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ABSTRACT

RESOURCE OPTIMIZATION OF MULTI-PURPOSE
IOT WIRELESS SENSOR NETWORKS WITH SHARED

MONITORING POINTS

Mustafa Can Çavdar

Ph.D. in Computer Engineering

Advisor: Özgür Ulusoy

Co-Advisor: İbrahim Körpeoğlu

November 2022

Wireless sensor networks (WSNs) have many applications and are an essential

part of IoT systems. The primary functionality of a WSN is to gather data

from certain points that are covered with sensor nodes and transmit the collected

data to remote central units for further processing. In IoT use cases, a WSN

infrastructure may need to be shared by many applications. Moreover, the data

gathered from a certain point or sub-region can satisfy the need of multiple ap-

plications. Hence, sensing the data once in such cases is advantageous to increase

the acceptance ratio of the applications and reduce waiting times of applications,

makespan, energy consumption, and traffic in the network. We call this approach

monitoring point-based shared data approach. In this thesis, we focus on both

placement and scheduling of the applications, each of which requires some points

in the area a WSN covers to be monitored. We propose genetic algorithm-based

approaches to deal with these two problems. Additionally, we propose greedy al-

gorithms that will be useful where fast decision-making is required. We realized

extensive simulation experiments and compared our algorithms with the methods

from the literature. The results show the effectiveness of our algorithms in terms

of various metrics.

Keywords: wireless sensor networks, virtualization, Internet of Things, applica-

tion placement, application scheduling, optimization.
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ÖZET

PAYLAŞIMLI İZLENEN NOKTALAR KULLANARAK
ÇOK AMAÇLI IOT KABLOSUZ SENSÖR AĞLARININ

KAYNAK OPTİMİZASYONU

Mustafa Can Çavdar

Bilgisayar Mühendisliği, Doktora

Tez Danışmanı: Özgür Ulusoy

İkinci Tez Danışmanı: İbrahim Körpeoğlu

Kasım 2022

Kablosuz sensör ağları (WSN) birçok uygulamaya sahiptir ve IoT sistemlerinin

önemli bir parçasıdır. Bir WSN’nin birincil işlevi, sensör düğümleri tarafından

kapsanan belirli noktalardan veri toplamak ve toplanan verileri daha sonraki

işlemler için uzak merkezi birimlere iletmektir. IoT kullanım durumlarında, bir

WSN altyapısının birçok uygulama tarafından paylaşılması gerekebilir. Ayrıca

belirli bir noktadan veya alt bölgeden toplanan veriler birden fazla uygulama

ihtiyacını karşılayabilmektedir. Dolayısıyla, bu gibi durumlarda verilerin bir

kez algılanması, uygulamaların kabul oranını artırmak, uygulamaların bekleme

sürelerini, toplam çalışma sürelerini, enerji tüketimini ve ağdaki trafiği azaltmak

için avantajlıdır. Bu yaklaşımı izleme noktası tabanlı paylaşılan veri yaklaşımı

olarak adlandırıyoruz. Bu tezde, her biri bir WSN’nin kapsadığı alanda bazı nok-

taların izlenmesini gerektiren uygulamaların yerleştirilmesine ve çizelgelenmesine

odaklanıyoruz. Bu iki problemi çözmek için genetik algoritma tabanlı yaklaşımlar

öneriyoruz. Ek olarak, hızlı karar vermenin gerekli olduğu durumlarda fay-

dalı olacak açgözlü algoritmalar öneriyoruz. Kapsamlı simülasyon deney-

leri gerçekleştirdik ve algoritmalarımızı literatürdeki yöntemlerle karşılaştırdık.

Elde edilen sonuçlar, çeşitli metrikler açısından algoritmalarımızın etkinliğini

göstermektedir.

Anahtar sözcükler : kablosuz sensör ağları, sanallaştırma, Nesnelerin İnterneti,

uygulama yerleştirme, uygulama çizelgeleme, optimizasyon.
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Chapter 1

Introduction

Wireless sensor networks (WSNs) have become the key components of Internet-of-

Things and smart environments due to improvements in wireless communications,

sensing technologies, and mobile computing. Wireless sensor networks are hetero-

geneous systems consisting of sensor nodes that can collect various types of data

from the points within their sensing range. The collected data can be processed

at sensor nodes themselves or some higher-level distributed or centralized units,

like base stations or cloud data centers.

The range of applications has grown rapidly since the inception of WSNs. Some

domains include smart cities, smart houses, and some other intelligent systems

that are used in daily life. Smart city management is one of the major areas for

which WSN applications are very useful [1]. Intelligent parking systems [2], air

quality monitoring with NO2 sensors in cities [3], in-pipe monitoring of the qual-

ity of drinkable water [4], and noise monitoring in metropolitan areas [5] are some

examples of the applications that a smart city can make use of. Other examples of

WSN applications include disaster prevention systems, agriculture management,

habitat monitoring, intelligent lighting control, collecting seismic and infrasonic

signals from volcanoes [6], and supply-chain monitoring [7]. Actually, the appli-

cations of WSNs are so extensive that there are studies that investigate the use

cases by dividing them into groups. For instance, Kandris et al. [8] categorize

1



the WSN applications into six groups: environmental, flora and fauna, health, in-

dustrial, military and urban applications. This broad range of WSN applications

makes the optimization and efficient use of WSNs very vital.

Initially, WSNs were task-specific networks. A WSN was designed, developed,

and optimized to support a single application. It was impossible to deploy any

other application to an already running WSN. This led to redundant WSN de-

ployments and inefficient utilization of WSN resources. However, the trend for

WSNs has recently changed from being designed for a single application to design-

ing WSNs that can support various applications with heterogeneous needs within

a single network infrastructure [9]. For instance, to a single city-wide WSN in-

frastructure of sensor nodes with various sensing capabilities, various types of

applications such as air quality monitoring, noise monitoring, crime detection,

waste management, and traffic monitoring can be deployed. Another example

would be a single building-wide WSN, which can be used for both structural

health monitoring [10] and fire disaster detection [11] at the same time. Various

other applications can be run over such a WSN infrastructure, such as occupancy

estimation and automatic air-conditioning control, without disturbing other ap-

plications.

1.1 Motivation and Contributions

WSNs that can support multiple applications should be designed, utilized, and op-

erated optimally; so that the placed applications can get good quality of services

and the owners of the applications are well satisfied. To achieve this, network

providers need a centralized controller and related policies. Software-Defined

Networking (SDN) provides a mechanism that allows managing a WSN from a

centralized controller. Thanks to SDN, decision-making processes for the oper-

ations of the networks are moved to logically implemented centralized controller

software [12]. SDN enables virtualization that allows sharing of physical resources

among multiple services, tasks, or applications and improves flexibility in the net-

work [13]. Hence, Software-Defined Networking has a key role in the development
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of next-generation networks and Internet of Things (IoT) [14]. With the help of

SDN, applications can be scheduled and placed onto IoT-integrated WSNs with

centralized algorithms efficiently and effectively.

In WSNs that support running multiple applications over the same physical

network infrastructure, multiple applications may require the same data type

(e.g., temperature, image, or video) to be collected from the same monitoring

point in the monitored area. For instance, there may be two applications, one of

which measures the average speed of vehicles between two points, and the other

monitors the traffic density at the same points at certain times during the day by

capturing their image. The data collection frequency of these two applications

may not be equal to each other, i.e., measuring average speed requires more fre-

quent data collection than monitoring traffic density; however, both applications

require the same type of data. For such cases, we propose monitoring point based

shared data approach, which enables sensing and transmitting data only once for

multiple applications registered to sense the same monitoring point. Even though

the processing requirement will not change, the network will have more sensing

and communication resources available to place and schedule more applications

simultaneously. This will help increase the number of applications placed in the

network simultaneously and reduce both the total execution time of a set of appli-

cations and the waiting time of the newly arriving applications. The differences

between shareable and unshareable approaches are summarized in Table 1.1.

To illustrate the benefits of the shareable approach, we consider the following

example scenario. Let us consider a sensor network consisting of sensor nodes and

base stations. Assume that there are multiple applications requiring a specific

monitoring point to be sensed and that the monitoring point is in the sensing

range of a single specific sensor node. Assume also that the sensor node can con-

nect to just one particular base station with enough processing capacity. With

the shareable approach, we can place many applications whose sensing require-

ments are at most the sensing capacity of the sensor node. However, with the

unshareable approach, each placed application consumes additional sensing re-

sources of the sensing node; therefore, we cannot place many applications. For

instance, suppose that the sensor node has a sensing rate capacity of 400 kbps,

3



Table 1.1: Comparison of shareable and unshareable approaches

Shareable Approach Unshareable Approach

Sensing

Required resources for
each monitoring point
are less compared to
unshareable since

sensing requirement of
each monitoring point is the

maximum of individual
requests of applications.

Required resources for
each monitoring point are
more since the sensing
requirement of each
monitoring point is

the sum of individual requests
of applications.

Transmission

Since less data are sensed
by sensor nodes, amount

of transmitted data
is also less.

Since more data are sensed,
amount of transmitted data

is more compared to
shareable approach.

Benefit

Less resources are used
for the same applications.
More available resources
for applications yet to

be deployed.

More resources are used for
the same applications. Less

available resources for
applications yet to be

deployed.
Less energy spent for

the deployed applications.
More energy spent for

the deployed applications.

and there are four applications with the sensing requirements of 300 kbps, 100

kbps, 150 kbps, and 200 kbps. With the shareable approach, all four applications

can be placed on the network since the used sensing rate would be 300 kbps which

is less than the capacity of the sensor node. However, with the unshareable ap-

proach, at most two applications can be placed on the network, considering the

capacity of the sensor node. Therefore, with the shareable approach, a WSN

can support many more applications with the same amount of resources. More-

over, the average energy spent per application would be less than the unshareable

approach.

In this dissertation, we make the following contributions:

• A monitoring point-based shared data approach: Data sensed from a mon-

itoring point can be shared by multiple applications, and our methods con-

sider this whenever possible. Each application indicates its required sensing

rate for a monitoring point, and our scheme multiplexes and satisfies these

requests using a single stream of data sensed from the monitoring point.

This way, we reduce the sensing and communication resources used per

application without violating sensing requirements.
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• Network structure: We focus on sensor networks with limited bandwidth

and computational resources at the edge. Data are sensed from monitoring

points by sensor nodes and sent to base stations (or cluster-heads) to be

processed and/or conveyed further towards one or more data centers. We

assume that the network among base stations and sinks is a high-speed

network. Hence, we are concerned with the efficient use of the limited

bandwidth available between sensor nodes and base stations.

• Two algorithms for application placement problem in wireless sensor net-

works. The first one is a greedy algorithm which is a version of the Worst

Fit approach. The other one is GABAP, which is a genetic algorithm-based

solution for the placement problem. GABAP aims to increase the number

of placed applications at the same time by selecting the applications to be

admitted and assigning monitoring points to sensor nodes and base stations

in a close-to-optimal way. GABAP can also migrate monitoring points from

their assigned sensor nodes and base stations to other ones.

• Four algorithms for application scheduling problem in wireless sensor net-

works. We have three greedy algorithms, LMPF, LMSF, and LTSF, each

of which considers different criteria for ordering applications to admit. The

last algorithm we propose is GABAS, a novel genetic algorithm that decides

which sensor nodes and base stations will be used to sense and process data

from the monitoring points requested by the application while admitting

and scheduling the applications.

• A linear programming framework for both the application placement and

application scheduling problems for small networks. This framework enables

us to compare our GABAP and GABAS algorithms against the optimal

solution.

• Extensive simulation experiments where we compare our proposed algo-

rithms with the other methods from the literature in terms of various met-

rics.
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1.2 Outline

The rest of the dissertation is organized as follows. In Chapter 2, we describe the

resource allocation and task scheduling studies that are present in the literature.

In Chapter 3, we give basic information about wireless sensor networks, genetic

algorithms, and greedy algorithms. In Chapter 4, we detail the application place-

ment problem and our approaches to solve it. In Chapter 5, the application

scheduling problem is presented, and we give information about our proposed

algorithms for this problem. In Chapter 6, we describe our simulation experi-

ments and present the results of the experiments. In Chapter 7, we conclude the

dissertation.
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Chapter 2

Related Work

Optimization of computer networks is a very broad study area in the computer

science field. In this chapter, we present the related work in the literature. Previ-

ous studies have different optimization objectives, such as increasing efficiency of

resource allocation and scheduling, load balancing, increasing the coverage area

of the network, and so on.

2.1 Resource Allocation

Resource allocation is the process of the assignment of available resources to

various types of applications, tasks, jobs, or services. The assignment of the

resources should be optimized to increase the availability and reliability of the

network and reduce the energy consumption in the network.

