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ABSTRACT 

 Small size and low-cost sensors are practicable because of evolution of the 

semiconductor field, which is led by increasing miniaturisation. They are still limited 

in processor capacity, memory size and energy resources; however, ubiquitous 

wireless is added to extend their communication capacity. Wireless sensor networks 

(WSN) are formed by large numbers of such sensors and can be used to monitor a 

field of interest in military and civilian areas.  

 

The resulting data are only meaningful when combined with geographical position 

information of the sensors. Both the Global Positioning System (GPS) and the Global 

System for Mobile Communication (GSM) are hungry for energy and expensive, and 

are not suitable to be used extensively in every sensor. But localisation is essential in 

WSN, which should be implemented with help of some beacons that are equipped 

with GPS or GSM. 

 

A mobile beacon (MB) is the replacement of many static beacons; it is movable and 

flexible and can be powerful so that some heavy computational mathematical 

methods (such as probability and graph theory) could be applied in an algorithm of 

localisation.  

 

The walking path of a MB will determine the rate of coverage and accuracy of 

localisation. The static path is planned before action and is suitable for regular terrain; 

whereas, the dynamic path is decided in real-time action depending on the demand of 

unknown sensors, and is more efficient than the static path.  

 

Concentrating on the algorithm of dynamic path to reach a better result in terms of 

accuracy, coverage, and trajectory of localisation in WSN, a framework of dynamic 

path of mobile beacon (DPMB) is proposed first, and then reinforcement learning 

(RL) is fit to the DPMB as the inner controller to improve the performance. Finally, 

direction is employed to assist the MB to find a better next position instead of 

distance in the DPMB. Simulations demonstrate that the performance is improved 

gradually. 
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Chapter 1  

INTRODUCTION 

1.1. Topic overview 

Wireless Sensor Networks (WSN) are ad hoc networks that are composed of small 

sensors equipped with wireless capability (Akyildiz et al., 2002). It has become 

possible for sensors to detect various environmental variables and communicate to 

each other or even process the collected information due to the latest advances in 

low-power electronics and wireless communication systems (Bergamo et al., 2004). 

WSN are used to monitor an area of interest; generally sensors are spread over a 

target area as “eyes and ears” monitoring the factors of interest (Coleri et al., 2004). 

They could be applied extensively in the military and civilian area—this is the reason 

that WSN is a significant technology attracting considerable research interest in 

recent years. 

 

As it is used for monitoring, careful placement and uniform arrangement of the 

sensors is unrealistic in certain circumstances; for example, when the interested area 

is not entirely under control, such as in bush fire surveillance. As such, localisation 

(Carter, 2008) information is a highly desirable feature of WSN (Wang et al., 2010). 

Likewise, data with geographical information (Bahl and Padmanabhan, 2000) is 

more valuable than pure data; moreover, localisation is the prerequisite of other 

aspects of WSN, like routing (Ko and Vaidya, 1998), which needs position 

information to work. When talking about localisation, it is natural that the Global 

Positioning System (GPS) (Mao et al., 2007) emerges, but GPS is too expensive to 

be used in low-cost sensors and it is not practical for general sensors to handle the 

GPS data (Bulusu et al., 2000). It is still possible for parts of sensors equipped with 

GPS to help other sensors to localise by supplying GPS information; these are called 

Beacons or Anchors. The cost of a beacon is much higher than a normal sensor; 

therefore, it should not just be disposable. One way to extend the utility of a beacon 

is to use a mobile beacon, whose opposite is the static beacon. A mobile beacon (MB) 

is one with the ability to move around the area of interest to act as many static 
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beacons. It is flexible and reusable, and can make the investment in beacons more 

cost-effective. 

 

As mobile beacons are movable, how to move them to serve the localisation best is 

the question that arises. First of all, the answer is a static path, which means that the 

MB moves around some designed and fixed path to try to localise the unknown 

sensors; however, it is totally blind, without considering the density and distribution 

of the sensors. As such, a dynamic path becomes the new research direction, which 

will guide the MB to move based on the demands of the unknown sensors.    

 

 
 

 

 

As described in Figure 1-1, the topic is narrowed down from WSN, localisation of 

WSN, LMB, static path to dynamic path, and the key words left are WSN, 

localisation, MB and dynamic path—these will be the objective of my research. This 

brings out the motivation and objectives of my research topic, then the principles and 

methodology of the design of the new algorithms are explained. 

WSN 

Localisation of WSN 

Static Beacon Algorithms  

MB Algorithms 

Static path planning 

Dynamic path 

Figure 1-1: Evolution to dynamic path of mobile beacon 
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1.2. Motivation and Objectives 

1.2.1. Motivation 

WSN are popular in several areas such as environmental areas (Suri et al., 2006), 

agriculture (Jones and O’Halloran, 2006), health, traffic management (Matsuo et al., 

1999; McGuire et al., 2003) etc. due to the development of micro-electronics and 

demands of automated management. In Australia, the application of WSN is more 

significant and imperative because Australia is the sixth-largest country in the world 

by total area but the smallest in the world in terms of population density. Bush fire is 

one of the natural disasters that often happen in Australia because of vast forests. 

When smoke appears in a dense forest, a drone hovers over the area in the first place, 

scatters wireless sensors, and collects data back from the sensors without danger and 

with the least delay. Disaster is demolished in a timely manner because of the 

application of WSN. This could be true because the drone is doing a good job and 

WSN are being applied in the real world. As localisation in application of WSN is 

similar to infrastructure of a country, localisation is a problem that must be solved 

first for the popularity of WSN. This is the motivation of my research topic. 

1.2.2. Objectives 

My research objective is to find the optimal dynamic path of MB in localisation of 

WSN. Dynamic path of MB is an inevitable and necessary trend according to all the 

reviews of localisation in the WSN area which will be presented in the next chapter.  

 

The significance of dynamic path of MB includes: 

 Accuracy: dynamic means that the MB could move on demand of unknown 

sensors, so the MB is not only passing the unknown sensors, but also going to 

serve them. With three beacon messages from the MB, the accuracy is proven 

(Krohn et al., 2007). 

 Coverage: Unlike static path, which is planned before real action and makes 

the MB just walk in fixed trajectory, no matter the density and distribution of 

the sensors, every movement of the dynamic path is purposeful in order to 

cover certain sensors. 

 Short trajectory: short time and energy saving, the aim of the dynamic path is 

not covering the whole area, but settling the location of all sensors. They are 
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different because the real-life distribution of sensors is not uniform. It is 

possible that the trajectory of the dynamic path is longer than the static path 

in order to improve accuracy or coverage, but at least there is a choice of 

performance and time.   

 Practicability: the actual field of interest is not always regular and smooth, so 

static path is not applicable; but dynamic path is flexible to conquer some 

particular terrains using some compromise in ways.   

 

The design of the algorithm on the dynamic path must serve the unknown sensors as 

the core. Every movement of the MB is purposeful to solve the location of the 

unknown sensor. Based on this, short trajectory, short time to finish localisation, and 

efficient energy consumption (Xu et al., 2001) will be pursued.  

 

To the best of our knowledge, there is not a perfect or close to perfect algorithm 

which exists related to the dynamic path of the MB. Almost all of the existing 

methods use the natural feather of WSN, graph theory, but graph is just intuitive for 

understanding the problem and algorithm. The computational complexity of graph 

methods is not acceptable for sensors; for example, the decision version of the 

famous travelling salesman problem belongs to NP-complete, although some 

heuristic and exact methods are known. Another common useful method, the 

minimum spanning tree method is P, with the number of sensors increasing; the 

computational complexity is not acceptable even with a powerful central base 

workstation. 

 

We will design and implement algorithms for the dynamic path of MB in localisation 

of WSN, and use simulation data to provide improvement on the error rate, accuracy, 

trajectory, time, energy, etc. Compared with existing algorithms, my algorithms have 

some distinct principles and features. These are outlined below: 

 Low in cost. Low cost is always a target of WSN as it is disposable. No extra 

hardware and no need for massive memory and powerful processor are the 

premise for design. 

 Economical in energy consumption (Shih et al., 2001). The strong energy 

consumption behaviours of sensors are communication and computation 

(Younis et al., 2003). For the former, only obligatory communication will 
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happen; for the latter, probability and graph theory will not be applicable as 

they are expensive in computation (Huang and Zaruba, 2008). 

 RSSI. It is error-prone (Shen et al., 2005), but based on the previous two 

principles, it could be a better compromise as it is inherent to the sensor so no 

extra hardware is necessary and there are other technologies to overcome the 

weaknesses of RSSI.   

 Central. Based on the first two principles, unknown sensors will just do very 

limited and indispensable communication and computation; all other energy-

exhaustive jobs will happen in the MB, so the algorithms will not be in a 

distributed fashion.   

1.2.3. Research methodology 

All we have done and will do in my research strictly corresponds to the flow chart, 

which is shown in Figure 1-2. Firstly, the problem related to research topic is 

identified and analysed, if some gaps in available research are found, the detailed 

topic could be formed, this is how the topic, LOCALISATION OF WIRELESS 

SENSOR NETWORK WITH MOBILE BEACON BY DYNAMIC PATH, is 

reached. Then algorithm based on the gap will be developed and implemented in 

writing, and algorithms are verified by simulations with associated tools to see if the 

result is consistent with the theory designation. If not, the algorithm should be 

modified and tested again and again until it gets a satisfactory result. Then, if 

possible, the aim is to apply the algorithm in some real-life project to check if it is 

valid out of the lab, and then amend the algorithm practically. If every designed 

algorithm passes the flow, it should be reasonable and applicable.  

1.3. Thesis Overview 

The thesis consists of seven chapters which are:  

Literature reviews 

In the next chapter, the literature reviews of localisation of WSN are presented. Basic 

factors of the localisation technique of WSN from distance estimation to position 

computation of some typical existing localisation algorithms will be reviewed. 

Particularly, algorithms based on the MB will be concentrated on, and followed by 
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the different research directions using different mathematical methods, and then 

static and dynamic path planning of the MB. 
 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1-2: Standard research flow  

 

Framework 

A number of contributions were made in this thesis to address the dynamic path of 

mobile beacon in localisation of WSN. First of all, a framework employing dynamic 
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path of mobile beacon is developed, the two improved algorithms research further on 

the topic, and one borrows strength from Reinforcement Learning, the other 

concentrates on direction instead of distance. From chapter 3 to 5, we will explain 

my three algorithms in detail, and analyse the simulation results of each algorithm. 

The first chapter that follows the reviews is a framework based on how to find a 

dynamic path for a mobile beacon in order to solve the problem of localisation of 

WSN.  

Reinforcement learning 

In the second chapter, we employed one of the popular algorithms of machine 

learning, reinforcement learning to be the brain of the mobile beacon to find the 

dynamic path based on the framework developed in the last chapter.  

Vector cosine similarity 

In the third chapter, we introduced direction instead of distance in the framework 

from the first chapter in order to calculate weight for the next position so as to 

improve the performance of the framework.  

Comparison 

Then, in chapter 6, all three algorithms are compared in both theory and simulation 

results, and the pros and cons of the algorithms are explained. 

Future research 

In the last chapter, the achievement of our research is concluded, then problems that 

are not yet solved and space of improvement will be discussed. Finally, future 

research directions are proposed at the end of the thesis. 

1.4. Related Publications 

In the last three years, three conference papers were published in three separate 

international conferences on the research topic. 

 

The first (Li et al., 2011) is “Wireless Sensor Network Localisation Algorithm 

Using Dynamic Path of Mobile Beacon”, written by Songsheng Li, David Lowe 

and Xiaoying Kong, which is published in APCC201:1; its website is 

<http://www.apcc2011.org.my/>. 
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The title of the second paper (Li et al., 2012a) is “Dynamic Path Determination of 

Mobile Beacons Employing Reinforcement Learning for Wireless Sensor 

Localisation”, written by Songsheng Li, Xiaoying Kong and David Lowe. The paper 

is published in DMWPC2012, which is associated to AINA2012; their websites are 

<http://www-nishio.ist.osaka-u.ac.jp/conf/dmwpc/2012/index.php>,  

<http://www.aina-conference.org/2012/>. 

 

The third paper (Li et al., 2012b) is “Wireless Sensor Network Localisation with 

Autonomous Mobile Beacon by Path Finding”, written by Songsheng Li, Xiaoying 

Kong, David Lowe, and Heung-Gyoon Ryu; it is published in ICISA2012; its 

website is 

<http://icisa2012.kcis.kr/main/main.asp>. 

