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Abstract of Praxis

Dynamic Optimization-based Clustering in Hexagonal Topology for Enhancing
Network Lifetime of Wireless Sensor Networks

Distribution of Internet-of-Things sensors in wireless sensor networks (WSNs) often leads
to transmission conflicts and inefficiency of energy utilization, resulting in decreased
sensor communication and incomplete data for decision making. Utilizing hexagonal
topology and its unique properties such as one distance-to-neighbor, one distance-to-
cluster, and three axis coordinates can be exploited for time and energy efficient
optimization. Leveraging a network optimization model created in AMPL along with
network simulation created in Contiki-NG Cooja, this research demonstrates that WSNs
with hexagonal network topology can benefit from clustering which improves network
lifetime. Additionally, dynamic clustering further improves network lifetime for the WSN
where the cluster member hopping energy cost and cluster head transmission energy cost
ratio is 33.5% or less. Furthermore, this research shows that clustering is beneficial even if
a network with hexagonal topology is presented with obstacles during its deployment or

experiencing temporary obstacles throughout its use.
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Chapter 1: Introduction

Wireless Sensor Networks (WSNs) play a central role in the Internet of Things (IoT) and
have applications in diverse industries such as space, transportation, manufacturing, and
military. WSNs are also integral to numerous contemporary applications, including habitat
surveillance, precision agriculture, healthcare (Ko, et al. 2010), and detecting natural
disasters. They collect large-scale physical data that is used for monitoring, tracking and

decision making.

A substantial amount of research has been dedicated to making WSNs more reliable.
Distribution of IoT sensors often leads to data transmission conflicts and inefficiency of
energy utilization (Li et al., 2017), resulting in decreased sensor communication and
incomplete data for decision making (Li et al., 2022). For example, even 5% to 20% of
missing data causes the performance of recognition sensors to decrease to 45% and 84%

respectively, rendering the data unusable (Deng et al., 2022).

The network's ability to reliably deliver data, depends on the network topology and network
parameters, as well as on the device properties for data transmission and the means of
communication (Cerotti et al., 2014). While WSN reliability is multifaceted depending on
the specific network deployment and implementation requirements, in a broad sense WSN
reliability is characterized and assessed by sensing coverage, network connectivity, energy
efficiency and data handling capacity (Ablowitz and Zhu, 2012; Carrabs et al., 2015;
Larsson et al., 2016; Pan et al., 2022). The focus of this research is on the energy efficiency

and the overall WSN network lifetime.



Theoretical analysis shows that when using a fixed quantity of sensor nodes, a hexagonal
topology can attain maximal coverage (Rebai et al., 2015; Tang et al., 2019). Njoya et al.
(2022) in their study of WSNs employed the hexagonal lattice to demonstrate a power-
saving network design. In a recent study by Li et al. (2022) they employed the
Fruchterman—Reingold Hexagon algorithm modified for WSN deployment to make the
most use of hardware proficiency of the sensors. Similarly, dynamic clustering is a
groundbreaking method for designing sensor network that is efficient in energy
consumption and to attain reliable transmission of data on large scale. While clustering
protocols like LEACH (Tyagi and Kumar, 2013), HEED (Gupta and Sharma, 2020), BSC
(Wang, et al., 2011), JCR (Xu et al., 2016), DCPVP (Hematkhah and Kavian, 2015) and
others offer innovative solutions for load balancing which improves network energy
efficiency; they do not impose upon unique features of the network’s physical layer
topology. With the advancement of routing protocols such as Routing Protocol for Low-
Power and Lossy Network (RPL), the objective functions assignment to sensor nodes can
now be dynamic, supporting multiple clustering patterns, and therefore, more energy
efficient when it comes to the energy cost of clustering. (Zhao, et al., 2016; Kuwelkar and

Virani, 2021; Zaatouri, et al., 2022)

Little is known, however, about exactly how hexagonal topology can be leveraged to
maximize the network’s lifetime. Moreover, it’s not clear whether and how, leveraging
hexagonal topology properties such as one-distance-to-neighbor, one distance-to-cluster,

hexagonal and three axis coordinates, the packet transmission can be achieved with



improved energy efficiency. In addition, the previous methods for dynamic clustering
(Tyagi and Kumar, 2013; Hematkhah and Kavian, 2015; Gupta and Sharma, 2020) did not
lend themselves to an analysis of the hexagonal topology’s impact on the total network

energy consumption and packet handling capacity.

Thus, the goal of this research is to develop an optimization model showing that the
Routing Protocol for Low-Power and Lossy Network (RPL) performs better with use of
static and dynamic clustering in hexagonal grid topology for large-scale WSNs
deployments, in order to enhance wireless sensors network lifetime. Specifically, the study
shows that the use of the optimization algorithm improves networks’ packet transmission
and increases energy efficiency. With leveraging unique hexagonal topology properties,
this is achieved via optimization-objective to maximize network’s lifetime by selecting the

most energy efficient cluster pattern for each time interval.

There are several contributions this study makes. It is the first study to analyze and
demonstrate the value of the one-distance-to-neighbor, one distance-to-cluster and three
axis coordinates hexagonal grid properties. The vast majority of research done thus far,
primarily focuses on the one distance-to-neighbor property, mainly used for ease of
optimization calculation. Secondly, by leveraging one distance-to-cluster, this research
contributes for the first time to a better understanding of the ways that the cluster heads can
be identified and the new WSN’s can be deployed, as well as, the existing WSN’s can be
enhanced for higher energy efficiency and longer lifetime. Furthermore, the three axis

coordinates provide symmetry and ease of traversing all of the node neighbors, used for



dynamically allocating cluster members and generating cluster patterns (see Figure 1).
Finally, by including the environmental obstacles in the analysis, this study establishes a
method for understanding the impact of physical and temporary obstructions in the
network, reflecting the real-world implementation scenario. This paper also opens several
avenues for future research, which can aim to investigate in more depth how Deep
Reinforcement Learning can enhance cluster sizing and matching, in order to learn from

the data history, automate and improve WSN quality.
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Figure 1. Proposed Approach Illustration

This work is organized in five sections. Having presented the introduction and scope of
this work in Section 1, Section 2 discusses literature review focused on network energy
efficiency as a component of broader WSNs reliability, hexagonal network topology, static
and dynamic clustering, and outlines the gap in the research that motivates this work.
Section 3 describes the proposed methodology and approach which consists of outlining

the network model, optimization model and network simulation. The proposed approach



starts with generating viable clustering patterns that are leveraged to construct the network
simulation used to compute and compare the network lifetime with clusters and without
clusters. Network simulation is also utilized to simulate the data sensing activity for use in
the optimization model which aims to confirm the simulation results in terms of network
energy efficiency and to demonstrate the effectiveness of the static and dynamic clustering
in hexagonal topology. Section 4 presents analysis and results, and includes the
environmental obstacles in the analysis. This study examines how the physical and
temporary obstructions in the network impact static and dynamic clustering, reflecting the
real-world implementation scenario. Section 5 concludes the work and outlines the topics
for future research. The future work will cover the subject of scalability which presents a
compelling area for further research. Additional work will focus on incorporating other
useful hexagonal grid properties, as well as the multistate (active, idle, inactive, fail) nodes
and their impact on optimization of static and dynamic clustering in hexagonal network
topology. Moreover, this work will benefit further from Deep Reinforcement Learning to
enhance cluster sizing and matching, in order to learn from the network’s data history,

which will help automate and improve WSN’s quality.



Chapter 2: Overview and Discussion of Literature

2.1 History of WSNs

Wireless Sensor Networks (WSN’s) have a history rooted in the convergence of wireless
communication, embedded systems, sensor technology and networking. The development
of WSN’s goes back to the Cold War era when the United States military initiated projects
to monitor and detect enemy movements. One of the earliest and important developments
in this area was the Sound Surveillance System (SOSUS). SOSUS was a network of
underwater acoustic sensors with the ability to provide long-range detection of underwater
sounds, particularly submarines, through a network of hydrophone arrays that were bottom
mounted and connected to shore stations (Heidemann et al., 2012). This made SOSUS an
important tool for submarine detection in the 1950’s and 1960’s. It also uses the ocean's
deep sound channel for optimal sound propagation, which helps with detection over vast
distances. This solution has been shown to be useful for studying marine life and monitor
oceanographic phenomena like volcanic activity, due to its fixed shore-based monitoring

stations (Heidemann et al., 2012).

In the 1970’s the Distributed Sensor Networks (DSN’s) were implemented with the concept
of deploying multiple sensor nodes to collaboratively monitor an environment that
emerged. This program was funded by the Defense Advanced Research Projects Agency
(DARPA) with a goal to build a network of spatially distributed sensors capable of sensing
and processing data in a decentralized manner. DARPA’s Distributed Sensor Networks

(DSN’s) program focused on the development of technologies to create large, adaptable



sensor networks capable of monitoring vast areas with high precision, enabling real-time
data analysis, robust communication protocols for harsh environments, energy-efficient
sensor nodes, and advanced algorithms for data fusion and target tracking, all aimed at
enhancing situational awareness for military operations across diverse terrains and
scenarios. (Chong and Kumar, 2003) DARPA program set the foundation for the
development of WSN’s by introducing the idea of networked sensors communicating with

each other to accomplish a task.

During the 1990’s, the technological advancements in micro-electromechanical systems
(MEMS) made major impact to the evolution of WSN’s. MEMS technology made the
miniaturization and cost reduction of sensors possible, which made it feasible to deploy
large numbers of sensor nodes. At the same time, the rapid development of Bluetooth, IEEE
802.11 standard and other wireless communication technologies, facilitated the creation of
low-power, short-range wireless networks suitable for sensor communication (Akyildiz et

al., 2002).

One of the turning points in history of WSN's was the introduction of the Wireless
Integrated Network Sensors (WINS). This project was led in the mid-1990’s by the
University of California, Los Angeles (UCLA), and the Rockwell Science Center. WINS
project established the groundwork for creating wireless sensor nodes that were using low
power, capable of sensing, data processing, and communicating autonomously without
requiring complex infrastructure setup. It highlighted the concept of distributed, self-

organizing sensor networks with the capability to monitor and collect data from various



environments across diverse applications like environmental monitoring, manufacturing,
and security, all through low-power, small, and interconnected sensor nodes, essentially
laying the groundwork for modern Internet of Things (IoT) applications (Pottie & Kaiser,

2000). The WINS project laid the groundwork for future WSN research and applications.

By the early 2000’s, both academia and industry were becoming interested in WSN’s;
mainly because of WSN's potential applications in healthcare, environmental monitoring,
industrial automation, and military surveillance. The researchers began exploring energy-
efficient routing protocols, data aggregation techniques, sensing coverage and network
connectivity. One of the important projects during this period was the Smart Dust project
at the University of California, Berkeley. Project's main objective was to develop
millimeter-scale sensor nodes with wireless communication capabilities. It involved
advances in miniaturization, integration, and energy management; with multiple
applications in military, medical and commercial uses. Smart dust can help monitor areas
that are difficult or dangerous to access, and this way be used for security and surveillance.
Smart dust can help detect adversaries and catch various substances in the air, such as

radioactivity or poisonous materials (Warneke et al., 2001).

The WSN’s field was further advanced by the development of standard protocols like
Zigbee and IEEE 802.15.4 in the early 2000’s. These protocols provided a framework for
the interconnection and interoperability of sensor nodes. They were designed to promote
lower power consumption, short range wireless communication, low data rate, mesh

networking capabilities which are all essential for cost effectiveness and the energy-



constraints of WSN’s. They were designed to operate on minimal power, allowing for long
battery life in small, battery-operated devices. Primary purpose was for close-proximity
data transmission, typically within a few meters, these protocols were suitable for sending
small data packets, but not for high-bandwidth applications. Reliability and coverage range
were improved by the networking topology capabilities which enabled data to be relayed
through multiple nodes in a network; and supported flexible topologies such as star, tree,
or mesh network structures depending on application needs. These protocols were designed
to be affordable for a variety of usage and applications due to low power requirements and
design simplicity, while being able to operate in different frequency bands like 2.4 GHz,

868 MHz, and 915 MHz to accommodate regional regulations (Callaway, 2003).

In recent years, the focus of WSN research has mostly been on enhancing network
performance, security, deployment scale, data accuracy and energy efficiency. Innovations
in energy collection and low-power hardware have contributed to extending the operational
lifetime of WSN’s, which makes them more applicable for long-term deployments. The
integration of WSN’s with the Internet of Things (IoT) and edge computing has expanded
their application. As such, provided solutions have more sophisticated and real-time data
processing and analysis (Yick et al., 2008). WSN’s connect devices and systems, which
enables data sharing and communication without human intervention. The WSN's and IoT
interconnectedness enables the development of smart applications that can: automate
processes, improve decision-making, increase data accuracy, and optimize resource usage.
Scalability is a key factor in WSN-IoT environments; it's the system's ability to handle

increasing amounts of work and data handling, and the interoperability that allows different



systems, devices, and implementations to work together cohisevely. The edge computing
integration brings data storage and computation closer to the sources of data (i.e. bringing
sensors and 10T devices close, improves response times and saves bandwidth). The edge
computing enables real-time decision-making and processing at the edge of the network.

(Chakraborty et al., 2020)

WSN’s have evolved from military usage to become a versatile technology with
applications across numerous domains, because of the advancements in sensor technology,
wireless communication, and embedded systems. WSN’s became an integral part of
modern monitoring and control systems. While the history of WSN’s goes back several
decades, with its roots in both military and industrial applications (Silicon Labs, 2013), the
advancements in computing power along with the integration with IoT and Big Data in the
recent decade, enables large-scale data collection and analysis. Modern WSN’s have
become more intelligent, with sensors collecting data and also being interconnected with
the broader internet. This led to large scale deployments and wide range of applications.
(Chakraborty et al., 2020) Increased computing power and big data integration within
WSN’s contributed to the comprehensive data analysis, improved decision-making
capabilities. It has also been shown that another benefit was improved data aggregation
and reduced energy consumption (by processing data locally), which led to large-scale
deployments. Collection and extract of valuable insights from complex sensor data by
leveraging powerful algorithms and data processing techniques was made possible.

(McGrath and Scanaill, 2014)
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It has also been shown that the greater processing power allowed WSN’s to perform
complex data analysis on-site, such as real-time pattern recognition, anomaly detection,
and predictive modeling. This on-site data analysis led to more insightful information
extraction from the raw sensor data. With processing data locally before transmitting it,
sensor nodes can aggregate relevant information and substantially reduce the amount of
data sent over the network (local data processing conserves energy and improves network
efficiency). Big data solutions enable WSN’s to handle large amounts of data generated by
a large number of sensors, which is crucial for large-scale monitoring applications.
McGrath and Scanaill (2014) explained that immediate decision-making based on live
sensor data was made possible with faster processing capabilities. This means that WSN’s
can now react to changing conditions in real-time. Because data is combined from multiple
sensors, it can help provide a more complete picture of a monitored environment (with
improved accuracy and reliability). Also, advanced algorithms can be implemented to
dynamically adjust data collection and processing approach based on changing

environmental conditions (McGrath and Scanaill, 2014).

Ongoing crucial considerations for the future WSN development are energy consumption,
network bandwidth, and security concerns. While processing power is helpful, it can also
increase energy consumption of an individual sensor node. As such the efficient data
aggregation and optimized algorithms are critical to manage energy usage effectively.
Large volumes of data generated by WSN’s can put strain on network bandwidth; as such,

careful design of data transmission protocols is required. Implementing robust security
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measures is essential when dealing with large amounts of sensitive data collected by

WSN’s (Chakraborty, et al., 2020).

The following subsections of the literature review, as shown in Figure 2, discuss in more
detail reliability, hexagonal topology and clustering in wireless sensor networks (WSN’s),

and describe the gap in literature that motivated this body of work.