Wei et al. [15] describe NSGA-II which is a genetic algorithm-based approach

for solving the resource allocation problem in vehicular cloud computing. They

apply a dynamic crossover probability and a dynamic mutation probability to

improve the individuals of the population. NSGA-II aims to minimize the cost

for the cloud owner and increase the acceptance rate for tasks. Ali et al. [16]

propose a supervised deep learning-based approach to develop resource allocation
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techniques in multi-tier networks. Chen et al. [17] present a two-level framework

based on Q-learning and sequential quadratic programming. Their framework

aims to reduce the cost caused by energy consumption and running delay of

the tasks in cloud-edge heterogeneous networks. Subhash and Udayakumar [18]

propose a sunflower whale optimization algorithm to increase the utilization of

resources in a cloud system. Xia et al. [19] detail a method based on both ant

colony optimization and genetic algorithm for resource allocation in edge clouds.

Their method decreases latency and improves resource utilization.

Resource allocation in wireless sensor networks (WSNs) is also a topic that is

studied extensively. In [20], Raee et al. assign tasks to sensor nodes in a way

that energy consumption is minimized by using Integer Linear Programming.

They compare their solution with a traditional WSN which is a non-virtualized

network. Ojha et al. [21] describe a scheme for dynamic IoT applications to

preserve energy efficiency in a cloud system. They model the interaction between

cloud owners and sensor owners as a Stackelberg game. Lemos et al. [22] propose

an Ant Colony Optimization method to handle virtual sensor provisioning in

WSNs. Their algorithm selects an optimal set of sensor nodes to respond to user

demands while withholding energy consumption in the whole network. Delgado

et al. [9] use mathematical programming to solve both application admission

and network slicing problems in WSNs. They evaluate their method on realistic

WSN infrastructures. The same authors expand their work to handle dynamic

application admission in shared sensor networks in [23].

SenShare [24] is a platform that addresses the technical difficulties of trans-

forming a physical sensor network into an infrastructure that supports multiple

applications. In [25], Bhattacharya et al. present UMADE which is an applica-

tion deployment system that allocates applications to sensor nodes by considering

their Quality-of-Monitoring (QoM). Therefore, they aim to increase overall QoM

in the whole network within resource constraints. The two QoM attributes they

use are variance reduction and detection probability. Ajmal et al. [26] propose an

admission control algorithm for WSNs to which applications are deployed for a

certain time interval. Their method tries to minimize the total execution time of

applications. Moreover, they also assess the feasibility of their scheduling based
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on co-arrived applications. Cionca et al. [27] propose Judishare, a framework

that enables the reuse of sensing and communication resources in shared sensor

networks. In [28], Bousnina et al. focus on the resource allocation problem in a

virtual sensor network that has sensor nodes with various amounts of resources.

They propose a greedy approach to solve the problem. This greedy method is

faster than the methods which optimally solve the same problem, however, un-

derperforms compared to them.

Tynan et al. [29] propose a Multi-Agent System architecture that deals with

embedding virtual sensor networks on a WSN. They use hibernation of idle re-

sources to reduce power consumption. Xu et al. [30] present a local search algo-

rithm for application allocation in shared sensor networks. They aim to maxi-

mize QoM by considering resource constraints such as memory and bandwidth.

They compare their method with simulated annealing by using both real-world

datasets and simulated networks that are randomly generated. Li et al. [31] pro-

pose a framework that considers the load condition of every node in a wireless

network and initiates a re-embedding operation if necessary. In [32], Abreu et al.

describe a QoS-based application admission for WSNs for the biomedical domain.

Instead of applications, their proposed work decides when to admit a new sensor

node on the network. In [33], Rahmati et al. present a load balancing algorithm

for efficient routing in WSNs. They consider energy consumption and resource

allocation and show that a uniform distribution of WSN load leads to the most

efficient routing.

Our work described in Chapter 4 of this dissertation is different from the above

studies as follows. We propose GABAP, which is a novel genetic algorithm that

decides which sensor node will collect data from each monitoring point, which

base station will process the collected data of each monitoring point, and change

the sensor node and base station assignments of a monitoring point if necessary.

Moreover, GABAP also determines which applications should be admitted to the

network.
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2.2 Task Scheduling

Scheduling problem exhibits itself in all types of computer systems and networks,

where resources are limited and there are tasks, applications, or services that need

to time-share those resources. The resources can be the processors of a computer,

the sensing, and communication units of a wireless sensor network, the physical

servers, and switches of a cloud data center, or the edge computing nodes of a

fog network.

There are many scheduling algorithms proposed in the literature for processor

and cloud scheduling. Abualigah et al. [34] propose MALO, a multi-objective

ant-lion optimization algorithm to solve the task scheduling problem in cloud

computing environments. It aims to minimize makespan and maximize the uti-

lization of cloud resources. Shukri et al. [35] present an enhanced version of

Multi-verse Optimizer (MVO) [36]. They compare their proposed method with

MVO and a Particle Swarm Optimization algorithm and show that Enhanced

MVO has better performance in terms of resource utilization and makespan. Vel-

liangiri et al. [37] describe an electro search and genetic algorithm hybrid method

that combines the advantages of both algorithms for task scheduling in the cloud.

They consider load balancing, makespan, resource utilization, and cost as com-

parison metrics. Sulaiman et al. [38] present a hybrid heuristic that deals with

task scheduling in heterogeneous computing environments. They compare their

method with four other methods in terms of average makespan, average running

time, and average schedule length ratio.

Alboaneen et al. [39] deal with joint optimization of task scheduling and virtual

machine placement in cloud data centers. They propose a metaheuristic optimiza-

tion algorithm to solve the aforementioned problem. They compare their method

with three other evolutionary algorithms and show that it produces better results

in terms of execution cost, makespan, and resource utilization. Zhou et al. [40]

describe a genetic algorithm-based method called MGGS which is combined with

a greedy strategy to attack task scheduling problems in cloud systems. MGGS is

compared with several existing algorithms in terms of QoS parameters, average
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response time, and total completion time. Yang et al. [41] propose a task schedul-

ing algorithm that considers game theory for cloud environments. The algorithm

aims to reduce energy consumption. Chen et al. [42] detail a whale optimization

algorithm for task scheduling in the cloud. The proposed algorithm has a better

performance compared to metaheuristic algorithms like Ant Colony and Particle

Swarm Optimization in terms of resource utilization.

Chhabra et al. [43] present MOHSCFA which is a hybrid of cuckoo search and

firefly algorithm to overcome offline parallel job scheduling in a high-performance

computing grid. Their proposed algorithm aims to reduce makespan, energy con-

sumption, and average flow time. Padhy and Chou [44] deal with the scheduling

problem in virtualized data centers. They propose a genetic algorithm-based

scheduling method to minimize virtual machine migrations. Mansouri et al. [45]

describe a cost-based job scheduling algorithm that aims to reduce the response

time of both data-intensive and computation-intensive jobs in cloud data cen-

ters. Li et al. [46] present a job scheduling algorithm to achieve cloud resource

utilization.

There are also studies on scheduling in WSNs, IoT, fog, and edge computing.

Fog and edge computing are usually integrated with WSNs in IoT systems. Porta

et al. [47] propose EN-MASSE, a framework that deals with dynamic mission

assignment for WSNs whose sensor nodes have energy harvesting capabilities. It

is an integer programming method that assigns missions to sensor nodes and aims

to minimize the total run-time of the missions. Uchiteleva et al. [48] describe a

resource scheduling algorithm for WSNs. The proposed scheduling algorithm is

a resource management solution for isolated profiles in WSNs, and the authors

compare their algorithm with Round Robin and Proportionally Fair scheduling

algorithms. Wei et al. [49] present a Q-learning algorithm called ISVM-Q for

task scheduling in WSNs. It optimizes application performance and total energy

consumption. De Frias et al. [50] propose an application scheduling algorithm

for shared actuator and sensor networks. Their algorithm aims to reduce energy

consumption in the network. Edalat and Motani [51] propose a method for task

scheduling and task mapping in a WSN consisting of sensor nodes with energy

harvesting capabilities. They consider task priority and energy harvesting to
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increase fairness.

Liu et al. [52] propose Horae, a task scheduler for mobile edge computing.

The scheduler aims to improve resource utilization in the MEC environment as

well as select the edge server that satisfies placement constraints for each task.

Javanmardi et al. [53] present FUPE, a security-aware task scheduler for IoT

fog networks. It is a fuzzy-based multi-objective Particle Swarm Optimization

algorithm, and the authors show that it has better performance than the other

compared algorithms in terms of average response time and network utilization.

Li and Han [54] describe an artificial bee colony algorithm (ABC) for task schedul-

ing in the cloud. The proposed ABC algorithm is compared against several works

from the literature. The evaluation metrics they consider are makespan, max-

imum device workload, and total device workload. D’Amico and Gonzalez [55]

propose EAMC, which is a multi-cluster scheduling policy. It predicts the en-

ergy consumption of jobs and aims to reduce makespan, response time, and total

energy consumption. Singhal and Sharma [56] present a Rock Hyrax Optimiza-

tion algorithm to schedule jobs in heterogeneous cloud systems. They consider

evaluation metrics like makespan and energy consumption.

Choudhari et al. [57] propose a priority-based task scheduling algorithm for

fog computing systems. Their algorithm first assigns an arriving request to the

closest fog server, and within that fog server, it places the task into a priority

queue. Xu et al. [58] apply online convex optimization techniques to schedule

arriving jobs with multi-dimensional requirements in heterogeneous computing

clusters. Psychasand and Ghaderi [59] describe algorithms based on Best Fit and

Universal Partitioning to schedule jobs with various resource demands. Fang et

al. [60] aim to reduce total job completion time in edge computing systems. They

propose an approximation algorithm for both offline and online scheduling. Arri

and Singh [61] describe an artificial bee colony algorithm that also makes use of

an artificial neural network for job scheduling in fog servers.

Unlike previous works in the literature, we propose a novel genetic algorithm,

GABAS, in Chapter 5 of this dissertation which assigns monitoring points to

sensor nodes and base stations, and determines the admission order of the waiting
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applications to minimize the makespan. Moreover, we also present three greedy

algorithms, LMPF, LMSF and LTSF, each of which has different criteria while

scheduling the applications.

In this dissertation, the works presented in Chapters 4 and 5 make use of the

monitoring point based shared-data approach we propose. With this approach,

sensor nodes do not need to collect different data for each application from a

single monitoring point. This strategy allows wireless sensor networks to support

more applications simultaneously.
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Chapter 3

Background

In this chapter, we give brief information on wireless sensor networks, genetic

algorithms, and greedy algorithms.

3.1 Wireless Sensor Networks

Sensors are devices that detect changes or events in the area they cover and send

the collected data to other electronic devices. The use of sensors is expanded be-

yond the traditional fields such as temperature, flow measurement, and pressure,

thanks to advances in micro-controller platforms and micro-machinery [62]. Ac-

tuators are mechanical devices that monitor the power of the sensor node, move

the sensor or adjust the settings of the sensor [63].

Wireless sensor networks (WSNs) are a group of spatially dispersed sensors

and actuators within a wireless communication infrastructure that aim to monitor

environmental and physical conditions at various locations and send the gathered

data to the central locations for storage, viewing, and analysis [64]. A sample

network model is provided in Figure 3.1. WSNs can consist of several hundreds

of nodes and each node can connect to numerous others. These nodes carry

out the following tasks in the network: sensing, relaying, processing the data, or
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exchanging the data with another network [65]. Sensor nodes are the elements

that sense the data, whereas the nodes that relay the data are called routers. Base

stations or sink nodes are the nodes that are used for processing and exchanging

data.

Figure 3.1: Network model

Sensor nodes in a WSN should be lightweight and portable. Each sensor node

generally has a power source, a transducer, and a transceiver. The power source

can be either an attached battery or an energy-harvesting solar panel, where it

is applicable. The transducer is the component that generates electrical signals

based on sensed phenomena. The transceiver is used for transmitting the data

to a central controller (a base station) and receiving commands from it [66].

Base stations are the WSN elements that have more processing power and

larger memory compared to sensor nodes. Moreover, they are connected to the

15



power grid, which means they have a healthier power source than sensor nodes.

Therefore, the data collected by sensor nodes are conveyed to base stations. Then,

base stations can process the data or forward them to other networks or end

users [66].

The application domain of wireless sensor networks is vast. Some examples it

includes are Internet-of-Things [67], traffic monitoring [68], environmental moni-

toring [69], natural disaster prevention [70], fire detection [71], smart homes [72],

air quality monitoring [73] and landslide detection [74].

There are several architectures in which WSNs can be designed [75]. Some

examples are as follows:

• Point-to-Point Topology : This topology contains a long-range and high-

capacity wireless link between two sensor nodes. A single communication

channel between nodes is a secure communication path. However, if it fails,

the whole communication will be cut down [76].

• Star Network : Every sensor node is connected to a centralized communi-

cation hub. Therefore, there is no direct communication between sensor

nodes. All communication is realized through the central unit. Any failure

in the central hub results in the failure of the entire network [75].

