝑛  combination out of 𝑛    𝑛  

words is received correctly. Reed Solomon (RS) based erasure coding is used as it needs less 

number of packets to reconstruct the original data and also reduces delay.  

High-Speed Coding (HSC) is an approach which is utilized. In HSC, erasure coding 

technique is customized to make it more suitable for sensor nodes [268]. HSC reduces the 

encoding/decoding time of data without imposing any limit on the data size which can be 

sent. An erasure XOR-based optimal coding mechanism is utilized. The number of XOR 

operations needed for data encoding is significantly less in case of HSC as compared to 

Cauchy Reed-Solomon (CRS) technique.  

In the research work,𝑛  𝑛  and   denotes the number of redundant words, data words and 

size of the words, respectively. The working of conventional RS technique is as follows: It is 

assumed that  𝑛  data words are represented as             
  and the 𝑛  code words are 

denoted by             
  in the form of vectors respectively, then the redundancy code 

words can be calculated as given by Equation (5.10): 

        (5.10) 
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Here   denotes 𝑛  𝑛  distribution matrix and its row vectors are linear independent. 

Hence, Equation (5.11) becomes: 
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 (5.11) 

The calculated binary code words   are encoded with the original   data words as given by 

Equation (5.12):  

            (5.12) 

where the vector   and matrix   are defined as given by Equation (5.13): 

   (
 
 
),   (

 
 
) (5.13) 

  denotes the 𝑛  𝑛  identity matrix. Matrix   comprises two sub-matrices as: the 

𝑛  𝑛  identity matrix ( ) in the upper part, and the 𝑛   𝑛  distribution matrix   in the 

lower part, while the vector   consists of the 𝑛  data words   in the upper part and the 

𝑛  code words   in the lower part.  Hence, it can be represented as the Equation (5.14): 
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 (5.14) 

The resulting   vector is sent to the destination. It is assumed that at the destination, only few 

code words are received successfully due to various reasons. The successfully delivered 

data/code words are mapped to the vector   and matrix   as given in Equation (5.14) by 

only keeping those rows which correspond to the delivered data words and by replacing the 

rows of the missing data words with the rows which correspond to the delivered code words. 
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It results in a vector represented as    and a 𝑛   𝑛  matrix denoted by      Thus, to fetch 

the missing data words, the Equation (5.15) is utilized 

          [  ]             (5.15) 

The decoding in Reed-Solomon technique is performed by inverting the matrix    and then 

multiplying with vector   . In Reed-Solomon technique, Vandermonde matrix Equation 

(5.16) is used as a distribution matrix. The elements of the matrix are defined over Galois 

field         where 𝑛  𝑛      . The Galois field consists of a finite number of 

elements and is denoted by       , where   is a positive integer number and   is a prime 

number. After the matrix multiplications, the resulting code words always belongs to 

      . 
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    (5.16) 

CRS encoding technique 

The distribution matrix utilized in CRS technique is termed as Cauchy matrix   𝑛   𝑛  . In 

order to define a Cauchy matrix, two sets of numbers are defined initially as given below: 

                     
              

                    
               

      

 

Further, a Cauchy matrix   is defined in terms of its element  [   ] in the     row and     

column as given by Equation (5.17): 

 [   ]   
 

      
  (5.17) 

Hence, the Cauchy matrix is represented as given by Equation (5.18):  
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 (5.18) 

In order to optimize the performance of RS coding, all operations from        are 

converted into XORs in      . Each number            can be represented in two ways. In 

the first method, it can be represented as a column vector of binary representation     , of 

length  . The second representation has     elements of ’1’s and ’0’s as     . The     

column of      is equal to        . The multiplication in        is switched into 

multiplication in      , where addition and multiplication are mapped to XOR and bitwise-

AND respectively. The multiplication of a vector and a matrix can be computed as given by 

Equation (5.19):  

                        (5.19) 

In CRS, the encoding in binary form is represented by replacing each element   of the data 

words vector in Equation (5.10) by its binary representation      and each element   of the 

Cauchy matrix is replaced by its binary representation matrix      in Equation (5.10). The 

size of the Cauchy matrix then is  𝑛    𝑛 . In CRS, each data/code word is represented 

by   bits in its binary form. Cauchy matrix results in a map that indicates which bits in the 

data words should be XORed to generate each bit in the code words. 

To create any bit of any code word, the data word vector is multiplied by its corresponding 

row of the binary representation of the Cauchy matrix and then the resulting ’1’s are XORed. 

The number of XORs required for the creation of one binary bit of code word   is equal to 

the number of ’1’s in the corresponding row of the Cauchy matrix.  

High-Speed Coding (HSC) Technique 

CRS technique has been adapted to make it suitable for WSNs and has been enhanced to 

reduce the time needed for encoding data.  
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In encoding, the data words are multiplied by distribution matrix   in order to generate the 

code words which are used in encoding mechanism. The binary representation matrix      

is utilized as distribution matrix  A new code word is generated offline and stored to be used 

later. Algorithm 5.1 shows the underlying process of HSC encoding technique.  

Algorithm 5.1: Encoding process for High Speed Coding 

//  is binary representation vector of Data words.   represents the binary form vector of 

code words. 

      Begin 

1. Initialize Vector      and       

2. if         // Check each bit of Vector D then  

              Vector   = Vector   XOR Column i of Matrix M 

        //otherwise, no XOR operation is performed 

3. if (   is the last bit of the Vector D) then  

              Vector   is generated. 

      else 

                        and Goto Step 2. 

end if 

       End 

 

In HSC, creation the code words is based on the count of ’1’s in the data words. The number 

of XORs needed for the creation of the code words is same as number of 1’s in data words. 

For decoding purpose, HSC implements CRS decoding technique which is more efficient 

than conventional RS technique in terms of speed. 

5.2 Proposed PSO Based Energy Efficient Load Balancing Technique 

PSO is very popular meta-heuristic approach due to its implementation simplicity as it needs 

tuning of only a few parameters and has a fast convergence rate as compared to the other 
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meta-heuristic approaches. It is also very cheap in terms of computation in updating an 

individual, as it only needs two simple equations. To attain a quicker and efficient solution of 

clustering and routing problem, a meta-heuristic approach such a PSO is highly desirable.  

In the proposed PSO-EELB technique, an effective and efficient Deterministic variant of the 

PSO algorithm is utilized, assuming limited computational resources. Basic PSO utilizes 

random coefficients to maintain the swarm dynamics variety and needs extensive numerical 

computations to attain statistically convergent outcomes which are too computationally 

expensive. Therefore, efficient deterministic approach has been utilized [269]. 

5.2.1 Basic formulation of PSO algorithm 

The basic formulation of the PSO algorithm is presented as follows[270]: 

  
       

               
  ) +             

  ) (5.20) 

 

  
        

   +   
    (5.21) 

The above equations represent velocity and position of the i
th

 particle at the k
th

 iteration 

respectively: w is the inertia weight;    and    represent the social and cognitive learning rate 

respectively;    and    denote two random numbers in the range [0, 1];       is the personal 

best position ever found by the i
th

 particle and     is global best position ever found among 

all particles. The use of a constriction factor   is necessary to ensure convergence of PSO. 

Accordingly, the system in Equation (5.22) and Equation (5.23) are amended as follows: 

   
      [  

               
  ) +            

  )]  (5.22) 
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|√    √     |

  ; where                    
(5.23) 

Typically, when constriction method is used,   value is set to 4.1, with               

           [271]. 
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5.2.2 Deterministic formulation (D-PSO) 

In order to make the overall PSO more efficient, a deterministic algorithm is formulated by 

suppressing the random coefficients in Equation (5.24) and Equation (5.25), which becomes 

     
     [  

             
  ) +           

  )] (5.24) 

 

   
        

   +   
    (5.25) 

The complexity of the proposed PSO-EELB algorithm is   𝑛    for   number of paths 

having 𝑛 number of nodes and   denotes number of iterations running on sink. The 

initialization of particles location and velocity is performed using a deterministic and 

homogeneous distribution, following the Hammersley sequence sampling [272].  PSO 

parameters and their values for the proposed PSO-EELB are enlisted in Table 5.1. 

5.2.3 Cluster Formation in PSO-EELB approach 

The cluster is formed by the BS on the basis of centralized clustering. For clustering, BS 

broadcasts information collection message to all the nodes. A node after receiving the 

message, starts to send its information such as node id, location (distance from the BS in   

and   position), energy loss and energy loss ratio (velocity) and current energy to BS. Then 

BS initiates the clustering process steps as follows: 

Step 1. Conversion of problem into the PSO space in which the PSO particle has two 

dimensions such as particle position and velocity. 