 

We are working on an extension of the papers and are doing more simulations on the 

algorithms published in the papers. We are making contact with some prestigious 

journal publishers and hope that more deep analysis of the algorithms can be seen in 

the journals. “Dynamic Path of Mobile Beacon in Localization of Wireless Sensor 

Network” is processing in International Journal of Communication Networks and 

Distributed Systems of Inderscience, another “Localisation of Wireless Sensor 

Network with Autonomous Mobile Beacon based on Reinforcement Learning” 

was accepted by a special issue named “Internet of things” of Inderscience.  

  



 

 

Chapter 2  

LITERATURE REVIEW: 

LOCALISATION OF WIRELESS SENSOR NETWORK 

 

This chapter is the literature review of localisation of Wireless Sensor Network 

(WSN). The key elements of localisation of WSN are described first, and then 

localisation algorithms based on mobile beacon (LMB) are paid extra attention as all 

three proposed algorithms employed mobile beacon. The main branches of LMB are 

discussed in detail and the direction of proposed algorithms is introduced. 

2.1. Wireless Sensor Networks 

Today, wireless technology has become ubiquitous and popular, such as the use of 

Wi-Fi and mobile phones. The benefit of wireless is that it provides connection 

without wire (i.e. no cable). A laptop computer becomes a “real laptop” without a 

network cable connected to a hub, and communication by mobile phone is pervasive 

when walking and even driving. Convenience is the main advantage of wireless. To 

wireless sensor networks (WSN), wireless means radio, so Radio Signal Strength 

(RSS) (Alippi and Vanini, 2006) is an inherent character of a sensor and should be 

used to communicate between sensors. One of the disadvantages of wireless is that it 

is power-hungry; for example, both laptops and mobile phones must be recharged 

after a short usage time, otherwise they will be useless. WSN face the same problem, 

but worse. Generally, sensors used in WSN are one-off or disposable, not 

rechargeable, so power is a serious issue that should be paid more attention to. 

Another disadvantage of wireless is its volatility; actually, this is a classical issue and 

common characteristic of wireless (e.g. radio is vulnerable to obstacles and multi-

path effects). Accordingly, a laptop must be close to its Wi-Fi access point, and a 

mobile phone sometimes cannot be used to converse when used inside a building. 

With regard to WSN, this is worse again, as the RSS of the sensor is weaker because 

of limited power and it is not rechargeable, so WSN are more vulnerable.   
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A sensor in WSN is a mini computer and has a long history of use in real-life 

applications; for example, home security systems use a smoke sensor that 

communicates to a control centre via a cable. As such, a sensor must be able to detect 

certain parameters and transform what it detects into a signal, and then transfer the 

signal back to the control centre. Physically, a wireless sensor at least consists of a 

processor (Lynch and Reilly, 2005) with an appropriate memory, sensor and wireless 

capability. Compared with a cable sensor, WSN are more flexible and easier to 

deploy. According to the prospect of WSN, a large number of sensors are scattered to 

an area of interest, and wireless sensors should have at least three characteristics. 

First, it must be small enough to make sense of the monitoring (Levis et al., 2003). 

Second, the cost of the sensor should be low because generally thousands of sensors 

are used at an application and the sensors are disposable. Third, energy consumption 

should be low as it is expected to work over a decent period of time; otherwise, all 

the effects are wasted even though the sensors are cheap. It is the increasing 

miniaturisation within the semiconductor field that has provided solutions. It has led 

to the evolution of the sensor and made the small, low-cost, low-power sensor 

possible. This is the reason that WSN are prevalent these days, not just at the time 

when networks are popular. But one fact must be admitted, that is, that the 

computing capacity of a single sensor node is limited naturally because of these 

features; meaning that if a job happens to use sensors, the simpler the job, the better.  

 

Wireless technology makes the network of sensors possible. WSN pushes 

connectivity out of the personal computer (PC) and into the real world, and it 

requires all the sensors to cooperate together. WSN consists of spatially distributed 

autonomous sensors, whose main task is collecting sensory information from sensors. 

As a wireless network, it can use the mature technology and architecture of a 

wireless network (Capkun and Hubaux, 2005), yet it has to face the same problems 

that other wireless networks (such as Wi-Fi and GSM) have met as well (Faria, 2005). 

But the characteristic of resource constraint, which includes limited computing 

capacity and memory, low power and non-rechargeability, makes it need further 

innovation in order to be useful and valuable. So various new challenging areas, such 

as non-traditional power sources, embedded operation systems (Gay et al., 2003), 

localisation, topology construction, routing (Liao et al., 2001), protocol and data 
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fusion (Hu et al., 2003), etc., have sprung up and a new round of technical revolution 

is progressing around WSN.  

 

In conclusion, WSN are ad hoc self-organisation networks that are used to gather 

information from sensors by wireless (Sivalingham, 2004). It should be simpler than 

other wireless networks according to its function, but its most distinct feature 

compared to others is its resource constraint. It is a lethal weakness that demands 

resources to be used strategically, and resource consumption is a significant standard 

used to judge the performance of WSN-related algorithms.   

2.2. Elements of Localisation 

Before providing meaningful data for real world WSN application, the location of the 

sensor should be solved. The localisation algorithm in WSN is used to find the 

location of every sensor, and is the base and beginning of most WSN applications 

(Akkaya and Younis, 2005; Stoleru et al., 2006). It will answer the question of where 

the sensory data comes from. If the deployment of sensors is well organised, the 

location of sensors can be recorded in deployment (Moses et al., 2002), which is the 

same as cable sensors. For example, with regard to localisation for the traditional 

home security system, if the fire or smoke sensor detects an alert, it will send a signal 

to the control centre via cable (generally an identity code will be sent as well). When 

the centre receives the signal from a specific cable, it can judge where the sensor is 

by looking up a location table which was set up at the installation stage. In new 

popular applications of WSN, wireless sensors are not well-placed, but randomly 

scattered because the target area is not totally under control, such as in a battle field 

in the military or a bush fire on a mountain. For these projects, the primary priority 

of WSN after deployment is finding where the sensors are—this is localisation of 

WSN, which is required in order to provide the position information of the sensors, 

and is the prerequisite of some other areas of WSN (Durrant-Whyte, 2005); for 

example, routing (Karp and Kung, 200), which solves the problem of how to transfer 

data from sensors to the control centre of WSN. Localisation of WSN is presented in 

theory in the following. 
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WSN can be described as a classical network graph G, which refers to a collection of 

sensors and a collection of edges that connect pairs of sensors, as expressed in the 

equation below. 

 

G = (V, E)                                                        (2.1) 

 

Where V={v1,v2,…,vi,…,vn} is the set of sensors; and E={e1,e2,…,ei,…,em}, e=<i,j> 

is the edge between vi and vj if vi and vj are connected. V is divided into four types 

depending on their status, as follows: 

i.  Vu⊆V is the set of unknown sensors which are to be localised. 

ii. Vb⊆V are beacons. A beacon is a special kind of sensor that can get its location 

information by GPS or other ways. 

iii. Vs⊆V is set of settled sensors. As a Vu finds its location by the algorithm, it is 

transformed from Vu to Vs. 

iv. Vr⊆V is a set of reference sensors. They can be Vb or Vs, and depends on the 

particular algorithm. They provide location information as a reference for Vu. 

 

Based on the definition, the localisation problem of WSN can be stated as: Given G 

and |Vb|<|V|, the objective is to find the location of Vu = V–Vb. In the process of 

localisation, some sensors in Vu will be turned to Vs or Vr. 

 

From the characteristics of WSN described previously, the design of the localisation 

algorithm should obey the following rules on cost: 

 Minimising power cost (Karalar et al., 2004). For localisation, this is not the 

purpose but a necessity. 

 Minimising hardware cost. If every sensor has a GPS, the algorithm is not 

required. 

 Minimising deployment cost. Positioned placement is hardly possible even 

for part of the sensors.    

Vb is a special Vr to help Vu transform to Vs. It is a beacon that is extensively 

employed in the algorithm of localisation of WSN. 
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2.2.1. Beacon 

A beacon is also called an anchor (Ochi et al., 2005), but both terms do not precisely 

describe the real meaning of the localisation problem because traditionally they both 

imply that they are stationary. In contrast, “mobile beacon” is the key term of the 

research of this thesis. A beacon is a sensor with self-provided geographical 

information, which has generally been obtained from a Global Positioning System 

(GPS). It will be more expensive than an ordinary sensor if it is equipped with GPS 

(Kuhn et al., 2003). 

 

GPS is ubiquitous in the real world these days, but it has evident weaknesses when 

applied in WSN. Firstly, it is expensive compared to low-cost sensors. The cost of 

sensors will be unacceptable and limit the application of WSN if every sensor is 

equipped with a GPS, worth more than US$50, based on thousands of sensors being 

required in a utility. Secondly, GPS will not work properly in places such as indoors, 

and it is easy to be obstructed by obstacles as well. Moreover, GPS is power-hungry 

in order to receive the weak signal from faraway satellites, which is the biggest 

problem for the sensor. So it is not realistic to equip every sensor with GPS; however, 

a beacon is valuable and useful, as Vu knows its location is near a beacon if it can 

receive a signal from the beacon. In case Vu receives more signals from beacons, it is 

possible that Vu turns into Vs, and more beacons means it is easier to localise the 

unknown sensors Vu, but it will cost more.  

 

Ideally, if beacons are uniformly distributed amid Vu, it will be good for localisation. 

But as mentioned before, in general, sensors are scattered in the target area of interest 

randomly. The worst case is that all the beacons gather together, resulting in a waste 

of the investment. In conclusion, a beacon is necessary for localisation; however, 

based on its weaknesses, it is not realistic to use it heavily (Vural and Ekici, 2004). 

As such, a mobile beacon (Hu and Evans, 2004) is proposed to overcome the 

limitations of the static beacon.  

2.2.2. Mobile Beacon 

A mobile beacon cannot avoid inherent problems of GPS, such as signal limit, but it 

could relieve other problems partially by the introduction of motion (Patro, 2004). It 

is flexible and economical because one mobile beacon can replace innumerable static 
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beacons as it moves. Also, it could move to any place on demand, thereby 

overcoming the problem of distribution. It could be rechargeable and reusable. 

Moreover, it could be equipped with a more powerful computer and energy. As a 

result, more computing jobs could be processed by the mobile beacon, and it could 

work as a central workstation. 

 

In real world applications, there are two possible models for MB. One is in the air: an 

unmanned aircraft hovers over the target area and collects data from the sensors by 

wireless and then returns. Another is on the ground: a robot acts as a powerful 

workstation, walks around the area, sends a “hello” message to every sensor and 

collects feedback, and then goes home. It is certain that both of these models would 

be far more expensive than static beacons, but luckily, they are reusable unless they 

are destroyed or contaminated in some dangerous situation. 

 

The relative positions between beacon Vb and the unknown sensor Vu are presented 

in Figure 2-1. When they are put into the polar coordinate system and the beacon is 

on pole position, the position of the sensor can be described as radius r and polar 

angle Ѳ. 

 

 

 

 

 
 

 

Figure 2-1: Vu and Vb in polar coordinate 

 

Radius r is the distance from the beacon to the sensor, and angle Ѳ is the direction of 

Vu relative to Vb starting from the positive polar axis. Distance estimation is the 

beginning and foundation of the localisation algorithm. 

2.2.3. Distance Estimation 

Different methods are used to estimate the distance between two sensors. Based on 

the knowledge of WSN, wireless will be the first clue to estimate distance. Ideally 
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and theoretically, radio strength decreases proportionally with the square of the 

distance (Shen et al., 2005). Wireless is designed to implement connectivity for WSN, 

and Received Signal Strength Indicator (RSSI) (Lymberopoulos, 2006) is the 

cheapest implement of distance estimate if it can be used in such a way. But due to 

the nature of wireless, as mentioned before, being unstable to obstacles or multi-

paths is a barrier of RSSI from being used in real-life applications.  

 

One compensational way to use RSSI is calibration (Mar’oti et al., 2005), which is a 

popular way to ready data in advance in indoor environments. Under the same or 

similar particular conditions of application, the value of RSS is tested and recorded 

earlier, and then a map between RSS and distance is set up for lookup in the future. 

The table means a database in the computer system. The complexity of the table is 

proportional to the accuracy of distance estimation, which will result in extra energy 

expense and more memory when the sensor explores the database for a match of RSS 

in a distributed algorithm. Another name or similar approach of calibration is 

‘fingerprinting’ (Alippi and Vanini, 2006), which is able to address some of the 

problems related to non-line-of-sight and multi-path propagation. Firstly, it 

categorises the signal characteristics obtained from a set of locations, and then 

compares the RSS with the previous catalogued ones whilst computing the position. 