• Tree Topology : Nodes in a WSN are connected in a hierarchical way. Col-

lected data is transmitted from the child node to the parent node [77].

• Mesh Networks : Each node can communicate directly with any other node.

This is the most reliable network structure, as a single-point failure does not

affect other nodes. However, networks having this topology are not power-

efficient, while a WSN must be designed in an energy-aware way [76].

There are different types of WSNs depending on the environment they are

deployed or the data type they are sensing [63]. Some major WSN types are as

follows:
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• Terrestrial WSN : A WSN consists of hundreds or thousands of sensor nodes

that are deployed on land. Since the sensor nodes are above ground, solar

panels harvesting energy can be used as a secondary power source. Sensor

nodes are placed more densely compared to underwater and underground

WSNs [75].

• Underwater WSN : A WSN consists of several sensor nodes that are placed

underwater. In this type of WSN, sensor nodes are more expensive since

they must be water-resistant. Sensor nodes are deployed more sparsely

than terrestrial WSNs. The transmission of data is realized via acoustic

waves [78].

• Underground WSN : A WSN consists of sensor nodes that are placed un-

derground. Underground WSNs are generally deployed in mines or caves

to monitor the conditions in those environments [79].

• Mobile WSN : Unlike traditional WSNs, the sensor nodes of a mobile WSN

(MWSN) have the ability to move. Therefore, MWSNs are more adaptable

to any topology changes in the area, which makes MWSNs more flexible [80].

• Multimedia WSN : A WSN whose sensor nodes are equipped with micro-

phones and cameras to collect data in image, video, or audio form. There-

fore, this WSN type requires more resources and advanced compression and

transmission techniques [81].

3.2 Genetic Algorithms

Genetic algorithms are a type of search meta-heuristics that mimics the natural

selection process of evolution in real life. They are developed to find close-to-

optimum solutions for complex optimization problems.

Genetic algorithms were invented in the early 1970s by John Henry Holland

and his students at the University of Michigan [82]. Holland’s initial aim was to
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investigate what an adaptation of natural selection could achieve instead of devel-

oping new algorithms for new problems. In his book titled Adaptation in Natural

and Artificial Systems, Holland describes genetic algorithms as an abstraction of

biological evolution.

Genetic algorithms are useful for optimization problems with larger search

spaces. In the search space of the given problem, a genetic algorithm looks for

better solutions rather than scanning all of the search space.

A genetic algorithm is defined by the following:

• a genetic representation of solutions,

• a fitness function,

• operations to create new individuals (selection, crossover, and mutation),

and

• a termination condition.

The genetic representation of an individual is the actual solution the individual

offers. It is usually an array of bits; however, any data structure can be used to

represent the solutions. Any feature of the selected representation is the same for

each individual in the population. Therefore, any operation (crossover, mutation)

on this representation can be realized easily.

The fitness function is the figure of merit that determines how close a solution

is to the optimal one. The output of the fitness function is the fitness score of the

given individual. The genetic representation of the individual with the highest

fitness score is the optimum solution in the population to the given problem.

In genetic algorithms, selection, crossover, and mutation functions are used to

create the individuals of the next generation. The selection operation determines

which individuals will be paired up for the crossover operation. There are var-

ious types of selection operations, such as roulette wheel selection, tournament
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selection, and rank selection. Selection operation should be carefully designed to

increase genetic diversity in the population to avoid a local maximum. Crossover

operation is the creation of the individuals of the next population. The genetic

representation of the new individuals is determined according to their parents’

genes. In the crossover operation, for each gene, there is a probability for each

parent to pass its gene. While designing the crossover operation, one of the par-

ents can be favored, or they can have an equal chance to pass their genes to the

offspring. After the crossover operation, the newly created individual is exposed

to the mutation operation. Mutation operation somehow changes the individ-

ual’s genes with a very small probability. This operation is realized to include

randomness to the genes of the individual to avoid local maximums.

The output of crossover and mutation operations may violate the constraints

of the problem. These violations are prevented by checks during the operations,

fixed after the operations are done, or punished heavily in the fitness function.

The termination condition of the algorithm determines when the genetic algo-

rithm finishes. Reaching a certain number of generations or not having a signifi-

cant improvement in the fitness score of the best individual are two examples of

termination conditions.

At the beginning of a genetic algorithm, an initial population (Generation 0)

is created. This creation is generally realized by randomly assigning values to

the genes of the individuals in the population. After the population is created,

the fitness scores of the individuals are calculated. Then, selection and crossover

operations are realized to create the individuals of the next generation. Mutation

operation is applied to newly created individuals, and fitness scores of the indi-

viduals of the new generation are calculated. These operations are repeated until

the termination condition is satisfied. The flow of the operations is visualized in

Figure 3.2.

Genetic algorithms are widely used in the literature for various optimization

problems from different research fields. Computer networks are one of the major

areas they are used. Predicting TCP throughput [83], cache placement [84], polar
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Figure 3.2: Flowchart of genetic algorithms

code design [85], topological design [86, 87], load balancing [88] and broadcast

scheduling [89] are some topics in computer networks that can be solved by genetic

algorithms.

In image processing, there are studies that make use of genetic algorithms.

Image segmentation [90], image enhancement [91] and image restoration [92] are

some example topics where genetic algorithms are used. In video processing,

they are used in video segmentation [93], gesture recognition [94] and face recog-

nition [95].

In materials science, example use of genetic algorithms are polymer design [96],

material structure design [97], hardness prediction of high-entropy alloys [98] and

structure interface prediction [99]. In operations management, they can be used

to solve facility layout problem [100], job-shop scheduling [101], supply chain

network design [102] and forecasting [103].
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3.3 Greedy Algorithms

A greedy algorithm is a method to solve a given problem that selects the best

possible option based on the current situation [104]. Obviously, this approach

does not guarantee and usually does not achieve the overall optimum solution

for the problem. However, greedy algorithms are pretty quick compared to other

optimization approaches, such as genetic algorithms and dynamic programming,

in obtaining a solution which is useful in cases where fast decisions are required.

Another advantage of greedy algorithms is that they are easy to design and im-

plement [105].

There is a diverse set of problems to that greedy algorithms can be applied.

Best Fit for bin packing problems, Shortest-Job-First for job scheduling, and

Prim’s Algorithm for finding minimum spanning tree in graphs are some examples

of well-known greedy algorithms.

There exists a variety of works in the literature that makes use of greedy

approaches. Community detection [106], flow-shop scheduling [107, 108] and

anomaly detection in networks [109] are some example problems that can be

solved by greedy algorithms.
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Chapter 4

Application Placement in

Wireless Sensor Networks

In this chapter,1 we explain the application placement problem in wireless sen-

sor networks. We first describe the problem statement, and then present our

algorithms to solve the problem.

4.1 Problem Statement

We consider a wireless sensor network (WSN) that is shared by multiple ap-

plications and owned by a single sensor network infrastructure provider. Our

WSN model consists of sensor nodes with equal sensing rates, sensing ranges and

energy budget, base stations with equal processing capacities, and connections

between those sensors and base stations with equal bandwidth capacity. A sen-

sor can gather data from the monitoring points within its sensing range and it is

connected to the base stations within its communication range.

1This chapter is based on the work [110]; Mustafa Can Çavdar, Ibrahim Korpeoglu,
and Özgür Ulusoy, 2022. ”Application placement with shared monitoring points in
multi-purpose IoT wireless sensor networks.” Computer Networks, vol. 217. DOI:
https://doi.org/10.1016/j.comnet.2022.109302.
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Table 4.1: Parameters used in the placement problem statement.

S set of sensor nodes

B set of base stations

C set of connections

A set of applications

M set of monitoring points

Sk set of sensor nodes covering monitoring point k

Mj set of monitoring points required by application j

Mil

set of monitoring points whose data is transferred from

sensor node i to base station l

zj binary variable indicating whether application j is deployed

xk binary variable indicating whether monitoring point k is sensed

xik

binary variable indicating whether sensor node i

is actively sensing monitoring point k

xilm

constant indicating whether sensor node i is

connected to base station l through connection m

xjk

binary variable indicating monitoring point requirement

of application j for monitoring point k is satisfied

rjk sensing rate requirement by application j at monitoring point k

rk sensing rate requirement of monitoring point k

uk

sum of sensing rate requirements of

applications for monitoring point k

Ri sensing rate capacity of sensor node i

Es energy budget for each sensor node

Pl processing capacity of base station l

Cm bandwidth capacity of connection m

R′
i used sensing resource of sensor node i

P ′
l used processing resource of base station l

C ′
m used bandwidth of connection m

TC transmission coefficient

PC processing coefficient
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We aim to maximize the number of applications that are successfully deployed.

We can formally express this problem as follows:

∑
j∈A

zj (4.1)

is maximized subject to

zj =
∏
k∈Mj

xjk ∀j ∈ A (4.2)

xjk ≤ xk ∀k ∈M (4.3)

Eq. 4.2 shows that to place an application, all the monitoring point require-

ments of the application must be satisfied. Requirements of a monitoring point

can be satisfied if the monitoring point is sensed by a sensor node as shown in

Eq. 4.3.

xk =
∑
i∈Sk

xik ≤ 1 ∀k ∈M (4.4)

rk = max(rjk × xjk) ∀k ∈M (4.5)

uk =
∑
j∈A

(rjk × xjk) ∀k ∈M (4.6)

A monitoring point is sensed by at most one sensor node as shown in Eq. 4.4.

This assumption is derived from [9]. With Eqs. 4.5 and 4.6, we indicate the

calculation of the required sensing rate by a monitoring point for shared and

unshared cases, respectively.
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∑
k∈M

xikrk ≤ Ri ∀i ∈ S (4.7)

∑
k∈M

xikuk ≤ Ri ∀i ∈ S (4.8)

Eqs. 4.7 and 4.8 are the sensing constraints for shareable and unshareable ap-

proaches, respectively. The sensing constraint indicates that the sensing capacity

of a sensor node must be at least large enough to meet the sensing requirements

of monitoring points it actively senses.

∑
k∈Mil

rkTC ≤
∑
m∈C

xilmCm ∀i ∈ S,∀l ∈ B (4.9)

∑
k∈Mil

ukTC ≤
∑
m∈C

xilmCm ∀i ∈ S,∀l ∈ B (4.10)

For the shareable approach, our connection constraint is shown in Eq. 4.9.

Eq. 4.10 is the connection constraint of unshareable approach. We have a Trans-

mission Coefficient whose value is between zero and one because we assume that

the data collected at sensor nodes can be compressed before they are sent to a

base station to be processed. The connection constraint specifies that a connec-

tion should have enough bandwidth to transfer the data from the sensor node to

the base station it connects.

∑
i∈S

∑
k∈Mil

ukPC ≤ Pl ∀l ∈ B (4.11)

Eq. 4.11 is the processing constraint. We use a Processing Coefficient since

some data sent to base stations may be noise and they do not need to be processed.

With the processing constraint, we enforce that the total processing requirement

of monitoring point data sent to a base station must not exceed the base station’s

processing capacity.
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A monitoring point’s requirement is calculated by considering only placed ap-

plications. If our algorithm does not admit an application to the network, the

requirements of that application are ignored in calculating the requirement of the

monitoring point. We assume that the applications arrive at the network dy-

namically, in batches or one by one. Therefore, there exist both initially known

applications that are already placed and new applications that are yet to be

deployed.

4.1.1 Energy Constraint

The following equations are to calculate the energy spent by the sensor nodes

and base stations in the network. The total energy spent in the edge network is

the sum of energy spent by each sensor node and base station.

Et
il = xilmC

′
m ∗ (β1 + β2 ∗ d4il) ∀i ∈ S,∀l ∈ B (4.12)

Es
i = ρ ∗R′

i ∀i ∈ S (4.13)

Ei =
∑
l∈B

(Et
il) + Es

i + Eact + Emig ∗Ni ∀i ∈ S (4.14)

Eq. 4.12 is the calculation of energy that is spent by data transmission by a

sensor node i to a base station l. Eq. 4.13 describes the calculation of energy

cost for sensing data. For each sensor node, the sum of transmission energy cost

to all connected base stations, sensing energy cost, activation cost, and the cost

of migration to the sensor node is equal to the total energy spent by the sensor

node which is shown in Eq. 4.14. β1 = 50 nJ/bit, β2 = 0.0013 pJ/bit m4, ρ =

0.5 nJ/bit. These values and the formulas are derived from [111]. Eact is the

activation energy for sensor nodes and base stations. Emig is the migration cost.

Both Eact and Emig are equal to 10 J [9].
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Er
il = β1 ∗ xilmC

′
m ∀i ∈ S,∀l ∈ B (4.15)

Ep
l = γ ∗ P ′

l ∀l ∈ B (4.16)

El =
∑
i∈S

(Er
il) + Ep

l + Eact ∀l ∈ B (4.17)

Eq. 4.15 is to calculate the energy dissipation for the reception of the transmit-

ted data to the base stations. Eq. 4.16 is to calculate the energy cost of processing

received data at the base stations. Total energy spent by a single base station

is the sum of total energy spent for the reception of the data, processing of the

data, and the activation cost. It is shown in Eq. 4.17. γ = 5 nJ/bit. The value

of γ and the formulas are derived from [111].