Step 2. Estimation of fitness value using fitness function: 

The aim of the proposed fitness function for PSO based clustering is to optimize the average 

distance and average energy of the member nodes and distance from the current CH and 

headcount. The fitness value for cluster formation (   𝑛            is calculated for a 

particle by using Equation (5.26): 
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   𝑛                 
∑                         

  
   

  
    

∑            
  
   

  
  

           
 

   
   

(5.26) 

where   and     are weighting parameters (normalized values) and 𝑛  denotes number of 

members covered within the cluster and 𝑛   denotes the number of members covered by 

current node. 

Step 3. Generation of new particles from the initial solution:  

Step 3.1. Estimation of new velocity: The current velocity of a taken particle is considered as 

the rate at which the particle’s position is changed. Based on Equation (5.24), new velocity is 

calculated in Equation (5.27) as follows: 

          [                                            

            ]  
(5.27) 

where   denotes constriction factor and    and    are basic PSO tuning parameters denoting 

social and cognitive learning rates respectively.        and        denote the new velocity 

and old velocity respectively. Local best position, global best position and current best 

position are denoted by         ,          and             respectively. 

Step 3.2. Based on Equation (5.24) and Equation (5.25), estimation of new position of the 

particle is calculated in Equation (5.28), as follows: 

          𝑛             𝑛         (5.28) 

Finally the new particle (new velocity and new position) arrives. 

Step 4. Fitness value of the new particles is estimated by using fitness function in Step 2 with 

new velocity and new position. 

Step 5. Fitness value of old particle and new particle is compared and the best one is selected 

for the next iteration.  
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Step 6. For each iteration, one best solution is selected as a local best solution. The particle 

which has optimal fitness value in the current iteration is selected as       solution. 

Step 7. The local best solution from all iterations of the particle which have optimal values 

among all solutions are selected as a global best solution      . The final solutions are 

decoded into clusters. The BS forms the cluster using PSO and broadcasts a cluster-

announcement message to nodes which contains cluster information. 

5.2.4 Cluster Head Selection in PSO-EELB approach 

After clustering, each sensor node maintains “cluster list”. It includes current cluster id, 

velocity, location and energy. Then, the round is initiated to perform CH selection by 

implementing PSO algorithm. 

Step 1. The members which are covered by the current node communicate with each other to 

select a CH which follows the steps mentioned below. 

Step2. Estimation of fitness value for CH selection (   𝑛            

using fitness function is given by Equation (5.29): 

   𝑛            =     
∑                         

  
   

   
  +    

∑            
  
   

   
   

                                          
 

   
 

(5.29) 

where     {
                                 𝑛  𝑛   

      
},    and    are weighing 

parameters (normalized values) and 𝑛  denotes the number of members covered within the 

coverage range. 

Repeat Step 3 to 7 of cluster formation for CH selection (same as discussed in Section 5.2.3). 

Finally, the particle which is having a global best solution, is chosen as a current CH. 

5.2.5 Multi-hop Intra-cluster and Inter-cluster Data Transmission 

 Based on TDMA, the tasks of data collection from cluster members are scheduled by the CH 

and data collection from CHs is scheduled by the BS for different groups/clusters within 

successive time slots. CHs gather the data from the cluster members and transfer that data to 



 5.2  Proposed PSO Based Energy Efficient Load Balancing Technique 153 

BS for further processing. As the BS already carries every node’s information such as 

location, cluster id, cluster members, residual energy and its CH, it creates disjoint multiple 

paths for each node towards its destination (CH or BS) using PSO based on fitness value for 

data transmission (   𝑛            given by Equation (5.30):  

   𝑛           
  (     )

 
    (     )

 

   (  (     )
 
     (     )

 
)
        

   (     )      

   (    )
    (5.30) 

where   is randomized tuning parameter in range [0,1] used to assign weights to the 

parameters considered: residual energy and distance between the  source    and destination    

node. Here,    denotes Sink node. After that the sink assigns TDMA time slot to each 

cluster, the CHs in turn assign TDMA time slot to each node in the cluster to send packets to 

it. A node is switched into sleep mode without waiting for the delivery of packets, to 

minimize the energy consumption as given by Equation (5.31). 

                 𝑛          𝑛    
                              𝑛

                         
 (5.31) 

A source node in order to sends its data to the destination follow certain rules: Let the 

distance limit for source and destination be    as calculated in Equation (5.32). If   (actual 

distance between source and the destination) is less than   , then data can be transmitted in a 

single hop from the source to the destination, in the form of direct communication. If     , 

PSO based algorithm presented as Algorithm 5.2 is utilized for data transmission to minimize 

energy consumption and to enhance the network life cycle. 

   
√ 

√𝑛 

 (5.32) 

  is the area of the cluster and 𝑛  denotes the number of nodes in the cluster. 

The proposed PSO-EELB algorithm for path selection is described in Algorithm 5.2.  

This heuristic may lead the search into an infeasible state, as any node may be not selected. 

To lead the search back into its feasible state, the node must be released after data is 
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transferred so that if it still has value of residual energy more than threshold value 

(considered as average residual energy), then it can move into the next iteration.  

Algorithm 5.2: PSO - EELB Algorithm for Path Selection 

Input: Number of nodes and their values of residual energy, node id, location (distance 

from the BS in X and Y position) and energy loss ratio. 

Output: Selection of effective paths for load balancing. 

//    = Population Size,   = Random Velocity,    = Particle Velocity,    = Particle 

Position,     = Population,         = Global Best Position,          = Local Best 

Position 

       Begin 

1. Initialize Node List and Residual Energy Value.  

2. Initialize a random feasible solution and particles                . /*As 

described in section 5.2.1 */ 

// Initialization of particles and solutions 

3. for             do 

                           ←      

                          ←   𝑛           𝑛      

                                  

             // Initializing the       solution. 

4.       = {       |Fitness(      ) = min(Fitness(      ),  ,              

// Calculate the value of fitness function for each particle 

5. for             do 

 //  Calculate the value of fitness function 

                     if Fitness (          ≥ Fitness (        ) then 

                                     ←          

6. while maximum iteration is not satisfied do 

                      for           do 
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                                   ← UpdateVelocity (  ,                   ) using Equation (5.24) 

                                 ← UpdatePosition (     ) using Equation (5.25) 

                           if    𝑛              𝑛              then 

                                                            ←      

                           if                 𝑛              then 

                                                           ←          

7. Return (        ) 

8. while there are un-selected nodes in the input queue do 

                     for every node in the node list do 

                            Get the next node from queue. 

                            Select the node based on fitness value. 

9. Repeat the process until the complete path is generated.  

10. Store the path in a hash map; with index as key and path as value. 

11. Modify       by removing intermediate nodes of the path selected. 

12. if all possible paths are generated then  

                     Calculate the number of successful paths using Equation (5.6), 

  Split the packet into 𝑛  sub-packets using Erasure coding and send these 

sub- packets over multiple paths generated. 

           else  

                      go to Step number 6.   

         End 

 

A node list is obtained from the participating nodes by selecting only those nodes which fulfil 

node selection criteria. Once the node list has been obtained, a random feasible solution is 

initialized. The process of choosing the best heuristic from low-level heuristics is initiated. 

Each particle represents a node identifier with an initial solution in the solution space along 

with the fitness function. A low-level heuristic is selected at each particle location and its 
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fitness function is computed i.e. Fitness        If Fitness       is better than Fitness       

then     takes the value of    . Fitness value of the particle at best global position is 

calculated next. The velocity and position of the selected particle is updated using Equation 

(5.24) and Equation (5.25). The fitness value is calculated for new position and is compared 

with its previous calculated position. If it is better than the local best value then particle’s 

current position is assigned to the local best value.  

5.3 Experimental Setup and Results 

The performance evaluation of proposed PSO-EELB is done through NS2 Simulator. The 

various PSO parameters and their values for proposed approach are shown in Table 5.1. The 

parameters for experimental setup have been enlisted in Table 5.2. BS is assumed to be 

situated in the centre of the region.  