Reliability
of WSNs (R)

Hexagonal

Clustering (C)

LEGEND
|:| Research Literature

[ | Gap in Literature

Figure 2. Literature Review Diagram
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2.2 Reliability of WSNs

In recent years, there has been extensive research on WSN’s reliability in terms of topics
such as sensing coverage (Ablowitz & Zhu, 2012; Cerotti et al., 2014; Li et al., 2017;
Karatas and Onggo, 2019; Li et al., 2022; Xu et al., 2022) and network connectivity
(Ablowitz & Zhu, 2012; Kardos & Palagyi, 2017; Li et al., 2017; Qin et al., 2020), as well
as data handling capacity (Cerotti et al., 2014; Pan et al., 2022) and overall network’s
energy efficiency (Larsson et al., 2016; Soeanu et al., 2018; Xu et al., 2022). In this context,
network reliability refers to the network’s ability to consistently deliver data from sensor
nodes to the base station (or sink node). Data delivery is done with maintaining the overall
system functionality and managing node failures, communication errors, environmental
disturbances, and other network challenges. Reliability is critical for accurate and timely
data transmission, particularly in environmental surveillance, healthcare, industrial
automation, and other applications in need of monitoring and oversight. Reliability
specifies the probability that a network will function successfully; it is a suitable and
broadly used metric for evaluating the performance of various network types. Several
aspects impact network reliability in WSN’s: energy constraints, network topology, data
accuracy, fault tolerance mechanisms, and more. Because sensor nodes are typically
powered by batteries with limited energy, energy-efficient routing and communication
protocols are essential to prolong network lifetime and maintain reliable performance
(Soeanu et al., 2018; Xu et al., 2022). WSN's are usually deployed in environments where
recharging or replacing batteries is unfeasable; this is why the energy efficiency becomes
crucial to providing long-term reliability. Effective clustering algorithms and energy-aware

protocols can distribute energy consumption evenly across the network, which can help

13



reduce the likelihood of early node failures and extending network lifetime (Anisi et al.,
2013). Network topology also plays an important role in reliability: hierarchical structures
and clustering methods can help improve fault tolerance because they provide multiple
routes for data transmission. If cluster head (or relay nodes) fails, other nodes in the
network can take over data forwarding and help maintain communication with the base
station. The overall network durability can be improved with redundant pathways and
backup nodes which make sure that data delivery takes place even in situations when
individual components fail (Kardos and Palagyi, 2017). Authors also state that other key
ways to improve network reliability are fault tolerance and self-healing methods. They
allow the network to dynamically reconfigure itself in response to node or link failures
(and ensures that data continues to be transmitted efficiently). When redundancy, adaptive
routing protocols, self-healing processes and real-time monitoring are incorporated, they
can help further strengthen network reliability. According to Ghaderi et al. (2020), this
helps maintain consistent performance of a network in unpredictable and harsh
environments (Ghaderi et al., 2020). All this means is that in order to establish the long-

term effectiveness and viability of WSNs, enhancing network reliability is fundamental.

In order to improve the reliability of WSNs, researchers also investigated how to prolong
the connectivity and sensing coverage with a smallest amount of active sensor nodes
mainly by observing the active nodes and comparing the ratio of the radio range and the
sensing range. They showed that the radio range needs to be at the minimum two times the
sensing range (Zhang and Hou, 2005). In the last decade, network sizes have expanded

significantly, so the large-scale WSN’s are considered to be binary-state networks, meaning
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that they consist of the sensors/nodes that are either operational or failed. This allowed an
introduction of the Binary Addition Tree (BAT) algorithm. Before evaluating network
reliability, the BAT generates a set of state vectors, and their connectivity has to be
confirmed first. Each state vector in the BAT represents connectivity of sub-network that
is effectively verified by Yeh et al. (2022) using the Path-based Layered Search Algorithm
(PLSA). The Layered Search Algorithm (LSA) was initially designed to identify all direct-
level minimal paths (d-paths) in non-cyclical and loopless networks. LSA was modified to
create the PLSA, which verifies the state vector connectivity by creating a d-path from the
source node to the sink node. The BAT then uses binary addition operator in a state vector
to generates all state vectors within a binary-state network. (Yeh et al., 2022) The bottom
line is that BAT calculates approximate reliability since for highly reliable networks,

estimating reliability is often more practical than calculating it precisely.

Energy efficiency is one of the most important reliability criteria for the design and
operation of Wireless Sensor Networks. WSN's are normally built using the sensor nodes
with limited energy resources, which are often deployed in environments where battery
recharging or replacement is difficult (or impossible). Because of that, the recent WSN
research primarily focuses on how to best minimize energy consumption while making
sure that data transmission remains reliable. Clustering, routing protocols, energy
harvesting, and system reliability analysis are some of the proposed methodologies to
improve energy efficiency. So, this portion of the literature review discusses these methods,

and their contributions to managing energy efficiency in WSNs.
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Recently, Chang et al. (2019) proposed a simulation approach to estimate the system
reliability of multi-state manufacturing networks (MSMNs) using the joint buffers. This
was done in the context of manufacturing networks; the principles of system reliability
apply to WSN’s as well. Since the system reliability indicates the probability that the
network can meet the required demand, their simulation model helps evaluate the impact
of buffer capacities on system performance. They determined that joint buffers are more
reliable than parallel buffers, by simulating different capacity states and buffer usages.
Considering the varying states of sensor nodes and the buffer sizes for data transmission,
similar simulation approaches can be adapted for WSN's to analyze the network's reliability
in terms of energy efficiency. For example, Cook and Ramirez-Marquez (2008) explored
the reliability of mobile ad-hoc wireless networks (MAWNSs), which is similar to WSN’s
in self-forming and dynamic nature. They address the challenge of analyzing MAWN
reliability (due to its variability and volatility), using a probabilistic approach and
embedded mobility models. Their work focuses on the reliability analysis of a cluster-based
MAWN, considering constraints on networking resources such as bandwidth and energy,
by reducing status messages that are generated by the routing and medium access control
protocols. Defining a MAWN topology in real-time is comparable to evaluating a graph
where computational time grows exponentially with the number of vertices (nodes), while
identifying the minimum spanning trees within a graph. The system can be sectioned into
smaller sub-graphs (sub-networks) that are more easily handled, by introducing clusters to
the graph (network). This significantly reduces the energy resources required to initially
create and reconfigure the constantly evolving topology. To evaluate network reliability,

the authors utilize Monte Carlo simulation method. First, they simulate node and link states
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(combining subnets and performing Breadth First Search (BFS) algorithm); second, they
calculate the reliability of the overall network (Cook and Ramirez-Marquez, 2008). This
research shows the complexity of ensuring reliable communication in networks with
dynamic configurations and limited energy resources, reinforcing the role of energy

efficiency in accomplishing network reliability.

Clustering is often used to manage energy efficiency in WSN’s, as it helps in reducing
energy consumption by minimizing data transmissions. Anisi et al. (2013) propose a
hierarchical routing approach with cluster heads being in charge of managing and
transmitting data. They introduce an efficient data routing scheme where every node is
informed about the quality of the link of its neighbors and can transmit data to the base
station using the path that conserves the most energy and is most reliable. When solving
the Critical Region (CR) problem, sensor nodes that are not in the CR are grouped to create
clusters in order to minimize the amount of data being transmitted into the CR. Authors
use a flat routing scheme that is aware of a Quality of Service (QoS). QoS directs cluster
head data toward the base station, while minimizing transmission power within the CR.
This flat routing plan relies on a link cost function that helps identify the most reliable and
energy-efficient paths; each node selects the neighboring node with the lowest link cost as
its parent, making sure that cluster data is transmitted to the base station via the most
energy-efficient and reliable route. This way, the solution extends the network's lifetime by
covering intermediate nodes outside the hotspot area, which reduces energy consumption
(Anisi et al., 2013). This method reduces the likelihood of packet loss and node failure,

which enhances the network reliability. The focus on reliable and energy-efficient routing
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helps maintain the network's functionality for an extended period, demonstrating the
importance of energy efficiency being a key component of network reliability. Wang et al.
(2019) introduce an energy-efficient routing schema that combines clustering and sink
mobility. They propose a three-stage process: first they divide the sensor field into sectors,
then they elect cluster heads based on member weights, and finally use a greedy algorithm
for inter-cluster communication. The whole sensor field is divided into sectors where the
number of sectors is defined by the number of identified cluster heads, and each node joins
a cluster based on its location. The cluster heads are identified by evaluating two key node
metrics: the residual energy and nodes distance from the sink, selecting those nodes with
the highest residual energy and closest to the sink as cluster heads. The communication
within a cluster is done by using a greedy algorithm to build a chain for inter-cluster
communication. This process starts by cluster heads reporting their ID and position, then
choosing the nearest cluster head as a leader that is tasked with transmitting the data to the
sink. Thereafter, the greedy algorithm is executed on the rest of the cluster heads where
each cluster head transmits its data to a relay cluster head that is closer to the sink compared
with its own position (Wang et al., 2019). Optimizing the routing paths and incorporating
sink mobility, authors were able to minimize energy consumption and balance the network
load. The simulation results show that this approach is better than other methods such as
Cluster-Chain Mobile Agent Routing (CCMAR) and Energy-efficient Cluster-based
Dynamic Routing Algorithm (ECDRA). Their work shows the significance of integrating
clustering and sink mobility (to enhance energy efficiency), which prolongs the network's

operational life and maintains reliable data transmission.
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In the last decade, energy harvesting has surfaced as a solution to extend the lifetime of
WSNs. Tang et al. (2016) improved the Low-Energy Adaptive Clustering Hierarchy
(LEACH) protocol in order to deal with the challenges of integrating capturing of energy
into WSN’s. With a goal to maximize the minimum energy conservation of every node,
authors formulated a max-min optimization problem to solve for the utilization of energy
that was harvested. Since this is an NP-hard problem, authors developed an approximation
algorithm to obtain a near-optimal solution. This approach expands on the fundamentals of
the typical LEACH protocol, by improving the cluster head selection process to closely
align with Energy-Harvesting Wireless Sensor Networks (EHWSNs). The EHA-LEACH
protocol operates in intervals (i.e. rounds), and begins with a setup phase in which the
network composition and structure are determined and selection of cluster heads is made.
Once the setup is completed, the network enters the steady-state in which transmission of
the data to the base station takes place. In EHWSNs, each harvesting node consumes the
energy it collected by adhering to various, predefined policies. The energy consumption of
anode assuming a role of a cluster head differs from a node that is a cluster member sensing
node. The process of cluster head selection is created to collaboratively consider energy
harvesting and consumption rates which accounts for these variations and ensures an
energy-efficient operation (Tang et al., 2016). Their proposed routing approach provides
better conservation of energy and a more balanced energy distribution compared to
previous works. This approach emphasizes the need for adaptive routing protocols that
consider the dynamic nature of energy availability in energy-harvesting WSN.s, pointing
out that energy efficiency is a critical factor for network reliability. AboElFotoh et al.

(2007) introduce a reliability metric for WSN’s that quantifies the likelihood of delivering
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the required data flow under random sensor failures. They formulate the problem as a NP-
hard problem, focused on two exponential algorithms for networks with unpredictable
topologies. They also explore special cases where reliability can be computed or
approximated efficiently. Their reliability measure takes into account the minimum average
data rate required by the network, which directly links energy consumption to network
reliability. This approach shows the need for algorithms that optimize energy usage while
ensuring the delivery of essential data, demonstrating that the energy efficiency is a key

reliability metric for WSNss.

Simulations are a great method to provide insights into the reliability of network
configurations under varying conditions. Clustering and routing protocols are designed to
optimize transmission of the data, reduce energy consumption, and as such, extend network
lifetime. The integration of energy harvesting introduces new challenges (and
opportunities) for dynamic energy management, which requires adaptive protocols.
Reliability analyses in dynamic networks such as MAWNs show the complexity of
ensuring consistent performance in environments with limited energy resources. These
studies make a strong case that energy efficiency is essential for the reliability of WSN’s;
demonstrating the need for new solutions to manage energy consumption effectively. But,
most of the reliability research mentioned above has been studied using the WSN’s with
flat communication topology (Mo et al., 2020; Choi et al., 2017). That said, the rapid
development of micro-electromechanical systems has expanded the use of wireless sensor
networks for various industries and applications. In linear WSN’s (LWSNs), for example,

the sensor nodes are arranged in a straight line to monitor the health of linear man-made
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infrastructures such as bridges, tunnels, highways, railways, and pipelines. To improve the
reliability of these monitoring services, LWSNs often include backbone nodes for relaying
or transferring information, creating a more complex hybrid structure. Mo et al. (2020)
chose an analytical approach based on a multivalued decision diagram (MDD) to evaluate
the performance of LWSNs with backbone nodes. The focus of the study is to evaluate that
the network operates at different performance levels. This is achieved by calculating the
probability defined by the number of sensor nodes able to communicate with the base
station. A dense MDD model is then created by using isomorphic sub-models across
various performance levels. Once assembled, this model can evaluate a network under
varying failure time distributions or mission times. Authors created a case study to
demonstrate the effectiveness of the MDD method for constructing an optimal assignment
of backbone nodes in order to meet requirements for reliability in infrastructure
surveillance and monitoring (Mo et al., 2020). WSN flat topology is when, from a
communication perspective, all nodes are equal and routing is defined on demand. The
hierarchical topology is where there is a child-parent relationship between the nodes, and
communication hierarchy is defined before any communication takes place. A hierarchical
routing protocol organizes a network into a hierarchy of clusters, where each cluster is
managed by a designated cluster head, allowing sensor nodes to send data to their
respective cluster heads which then aggregate and forward the information up the hierarchy
to reach the base station, significantly improving energy efficiency by reducing
unnecessary data transmission across the network; essentially, cluster heads act as
intermediary nodes that collect data from their respective cluster members and transmit it

to higher levels in the hierarchy. (Dargie and Poellabauer, 2010) This hierarchical topology
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enables the use of clustering which has been researched in recent years in terms of network
connectivity, sensing coverage, as well as in energy efficiency and data handling capacity,

and is reviewed in more detail in Section 2.4.

2.3 Hexagonal Topology in WSNs

From the physical network layer perspective, the WSNs can have ring, star, tree, grid/mesh
or fully-connected mesh topology (McGrath and Scanaill, 2014). Within grid topology
deployments, patterns typically used are random, triangular, square and hexagonal lattice
(Kardos and Palagyi, 2017). However, hexagons can perfectly tessellate across a plane,
ensuring complete coverage with no wasted space, which translates to needing fewer nodes
to achieve optimal coverage compared to other shapes like squares or triangles.
Furthermore, hexagons have only one distance between a hexagon center and its
neighbors’, while in the square topology there are two distances to its neighbors, and three
distances for triangular lattice. This one distance-to-neighbor property considerably
streamlines analysis, running optimization and smoothing over gradients (Brodsky, 2018).
Additionally, theoretical evidence demonstrates that a hexagonal topology achieves
maximum coverage using a set number of sensor nodes (Tang et al., 2019). The central
focus of Tang’s (2019) work was to show via simulation studies, how the topology resulting
from the Virtual-Force Algorithm based on physical laws in a Dusty Plasma system (VFA-
DP) is much closer to a hexagon, compared to the previous Virtual-Force Algorithm based
on the Lennard-Jones potential (VFA-LJ) algorithm. Consequently, the goal in deploying
mobile sensor networks is to establish a hexagonal network topology with minimal energy

consumption (Tang et al., 2019). In order to further understand the effects of hexagonal
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topology, Li et al. (2022) employed the Fruchterman—Reingold Hexagon algorithm adapted
for a deployment of WSN so that it highly leverages capabilities of sensors hardware. And
according to Njoya et al. (2022) employing the hexagonal lattice enables a power-saving
network design.

Proceeding sections cover the following advantages of the hexagonal topology for WSNs:
coverage optimization, energy efficiency, interference reduction, network scalability, fault

tolerance, load balancing, simplified localization and improved quality of service.

2.3.1 Coverage Optimization

Mathematically, the hexagonal pattern provides optimal coverage in a given area. This
benefit comes from the geometric properties of hexagons, which can tessellate a plane
without gaps or overlaps. When sensor nodes are arranged in a hexagonal pattern, they can
cover the monitored area uniformly, which makes sure that every part of the field is within
the sensing range of at least one node. This efficient use of sensor nodes minimizes the
number of nodes required to reach full coverage, and because of that, reduces the overall
deployment cost of the network (Wang et al., 2004). Because, in hexagonal topology, each
node has an equal distance to its neighbors and equal number of neighboring nodes, this
lattice provides more uniform signal strength across the entire coverage area and it ensures
a consistent connectivity throughout the network. It can also help in maintaining a balanced
network structure and preventing the formation of coverage holes (that could lead to data
loss or reduced monitoring accuracy). The hexagonal pattern also provides an easier

estimation of the network’s coverage area, which can help with the applications requiring
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precise monitoring, like in precision agriculture or environmental sensing (Sanli and Cam,

2005).