Ei ≤ Es, ∀i ∈ S. (4.18)

Eq. 4.18 shows the only energy constraint in our model. It indicates that the

energy spent by each sensor node cannot exceed its energy budget. In our model,

we do not have any energy constraints for base stations, since we assume that

base stations can be plugged into the grid, as in [9].

4.2 Hardness of Application Placement

The application placement problem which is described above is a resource allo-

cation problem. Here, to prove that the aforementioned problem is NP-hard, we

reduce the 3-SAT problem which is a well-known NP-hard problem [112], to the

application placement problem.
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4.2.1 3-SAT

Boolean satisfiability problem (SAT) is the problem of determining whether there

is an interpretation that satisfies a given Boolean formula. In, 3-satisfiability (3-

SAT), the formula consists of clauses each having exactly three literals. For

instance, ϕ = C1∧C2∧· · ·∧Cn and ci = xa∨xb∨xc where a, b, c ∈ N is in 3-SAT

form.

4.2.2 Reduction to Application Placement

For each monitoring point request, we need to find a sensor to gather data from the

monitoring point and a base station to process the gathered data. The Boolean

formula ϕ we use for reduction consists of three literals. Let ϕ = C1 ∧ C2 ∧ C3.

If C1 and C2 have common attributes with non-contradictory values, we say that

the monitoring point is in the sensing range of the sensor with enough available

sensing resources. Similarly, if C2 and C3 have common attributes with non-

contradictory values, the sensor and the base station with enough processing

power have a connection with enough bandwidth. Therefore, if we can find a

feasible solution for ϕ, then we can sense that monitoring point. For instance,

let ϕ = (x1 ∨ x2 ∨ x4) ∧ (x2 ∨ x3 ∨ x4) ∧ (x1 ∨ x2 ∨ x5). We can reduce it as in

Figure 4.1. Common literals of C1 and C2 are x2 and x4 and the only common

literal of C2 and C3 is x2. With x1 = false, x2 = false, x3 = true, x4 = true

and x5 = true, ϕ is feasible and we can find a suitable sensor and a suitable base

station for the monitoring point.
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Figure 4.1: 3-SAT reduction to Application Placement.

4.3 Genetic Algorithm Based Application Place-

ment (GABAP)

4.3.1 Chromosome Structure

Each individual has three genes: Sensor genes, Base station genes, and Applica-

tion genes. All three genes are integer lists. The sizes of Sensor genes and Base

station genes are equal to the number of the monitoring points available in the

network. These two genes represent which sensor node and base station will be

used for each monitoring point. The size of Application genes is equal to the

number of arriving applications. The elements of this list can be either 0 or 1

and represent whether applications must be admitted to the network.
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4.3.2 Initial Population Creation

In genetic algorithms, each individual of a generation is created by crossover

operations whose parameters are individuals from the previous generation. Since

there is not any generation before the initial population (Generation 0), we need

to create individuals of this generation randomly.

Since Application Genes of an individual determines whether the application

should be admitted, each application gene of an individual from the initial pop-

ulation is determined with a 50% probability. It is either 0 or 1.

Sensor Genes and Base Station Genes of the initial population are determined

together. For each monitoring point that is requested by at least one application

from the current batch, we first determine a sensor gene. It is randomly deter-

mined among the sensor nodes whose sensing range covers the monitoring point.

Each possible sensor node has an equal probability. After the sensor gene is deter-

mined, we randomly select a base station among the ones the chosen sensor node

has a connection to. Again, each possible base station has an equal chance to be

selected. For monitoring points that are not requested by any application, we do

not determine a sensor gene or base station gene to avoid unnecessary migrations

in the current or future batch of applications. Sensor and base station genes for

monitoring points that are not requested are set to -1.

4.3.3 Fitness Calculation

Our fitness calculation is designed to measure how close an Individual (a candi-

date solution to the problem) is to the optimum solution. The value obtained

from the calculation is called the individual’s fitness score. Equation 4.19 shows

the fitness calculation of GABAP.

fitness = PAC − α×MC − β × (WAPS +WMS) (4.19)
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Placed Application Count (PAC) is the number of applications that can be

placed into the network. For each application j with ApplicationGene(j)=1, we

check whether all of its requirements can be met without violating network con-

straints. If we cannot place application j, then we increase Wrong Application

Placement Suggestion (WAPS) by one.

Our algorithm can also migrate a monitoring point from one sensor node and

base station to another pair which is explained in Section 4.3.7. If a monitoring

point has an already assigned sensor node and an already assigned base station,

and the genes of the individual suggest a different sensor node or a different base

station, we say that the individual suggests a migration. If a monitoring point

whose migration is suggested is required by a successfully placed application, then

we increase Migration Count (MC) by one. However, if the migration violates

the network constraints, then we increase Wrong Migration Suggestion (WMS)

by one.

Values of α and β have a direct effect on the fitness score. A migration opera-

tion may be helpful to place a larger number of applications, however, it is not a

free operation. If an application can be placed both with and without migration,

we favor placing it without migration because of the cost. Nevertheless, placing

an application with migration is preferable to not placing the application at all.

Therefore, the value of α is in the interval of (0,1). The sum WAPS + WMS

indicates the number of times that the genes of the individual violate the con-

straints of our network. Since violating the network constraints is undesired, β

has a value that is big enough to ensure that not attempting to place any appli-

cations at all is a better outcome than having network constraint violations. In

our experiments, we observe that α = 0.1 has the best value for the application

placement and migration trade-off. For β, 1000 is a value that is large enough

to prevent violations. A feasible solution for the network means a non-negative

fitness score for the individual.
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4.3.4 Selection Operation

We use the tournament selection method to find an individual for each individual

in the population to pair up for the crossover operation. Tournament selection

has its own population (i.e., the tournament population) which includes a subset

of individuals that are randomly chosen from the general population. It outputs

the individual with the highest fitness score. There is a small possibility of there

may be multiple individuals with the highest fitness score in the tournament

population. In such cases, we randomly select one of them. We repeat this

process for every individual in the general population. We do not use the same

tournament population for each individual which means that for each individual

in the general population, we create a new tournament population. Therefore,

the individuals included in the tournament population are not the same every

time. The size of the tournament population is 5% of the general population

since this amount is small enough to increase the variety and large enough to

have better individuals after the crossover operation.

Algorithm 1 GABAP Selection Operation

Require: The tournament population, Pop

Ensure: an individual chromosome

1: procedure Selection

2: bestScore← 0

3: selectedInd← Null

4: for each Individual x in Pop do

5: newScore← fitness(x)

6: if bestScore ≤ newScore then

7: bestScore← newScore

8: selectedInd← x

9: end if

10: end for

return selectedInd

11: end procedure
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4.3.5 Crossover Operation

Crossover operation is performed to create individuals of the next generation.

Paired-up candidate solutions in the selection operation are used at this stage.

This operation decides which genes are inherited from which parent. The value

of uniformRate determines the probability of selecting genes from either parent.

In our experiments, we choose uniformRate = 0.5 not to favor either parent to

improve diversity. Crossover of Application Genes is realized separately from the

other two. For each application, a randomly selected parent’s gene is inherited.

For each monitoring point that is requested by the applications from the current

batch, according to the generated random value, a parent is chosen and both

Sensor Gene and Base Station Gene are taken from that parent. This operation

guarantees that each sensor gene of the offspring covers the corresponding mon-

itoring point and the base station gene of the corresponding monitoring point is

connected to the sensor node since the offspring inherits these from either parent

and initially we ensure that these constraints are satisfied as explained in Sec-

tion 4.3.2. However, the offspring may violate the constraints related to sensing,

communication, or processing capabilities and if that is the case, the offspring is

punished in terms of fitness score as explained in Section 4.3.3. The operation is

presented in Algorithm 2.
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Algorithm 2 GABAP Crossover Operation

Require: Six chromosomes from two parents: A1, S1, BS1, A2, S2, and BS2

Ensure: The chromosomes of Offspring : Anew, Snew and BSnew

1: procedure Crossover

2: for x = 1 to |A| do

3: r ← Random(0, 1)

4: if r ≤ uniformRate then

5: Anew[x]← A1[x]

6: else

7: Anew[x]← A2[x]

8: end if

9: end for

10: for y = 1 to |M| do

11: r ← Random(0, 1)

12: if r ≤ uniformRate then

13: Snew[y]← S1[y]

14: BSnew[y]← BS1[y]

15: else

16: Snew[y]← S2[y]

17: BSnew[y]← BS2[y]

18: end if

19: end for

return Offspring

20: end procedure

An example GABAP crossover operation is visualized in Figure 4.2. In this

scenario, there are eight monitoring points in the area where the network cov-

ers and four applications arrive at the network. As it can be seen in the figure,

crossover operation of sensor and base station genes are realized together. The

crossover operation of application genes is done independently. In the example,

sensor node and base station assignment of monitoring points #1, #3, #4, and

#5 are inherited from the first parent, whereas the others are inherited from
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the second parent. Similarly, the admission decision of application #0 is inher-

ited from the second parent while the decision for the rest of the applications is

inherited from the first parent.
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Figure 4.2: An example crossover operation in GABAP
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4.3.6 Mutation Operation

Mutation operation is realized after individuals of the new generation are created.

For each individual, we apply the mutation operation with the probability deter-

mined by the mutationRate. It generally has a small value. In our experiments,

the value of mutationRate is 0.05 which means that there is a 5% chance for the

mutation.

For each monitoring point requested by the applications from the current batch

and selected for mutation, our mutation operation selects a random sensor node

and a random base station, and changes the related genes accordingly. This

operation is aware of the network structure. The selected sensor node can cover

the monitoring point and there is an active connection between the selected sensor

node and the selected base station. For a randomly selected application, our

mutation operation flips the value of the corresponding gene of that application.

Mutation on application genes and the mutation on sensor and base station genes

are independent of each other.

The pseudocode of our mutation operation is presented in Algorithm 3. An

example mutation operation is shown in Figure 4.3. Mutation operation of sensor

and base station genes are done together again not to violate network constraints

as in the figure. In the example, mutation operation changes the assigned sensor

node and base station for monitoring points #1 and #7. Moreover, mutation

operation changes the decision for admission of application #2.
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Algorithm 3 GABAP Mutation Operation

Require: Three chromosomes of Individual Ind : Aold, Sold and BSold

Ensure: Three mutated chromosomes of Individual Ind : Anew, Snew and BSnew

1: procedure Mutation

2: r1← Random(0, 1)

3: if r1 ≤ mutationRate then

4: a← Random(0, |A|)
5: Anew[a]← 1− Aold[a]

6: end if

7: for x = 1 to |M| do

8: r2← Random(0, 1)

9: if r2 ≤ mutationRate then

10: i← Random(0, |S|)
11: l← Random(0, |BS|)
12: Snew[x]← Sold[i]

13: BSnew[x]← BSold[l]

14: else

15: Snew[x]← Sold[i]

16: BSnew[x]← BSold[l]

17: end if

18: end for

19: end procedure

4.3.7 The Genetic Algorithm

Our genetic algorithm, GABAP, is described in Algorithm 4. The termination

condition for the algorithm is that either a candidate solution places all available

applications, or no improvement is observed in the best individual’s fitness score

for 3 generations. The population size is 500. Elitism is enabled in the algorithm

meaning that the best individual of a generation passes to the next one.

For each discrete time instant t (which may correspond to a time interval),
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Algorithm 4 The Genetic Algorithm

1: procedure The GABAP generate a population of random individuals,
POP ;

2: while THE TERMINATION CONDITION is not true do
3: for each Individual x in POP do
4: calculate its fitness value f(x)
5: end for
6: for each Individual x in POP do
7: invoke the SELECTION Operation, that is using tournament se-

lection technique (Alg. 1) to select another individual to pair
8: end for
9: for each pair of parents do
10: use CROSSOVER Operation to produce an offspring which is de-

scribed in Alg. 2
11: end for
12: for each offspring do
13: apply MUTATION Operation which is described in Alg. 3
14: end for
15: newBest← the best individual among offsprings
16: if f(newBest) > f(bestIndividual) then
17: bestIndividual ← newBest
18: end if
19: end while

return best individual
20: end procedure

we run our genetic algorithm. We feed the algorithm with applications arriving

at time t. After our algorithm finds a solution, we apply this close-to-optimal

solution to the network, and we continue with time instant t+1. For the sensor

and the base station of each monitoring point we have three cases:

• At time instant t, if a monitoring point is not sensed yet, we set the assigned

sensor and base station of that monitoring point according to the solution

we have by running our algorithm at time t, and mark that monitoring

point as sensed. We update the remaining resources of the corresponding

sensor, base station, and the connection between them.