Table 5.1 PSO Parameters 

Parameter Value 

   60 

   1.494 

   1.494 

  0.729 

 

5.3.1 Validation of Proposed Technique 

To validate the proposed PSO-EELB technique, some existing approaches DESA[109], 

GSTEB[120], ACOLBR[114] and GACCTR[112] are selected, which also perform energy 

based load balancing based on other meta-heuristic methods. These techniques have been 

implemented in above discussed environment and the results are compared in terms of 

different parameters: energy consumption, throughput, convergence rate, number of data 

packets received, execution time, network lifetime and number of active nodes to prove the 

effectiveness of the proposed technique. 
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Table 5.2 Experimental Parameters and Values 

Parameters Values 

Number of nodes 100 

Area of deployment              

Frequency 2.4GHz 

Initial energy of sensor nodes 2.0J 

Number of execution iterations 100 

Communication range of node 60m using Lucent WaveLan DSSS radio 

      50 nJ/bit 

    10pJ/bit/m
2
 

    0.0013pJ/bit/m
4
 

Data Packet Size 4000 bits 

Protocol used 802.11 MAC protocol 

Traffic Source Type Constant Bit Rate (CBR) sources  

Sending Rate 1 - 4 packets per second  

Evaluation time Periodic sample time 100 sec to analyze the 

changes 

 

Test Case 1: Energy Consumption Vs. Number of Nodes 

The value of energy consumption is calculated for proposed PSO-EELB technique and 

existing techniques DESA, GSTEB, ACOLBR and GACCTR with different number of nodes 

(20-100). Each node consumes energy for communication and computation. So, with the 

increase in the number of nodes, the value of energy consumption also increases. The value 

of energy consumption is calculated on the basis of energy model presented (Chapter 3, 

Section 3.1.2) and values of parameters are shown in Table 5.2. The value of energy 

consumption in PSO-EELB is lesser as compared to other techniques at different number of 

nodes as shown in Figure 5.2. The minimum value of energy consumption is 7.52 J at 20 

nodes in PSO-EELB. Average energy consumption in PSO-EELB is 6.34%, 9.721%, 

10.54%, 12.64% and 16.66% lesser as compared to ACOLBR, GSTEB, GACCTR and 
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DESA respectively. The rationale behind this difference in performance is: In ACOLBR, 

Minimum Spanning Tree (MST) is used for intra-cluster routing, so each time cluster 

reformation takes place, there is a need for generation of MST. As the number of nodes is 

increasing, there is huge energy consumption for network structure formation. In GACCTR, 

parent selection is performed based on GA. For ensuring reliability, trust function is 

calculated for every path through message exchange which results in energy dissipation. 

Although GACCTR and GSTEB consume more or less same amount of energy, still it can be 

claimed that the proposed algorithm performs better in terms of energy consumption. 

 

Figure 5.2 Energy Consumption Vs Number of Nodes 

Test Case 2: Network Lifetime vs. Number of Iterations 

The value of network lifetime has been calculated for PSO-EELB, DESA, GACCTR, 

GSTEB and ACOLBR with different number of iterations. With the increase in the number 

of iterations (20 to 100), the value of network lifetime is decreasing in case of existing 

techniques. The rationale behind this performance is the communication overhead involved 

while topology formation and decreasing residual energy. The value of network lifetime in 

PSO-EELB is more as compared to GACCTR, GSTEB, ACOLBR and DESA at different 

number of iterations as shown in Figure 5.3. The maximum value of network lifetime is 130 

seconds at 20 nodes. Average network lifetime in PSO-EELB is 12.63%, 13.71%, 15.12% 

and 18.75% more as compared to DESA, ACOLBR, GSTEB and GACCTR respectively.   
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Figure 5.3 Network Lifetime Vs Number of Iterations 

Test Case 3: Number of active nodes Vs Number of iterations  

The value of number of active nodes has been calculated for PSO-EELB, GACCTR, GSTEB, 

ACOLBR and DESA with the increasing number of iterations (1 to 100). A node is termed as 

active if its current residual energy is above zero and there is at least one CH within its 

radius. With the increase in the number of iterations, the number of active nodes is 

decreasing due to energy dissipation in communication and computation operations. The 

value of active nodes in PSO-EELB is more as compared to GACCTR, GSTEB, ACOLBR 

and DESA with increasing number of iterations as shown in Figure 5.4.  

 

Figure 5.4 Number of Active Nodes Vs Number of Iterations 

The maximum value of number of active nodes is 93 at 20 iterations. Number of active node 

in PSO-EELB is 15.98%, 14.22%, 12.97% and 10.16% more as compared to GACCTR, 

ACOLBR, DESA and GSTEB respectively. 
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Test Case 4: Packet Delivery Ratio Vs Number of Iterations 

The value of Packet Delivery Ratio (PDR) with respect to number of iterations has been 

calculated for PSO-EELB, GACCTR, GSTEB, ACOLBR and DESA. As shown in Figure 

5.5, with the increasing number of iterations, the receiving rate of data packets is decreasing 

due to decreasing residual energy. Initially, in PSO-EELB technique maximum number of 

packets are received with Packet Delivery Ratio (PDR) of 0.94 (94.01%) in 20 iterations; but 

existing techniques EELB, DESA and ACOLBR are receiving almost same number of data 

packets with PDR value of 0.89 approximately.  

 

Figure 5.5 Packet Delivery Ratio Vs Number of Iterations 

The minimum number of data packets is received in PSO-EELB at 100
th

 iteration with value 

of PDR as 0.69. Average number data packets received in PSO-EELB are 7.18%, 20.35%, 

13.14% and 6.06% more than ACOLBR, GACCTR, DESA and GSTEB respectively.   

Test Case 5: Throughput 

 It is a ratio of total amount of data transferred successfully to the total amount of time 

required to transfer data. Throughput is calculated using Equation (3.26). The value of 

throughput has been calculated for PSO-EELB, GACCTR, GSTEB, ACOLBR and DESA 

with different number of nodes (20 to 100). Figure 5.6 shows the comparison of throughput 

of PSO-EELB, GACCTR, GSTEB, ACOLBR and DESA. It is clearly shown that PSO-

EELB performs better than the selected existing techniques. The maximum value of 

throughput at 20 nodes i.e. PSO-EELB has 6.41%, 9.17%, 17.66% and 18.22% more 

throughput as compared to GSTEB, DESA, GACCTR and ACOLBR respectively. The 

rationale behind this performance is the higher PDR and energy efficiency of proposed PSO-
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EELB as compared to the existing techniques which already have been analysed via results 

depicted in Figure 5.2 and Figure 5.5. 

 

Figure 5.6 Throughput Vs. Number of Nodes 

Test Case 6:  Load Balancing factor 

In order to depict that how well the proposed technique balances the load, the results are 

plotted between the standard deviation of load and varying (increasing) number of nodes. 

Figure 5.7 plots the standard deviation of load transmitted by GACCTR, GSTEB, DESA, 

ACOLBR and proposed PSO-EELB for varying number of nodes which clearly shows the 

better performance of proposed algorithm. Initially the load is equal and randomly initialized. 

The number of nodes are varying from 20-100.   

Apart from these test cases, the proposed PSO-EELB algorithm also performs well in terms 

of algorithmic complexity as compared to GSTEB, GACCTR, DESA and ACOLBR. The 

overall run-time complexity of existing ACOLBR is   𝑛             𝑛          

 𝑛        𝑛 
   where 𝑛          𝑛  in every case. In this case, for intra-cluster routing 

operations, the complexity is   𝑛        𝑛 
   

and for inter-cluster routing operations is 

  𝑛            𝑛         , where 𝑛  is number of nodes in the cluster and 𝑛        is 

number of clusters. 
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Figure 5.7 Comparison of Load Balancing for Various Techniques 

In case of GACCTR, the overall complexity is    𝑛    𝑛     𝑛      denotes number of 

generations in population and 𝑛 represents number of nodes in grid and   is number of 

iterations. It comes out to be   𝑛      In DESA, the worst case complexity is    𝑛    here 

  denotes the number of iterations of Simulated Annealing and   𝑛   is the worst case 

complexity of Differential Evolution. In case of GSTEB, the overall complexity of algorithm 

is  𝑛 
        𝑛  𝑛  𝑛           𝑛     . Here,   is the number of iterations, 𝑛  is the 

number of employed bees or food sources, 𝑛  is the number of data objects in the dataset and 

  is the number of attributes and    is the total number of categories for all attributes. The 

complexity of the proposed PSO-EELB algorithm is   𝑛   𝑛   for 𝑛  number of paths 

having 𝑛 number of nodes and   denotes number of iterations running on sink which proves 

that PSO-EELB performs better as compared to the other techniques. 

5.3.2 Statistical Analysis 

Coefficient of Variation (              ) is used to analyse the statistical significance of the 

results. It defines the data deviation as a proportion of its mean value and is calculated given 

in Equation (4.28).                of execution time has been studied for proposed load 

balancing technique (PSO-EELB) and existing techniques (GACCTR, GSTEB, ACOLBR 

and DESA) as shown in Figure 5.8.   
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The range of                 (0.52% - 1.55%) in terms of execution time proves the stability 

of PSO-EELB as shown in Figure 5.8. Small value of               signifies PSO-EELB is 

more efficient in load balancing in the situations where the number of nodes are varying. 

Value of                decreases as the number of nodes is increasing. Statistical analysis 

illustrates that the PSO-EELB outperforms existing load balancing techniques for large 

number of nodes.   