But in the real application environment of WSN, the field of interest may not be in 

control; moreover, the natural environment of open area is volatile. So RSSI is not an 

ideal measure of distance, even with previous improved ways. 

 

Some other ways proposed to measure distance are more accurate than RSSI; one is 

time of arrival (ToA), and its improved version, time different of arrival (TDoA) 

(Savarese et al., 2002). Simply, distance of two sensors (d) is the product of speed of 

signal (s) multiplied by the difference of the received timestamp (t2) of one sensor 

and the sent timestamp (t1) of another sensor. This is expressed in the equation below: 

 

d = s * (t2–t1)                                                  (2.2) 

 

The value of ‘s’ should be part of the known parameter of the sensor, and as a single 

chip machine, sensors can record an accurate timestamp respectively, but the two 

sensors must be exactly synchronised in order to make the time difference 
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meaningful, because the error (Millner et al., 2007) will be amplified even with a 

very small error of t2–t1 for the sake of a high speed ‘s’. Without an adjustment 

mechanism, maintenance of synchronisation will be a big problem, and it is obvious 

that WSN cannot afford to synchronise because communication is energy-hungry. In 

order to avoid synchronisation, an improved ToA, the TDoA was proposed (as 

shown in Figure 2-2: TDoA), which requires another signal source to work, such as 

ultrasound or sound. The aim is to make up a difference of arrival time no matter 

when the transmission begins. Equation (2.2) will be changed to:  

 

d = ( Sr – Ss) * (T2–T1–Td)                                       (2.3) 

 

The speed of radio (Sr) and sound (Ss) are both known parameters, Td is set as the 

time difference between the start of two sources and is known as well. So sensor B 

records the timestamp T1 as the arrival time of the radio and T2 as the time sound 

arrives. The timestamp of transmission T0 is not important as it is not necessary to 

compute the distance. The advantage of TDoA is a distinct, simple computation 

without synchronisation. But the disadvantage is evident as well—it needs another 

signal source, which will be a set of new equipment for the sensor when it is 

reflected to the hardware, for instance, a speaker and microphone for sound. This 

will be against the other two characteristics of WSN, that is, for it to be small and 

cheap. No matter how small the additional equipment may be, they make the sensor 

more complicated and expensive. Compared to RSSI, TDoA uses two signals: one is 

still radio, so it will be sensitive to obstacles as well, but it will be free from multi-

path side effects as it only uses the time difference.        

 

 

 

 

 

 

 

Angle of arrival (AoA) (Klukas and Fattouche, 1998) was proposed as an alternative 

to TDoA based on two viewpoints of consideration; the first is angle Ѳ which is 

related directly to time by: 

T1 T2 
B 

A A
T0 Td 

Radio Sound 

Figure 2-2: TDoA 
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 Ѳ= w * t                                                          (2.4)               

 

where w is the angular velocity of the signal. Moreover, if another signal source in 

TDoA is an extra burden for the sensor, a single signal source and two or more 

receivers could be a better choice. So AoA is along the same principles, but a 

different implement of TDoA. The extra hardware of this implement is an array of 

receivers, such as directive antennas or an electronic compass. Its accuracy deeply 

depends on the quality of the extra hardware it uses, but it strengthens the problem of 

TDoA, with more complicated extra hardware. At present, in consideration of cost 

and size, it is preferred in the laboratory than in practice. Actually, Nasipuri and 

Najjar (2006) presented an optical approach that provided location estimates which 

were accurate within a few inches in indoor applications. 

 

So this is the current situation of distance estimation: RSSI is inherent for a sensor 

but vulnerable; ToA needs synchronisation, which is expensive for WSN; and TDoA 

and AoA can avoid synchronisation but need extra hardware. No one method is ideal, 

which is the premise and challenge of the localisation algorithm. As the cheapest and 

most inaccurate, RSSI is a dilemma, but connectivity and radio hop count (Liu et al., 

2005) still try to take advantage from it in using probability to estimate distance. If a 

sensor can receive a data packet from another sensor, the distance between them is 

between 0 and R (which is the maximum communication range), and it means 

connectivity. If R/2 is chosen as the estimated distance, the maximum error will be 

R/2 as well. It can be used in some special algorithms that apply probability to 

localise sensors and accept an area range of location.  

 

Furthermore, in graph theory, hop count (Savvides et al., 2002) extends the 

connectivity of sensors further. It could be used to predict the distance between 

sensors that are not direct neighbours to each other. Namely, if the hop count 

between sensor A and B is Hc, then the distance between A and B approximates 

R/2*Hc and is less than R*Hc. This conclusion could be useful in probability under 

some certain conditions. Actually, there is a better formula for the distance by hop 

count, but it is connectivity which is emphasised here, the estimated distance is error-

prone and not significant.  
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As there are various ways to estimate distance between sensors, if angle Ѳ in the 

polar coordinate of Figure 2-1can be found, the position of the sensor is solved, but it 

generally needs at least three different signals to determine the angle.  

2.2.4. Position Computation 

The ultimate aim of distance estimation is to compute the position of the sensor. If a 

sensor collects enough distance information, it will find its position by using various 

mathematical methods. Methods of position computation depend on the available 

information of distance estimation and the computing power of the sensor. 

 

 
Figure 2-3: Position estimation with messages  

(Boukerche et al., 2009)  

 

When an unknown sensor receives the first data packet from a reference sensor, it 

could be at any place in the coverage of the reference (liu et al., 2005). It will be 

waiting for more data packets from different reference sensors, and if it gets the 

second one, its possible position will dramatically reduce to two areas between the 

two reference sensors. It has to keep waiting for more, and if the third data packet 

arrives, its possible position reduces to the intersection of three circles. Figure 2-3 

shows how the possible positions for unknown sensors shrink intuitively.  

 

 
Figure 2-4: Position computation using simultaneous equations of trilateration 
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Trilateration (Navidi et al., 1998) is a solution to compute the position of the sensor 

when it receives messages from three different references. Trilateration is a method 

for determining the intersection of three sphere surfaces, given the centres and radii 

of the three spheres, which is widely used in GPS. To estimate position using 

trilateration, a sensor needs to know the positions of three reference sensors, which 

are beacons Vb or settled sensors Vs; then three quadratic equations with two 

unknowns will be set up according to the formula of distance between two points, 

which could be solved into one solution. Figure 2-4 shows the simultaneous 

equations of Trilateration.  

 
Figure 2-5: The ideal and realistic result of trilateration  

(Bachrach and Tatlor, 2005) 

 

However, in real world applications, all the distances between sensors are estimated, 

and the position of the reference sensor is estimated as well. As such, all the data are 

relatively accurate, and as a result, the intersection of the circles is not a point but a 

set of possible solutions, which is described in Figure 2-5: The ideal and realistic 

result of trilateration. 

 

 
Figure 2-6: Multilateration  

(Boukerche et al., 2009) 
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If an unknown sensor receives not only three different reference data packets but 

more, multilateration (Prasithsangaree et al., 2002) (as shown in Figure 2-6: 

Multilateration) could be used to compute the position of the unknown sensor, which 

will be an over-determined system of equations and do not have a unique result. 

Least square (Kariya and Kurata, 2004) is one approach to solve the problem. The 

main idea is to minimise the sum of the squares of the differences between the 

estimated distances and the computed distances. This can narrow down the possible 

position of the unknown sensor.  

 

In practice, the computation complexity will be too expensive for the relatively low 

capacity sensor, especially the massive floating point operation in multilateration. 

There are some other alternatives to release the burden of the sensor; one is the 

bounding box method, as shown in Figure 2-7. This method just simply replaces 

circles with squares for the convenience of computation. The final position of the 

unknown sensor will be considered as the centre of the intersection of all the 

bounding boxes (Simic and Sastry, 2002). 

 

 
Figure 2-7: Bounding boxes  

(Bachrach and Tatlor, 2005) 

 

Since AoA (Niculescu and Nath, 2004) is one way to estimate distance, accordingly, 

triangulation is another method to compute position, employing the trigonometry 

laws of sines and cosines. Triangulation (see Figure 2-8: Triangulation) is the process 

of determining the location of a point by measuring angles to it from known points at 

either end of a fixed baseline, rather than measuring distances to the point directly. 

The point can then be fixed as the third point of a triangle with one known side and 

two known angles. Similarly, it needs at least three reference sensors as well, and 
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then based on the measured angles and known distances between the references, the 

distance can be worked out. 

 

Corresponding to radio hop count or communication range, probabilistic approaches 

(Roos et al., 2002) are presented to compute position as well. The computation does 

not result in an exact solution like trilateration, but a coverage or scope of 

probabilities of the real position of the unknown sensor; then the final position will 

be inferred considering other related known parameters. Huge computational costs 

and massive memory to store information data is a disadvantage of using probability 

(Sichitiu and Ramadurai, 2004). 

 

 
Figure 2-8: Triangulation  

(Boukerche et al., 2009) 

 

The Vu can estimate their distances to reference sensors (Vr) if they are connected. 

With enough distance information, an unknown sensor can compute its position by 

one of the methods mentioned before. Once an unknown sensor finds its position, it 

will turn into a settled sensor (Vs), and it could be employed as a reference sensor 

(Vr). How to apply Vs to help Vu is one of the tasks of the localisation algorithm, 

which tries to settle the localisation problem of the whole WSN by employing 

various methods of distance estimation and position computation. 

2.3. Algorithm of Localisation 

Localisation algorithm is the idea of how to integrate the known information of 

distances and positions to estimate or infer positions of all or most of the sensors of 

the WSN. Several issues (Ji and Zha, 2003) should be considered when designing an 

algorithm for the localisation of WSN, including:  
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 Resource constraints. Localisation is just a prerequisite of some WSN 

applications, so it should be frugal in energy consumption.  

 Density of the network. This is about how close the sensors are. Closer space 

means lower communication costs and more collected information, which results 

in lower estimation error. It is acceptable that some sensors are ignored. In 

contrast, if the network is sparse, every sensor inside should be cherished. 

 Scale of the network. This is about how many sensors in the field are based on 

the same density, i.e. more sensors means a larger field, more hop counts if 

applied, and more total communication time and distance.  

 Percentage of beacons. As beacons are more expensive than normal sensors, the 

final target of the localisation algorithm is to have more settled sensors and 

fewer beacons. 

 

Localisation algorithms can be classified into different categories depending on their 

point of view; one of them is based on where to compute, in every sensor or in 

special accumulated equipment—it is called a distributed or centralised algorithm 

(Chan et al., 2005). 

 

The position of the unknown sensor can be computed by itself in a distributed 

fashion (Galstyan et al., 2004) or by a single central sink node which is more 

powerful and probably remote positioning. As mentioned before, a sensor is capable 

but has limited power, so it only uses partial information it collects and uses a 

relatively low operation method to compute position, or uses approximation to save 

power. On the other hand, a centralised algorithm will employ a central workstation 

with plenty of computational power, so it can apply complicated mathematical 

algorithms and the power is not a problem. However, input data that is collected by 

sensors must be transmitted by the sensors all over the WSN, and the output data 

which contains the information of localisation must be transported back to the 

corresponding sensors. This process will need frequent communication between the 

sensors, which costs precious power of the sensor. Furthermore, only few sensors are 

close to the central machine, and as a result, almost all the sensors have to act as 

relays to transport information, except for the farthest sensor. So both distributed and 

centralised methods have advantages and disadvantages (Langendoen and Reijers, 
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2003). It is possible that several central machines are employed instead of one in 

order to form a multi-tier network (Liao et al., 2001), so information between the 

centre and the sensors can choose the shortest path to save the consumption of 

energy in the sensor.  

2.3.1. Centralised Localisation 

Classical centralised algorithms are borrowed from position algorithms, which were 

proven to be successful in other research areas, such as Semidefinite Programming 

(SDP) and Multidimensional Scaling (MDS) (Coxon, 1982). SDP has been applied to 

find approximate solutions to combinatorial optimisation problems. All linear 

programs can be expressed as SDP; and via hierarchies of SDP, the solutions of 

polynomial optimisation problems can be approximated. In order to apply SDP, in 

Doherty et al. (2001), all the constraints between the sensors are collected and 

expressed as linear matrix inequalities (LMI) to form a single semidefinite program. 

The solution of SDP will produce an estimated area for each sensor according to the 

source of constraints. So the problem is how to organise the constraints into an LMI. 

There is a problem in that precise range data cannot be expressed as constraints, 

which is an important drawback for the algorithm, besides huge computation time 

even in the central powerful machine. 