• At time instant t, if a monitoring point is already sensed and the solution

we have by running our algorithm at time t suggests the same sensor and
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base station, we update the required sense rates of the monitoring point

and the remaining resources of the corresponding sensor, the base station

and the connection between them.

• At time instant t, if a monitoring point is already sensed and the solution

we have by running our algorithm at time t suggests a sensor and/or base

station different from the monitoring point that is already assigned to, we

migrate the monitoring point from the old sensor and base station to the

new sensor and base station. The resources of two sensors, two base stations,

and two connections are updated accordingly.

4.4 Greedy Algorithm

The greedy approach we propose is a modified version of theWorst Fit algorithm.

Therefore, we use the least utilized sensor node or base station to distribute the

load more evenly to have more options available for subsequent requests. At

each time instant t, our algorithm processes arriving applications one by one in

an unordered way. For each application, we check whether all of its monitoring

point requirements are satisfiable. If they are, then we place that application into

our network and update resources accordingly. The satisfiability of a requirement

is checked as follows:

• If the required monitoring point is already sensed, then, we check whether

the resources that the monitoring point uses can meet the extra demands

of the new application. Resources mentioned here are the resources of the

sensor that is already sensing that monitoring point, the base station at

which that point’s data is processed, and the connection between them. If

the new demand can be met, then this requirement is satisfiable. Here, we

do not provide any migration operation as it contradicts the approach of

being greedy.

• If the required monitoring point is not sensed, then we apply the Worst Fit

logic to find a sensor node and a base station to sense the monitoring point
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and process the related data. We search through sensor nodes that have

that point in their sensing range and select the sensor node with the largest

available resource. Then, among the base stations that the sensor node

has a connection to, we select the one with the largest available processing

resource. If the connection between the selected sensor node and the base

station has enough bandwidth, then we assign that monitoring point to

the selected sensor node and base station. If the connection cannot meet

the demand, we skip that base station and consider the next base station

with the largest available resource. If none of the base stations connected

to the selected sensor node satisfies the demand, then we skip this node

and consider the next sensor node with the largest available resource. If

our algorithm cannot find such a sensor node either, then we consider the

requirement unsatisfiable.

4.5 Summary

In this chapter, we first defined the mathematical formulation of our application

placement problem. Then, we showed that the problem is NP-hard by reducing

the 3-SAT problem to it. We also described our proposed algorithms: GABAP

and a greedy one. We first explained the chromosome structure of GABAP,

then, we explained how the initial population is created. Moreover, we defined

our fitness calculation which determines how an individual performs. Then, we

explained how the selection, crossover, and mutation operations are designed. We

concluded the section with the overall genetic algorithm. Lastly, we described how

our greedy algorithm is designed.
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Chapter 5

Application Scheduling in

Wireless Sensor Networks

In this chapter1, we define our application scheduling problem in wireless sensor

networks. First, we mathematically describe the problem. Then, we explain our

proposed algorithms to solve it.

5.1 Problem Statement

The network structure we consider in this problem is the same as the one described

in Section 4.1. In this problem, our major goal is to minimize total run-time

(makespan) of applications requiring the services of a WSN. This optimization

problem can be formalized as follows:

tfmax (5.1)

1This chapter is based on the work [113]; Mustafa Can Çavdar, Ibrahim Korpeoglu,
and Özgür Ulusoy, 2022. ”Application Scheduling with Multiplexed Sensing of Moni-
toring Points in Multi-purpose IoT Wireless Sensor Networks” arXiv: 210.06393, DOI:
https://doi.org/10.48550/arXiv.2210.06393
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Table 5.1: Parameters used in scheduling problem statement

T Set of time instants
tj Time period that application j wants to use the network
t0j Time at which application j is admitted
tfj Time at which application j finishes
tfmax Time the last application finishes

xjt
Binary variable indicating whether application j

is deployed at time t
rkt Sensing rate requirement of monitoring point k at time t

ukt
sum of sensing rate requirements of

applications for monitoring point k at time t

is minimized subject to

tfmax = max(tfj) ∀j ∈ A (5.2)

Some equations in this section are similar to the ones given in Section 4.1.

Parameters in the equations are shown in both Tables 4.1 and 5.1. Eq. 5.2 shows

how total run-time (makespan) is calculated. It is the finish time of the last

application that used the network. We are assuming that the first application is

admitted at time 0.

tfj = t0j + tj ∀j ∈ A (5.3)

xjt =

1, t0j < t ≤ tfj

0, otherwise
∀j ∈ A (5.4)

Eq.5.3 describes how the finish time of each application is determined. Eq.

5.4 is used to determine in which time interval an application is deployed to the

network.

rkt = max(rjk × xjt) ∀j ∈ A,∀t ∈ T,∀k ∈M (5.5)
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ukt =
∑
j∈A

(rjk × xjt) ∀k ∈M,∀t ∈ T (5.6)

Eqs. 5.5 and 5.6 show the calculation of sensing requirements (i.e., required

sensing rates) of monitoring points in shared and unshared cases, respectively.

∑
k∈M

xikrkt ≤ Ri ∀i ∈ S,∀t ∈ T (5.7)

∑
k∈Mil

rktTC ≤
∑
m∈C

xilmCm ∀i ∈ S,∀l ∈ B, ∀t ∈ T (5.8)

∑
i∈S

∑
k∈Mil

uktPC ≤ Pl, ∀l ∈ B, ∀t ∈ T (5.9)

Eqs. 5.7, 5.8, and 5.9 are sensing, transmission and processing constraints for

each time instant, respectively. At each time instant, the total sensing rate re-

quirement of monitoring points sensed by one sensor node must not exceed that

sensor node’s sensing capacity; data amount transmitted per second cannot be

more than the bandwidth of that connection; and the total processed data per

second at one base station should be less than the base station’s processing capac-

ity. TC (transmission coefficient) is a constant used to map a sensing rate value

to a communication rate requirement. Similarly, PC (processing coefficient) is a

constant used to map a sensing rate value to a processing capacity requirement.

5.2 Hardness of Application Scheduling

The application scheduling problem explained above is a variation of the well-

known task scheduling problem. Task scheduling problem is proven to be an

NP-hard problem [112]. To prove that application scheduling is also an NP-hard

problem, we reduce the multiway number partitioning problem to it.
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5.2.1 Multiway Number Partitioning

Multiway number partitioning (MNP) is the problem of partitioning a multi-set

of numbers into k different subsets in a way that sums of numbers in each subset

are as similar as possible. It is a generalized version of the partitioning problem

where k = 2. Partitioning is proven to be NP-hard [112].

5.2.2 Reduction to Application Scheduling

We assume that there are n applications waiting to be deployed. Each appli-

cation requires a single monitoring point to be sensed with unit sensing rate.

Applications need to be deployed to the network for a certain amount of time

which is denoted by tj for application j. There are k sensor nodes and each sensor

node is connected to a single base station. Each sensor node and the base station

have unit sensing and processing capacity, respectively. Any sensor node to base

station connection has unit bandwidth. Both transmission and processing coeffi-

cients are equal to 1. Each monitoring point is required to be sensed by a single

application.

In MNP, we have a set S of n numbers a1, a2, .., an. The set is to be partitioned

into k subsets such that the maximum subset sum is minimized. Transformation

is done as follows:

Each number in the MNP set is the running time requirement of an application.

In other words, aj = tj, where tj is the running time requirement of application j.

Each partition corresponds to a sensor node and base station pair that will take

part in sensing and processing the data of the applications assigned to them. If

aj is in partition i, then the sensing and processing requirement of the application

j for a monitoring point is handled by the sensor node and base station pair i.

The sum of the numbers assigned to a partition represents the amount of time

during which the corresponding sensor node and base station pair will be active;

i.e., sensing and processing for the applications assigned to them. The maximum
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sum, among the sums for all partitions, is equal to the maximum active time

of a sensor node and base station pair, which is equal to the finish time of the

last application. Therefore, minimizing the maximum sum is equal to minimizing

tfmax in application scheduling.

5.3 Genetic Algorithm Based Application Sche-

duling (GABAS)

5.3.1 Chromosome Structure

The chromosome structure of GABAS is very similar to GABAP with one dis-

tinction. Application Genes represent the admission order of the applications in

GABAS instead of deciding whether the applications must be admitted. There-

fore, it is an integer list with length of |A| and the values of the elements in the

list are from the interval [0, |A| − 1]. Each integer from the interval must appear

once in application genes. As in GABAP, Sensor Genes and Base Station Genes

represent which sensor node and base station will sense data from and process

the gathered data from the monitoring points.

5.3.2 Initial Population Creation

Since Application Genes of an individual determines the admission order of the

applications, we basically assign value i to the ith application gene and shuffle the

list. Therefore, initially, the admission order is randomly determined.

For the individuals of the initial population, Sensor Genes and Base Station

Genes are determined together. For each monitoring point, first, we randomly

determine a sensor gene among the sensor nodes that cover the monitoring point.

After that, we randomly select a base station gene among the base stations to

which the selected sensor node has a connection.
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5.3.3 Fitness Calculation

The fitness calculation of GABAS is a very simple one. Equation 5.10 shows the

fitness calculation of our algorithm.

fitness = −1×makespan (5.10)

Basically, GABAS aims to reduce the makespan, which is the time instant

when the last application finishes and leaves the network. Therefore, a smaller

makespan means a better individual in the population. Since a higher fitness

value means a better individual (solution), we multiply the makespan with −1
to calculate the fitness score, since a lower makespan value is more desirable one.

Therefore, fitness scores of all individuals are negative.

Applications are admitted one by one according to their order in Application

Genes. If an application cannot be admitted due to shortage of resources, we

wait for some already admitted applications to finish, release the resources they

use and leave the network. Then, there will be sufficient resources available for

the waiting application. We do not try to admit any other application waiting in

the queue.

5.3.4 Selection Operation

We use tournament selection for this process. Basically, for each individual i, we

create a sub-population which consists of 5% of the whole population and select

the individual with the highest fitness score in this sub-population. Then we pair

the individual i with the selected individual. Our selection operation is presented

in Algorithm 5.
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Algorithm 5 GABAS Selection Operation

Require: The tournament population, tPop

Ensure: an individual chromosome

1: procedure Selection

2: bestScore← 0

3: bestInd← Null

4: for each Individual x in tPop do

5: newScore← f(x)

6: if bestScore ≤ newScore then

7: bestScore← newScore

8: bestInd← x

9: end if

10: end forreturn bestInd

11: end procedure

5.3.5 Crossover Operation

Individuals that are paired up with the selection operation are used in the

crossover operation. The operation determines which genes of the offspring come

from which parent (a pair of individuals). This operation is presented in Algo-

rithm 6. We set the chance of either parent to pass its genes to the offspring as

50%; therefore, we have uniformRate value in the algorithm as 0.5. Similar to

GABAP, crossover operation of Sensor Genes and Base Station Genes is realized

together to avoid producing a candidate solution that conflicts with the network

structure.

Crossover of the Application Genes may result with some applications appear-

ing twice in the Application Genes of the offspring. Therefore, we need a gene

repairing algorithm to fix this problem. For that, we first determine the applica-

tions which appear twice and the applications which do not appear at all in the

offspring’s genes. Then, we put applications which are missing into the places of

the second appearances of the applications that are present twice in the genes.
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An example crossover operation is visualized in Figure 5.1. Crossover of sensor

and base station genes are the same as in GABAP. As in the figure, crossover

of application genes may result in errors. In the example, applications #2 and

#3 have the same rank for admission and this must be repaired. We correct this

fault in the gene repair part.

Algorithm 6 GABAS Crossover Operation

Require: Six chromosomes from two parents: A1, S1, BS1, A2, S2, and BS2

Ensure: Three offspring chromosomes: Anew, Snew and BSnew

1: procedure Crossover

2: for x = 1 to |A| do

3: r ← Random(0, 1)

4: if r ≤ uniformRate then

5: Anew[x]← A1[x]

6: else

7: Anew[x]← A2[x]

8: end if

9: end for

10: for x = 1 to |M| do

11: r ← Random(0, 1)

12: if r ≤ uniformRate then

13: Snew[x]← S1[x]

14: BSnew[x]← BS1[x]

15: else

16: Snew[x]← S2[x]

17: BSnew[x]← BS2[x]

18: end if

19: end for

20: Repair(Anew)

return A new individual with chromosomes: Anew, Snew and BSnew

21: end procedure
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Figure 5.1: An example crossover operation in GABAS
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5.3.6 Mutation Operation

The mutation operation is applied to all individuals. The operation is presented

in Algorithm 7. As in the crossover operation, mutation operation in Sensor

Genes and Base Station Genes are realized together to guarantee a solution that

abides the network structure. This operation is executed for each gene with a

probability of 5%.