 

Figure 5.8 CoV for Execution Time of Various Load Balancing Techniques 

5.4 Chapter Summary 

A Particle Swarm Optimization (PSO) based Energy Efficient Load Balancing (PSO-EELB) 

technique for WSNs has been proposed. Based on deterministic PSO, multiple paths are 

selected and load balancing is performed by sending a packet (divided into sub-packets) 

using Erasure coding for data transfer at particular point of time. It is energy efficient and 

load balancing technique. It performs efficiently in terms of active number of sensor nodes 

and is more reliable as it performs routing over multiple paths (based on energy 

consumption) using Erasure coding along with clustering. It has optimal time complexity, 

i.e.,    𝑛    (here 𝑛 denotes number of nodes,   represents number of paths and   denotes 

number of iterations) in contrast to other exiting techniques. The results of simulation 

evaluations demonstrates that the PSO-EELB technique is effective in terms of energy 

consumption, throughput, network lifetime, number of active nodes, convergence rate and 

number of packets received as compared to existing load balancing techniques (GACCTR, 

GSTEB, ACOLBR and DESA) with different number of nodes and number of iterations. 
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Chapter 6  

                                                                                 

Multi-objective Load Balancing Clustering 

Technique for WSNs 

The number of active nodes has a great impact on the network’s energy efficiency. 

Minimizing the number of active CHs leads to minimization of the average energy consumed 

per node and in turn maximizes the network’s energy efficiency. However, increasing the 

number of CHs and taking link quality measures into consideration resulted into more 

compact clusters and hence increased the PDR. Clustering protocols that ignore minimizing 

the number of un-clustered nodes lead to leaving those nodes unattended and hence deplete 

the energy quickly. A sleep scheduling mechanism should be employed to minimize the 

energy consumption of such nodes. Many of the prior clustering protocols assumed that the 

CHs can send their data to the BS directly by maximizing their transmission power. 

However, this solution is considered as an unrealistic assumption in many practical situations 

as maximizing the transmission range will result in a high level of energy consumption and 

will minimize the network’s energy efficiency. In case of WSNs, there can be number of 

scenarios, in which multiple underlying objectives are conflicting in nature and there is a 

requirement to choose one of the trade-off solutions. Such scenarios are generally addressed 

by multi-objective optimization formulations. So, there is a need of an appropriate Multi-

Objective Optimization technique to resolve such issues.  

In this chapter, a Multi-objective Load Balancing Clustering (MLBC) approach is proposed 

for an energy efficient and reliable clustering technique. The proposed approach uses a 

variable number of CHs and its objective is to assign each network node to its respective CH. 

Each CH is assigned to its respective next hop. If the same path or CH is selected each time, 

then it will lead to load imbalance and network hole problem. In each iteration of the 

proposed technique, role of CH is shuffled and a path is selected based on the weight 
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assigned in order to balance the load. The values of weights keep on changing depending 

upon the underlying parameters. The problem of clustering and load balancing in WSN is 

formulated as a multi-objective optimization problem, aiming at determining an energy 

efficient and reliable clustering technique. Two objective functions are considered to be 

achieved simultaneously for energy efficient clustering technique: minimize the average 

energy consumption in order to maximize the energy efficiency of the network and minimize 

the inter-cluster transmission cost in order to maximize the data delivery reliability. The load 

of data transmission is minimized and balanced by shuffling the nodes responsible according 

the weight assigned. 

6.1 Preliminaries for MLBC technique 

In this chapter, a clustering technique based on Multi-Objective Particle Swarm Optimization 

(MOPSO) is presented for WSNs. MOPSO is utilized to calculate the optimal cluster number 

in order to provide efficient solutions in terms of energy in multi-objective fashion. The 

evolutionary capability is utilized in MOPSO for the optimization of the count of clusters. By 

calculating the optimal number of clusters, packets can be routed from cluster head to sink in 

an efficient way. The multi-objective problem can be directly addressed for finding out the 

Pareto-optimal solutions in contrast to assigning a weight every parameter. Firstly the 

algorithm computes cluster head and after that its neighbours are calculated. All those nodes 

which lie in transmission range of a node become neighbours of a cluster head. A new metric 

i.e. weight is assigned to each neighbour node based on energy and distance for further 

selection process. The data aggregation is performed by CH according to the level of residual 

energy. Two objective functions are considered simultaneously: energy efficiency and 

reliability denoted by    and    respectively. 

The preliminaries for the development of MLBC has been reviewed and summarized in this 

section. These preliminaries include the review on: 

● Pareto-based Multi-objective Optimization 

● Multi-Objective Particle Swarm Optimization 
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6.1.1 Pareto-based Multi-objective Optimization 

A Multi-objective Optimization Problem (MOP) involves optimizing a number of objective 

functions which need to be maximized or minimized simultaneously and are usually 

conflicting in nature. A problem has a number of constraints, which must be satisfied by a 

solution. Due to multiple objectives in MOP, there is no unique solution capable of being 

described as an optimal solution. Therefore, the main objective is to find a number of optimal 

solutions. In multi-objective optimization, there is a multi-dimensional search space. 

Evolutionary Algorithms (EAs) are well suited to address problems of multi-objective 

optimization due to their evolving nature [273]. 

Assuming a minimization problem for convenience, a MOP with    decision variables and 

  number of objective functions can be expressed as follows: given an   -dimensional 

decision variable vector              
  in the solution space   find a vector    which yields 

the optimum value for a given set of   objective functions       = {  (  ),...,   (  )} 

where      . However, as the objective functions have conflicting nature, it is rare that the 

global optimum for all of the individual objective functions occurs simultaneously at a single 

point of search space. In such scenarios, the main focus is to find a set of trade-off solutions. 

Pareto-dominance Principle 

A feasible solution   is said to dominate another feasible solution   if and only if the 

following conditions are satisfied: 

 Solution   is no worse than a solution   in all objectives.  

 Solution   is strictly better than a solution   in at least one objective. 

Formally speaking,   dominates   (denoted by (     )), if and only if: 

                          (6.1) 

                          (6.2) 

If any of the conditions mentioned above in Equation (6.1) and Equation (6.2) is false, then 

solution   does not dominate the solution  . If solution   dominates solution  , then solution 

  is better than solution  . This concept results in a set of solutions rather than a single point 
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of solution which are known as Pareto optimal solutions or Pareto optimal set. While 

comparing the solutions obtained with reference to defined objective functions, if not any of 

these solutions is more appropriate than the other solutions obtained so far, then it can be 

concluded that none of the obtained solutions dominate the others and are called non-

dominated solutions. It cannot be concluded in such cases that which one of these solutions is 

better. The vector which stores the solutions present in the pareto-optimal set is termed as 

non-dominated vector. 

Solution    is a Pareto optimal solution if there exists no feasible vector of decision 

variables    , which will decrease the value of some objective without simultaneously 

increasing the value of at least one other objective. There are no superior solutions to the 

problem than   , although there may be other equally good solutions. Hence,       is 

Pareto optimal if and only if, condition mentioned in Equation (6.3) is satisfied: 

                   (6.3) 

The set of solutions that satisfy Equation (6.3) is known as the Pareto optimal set. These 

solutions are represented on a curve known as Pareto-optimal front. The curve formulated is 

shown in Figure 6.1 in which two objective functions (both are of minimization type) are 

considered. 

                                   

Figure 6.1 Optimal Pareto Front 

There are several approaches which are utilized for addressing the MOPs, with Multi 

Objective Evolutionary Algorithms (MOEAs), posing all the desired characteristics for 
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obtaining a set of non-dominated solutions, in a single run. These approaches work with two 

main goals: 

Convergence: To find a set of Pareto-optimal solutions, and  

Diversity: To find a set of diverse solutions in order to prevent premature 

convergence and achieve a well-distributed trade-off Pareto front. 

Convergence leads the solutions towards the Pareto-optimal region and diversity guides the 

solutions towards the Pareto-optimal front. In multi-objective optimization, the main focus is 

to compute the Pareto-optimal solution set having solutions near true Pareto-optimal front 

and rest of these solutions are not considered as desired ones. Optimal solutions should be 

sundry. There are two spaces in multi-objective problems, one being decision variables space 

and the other objective space. Diversity can be determined in both the spaces. There is only a 

single search space in single-objective solution, i.e., the decision variable space. But, in case 

of multi-objective problems, two search spaces are involved instead of one. 

In this research work, Multi-objective Particle-Swarm-Optimization (MOPSO) is considered 

as an optimization tool to solve the problem of clustering and load balancing in an energy 

efficient way in WSN. There are extensive applications of this evolutionary approach in 

different fields of WSNs. As per literature, this algorithm is utilized to fulfil the needs of 

practical optimization problems known till date and is popular because of its ease of 

hardware implementation. The multi-objective clustering where the nodes are grouped 

keeping in mind the two objectives: energy efficiency and reliability; is the main problem 

which needs to be addressed. As there will not be a single best solution for such scenarios, so 

a set of solutions will be generated in this case.  