2.3.2 Energy Efficiency

As outlined in the reliability section above, energy efficiency is a critical concern in WSN,
because the sensor nodes are typically powered by limited-capacity batteries. Hexagonal
topology provides a significant advantage in terms of energy conservation. The distance
between nodes being the same in a hexagonal pattern helps with a makes it easier to have
more balanced energy consumption across the overall network. This balance helps in
avoiding the premature depletion of certain nodes, and helps avoid network partitioning
and degraded performance (Akyildiz et al., 2002). In hexagonal topologies communication
paths between nodes can be optimized to reduce the energy required for data transmission.
Because each node has an equal number of neighbors at equal distances, routing protocols
can use this uniformed structure to create efficient multi-hop communication paths. The
network can significantly reduce its energy consumption (thus prolonging the overall
network lifetime), by minimizing the transmission distances and reducing the number of
hops required to reach the sink or base station (Senel et al., 2009). Heinzelman et al. (2000)
show that when transmission energy is comparable to receive energy, typically when the
transmission distance is short and/or the radio electronics consume significant energy,
direct transmission becomes more energy-efficient than multi-hop transmission (MTE)
routing on a broader scale. Therefore, the optimal energy-efficient protocol for a system is
determined by the network topology and the specific radio parameters in use. More

importantly, hexagonal topology supports efficient clustering, which is a well-known
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technique to enhance energy efficiency in WSN’s. In a hexagonal deployment, clusters can
be formed around each hexagon, with the cluster head located at the center. Energy required
for data aggregation and transmission to the cluster head is reduced by having this central
position, because it minimizes the total communication distance within a cluster. Cluster
heads can then transmit the aggregated data to the base station using optimized routing

paths, which conserves the energy even further (Heinzelman et al., 2000).

2.3.3 Interference Reduction

Interference is one of the major issues in WSN’s, and it can lead to packet collisions,
increased retransmissions, reduced network throughput, and data omission. Interference is
reduced with hexagonal topology because this pattern maximizes the spatial separation
between the nodes. This uniformed node distribution in a hexagonal pattern helps minimize
the overlap of communication ranges between neighboring nodes; it reduces the likelihood
of signal interference, which leads to more reliable communication and higher data
transmission rates (Arokiaraj et al., 2019). Arokiaraj et al. (2019) propose an approach that
combines interference reduction with shortest path identification using a multi-parameter
evaluation. This method enables the transmission of data packets of varying lengths while
ensuring two key properties (node sensing coverage and communication range) of WSN’s
are maintained. The algorithm operates independently of synchronized clock rates and
improves its runtime as communication channels become more homogeneous. This
approach is also effective in preventing jamming attacks and it performs better when nodes
communicate over different channel subsets. Another method for interference reduction is

a multi-path routing algorithm which uses Ant Colony Optimization (ACO). ACO's
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primary function is to identify optimal routes by minimizing hops and avoiding nodes with
low residual energy. This approach becomes more complex as network density increases.
Dense network complicates the process of selecting the best route based on energy factors

(Arokiaraj et al., 2019).

In addition, hexagonal topology helps with the effective channel allocation and frequency
reuse. In a hexagonal pattern, channels can be assigned so that they maximize the distance
between nodes, and operate on the same frequency which minimizes co-channel
interference. This approach can be useful in large-scale WSN’s where multiple frequency
channels are used to enhance network capacity and reduce interference (Sokolov et al.,

2017).

2.3.4 Scalability and Network Expansion

Scalability is a key requirement for WSN'’s, because of the applications in large deployment
areas or projects that require incremental network expansion. Hexagonal topology has a
structure that can be easily expanded without disrupting the existing network layout. And
that's why it was selected by Xiao et al. (2010). They added new nodes to the network and
placed them in additional hexagonal cells that seamlessly integrate with the existing
hexagonal pattern. The network maintains its optimal coverage and energy efficiency
properties even as the deployment area increases. The authors also propose a sensor
deployment algorithm based on a hexagonal grid, because they are using a hexagonal
lattice for the complete network coverage. The algorithm also incorporates an Ant Colony

Optimization (ACO) to optimize the paths of sensor nodes motion. The algorithm provides
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maximum network coverage and minimizes the movement distance of sensor nodes - it
integrates deterministic and self-organizing deployment within a unified framework (Xiao
et al., 2010). Network management tasks such as node addressing, routing, transmitting,
maintenance, etc. are simplified by the uniformity of hexagonal topology. In a hexagonally
arranged network, each node can be uniquely identified based on its position within the
hexagonal grid, facilitating efficient node addressing and tracking. Also, this uniformed
node distribution enables the implementation of routing algorithms that leverage the

regular topology to establish optimal communication paths (Chen et al., 2004).

2.3.5 Fault Tolerance and Robustness

The sensor nodes are prone to failures due to harsh environmental conditions, battery
depletion, hardware malfunctions, and other elements. This makes the fault tolerance an
important feature in WSN’s. Hexagonal topology in WSN's provides redundancy and
multiple communication paths between nodes; which all contribute to the robustness of
WSN's. The hexagonal node deployment can help ensure that alternative routes are
available to reroute the data, in the event there is a node failure. This maintains network
connectivity and reliable data transmission (Ghaderi et al., 2020); significant factor in
maintaining network performance is the energy consumed during communication between
nodes. Routing protocols can also be combined with data aggregation to minimize energy
consumption while enhancing fault tolerance. The Geographic Adaptive Fidelity (GAF)
protocol is a good choice made by Ghaderi et al. (2020) of a geographic routing protocol
designed to reduce energy usage. The Compressive Sensing (CS) theory, specifically

applied as Compressive Data Gathering (CDG), presents an efficient method for data
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collection that balances the network’s energy load. CDG allows the sink to recover data by
receiving a few weighted sums of sensor readings (rather than full transmissions), reducing
communication costs. Based on this, the authors propose a Fuzzy GAF-based routing
protocol using the CDG method (FGAF-CDG). CDG partitions the sensor area into virtual
hexagonal grid cells. The cluster heads are selected based on a fuzzy logic algorithm, and
data is forwarded to the sink via a multi-hop path (using a fuzzy-based routing approach).
Simulation results show that FGAF-CDG has superior energy efficiency and robustness; it
reduces energy consumption by about 50% compared to other GAF-based methods (such
as FTGAF-HEX). It also maintains effective data aggregation and network fault tolerance
(Ghaderi et al., 2020). The uniform coverage that is provided by hexagonal topology means
that the neighboring nodes can cover the affected area, because they can compensate for
the failure of a single node by extending their sensing range. This capability improves the
fault tolerance of the overall network, and it makes it more resilient to node failures. It also
ensures continuous monitoring without significant degradation in network performance

(Cortese et al., 20006).

2.3.6 Load Balancing

Load balancing is another important aspect of WSN’s that directly impacts the network's
performance and lifetime. The uniform distribution of nodes in a hexagonal topology
(along with their equal distance placement from neighbors) helps with a balanced load
distribution across the network. The data traffic can be evenly distributed (preventing any
single node from becoming a bottleneck), because each node has the same number of

neighbors and equal communication distances (Yu and Guan, 2005). This balanced load
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distribution reduces the risk of network hotspots; this is when nodes experience higher
energy consumption due to excessive data handling. To address load balancing and
minimizing communication energy in WSN’s, Youssef et al. (2006) introduce Multi-hop
Overlapping Clustering Algorithm (MOCA), a scalable randomized multi-hop clustering
protocol designed for ad-hoc sensor networks. MOCA forms overlapping clusters of sensor
nodes, which is different from the existing approaches. This overlapping cluster structure
provides improved node localization and guarantees connectivity with a cluster. It also
improves network robustness, which allows for quicker recovery from cluster head failures
or compromises, because the nodes can easily join alternative clusters (Youssef et al.,
2006). Hexagonal topology can help prevent an early energy depletion of specific nodes
(by spreading the communication load evenly). This improves the network longevity and

performance consistency.

2.3.7 Simplified Localization and Node Positioning

Localization is a fundamental task in WSN’s: the location of sensor nodes is crucial for the
accuracy of the data and network management. Using the angle and the distance between
nodes, location is calculated and utilized for their placement or position, and this
calculation is based on the communication approximation between a localized node and an
unlocalized node. Localization algorithms typically involve three key phases: first phase is
for determining the distances between non-anchor nodes and anchor nodes, the second
phase is for calculating the positions of at least some non-anchor nodes based on their
distances to the anchors, and the third phase is refining the estimated locations by utilizing

the measured distances between neighboring nodes (Mao et al., 2007). Hexagonal topology
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simplifies the localization process due to its regular and predictable structure. The node's
coordinates can be easily calculated based on its relative position within the grid; this can
simplify localization algorithms and can improve the accuracy of position estimation (Mao
etal., 2007). In hexagonal grid simple geometric practices can be used for node positioning
as well. The hexagonal pattern also facilitates easier node identification and helps manage
individual nodes within the network; this greatly helps with deployment and maintenance
of the sensor networks. The hexagon center, for example, can be used as a reference point
for establishing the positions of neighboring nodes. This makes it easier to establish node

coordinates and manage the network's spatial layout (Niculescu and Nath, 2003).

2.3.8 Improved Quality of Service

Quality of Service (QoS) is an important aspect of WSN’s, especially in applications that
require timely and reliable data delivery. Hexagonal topology contributes to improved QoS
because it provides a structured network layout and consistent coverage. This supports
efficient data routing and reduces communication delays. Because of the uniform node
distribution communication paths are predictable and more stable. They enhance the
network's ability to meet QoS requirements like low latency and high data throughput
(Misra et al., 2009 The interference reduction minimizes packet loss and retransmissions,
which further helps with the reliability and efficiency of data transmission. When all of the
advantages previously outlined (Subsections 2.3.1 - 2.3.7) are put together, they improve
the overall performance, reliability, lifetime of the network, making the hexagonal

topology a good choice for high-QoS WSN applications. This improved QoS is particularly
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helpful in real-time applications, such as global monitoring and industrial automation,

when timely and accurate data delivery is crucial (Chen et al., 2004).

All advantages of using hexagonal topology for Wireless Sensor Networks outlined above

make it a very good choice for a wide range of applications. Network's ability to provide

optimal coverage, enhance energy efficiency, reduce interference, scalability support and

fault tolerance, all make it a solid design choice for WSN’s. The uniformed structure of

hexagonal topology also simplifies network management tasks (routing, localization, load

balancing, node replacement). These tasks contribute to the overall performance and

reliability of the network. As WSN's continue to evolve, the hexagonal topology

advantages will possibly play an important role in helping address the challenges of

network deployment and operation.

2.4 Clustering in WSNs

Clustering techniques have been identified as an effective method for improving the energy

efficiency and reliability of WSN’s by organizing nodes into clusters. Clustering in WSN’s

is referred to sensor nodes that are grouped into clusters based on predefined criteria such

as energy levels, vicinity, or communication cost. It exploits a hierarchical communication

topology, where node within each cluster is selected as the cluster head and the rest of the
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nodes within a cluster are cluster members. Dynamic clustering refers to the dynamic

nature of a network where clusters are not static. Instead, they are dynamically formed and

reconfigured based on a predefined set of criteria such as energy consumption of cluster

heads as was first proposed in Low Energy Adaptive Clustering Hierarchy (LEACH)

protocol (Tyagi and Kumar, 2013; Hematkhah and Kavian, 2015). Dynamic clustering is a

critical concept that greatly improves the reliability and scalability of WSN’s. Tang et al.

(2016) extended the LEACH protocol to energy-harvesting WSN’s. In traditional WSN’s,

nodes deplete energy over time, but energy-harvesting networks can replenish energy from

environmental sources. Tang et al. (2016) modified LEACH to select cluster heads based

on nodes' energy harvesting and consumption rates. This ensures that nodes with higher

energy are selected as cluster heads, which prevents the premature failure of critical nodes.

The proposed method balanced energy distribution across the network and maximized

energy conservation, thus enhancing network reliability and extending network lifetimes

in energy-harvesting environments.

In an effort to extend the network lifetime of WSN’s, Tamene and Rao (2014) proposed a
square grid-based clustering method in which nodes within virtual grids compete for the
role of cluster head. This competition is based on a variable competition radius, where
nodes in different grid regions adjust their transmission ranges for optimal energy

consumption. The cluster head strategically adjusts its transmission power to the minimum
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level required to reach the farthest node within its grid. However, any node in a nearby grid
that receives the advertisement can also join the cluster. The algorithm is configured in
such way that all sensor nodes within the network receive the advertisement notification.
According to the node’s position within the network, range of transmission for this
notification is dynamically adjusted, which prevents any overhead energy loss from
transmitting beyond the node that is the furthest away in the network. The algorithm
optimizes the transmission range using an effective method to do so (Tamene and Rao,
2014). The authors obtained mathematically the percentage of traffic that was directed to
neighboring grids. This helped balance energy depletion among sensor nodes. Their
protocol demonstrated better network longevity compared to typical approaches (i.e.
LEACH), because it managed inter-cluster communication more effectively, resulting in
extending node lifetimes. Dynamic clustering significantly conserves energy, by
decreasing the number of transmissions and using accumulation of the data. Saving the
energy is critical for WSNs because of the limited battery life of sensor nodes (Dargie and
Poellabauer, 2010). Since the foundation of network topology is based on cluster heads,
the selection of cluster heads is one of the essential problems in dynamic clustering. Hybrid
Energy Efficient Distributed (HEED) clustering protocol (Hematkhah and Kavian, 2015;
Gupta and Sharma, 2020; Gasmi et al., 2020) takes into account residual energy and
communication cost for selection of cluster heads, and improves the cluster heads
distribution in comparison with LEACH. HEED (an enhancement of the LEACH protocol)
is a hierarchical routing protocol that uses a combination of parameters to select cluster
heads and form clusters of equal size. It uses residual energy as the primary parameter, and

node degree and distance to neighbors as secondary parameters. HEED forms clusters in
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three phases: (1) initialization, (2) iteration, and (3) finalization. It periodically selects
cluster heads based on the residual energy of sensor nodes and other parameters and it
achieves a fairly uniform distribution of cluster heads across the network. It enhances
network lifetime by considering the cost of inter-cluster communication. (Gupta and

Sharma, 2020).

The Backoff Strategy Clustering (BSC) protocol implements a random backoff timer to
manage the selection of cluster. BSC attempts to address the substantial overhead during
iterations in HEED cluster heads (Wang et al., 2011; Gao et al., 2017). In this protocol,
nodes with shorter back-off times have a higher probability of becoming cluster heads.
BSC protocol effectively produces a set of cluster heads that are well distributed, and at
the same time, it also significantly reduces the overhead involved in their selection. Wei et
al. (2011) addressed the hotspot problem in WSN’s: this is when specific nodes consume
their energy faster because of the heavy data traffic. Their Energy-efficient Clustering (EC)
algorithm dynamically adjusts cluster sizes according to the nodes' distance from the base
station, with smaller clusters near the base station to reduce relay load. The main objective
of the EC algorithm is to calculate the probability of cluster head nodes distribution within
the network, and at the same, minimize and balance the consumption of energy in the
network. The objective of this energy balancing is to make sure that there are equivalent
node lifetimes regardless of the various hop-distances to the base station. (Wei et al., 2011)
This strategy ensures that the energy consumption across the network is more evenly

distributed, prolonging network lifetime. EC was compared to other clustering algorithms
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like HEED. It demonstrated much better energy balancing and reliability for multi-hop data

collection protocols, and it showed improved scalability to network size.