 

A MDS (Shang et al., 2003) algorithm starts with a matrix of item–item similarities, 

and then assigns a location to each item in N-dimensional space, where N is specified 

a priori. In particular, classical multidimensional scaling takes an input matrix giving 

dissimilarities between pairs of items, and outputs a coordinate matrix whose 

configuration minimises a loss function. So, just forming a complete matrix of 

internode distances and applying MDS will find the estimated sensor positions. The 

special characteristic of this algorithm is that it does not need beacons to result in a 

local position, but the fatal weakness is that it depends heavily on a massive matrix 

operation (Morrison et al., 2003). 

 

Distributed algorithms are a trend (Lorincz and Welsh, 2007) in the research area, as 

tasks can be assigned to different objects to collaborate instead of depending on a 

single machine (Moore et al., 2004). When more algorithms are introduced in the 

following, without explicit statement, they will be distributed algorithms. 
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Another category of the localisation algorithm is the mobility of sensors: static or 

mobile (Mauve et al., 2003). Static means all the sensors (V), including Vu and Vb, 

are static after deployment, which is the case based on general WSN application. 

Static WSN localisation algorithms can be classified into two categories based on 

distance: range-based localisation (Chintalapudi et al., 2004) and range-free 

localisation. In theory, a range-based algorithm should provide a more accurate 

position as it is based on the computation of distance, but RSSI is not reliable and 

ToA and AoA cannot avoid the side effects of the nature of wireless (Dil et al., 2006), 

so the estimation of distance should be filtered and errors should not be propagated 

(Perkins and Tumati, 2004) along the sensors, otherwise it will be disastrous for the 

algorithm. With regard to the range-free algorithm, it does not require extra hardware 

because it only uses connectivity information and works well in a dense network; on 

the contrary, in a sparse network, it will be difficult to localise sensors accurately as 

connectivity will be very weak. 

2.3.2. Range-based Localisation 

 
Figure 2-9: PinPoint ToA  

(Youssed et al., 2006) 
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Methods of distance estimation mentioned before include: RSSI, ToA, TDoA and 

AoA (Whitehouse et al., 2007), which try to get the relatively correct distance 

between two sensors. Due to the well-known vulnerability of RSSI, it should be used 

after calibration or fingerprinting, which will be introduced later. Two methods that 

try to improve the performance of TDoA and AoA are introduced first. 

 

 
Figure 2-10: Implementation of AoA  

(Nasipuri and Li, 2002) 

 

Youssef et al. (2006) proposed a ToA algorithm using the PinPoint System shown in 

Figure 2-9, which learned to avoid synchronisation from the TDoA but without the 

need for a second signal. Basic PinPoint operation between two sensors includes two 

cycles and each cycle includes an exchange between the sender and receiver. In 

sequence, sensor A broadcasts a signal to sensor B and captures the transmitted 

timestamp; B receives this signal and captures the received timestamp. The sensors 

then swap roles, wherein sensor B broadcasts a timestamp signal with B capturing its 

transmitted timestamp and A capturing its received timestamp. Two cycles mean 

these exchanges are repeated. Finally, the sensors swap information about all sent 

and received timestamps with each other so that both sides know the eight timestamp 

values. PinPoint then provides a mathematical way to compensate for these clock 

differences in order to arrive at a precise timestamp recovery that in turn leads to a 

precise distance determination. The advantage of this method is that synchronisation 

and extra hardware are no longer required; however, the disadvantage is that there 

are more communication and computing costs compared to traditional ToA or TDoA. 
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At the same time, the classical problems of ToA, including built-in hardware delay, 

multipath effect, and non-line-of-sight transmission still exists.  

 

A directionality-based location discovery scheme on AoA (as shown in Figure 2-10: 

Implementation of AoA) was presented by Nasipuri and Li (2002). It tried to 

eliminate the complicated receiving hardware of sensors by using rotational beacons. 

It is assumed that at least three beacons equipped with a continuous unique radio 

frequency (RF) carrier signal on a narrow directional beam that rotates with a 

constant angular speed of ω are placed in the corners of the field where WSN are 

employed, and the distances between the beacons are known, such as L and M, and 

there is a constant separation of φ between the different beacons to implement 

synchronisation of the beacons. Based on this assumption, α, β and δ could be 

computed using the arrived time difference of the beacon’s signal, which will be 

combined with the known distances L and M to apply trigonometric functions to 

compute distance and position.  

 

The strength of this method is that it no longer uses the extra receiver as the 

traditional AoA method does. But several problems should be paid attention to when 

it is applied in the real world. Firstly, complicated beacons requiring being well-

placed, synchronisation, and unique directional beams, are all only possible in the lab, 

not in the real field. Then, the beam width of the directional beam is a key factor in 

the accuracy of the method, for it will affect the judgment of the timestamp signal 

that passes through the sensor, which the sensor uses to compute the angle. In order 

to improve the performance of the algorithm, Nasipuri and Li have suggested that the 

sensor determines the centre of the burst by estimating the time at which the received 

signal strength reaches a maximum—this makes the algorithm of the sensor more 

complicated and the computation in the sensor is heavier.  

 

Another ranged-based algorithm was proposed by Niculescu and Nath (2001; 2003) 

in the Ad Hoc Positioning System (APS) and was called DV-distance (see Figure 

2-11: DV-distance in APS). DV is an initialism for Distance Vector that comes from 

a distance-vector routing protocol, which is one of the two major classes of routing 

protocols used in packet-switched networks for computer communications.  
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Figure 2-11: DV-distance in APS  

(Niculescu and Nath, 2001) 

 

Applied to the algorithm, each sensor maintains a table of DV, expressed as {Xi, Yi, 

Di}. The algorithm starts from beacons, where each beacon sends a packet with its 

position {Xi, Yi} and its identity (ID) ‘i’. When the first unknown sensor Vu receives 

the packet for the first time, it will estimate its distance ‘D’ to the transmitter; at that 

time, it becomes the beacon and adds a DV item to its table {Xi, Yi, D}, then sends a 

packet with Xi, Yi and D to its neighbours. When an unknown sensor receives a 

packet with Xi, Yi for the first time, it will estimate its distance ‘d’ to the transmitter 

and the new D←D+d saves {Xi, Yi, D} to its table and sends a packet with Xi, Yi and 

D to its neighbours as well. If an unknown sensor receives three different {Xi, Yi, D}, 

it will then employ trilateration to compute its position. Feature of the algorithm is 

distributed, hop-by-hop and flooding. No matter which way it is used to estimate the 

distance between neighbours, a fact must be confronted, that D is the accumulation 

of distances between neighbours, not the true distance between the sensor and the 

beacon. So it is predictable that the final position is error-prone.  

 

 
Figure 2-12: Euclidean in APS  

(Niculescu and Nath, 2001) 
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This is the reason that another algorithm based on distance is proposed in the same 

paper, named Euclidean (see Figure 2-12: Euclidean in APS). The new algorithm 

applies the same principle but uses Euclidean distance instead of distance between 

neighbours. Euclidean distance is the "ordinary" distance between two points that 

one would measure with a ruler. It is a big step in accuracy but more complicated to 

implement in reality. For instance, L is a beacon, A is the targeted unknown sensor, 

and it needs at least two neighbours B and C which have estimated distances for L. 

So for quadrilateral ABCL, all the sides and the diagonal BC are known, and the task 

to compute another diagonal AL is possible, but it still has to face the traditional 

classical symmetry problem, A or A’, whose solution will depend on more distance 

information from other neighbours of A.  

 

As a conclusion, both of the algorithms struggle to achieve the task of localisation, 

but the former is error-prone because of inaccurate distance, and the latter is 

exhausted by applying complicated computations. 

 

All the mentioned range-based algorithms try their best to avoid the extra hardware 

of the unknown sensor but make the process or computation in sensors complicated 

and have obvious weaknesses respectively, so some other range-free algorithms 

(Lazos and Poovendran, 2004; Savarese et al., 2001) are proposed. 

2.3.3. Range-free Localisation 

A third method was presented in the same paper APS (Niculescu and Nath, 2001) to 

overcome the problem of range-based algorithms, it is a range-free algorithm called 

DV-hop based on the same process of DV-distance, but it is an overhaul. It includes: 

 Using hop counts instead of distance. It is range-free, where every unknown 

sensor adds one (1) to the hop count in the packet it received, saves the DV 

to its table, and sends the new packet to its neighbours. 

 Computing and broadcasting a correction by beacon. Beacons maintain the 

same table as unknown sensors. When a beacon gets packets from other 

beacons, firstly, it will compute distance between them using their respective 

X and Y, then estimates an average size for one hop, which is a result of the 

distance divided by hop count. This is the correction (C) for the unknown 

sensor. At this time, it will broadcast its ID and C. 
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 Computing distance applying the received correction by the unknown sensors. 

When an unknown sensor receives a correction packet, it will forward the 

packet to its neighbours and use the product of correction and hop count, 

which was saved before as its distance to the beacon. 

 Mechanism to flood and adopt correction. Both the beacon and unknown 

sensors have to make a decision on correction. Which correction is to be 

broadcasted as the beacon receives packets from all other beacons, and which 

correction should be chosen if every beacon broadcasts its correction? The 

answers will be various, depending on the particular network condition. The 

beacon could just compute a simple correction or send different corrections 

in different directions according to where the packet is from. On the other 

hand, the closest principle is another way to choose a correction by unknown 

sensor; it means the unknown sensor just waits for the packet from the 

beacon with minimum hop counts.   

 

The method gives the estimated distance and turns to compute the average distance 

between the sensors. It can work if the density of the network is enough and the 

properties of the graph of the sensors are the same in all directions because it is a 

range-free algorithm based on hop count (Savvides et al., 2002).  

 

Another classical range-free distributed algorithm is the Approximate Point in 

Triangulation Test (APIT) (He et al., 2003), based on an area in which unknown 

sensors are assumed to be able to hear a fairly large number of beacons. In other 

words, it strongly depends on the density of the sensors and the beacons. The 

algorithm concentrates on unknown sensors, which includes five steps: 

 

 Beacon information collection. After hearing from beacons, unknown sensors 

will maintain a table of beacons, which is composed of position and RSS. 

 Exchange beacon table to neighbours to form a combined table. If both the 

unknown sensor and the neighbour can hear from the same beacon, a column 

will be added to the combined table (see Figure 2-13).    

 PIT testing. The test is based on a simple proposition, if no neighbour of 

sensor M is further/closer to all three beacons A, B and C simultaneously, M 
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assumes that it is inside triangle ∆ABC. Otherwise, M assumes it resides 

outside this triangle. The words that must be paid extra attention to are ALL 

and SIMULTANEOUSLY. APIT will run through the combined table of 

unknown sensors to decide if it is inside or outside the triangle that is formed 

by any three of the beacons in the table by the existence of a neighbour which 

meets the proposition.   

 
 

 

 
Figure 2-13: From beacon table to combined table  

(He et al., 2003) 

 

 APIT aggregation is shown in Figure 2-14. The method employs a grid 

SCAN algorithm that uses a grid array to represent the maximum area in 

which a sensor will likely reside to aggregate the results. The maximum 

overlapping area will be used to calculate the centre of gravity (CoG) for 

position estimation (e.g. the grid area with value 2 in the figure). 

 Centre of gravity (CoG) calculation. CoG will be used as the final estimation 

of the position of the unknown sensor. 

 

Besides dependence on the density of sensors, other drawbacks in this algorithm 

are notable. First, the judgment of inside or outside the triangle will fail when the 

sensor is close to the edge of the triangle or is deployed irregularly. And as every 

sensor sets up tables and searches them according to the algorithm, the step will 
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demand more memory and computation, which is limited in the sensor. Also, 

CoG is another expensive computation. 

  

Fang et al. (2004) proposed a beaconless location discovery scheme, named 

deployment Knowledge-based Positioning System (KPS). They put sensors into 

groups and the same group will be deployed at the same deployment point, so the 

locations of sensors in the same group will follow a probability distribution, and then 

sensors can discover their locations by observing the group memberships of their 

neighbours. Finally, Maximum Likelihood Estimation (MLE) will be employed to 

solve the statistical estimation problem. So location of deployment points are critical, 

as well as an accurate modelling of deployment knowledge. As this is still a 

distributed algorithm, the cost of communication, computation and storage will be a 

huge burden to the weak sensor, and the designed mode of probability and MLE will 

decide the accuracy of localisation. 