6.1.2 Multi-Objective Particle Swarm Optimization 

Algorithms evolutionary in nature are highly utilized to calculate manifold solutions for 

problems having the nature of multi-objective optimization. These algorithms have an ability 

to find multiple solutions in contrast to finding piecemeal solution. Number of evolutionary 

algorithms is evolved based on distinct processes for generating the solutions. As for 

example, differential evolution, genetic algorithm, swarm intelligence and Artificial-

Immune-System (AIS), etc. 
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In PSO, single solution which is complete in nature for a problem is known as a particle. A 

group of all such particles which hunts for an optimal solution is known as swarm. PSO has 

been adapted to address the optimization problems which are multi-objective in nature since 

past few years. A lot of swarms are utilized in such problems. There are number of real life 

applications which are dynamic in nature and in such cases, the underlying approach has to 

trace mobile optimum. PSO is considered as an efficient meta-heuristic approach which has 

been enhanced to address the multi-objective optimization problems. The number of 

dimensions in a vector is tantamount to the count of attributes of the problem. In the initial 

stage, particle velocities and positions are randomly calculated. Equations (5.21) and (5.22) 

of velocity and position for multi-objective problem turn out to be: 

                                  

          

                     

 )             
      

 ) (6.4) 

      

           

   +      

    (6.5) 

where                              , and    is the size of the population and    denotes 

the number of dimensions. 

A set of particles (solutions) are initialized randomly in PSO. The main objective is to reach 

optima by adapting the particle iteratively over the generations.  

6.2 Proposed MLBC technique 

This section gives a detailed description of the proposed MLBC approach which is utilized 

by BS to find the optimal set of CHs and the routing tree that connects them. BS adopts a 

Pareto-based multi-objective approach for determining the optimal set of CHs. In the 

proposed approach, a new individual encoding scheme that represents a novel clustering and 

routing problems in WSN is proposed. The inter-cluster communication involves only the 

CHs in a network. The proposed approach assigns each network node to its respective CH 

and each CH to its respective next hop, which will also be a CH. Figure 6.2 provides an 

overview of the proposed approach workflow.  
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6.2.1 Individual Initialization  

The individuals are presented in such a way that each individual provides the set of CHs and 

the path from each CH towards BS. The dimension of an individual is assumed to be 

equivalent to the number of nodes deployed in the network (i.e.,  ). 

Let                               be the i
th

 individual of the population where           

        maps the assignment of the sensor node      to a CH. Each individual is initialized 

arbitrarily based on a uniform distribution in the range (0,1). 

 

Figure 6.2 MOPSO based Proposed Technique 
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Let         ) be the list of all      neighbours. Then, the CH of node   is encoded for 

initial clustering phase as given by Equation (6.6): 

     = ⌈                      ⌉ (6.6) 

Consider a WSN with 18 sensor nodes, i.e.,                     where    is the BS as 

shown in Figure 6.3. Therefore, the number of dimensions of an individual is equal to the  

number of nodes – 1 (BS), i.e.,       . The edge       indicates that node   is within 

communication range of node   hence node   can send data to node   but not necessarily 

vice versa. 

 

Figure 6.3 WSN Deployed with 18 Nodes 

Now, for each     ,              of individual   , a random number is generated to 

initialize it. For instance, an individual     = [1.00, 0.97, 0.02, 0.34, 0.74, 0.67, 0.61, 0.74, 

0.11, 0.29, 0.92, 0.33, 0.18, 0.60, 0.46, 0.47, 0.24] has been randomly generated as shown in 

the second column (i.e.,       ) of Table 6.1. This individual actually represents a candidate 

solution to both the clustering and routing problems as follows: 

For instance, consider the generated random number for the first individual, 1.00, i.e.,      = 

1.00 as shown in first column of Table 6.1. Hence,                       = 7, therefore the 
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7th neighbour from          i.e.,     is selected as a CH for    as shown in Table 6.1. In 

the same way, each sensor node is assigned to a CH using the randomly generated particle. 

Then, the CH candidates which result from decoding    is    =                   Table 6.1 

summarizes the decoding process for individual   . The final assignment of each node to its 

next hop for individual    and the corresponding generated clusters are given in Table 6.1 and 

Figure 6.4 respectively. 

Table 6.1 Individual Decoding Process to Assign a CH to Each Node 

                            ⌈(      

          )⌉ 

CH 

elected  

   {                         7 1.00 7     

        1 0.97 1    

   {Null} 0 0.02 0 None 

           2 0.34 1    

            2 0.74 2    

         1 0.67 1     

                3 0.61 2     

                           6 0.74 5     

                 4 0.11 1    

                3 0.29 1    

                   4 0.92 4    

                   4 0.33 2    

            2 0.18 1    

             2 0.60 2     

                    4 0.46 2    

                3 0.47 2     

          1 0.24 1     

 

After cluster formation, the task of a CH is to aggregate the data received from the cluster 

members and report that data to the next hop. In the proposed MLBC technique, the level of 
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aggregation varies according the residual energy of CH. If the residual energy is higher, then 

level of aggregation will be decreased as more data can be captured to provide more accuracy 

or vice versa. The cost of aggregation and level of data aggregation are expressed by 

Equation (4.29). 

 

Figure 6.4 Generated Clusters for the Corresponding CHs 

After the initial clustering, in the next iteration, each cluster head will be selected on the basis 

of the weight assigned. Two input parameters are considered for weight calculation: initial 

energy and distance as given by Equation (6.7):  

   
 

    
      (6.7) 

Here    denotes the energy of     node and      denotes the distance from current node to 

node  . 

Then, in the next iterations, neighbor list of each node will be updated in the descending 

order on the basis of weight assigned. The weights are assigned to only those nodes which 

are having energy              (average residual energy). If there are multiple nodes having 

similar weight (maximum weight), then selection will be performed randomly. 

Let us consider the case of node   . The neighbours of                             and 

number of neighbor nodes > 1. After first phase, the weight calculation is performed as 

shown in Table 6.2.     is having highest value of weight, so it will be selected as CH. In the 

next iteration, the weight of     can be 0.1821, which may not the highest weight in a 

Loop 
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network and then some other CH will be selected. Similarly, is the process for next hop 

selection. Hence, the roles of CHs and next hop are shuffled and results in load balancing. 

The path selection is done on the basis of the weight parameter as it is calculated in Equation 

(6.7). 

Table 6.2 Weights Assigned to Neighbours of Node    

Neighbour Nodes            

   1.31 14 0.0935 

    1.34 13 0.1030 

    1.96 11 0.1781 

    1.56 7 0.2228 

    1.1 8 0.1375 

   1.87 9 0.2077 

  

A source node (CH) in order to sends its data to the destination (sink) follow certain rules: 

Let the distance limit for source and destination be    as calculated in Equation (5.32). If      

(actual distance between source and the destination) is less than   , then data can be 

transmitted in a single hop from the source to the destination, in the form of direct 

communication. If        , then the whole  routing process presented above is utilized for 

data transmission to minimize energy consumption and to enhance the network life cycle. 

The inter-cluster communication is used to transmit the data from the CHs to the BS. In the 

proposed approach, a multi-hop model is considered where the CHs form a network among 

these nodes, using a multi-hop route for data transmission towards the BS. The proposed 

individual encoding scheme is also utilized in the routing tree construction by assigning each 

CH to its next hop. However, the constructed routing tree is considered as invalid if any of 

the following conditions is violated: 

•Loop-free routing tree. 

•Each route from each CH should terminate at the BS. 
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Otherwise, the constructed routing tree is valid and can be used for the inter-cluster 

communication. 

Let’s consider the final nodes assignments in Figure 6.4 and the generated CHs set,    

                . It can be observed that CH     can send to the BS node directly. 

However, there is loop between CH    and CH     as it is shown by red coloured edge in 

Figure 6.4. Hence the constructed routing tree is considered as invalid and is assigned a 

negative value to remove this solution for further consideration. Now, let’s suppose that the 

generated random number for     is 0.96, i.e.       = 0.96 in Table 6.1, then node     will be 

assigned to node     instead of   . In this case, the final nodes assignment to their next hop 

is given in Figure 6.5 in which there is no loop in the network. For the CH set    

               , Table 6.3 will result in the following routes from each CH,     

→  ,               and                . 

Table 6.3  Assignment of Sensor nodes to their Respective Next Hop 

Source 

Node 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

Destination 

Node 

12 8 -1 8 0 12 12 15 8 8 0 0 8 15 12 12 12 

 

Figure 6.5 Assignment of Nodes to their Respective Next Hop Neighbour 

This routing tree is considered valid since there is no loop among the CHs and each route 

from each CH terminates at the BS. The corresponding routing tree is illustrated in Figure 
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6.5. Throughout different experimentation, it is found that, regardless of the network density, 

the proposed approach results in a large number of non-valid routing trees due to existing 

loops. Hence, there is a need for a healing function to repair the constructed routing tree. 

6.2.2 Healing Function for Loop Prevention 

In order to construct a loop-free routing tree, the Dijkstra algorithm[274] is used to find the 

Shortest Path Tree (SPT) that connects the CHs to the BS. The network is presented as a 

weighted directed graph,           where   represents the set of CHs in addition to the BS 

and   represents the set of edges between them. It is assumed that the best link quality 

between two nodes represents the shortest path. An edge   from node   to   has weight    ,  

as given by Equation (6.8): 

       {
                          

                                             
                                       

 (6.8) 

Here, Packet Delivery Ratio(PDR) is defined as      
                         

                            
  which is 

a measure of link quality and its value lies in [ 0 1]. Here,    is defined as a very high 

negative value. The link quality for the route from CH to the BS is calculated as given by 

Equation (6.9): 

        {
∑                             

   

            

 (6.9) 

It should be noted that the link quality from the sensor   to sensor   is different from the link 

quality from the sensor   to sensor  . Therefore, at iteration  , the BS generates a dynamic 

Adjacency Matrix    as follows: 

12 1

21 2

1 2

0 ...