Cook and Ramirez-Marquez (2008) explored cluster-based reliability in Mobile Ad-hoc
Wireless Networks (MAWNSs). These networks dynamically formed and are free of any
preset infrastructure. MAWNSs present challenges in reliability because of their inherent
variability. Because of the dynamic configuration of nodes and bandwidth constraints in
MAWNS, the authors had to modify traditional reliability analyses to accommodate the
cluster-based structure. Grouping all of the nodes in the network into smaller sections
improves route management; in other words, it reduces the number of nodes for which
routes must be created within every local subnetwork. This leads to more effective routing
and increase in network capacity, since the band of the available frequency is shared among
lower number of nodes. Furthermore, regardless of the MWAN’s class, every MAWN can
also operate as an independent network. By using Monte Carlo simulations, they showed
that clustering strategies in MAWNs enhance energy efficiency by reducing
communication overhead and ensuring more reliable network performance. Authors
analyzed seventeen (17) unique cluster-based MAWNSs to show how they are designed and
implemented. Although their approach is not constrained by network size, the
computational time is exponentially increased with larger networks. The flexibility of
clustering makes it an effective solution for managing resources in dynamic and energy-
constrained networks like MAWNs (Cook and Ramirez-Marquez, 2008). The Distributed
Clustering Protocol based on Voting and Priority (DCPVP) decreases the cluster

construction time and consequently energy consumption, which improves the lifetime of
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the network (Hematkhah and Kavian, 2015, Hriez et al., 2022). Saidala and Devarakonda
(2018) proposed a novel Multi-swarm Whale Optimization Algorithm (MsWOA) for
clustering in WSNs. The standard Whale Optimization Algorithm (WOA) was motivated
by the unique hunting patterns of humpback whales. These whales have a distinctive
method of hunting by releasing bubbles in a circular or 8-shaped path to trap prey and drive
them toward the ocean's surface. This behavior is modeled mathematically in two phases.
The first phase, known as the hunting phase, describes two key maneuvers: the shrinking
encircling mechanism and the spiral updating position. The second phase, called the
searching phase, assumes that whales employ a couple of different strategies to locate prey.
The authors introduce the multi-swarm cooperative strategies to improve WOA
performance by individually leveraging ring, parent-child and hybrid approaches for
identifying the best prey population vector by continuously balancing the exploration and
exploitation stages. (Saidala and Devarakonda, 2018) This multi-swarm strategy improved
both exploration and exploitation phases in the search for optimal cluster heads, balancing
the energy consumption of sensor nodes. The algorithm was measured on twenty-three (23)
standard mathematical optimization problems, and results showed its superiority in
clustering performance. The MsWOA was particularly effective in reducing intra-cluster
distances, which means lower energy usage in communication and longer network
lifetimes. By optimizing the selection of cluster heads through cooperative strategies, the
algorithm enhanced both energy efficiency and data reliability in WSN’s. By eliminating
the worst cluster heads with the consideration of constraints such as delay, energy, and
distance, the Hybrid Snake Whale Optimization (HSWO) algorithm selects the ideal ones

from the clusters (Samiayya et al., 2022). HSWO uses decision-making algorithm

36



Dempster-Shafer Theory (DST) for trusted clustering with the Whale Optimization
Algorithm (WOA) for routing. This integrates trust management into routing protocols for

trust-aware clustering (Singh et al., 2022).

Meanwhile, Hoang et al. (2014) use Harmony Search Algorithm (HSA) to select the cluster
heads in WSN. They introduce a framework to facilitate the applied development of
centralized cluster-based protocols for WSN’s, supported by optimization techniques.
Within this framework, a protocol utilizing the HSA, a music-inspired meta-heuristic
optimization method, is designed and implemented in real-time for WSN’s. HSA's primary
goal is to minimize distances between cluster heads and their corresponding cluster
members within a cluster, and that way optimize the distribution of energy within the
network. The effectiveness of the cluster protocol based on the HSA is evaluated in a real-
world scenario: in an indoor environment to monitor ambient temperatures for fire
detection. The protocol's performance is evaluated against other established clustering
protocols, like the protocol using the Fuzzy C-Means (FCM) and LEACH-Centralized
(LEACH-C) clustering algorithm. Research shows that the suggested HSA protocol can be
used for safety and surveillance in buildings, because it can be sufficiently deployed in
centralized WSN’s with clustering. Furthermore, the test results demonstrate that with the
HSA protocol the lifetime of the network is prolonged, in comparison to LEACH-C and
FCM protocols (Hoang et al., 2014). Improved Q learning based Artificial Bee Colony (1Q-
ABC) algorithm can be used for the same purpose (Alsuwat and Alsuwat, 2025). The
Termite Queen Optimization algorithm (TQOA) is used for identifying optimal number of

cluster heads (Rajarajeswari et al., 2022). Yuan et al. (2016) introduced a Genetic
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Algorithm-based, Self-Organizing, Network Clustering (GASONeC) technique to
dynamically organize sensor nodes into clusters. To form optimal clusters, this algorithm
takes into account residual energy, expected energy expenditure, and distance to the base
station. GASONeC is particularly suitable for dynamic networks where energy
consumption is greatly affected by the node density and node distance to the base station.
The authors use genetic algorithm (GA) which provides adaptable optimization model and
a network encoding strategy that utilizes a fitness function to incorporate both energy and
spatial factors. In this method, GA chromosomes encode the selection of cluster heads, and
based on this selection, dynamic clusters are created (Yuan et al., 2016). By separating the
processes of cluster head selection and network structuring, this method becomes versatile,
allowing for the integration of various factors to optimize network performance.
Essentially, by adjusting the number of clusters based on these parameters, GASONeC can
prolong network lifetimes by up to 43%. Because of this, it is one of the most effective
clustering methods for energy conservation and reliability in dynamic WSN’s. In many
WSN’s, uneven cluster sizes lead to imbalanced energy consumption, which can reduce
network lifetime. Guravaiah and Velusamy (2017) addressed this issue by introducing a
multi-hop clustering protocol called River Formation Dynamics-based Multi-hop Routing
Protocol (RFDMRP). River Formation Dynamics (RFD) is inspired by the nature’s process
in which water drops combine to form rivers. Following the shortest path determined by
the terrain's altitude, rivers eventually converge to meet the sea. This nature concept is
similar to the data collection process in WSN’s. In RFD, the initial positions create water
drops with a goal to reach their destination (the sea). In WSN’s sensor nodes gather data

that necessitates a transfer to the base station. In this analogy, the sensor data represents
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water drops, sensor nodes are the initial positions, and the base station is the sea. Just as
water drops flow from the source to the sea based on altitude values in RFD, sensor nodes
in WSN’s can establish a path to the base station based on factors like hop count and
residual energy. Because of this, the RFD protocol is applied for communication with
multiple hops within WSNs, enabling efficient data collection and transmission to the base
station (Guravaiah and Velusamy, 2017). This protocol balances energy consumption
across clusters by integrating communication with multiple hops for transmissions within
a cluster as well as between the clusters. Authors’ hybrid cluster communication approach
to RFDMRP, was shown to outperform traditional clustering algorithms like LEACH and
HEED in both homogeneous and heterogeneous network environments. The energy
savings were achieved by reducing packet transmission distances and distributing traffic

evenly across the network.

Xu et al. (2015) also evaluated the consumption of energy of Hybrid Clustering and
Routing (HCR) in WSN’s in order to tackle the issue of imbalanced consumption of energy
for the collection of data that required multiple hops for its transmission. They propose the
Hybrid Clustering and Routing (HCR) protocol to create topology with clusters that
provides a well-connected and effective network. However, HCR had imbalanced energy
consumption, particularly when it comes to the nodes that can communicate directly with
the base station. To address this, they introduce the HCR-1 protocol. Both HCR and HCR-
1 protocols consist of three algorithms: (1) gradient field creation, (2) selection of cluster
heads, and (3) routing determination. HCR-1 protocol also includes a way to balance

consumption of energy: it uses cost functions that are tunable and relay selection process
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that’s adaptive. During the creation process of the gradient field, all nodes throughout the
network send an advertisement (ADV) message which helps them establish their gradient
value. The gradient implies the smallest number of hops to the base station from each node.
This gradient field is established once at the beginning of network operation and remains
static. Once the gradient field is set, nodes can exchange gradient value information in a
distributed manner to facilitate decisions about selection of cluster heads and determination
of the most energy efficient routes. The HCR algorithm for selection of cluster heads is
based on a random backoff method. In HCR each node uses its backoff timer and the
received ADV messages in order to determine if it should become a cluster head (Xu et al.,
2015). By adjusting the network topology, HCR-1 effectively extends the lifetime of the
network. This study shows the importance of balancing consumption of energy across the
network to maintain reliability, which further emphasizes the importance of energy
efficiency in WSN design. Pal et al. (2015) suggested a threshold-based clustering that
addresses the issue of uneven clusters in traditional WSN’s; unequal cluster sizes lead to
an imbalanced network load, which negatively impacts the performance of clustering
algorithms. Their method aimed to balance the load among cluster heads by setting
thresholds for cluster formation. In the proposed algorithm, cluster formation is
accomplished in two stages: first stage is the initial creation of clusters and second is the
rescue stage. The initial creation of clusters predetermines the total number of cluster
members for each cluster. Because of distributed and random nature, in each time interval
cluster heads selected are different, and for each time interval the number of cluster
members is also freshly calculated (Pal et al., 2015). By making sure that cluster sizes are

balanced, the consumption of network's energy becomes more uniform, which prevents
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rapid energy depletion from particular nodes. The proposed method showed improvements
in network lifetime, and reduced the rate of node depletion compared to traditional

clustering algorithms.

In the field of unsupervised learning, graph representation learning can be used to create
clusters of sensor nodes in WSN's. Zhu et al. (2023) created the Cluster-aware Self-training
and Refining (CLEAR) model. CLEAR uses unsupervised learning to create clusters
according to embedding of the nodes: it optimizes the network by reducing noisy inter-
class edges and reinforcing intra-class connections. This results in higher energy efficiency
and network reliability. The authors use three distinct steps in their unsupervised Graph
Neural Networks (GNNs) model. Within the first step, they apply graph convolutions to
generate embedding of the nodes; in the second step, the clusters are formed using the
embedding of the nodes from the first step, and parameters are updated by predicting the
corresponding assignments of clusters. In the third step, they employ graph topology
refinement method based on assignments of clusters, in order to mitigate the impact of
noisy edges and keep structures of clusters in the embedding space. The refinement
strengthens intra-class edges and weakens potentially noisy edges. This is done by reducing
connections between neighboring nodes from different clusters (Zhu et al., 2023).
Furthermore, Zhu et al. (2023) performed extensive experiments on two benchmark tasks
using real-world datasets and demonstrated that this approach minimizes unnecessary data
transmission between dissimilar nodes and preserves the clustering structure. This
contributes to prolonged network lifetimes, and the experiments demonstrated a 7%

improvement in clustering accuracy, which shows the potential of unsupervised learning
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for energy-efficient clustering in WSNs. Amini et al. (2012), Tian et al. (2017) and Lin and
Uster (2014) write about cluster size optimization and efficient data forwarding in WSNG;
Yadawad and Joshi (2024) propose reliable routing and minimal delay in transmission of
packets by employing Weighted Practical Byzantine Fault Tolerance (WPBFT) algorithm

(see Table 1).

However, with respect to clustering in WSN’s, the hexagonal network topology is not
considered, nor is the newer Routing Protocol for Low-Power and Lossy Network (RPL).
RPL’s Minimum Rank with Hysteresis Objective Function (MRHOF) aims to select stable,
high-quality links to reduce overall network traffic in order to improve reliability, and it
uses hysteresis to prevent frequent changes in parent selection, enhancing network stability.
(Jamil et al., 2019; Wu and Wong, 2011) Optimization objective is to minimize the
communication cost within a cluster and optimize the distribution of energy within the
network. Regardless of using the distributed or search algorithms, this load balancing
improves network reliability by spreading the consumption of energy between various
nodes via rotating the cluster head role between the cluster members, ensuring that no

single node bears the brunt of energy depletion.

Table 1. Summary of Main Clustering Protocols

Reference Methodology Merits Limitations
(Li et al., Modified Fruchterman— Uses FR-HEX for WSN Does not consider the
2022) Reingold Hexagon (FR-  deployment, improved communication protocols

HEX) algorithm for WSN  ntwk sensing coverage between nodes
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(Tang et al.,

2019)

(Njoya, et

al., 2022)

(Tyagi &
Kumair,

2013)

(Gupta &
Sharma,

2020)

Virtual-force algorithm
with physical laws in a
dusty plasma system

(VFA-DP)

Voronoi-based Graphic

Network (VGN) model

Low Energy Adaptive
Clustering Hierarchy

(LEACH) protocol

Optimized-Hybrid
Energy Efficient
Distributed (O-HEED)

clustering protocol

Shows that VFA-DP
based WSN deployment
is closer to hexagon
topology with minimal

energy consumption

Demonstrates that
hexagonal lattice
enables a power-saving

network design

Evaluates clustering
techniques based on
power and energy
management, and
optimal cluster head

selection

Shows that O-HEED is
effective for
heterogenous (in energy

terms) WSNs model
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Not considering the
movement energy cost
and communication cost
of the virtual force

method

Omits the signal quality
exploration considering
the dynamic interference

in the environment

Does not take into
account residual energy
nor communication cost

for CHs selection

Omits heterogeneity in
mobility, and diverse
hardware capabilities
that can impact network

energy levels



(Hematkhah
& Kavian,

2015)

(Wang, et

al., 2011)

(Saidala &
Devarakond

a, 2018)

(Samiayya

et al., 2022)

Distributed Clustering
Protocol based on
Voting and Priority

(DCPVP)

Backoff Strategy
Clustering (BSC)

protocol

Multi-Swarm Whale
Optimization Algorithm

(MsWOA)

Hybrid snake whale
optimization (HSWO)

algorithm

DCPVP decreases the
time of cluster
construction and the
consumption of energy

in the clustering process

Uses a random backoff
timer to manage the CH
selection, nodes with
shorter back-off times
are more likely to

become CHs

Improves exploration
and exploitation phases
in search for optimal
CHs, and effective in
reducing intra-cluster

distances.

Selects CH from the
cluster group by
eliminating nodes by
delay, energy, and

distance
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Solution might be less
effective in networks
with rapidly changing

environments.

Does not consider an
underlying medium
access protocol and its
impact on CH selection

and BCS run-time

Excludes versions of
WOA and new
population based meta-
heuristic optimization

algorithms

The path for information
transfer is not optimized
using the proposed

HSWO algorithm



(Amini et al., Cluster-based protocols: Effective cluster size Optimization of
2012) LEACH, LEACH-C, DBS optimization and efficient probability for a node to
data forwarding become a cluster head

is not extensive

(Hoang, et Harmony Search HSA selects the CHs via  Investigation of an

al., 2014) Algorithm (HSA) centralized optimization, adaptive coefficient in
improving network the objective function
lifetime and frequency of re-

clustering is needed

Clustering methods are fundamental in addressing the challenges of energy efficiency and
reliability in WSNs. From graph-based unsupervised learning models like CLEAR, to
genetic algorithm-based techniques such as GASONeC, and multi-swarm optimization
algorithms like MsWOA, each clustering approach provides unique solutions to the issues
of energy consumption and network longevity. Enhancements to traditional protocols like
LEACH and the development of hybrid clustering strategies further improve the
sustainability of WSN’s: they optimize node communication and resource allocation. These
clustering techniques help in managing consumption of energy across the network (and
contribute to improved network reliability). They prevent premature node failures, reduce
communication overhead, and make sure that the network remains functional over
extended periods. As WSN’s continue to have an increasingly vital play in modern
technology, the development of sophisticated clustering algorithms will remain essential

for their efficiency and reliability.
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2.5 Research Gap

Only two studies to date investigated reliability of Wireless Sensor Networks (WSNs)
using hexagonal topology, as previously mentioned. Li et al. (2022) focused on network
sensing coverage, and Njoya et al. (2022) examined network lifetime within a circular
coverage area. The dynamic clustering in hexagonal topology has not been researched.
None of the existing studies include dynamic clustering in a hexagonal sensor deployment.
They have not considered how it might impact the energy efficiency of WSN’s. This gap
shows the need for further research into the potential benefits of integrating dynamic
clustering with hexagonal topologies. This may help improve energy efficiency and the
overall network performance. Li et al. (2022) briefly looked into the impact of obstacles
on a hexagonal network, but other than that, this area overall remains largely under
researched. To the best of our knowledge, there is no research that specifically looks into
how clustering and dynamic clustering in hexagonal topology of WSNs might impact WSN
performance. There is no research that looks into how this might lead to improved data
handling and greater energy efficiency. While studies on dynamic clustering have been
conducted in other topologies, such as square grid or random placements, the topic of
dynamic clustering in hexagonal topology is a notable omission from the current canon of
research into WSN’s performance. This is especially relevant because hexagonal lattice
structure provides optimal coverage using a minimal number of sensor nodes, as
demonstrated by Tang et al. (2019). It is considered optimal for network coverage because
it allows for the most efficient use of space, minimizing gaps and overlaps, capable of

covering the largest area with the fewest nodes possible while maintaining consistent signal
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strength across the network; this makes it ideal for applications like wireless sensor

networks where maximizing coverage is crucial.