2.4. Localisation with a Mobile Beacon 

All the algorithms reviewed previously, employ static beacons which are disposable 

and are therefore a waste of resources. As such, reusable mobile beacons are 

proposed as a more flexible and efficient method of localisation. Mobility is only 

available for beacons in localisation with a mobile beacon (LMB), not all sensors in 

WSN. There are some advantages to using a mobile beacon (MB) to assist sensors to 

localise (Sun and Guo, 2004). Cost is the first again, as usually a certain quantity of 

beacons is a must to help position unknown sensors in most of the proposed 

algorithms; nevertheless, because of mobility, only one beacon is required in LMB. 

Theoretically and physically, a mobile beacon could be treated as numbers of 

beacons. But in the real world, a mobile beacon will not always arrive at the 

Figure 2-14: SCAN in APIT aggregation 

(He et al., 2003) 
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predicted place according to the designed trajectory because of the geographical 

factors and specific terrain.  

 

LMB can be classified into distributed or centralised based on the position of 

computation. In the former, unknown sensors (US) collect information from the MB, 

which broadcasts messages that contain its current coordinates to compute their 

positions in a distributed way. In the latter, the MB could be upgraded to a mobile 

robot, which receives and saves messages from unknown sensors and works out the 

positions of unknown sensors employing more powerful computers after returning to 

a centre or online. Compared to the traditional centralised algorithm without MB, 

this could save the exhaustion-prone communication costs, which are necessary to 

transport collected sensed messages from the sensors to the centre; in other words, 

the MB plays two roles in LMB— the mule and the processor. 

 

To the best of our knowledge, from the point of view of mathematics, there are two 

main branches in research on localisation of WSN based on MB. One is Geometry 

(Martin et al., 1998), which concerns with questions of size, shape, relative position, 

etc., and all these are the key factors of localisation. Its visual nature makes it 

initially more accessible than other parts of mathematics. Some principles could be 

used to limit and reduce the possible area of the sensors. The other branch is 

Probability theory (Olofsson and Peter, 2005), which is applied extensively in 

various research areas, it draws conclusions about the likelihood of potential events 

with the massive improvement of the computer, for it usually depends on 

complicated computations.     

2.4.1. Geometry 

2.4.1.1. Arrival and Departure Overlap (ADO) 

Xiao et al. (2007) proposed two distributed LMB methods employing geometry. One 

uses the arrival and departure information of a MB, and the other exploits the 

variance of RSS from the beacon. In the former, they move the beacon in a straight 

line and set up a crescent-shaped area named ADO (see Figure 2-15: ADO and 

moving pattern ) to confine and narrow down the possible position estimation of the 

unknown sensors. 
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The assumption is that the MB broadcasts its position at a broadcasting interval s and 

moves in a straight line. When the unknown sensor G hears from the MB for the first 

time, it records the MB position as arrival position B and uses the known condition 

to calculate the pre-arrival position A where the MB broadcasted the previous 

position, so the estimated position of G must fall into the left-hand crescent shape. 

Applying the same principle, G can record the departure position C and post-

departure position D and find the right-hand crescent shape. As a result, G must fall 

in the ADO, which is the overlap of the two crescents. The moving pattern is shown 

in Figure 2-15, where the distance between two adjacent lines of movement is r, 

which is the radio transmission range of the MB. This assures that every unknown 

sensor receives a MB signal twice, except some exactly in the straight line. So the 

estimated position of the unknown sensor could be reduced by using the overlap of 

two ADO. Furthermore, as the MB walks in a straight line, G will have to face the 

classical problem of deciding which side it is on, but the moving pattern solves the 

problem when G receives another parcel of position information.   

 
Figure 2-15: ADO and moving pattern  

(Xiao et al., 2007) 

 

2.4.1.2. Radio Signal Strength (RSS) 

Another method that exploits a principle to estimate unknown positions instead of 

RSSI, which is that the position with strongest signal strength is the closed. The 

variance of RSSI is used to estimate the sensor position. In an ideal environment, 

when the MB passes sensor O (the RSSI are shown in Figure 2-16: RSS ), the 

maximum signal strength happens at point D and the second at point E. If the straight 

line is the X-axis, the position of O must be between D and E and close to D; so 

given D’ as the midpoint of D and E, O must be in a position between D and D’ (see 
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Figure 2-17: Coordinate estimation ). As only one coordinate is settled using this 

method, the moving pattern (see Figure 2-18: RSS moving pattern ) for the method is 

a little different from the former; the MB will move in both directions, vertical and 

horizontal to get both coordinates X and Y. And the distance between two lines turns 

to 2r because at this time, the unknown sensor knows exactly which direction the 

signal comes from.   

 

 
Figure 2-16: RSS  

(Xiao et al., 2007) 

 

According to the methods, the broadcasting interval s is a significant parameter; 

when s is smaller, the estimated area of the position will decrease and result in more 

accuracy in both methods.  

 

 
Figure 2-17: Coordinate estimation  

(Xiao et al., 2007) 

 

 Xiao et al. changed the transmission range and broadcasting interval of the mobile 

beacon to experiment with the algorithms in an ideal environment and found that the 

results are consistent with the theoretical analysis and the average estimate errors 

could be within 1 m, but all the results are based on an ideal environment.  
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Both methods assumed that the MB had prior knowledge of the deployment area and 

the MB had to move strictly along the designed pattern. In real life application, 

movement must be limited by the particular terrain. Another problem is what 

percentage of sensors will be localised. In ADO, if some sensors locate exactly in the 

walking line, then they only receive one signal; and in the second method, the 

sensors that are exactly in the middle of the two straight lines will receive very weak 

signals, which could all be factors causing the algorithm to fail. 

 

 

2.4.2. Perpendicular Bisector 

Another algorithm that is based on a geometry conjecture (Ssu et al., 2005) is the 

perpendicular bisector of a chord, which states that a perpendicular bisector of a 

chord passes through the centre of a circle. If two non-parallel chords are gotten in a 

circle, their intersection must be the centre of the circle. Based on the previous 

assumption, if the centre of a circle is the position of the unknown sensor and the 

radius is the maximum transmission range Rm of a MB, then at least three points on 

the circle are needed to construct two chords. At least one MB will walk around the 

field of the WSN and periodically broadcast beacon messages in an interval t to 

supply the three needed points. This is a distributed algorithm, so it is the unknown 

Figure 2-18: RSS moving pattern  

(Xiao et al., 2007) 
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sensor that will be responsible to collect MB information and calculate the position 

of itself.  

 

 
Figure 2-19: Beacon point selection  

(Ssu et al., 2005) 

 

Every sensor will maintain a set of beacon points and a temporary visitor list. The 

former is the points on the circle, the beacon point is presented as ID, location and 

timestamp; the latter is a helper of the former and is recorded as ID and lifetime. 

When a sensor receives the first message from a beacon whose ID is ‘ID’, the 

information will be saved as a beacon point and visitor list as well, where 

lifetime = timestamp + δ, δ = αt and α>=1, this means the lifetime of the visitor is 

extended to hear at least one more beacon message. This is what happens at T1. 

When T2, T3 and T4 arrive, nothing happens to the beacon point, but every time, the 

visitor list extends the lifetime. At T5, there is no change in the beacon point at the 

beginning because it is not the first time to be received, and the visitor list extends 

the associated lifetime. Then the beacon leaves and the lifetime in the visitor list will 

expire. At that time, the sensor will delete the item in the visitor list and add the last 

message from the beacon as a beacon point, which is T5. Based on the same theory, 

T12 and T15 will be saved as beacon points when the beacon returns in Figure 2-19. 

If three beacon points B1, B2 and B3 are found, based on the conjecture, the position 

of centre S is easy to work out according to the associated principle of the  circle (see 

in Figure 2-20: Position of unknown sensor ). 

 

Some problems are apparent based on the previous algorithm, but the authors present 

some enhancement to compensate it accordingly. Firstly, the method uses multi-
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beacons, which results in destructive bandwidth congestion and collision. To handle 

the problem, they suggest that the scheduling for broadcasting beacon messages is 

jittered, and the jittered beacon interval is the sum of beacon interval and jitter time, 

which is randomly selected from a uniform distribution between 0 and (0.01 x 

beacon interval).  

 

There are many factors that can fail the beacon point, such as broadcasting interval, 

which makes the beacon point not exactly on the circle, and signal collision. They 

suggest that a threshold whose length is smaller than 2R should be used to confine 

the selection of short chord, which will result in the departure of the centre of the 

circle. 

 

 
Figure 2-20: Position of unknown sensor  

(Ssu et al., 2005) 

 

Obstacles in real life applications are unavoidable, which makes it possible that the 

first beacon message is missed and the second is treated as the first; this is another 

possible failure of using beacon points. So, when choosing from beacon points to 

form chords, a coarse test should be applied to judge if the point is in a similar 

distance to the sensor, and if not, the point should be given up. If there are not 

enough beacon points, it is suggested that other points on concentric circles are 

suitable to be used as beacon points as well. 

 

In conclusion, the position of the centre of the circle is relatively sensitive to the 

accuracy of the chords; and a small error of beacon point could result in a large 
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departure of the centre, in turn the position estimation could be far from the true 

position.    

2.4.3. Probability 

Sichitiu and Ramadurai (2004) proposed an LMB using Bayesian inference for 

processing information from one mobile beacon, which is developed from their 

preceding paper (Ramadurai and Sichitiu, 2003). The method requires the probability 

distribution function (PDF) of distance corresponding to the RSSI of a beacon packet.  

 

 
Figure 2-21: RSSI as function of distance  

(Sichitiu and Ramadurai, 2004) 

 

 
Figure 2-22: PDF as function of distance when RSSI=77  

(Sichitiu and Ramadurai, 2004) 

 

In order to get the PDF as a prerequisite, system calibration (Brunato and Battiti, 

2005) is the first step of the method. First, RSSI is measured by changing distance 

from a beacon (see Figure 2-21: RSSI as function of distance) in order to get the data. 
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From the RSS vs. distance measurement, the inverse function (distance vs. RSS) is 

derived, so that PDF as a function of distance in a certain RSS can be depicted with 

enough test data. For instance, Figure 2-22 is the PDF as a function of distance when 

RSSI is 77. The authors found that PDF is a surprisingly good fit to Gaussian.  

 

When an unknown sensor receives a beacon packet, it will be able to infer that it 

must be somewhere around the beacon position with a probability according to the 

received RSS. Constraint of the information is depicted as: 

 

 

                               (2.5) 

 

Where PDFRSSI is derived from the calibration; (xB, yB) is the position of the beacon; 

and d(A, B) is the Euclidean distance between points A and B, which in this case, A 

is the unknown sensor and B is the beacon. The sensor will employ Bayesian 

 

                                      (2.6) 

 

                                     (2.7) 

 

inference to compute its new position estimate NewPosEst from OldPosEst and new 

constraint: 

 

 

                                      (2.8) 

 

Figure 2-23 reflects the evolution of the estimation of an unknown sensor as more 

and more beacon packets are received.  
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Figure 2-23: Evolution of position estimation  

(Sichitiu and Ramadurai, 2004) 

 

Finally, after all the beacon packets have been received, the estimated position 

coordinates can be determined as: 

 

 
(2.9) 

 

However, several weaknesses of the algorithm are: 

 Calibration (Kaemarungsi and Krishnamurthy, 2004). This is not always 

possible to be carried out before localisation as sometimes the field of interest 

is not under control at all. 

 Complexity of computation (Kuo et al., 2005). Every sensor has to carry all 

the estimated computations by itself when receiving a new beacon packet. 

Actually, the authors applied a real computer to replace the sensor in the 

simulation. 

 Number of received beacon packets. At least three non-collinear packets are 

needed to estimate the position; more is better. 

 Trajectory of the mobile beacon. A straight line should be avoided or the 

problem of symmetry will be introduced because of it. 

 

To our knowledge, this is the first time probability and MBs are combined together 

for localisation of WSN. Peng and Sichitiu (2005) did further research on the similar 

way. Heavy computation is obvious in the algorithms, but it is determined that 

probability can predict position with enough computational power. 
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2.4.4. Particle Filter 

Particle filter, which is also called the sequential Monte Carlo method (SMC), is an 

estimation technique based on Bayesian filter as well. Sensory readings could be 

used to compute the probability distributions of the sensors as densities of particle 

samples. Simply, applying particle filter in localisation means using particle sample 

points to represent probability densities, so the more particles, the more accuracy, but 

more computation efforts are also required. 

 

Huang and Zaruba (2008) proposed a localisation method {A} that combined particle 

filters and MBs. The approach uses a Monte Carlo filter to perform Bayesian 

filtering on a sample representation; the distribution is represented by a set of 

weighted random samples: . The filter includes two steps: 

 Prediction: a new set of samples will be 

produced according to system model . 