0 ...

... 0

n

n
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n n

w w
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D

w w

 
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 
 
 

 (6.10) 
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The BS uses the adjacency matrix    to find SPT that connects the BS and all the CH 

candidates. The Dijkstra algorithm is used to find the SPT that connects the CHs to the BS as 

shown in Algorithm 6.1. 

Algorithm 6.1: Dijkstra algorithm to find the SPT 

Input: The directed graph           and the positive edge lengths             given by 

  . // Q: Set of unvisited vertices  

Output: SPT and its associated cost  

// For each         ,        is the link quality for the route from    to the BS as 

calculated in Equation (6.9). The SPT cost is calculated using Equation (6.13). 

      Begin 

1.             

2.                  

3. for each        do  

4.         if          then  

                            

                                 
5.         end  

6. add CH to Q  

7. end  

8. while Q is not empty do  

9.              vertex in Q with maximum        value  

10.          remove   from Q  

11. for each neighbour   of   do  

12.                             

13.          if             then  

14.                              

15.                              

16.         end  

17. end  

18. end while 

19. return        ∑               

End 
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6.2.3 Individual Evaluations 

The next step after initializing the individuals is to evaluate the generated clusters and the 

constructed routing tree according to some objective functions. This step helps to update the 

set of Pareto-optimal solutions and the Pareto front periodically. The main goal of the 

technique is to find the optimal set of CHs such that the following objectives are achieved 

concurrently: 

•  Minimize the average consumed energy in order to maximize the network lifetime. 

• Minimize the inter-cluster transmission cost in order to maximize the data delivery 

reliability. 

The objective functions are constructed to evaluate each candidate solution depending on the 

decision parameters described as follows: 

Average Energy Consumed: In order to save more energy, fewer sensor nodes need to be 

active during each round. The main approach is to minimize the number of elected CHs 

denoted by  . Let vector     denotes the vector that represents the CHs generated from 

decoding individual   , after removing duplicate values. Then, the number of elected CHs is 

given by: 

   
       (6.11) 

Furthermore, a sensor node with a higher level of energy is a better CH candidate to both 

aggregate the data and to act as a relay node towards another CH or BS. The energy 

efficiency can be increased in terms of CHs if the average CH residual energy can be 

maximized or average CH energy consumption can be reduced.  The objective function     is 

chosen as the reciprocal of the average remaining energy for the CH candidates and is given 

by Equation (6.12): 

             
 

    

∑         
 

    

   

 (6.12) 
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  is the remaining energy of CH number   generated from decoding individual   . 

Data Reliability: In order to increase the network throughput or to increase the data delivery 

reliability, there is a need to minimize the inter-cluster communication cost. The cost of the 

link between any two nodes is determined by link weights in the Adjacency Matrix    as 

given by Equation (6.9) and Equation (6.10). 

The total cost of the constructed tree (inter-cluster communication cost), is defined as the 

sum of the costs of links between the CHs forming that tree. If any two CHs are not 

connected, the constructed tree is assigned a high penalty value to narrow down the search to 

optimal valid tree solutions only. Therefore, the total cost of the constructed tree is calculated 

as follows: 

              {
∑ ∑                                  

 

   

 

   

           

 (6.13) 

where   denotes number of CH candidates.   represents the number of edges in path number 

 .    is the weight of edge   given by Equation (6.8). The main objective of the proposed 

MLBC technique is to simultaneously minimize     and      for individual   . The process of 

MOPSO algorithm is described in Algorithm 6.2. 

Algorithm 6.2: MOPSO algorithm 

// Repository REP stores the CHs vectors representing non-dominated vectors.  

//    represents population. 

Begin 

1. Initialize each node’s position randomly.  

2. Initialize each node’s velocity and parameters required for MOPSO. 

3. for each particle   do 

(a) while each node in the network is not visited do 

i. Choose a CH    randomly. 

ii. Store the neighbours of the CH.  
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(b) Exclude CH ‘ ’ and its neighbours for next selection process of CH. 

(c) end while 

5. end for  

6. Evaluate each particle of      

7. Store the best CHs vectors.  

8. Generate the Pareto front by utilizing non-dominated sorting.  

9. Save vectors of CHs that showcase vectors non-dominated in nature in REP.  

10. Calculate the global CHs vector from the REP.  

11. while         is not satisfied do 

(a) Calculate the velocity (VEL) of each CH vector.  

(b) Calculate the new CHs vectors of the solutions adding the velocity calculated in the 

last step.  

(c) Calculate each particle in      

(d) The contents of REP are updated.  

(e) When the current combination of CHs of the solution is better than the combination of 

CHs contained in its memory, the position of particle is updated.  

(f)                      

12.  end while 

End 

For each solution the objective functions are calculated using their respective equations. Non-

domination sorting is used to find out the optimal Pareto front which results in global best 

CHs vector. The velocity is calculated for each individual based on personal best positions, 

current positions of the CHs of the current individual and the positions of global best CHs 

vector positions. The current velocity and position of each CH in the current vector are used 

for new CHs vector. The execution of this process will be terminated after the maximum 

number of iterations is reached.  

6.2.4 Determining the Best Compromise Individual 

After obtaining a set of Pareto optimal solutions provided by Multi- objective evolutionary 

approaches, a mechanism is needed to determine the best compromise solution. Due to the 

imprecision in the decision of the decision maker, it is assumed that there is fuzziness in the 
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goal for each objective. This fuzziness is defined by membership functions that represent the 

degree of fuzziness of some fuzzy sets using values in the range [0, 1]. 

The fuzzy mechanism analyses the contribution of the solutions for the fulfilment of the 

objective and a fuzzy variable is assigned accordingly. It helps in finding a compromise 

solution if the solutions are very close to each other. A fuzzy based mechanism [275] is used 

to find out a compromise solution on the Pareto front. This mechanism has been successfully 

used in many different applications of MOEAs. 

In the fuzzy-based mechanism, a membership value for i
th

 objective of j
th 

solution is 

calculated in the Pareto-front using the membership function as given by Equation (6.14): 

min

max
min max
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max
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 indicates how well the j

th
 solution in the Pareto optimal set can satisfy the i

th
 objective. The 

sum of membership values for all objectives of the j
th

 solution suggests how well it satisfies 

all the objectives. Given   solutions in the Pareto-optimal set and   objective functions for 

each solution, the achievement of each non-dominated solution with respect to all non-

dominated solutions can be calculated using Equation (6.15): 
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1 1
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N M
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j
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u
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
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



 (6.15) 

The solution with the maximum value of    is a compromise solution which is required by 

the decision maker. 
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6.3 Experiment Setup and Results   

The performance evaluation of the proposed MLBC technique is done on               

grid with static nodes. The transmission range of each node varies from 10 to 60 m. The 

number of nodes is varying between 20 and 100. The proposed MLBC technique is compared 

with existing IMOWCA[245], MOPSO-DE[251] and JPSO[249] for parameters: packet 

delivery ratio, total residual energy, network lifetime, number of active nodes, coverage and 

scalability. The results are obtained after performing 100 iterations of each technique. A 

radio energy model is utilized for the calculation of energy loss for communication discussed 

in section (3.1.2). Table 6.4 enlists the experimental settings and its values. The various 

MOPSO parameters along their values are shown in Table 6.5 for proposed MLBC approach.  

Table 6.4 Simulation Parameters 

Simulation Parameters Values 

Area Covered            

Deployment Mode Randomly deployed 

Location of sink Center of network field 

Number of nodes 100 

Packet Length     2000 bits 

         2 J 

      50 nJ/bit 

    100pJ/bit/m
2
 

    10pJ/bit/m
2
 

Table 6.5 MOPSO Parameters 

Parameters Values 

   2 

   2 

Inertia Weight   0.694 

Population size 100 

Number of iterations 100 
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Figure 6.6 shows the Pareto optimal front for the two objective functions defined Energy 

consumption (  ) and Reliability (  ) as given by Equation (6.12) and Equation (6.13). The 

values of these objective functions are normalized between (0,1) as shown in Figure 6.6. 

 

Figure 6.6 Pareto Optimal Front of Proposed MLBC 

Test Case 1: Residual Energy vs. Number of Iterations  

The value of residual energy has been calculated for proposed MLBC and existing JPSO, 

MOPSO-DE and IMOWCA techniques with increasing number of iterations. The value of 

total residual energy is decreasing, as the number of iterations increases (20 to 100). The 

reason behind this performance is incurred overhead in terms of communication during 

formation of topology.  