For mutation in Application Genes, we swap the admission order of the two

randomly selected applications with 5% mutation rate. An example mutation

operation is shown in Figure 5.2. Mutations on sensor genes and base station

genes are similar to the mutation in GABAP. In the example, order of applications

#2 and #3 are swapped as a result of mutation.
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Figure 5.2: An example mutation operation in GABAS
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Algorithm 7 GABAS Mutation Operation

Require: Three chromosomes: Aold, Sold and BSold

Ensure: Three mutated chromosomes: Anew, Snew and BSnew

1: procedure Mutation

2: Anew ← Aold

3: r1← Random(0, 1)

4: if r1 ≤ mutationRate then

5: x← Random(0, |M |)
6: y ← Random(0, |M |)
7: Swap(Anew[x], Anew[y])

8: end if

9: for x = 1 to |M| do

10: r2← Random(0, 1)

11: if r2 ≤ mutationRate then

12: i← Random(0, |S|)
13: l← Random(0, |BS|)
14: Snew[x]← Sold[i]

15: BSnew[x]← BSold[l]

16: else

17: Snew[x]← Sold[i]

18: BSnew[x]← BSold[l]

19: end if

20: end for

return Mutated individual with chromosomes: Anew, Snew and BSnew

21: end procedure

5.3.7 The Genetic Algorithm

Our overall genetic algorithm is presented in Algorithm 8. The termination con-

dition of the algorithm is that no improvement is observed in the fitness score of

the best individual for seven generations. The population size is 200. The fitness

calculation for each individual is −1 times the completion time of the last finished
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application. All individuals have negative fitness scores since a better solution

means smaller finish time. Elitism is enabled in the algorithm, which means that

the fittest individual of one generation is carried over to the next generation.

Algorithm 8 The Genetic Algorithm

1: procedure The GABAS
generate a population of POPSIZE number of random individuals,

POP ;
2: while THE TERMINATION CONDITION is not true do
3: for each Individual x in POP do
4: calculate its fitness value f(x)
5: end for
6: for each Individual x in POP do
7: Create a tournament population, tPop
8: y = SelectionOperation(tPop)
9: end for
10: for each pair of parents, x and y do
11: z = CrossoverOperation(x, y)
12: end for
13: for each offspring do
14: z = MutationOperation(z)
15: end for
16: find the best individual among offsprings, newBest
17: if newBest is better than current best individual then
18: replace current best individual with newBest
19: end if
20: end while

return best individual
21: end procedure

5.4 Greedy Algorithms

Other than GABAS, we propose three greedy algorithms to solve the application

scheduling problem. They all use the Worst Fit approach described in Section 4.4

in assigning monitoring points to sensor nodes and base stations to use the less

utilized resources among the available ones to provide load balancing. The only

difference between the three algorithms is the ordering of the application admis-

sion queue.
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Our greedy algorithms consider only the waiting applications to determine

their order. The applications that are already admitted to the network are allowed

to run until they complete. We do not preempt a running application.

5.4.1 Least Monitoring Point First (LMPF)

In the LMPF algorithm, we order the applications according to the number of

monitoring points they require to be sensed. Among waiting applications, the

ones with smaller number of monitoring points to be sensed are admitted earlier.

Figure 5.3 shows an example ordering of applications by using LMPF.
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90 87 73
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Applications MP Requests

1 4 2 0 3

Scheduling Order

5 24 61 7

5

Figure 5.3: Example application scheduling order by LMPF
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5.4.2 Least Maximum Sense Requirement First (LMSF)

In LMSF, the order of applications is determined according to their sensing rate

requirements. Applications are admitted in an order in which they are sorted

according to their maximum sensing rate requirement from a monitoring point

(among all monitoring points requested to be sensed by an application). The

order is a non-decreasing one; therefore, a waiting application with the least

maximum requirement is placed first onto the network. Figure 5.4 visualizes how

applications are ordered with LMSF.
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5 24 61 7

4

Figure 5.4: Example application scheduling order by LMSF

5.4.3 Least Total Sense Requirement First (LTSF)

In LTSF, the application admission order is again determined according to the

sensing rate requirements. However, for an application, instead of considering

the maximum sensing rate requirement from a monitoring point, we consider the
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sum of sensing rate requirements for all its monitoring points. Figure 5.5 shows

the determining of the scheduling order of the applications with LTSF.
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Figure 5.5: Example application scheduling order by LTSF

5.5 Summary

In this chapter, we first mathematically defined our application scheduling prob-

lem. Then, we showed that the problem is NP-hard by reducing the Multiway

Number Partitioning problem to it. We also described our proposed algorithms

GABAS, LMPF, LMSF and LTSF. We first explained how chromosome struc-

ture of GABAS is designed. Then, we continued with the way of creation of the

initial population, and described the fitness calculation. Then, we explained the

selection, crossover and mutation operations in a detailed way. We concluded the

section with the overall genetic algorithm.
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We also explained the logic of our three greedy algorithms and how they dif-

fer from each other in terms of ordering the applications that were yet to be

deployed.
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Chapter 6

Experimental Results

6.1 Experimental Setup

We did extensive simulation experiments to evaluate the proposed algorithms.

In our simulations, we consider a model of a WSN spanning a 2D plane that

has a 1000 m width and 1000 m height. Monitoring points, sensor nodes and

base stations have their own coordinates (x and y). The coordination of these

network elements is randomly determined in each simulation and our network

creation method ensures that they do not overlap but the coordinates of any two

elements can be very close to each other. Moreover, our network creation method

guarantees that each monitoring point is within the sensing range of at least one

sensor node and each sensor node can be connected to at least one base station.

In our network, we assume that applications arriving at the network may only

require sensing rates in 3 major scales (rate types). Sense rate requirements of

applications for each scale are randomly determined between the values shown

in Table 6.1. We assume that from a single monitoring point only one data type

can be requested.
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Table 6.1: Sensing rate requirements.

Data Type sensing rate
Data Type 0 5 kb/s - 20 kb/s
Data Type 1 15 kb/s - 40 kb/s
Data Type 2 25 kb/s - 60 kb/s

The quality of the connections in a WSN has a vital role in the reliable trans-

mission of sensed data from sensor nodes to base stations. To simulate the effect

of the link quality, we assign a Packet Delivery Ratio (PDR) to each sensor node

base station connection in the network. PDR is one of the main metrics for mod-

elling link quality [114]. For a particular link, PDR is calculated as the number

of packets delivered to the receiving node divided by the number of packets sent

by the transmitting node. In this way, we model the delivery probability of a

packet to be equal to the PDR of the connection over which the packet is sent.

An undelivered packet is retransmitted. That means, of course, more energy cost

per packet. We limit the number of retransmissions for a packet to 10 [115]. We

additionally assume that a packet is delivered after the 10th retransmission, if

not delivered earlier. In our simulations, PDR of each connection is randomly

determined between 0.7 and 1. We assume that the packet size is fixed and 512

bits.

Our network constraints are shown in Table 6.2. Each application can request

1, 2, or 3 monitoring points to be sensed. The communication range of a sensor

node is randomly selected between 200 m and 250 m, and the range determines

to which base stations the sensor node can get connected. Similarly, the sensing

range for each sensor node is between 30 m and 50 m and it is used to determine

which monitoring points can be sensed by the sensor node. Additionally, the

number of sensor nodes and base stations is 250 and 30, respectively. We observe

that these values are large enough to cover the whole network area and small

enough to let us understand the performance differences of the algorithms that

are compared. The number of applications is 1000 and the number of monitoring

points is 300. The energy budget for each sensor node is 20000 J.
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Table 6.2: Network parameters.

Parameter Value
Monitoring Points per Application 1 - 3
Communication Range of Sensors 200 m - 250 m
Sensing Range of Sensor Nodes 30 m - 50 m
Sensing Rate Capacity of Sensor Nodes 400 kb/s
Bandwidth Capacity of Connections 100 kb/s
Processing Capacity of Base Stations 1000 kb/s
Energy Budget of Sensor Nodes 20000 J
Transmission Coefficient 0.7
Processing Coefficient 0.9

6.2 Application Placement

In application placement simulations, applications arrive in ten different batches.

We assign a batch number to each application randomly. At each time instant t,

one batch of applications arrives. When a batch of applications is requested to be

placed, a selected subset of those applications is admitted, and the resources used

by these admitted applications become unavailable for the next batches. Appli-

cations run in our network for a limited amount of time. When an application

completes, it releases all resources it has used. The released resources become

available for the applications in later batches. The computation time for each

application is 12 h.

We compared our two proposed algorithms, GABAP, and the Greedy algo-

rithm, with the algorithms proposed in [9, 31] which we call DH and RSVN,

respectively. The four algorithms are run with both shared and unshared ap-

proaches. In the plots, for each algorithm, results of shared and unshared ap-

proaches are presented with the suffix “S” and “U”, respectively. We experiment

with various numbers of applications, monitoring points, sensors, and base sta-

tions. Evaluation of the methods is reported in terms of the number of placed

applications and the average energy spent per placed application. Our experi-

ments are realized in 7 scenarios:

• Scenario P1 (Application Count): The number of monitoring points is fixed
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at 300. The application count is started at 500 and is incremented by 200

until 1500.

• Scenario P2 (Monitoring Point Count): The number of applications is fixed

at 1000. The monitoring point count is started at 50 and is incremented by

50 until 250.

• Scenario P3 (Monitoring Point per Application): The number of applica-

tions is fixed at 1000, and the number of monitoring points is fixed at 300.

For the number of monitoring point requests per application, instead of ran-

domly determining between the values shown in Table 6.2, we start with 1

monitoring point per application and increment it by 1 until 6.

• Scenario P4 (Communication Range): The number of applications is fixed

at 1000, and the number of monitoring points is fixed at 300. For the

communication range of sensors, instead of randomly determining between

the values shown in Table 6.2, we start with 50 m as the communication

range for each sensor node and increment it by 50 m until 250 m.

• Scenario P5 (Sensing Range): The number of applications is fixed at 1000,

and the number of monitoring points is fixed at 300. For the sensing range

of sensor nodes, instead of randomly determining between the values shown

in Table 6.2, we start with a 30 m sensing range for each sensor node and

increment it by 5 until 50 m.

• Scenario P6 (Batch Size): The number of monitoring points is fixed at 300,

and the batch count is fixed at 10. We experiment with various batch sizes:

50, 100, 200, 250, and 500. Application count is calculated as the number

of batches times the batch size.

• Scenario P7 (Batch Count): Same constraints as in Scenario P6 except

that application count is fixed at 1000. The batch count is calculated as

the number of applications divided by the batch size.

In Scenario P1, we investigate how the change in the number of arriving ap-

plications affects the performance of the algorithms. Figures 6.1 and 6.2 show
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Figure 6.1: Comparison of algorithms in terms of placed application count in
Scenario P1.

the average count of placed applications and average energy cost per placed ap-

plication, respectively averaged over 1000 runs. Each algorithm performs better

with the shareable approach. Obviously, as the number of applications arriving

to the network gets larger, all algorithms achieve to place a larger number of

applications. GABAP-S is clearly superior to all other algorithms. RSVN-S and

GABAP-U have the next-best performance. DH and Greedy come last, where

DH has a slightly better performance than Greedy.

In terms of energy spent, all algorithms perform better with the shareable

approach. In fact, the average energy spent with the shareable approach is around

half of the energy spent with the unshareable approach. As expected, we see that

with a larger number of available applications, the shareable approach costs less

energy per placed application since the sensing and transmission overheads are

far less (even zero in some cases) than they are in the unshareable approach.

However, we also observe a small reduction in the results of the unshareable

approach with all algorithms. The reason for this result is that the possibility

of the arriving applications with less data sense requirements increases with the
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Figure 6.2: Comparison of algorithms in terms of energy cost in Scenario P1.

larger number of available applications. Therefore, the average energy spent

decreases slightly. With the unshareable approach, all four algorithms perform

similarly when GABAP-U has slightly better performance. With the shareable

approach, GABAP-S has the best performance followed by RSVN-S.

In Scenario P2, we evaluate the impact of the number of monitoring points

on the performance of the algorithms. Figures 6.3 and 6.4 show the results for

this scenario. We expect that with less number of monitoring points, placing

applications becomes harder because there will be more application requests for

each monitoring point as the number of applications is fixed. Moreover, fewer

monitoring points affect the performance of the algorithms with the unshareable

approach more since the sensing and transmission overheads increase drastically.

Figure 6.3 shows that the performance of the algorithms improves clearly with

the increasing number of monitoring points. With the shareable approach, the

improvement is not that visible since the sensing and transmission overheads

are much smaller. GABAP-S still has the best performance; the gap between

its performance and the others increases as the number of monitoring points

decreases.
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Figure 6.3: Comparison of algorithms in terms of placed application count in
Scenario P2.

We again observe that with the shareable approach, the energy cost is much

less than the unshareable one. With the increasing number of monitoring points,

the energy cost is also increasing since there are more data to sense, transmit,

and process. With the unshareable approach, all four algorithms show similar

performance in terms of energy cost. With the shareable one, GABAP-S produces

the lowest energy cost.