 Update:  will be updated according to a measurement model by  

 

 
 

in which the weight of the particle is designed to depend on its consistence with the 

observation from the unknown sensor and neighbours. If the position of the particle 

is consistent with the observation Rv from the sensor, then its weight will be high. 

Weight is a sign of possibility of location. A higher weight means greater possibility 

of being close to the real location, and then the samples will be resampled to a new 

set of samples .  

 

This method employs the powerful beacon to perform the calculations instead of 

sensors in order to diminish the weakness of huge calculation of the particle filter. 

Therefore, what the unknown sensor Vu does is to collect connectivity information 
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Rv from neighbours, and send it to the MB as required. It also receives results from 

the MB to check or deliver to the neighbours. This idea is in accord with the nature 

of WSN; the mobile beacon could be equipped to be as powerful as needed, but the 

sensor is still limited. 

 

Variance is used to judge if the unknown sensor is localised. It is conceivable that 

when the variance reduces below a threshold, the position of the sensor will be 

reduced to a small area. Small variance is related to big certainty of location. When 

the MB is in the critical area of sensor V, it firstly initialises a sample set Xv for the 

unknown sensor V, and requests V to report Rv. After saving Rv, it will weigh the 

samples in Xv one by one as  by judging if the sample is consistent with the 

observation. Then, the samples are resampled with the probability governed by the 

weight distribution, and some samples that are not in the current coverage area of the 

MB are replaced by the accordant. Now the samples are closer to the true position of 

the unknown sensor. The variance of the samples will be calculated, and if it is 

smaller than a threshold Tvar, the unknown sensor is localised.  

 

In order to improve the localisation performance, the location distribution of 

neighbours based on one-hop observation data between the pair of neighbours is 

updated. This is the reason that Rv is required. The MB then applies the same weight 

process to every neighbour of V, using V as a reference. This step makes it possible 

that neighbours of sensors that received a direct signal from the mobile beacon could 

be localised, even though they did not receive a signal directly from the mobile 

beacon. 

 

One drawback of the method is the utility of mobile beacon message. The method 

uses only the information of connectivity when the MB enters or leaves the 

maximum received range of the sensor. Other received messages when the MB is 

passing are ignored, which is a waste as three non-collinear messages could arrive at 

a relatively accurate localisation no matter which algorithm is employed. Another 

problem is accuracy—more samples and low Tvar will result in more accuracy but 

more computation complexity and longer time for localisation. 
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The inherent problem of particle filters is degeneracy, which means the weight is 

concentrated on a few particles only, so the authors added a fixed percentage of 

randomly placed samples in every weight update to decrease degeneracy.  

 

Caballero, Merino et al. (2008) in another article {B} employed the particle filter as 

well, but the algorithm was totally different. The differences between {A} and {B} 

are outlined in the following table: 

 
Table 2-1: Comparison of two particle algorithms 

Title Calculation 

place 

Weight Calibration 

off-line 

RSS Localised 

judgment 

System model 

{A} Beacon Consistency 

with 

observation 

no Range-

free 

Variance P(st|st-1) 

=Ν(0,σ) 

{B} Gateway Correlation 

between 

RSSI and 

distance 

yes Range-

based 

Standard 

deviation 

P(st|st-1) 

=Ν(st,∑t-1) 

 

Accuracy of localisation is related to the density and scale of the network, but 

approximation is the nature of WSN; sometimes it is impossible and not necessary to 

find the exact location of the sensor, hence the particle filter is a good choice in this 

situation. 

 

Pathirana et al. (2005) presented a centralised algorithm based on mobile robots in 

Delay-Tolerant Sensor Network (DTN). They employed mobile robots to receive and 

store signals sent by unknown sensors and used a Robust Extended Kalman Filter 

(REKF) based state estimator to solve the localisation. The key point of the 

algorithm is finding the right parameters for the weighting matrices, which model the 

weighting between different measurement noises. Since using sophisticated 

algorithms like the Kalman Filter, it is a good choice to process data in a central 

point where more powerful computation can be provided. The experiment in a large 

indoor area shows that the localisation accuracy is approximately 1m.  
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Some other impressive researches and directions include that Yedavalli et al. (2005), 

which determined location by examining the ordered sequence of RSS measurements 

taken at multiple reference nodes; Lim et al. (2006), which was based on the 

truncated singular value decomposition (SVD) technique, a mapping between the 

RSS measure and the actual geographical distance; and Nissanka et al. (2005) and 

David (2006) whose localisation algorithms were based on the Rigidity of Graphs 

(Eren et al., 2005). 

2.4.5. Static Path Planning 

Path planning is a significant issue in localisation of WSN with MB. The associated 

factors of path planning include: 

 coverage rate: what percentage of unknown sensors are localised 

 accuracy: the lower the error of localisation, the better 

 path length and travel time: how far the MB has to walk and how long it takes 

in order to finish the localisation algorithm. 

 

Path planning is classified into two types: static and dynamic. Static means that the 

path planning is designed before the process of localisation and cannot be modified 

during the process of localisation; usually the path is fixed regardless of the WSN 

field of interest. On the contrary, the algorithm of dynamic path is designed before 

localisation but the specific path does not exist until the MB is controlled to walk in 

the field of interest by the algorithm, which depends on real-time unknown sensor 

information. The walking path of the MB will be adjusted dynamically and 

continuously during the localisation procedure. 

 

Path planning is mentioned by Sichitiu and Ramadurai (2004) but no concrete 

suggestions are in the paper. Xiao et al. (2007) applied vertical and horizontal 

straight lines as walking paths. SCAN, DOUBLE SCAN and HILBERT are studied 

and compared by Koutsonikolas et al. (2006) and Huang and Zaruba (2007) further 

developed static path planning by adding two brand new patterns, CIRCLE and S-

CURVE, and using Cramer Rao Bound (CRB) (Patwari et al., 2005) as the 

evaluation tool. 
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Four typical path patterns: SCAN, HILBERT, CIRCLE and S-CURVE are displayed 

in Figure 2-24 from left to right. 

 
Figure 2-24: Four static paths  

(Koutsonikolas et al., 2006) 

 

 

Based on the assumption that the sensors are uniformly distributed over a 

480 m x 480 m square deployment area, the following table 2-2 is a summary of the 

comparison of the four static paths’ performance. 

 
Table 2-2: Performance of the four static paths 

Static path 

type 

Resolution 

definition (60 m) 

Path 

length 

Advantages Drawbacks 

SCAN Side length 3780 m Simple Collinearity, 

less coverage 

HILBERT Side length 3840 m Shorter line 

segment 

Less collinearity, 

more coverage 

CIRCLE Diameter of innermost 

circle, distance of two 

concentric circles 

3196 m Avoid 

collinearity, 

shortest path 

Does not cover 

corners of square 

S-CURVE Diameter of half circle 3753 m Combination of 

scan and circle 

 

 

Supplementary information about static path worthy of stressing is: 

 

 To SCAN, reducing resolution to match the broadcast range is one way to 

reduce collinearity, but will result in a longer path length. 
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 To CIRCLE, adding more concentric circles can improve the coverage of the 

four corners of the square but results in longer path length; furthermore, as 

circles become larger, collinearity emerges and accuracy is reduced. 

 Evaluation by CRB shows that CIRCLE and S-CURVE outperform the other 

two paths when the path resolution is higher than the transmission range 

because of collinearity. The performance of SCAN and HILBERT is as good 

as S-CURVE when increasing the transmission range, but the performance of 

CIRCLE is worse due to the square of the test field. 

 

In conclusion, collinearity is a big issue that should be paid enough attention to when 

designing a static path pattern. 

2.4.6. Dynamic Path Planning 

Uniform distribution is the basic assumption of static path planning, so all the 

designed paths try their best to cover everywhere of the field of interest. But in real 

life application, non-uniform distribution of sensors is inevitable because of 

scattering deployment, so part of the movement of MBs based on static path planning 

will be useless. This is the reason that dynamic path planning of MBs is becoming 

the next popular research area. MBs can move on demand; they can communicate 

with unknown sensors; and can walk to selected targets, a single sensor or a group 

depending on the necessity.  

 

Kim and Lee (2007) presented a scheme providing movement path selection with a 

low computational complexity. They emphasise the energy efficiency of both the 

MB and unknown sensors; however, the method is range-based using RSSI and uses 

settled sensors as references, and both the choices make the method error-prone. 

Actually, the paper did not provide a whole viewpoint on how the dynamic path is 

processed; only some phases and small tricks of the whole picture are worth 

mentioning here. 

 

The first phase is called reference movement and is shown in Figure 2-25. The MB is 

located in the middle of the field and walks along a regular triangle whose side 

length is R, which is the coverage range of the MB. After the movement that assures 

three beacon points are available, all the sensors in the triangle can be settled and 
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will act as reference sensors. These references will generate more references 

recursively and error is propagated. 

 

 
Figure 2-25: Reference movement  

(Kim and Lee, 2007) 

 

 
Figure 2-26: Candidate area for two references  

(Kim and Lee, 2007) 

 

The candidate area of the beacon point for an unknown sensor that has two reference 

sensors and needs one more is presented in the paper and is shown in Figure 2-26, 

where the intersection of two circles whose centres are possible points for the 

unknown sensor and the radius is R, is the candidate area. If the beacon point is not 

at a collinear line with the reference points A and B, it has the best position for both 

candidate points P1 and P2 to receive the third beacon message. When the MB 

navigates into the area, the unknown sensor only judges its position by the distance 

to the MB, instead of the resource-exhaustive trilateration computation. 

 

For an unknown sensor that has only one reference, A in Figure 2-27, the candidate 

area is a circle whose centre is the only reference point A, and the radius is R–d, 

where d is the distance of the unknown sensor P and A. P can hear from any point on 

the circle. Two more points that are not at a collinear line with A are required. But as 
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mentioned in another paper (Ssu et al., 2005), a threshold λ for the chord that is 

formed by the two beacon points is a better solution for accuracy. The suggestion is 

λ>0.3*(R–d). 

 

 
Figure 2-27: Candidate area for only one reference  

(Kim and Lee, 2007) 

 

Although there is no concrete process for dynamic path planning, the authors give 

their suggestions on how to start and how to choose a better area to localise the 

unknown sensor which has had one or two references. 

2.4.7. Graph Theory 

WSN can be defined as G = (V, E) because WSN is a network and graph feature is 

its nature. Graph traversal or a graph search algorithm is employed to design the 

dynamic path in a natural way. Li et al. (2008) proposed two different algorithms: 

breadth-first (BRF) and backtracking greedy (BTG), which are from traditional graph 

theory. They treat WSN as a connected undirected graph and transform the path 

planning problem into having a spanning tree and traversal of graph. 

 

Before description of the particular algorithm, several definitions are presented. 

Firstly, the neighbour-sensor: if sensor Vn can hear from the MB when it visits sensor 

Vi, then Vn is called the neighbour-sensor (NS) of Vi. Furthermore, if distance 

between Vn and the MB is less than 2R/3, where R is the communication radius of 

MB, then Vn is called the interior-sensor (IS) of Vi; otherwise, the neighbour-sensor 

Vn is called the margin-sensor (MS). 

 

The simulation showed that the whole trajectory of BRF looks like an “S” in Figure 

2-28. The “delete Vn” appears in Algorithm 2–1 repeatedly in order to avoid a sensor 
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from being visited twice and eliminates interior neighbours of leaf. But sensor 

elimination should be done cautiously, for the elimination could cut the tree and fail 

the localisation. 

 

Algorithm 2-1: Breadth-First 

 

Find a margin sensor V0 as root of the spanning tree, level (v0) = 0 

For all levels do  

 For all Vi in the level do 

  For all NS Vn of Vi do 

   If Vn is IS of Vi then 

    If level (Vn) exists and level (Vn) equal level (Vi) then 

     Delete Vn from the spanning tree 

    Else  

     Delete Vn 

    End if 

   Else 

    If level (Vn) equal level (vi) then 

     Delete Vn 

    Else 

     Expand Vn as a leaf of Vi 

     level (Vn)=level (Vi+1) 

    End if 

   End if 

  End for 

 End for 

End for 

 

The BTG algorithm is the combination of greedy and backtracking, respectively. 

First is greedy, which makes the local optimal choice at each stage with the hope of 

finding the global optimum. Compared with BRF, it introduces weight, which is the 

reciprocal of the number of unknown NS of Vi. The method chooses only one leaf 

for each level and the standard choice is the NS with a minimal weight. By this way, 

the main part of the sensors form a string, but some sensors will be missed because it 
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only picks one main branch, so backtracking will set the nearest sensor as a new start 

of the greedy algorithm to compensate for the coverage; the path is shown in Figure 

2-29: Trajectory for BTG .  