Given this gap in the research, the study's goal is to investigate the effects of static and
dynamic clustering in hexagonal topologies on the energy efficiency of WSN’s. Because
of the consistent neighbor relationships in a hexagonal grid, data routing algorithms can be
optimized to identify the most effective paths between nodes. This study also explores the
impact of environmental obstacles in the performance of static and dynamic clustering
within this topology. Real-time conditions are simulated by including physical and
temporary obstructions in the analysis of the network since WSN's are often deployed in
complex environments. By investigating these aspects, this study seeks to provide a deeper
understanding of how static and dynamic clustering in hexagonal topologies can improve
WSN’s performance, mainly in terms of consumption of energy and network longevity.
The goal of this research is to fill the void in the literature and offer insights that could lead

to more energy-efficient and reliable WSN deployments.
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Chapter 3: Proposed Approach and Methodology

The proposed methodology approach provides a description of the Motivation for Hexagon
Topology (Section 3.1), Network Model (Section 3.2), Optimization Model (Section 3.3),
Network Simulation (Section 3.4), and is concluded by the Evaluation Approach (Section

3.5).

The overall approach, as shown in Figure 3, starts with calculating maximum cluster size
N based on the hopping energy and transmission energy for a hexagonal network size n
(see Section 3.2.3). Using the one distance-to-cluster property (see Section 3.1.2), all viable
clustering patterns are generated up to the cluster size N, for the given hexagonal network
size n. Once all clustering patterns are generated, network simulation is constructed to
compute the Network Lifetime with clusters and without clusters (see Section 3.4 and
Section 3.5.1). Network simulation is also used to simulate the data sensing activity for use
in the optimization model. Optimization model objective is to maximize network lifetime
and is designed to select the best clustering pattern for every data-sensing time interval
until sensor nodes are depleted (see Section 3.3.1 and Section 3.3.2). The optimization
model aims to confirm the simulation results in terms of network energy efficiency (see
Section 3.3 and Section 3.5.2) and demonstrate the effectiveness of the dynamic clustering

in hexagonal topology (see Section 3.5.3).

All of the above components are discussed in the following subsections.
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Calculate maximum cluster size N based on the hop- and trans-

energy for hexagonal network size n

)

—

Using distance D property, identify cluster-heads and generate all
viable clustering patterns for hexagonal topology of size n up to

maximum cluster size N

—

~

Optimization Constraint 1 Constraint 2 Constraint 3
Compute Compute Simulate data Objective Select only one Ensure that Select a pattern
Network Network activity Maximize cluster pattern cluster-heads with higher
Lifetime without Lifetime with for Optimization ™ Network  [|per time interval [ have sufficient [| cluster-head
clustering clustering Lifetime transmission energy levels
energy levels
Network lSImulnllon Model

Optimization runs in time intervals
until sensor nodes are depleted

| Network Optimization Model

!

Compare Simulated and Optimized
Network Lifetime with clustering

! l

Validate Network Lifetime
improvement with clustering

Compare Simulated Network Lifetime
with and without clustering

Figure 3. Methodology approach flowchart

3.1 Motivation for Hexagonal Topology

Hexagonal lattice has been extensively used in telecommunications, medical imaging,
gaming, transportation and other industries, but it has been largely omitted in large-scale
WSNs implementations. For example, rideshare companies like Uber and DiDi, use
hexagonal grid to assign drivers to riders and deliveries (Brodsky, 2018; Qin et al., 2020).
Uber’s platform combines unique properties of a hexagonal global grid system and a
hierarchical indexing system to match drivers to riders. This is done by pairing riders and
drivers in a batch optimization, aiming to minimize everyone’s wait time (Brodsky, 2018;
Qin et al., 2020). This efficient optimization is mainly possible because of utilization of the

hexagonal lattice and its unique properties.

49



The goal of this body of work is to leverage these unique hexagonal grid properties for
dynamic optimization-based clustering in order to enhance network lifetime of wireless

sensor networks.

3.1.1 One distance-to-neighbor property

In addition to regular and complete tessellation, the hexagon lattice has a unique distance
property, such that the distance between two adjacent hexagons is always the same (Kardos
and Palagyi, 2017). Unlike the triangular lattice that has three distances to its neighbors and the
square lattice that has two distances to its neighbors, the hexagonal lattice has only one distance
to its neighbors as shown in Figure 4 (Kardos and Palagyi, 2017). This is an extremely useful
property for network optimization as it is feasable to efficiently account for the number of hops
and transmissions within the hexagonal network of sensors. One distance-to-neighbor

property (d) vastly clarifies conducting analysis and smoothing over gradients (Brodsky,

2018).

Triangular: 3 Distances Square: 2 Distances Hexagonal: 1 Distance

Figure 4. Distances to its neighbors (Kardos and Palagyi, 2017)
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3.1.2 One distance-to-cluster property

For clustering in hexagonal topology, to have a uniform distance D for all cells in the
network, including the cluster heads, cluster size N must obey the following relation

(Pirinen, 1998):

N(a,b) = a®*+ab+ b%a =0,b =0

In the above equation @ and b are the number of cells between adjacent cluster centers on
a 60-degree grid described in more detail in Section 3.1.3. For example, see Figure 5 for
cluster size N(a, b) = N(2, 3) = 19. Consequently, the distance D can be calculated using

only the cluster size N and the radius R of the cell itself using the following equation:

D= Rx*xVv3*N

The above equation is useful for optimization modeling. For the purposes of dynamic
clustering with one base station in the center of the network region, only the patterns with
one of the cluster head’s centers being in a network center are considered. Those cluster

sizes are N(a, b) =7(2, 1), 19(3, 2), 37(4, 3), 61(5, 4), 91(6, 5), and so on.
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@ Cluster size N5 =19

Figure 5. Clusters uniform distance property

In the event of the wireless sensor network having multiple base stations, the same cluster
size principle applies. In this case, network topology with multiple base stations would be
treated as tessellation of multiple WSNs with single base station. For example, wireless
sensor network with seven (7) base stations, would consider seven (7) distinct WSNs

depicted in Figure 5 that are tiled into a large hexagon.

3.1.3 Three 60-degree axis property

One of the main benefits of the square lattice is the ability to easily identify location of all

nodes and their neighbors using the (X, y) coordinates, while effectively navigating the
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square grid. The hexagonal lattice behaves similarly, leveraging three (3) 60-degree axis.
The three coordinates (p, q, r) effectively identify each node’s location and help navigate
the hexagonal grid, as depicted in Figure 6. Furthermore, the sum of the three coordinates

(p, g, 1) is always zero.

Figure 6. Three axis and coordinates of hexagonal grid

The three 60-degree axis property along with its (p, g, r) coordinates, provides symmetry
and ease of traversing all of the node neighbors, used for efficiently allocating cluster

members dynamically and generating cluster patterns.



3.2 Network Model

Consider a WSN with homogenous nodes deployed in hexagonal, hierarchical mesh
topology with a single base station (also known as a sink node) placed in the center.
Broadly speaking, the homogeneous nodes have the same capability of sensing, processing
and packet forwarding. When placed in the hierarchical topology, the different roles are
assigned to the nodes, and communication takes place in a hierarchical manner. The
hierarchical topology enables formation of clusters, where cluster members communicate
with cluster heads, and cluster heads communicate directly with the base station (see Figure

7).

Cluster non-member (mapped
to the closest Cluster head)

Figure 7. Network topology with clusters
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3.2.1 Model Assumptions

The sensor nodes are deployed in a circular region surrounding the base station (see Figure
7). All nodes assume a short-range multi-hop communication in all six directions and can
be assigned a role of a cluster member or a cluster head. A cluster pattern is selected for
each communication round based on the node energy levels. Communication rounds take
place in predefined or motion-triggered time intervals that are part of the network
configuration, and continue until most of the nodes’ energy is depleted. The number of
communication rounds determines the lifetime of the network: the greater the number of

rounds, the longer the network lifetime.

3.2.2 Maximum cluster size and pattern generation

The sensor nodes are designed in the manner that the node’s data sensing activity is
reflected in the node’s energy level. The higher the data sensing activity the lower the
node’s energy. As a result, focusing on the conservation of energy prolongs the network's
data sensing capability and its lifetime. From the energy consumption perspective (Liu and
Wu, 2019), there are two main parameters to consider; hopping energy cost (h), and
transmission energy cost (t). Hopping energy cost (h) is the amount of energy required to
transmit data from a node to its neighboring node. If the node is a cluster member that is
three (3) hops away from its cluster head, for example, it will take 3*h amount of energy
to transfer its data to the cluster head. Transmission energy cost (t) is the amount of energy

required for a cluster head to transmit its collected data to the base station.
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While each WSN network design and application is unique, generally speaking, the
communication between sensor nodes consumes less energy than the data transmission to
the base station, so clustering optimizes the total energy that it takes to transmit the data
collected by the network. Given the network size in terms of the total number of sensor
nodes (n), the hopping energy cost (h) and the transmission energy cost (t), the maximum
cluster size N for the given network is the cluster pattern that consumes the least amount
of communication energy (i.e. the cluster pattern with the minimum total energy cost). The
maximum total energy cost for patterns created using different cluster sizes is the sum of
the number of cluster heads multiplied by the transmission cost (t) and the number of
cluster members’ total hops multiplied by the hopping energy cost. For example, if the
network with 169 nodes (n = 169) has the hopping energy cost h = 0.01, and transmission
energy cost t = 0.2, then the maximum cluster size is N = 19 since the pattern with this
cluster size consumes the least amount of communication energy, with total energy cost =

4.580 (see Table 2).

Table 2. Selecting the maximum cluster size

Network size (n) Node hop cost (h) Transmission cost (t)

169 0.01 0.2

Total Total
Number of cluster members with hop-distance to
nodes energ
Cluster Number their respective cluster head
(n) y cost
size N  of clusters

1 2 3 4 5 6 7

hop hops hops hops hops hops hops
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7 25 132 12 - - - - - 169 6.560

19 7 42 84 36 - - - - 169 4.580

37 7 30 54 78 - - - - 169 5.120

Once the maximum cluster size N is determined, and knowing that the position of the first
cluster head is the location of the base station in the center of the network (0, 0, 0), the (p,
q, 1) coordinates of the remaining cluster heads and related cluster members can be
computed, as outlined in Section 3.1.3. For each cluster size N, there are two concentric
cluster patterns that obey the cluster properties as previously described in Section 3.1.2.
Those are the patterns with (a, b) and (b, a) distance from a cluster head to the next cluster

head, where cluster size N obeys (Pirinen, 1998):

N(a,b) = a®*+ab+ b%a =0,b =0

In the above equation @ and b are the number of cells between adjacent cluster centers on
a 60-degree grid, as described in Section 3.1.3. Figure 8 illustrates the two patterns for
cluster size N=19: Pattern A with N(2, 3) = 19 and pattern B with N(3, 2) = 19. This is
beneficial since the cluster heads use more energy (transmission energy cost), and this
pattern variation enables nodes’ role rotation, in order to exhaust nodes' energy more

evenly.
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Pattern A Pattern B

Cluster size Nz 3, =19 Cluster size N3, =19

Figure 8. Two patterns for cluster size N = 19

Based on the maximum cluster size N, the remaining patterns with the smaller cluster sizes
are generated, and used once the nodes get depleted and can no longer support multi-hops

required by the maximum cluster size.

3.3 Optimization Model

The optimization model is implemented using a mathematical modeling language AMPL,
which is designed to represent and solve complex problems in large-scale mathematical
computing, such as optimization and scheduling tasks for extensive applications. The

Gurobi solver is used as the optimization solver to expedite the model runs.
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The main motivation for employing the hexagonal topology (as outlined in Section 3.1) is
the benefits and simplicity it lends for formulating the optimization model. Its unique
properties enable global definition of constraints for cluster head selection and cluster
member assignment. The ability to model network optimization on a higher level of
abstraction results in energy efficiency, interference reduction and scalability of the overall

network.

As the number of cluster heads increases, the more energy is being consumed, driven by
the cluster head transmission energy cost which is typically significantly higher than the
cluster member hopping energy cost. Therefore, the goal of the optimization model is to
start with the maximum cluster size N patterns and only decrease the cluster size once the
nodes have been depleted and can no longer support multi-hops required by the larger

cluster size(s).

The proposed optimization model workflow is shown in Figure 9.
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¥

Initialize the hopping energy and
transmission energy parameters

¥

Generate pattern set of all viable patterns
for the network size n

Il

Create hopping energy and transmission
energy matrices

!
Round =0
I

A

Start the Optimization

1

Identify cluster head with minimum
energy level for each pattern

v

Set target cluster head energy level to
maximum of minimums above

¥

Select a pattern with cluster heads that at
least have the target energy level

v

Solve Optimization: select
the optimal cluster pattern

1

Compute current round energy cost and
total round energy cost

v

Add pattern to the network patterns array
of rounds

Termination

condition met? Round = Round +1

Output: Number of rounds, Array of
patterns, Array of network energy levels

Figure 9. Proposed optimization model workflow
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3.3.1 Model Objective and Constraints

Notation for the network optimization model is defined as follows:

» [ndex i represents the nodes, ranging from 0 to n

= [ndex j represents the patterns, ranging from 0 to p

» [ndex k represents the networks communication time intervals, ranging from O to r
* hop(ij) is hop energy required for each cluster member per pattern

* trans(iyj) is transmission energy required for each cluster head per pattern

= Use(j) is a binary decision variable for selecting a cluster pattern per time interval

= | is a set parameter for hopping energy cost between adjacent cluster members
= ¢ is a set parameter for transmission energy cost between cluster head and base

station

The overall optimization objective is maximization of the network’s lifetime. Therefore,
for each communication time interval the objective is to maximize the network’s current
energy level (Cg), by utilizing decision variable Use(j) to select the most energy efficient
pattern for the given time interval. Using the terminology above, the network lifetime may

be maximized by solving the following maximization problem:
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n
Maximize Cg: 2 Currentinterval(i)
i=0

n b
_ Z Z Use(j) * (hop(i, j) * h + trans(i, j) * t)

, subject to the constraints outlined below.

For each communication time interval, the model objective is solved subject to the

following constraints:

= Constraint I: Select only one cluster pattern per time interval.

p
UseOnePattern: Z Use(j) =1
j=0

o Constraint 2: All cluster heads in selected pattern must have minimum energy

required for data transmission to the base station.
ClusterheadEnergy {(i,j) in ClusterHeads}:
Use(j) * Intervals(i, Currentinterval) * trans(i, j)

> Use(j) » trans(i, j)

e Constraint 3: Select a pattern with higher cluster head energy levels.
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HigherEClusterheads {j in Patterns}:

Use(j) * max.min.ch < Use(j) * max (min. clusterheads(j))

3.3.2 Model Algorithm

To tackle this specific optimization problem, a novel algorithm is designed and specifically
engineered from the ground up to select the most energy efficient pattern for each time
interval in order to optimize the lifetime of the wireless sensor network. The algorithm also
considers the two-index, non-linear parameter in Constraint 3 of the optimization and
implements a process to make it linear for the purpose of solving the optimization problem

stated in Section 3.3.1 (Algorithm 1, lines 3-6 and lines 9-12).

Algorithm 1. Optimization model algorithm pseudocode for the network lifetime

Input

Nodes set (index 1)

Patterns set (index j)

Intervals set (index k)

hop(i,j) matrix, hop energy required for each cluster member per pattern
trans(i,j) matrix, transmission energy required for each cluster head per pattern
ntwke(j, k) matrix, network energy level for each interval r

h is a set parameter for hopping energy cost between adjacent cluster members

¢ is a set parameter for transmission energy cost between cluster head and base station
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Output

Ntwk Patterns: array of patterns used for all rounds within the intervals r

Ntwk Energy: array of network energy levels for all rounds within the intervals r

Ntwk TotalRounds: total number of rounds

1. for each time interval (round) r in Intervals

2.