In Scenario P3, we have a fixed number of applications and a fixed number

of monitoring points. We experimented with different numbers of monitoring

points each application requires to be sensed, instead of randomly determined

values according to Table 6.2. Figures 6.5 and 6.6 show the results of Scenario

P3. With the increasing number of monitoring point requests per application,

it is getting harder to place applications since the demand for a single applica-

tion increases while network resources remain the same. We observe that the

shareable approach makes algorithms place more applications compared to the

unshareable one. Again, GABAP has the best performance, RSVN comes second,

while Greedy and DH have the least number of applications placed. DH performs
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Figure 6.4: Comparison of algorithms in terms of energy cost in Scenario P2.

slightly better than Greedy.

In terms of energy cost, it is expected that the cost per placed application in-

creases when the applications require more monitoring points to be sensed. Since

the sensing and transmission overheads are more with the unshareable approach,

the energy cost is more compared to the shareable approach. The performance

gap between the shareable and unshareable approaches is proportional to the

number of requests per application. GABAP-S has the best performance, and

again, RSVN-S is the second-best. Energy cost results of the algorithms do not

differ much with the unshareable approach; however with the shareable one, es-

pecially with the higher number of requests, the performance difference between

GABAP-S and others becomes more visible.

Scenario P4 is investigating how the communication range of sensor nodes

affects the performance of the algorithms. Instead of the 200 m communication

range as in Table 6.2, we experimented with the communication ranges between

50 to 250 m. Figures 6.7 and 6.8 present the results. We observe that with a

longer communication range for sensor nodes, the number of placed applications
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Figure 6.5: Comparison of algorithms in terms of placed application count in
Scenario P3.
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Figure 6.6: Comparison of algorithms in terms of energy cost in Scenario P3.
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Figure 6.7: Comparison of algorithms in terms of placed application count in
Scenario P4.

increases slightly. Similar to the previous scenarios, GABAP-S is superior among

all compared. RSVN-S and GABAP-U have the next-best performances.

The energy spent increases with the broader communication range of sensor

nodes. The reason for this result is that with a longer range, sensor nodes can

connect to base stations that are more distant, and sending data to more distant

base stations costs more compared to sending to closer base stations as shown in

Eq. 4.12. The gap between the shareable and unshareable approaches in terms

of energy cost increases with the longer communication ranges. This also applies

to the gap among the results of the algorithms. GABAP-S has the least energy

cost per application which is followed by RSVN-S. DH-S is slightly better than

Greedy-S. With the unshareable approach, the energy cost is similar among all

compared algorithms.

The experiments corresponding to Scenario P5 are conducted to investigate

the performance with various sensing ranges of sensor nodes. Figures 6.9 and

6.10 show the placed application count and the average energy cost, respectively,
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Figure 6.8: Comparison of algorithms in terms of energy cost in Scenario P4.

for Scenario P5. The sensing range of the sensor nodes does not affect the results

too much. Placed application count increases slightly when the sensing range

increases. Energy cost does not change much since the sensing range is not

involved in energy calculations in our model directly as the communication range.

The performance in terms of both the placed application counts and the energy

cost is similar to the previous four scenarios. GABAP-S is the best for both

metrics, GABAP-U and RSVN-S have the next-best performance. In terms of

energy cost, the shareable approach consumes far less energy than the unshareable

one.

In Scenario P6, we investigate the impact of batch size on the performance of

the algorithms. The total application count is not limited, and since we have 10

batches, in this scenario, it is equal to 10 × BatchSize. Figures 6.11 and 6.12

present the results of Scenario P6. Since we do not limit the total application

count, the results are similar to Scenario P1, where the effect of the number of

applications on performance is measured.

Since we do not limit the number of applications in Scenario P6, the application
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Figure 6.9: Comparison of algorithms in terms of placed application count in
Scenario P5.
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Figure 6.10: Comparison of algorithms in terms of energy cost in Scenario P5.
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Figure 6.11: Comparison of algorithms in terms of placed application count in
Scenario P6.
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Figure 6.12: Comparison of algorithms in terms of energy cost in Scenario P6.
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Figure 6.13: Comparison of algorithms in terms of placed application count in
Scenario P7.

count may affect the results we gathered from the experiments. Therefore, to

observe the effect of the batch size on the algorithms more clearly, in Scenario

P7, the number of applications is set to 1000. Thus, the total batch count changes

for each batch size. Figures 6.13 and 6.14 present the results for Scenario P7.

Because we investigated the impact of the batch size in Scenario P7, only the

performance of GABAP is affected since the others admit applications one by

one when GABAP selects a subset of arriving applications at each batch. With

larger batch sizes, GABAP performs better.

Energy cost results are similar to the previous scenarios. The shareable ap-

proach is better compared to the unshareable one. GABAP performs the best

and RSVN follows it with both shareable and unshareable approaches.

We can infer the following conclusions from our results of application placement

experiments:

• In all scenarios, the shareable approach has much better performance than
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Figure 6.14: Comparison of algorithms in terms of energy cost in Scenario P7.

the unshareable one both in terms of placed application and the energy cost

per application.

• GABAP is clearly superior to all compared algorithms. RSVN has the

second-best performance. DH is slightly better than the Greedy algorithm.

• The performance difference between the shareable and unshareable ap-

proaches is greater when network resources are more limited with a smaller

number of applications. With an application count that is large enough,

the performance gap also increases with plenty of network resources.

• The performance difference between the shareable and unshareable ap-

proaches is larger in GABAP’s results compared to other algorithms.

• Since GABAP selects a subset of applications among applications that ar-

rive at the network at each batch while the other three try to admit appli-

cations one by one, GABAP can place applications much more optimally.

• DH and Greedy have very similar performance in all scenarios since their

logic to place applications is similar. In some scenarios, DH performs

72



slightly better than Greedy, since it allows migrations while Greedy does

not.

6.2.1 Comparison with Linear Programming

To investigate how close our algorithm performs to the optimal solution, we com-

pare the results of our algorithm with the optimal results of a linear programming

model. We use the Java API of IBM ILOG Cplex optimizer to code our linear

program.

We use the constraints described in Section 4.1 to build our linear programming

model. Some constraints there, however, are not linear. Therefore, we have to

linearize those constraints.

Table 6.3: Comparison of GABAP with linear programming

Application
Count

Mon. Point
Count

Sensor
Count

Base Station
Count

Online GABAP Offline GABAP Linear Prog.
Result Time (ms) Result Time (ms) Result Time (ms)

30 20 30 3 1.23 27 1.54 21 1.54 3,320
30 20 30 4 1.57 36 1.72 19 1.72 3,397
30 20 30 5 2.01 42 2.17 27 2.17 4,245
50 20 30 4 2.60 51 2.92 38 2.92 3,973
50 40 50 7 3.14 121 3.97 93 3.97 23,806
50 100 50 7 3.71 198 4.60 99 4.60 53,749
100 100 25 25 2.30 240 3.17 199 3.21 65,651
20 150 100 30 4.02 1,007 4.02 291 4.14 914,380
30 150 100 30 4.74 1,092 4.98 426 5.20 955,542
50 150 100 30 8.12 944 8.12 487 8.26 964,397

Linearization of maximum function is realized as follows. Let,

C = max(a1, ...an) (6.1)

Then, we transform this maximum function into a linear form with the follow-

ing:

C ≥ ai, ∀i ∈ N (6.2)
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C ≤ ai + (1− bi)×M ∀i ∈ N (6.3)

∑
i∈N

bi = 1, (6.4)

where bi is a binary variable that indicates the maximum value, xi. Therefore, if

bi = 1, then xi is the maximum of all. M is a very large number.

Linearization of the product of a binary variable and a continuous variable is

done as follows. Let,

z = A× x, (6.5)

where A is a continuous variable and x is a binary variable. Moreover, let Ā be

the upper bound of A. Then, transformation into linear form is done as follows:

z ≤ Ā× x (6.6)

z ≤ A (6.7)

z ≥ A− (1− x)Ā (6.8)

z ≥ 0 (6.9)

In the equations above, if x is equal to zero, then Eqs. 6.6 and 6.9 ensure that

z is also equal to zero. If x is equal to one, Eqs. 6.7 and 6.8 state that z is equal to

A. This transformation is a variation of the general product linearization where

the lower bound of the continuous variable is zero. In our problem statement, the
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continuous variable is application demands which cannot be negative. Therefore,

this transformation is applicable to our work.

Because the computation time required by a linear programming solver is too

long, we use small values for the parameters of our network. We experiment with

the shareable approach only. Sensing rate requirements of various data-rate types

and network constraints are shown in Tables 6.1 and 6.2, respectively. The results

are presented in Table 6.3. Both the placed application count and running-time

results given in the table are the averages of 100 runs. At each run, we input the

same network to all algorithms. The results show that our GABAP algorithm

has a very good performance. For each parameter set, GABAP has a very close

performance to the optimal results obtained from linear programming. Besides,

the running time of our algorithm is much less than the running time of linear

programming. Time values are also the average of 100 runs. The gap between

the running times of GABAP and linear programming solution becomes larger

as the number of network elements increases.

6.3 Application Scheduling

In our scheduling simulations, applications arrive at the network in 25 batches.

Unless otherwise stated below, the parameter values are set as explained above.

For each scenario, we provide makespan, waiting time, turnaround time, and suc-

cessful execution rate values averaged over 100 runs. We divide our experiments

into six scenarios as follows:

• Scenario S1 (Application Count): The number of applications starts at 500

and is incremented by 100 until 1500.

• Scenario S2 (Monitoring Point Count): We start with 50 monitoring points

in the area and increment the total number of monitoring points by 25 until

250.

• Scenario S3 (Monitoring Point Count per Application): The number of
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monitoring points requested per application is initially 1. It is incremented

by 1 until 7.

• Scenario S4 (Communication Range): In the beginning, each sensor node

has a 50 m communication range. We increase the communication range

by 50 m until 250 m.

• Scenario S5 (Sensing Range): Similar to Scenario S4, each sensor node

starts with a 30 m sensing range, and the sensing range is incremented by

5 m until 50 m.

• Scenario S6 (Batch Count): We experiment with the following values for

the number of batches (batch count): 1, 2, 5, 10, 20 and 25. Applications

are equally distributed into batches. The number of applications in each

batch (batch size) is the number of applications divided by the batch count.

We use four different metrics to provide a comparative evaluation of our pro-

posed algorithms.

• Average Makespan: Average of the total execution time of applications in

100 runs.

• Average Waiting Time: The waiting time of an application is the time

between its arrival to the network and its admission. We report the average

of the waiting times of all applications admitted.

• Average Turnaround Time: The turnaround time of an application is the

time between its arrival time to the network and its finish time. We report

the turnaround time averaged over all applications admitted.

• Average Successful Execution Rate: This metric is the number of appli-

cations that could finish before their deadlines. For each application, a

deadline value is determined. The deadline value for an application is set

to be the sum of its arrival time, its required running time (application

duration), and a random value between 100 and 200.
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We compare our proposed algorithms with well-known standard task schedul-

ing algorithms First Come First Served (FCFS) and Shortest Job First (SJF).

For FCFS and SJF algorithms, we also used the Worst Fit approach to determine

which sensor node and the base station are assigned to each monitoring point.

In the figures provided below, both shared (GABAS-S) and unshared (GABAS-

U) approaches for GABAS are reported. For the other algorithms, only shared

approach results are provided to improve the readability since their performance

with the shared approach is always better than the unshared approach.

In Scenario S1, we investigate how the number of applications affects the per-

formance of the algorithms. Figure 6.15a shows the average makespan. GABAS-S

has the best performance compared to others. GABAS-U is the worst for the small

number of applications. However, with the increasing number of applications, its

performance becomes better than the greedy ones. Our LMPF algorithm comes

third, while LMSF and LTSF have similar performance as FCFS and SJF.

Figures 6.15b, 6.16a and 6.16b present the average waiting time, average

turnaround time, and average successful execution rate in the first scenario, re-

spectively. FCFS and SJF have the worst performance for all three metrics.

GABAS-S is superior to all other algorithms. LTSF comes second and LMSF

comes third with a close performance to LTSF. In terms of average waiting and

turnaround times GABAS-U and LMPF have similar performance; however, in

terms of average successful execution rate GABAS-U beats LMPF.
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Figure 6.15: Comparison of algorithms in terms of (a) average makespan and (b)

average waiting time in Scenario S1.
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Figure 6.16: Comparison of algorithms in terms of (a) average turnaround time

and (b) successful execution rate in Scenario S1.
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In Scenario S2, the simulations are done to observe the effect of the number of

monitoring points on the performance of the algorithms. Figure 6.17a presents

the average makespan for Scenario S2. GABAS-S is clearly superior to other al-

gorithms, while GABAS-U comes second. LMPF again has the best performance

among greedy algorithms. SJF generally has the worst performance of all. The

performance gap between GABAS and the others diminishes as the number of

monitoring points in the region gets larger, because it becomes easier to admit

applications.