 

 
Figure 2-28: Trajectory for BRF  

(Li et al., 2008) 

 

These two algorithms are just ideas of dynamic path planning using graph theory, but 

knowing the existence of a sensor is different from location of the sensor. A MB 

must know the position of leaves to walk to them. As a result, the methods must 

cooperate with other localisation algorithms to implement a whole complete 

algorithm. 

 

 
Figure 2-29: Trajectory for BTG  

(Li et al., 2008) 

 

Li et al. (2009) proposed a depth-first traversal algorithm to model the dynamic path 

as a travelling salesman problem in order to localise the network fully. The depth-
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first search starts at the root and explores as far as possible along each branch of the 

tree before backtracking. The principle is simple and the key word of the algorithm is 

‘recommendation’. Firstly, the MB chooses a root R and travels to R to localise R, 

then R recommends one of its neighbours, S1, to the MB; and remembering the 

parent-child relationship, S1 does the same job as R and Sn as well. If Sn cannot find a 

sensor to recommend, the MB will return to Sn-1 for recommendation again, and so 

on, until it arrives to R again. At that time, the entire network has been traversed and 

fully localised. 

 

It is evident that trajectory and travelling time will be a little more than the previous 

algorithms as it may have a higher coverage rate. The authors suggest three 

optimisation techniques to improve the performance of the algorithm. Firstly, sensor 

elimination is feasible; as mentioned in BRF, some neighbours close to R or S are 

localised so they should be eliminated to avoid being recommended as a new child. 

Secondly, restricting the MB to a connected three-dominating set (3-CDS) can 

shorten the trajectory of the MB. As a sensor needs three references to localise itself, 

CDS can ensure that every sensor at least has one direct neighbour. The last advice is 

minimum spanning tree (MST), but the construction of MST is too expensive for the 

unknown sensor, so local MST should be a good alternative and intuitive option, 

saving precious energy of the sensor.   

2.5. Summary 

Localisation is the prerequisite of other aspects of WSN and it provides more 

valuable data for WSN application. The implementation of localisation is deeply 

depended on beacon whereas mobile beacon provides a flexible and reusable 

approach. From static path to dynamic path, the efficiency of localisation will be 

improved remarkably. Consequently, dynamic path of MB in localisation of WSN is 

an inevitable and necessary research discipline which will be underlined.  

 

Our contributions address the dynamic path of mobile beacon (DPMB) in 

localisation of WSN will be presented in the following three chapters. A framework 

of DPMB will be proposed in the next chapter, it is the foundation of the other two 

algorithms and a complete implementation of localisation. 



 

 

Chapter 3   

FRAMEWORK FOR DYNAMIC PATH OF MOBILE BEACON 

 

Three algorithms are developed in the thesis; first of all, a framework based on 

dynamic path of mobile beacon for localisation of WSN is designed in this chapter. 

This is essential for the other two algorithms, but it is a complete algorithm and 

simulation data will be provided to prove how effective it is.  

3.1. Introduction 

In the proposed framework (Li et al., 2011), we remain committed to the principle of 

being economical and employ the following.  

 Six optional positions are provided to be chosen as the next position based on 

geometry (Liao et al., 2000).  

 The MB does all the analysis and computation as it can be equipped to be as 

powerful as we want, whereas sensors just perform limited communication to 

save energy consumption. 

 Judgment is preferred to computation (Li et al., 2004) in both the MB and 

unknown sensors as it can save energy.  

 Graph theory is employed to make judgment simple, but it is applied in direct 

neighbours not the whole area of interest.  

 Quantity of neighbours (QoN) will be employed as the driver of walking 

direction of the MB; this means the unknown sensor that owns most 

neighbours has the best chance of being the next target of the MB. 

 RSSI is applied to estimate the distance between two sensors as it is an 

inherent property of wireless sensors, so no extra cost is required to 

implement the algorithm.  

 Settled sensors will act as reference sensors to help localise unknown sensors 

in order to save the action of the MB and make the method more efficient, 

however the price to pay is that it could extend error of prediction.  

 The MB will walk to the vertices of the equilateral triangle whose length of 

edge is Rm, which is the maximum coverage radius of the MB.  
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 Both positive and negative messages are used to judge the position of the 

unknown sensor because an obviously negative message can shrink the 

possible location of the unknown sensors. 

 Only two beacon messages and the walking direction of the MB are used to 

decide the position of the unknown sensor; this method saves complicated 

computation of trilateration or multilateration.  

 Not only the current collected information, but also former collected 

information is used to help determine the positions of unknown sensors. This 

is implemented in other algorithms (Huang and Zaruba, 2008; Sichitiu and 

Ramadurai, 2004), which employed heavy computational probability theory. 

We just employ them in a simple and lightweight geometry calculation.  

 

In the following Section 3.2, the dynamic path algorithm is presented. Section 3.3 

then discusses the simulation results. Finally, our conclusions and further research is 

reported in Section 3.4. 

3.2. Dynamic Path of Mobile Beacon in Localisation of WSN 

3.2.1. Basic Concepts 

Firstly, the basic concepts are presented as follows: 

1. The unknown sensor U, which needs help to be localised and has a unique identity 

(ID) that is assigned before deployment, ID > 0. 

2. Settled sensor S, which has already been localised, can serve as a reference. 

3. Reference sensor REF, which knows its own location, can be a mobile beacon 

position (MBP) or an S. 

4. Neighbour N, if two sensors can hear messages from each other, they are 

neighbours. 

5. Mobile Beacon MB, whose ID = 0. 

6. The position of the mobile beacon (MBP); every MBP has a sequence number 

SEQ. The SEQ will be in a different range of ID in order to differentiate them 

because both of them will be treated as a reference for an unknown sensor. 
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7. The coverage radius Rm of the mobile beacon and unknown sensors. If the distance 

of two sensors is less than Rm, they are neighbours.  

8. Next position. The next position for the MB is narrowed down to six options, 

which are presented in Figure 3-1. O is the original position of the MB, (X0, Y0); and 

P1 to P6 divide the circle whose radius is R equally into six parts and can be 

expressed as (Xn, Yn): X = X + R ∗ cos( + (n − 1) ∗  )                              (3.1) Y = Y + R ∗ sin( + (n − 1) ∗  )                               (3.2) 𝐧 = 𝟏 → 𝟔 

They are candidates of the next position of the MB. Triangle PnOPn+1 is an 

equilateral triangle, as PnO = Pn+1O = R and ∠PnOPn+1 = π/3 when n < 6. This 

moving pattern makes sure that all the unknown sensors inside arch P OP  will 

receive three messages if the MB experiences all the three positions. 

 

 
 

Figure 3-1: Six next positions 

 

9. Target. The target is defined to help the MB to decide which candidate (P1–P6) 

will be selected as the next position, which is a general sensor but hears the ‘hello’ 

message from the current MBP.  

 

The process of localisation with MBs can be declared as unknown sensors (U) are 

distributed randomly in a certain area of interest. The mobile beacon walks in the 
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area with MBP, which is decided in real-time from the mentioned candidate’s next 

position, tries to turn U to settled sensors (S), and then S turns to reference sensors 

(REF) to help turn more U to S recursively. The algorithm of DPMB is to decide 

MBP with help from neighbours (N) of U, by finding the target and deciding the next 

MBP. 

3.2.2. Algorithm 

There is a general message format in between unknown sensors and the mobile 

beacon, which is shown in Table 3-1 below.   

 

Every message is composed of three parts. First is the unique ID; the ID of the MB is 

set to 0 and every unknown sensor is preset to a unique ID before deployment. The 

second part of the message is the attribute, which will be “hello” or “location”. The 

former is prepared for connectivity and neighbour finding, whilst the latter is the 

information of localisation for the sensors. Correspondingly, the third part of the 

message is content for the attributes, none or ID {N} for “hello”, and ID and location 

{x, y} of localised sensor for “location”. 

 
Table 3-1: Message 

From Attribute Content 

ID 
hello none or {N} 

location ID, {x, y} 

 

The MB is the leading role of the algorithm. It walks and liaises with the sensors, 

manipulates all the collected information and localises the unknown sensors. In 

contrast, the unknown sensors passively receive the messages from the MB most of 

the time, except at the beginning stage of the process of localisation, where they 

broadcast and collect “hello” messages to find their neighbours {N}. 

3.2.2.1. Algorithm for the Unknown Sensor 

There are two stages for unknown sensor in the process of localisation. The first 

stage is identifying neighbours, in which firstly two flags, the “MB_flag” and 

“localised” flag are set to 0 for the unknown sensor. The former describes if the 

unknown sensor has received the MB message already or not, whereas the latter 
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explains itself by its name; they are initialised to 0, which means negative. All 

unknown sensors send out “hello” messages (Jiang and Camp, 2002; Ko and Vaidya, 

1999) and listen to “hello” messages from other unknown sensors, and then construct 

neighbours’ information {N}, in which every row for a neighbour includes an ID and 

RSS, which is an inherent function of the general sensor. By this way, every 

unknown sensor knows how many neighbours it has and how close (or far) they are. 

This is the end of the first stage, and then all the unknown sensors just sit and wait 

for a message from the MB.  

 

Algorithm 3-1: Unknown Sensor U 

Identifying neighbours stage 

Output: {N} 

Initialise flags 

Broadcast ID.  

Collect neighbours’ information {N}. 

Localisation stage 

Input: msg 

While receiving message do 

 If msg.attribute is “hello” 

  If MB_flag is 0  

   Echo “hello” with {N}; 

   MB_flag set to 1; 

  Else  

   Echo “hello” with none 

  End if 

 Else   

  If msg.content.ID is U.ID   

   Localised set to 1; 

  Else If msg.content.ID∈ {N.ID} 

   Forward msg “location” to {N} 

  End if 

 End if 

End do 
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After the MB comes and moves, the second stage of the process in unknown sensors 

begins. Receiving the “hello” message from the MB (whose ID = 0) the first time, 

the unknown sensors will reply with information of its neighbours {N}, which is 

constructed in the first stage and sets the “MB_flag” to 1; otherwise, it will just 

return “hello” with nothing. When the message is a “location” message, the unknown 

sensor is localised and sets the “localised” flag to 1 if the settled ID in the content is 

equal to it, or if the settled ID is equal to one of its neighbours in {N}, it forwards the 

“location” message, otherwise does nothing. 

 

In response to the need to be “economical”, the algorithm tries to minimise the 

frequency of communication, which will otherwise consume precious limited energy 

of the unknown sensor. {N} of the unknown sensor is sent to the MB once only, and 

the “hello” message is sent to the neighbours once as well. The localised message is 

not flooded; it is forwarded to the neighbour only when the localised ID is in {N}. 

3.2.2.2. Algorithm for Mobile Beacon  

Compared to general unknown sensors, the MB is the core component of the 

algorithm and all the computation will happen in the MB. There are three basic 

assumptions for the MB. First of all, it gets more power. In the algorithm, the 

consumption of energy in the MB is not considered as energy is assumed to be 

enough for the MB, so it can walk to anywhere of the interested field. Secondly, it is 

more powerful at computation, although the most complicated computation in the 

method is the solution of binary quadratic equations to find two possible positions of 

unknown sensors, so the action of the MB will be treated as real-time, as the time for 

the MB to handle intermediate data is ignored. Also, it owns more memory in order 

to save all the data for every step.  

 

Two categories of data are defined in the algorithm: permanent and temporary. The 

former is initialised at the beginning of the process and kept until the end of the 

whole localisation process. The latter only exists in every cycle and will be replaced 

in the next cycle. Permanent data structures are introduced in the following, and 

temporary data will be defined in a particular method when it is necessary. 

 

1. Position of the MB (T_mbp): 
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Table 3-2: MBP 

SEQ X Y 

 

MBP can track the trail of the MB. Every position of the MB has a sequence number 

(SEQ) and relative coordinate (x, y) location. The SEQ starts from 1 and moves up 

with the movement of the MB. Moving distance of the MB can be evaluated from the 

SEQ. The relative coordinate (x, y) records the position of each SEQ. It is called 

‘relative’ because the coordinates are not absolute GPS data of latitude and longitude 

(Ahmed et al., 2005); rather, it is the relative position according to the temporarily 

decided origin of the interested field (Nagpal et al., 2003). So MB in the algorithm 

does not need to be equipped with a GPS. The position of the MB cannot be repeated 

because unknown sensors {U} are static, so repetition of the MBP is not helpful for 

localisation. 