 

Figure 6.7 Residual Energy Vs Number of Iterations 

The value of total residual energy in MLBC is more as compared to IMOWCA, MOPSO-DE 

and JPSO for varying number of iterations as depicted in Figure 6.7. The average residual 
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energy in MLBC is 13.13%, 16.21% and 19.07% more as compared to JPSO, MOPSO-DE 

and IMOWCA respectively.   

Test Case 2: Number of active nodes Vs Number of iterations 

The number of active nodes values has been evaluated for MLBC, IMOWCA, MOPSO-DE 

and JPSO with the increasing number of iterations (1 to 100). A node is considered as active 

node if its present residual energy is more than zero and there must be at least one CH within 

its range. As the number of iterations is increasing, the number of active nodes decreases due 

to energy dissipation. The value of number of active nodes is maximum for 93 at 20 

iterations. Number of active node in MLBC is 16.28%, 11.79% and 9.13% more as compared 

to IMOWCA, JPSO and MOPSO-DE respectively as shown in Figure 6.8. 

 

Figure 6.8 Number of Active Nodes Vs Number of Iterations 

Test Case 3: Packet Delivery Ratio Vs Number of Rounds 

 The value of Packet Delivery Ratio (PDR) is calculated with respect to number of rounds for 

proposed MLBC technique and existing IMOWCA, MOPSO-DE and JPSO techniques. As 

shown in Figure 6.9, data packets receiving rate is decreasing, with the increase in number of 

iterations. Initially, maximum value of PDR is 0.885 after 20 iterations in case of MLBC, but 

IMOWCA (0.712) and MOPSO-DE (0.72) are receiving approximate similar amount of data 

packets. The maximum value of PDR for JPSO is 0.775 at 20
th

 iteration. At 20
th

 round, 

MLBC receives 17.21%, 18.13% and 18.26% more data packets than IMOWCA, MOPSO-

DE and JPSO respectively. The minimum number of data packets received in MLBC is at 

100
th

 iteration with PDR=0.625. The average number of data packets received in MLBC is 

12.76%, 13.91% and 20.95% more than IMOWCA, JPSO and MOPSO-DE respectively. 
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Figure 6.9 Packet Delivery Ratio Vs Number of Iterations 

Test Case 4: Network Lifetime vs. Number of Iterations 

The value of network lifetime has been calculated for proposed MLBC and existing 

IMOWCA, MOPSO-DE and JPSO with different number of iterations. With the increase in 

the number of iterations (20 to 100), the value of network lifetime is decreasing. The 

rationale behind this performance is the communication overhead involved while topology 

formation. The value of network lifetime in MLBC is more as compared to existing 

techniques IMOWCA, MOPSO and JPSO for varying number of iterations as shown in 

Figure 6.10. The maximum value of network lifetime is 130 seconds at 20
th 

iteration. The 

average network lifetime in MLBC is 11.93%, 12.91% and 18.57% more as compared to 

JPSO, MOPSO-DE and IMOWCA respectively.   

 

Figure 6.10 Network Lifetime Vs Number of Iterations 

Apart from the above discussed parameters, the main objective of all the MOEAs is to find 

solutions close to the Pareto optimal front as much as possible and solutions should be 
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diverse as much as possible in the non-dominated front. Since the true Pareto-optimal front 

for the proposed application is unknown, for performance analysis, coverage and spacing of 

the Pareto front are considered. Coverage measures the convergence of the Pareto front and 

the distribution of solutions along the Pareto front is measured by spacing. 

Test Case 5: Coverage of the Pareto front 

Let   and   are assumed to be Pareto-optimal sets. The relative spread of solutions 

between two non-dominated sets is measured by this metric. The function     maps the 

ordered pair       to the interval       and is given by Equation (6.16): 

         
                     

   
 

(6.16) 

 

where     denotes the number of solutions in set B and     represents that solution   is 

weakly dominated by solution  . The value            implies that   weakly dominates 

all decision vectors in  . In contrary,            implies that none of the points in   are 

weakly dominated by  . If                    then the set   has better solutions than 

the set  . 

Test Case 6: Spacing 

Spacing metric measures the distribution of the solutions over the non-dominated front. 

Spacing between solutions is computed as: 

        √
 

    
∑(

  

 
)
   

   

 

(6.17) 

where,         ∑ |  
    

 
| 

                         and    denotes the number 

of solutions in the non-dominated set and the number of objective functions is represented by 

  and   is the mean of all the   . The nearer the value of Spacing to zero, the more 

uniformly distributed the solutions found over the Pareto optimal front. 
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Table 6.6 Results of     Metric for MLBC and IMOWCA 

Parameters Clustering Techniques 

MLBC IMOWCA 

                 1    0.137 

                0.92       0 

               0.9474   0.0625 

                0.962   0.0986 

          0.0039   0.0669 

 

Table 6.7 Results of     Metric for MLBC and MOPSO-DE 

Parameters Clustering Techniques 

MLBC MOPSO-DE 

                       0.9461 0.3631 

       0.7129 0.0248 

         0.9011 0.2247 

        0.8172 0.0182 

    0.0056 0.0098 

 

Table 6.8 Results of     Metric for MLBC and JPSO 

 

Parameters 

Clustering Techniques 

MLBC JPSO 

     0.9886 0.3126 

      0.7835 0.0192 

        0.9133 0.2013 

       0.8361 0.0133 

   0.0067 0.0182 
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Table 6.9 Results of Spacing Metric for Proposed and Existing Techniques 

Parameters Clustering Techniques 

MLBC IMOWCA MOPSO-DE JPSO 

     0.2182 0.3915 0.5432     0.1254 

      0.3876 0.6891   0.5182  0.7312 

        0.3113 0.5169       0.4538     0.5421 

       0.3253 0.4997       0.5122     0.3214 

   0.0687 0.1144       0.1212     0.1867 

 

The quality of the Pareto-optimal solutions acquired with the proposed MLBC and existing 

techniques is measured by two qualitative metrics     and  . The best average results for 

each technique with respect to each metric are shown as underlined in all the tables. The best, 

average, worst, Standard Deviation (  ) and median of the performance metrics are listed in 

Tables 6.6 – 6.9. 

The value              indicates that 94.74% of the Pareto-optimal solutions acquired 

with MLBC weakly dominates the solutions obtained with IMOWCA as shown in Table 

6.6. Similarly, the value               shows that only 6.25% of the solutions obtained 

with MLBC are weakly dominated by the solutions obtained by IMOWCA. Further, the    

of MLBC with respect to     is significantly lower than existing techniques, indicates that 

the performance of MLBC is more stable statistically. The distributions of the solutions 

extracted with existing IMOWCA, MOPSO-DE and JPSO and proposed MLBC technique 

are calculated with respect to non-uniformity metric  . A lower value of   indicates a 

uniform or better spread of solutions. The results obtained for metric   shows that the spread 

of the solutions obtained with MLBC have more uniformity as compared to the existing 

techniques.  

6.4 Chapter Summary  

A Multi-Objective Load Balancing Clustering (MLBC) has been proposed, in which MOPSO 

algorithm is utilized for providing optimal solutions. In the underlying mechanism, all the 

nodes transmit the data regarding location and energy to the CHs. Two objective functions 
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are defined based on energy efficiency and reliability in terms of data delivery. The load 

balancing is performed by shuffling the roles of next hop node and CH in each iteration. The 

whole process is executed at BS in order to save energy. Furthermore, a performance 

comparison between the proposed approach and other well-known existing multi-objective 

clustering techniques is conducted. The performance evaluation shows that the proposed 

MLBC technique is better than existing techniques in terms of active number of nodes, 

packet delivery ratio, network lifetime and energy consumption.                        
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Chapter 7  

                                                                       

Conclusions and Future Directions 

7.1 Conclusions 

In WSNs, it is essential to use a routing protocol that is energy efficient, scalable and robust 

in terms of reliable packet delivery. In this thesis, set of data aggregation and load balancing 

multipath techniques have been developed to address the energy efficiency, data delivery 

reliability and load balancing issues in WSNs. Data aggregation and load balancing in 

multipath routing are two well-known problems, which have been addressed in this research 

work. The main contributions of this research work are: 

 A novel data aggregation technique, DAHDA has been presented. This technique 

provides required level of accuracy along with the data aggregation. 

 CEC data aggregation technique has been proposed for heterogeneous networks based 

on hexagonal clustering model. An efficient MAC protocol has been utilized for better 

energy efficiency. 

 A novel load balancing technique, PSO-EELB has been presented. Discrete PSO is 

utilized for clustering based multipath routing technique. 

 The multi-objective load balancing (MLBC) has been proposed to address the multiple 

objectives simultaneously. MOPSO is utilized to consider reliability and energy 

efficiency simultaneously.  