Average waiting time, average turnaround time, and average successful exe-

cution rate results of Scenario S2 are shown in Figures 6.17b, 6.18a, and 6.18b,

respectively. As in the previous scenario, FCFS and SJF have the worst per-

formance among all algorithms, while GABAS-S has the best one. The results

for GABAS-U, LMSF, and LTSF are very close to each other; however, LMPF

performs slightly worse among these algorithms.
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Figure 6.17: Comparison of algorithms in terms of (a) average makespan and (b)

average waiting time in Scenario S2.
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Figure 6.18: Comparison of algorithms in terms of (a) average turnaround time

and (b) successful execution rate in Scenario S2.
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In Scenario S3, we aim to see the impact of the number of monitoring point

requests per application on the algorithms’ performance. Figure 6.19a presents

the results of this scenario in terms of makespan. GABAS-S still has the best re-

sults. After 5 requests per application GABAS-U has the next best performance.

Greedy approaches have very similar results. SJF is the slightly worst of all.

In this scenario, LMPF behaves like FCFS since all applications have an equal

number of requests. GABAS-S performs better with a higher number of requests

per application compared to greedy algorithms.

Figures 6.19b, 6.20a, and 6.20b display the results of average waiting time,

turnaround time, and successful execution rate, respectively. GABAS-S is the

superior one among all. For these criteria, LMPF and FCFS have the worst

performance, while SJF is slightly better than them. GABAS-U has the second-

best performance, while LMSF and LTSF produce the best results of all greedy

algorithms.
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Figure 6.19: Comparison of algorithms in terms of (a) average makespan and (b)

average waiting time in Scenario S3.
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Figure 6.20: Comparison of algorithms in terms of (a) average turnaround time

and (b) successful execution rate in Scenario S3.
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In Scenario S4, we evaluate the effect of change in the communication range of

the sensor nodes on the results. Figure 6.21a presents the algorithms’ makespan

results. GABAS-S has the lowest makespan value, which makes it the best

method among all compared algorithms. In terms of makespan, GABAS-U has

the second-best performance. Greedy algorithms have similar results between

150-m and 250-m communication ranges. Between the 50-m and 150-m ranges,

the performance of LMPF is distinguishable from the other four algorithms. SJF

has the worst performance, especially with larger communication ranges.

Average waiting and turnaround time for applications, and average success-

ful execution rate are displayed in Figures 6.21b, 6.22a and 6.22b, respectively.

GABAS-S again has superior performance. FCFS has the worst turnaround and

waiting times as well as the least successful execution rate. GABAS-U, LTSF,

and LMSF perform close to each other.
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Figure 6.21: Comparison of algorithms in terms of (a) average makespan and (b)

average waiting time in Scenario S4.
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Figure 6.22: Comparison of algorithms in terms of (a) average turnaround time

and (b) successful execution rate in Scenario S4.
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In Scenario S5, we investigate the impact of the sensing range of sensor nodes

on the results. Makespan results for this scenario are shown in Figure 6.23a.

We can see that the sensing range does not affect the results drastically. With

GABAS-S, the total execution time of applications is much smaller compared to

other algorithms. GABAS-U produces the next best results, while the perfor-

mance results of the greedy algorithms are close to each other. Again, LMPF has

the best performance among all greedy algorithms in terms of makespan.

Average waiting time, turnaround time, and successful execution rate results

for this scenario are presented in Figures 6.23b, 6.24a, and 6.24b, respectively.

Similarly, GABAS-S has the best performance and FCFS has the worst. SJF is

slightly better than FCFS, but still behind the proposed greedy methods. LTSF

comes second. GABAS-U, LMPF, and LMSF have close results in terms of

waiting time; however, GABAS-U and LMPF perform slightly worse in terms of

turnaround time and successful execution rate, respectively.

89



30 32 34 36 38 40 42 44 46 48 50

Sensing range of sensors

1200

1400

1600

1800

2000

2200

A
v
e
ra

g
e
 m

a
k
e
s
p
a
n

GABAS-S

GABAS-U

FCFS

LMPF

LMSF

LTSF

SJF

(a)

30 32 34 36 38 40 42 44 46 48 50

Sensing range of sensors

300

400

500

600

700

800

900

A
v
e
ra

g
e
 w

a
it
in

g
 t
im

e

GABAS-S

GABAS-U

FCFS

LMPF

LMSF

LTSF

SJF

(b)

Figure 6.23: Comparison of algorithms in terms of (a) average makespan and (b)

average waiting time in Scenario S5.
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Figure 6.24: Comparison of algorithms in terms of (a) average turnaround time

and (b) successful execution rate in Scenario S5.
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In Scenario S6, we observe how the number of batches affects the performance

of the algorithms. Figure 6.25a shows respectively the average makespan in this

scenario. In general, different batch counts do not affect much the performance

of the algorithms. GABAS-S, again, has the best performance which is followed

by GABAS-U. Greedy methods have a very similar performance whereas LMPF

is slightly better compared to the others.

In terms of average waiting time, turnaround time, and successful execution

rate, batch count again has no effect on the results. Similar to the other scenarios,

GABAS-S has the best performance. GABAS-U is slightly better than greedy

methods. Among the greedy methods, LTSF performs the best which is followed

by LMSF and LTSF. SJF and FCFS have the worst results. The waiting time,

turnaround time, and successful execution rate results of this scenario are shown

in Figures 6.25b, 6.26a, and 6.26b, respectively.
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Figure 6.25: Comparison of algorithms in terms of (a) average makespan and (b)

average waiting time in Scenario S6.
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Figure 6.26: Comparison of algorithms in terms of (a) average turnaround time

and (b) successful execution rate in Scenario S6.
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As a summary, from all our results from experiments for application scheduling,

we can draw the following conclusions:

• GABAS-S is superior to all other algorithms. It outperforms GABAS-U

as well, and therefore we can conclude that the shared-data approach with

multiplexed sensing is very effective in increasing the performance of the

scheduling algorithms for various metrics.

• GABAS-U generally performs better than the greedy methods even if it

uses the unshared-data approach, while all the greedy methods use the

shared-data approach. Even in the experiments measuring waiting time,

turnaround time, and successful execution rate, GABAS-U has a better

performance compared to greedy algorithms, especially when network re-

sources are scarcer, even though it does not target these metrics directly.

This shows that the use of meta-heuristic algorithms is very effective in the

application scheduling problem for WSNs.

• In terms of makespan, LMPF is the best greedy algorithm among the com-

pared algorithms.

• In terms of waiting time, turnaround time, and successful execution rate,

LMSF and LTSF have the best performance among greedy and standard

algorithms.

• All proposed algorithms perform better than the standard FCFS and SJF

algorithms.

We also measured the running times of the algorithms. A selected set of

results are provided in Table 6.4. Our GABAS-S and GABAS-U algorithms are

the slowest algorithms due to the nature of the genetic algorithms. GABAS-S

is faster than GABAS-U; because, with the shared-data approach it is easier to

place more applications at the same time. Therefore, total computation time

is less compared to the unshared-data approach. Our greedy algorithms are

much faster as expected, compared to GABAS. Hence they are useful when fast
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decisions are required. Among all algorithms, FCFS is the fastest because it does

not reorder the applications in the arrival queue.

Table 6.4: Running times of the algorithms for application scheduling in millisec-
onds.

Scenario GABAS-S GABAS-U LMPF LMSF LTSF FCFS SJF
S1 #A: 500 204 286 38 24 25 3 46
S1 #A: 1000 352 524 105 63 70 2 90
S1 #A: 1500 2588 3094 378 253 282 6 378
S2 #MP: 50 377 899 93 67 71 3 103
S2 #MP: 100 326 574 102 69 75 2 98
S2 #MP: 250 229 289 73 51 64 1 92
S3 #MP/A: 1 335 562 56 32 31 3 67
S3 #MP/A: 3 1051 1508 362 256 245 3 413
S3 #MP/A: 5 2254 5023 886 740 752 7 974

6.3.1 Comparison with Linear Programming

As in the previous section, we compare our GABAS algorithm with linear pro-

gramming to observe how close it performs to the optimal solution. We use the

constraints from Section 5.1 to model a linear programming solution. We use the

linearization methods from the previous section when necessary.

The results for the comparison are shown in 6.5. We only compare GABAS

with LP in terms of average makespan since the main objective in the problem

statement is minimizing the makespan. The results are the average of 100 runs.

At each run, both algorithms are given the same network instance. Since linear

programming takes too much time, we experimented with smaller network pa-

rameters. Other parameters and constraints are the same as in Tables 6.1 and 6.2.

The results show that GABAS performs pretty well and has a very close perfor-

mance to the optimal solution. Moreover, the running time of GABAS is very

low compared to linear programming. The gap between running times increases

while the network becomes larger.
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Table 6.5: Comparison of GABAS with linear programming

Application
Count

Mon. Point
Count

Sensor
Count

Base Station
Count

GABAS Lin. Prog.
Result Time (ms) Result Time (ms)

30 20 30 3 116 32 114 5,314
30 20 30 4 105 37 99 5,532
50 20 30 4 132 104 124 16,815
50 40 50 7 114 167 101 52,438
50 100 50 7 126 210 103 124,871
100 100 25 25 195 361 172 411,627

6.4 Summary

In this chapter, we explained how our simulations are realized. We first detailed

our experimental setup where we describe our network constraints. Then, we

explained the scenarios in our experiments of both placement and scheduling

problems. Then, we showed the results where we compare the performance of

our proposed algorithms with the other methods from the literature.

Another result we showed is the running time of the algorithms for application

scheduling. In these results, obviously, greedy algorithms perform faster com-

pared to GABAS. FCFS is the fastest among greedy algorithms since it does not

reorder the applications.

Using a linear programming framework, it was also shown that our algorithms

GABAP and GABAS can perform very close to the optimum.
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Chapter 7

Conclusion and Future Work

In this dissertation, we deal with application placement and application schedul-

ing problems in wireless sensor networks. We first define the problems mathemat-

ically and show that the problems are NP-hard by reducing appropriate problems

to them. Then, we detail our proposed approaches to solve the aforementioned

problems.

We propose a monitoring point-based shared-data approach that provides an

opportunity to perform multiplexed sensing of monitoring points for multiple ap-

plications that can share data, and in this way reduce sensing and communication

resource usage. Therefore shared-data approach lets the network support more

applications at the same time.

For the application placement problem, we propose two algorithms, a greedy

algorithm and a genetic algorithm called GABAP. The algorithms decide which

applications should be admitted to the network, which monitoring point is sensed

by which sensor, and which base station will process the related data. We provide

extensive simulation results, which show the effectiveness of the sharing data

approach and our algorithms. We compare the performance of our GABAP and

greedy algorithms with DH [9] and RSVN [31] which are the state-of-the-art

algorithms in the literature. The algorithms are run with both shareable and
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unshareable approaches. We demonstrate that GABAP is superior to the other

compared algorithms.

For the application scheduling problem, we propose a genetic algorithm, called

GABAS, for scheduling applications effectively. We also provide three greedy

algorithms, LMPF, LMSF, and LTSF, that can be used for scenarios where fast

decisions are needed. All our proposed algorithms decide both on the assignments

of sensor nodes and base stations to monitoring points and the admission order of

the waiting applications. We compare our proposed algorithms with each other

and also with the well-known task scheduling algorithms, First Come First Served

and Shortest Job First, in terms of makespan, waiting time, turnaround time, and

successful execution rate, by performing extensive simulation experiments. We

show that GABAS outperforms all other algorithms in all comparison metrics.

Among the other algorithms, LMPF provides better results than the others in

terms of makespan, and LMSF and LTSF provide better performance in terms

of waiting time, turnaround time, and successful execution rate.

We also compare the performance of GABAP and GABAS algorithms with

optimal results obtained from our linear programming formulation. The results

show that GABAP and GABAS perform very close to the optimum while taking

much less time compared to the linear programming solution.

As a future work, the algorithms we propose can be extended for the use

in WSNs having multi-hop architecture. In this way, sensor nodes that cannot

directly send the collected data to the base station due to communication con-

straints can send the data to another node that can transmit the data to a base

station. As a result, we can use underutilized connections.

Another future work can be multiple sensor node and base station support

for a monitoring point. According to our assumption, a monitoring point can be

assigned to a single sensor node and base station. Due to this restriction, if the

sensor node, the base station, or the connection between them is being utilized,

we cannot admit another application that requires the monitoring point to be

sensed.
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It is also possible to observe the effects of interference on the connections and

the performance of the proposed algorithms. Moreover, some other communica-

tion QoS metrics, such as reliability and delay, can be investigated.

Another future work we propose is the study of the area coverage problem

for WSNs. Given a set of applications and their monitoring point requirements,

we can design algorithms that optimally place sensor nodes and base stations

in the area to minimize the total cost while maximizing the number of placed

applications.
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