3.

10.

I1.

12.

13.

14.

15.

16.

if r = 0 then
Let trans_energy cost(r) =0
Identify a cluster head with minimum energy level for each pattern j
max_min_ch = maximum of cluster head minimums from step-4
Use max_min_ch in Constraint 3

Solve Optimization Cg

else
Let trans_energy cost(r) = total_trans_cost(r-1)
Identify a cluster head with minimum energy level for each pattern j
max_min_ch = maximum of cluster head minimums from step-10
Use max_min_ch in Constraint 3
Solve Optimization Cg

end if

Display Use(j), pattern selection for current interval r

for 1 in Nodes
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17. Let current pattern_cost(i,r) = Z;’:O hop(i,j) * h + trans(i,j) *t
18. Let total round cost(i,r) = current pattern_cost(i,r)

19. end for

20.  Lettotal _pattern_cost(r) = Y-, total_round_cost(i,r)

21.  Let total trans cost(r) = total pattern_cost(r-1) + total pattern_cost(r)
22.  Display fotal trans_cost, to be used in the next interval

23.  Add pattern Use(j) to Ntwk_Patterns array

24.  Add Cgoptimization result to Ntwk Energy array

25.  if Cgvalue <0 then quit the algorithm

26. end for

27. Display Ntwk_TotalRounds, Ntwk Patterns and Ntwk Energy arrays

3.4 Network Simulation

The network simulation was built using Contiki-NG OS Cooja simulator which
concentrates on network behavior and permits the emulation of real hardware platforms.
Interactions between clustered sensor nodes and cluster heads can be modeled. Cooja
provides the tools to simulate a variety of network topologies, communication protocols,

nodes hardware and firmware, and characteristics specific to the clustered WSNs

(Oikonomou, et al., 2022).

The objective of the network simulation for this research is to evaluate the energy

efficiency of leveraging clusters in hexagonal network topology, and generating network
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sensing data to evaluate the effectiveness of the optimization model.

3.4.1 Simulation protocols

The simulation is implemented using the Routing Protocol for Low-Power and Lossy
Network (RPL) network layer protocol with UDP transportation layer protocol. RPL
provides efficient multi-hop routing in Low-power and Lossy Networks (LLNs), which is
typical for [oT and WSN implementations. When RPL and User Datagram Protocol (UDP)
are combined, they can help facilitate the transmission of data packets across the network.
These protocols organize devices into a Destination-Oriented Directed Acyclic Graph
(DODAG) based on a set of routing metrics and objectives which also helps optimize the
path for data packet flow to a common destination (such as a cluster head or sink node),

while UDP is used to transport data packets between nodes in this network.

3.4.2 Simulation nodes and parameters

In the context of Contiki Cooja, a "mote" is a virtual representation of a physical sensor
node as it would exist in a real-world WSN. A mote in Cooja encapsulates both the
hardware characteristics of a sensor node (such as its microcontroller, radio, and sensors)
and its software (the firmware running on the node, including the operating system and
application code). This abstraction enables simulation and analysis of the behavior of
sensor networks under various conditions without the need for physical hardware.
Simulation for this research employs Skymotes, since they support applications based on

high data rate sensors and low power networks.
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Transmission and interference ranges are critical parameters for accurately modeling how
radio signals propagate and how they are affected by distance and other factors in a
simulated wireless sensor network. The transmission range defines the maximum distance
at which mote's (i.e. node) signal can be successfully transmitted to another mote. If two
motes are within each other's transmission range, they can directly communicate without
the signal being too weak to be detected. In the simulation this parameter is set to 14 meters;

it is used to simulate the effective coverage area of a mote's radio transmitter.

The interference range is the distance within which a mote can cause disruption to the
communication between other motes, which is sometime beyond the direct transmission
range. Signals from a mote within this range can interfere with or degrade the quality of
communications between other motes that are actively transmitting or receiving data. This
parameter is important for simulating the real-world network scenarios. For example, in
dense networks multiple transmissions are more likely to overlap. It can help to model
scenarios where communications might be corrupted or lost due to interference from
nearby motes. In this simulation interference range parameter is set to 20 meters which
reflects real-world interference challenges in WSNs. These and other parameter values are

listed in the Table 3.

Table 3. Simulation settings and parameters

Parameter Value Description

Number of Motes 127 Total number of nodes in the network
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Area Size D=140m, A=12730m? Diameter, m? area of the simulation area

Area Shape Hexagon Shape of the simulation area
BS Position Center Location of the base station
Mote Type Skymote Node application based on high data rate

sensors and low power networks

Transmission 14m Maximum distance for node transmission

Range

Interference 20m Maximum distance for communication

Range interference between the nodes

Simulation Time 2500 rounds Total duration of simulation

Network Protocol RPL Routing Protocol for Low-Power and Lossy
Network

Transportation UbP User Datagram Protocol

Protocol

3.4.3 Simulation objective functions

RPL is designed to facilitate routing in constrained networks, and it uses Objective
Functions (OFs) to determine the best path for data packets to travel through the network.
Therefore, OFs play a crucial role in configuring clusters in a wireless sensor network
topology. The Minimum Rank with Hysteresis Objective Function (MRHOF) aims to
minimize the rank in the Directed Acyclic Graph (DAG), considering link metrics such as

expected transmission count (ETX). It prefers stable, high-quality links to reduce overall
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network traffic in order to improve reliability. MRHOF may use hysteresis to prevent
frequent changes in CH (parent) selection, enhancing network stability. (Jamil, et al., 2019)
This OF is used for modeling a network without clusters, and for modeling cluster heads
in the clustered network topology. Objective Function Zero (OFO0) is a simpler OF
compared to MRHOF, primarily focusing on minimizing hop count, and it is used for

modeling cluster members in the clustered network topology.

3.5 Evaluation Approach

3.5.1 Energy efficiency evaluation

Using the simulation implementation characteristics and parameters outlined above,
wireless sensor network simulations are configured consisting of 127 nodes (n=127) with
and without clusters. The maximum cluster size N is calculated for the network size n=127,
as described in Section 3.2.2, yielding the maximum cluster size N=19. Therefore, for the
cluster configuration there are two viable cluster sizes used: N=19 and N=7 nodes (Figure
10a, Figure 11a), yielding four cluster patterns, two for each cluster size, as shown in
Section 3.2.2. For the network configuration without clusters the same corresponding
network topology is employed where sink nodes are positioned at the cluster heads

locations (Figure 10b, Figure 11b).

For a larger network size n the maximum cluster size N is also larger yielding a higher

number of cluster sizes and related cluster patterns. Nevertheless, the same principles

described above apply for the energy efficiency evaluation.
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Figure 10a. Network with N=19 layout, Figure 10b. Network with N=19 layout,

with clusters without clusters
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Figure 11a. Network with N=7 layout, Figure 11b. Network with N=7 layout,

with clusters without clusters

Analysis of simulations compares: (1) the cluster head transmission energy in clustered
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topology with sink-nodes transmission energy in non-clustered topology; (2) cluster member
hopping energy in clustered topology with node hopping energy in non-clustered topology;
and (3) transmission energy used per packet in all four network topologies in order to evaluate
which of the four simulation scenarios for the given hexagonal network (n=127) provides the

most energy efficient transmission.

3.5.2 Optimization model validation

Optimization model validation aims to confirm the simulation results in terms of network
energy efficiency. To achieve this evaluation optimization model uses network sensing
data generated from simulation, along with the values for the transmission energy and

hopping energy parameters.

Network sensing data for the optimization model is generated using the simulation Radio
RX % data. This metric represents the percentage of time the radio of a mote is in the
receiving (RX) state, actively listening and receiving sensing data and data from other
motes. Although receiving data typically consumes less power than transmitting, using the
Radio RX 9% data to generate the network sensing data reflects the real-world scenario. For
this research, Radio Rx % from the network simulation (n=127) with clusters of two sizes
(N=19 and N=7) was collected and used to generate the network sensing data as an input

into the network optimization model.

The average cluster head transmission energy parameter (TX) and the average cluster
member hopping energy parameter from the network simulation (n=127) with clusters of

two sizes (N=19 and N=7) were obtained from simulations and used as the input parameters
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for the optimization model. Three optimization scenarios for the hexagonal network
topology (n=127) were considered: (1) topology with a static cluster size N=19; (2)
topology with a static cluster size N=7; and (3) topology with dynamic cluster sizes N=19
and N=7. The results were compared with the network simulation outcome in order to

confirm the network scenario that provides the longest network lifetime.

3.5.3 Impact of transmission and hopping energy ratio

For dynamic clustering in the hexagonal network topology, cluster head transmission
energy parameter needs to be the same for all cluster sizes (i.e. N=19 and N=7). Similarly,
the cluster member hopping energy parameter needs to be the same for all cluster sizes.
These two assumptions are required since a network node can change its role between
cluster head and cluster member during the lifetime of the network. Analyzing the
transmission energy and hopping energy ratio, by using a range of values for both

parameters, provides further information about dynamic clustering effectiveness.

3.5.4 Simulation of network with obstacles

To reflect a practical deployment, obstacles may be encountered that preclude a uniformed
network deployment of all sensor nodes (deployment obstacles). Another situation is that
after network deployment, some nodes experience temporary obstacles where they can still
sense the data but cannot transmit the collected data from the obstacle region to their

corresponding cluster heads (temporary obstacles).
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Network with a single obstacle

Simulation and optimization are conducted for both of these scenarios using two instances
of peripheral obstacles (Figure 12a, Figure 12b) and two instances of the interior obstacles
(Figure 13a, Figure 13b) in the network. Peripheral obstacles include an obstacle in the
network’s corner (Obstacle 1) and an obstacle in the network’s edge (Obstacle 2), while
the interior obstacles include an obstacle near the network center (Obstacle 3) and an
obstacle near the network’s edge (Obstacle 4). For each of the four obstacles 5.5%, or

seven (7) nodes, of the total network (n=127) is affected.

(¥ Network BE8 @ Network [=[S]X]
View Zoom ‘iew Zoom
|
l
Figure 12a. Peripheral obstacle in the Figure 12b. Peripheral obstacle in the
network’s corner (Obstacle 1) network’s edge (Obstacle 2)
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Figure 13a. Interior obstacle near the

network’s center (Obstacle 3)

Figure 13b. Interior obstacle near the

network’s edge (Obstacle 4)

For the scenario when obstacles are encountered during the network deployment, the sensor

nodes are omitted from the network deployment (and excluded from simulation and

optimization) so both sensing and transmission of data are not available in that area of the

network. Therefore, the simulation and optimization models for Obstacles 1-4 are

performed without the sensor nodes in the obstacle area. In the event when some nodes

experience temporary obstacles after network deployment, those nodes are still sensing

data but temporarily cannot transmit data within the obstacle region, in other words,

sensing data is available while transmission is not available for the given obstacle region.

For this case, the optimization models for Obstacles 1-4 are performed with sensing data

collected in the obstacle region, while transmission is disabled for the nodes affected by

the obstacle area.
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Network with multiple obstacles

Simulation and optimization are also conducted for deployment obstacles and temporary

obstacles when more than one obstacle is present in the network. The following scenarios

are considered using two instances of multiple peripheral obstacles (Figure 14a, Figure

14b) and two instances of the multiple interior obstacles (Figure 15a, Figure 15b) in the

network. Multiple peripheral obstacles include obstacles in the network’s corners (Obstacle

5) and obstacles in the network’s edges (Obstacle 6), while the interior obstacles include

multiple obstacles near the network center (Obstacle 7) and multiple obstacles near the

network’s edges (Obstacle 8). For each of these four obstacle scenarios 5.5%, or seven (7)

nodes, of the total network (n=127) is affected. The total number of network nodes affected

is kept the same across all eight obstacle scenarios (Obstacle 1- Obstacle 8) for the purpose

of analysis and comparison of the network performance.
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Figure 14a. Multiple peripheral obstacles

in the network’s corners (Obstacle 5)
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Figure 14b. Multiple peripheral obstacles
in the network’s edges (Obstacle 6)
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Figure 15a. Multiple interior obstacles

near the network’s center (Obstacle 7)

Figure 15b. Multiple interior obstacles

near the network’s edges (Obstacle 8)

The same as with a single obstacle in the network (Obstacle 1-4), for the scenario when
multiple obstacles are encountered during the network deployment, the sensor nodes are
omitted from the network deployment (and excluded from simulation and optimization),
in which case both sensing and transmission of data are not available in the obstructed area
of the network. Therefore, the simulation and optimization models for Obstacles 5-8 are
performed without the sensor data in the obstacle area. In the event when some nodes
experience temporary obstacles after network deployment, those nodes are still sensing
data but temporarily cannot transmit data within the obstacle region. In other words,
sensing data is available while transmission is not available for the given obstacle region.
For this case, the optimization models for Obstacles 5-8 are performed with sensing data

collected in the obstacle region, while transmission is disabled for the nodes affected by
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the obstructed area.

Network lifetime performance with obstacles is evaluated following the methodology
outlined in Sections 3.5.1-3.5.3 and results are compared for a single obstacle in the
network (Obstacle 1-4), for multiple obstacles in the network (Obstacle 5-8), as well as for
all of the obstacle scenarios (Obstacle 1-8) to better understand the obstacle impact on the

network’s performance.
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Chapter 4: Results and Analysis

This section provides an overview of key metrics used for measuring clustering
effectiveness in hexagonal network topology, and explores impacts of transmission energy
cost and hopping energy cost on benefits of clustering in hexagonal topology for WSNs.
As indicated in the previous section, simulations are performed using Contiki Cooja
simulator, and optimization model is created in AMPL using Gurobi as an optimization

solver.

This work is centered around determining the optimal cluster size and related cluster
pattern using a mathematical optimization model by maximizing network’s lifetime. Once
the maximum cluster size N is identified, all cluster sizes up to size N are considered for
pattern generation. The optimal pattern is selected for each data sensing time interval until
most of the nodes are depleted. Therefore, there are two key evaluation metrics that are
used: (1) transmission energy cost per packet when evaluating simulations; and (2) the
number of rounds (i.e. time intervals) in the optimization model before the total network’s

energy is depleted.

For example purposes, this paper considers the wireless sensor network with 127 nodes
(n=127), with maximum cluster size N=19, and consequently two cluster sizes N=19 and
N=7, yielding four cluster patterns, two for each cluster size. For networks with a larger
size n, the maximum cluster size N increases, resulting in a greater variety of cluster sizes

and associated patterns. For example, consider a WSN with n=631 nodes; its maximum
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cluster size is N=61. Therefore, for the network size n=631 the viable cluster sizes, up to
and including N=61, are: N=7, N=19, N=37, and N=61. These four cluster sizes yield eight
cluster patterns, two for each cluster size, as outlined in Section 3.2.2. However, regardless
of the network size n, the principles outlined previously still govern the evaluation of

energy efficiency and network lifetime.

4.1 Evaluation of Energy Efficiency

Following the approach outlined in Section 3.5.1, four distinct wireless sensor network
simulations are configured consisting of 127 nodes (n=127) with and without clusters.
Analysis of simulations compares: (1) the cluster head transmission energy in clustered
topology with sink-nodes transmission energy in non-clustered topology; (2) cluster
member hopping energy in clustered topology with node hopping energy in non-clustered
topology; and (3) transmission energy used per packet in all four network topologies in
order to evaluate which of the four simulation scenarios for the given hexagonal network

(n=127) provides the most energy efficient transmission.

As shown in Table 4, when comparing the network configuration with cluster size N=19
with its counterpart configuration without clustering (Figure 10a and Figure 10b), the total
number of packets transmitted in the same time period is 2.13% higher in the network with
clusters. Additionally, the average transmission energy cost per packet is lower in the
network with clusters (0.000842). In the case of cluster size N=7, comparing the network
configuration with clusters (N=7) with its counterpart configuration without clustering

(Figure 11a and Figure 11b), the total number of packets transmitted in the same time
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period is 7.27% higher in the network with clusters (Table 4). Additionally, the average
transmission energy cost per packet is lower in the network with clusters (0.000833).
Therefore, the clustering performs better for both network layouts (N=19 and N=7), and in
this network, cluster size N=7 provides the longest network lifetime, given the lowest

average transmission energy cost per packet.