The key findings of this research work in reference to Chapters are discussed below:  

The thesis commences with the introductory section of Wireless Sensor Networks in 

Chapter 1 that provides an overview of Wireless Sensor Networks, architecture of sensor 

node and protocol stack of WSNs. The various approaches and parameters of data 
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aggregation and load balancing have been discussed. In Chapter 2, the emphasis is on the 

multipath routing techniques. The various techniques of load balancing and data aggregation 

have been identified, discussed and compared and further research issues in data aggregation 

and load balancing have been identified.   

In Chapter 3, a novel Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) has been 

proposed for Clustered WSNs that utilises the LEACH-C algorithm. The proposed DAHDA 

has been modified as Extended DAHDA (EDAHDA) and Modified EDAHDA on the basis 

of level of underlying functionalities. The EDAHDA has been developed assuming that not 

all sensors readings are important in every round as the readings might be similar for nearby 

sensors. To achieve this key feature, sensors weights are designed to decide which sensors 

should be assigned as cluster heads and which should be assigned as sending sensors. 

Modified EDAHDA has been presented to handle sudden changes in the underlying data, 

which can happen according to the occurrence of events in the sensed field. In this, the 

sensors in the event area are more likely to be chosen to transmit their data to CHs. 

The NS2 based simulated environment has been used to evaluate the performance. 

Simulation results show that EDAHDA extends the network lifetime and performs well when 

compared with existing techniques in both evolving as well as non-uniform WSNs while 

maintaining the accuracy of the data. The algorithm performs well in terms of residual 

energy, number of alive nodes, data accuracy, sudden burst detection, sensor distribution, 

lifetime of last node, first node and average node life for uniform, non-uniform and evolving 

networks. The results also demonstrate the adaptivity feature of the algorithm by being able 

to capture the events of interest. 

The EDAHDA extends the lifetime of first node, last node and average lifetime compared to 

LEACH for both non-uniform and evolving networks. The performance of the Modified 

EDAHDA with adaptivity feature has been evaluated by capturing sudden bursts or events in 

the underlying values of the data. The higher detection ratio is obtained for the Modified 

EDAHDA than the detection ratio resulted with EDAHDA for the duration of the different 

events, which demonstrate that the events are captured more accurately in Modified 

EDAHDA. 

In Chapter 4, Cross-layer Energy Based Clustering (CEC) technique based on dynamic data 

aggregation has been proposed for the extension of the network lifetime and minimization of 
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energy consumption in heterogeneous networks. The level of data aggregation varies 

according to the energy level. In case of low residual energy, level of data aggregation is 

increased to provide the energy efficient data transmission with acceptable level of accuracy. 

Additionally, a weight parameter     is used to make the decision for the importance to be 

given to the two parameters namely: probability of becoming the cluster and cluster head’s 

consumption of energy. The       signifies that decision is based on equal importance for 

both residual energy and distance;     signifies the decision based on accounting residual 

energy; while    , signifies the consideration of distance only in decision making. The 

simulation results demonstrate that CEC technique is effective in terms of energy 

consumption, network lifetime, number of active nodes and packet delivery ratio. The 

effectiveness of the presented technique is compared to existing techniques (LCM, EEPCA 

and SOEECP) with varying number of nodes and number of iterations. Experimental results 

show that the CEC (       outperforms the other two variants CEC (     and CEC 

(    , as equal weightage is assigned to residual energy and distance while making 

decision. It is observed that CEC with        makes least consumption of energy when 

compared to other techniques and variants. 

While considering the sink in center, the network’s lifetime ratio is computed for LCM, 

EEPCA, SOEECP and different values of   in CEC. The CEC performs better with respect to 

lifetime of the network when   is set as 0. The CEC with   as 0.5 collects greater count of 

packets of data than other protocols before the BS gets disconnected from WSN. 

Experimental results depicts that CEC maintains better data precision as compared to the 

existing techniques LCM, EEPCA and SOEECP. Further, Statistical analysis demonstrates 

the CEC outperforms existing techniques for large numbers of nodes.  

In Chapter 5, a Particle Swarm Optimization (PSO) based Energy Efficient Load Balancing 

(PSO-EELB) technique for WSNs has been proposed. In proposed technique, number of 

routing paths is identified and energy consumption of different nodes and paths is calculated. 

The fitness functions are defined in terms of residual energy, node density and distance. The 

results of simulation evaluations demonstrate that the PSO-EELB technique is effective in 

terms of energy consumption, throughput, network lifetime, number of active nodes, 

convergence rate, execution time and number of packets received as compared to existing 

load balancing techniques (GACCTR, GSTEB, ACOLBR and DESA) with different number 

of nodes and number of iterations. For a hundred node network, the average energy 
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consumption in PSO-EELB is 6.34%, 9.721%, 10.54%, 12.64% and 16.66% lower as 

compared to ACOLBR, GSTEB, GACCTR and DESA respectively. The average network 

lifetime in PSO-EELB is 12.63%, 13.71%, 15.12% and 18.75% higher as compared to 

DESA, ACOLBR, GSTEB and GACCTR respectively. With the increase in the number of 

iterations, the number of active nodes is decreasing due to energy dissipation in 

communication and computation operations. The minimum number of data packets is 

received in PSO-EELB at 100
th

 iteration with value of PDR as 0.69. It has optimal time 

complexity, i.e.,         (here   denotes number of nodes,   represents number of paths and 

  denotes number of iterations) in contrast to other exiting techniques. Further, Statistical 

analysis demonstrates the PSO-EELB outperforms existing load balancing techniques for 

large numbers of nodes.  

In Chapter 6, Multi-objective Load Balancing Clustering (MLBC) technique has been 

proposed. The evolutionary approaches can be applied successfully to multi-objective 

optimization problems. Multi-Objective Particle Swarm Optimization (MOPSO), which is an 

evolutionary optimization approach is utilized for considering multiple objectives at a time. 

The objective functions are evaluated and MOPSO algorithm is executed. After, the 

completion of the execution, a set of non-dominating solutions is obtained called Pareto set. 

The main aim of the proposed technique is to balance the load via clustering technique by 

addressing multiple objectives at a time. 

The clustering problem in a WSN consists of multiple conflicting objectives. Furthermore, it 

can be viewed as a problem that is divided into two sub-problems: finding the optimal set of 

CHs and finding the inter-cluster communication tree that connects these CHs to the BS. 

Pareto-optimization approaches can be adapted to find a joint solution to both the clustering 

and routing problems in WSNs. Two objective functions are considered simultaneously: 

Energy Efficiency and Reliability. Energy efficiency is measured in terms of residual energy 

of cluster head and reliability is measured in terms of packet delivery ratio.  

The experimental results on 100 node random network show that the proposed MLBC 

technique outperforms the existing techniques such as JPSO, MOPSO-DE and MOOCTC in 

terms of residual energy, packet delivery ratio, network lifetime and number of active nodes. 

The average network lifetime in MLBC is 11.93%, 12.91% and 18.57% more as compared to 

JPSO, MOPSO-DE and MOOCTC respectively. Initially, maximum value of PDR is 0.885 
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after 20 iterations in case of MLBC. The existing techniques have PDR values as 0.712, 0.72, 

and 0.775 for MOOCTC MOPSO-DE and JPSO respectively at 20
th

 iteration. Number of 

active node in MLBC is found to be 16.28%, 11.79% and 9.13% more as compared to 

MOOCTC, JPSO and MOPSO-DE respectively. MLBC receives 17.21%, 18.13% and 

18.26% more data packets than MOOCTC, MOPSO-DE and JPSO respectively. 

Experimental results have showed that using a dedicated routing tree results in higher 

network throughput and hence enhance the network’s data delivery reliability. Moreover, 

limiting the inter-cluster communication to the CHs results in fewer active nodes and this 

minimizes the average consumed energy per node and hence enhances the network’s energy 

efficiency.  

7.2 Future Directions 

The contribution of this thesis has lead to new research areas in WSNs, which are required to 

be addressed through further research. The following future research directions have been 

suggested for the research community: 

 Dynamic Adaptive Hierarchical Data Aggregation (DAHDA) technique can be 

further improved by optimizing the number of operations in cluster formation phase. 

Binary Differential Evolution (BDE) is utilized for cluster formation along with 

density based clustering, which can be further optimized in order to reduce the energy 

consumption in computation tasks. 

 Cross-layer Energy-based Clustering (CEC) technique can be enhanced by analysing 

the type of traffic in the underlying traffic. Based on the traffic analysis, multiple 

aggregation schemes and MAC protocols can be utilized to make the proposed 

scheme more adaptive and versatile. 

 PSO based Energy Efficient Load Balancing (PSO-EELB) can be extended by 

utilizing the concept of weight based data aggregation scheme using multiple sinks 

for further reducing the energy consumption.  

 Multi-objective Load Balancing Clustering (MLBC) can be extended by considering 

additional objective functions to add more versatility to the approach.  Detecting the 

faulty nodes and replacing such nodes by mobile backup nodes can incorporate fault 

tolerance.  
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