Table 4. Average transmission energy costs per packet for various network configurations

Network size (n = 127) Total Packets Trans. Energy per Packet Packets %
With Clusters: N=19 2825 0.00084248 2.13%
Without Clusters: N=19 2766 0.00085322

With Clusters: N=7 2820 0.00083333 7.27%
Without Clusters: N=7 2629 0.00083682

The average cluster head transmission energy cost and the average cluster member hopping
energy cost from simulations above with cluster sizes N=19 and N=7 are used to run and

validate the optimization model.

4.2 Validation of Optimization Model

Adhering to the method described in Section 3.5.2 simulations along with the network data
from Section 4.1 are utilized to generate the network sensing data that is used as an input
into the optimization model. Additionally, as previously mentioned, the two key simulation
parameters utilized as the input to the optimization model are: the average cluster head

transmission energy cost (0.3400 and 0.12368 respectively) and the average cluster
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member hopping energy cost (0.10208 and 0.07167 respectively) for cluster sizes N=19
and N=7, as shown in Table 5. The optimization model results are then compared with the
simulation results obtained in Section 4.1. Three optimization scenarios for the hexagonal
network topology (n=127) were considered: (1) topology with a static cluster size N=19;
(2) topology with a static cluster size N=7; and (3) topology with dynamic cluster sizes
N=19 and N=7. As indicated in Table 5 and Figure 16, optimization results were compared
and the topology with a static cluster size N=7 provides the longest network lifetime (i.e.
has a maximum number of rounds). As shown, the network optimization model has the

same outcome as the network simulation result.

Table 5. Total number of rounds for clustered network configurations

Network size Transmission Hopping Hop. E and Trans. E Total
(n=127) Energy Energy Ratio Rounds
Static Clusters: N=19  0.34000 0.10208 0.30 1347
Static Clusters: N=7  0.12368 0.07167 0.58 1878
Dynamic Clusters: above above n/a 1430
N=19 & N=7
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Figure 16. Network lifetime by clustering pattern

4.3 Impact of Transmission Energy and Hopping Energy Ratio

Network simulation results and optimization model output both demonstrate that clustering
improves the network lifetime, specifically when using static clustering with cluster size
N=7 for this network example. As indicated in Table 5, the hopping energy cost and
transmission energy cost ratio for the cluster pattern with cluster size N=7 is 0.58 which is
generally high for large scale WSNs which typically have a ratio in 0.10-0.20 range (Kim
et al., 2021). Further examination is required to determine when the dynamic clustering of
all viable patterns (N=19 and N=7) provides further benefits and even longer network
lifetime. Using the procedure specified in Section 3.5.3 to further analyze the cluster
member hopping energy cost and cluster head transmission energy cost ratio for dynamic
clustering (N=19 and N=7) vs static clustering (N=7), Table 6 outlines optimization model

results using a range of energy cost ratios of these parameters.
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Table 6. Network lifetime for a range of transmission and hopping energy values

Hopping Transmission

Hop. E and Trans. E

Total Rounds

Total Rounds

Dynamic Clustering  Static Clustering

Energy Energy Ratio
N7 & N19 N7

1 0.14 0.2 0.70 1194 2178

2 0.12 0.2 0.60 1316 2005
—————— 58.0%

3 0.10 0.2 0.50 1449 1871

4 0.08 0.2 0.40 1585 1753
—————— 33.5%

5 0.06 0.2 0.30 1744 1649

6 0.04 0.2 0.20 1940 1556

7 0.02 0.2 0.10 2235 1475

As the network’s cluster member hopping energy cost and cluster head transmission energy

cost ratio decreases, the benefit of using static clustering also decreases while the

effectiveness of dynamic clustering increases (Figure 17).
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Figure 17. Network lifetime with dynamic vs static clustering

Therefore, the dynamic clustering further improves network lifetime for the WSNs where
the cluster member hopping energy cost and cluster head transmission energy cost ratio in
this network configuration is 33.5% or less as shown in Figure 18. With older hierarchical
protocols such as LEACH and HEED, forming the clusters in a wireless sensor network
has traditionally been costly in terms of energy consumption. However, with the design
advancement of efficient Objective Functions for RPL routing protocol, the objective
functions assignment can now be dynamic, supporting multiple clustering patterns, and
therefore, more energy efficient when it comes to the energy cost of clustering. (Kuwelkar

and Virani, 2021; Zaatouri, et al., 2022; Zhaolvan, et al., 2016)
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4 .4 Evaluation of Network with Obstacles

This section provides the results of evaluation of eight obstacle scenarios. The first four
obstacle scenarios (Obstacle 1-4) are examples of a single obstacle in the network (Figure
12a-12b, Figure 13a-13b), while the second four scenarios represent examples of multiple

obstacles in the network (Obstacle 5-8) and shown in Figure 14a-14b, and Figure 15a-15b.

4.4.1 Network with a single obstacle (Obstacle 1-4)

The results of implementing the single network obstacle scenarios (Obstacle 1-4) detailed

in Section 3.5.4, are shown in Table 7. Following the process for evaluating energy

efficiency (Section 3.5.1), simulations are performed for each of the single obstacle shapes
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(Obstacle 1-4). Given all four single obstacles’ shapes and favoring the lowest values for

Transmission Energy used per Packet (Trans. E per Packet), for all four Obstacle 1-4

network with clustering performs better for both network layouts (N=19 and N=7), and in

this network, cluster size N=7 has the lowest Transmission Energy per Packet value,

indicating that for this network configuration, the network with cluster size N=7 provides

the longest network lifetime, when any of the four obstacles (Obstacles 1-4, Figure 12a-

12b, Figure 13a-13b) are present in the network (Table 7).

Table 7. Average energy costs for obstacles in network (Obstacle 1-4)

Trans. Hop. Hop. E & Total Trans. E per
Obs. Network size (n=127)

Energy Energy Trans. E Ratio  Packets Packet
1  With Clusters: N=19 0.33286 0.09920 0.30 2787 0.00083602
Without Clusters: N=19  0.32000 0.10265 0.32 2655 0.00084369
With Clusters: N=7 0.12333  0.07157 0.58 2682 0.00082774
Without Clusters: N=7 0.12278 0.06373 0.52 2607 0.00084772
2 With Clusters: N=19 0.34667 0.10693 0.31 2424 0.00085809
Without Clusters: N=19  0.34167 0.10500 0.31 2359 0.00086901
With Clusters: N=7 0.13176 0.07806 0.59 2672 0.00083832
Without Clusters: N=7 0.12235 0.06641 0.54 2476 0.00084006
3 With Clusters: N=19 0.33000 0.09973 0.30 2733 0.00084523
Without Clusters: N=19  0.31571 0.10292 0.33 2578 0.00085725
With Clusters: N=7 0.12111 0.06382 0.53 2664 0.00081832
Without Clusters: N=7 0.11556 0.06235 0.54 2534 0.00082084
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4 With Clusters: N=19 0.33000 0.09690 0.29 2743 0.00084214
Without Clusters: N=19  0.31429 0.10469 0.33 2574 0.00085470
With Clusters: N=7 0.11778 0.05990 0.51 2539 0.00083497
Without Clusters: N=7 0.11833 0.06382 0.54 2537 0.00083957

Furthermore, the interior obstacle near the network’s center (Obstacle 3) shown in Figure

13a, has the lowest impact on the network lifetime given its average transmission energy

cost of 0.00081832 per packet, while the Obstacle 2 (Figure 12b) has the highest impact

on the network lifetime given its average transmission energy cost of 0.00083832 per

packet as shown in Figure 19.

0.00084000
0.00083500
0.00083000
0.00082%00
0.000R2000

0.00081500

Avg Transmission Energy Cost per Packet

0.0008100
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Obstade 1 Obstade 2

Obstade 3

Network with obstacles with cluster size N«7

Obstade 4

Figure 19. Average transmission energy cost per packet for Obstacles 1-4
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Using the optimization model validation procedure (Section 3.5.2), results show that the
network with deployment obstacle or temporary obstacle in the interior near the network’s
center (Obstacle 3) has the longest lifetime (highest number of rounds) as shown in Table

8 and Table 9, and in Figure 20.

Table 8. Network lifetime for clustered network with deployment Obstacles 1-4

Trans. Hop. Hop. E and Total
Obs. Network size (n=127)
Energy Energy Trans. E Ratio Rounds

1  Static Clusters: N=19 0.33286 0.09920 0.30 1366
Static Clusters: N=7 0.12333 0.07157 0.58 1874
Dynamic Clusters N=19 & N=7 above above n/a 1388

2 Static Clusters: N=19 0.34667 0.10693 0.31 1259
Static Clusters: N=7 0.13176 0.07806 0.59 1804
Dynamic Clusters N=19 & N=7 above above n/a 1344

3 Static Clusters: N=19 0.33000 0.09973 0.30 1382
Static Clusters: N=7 0.12111 0.06382 0.53 1952
Dynamic Clusters N=19 & N=7 above above n/a 1473

4  Static Clusters: N=19 0.33000 0.09690 0.29 1366
Static Clusters: N=7 0.11778 0.05990 0.51 1934
Dynamic Clusters N=19 & N=7 above above n/a 1456
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Table 9. Network lifetime for clustered network with temporary Obstacles 1-4

Trans. Hop. Hop. E and Total
Obs. Network size (n=127)

Energy Energy Trans. E Ratio Rounds

1  Static Clusters: N=19 0.33286  0.09920 0.30 1408

Static Clusters: N=7 0.12333  0.07157 0.58 1914

Dynamic Clusters N=19 & N=7 above above n/a 1427

2 Static Clusters: N=19 0.34667  0.10693 0.31 1301

Clusters: N=7 0.13176  0.07806 0.59 1844

Dynamic Clusters N=19 & N=7 above above n/a 1385

3 Static Clusters: N=19 0.33000  0.09973 0.30 1418

Static Clusters: N=7 0.12111  0.06382 0.53 1976

Dynamic Clusters N=19 & N=7 above above n/a 1506

4 Static Clusters: N=19 0.33000  0.09690 0.29 1402

Static Clusters: N=7 0.11778  0.05990 0.51 1962

Dynamic Clusters N=19 & N=7 above above n/a 1490
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Figure 20. Network lifetime for network with deployment vs temporary Obstacles 1-4

In assessing the dynamic clustering effectiveness for the network with deployment or
temporary obstacles in shape of Obstacle 1-4, the network’s cluster member hopping
energy cost and cluster head transmission energy cost ratio needs to be 15%, and in some
cases lower, in order for dynamic clustering to improve the network lifetime, as shown in

Figure 21.
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Figure 21. Dynamic clustering hopping and transmission energy ratio for Obstacles 1-4

4.4.2 Network with multiple obstacles (Obstacle 5-8)

The results of implementing the network with multiple obstacles scenarios detailed in
Section 3.5.4, are shown in Table 10. Following the process for evaluating energy
efficiency (Section 3.5.1), simulations are performed for each of the multiple obstacle
shapes (Obstacle 5-8) shown in Figure14a-14b, and Figure 15a-15b. Given all four multiple
obstacles’ shapes and favoring the lowest values for Transmission Energy used per Packet
(Trans. E per Packet), for all four of them the network with clustering performs better for
both network layouts (N=19 and N=7), and in this network, cluster size N=7 has the lowest
Transmission Energy per Packet value, indicating that for this network configuration, the
network with cluster size N=7 provides the longest network lifetime, when any of the four

obstacles (Obstacles 5-8, Figure 14a-14b, Figure 15a-15b) are present in the network
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(Table 10).

Table 10. Average energy costs for obstacles in network (Obstacles 5-8)

Trans. Hop. Hop. E and Total Trans. E per
Obs. Network size (n=127)

Energy Energy Trans. E Ratio Packets Packet
5 With Clusters: N=19 0.35571  0.07973 0.22 2852 0.00087307
Without Clusters: N=19  0.35714  0.07637 0.21 2861 0.00087382
With Clusters: N=7 0.12737  0.07307 0.57 2823 0.00085724
Without Clusters: N=7  0.12632  0.06871 0.54 2659 0.00090259
6 With Clusters: N=19 0.37143  0.08248 0.22 2867 0.00090687
Without Clusters: N=19  0.35857  0.07673 0.21 2845 0.00088225
With Clusters: N=7 0.12474  0.07535 0.60 2788 0.00085007
Without Clusters: N=7  0.12947  0.06782 0.52 2722 0.00090375
7 With Clusters: N=19 0.35000 0.07850 0.22 2775 0.00088288
Without Clusters: N=19  0.35000  0.08000 0.23 2783 0.00088034
With Clusters: N=7 0.12632  0.06653 0.53 2781 0.00086300
Without Clusters: N=7  0.12789  0.07406 0.58 2731 0.00088978
8 With Clusters: N=19 0.36143  0.07903 0.22 2869 0.00088184
Without Clusters: N=19  0.37000  0.08619 0.23 2782 0.00093098
With Clusters: N=7 0.12684  0.06535 0.52 2780 0.00086691
Without Clusters: N=7  0.12842  0.07277 0.57 2756 0.00088534

Furthermore, the peripheral obstacles in the network’s edges (Obstacle 6) shown in Figure

14b, has the lowest impact on the network lifetime given its average transmission energy
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cost of 0.00085007 per packet, while the Obstacle 8 (Figure 15b) has the highest impact
on the network lifetime given its average transmission energy cost of 0.00086691 per

packet (Figure 22).
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Figure 22. Average transmission energy cost per packet for Obstacles 5-8

Using the optimization model validation procedure (Section 3.5.2), results show that the
network with multiple deployment obstacles or temporary obstacles in in the network’s
edge (Obstacle 6) has the longest lifetime (highest number of rounds) as shown in Table

11 and Table 12, and in Figure 23.
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Table 11. Network lifetime for clustered network with deployment Obstacles 5-8

Trans. Hop. Hop. E and Total
Obs. Network size (n=127)

Energy Energy Trans. E Ratio Rounds

5 Static Clusters: N=19 0.35571  0.07973 0.22 1521

Static Clusters: N=7 0.12737  0.07307 0.57 1884

Dynamic Clusters N=19 & N=7 above above n/a 1570

6  Static Clusters: N=19 0.37143  0.08248 0.22 1506

Static Clusters: N=7 0.12474  0.07535 0.60 1926

Dynamic Clusters N=19 & N=7 above above n/a 1566

7 Static Clusters: N=19 0.35000 0.07850 0.22 1511

Static Clusters: N=7 0.12632  0.06653 0.53 1910

Dynamic Clusters N=19 & N=7 above above n/a 1566

8  Static Clusters: N=19 0.36143  0.07903 0.22 1479

Static Clusters: N=7 0.12684  0.06535 0.52 1869

Dynamic Clusters N=19 & N=7 above above n/a 1538

Table 12. Network lifetime for clustered network with temporary Obstacles 5-8

Trans. Hop. Hop. E and Total
Obs. Network size (n=127)
Energy Energy Trans. E Ratio Rounds
5 Static Clusters: N=19 0.33286 0.09920 0.30 1428
Static Clusters: N=7 0.12333 0.07157 0.58 1920
Dynamic Clusters N=19 & N=7 above above n/a 1524
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6 Static Clusters: N=19 0.34667 0.10693 0.31 1421

Clusters: N=7 0.13176  0.07806 0.59 1989
Dynamic Clusters N=19 & N=7 above above n/a 1511
7  Static Clusters: N=19 0.33000  0.09973 0.30 1403
Static Clusters: N=7 0.12111 0.06382 0.53 1960
Dynamic Clusters N=19 & N=7 above above n/a 1492
8  Static Clusters: N=19 0.33000  0.09690 0.29 1355
Static Clusters: N=7 0.11778 0.05990 0.51 1860
Dynamic Clusters N=19 & N=7 above above n/a 1434
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Figure 23. Network lifetime for network with deployment vs temporary Obstacles 5-8
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In assessing the dynamic clustering effectiveness for the network with deployment or
temporary obstacles in shape of Obstacle 5-8, the network’s cluster member hopping
energy cost and cluster head transmission energy cost ratio needs to be 19%, and in some
cases lower, in order for dynamic clustering to improve the network lifetime, as shown in

Figure 24.
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Figure 24. Dynamic clustering hopping and transmission energy ratio for Obstacles 5-8

4.4.3 Joint analysis of all obstacles (Obstacle 1-8)

As indicated in the Section 3.5.4, for each of the Obstacle 1-8 scenarios 5.5%, or seven (7)
nodes, of the total network (n=127) is affected. The total number of network nodes affected
is kept the same across all eight obstacle scenarios (Obstacle 1- Obstacle 8) for the purpose

of joint analysis and comparison of the network performance.
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The results of implementing the network with all eight obstacle scenarios detailed in
Section 3.5.4, are shown in Figure 25. Following the process for evaluating energy
efficiency (Section 3.5.1), simulations are performed for each of the multiple obstacle
shapes (Obstacle 1-8). Given all eight obstacles’ shapes and favoring the lowest values for
Transmission Energy used per Packet (Trans. E per Packet), for all eight obstruction
scenarios the network with clustering performs better for both network layouts (N=19 and
N=7), and in this network, cluster size N=7 has the lowest Transmission Energy per Packet
value, indicating that for this network configuration, the network with cluster size N=7
provides the longest network lifetime, when any of the eight obstacles (Obstacles 1-8,
Figure 12a-12b, Figure 13a-13b , Figure 14a-14b, Figure 15a-15b) are present in the

network.

Furthermore, the interior obstacle near the network’s center (Obstacle 3) shown in Figure
13a, has the lowest impact on the network lifetime given its average transmission energy
cost of 0.00081832 per packet (Table 7), while the Obstacle 8 (Figure 15b) has the highest
impact on the network lifetime given its average transmission energy cost of 0.00086691

(Table 10) per packet (Figure 25).
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Figure 25. Average transmission energy cost per packet for Obstacles 1-8

Using the optimization model validation procedure (Section 3.5.2), results show that for
the network with deployment obstacles the obstacle in the interior near the network’s center
(Obstacle 3, Figure 13a) has the longest lifetime (highest number of rounds) as shown in
Figure 26, while for the network with temporary obstacles the obstacle in the network’s
edge (Obstacle 6, Figure 14b) has the longest lifetime (highest number of rounds) as shown

in in Figure 23.
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Figure 26. Network lifetime for network with deployment vs temporary Obstacles 1-8

In assessing the dynamic clustering effectiveness for the network with deployment
obstacles in shape of Obstacle 1-8, the network’s cluster member hopping energy cost and
cluster head transmission energy cost ratio needs to be the average of 14.37% in order for
dynamic clustering to improve the network lifetime. For the network with temporary
obstacles in shape of Obstacle 1-8, the network’s cluster member hopping energy cost and
cluster head transmission energy cost ratio needs to be the average of 15.69% in order for

dynamic clustering to improve the network lifetime, as shown in Figure 27.
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Figure 27. Dynamic clustering hopping and transmission energy ratio for Obstacles 1-8

4.5 Scalability Evaluation: Fivefold Network Expansion

To assess the impact of increased scale on energy performance, the network was expanded
fivefold (497%) in size to the configuration consisting of 631 nodes (n=631). This
evaluation examines how energy efficiency is affected when the number of nodes and
communication demands significantly increase. By analyzing energy consumption patterns
under this larger configuration, the aim is to determine the scalability of the proposed
approach and its ability to maintain low power usage in more demanding deployment

scenarios.

Considering a WSN with n=631 nodes; its maximum cluster size is N=61, as outlined in
Section 3.2.2. Therefore, for the network size n=631 the viable cluster sizes, up to and
including N=61, are: N=7, N=19, N=37, and N=61. These four cluster sizes yield eight

cluster patterns, two for each cluster size, as shown in Section 3.2.2.
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The following scalability evaluation sections aim to demonstrate that the principles
outlined previously still govern the evaluation of energy efficiency and network lifetime,

regardless of the network size n.

4.5.1 Evaluation of energy efficiency

Following the approach outlined in Section 3.5.1, eight distinct wireless sensor network
simulations are configured, in four network topologies patterns, consisting of 631 nodes
(n=631), yielding four simulations with and four without clusters. Analysis of simulations
compares: (1) the cluster head transmission energy in clustered topology with sink-nodes
transmission energy in non-clustered topology; (2) cluster member hopping energy in
clustered topology with node hopping energy in non-clustered topology; and (3)
transmission energy used per packet in all four network topologies in order to evaluate
which of the four simulation scenarios for the given hexagonal network (n=631) provides

the most energy efficient transmission.

As shown in Table 13, when comparing the network configuration with cluster sizes N=61,
N=37, N=19, and N=7 with their counterpart configuration without clustering, the total
number of packets transmitted for each of the cluster sizes in the same time period is higher
in the network with clusters. Additionally, for all of the four cluster sizes the average
transmission energy cost per packet is lower in the network with clusters. Therefore, the

clustering performs better for all four network layouts (N=61, N=37, N=19 and N=7), and
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in this network, cluster size N=7 provides the highest number of packet transmission (9667)

in the set period of time.

Table 13. Average transmission energy costs per packet for various ntwk configurations

Network size (n = 127) Total Packets Trans. Energy per Packet Packets %
With Clusters: N=61 5249 0.00099829 8.43%
Without Clusters: N=61 4841 0.00107003

With Clusters: N=37 7531 0.00100783 0.61%
Without Clusters: N=37 7485 0.00101670

With Clusters: N=19 9058 0.00120556 0.17%
Without Clusters: N=19 9043 0.00120646

With Clusters: N=7 9667 0.00121341 0.27%
Without Clusters: N=7 9641 0.00121460

The average cluster head transmission energy cost and the average cluster member hopping
energy cost from simulations above with cluster sizes N=61, N=37, N=19 and N=7 are

used to run and validate the optimization model.

4.5.2 Validation of optimization model

Adhering to the method described in Section 3.5.2 simulations along with the network data

from Section 4.5.1 are utilized to generate the network sensing data that is used as an input
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into the optimization model. Additionally, as previously mentioned, the two key simulation
parameters utilized as the input to the optimization model are: the average cluster head
transmission energy costs and the average cluster member hopping energy cost for cluster
sizes N=61, N=37, N=19 and N=7, as shown in Table 14. The optimization model results
are then compared with the simulation results obtained in Section 4.5.1. Five optimization
scenarios for the clustered hexagonal network topology (n=631) were considered: (1)
topology with a static cluster size N=61; (2) topology with a static cluster size N=37; (3)
topology with a static cluster size N=19; (4) topology with a static cluster size N=7; and
(5) topology with dynamic cluster sizes N=61, N=37, N=19 and N=7. As indicated in Table
14, optimization results were compared and for this network configuration, the clustered
topology with a static cluster size N=7 provides the longest network lifetime (i.e. has a

maximum number of rounds, 1869).

Table 14. Total number of rounds for clustered network configurations

Network size Transmission Hopping Hop. E and Trans. E Total
(n=631) Energy Energy Ratio Rounds
Static Clusters: N=61 0.40308 0.08545 0.21 1009
Static Clusters: N=37 0.39947 0.12188 0.31 952
Static Clusters: N=19 0.35226 0.11442 0.32 1134
Static Clusters: N=7 0.12890 0.06431 0.50 1869

Dynamic Clusters:
above above n/a 1010
N=61, N=37, N=19, N=7
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4.5.3 Impact of transmission and hopping energy ratio

Network simulation results and optimization model output both demonstrate that clustering
improves the network lifetime, specifically when using static clustering with cluster size
N=7 for this network example. As indicated in Table 14, the hopping energy cost and
transmission energy cost ratio for the cluster pattern with cluster size N=7 is 0.50 which is
generally high for large scale WSNs which typically have a ratio in 0.10-0.20 range (Kim
et al., 2021). Further examination is required to determine when the dynamic clustering of
all viable patterns (N=61, N=37, N=19 and N=7) provides further benefits and even longer
network lifetime. Using the procedure specified in Section 3.5.3 to further analyze the
cluster member hopping energy cost and cluster head transmission energy cost ratio for
dynamic clustering (N=61, N=37, N=19 and N=7) vs static clustering (N=7), Table 15

outlines optimization model results using a range of energy cost ratios of these parameters.

Table 15. Network lifetime for a range of transmission and hopping energy values

Total Rounds Total Rounds
Hopping Transmission Hop. E and Trans. E
Dynamic Clustering  Static Clustering

Energy Energy Ratio
N61, N37, N19 & N7 N7
1 0.14 0.2 0.70 762 2185
2 0.12 0.2 0.60 837 1973
3 0.10 0.2 0.50 930 1797
4 0.08 0.2 0.40 1057 1650
5 0.06 0.2 0.30 1223 1525
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6 0.04 0.2 0.20 1490 1424

7 0.02 0.2 0.10 2014 1336

As the network’s cluster member hopping energy cost and cluster head transmission energy
cost ratio decreases, the benefit of using static clustering also decreases while the

effectiveness of dynamic clustering increases (Figure 28).
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Figure 28. Network lifetime with dynamic vs static clustering

Therefore, the dynamic clustering further improves network lifetime for the WSNs where

the cluster member hopping energy cost and cluster head transmission energy cost ratio in

this network configuration is 21% or less as shown in Figure 29. With older hierarchical

protocols such as LEACH and HEED, forming the clusters in a wireless sensor network
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has traditionally been costly in terms of energy consumption. However, with the design
advancement of efficient Objective Functions for RPL routing protocol, the objective
functions assignment can now be dynamic, supporting multiple clustering patterns, and
therefore, more energy efficient when it comes to the energy cost of clustering. (Kuwelkar

and Virani, 2021; Zaatouri, et al., 2022; Zhaolvan, et al., 2016)
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Figure 29. Network lifetime with hopping energy and transmission energy ratio

The results demonstrate that the proposed approach sustains high energy efficiency even
under a fivefold (497%) increase in network size. Despite the substantial growth in node

density and communication overhead, along with doubling the number of cluster patterns,
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the energy consumption remains consistently optimized. This confirms the scalability of
the method and its effectiveness in preserving energy performance, irrespective of the

network size n.
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Chapter 5: Conclusion and Future Research

This research demonstrates that WSNs with hexagonal network topology can benefit from
clustering which improves network lifetime, and therefore, enhances WSNs reliability by
reducing total network energy consumption. Dynamic clustering further improves network
lifetime. Specifically, for those WSNs where the cluster member hopping energy cost and
cluster head transmission energy cost ratio is 33.5% or less, it’s assuring that dynamic
clustering prolongs the lifetime of the network. Clustering in general is beneficial even if
a network is presented with obstacles during its deployment or experiencing temporary

obstacles throughout its use.

While this research explores a single obstacle and multiple obstacles scenarios, this area
can be further explored with an in-depth network obstructions analysis considering
obstacles’ shape, location, size and movement which are essential for understanding their
impact on connectivity and overall network efficiency. Distributed obstacles create
widespread, generalized challenges. On the other hand, clustered obstacles form localized
barriers which alter flow in specific areas. Simulating real-world moving objects, when
obstacles shift positions over time (i.e. dynamic obstacles) they introduce an added layer
of complexity. Studying these variations can be incorporated into design of algorithms to

further optimize the lifetime of WSNs with hexagonal topology.

Another area for future research is using additional hexagonal grid property that involves
nested hexagons. The nesting capability of hexagonal grids, allows for the subdivision of

larger areas into smaller nested hexagons, as used by Uber’s H3 Indexing platform
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(Brodsky, 2018). This nesting property enables the simultaneous use of multiple cluster
sizes within the same clustering pattern, which improves adaptability and scalability. The
solution has an ability to zoom-in and zoom-out dynamically, based on an array of
predefined network conditions. This enables more efficient data collection and its
transmission. Implementing the nesting feature, network areas with high activity density
can be managed differently from regions with little to no activity, as Uber has done
(Brodsky, 2018). Improved data processing and communication come from smooth
transitions between compact and uncompact representations of the topology, enabled by
the hierarchical nesting. A future research opportunity is in potentially optimized real-time
performance. Algorithms can be designed that can dynamically toggle between these
hierarchical nested states. It could be shown that these algorithms can help improve
clustering methods and facilitate adaptive routing, which can further improve WSN

lifetime.

Hexagonal topology also has an ability to provide efficient coverage of a three-dimensional
sphere. This is done by incorporating twelve pentagons within the hexagonal grid structure.
Similar to the pattern found on a soccer ball (i.e. truncated icosahedron geometric shape),
full and continuous coverage across a spherical surface can be provided. This feature of
hexagonal grids to extend to three-dimensional surfaces supports numerous possibilities
for global applications requiring seamless coverage. It has a potential for advancing
research in global wireless sensor network deployments, where continuous and uniform
coverage is required. It can be used in air pollution and weather monitoring networks,

because they require real-time atmospheric data across the entire planet. Earth observation
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networks that track environmental changes and natural disasters, and Underwater sensor
networks for tsunami detection and global navigation systems can greatly benefit from this
hexagonal topology property. Scalability and adaptability in WSN networks can potentially
be further improved when this three-dimensional coverage feature is integrated with the
nesting capability described above. Future research can include developing algorithms that

optimize hierarchical data processing and communication within a hexagonal grid.

One of the key assumptions in the current research is that each node in the hexagonal
topology network communicates equally across all six directional axes. However, in reality,
this is not always the case. Environmental factors such as physical obstructions (walls,
vegetation, terrain), electromagnetic interference from co-located devices, hardware
manufacturing tolerances, and battery degradation can cause asymmetric transmission
ranges across the six directions, so these factors present an opportunity for future sensitivity
analysis and research. The future work should treat the per-direction transmission range of
each node as an independent variable rather than a fixed constant. For example, observing
anode deployed in a smart agriculture field monitoring soil moisture and temperature. One
side of the node faces a row of irrigation pipes and metallic support structures, which can
reduce its transmission range in that direction compared to its open-air directions. The
sensitivity analysis would measure how many nodes in the network can tolerate this type
of directional degradation in the overall network and assess clustering efficiency. More
specifically, the analysis should test scenarios where: (1) a single direction per node is
degraded, (2) two opposing directions are degraded simultaneously (simulating a node

between two obstacles), and (3) all six directions experience different ranges drawn from
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a probability distribution assessed to known hardware variation data. Each scenario would
be evaluated against the key performance metrics from the research, computing total
network energy consumption and network lifetime, to quantify the sensitivity coefficient

for directional transmission range.

For networks with a larger number of nodes the energy efficiency principles outlined in
this research still apply in terms of improving the network lifetime, and are representative
of the most real-world wireless sensor networks size. However, if the network size
increases significantly to a 10,000 nodes magnitude or larger, additional impacts to
network energy consumption should be considered. Scalability often introduces more
complex routing decisions. Depending on this large-scale network configuration, some
nodes may need to have extended communication ranges to reach a cluster head or a central
base station, which would lead to higher energy consumption. Sophisticated algorithms
that can find the most energy-efficient paths within and between clusters are needed for
routing data without excessive energy use. Studying how to scale these networks efficiently
while managing energy consumption can potentially become a core area for future

research.

This research can possibly be enhanced by incorporating multistate (active, idle, inactive,
fail) nodes. Understanding their energy efficiency impact on optimization of static and
dynamic clustering in hexagonal network topology is key. Research should consider duty-
cycling, where nodes turn off to conserve energy when not in use. Moreover, this helps

manage energy use and prolongs the life of sensor nodes, reducing the maintenance issues,
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such as node failures, requiring additional energy for network reconfiguration and node

replacement.

This work will also benefit from Deep Reinforcement Learning (DRL). DRL can help
enhance cluster sizing and matching, with a goal to improve network energy
consumption. Having to learning from the environment, DRL algorithms can potentially
identify the most energy-efficient ways to group sensors. They would consider proximity,
sensor energy levels, communication costs, and other factors. DRL can also enable the
network to adaptively match cluster heads with cluster member nodes in a way that
minimizes overall energy consumption. DRL could perhaps predict potential network
failures or degradations and proactively reconfigure the network; this prevents energy
waste due to malfunctioning nodes or inefficient routing paths. These are several methods
through which DRL can enhance the adaptive management of network configurations,
thereby presenting a promising research area focused on improving wireless sensor

network energy efficiency.
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