 

2. Neighbours (T_nb): 

 
Table 3-3: Neighbour (NB) 

ID QoN N1 N2 … 

 

Every unknown sensor has a unique ID. When an unknown sensor hears from the 

MB for the first time, it will make feedback with its neighbour’s information {N}, 

which is collected from the identifying neighbour’s stage of Algorithm 3-1. The MB 

will add a unique record for the unknown sensor in this table and count the quantity 

of neighbours (QoN) for the unknown sensor. In implementation of the method, QoN 

not only provides information about neighbours, but it also indicates the necessary 

memory for the MB to save this record for the unknown sensor because QoN is 

dynamic and depends on the distribution of the sensors. The MB requires 

information about exactly which sensors are neighbours of the ID; N1 to NQoN are the 

combined information of their IDs and RSS. If an unknown sensor never hears from 

the MB, no accordant record exists in the table. 

 

3. Heard messages (T_heard): 
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Table 3-4: Heard 

ID CoM X1 Y1 X2 Y2 REF1 RSS1 REF2 RSS2 

 

Similar to T_nb, every sensor who hears from the MB owns a row in the table. 

Compared with the former, all records in this table occupy an equal quantity of 

memory as all the columns are fixed. When the table is initialised, all the columns 

are set to 0 except the ID. U1 (X1, Y1) and U2 (X2, Y2) are two possible positions of 

the unknown sensor, which will be calculated when the count of the message 

(CoM) = 2. (REFi, RSSi) is the reference ID and received RSS of reference i, i = 1 or 

2. The two references are recorded for the after method “Try all 2”. If the unknown 

sensor just hears one message from the reference, X1 = Y1 = X2 = Y2 = 0, REF1 is 

set to the ID of the reference or SEQ of the MB, and RSS1 is set to the estimated 

distance between the reference and the unknown sensor. If the sensor receives the 

second message from the reference, REF2 and RSS2 are set and U1 (X1, Y1) and U2 

(X2, Y2) are calculated and set. One of them will be set to (0, 0) later when the third 

message emerges and the localisation of the unknown sensor is decided; at that time, 

the unknown sensor is localised and turned to a new reference. 

Processes of Localisation 

The process of localisation includes several important steps based on the introduced 

data structure. The “first triple” is one-off and the first step of the process. Other 

steps such as “new reference”, “flood 3”, “try all 2” and “next target and next 

position” are executed recursively with the movement of the MB until no new target 

or position for the MB can be found. Details will be described in the following, and 

the flow is shown in Figure 3-2 with the layout shown in Algorithm 3-2. 

 

The MB is the executor of the algorithm. It first runs the “first triple” method, and it 

walks to the vertices of an equilateral triangle in order to cultivate some references; 

at the third vertex, “new reference” and “maximising localised” are run to settle the 

first group of sensors, then the process will enter a cycle. The exit of the cycle is the 

target, but if no new target can be found, the MB terminates the process of 

localisation; otherwise, the MB will move to a new position, invoke “new MBP”, 

then “new reference” and “maximising localised”. They will be iterative until no new 

reference is found.  
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Algorithm 3-2: Localisation 

First triple 

While target do 

Next position      

New MBP 

Maximising localised 

End do 

First Triple 

The first three vertices of the MB are randomly selected but they must construct an 

equilateral triangle whose length of side is Rm, which is shown in Figure 3-3. So all 

the unknown sensors inside the triangle can be localised with three messages from 

Yes 

First Triple 

Flood 3 

Try all 2 

Target 
No 

End 

Next pos & new MBP 

Start 

New ref 

Yes 

No 

Figure 3-2: Work flow 
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the MB, and will act as reference sensors to their neighbours. The “new MBP” 

algorithm is executed in every position; it will collect {U} and construct table T_nb. 

In theory, it does not matter where the MB starts from if the field of interest is large 

enough, but if the radius of the field Rf is in the same order of magnitude of Rm, the 

starting point plays a significant role in the algorithm. This is addressed in the 

following simulation, Rm<<Rf is assumed in this chapter.  

 

The “new reference” algorithm inside “new MBP” will be applied by using the set of 

{U} and the new SEQ as input parameters, which are just constructed by “new 

MBP”, and will record all the feedback to table T_heard according to the unique 

U.ID in {U}. The following “maximising localised” will try its best to localise as 

many sensors as possible.  

 

 
Figure 3-3: First triple positions 

 

Algorithm 3-3: First Triple 

First MBP p3[x,y] 

New MBP 

Second MBP O[x+Rmsin(π/3), y- Rmcos(π/3)]  

New MBP 

Third MBP p2[x+Rmsin(π/3), y+ Rmcos(π/3)] 

New MBP 

Maximising localised 

End 
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In the algorithm, it is assumed that the MB starts from p3 and walks to O, then p2 in 

Figure 3-3. ∆P3OP2 is an equilateral triangle with length of side Rm. All the three 

positions of the MB will run the algorithm of “new MBP”. 

New MBP 

In every new MB position (MBP), the MB firstly adds a new record in table T_mbp, 

which is from Table 3-2: MBP. The new SEQ will be set as the last SEQ increases 1, 

and position (x, y) will be the position of the current MBP. This position could be 

accurate coordinates from the GPS or relative position calculated from the previous 

Xn, Yn Equations (3.1) and (3.2). Then, the MB broadcasts a “hello” message and 

listens to feedback from unknown sensors. According to Algorithm 3-1, the unknown 

sensor will return their neighbours {N} when they hear from the MB for the first 

time. By this way, the MB finds all the unknown sensors {U} who can hear the 

“hello” message from it and their neighbours. {U} and U.{N} are temporary data in 

this step as they will be changed when the MB walks to a different position. If the 

feedback message from the unknown sensor U with information of neighbours 

U.{N}, then the MB adds a record in the table T_nb with the unique ID = U.ID, QoN 

and Nn, which can be inferred from U.{N}. This is followed by the invocation of 

“new reference”. 

 

Algorithm 3-4: New MBP 

New MBP in T_mbp 

Broadcasts “Hello” message 

Collect {U} 

While U with {N} do 

 Calculate QoN by Iterate {N} 

 New NB in T_nb 

End do 

New reference with {U} and SEQ 

End 

 

New Reference 
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A new MBP is a new reference; a new settled sensor is a new reference too, so both 

of them will invoke the “new reference” algorithm. There are two input parameters 

for the algorithm: ID of the reference REF and set {U} are neighbours of the 

reference. When a sensor in {U} just hears from any reference for the very first time, 

a new unsettled sensor U record will be added to the table T_heard, in which CoM is 

set to 1. The unique ID will be used to differentiate unknown sensors, which is 

similar with the primary key in the database. If the unknown sensor appeared before, 

the algorithm finds its record in T_heard according to its unique U.ID, set 

CoM = CoM + 1. If CoM is 2 now, “2 possible positions” is invoked to calculate U1 

(X1, Y1) and U2 (X2, Y2) and fill the according columns of table T_heard. If 

CoM = 3, “unique position” is invoked to decide its final position, which will be 

filled in U1 (X1, Y1) and U2 (X2, Y2) are set to 0; this means the sensor is settled 

and it can work as a reference from then on. 

 

Algorithm 3-5: New Reference 

Input: {U}, REF 

For U in {U} 

 If U.ID NOT in T_heard 

  Insert new record 

  ID=U.ID;CoM=1;REF1=REF.ID 

 Else 

  CoM=CoM+1 

  If CoM=2 

REF2=REF.ID 

   2 possible positions  

   Set U1(X1, Y1) and U2(X2, Y2) 

  End if 

  If CoM=3 

   Unique position 

   U1= U; U2= (0, 0) 

  End if 

 End if 

End for 
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Two Possible Positions 

When the MB finds that an unsettled sensor U receives two messages from 

references REF1 and REF2, it will calculate two possible positions (x, y) for the U by: 

 

|U-REF1|=RSS1                                                                            (3.3) 

|U-REF2|=RSS2                                                                            (3.4) 

 

The results will be set to U1 (X1, Y1) and U2 (X2, Y2). 

Unique Position 

When the MB finds the new message from reference REF3 for the unsettled sensor U 

as the third message, which is U.CoM = 3, it will employ REF3 (x, y) to equation 

(3.5).  

 

D=|REF3-U1|                                                          (3.5) 

If result D is accordant with RSS3, U1 is the position of the U and U2 is not; 

otherwise, the same method can be applied to U2. Judgment is applied in the method 

instead of trilateration. If an unknown sensor is settled, it turns to a reference and 

notices its neighbour’s position by “flood 3”, which is part of the “maximising 

localised” algorithm.  

 

Algorithm 3-6: Maximising Localised 

While CoM=3 existed do 

 Flood 3 

 While CoM=3 existed do 

  Flood 3 

 End do 

 Try all 2 

End do 

 

As the name suggests, “maximising localised” tries to settle more unknown sensors 

with the information that the MB already collected. The first is “flood 3”, in which 

all the references notice their neighbours’ positions. As “flood 3” could produce 

more references, it is executed repeatedly until no new references emerge. “Try all 2” 
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relays the effort; it tries to solve more unknown sensors who just hear two messages. 

If a new reference is produced, the algorithm will continue until no new reference 

exists.   

Flood 3 

After “new reference” makes changes in T_heard, the MB will check if a new 

reference is available. It scans the T_heard table for settled sensors whose CoM is 3, 

then set its CoM to 4, and treats the settled sensor as a new reference REF to invoke 

“new reference”. First of all, two input parameters for “new reference” must be ready. 

Every sensor has a unique ID and {U} can be gotten from table T_nb and T_heard by 

Algorithm 3-7. 

 

Neighbours of the new reference can be found from T_nb. The MB then checks if the 

neighbour is settled or not by the CoM value in table T_heard. If the neighbour is not 

settled, whose CoM < 3, then the neighbour should be notified by the new reference, 

so it is pushed into the set {U}. By this way, {U} for the new reference REF is ready, 

and then MB applies the new reference algorithm to REF with {U}. If 

Ni.CoM >= 3, it is a settled sensor and will be excluded from {U}. 

 

Algorithm 3-7: Flood 3 

Input: REF 

Get {Ni} from T_nb where NB.ID=REF.ID 

 Iterate Ni in {Ni} 

 Get HEARD from T_heard where HEARD.ID= Ni 

 If HEARD.CoM<3 

  Ni → {U} 

 End if  

End Iterate 

New reference with {U} and REF 

 

The flood 3 algorithm will be executed recursively until there is no CoM = 3 in 

T_heard because every time “new reference” is invoked, it is possible that a new 

reference is produced. There will be some settled sensors who do not hear from the 

MB directly but from three settled neighbours; these sensors will not be applicable to 
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“flood 3” and the “new reference” algorithm because only the sensor that hears from 

the MB directly has a neighbour record in T_nb. 

Try All 2 

If a sensor just receives two messages, whose CoM = 2, and has two possible 

positions, then only one position is its true position. The other wrong position (it is 

not aware yet) could cause contradiction with existing information. For example, in 

Figure 3-4, the unknown sensor C whose true position is C1, heard messages from O 

and p2 (CoM = 2). The MB can calculate two possible positions C1 and C2 for C, 

and when the MB moves to p3, it does not hear feedback from C. According to our 

previous algorithm, C is not located, but if the distance between C2 and p3 is 

calculated, it must be less than Rm, which means C2 is a neighbour of p3. It is 

inconsistent with the information the MB collected, C is not a neighbour of p3, so C2 

is the wrong position for C; in turn, C1 is the right position for C, so C is located. 

This is one of the reasons why the table of neighbours is set up. So C is located based 

on negative information and only two messages. By this way, more unknown sensors 

are localised.  

 

 
Figure 3-4: Unique position 

 

This step will check all unsettled sensors {U} that have received two messages from 

MBP in table T_mbp or settled sensors {S} turned to references in T_heard. 
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Algorithm 3-8: Try all 2 

For U whose CoM=2 in T_heard 

 For MBP in T_mbp 

  If MBP.SEQ! =U.REF1 and MBP.SEQ! =U.REF2 

   D=|MBP.[x,y]-U.U1| 

   If D<Rm  

    CoM=3; U1=U2; U2=0; End 

   Else 

    D=|MBP.[x,y]-U.U2| 

    If D<Rm   

     CoM=3; U2=0; End 

    End if 

   End if 

  End if 

 End for 

 For S in T_heard whose CoM>2 

  If S.ID!  U.{N} 

   D=|S-U1| 

   If D<Rm 

    CoM=3; U1=U2;U2=0;End 

   Else 

    D=|S-U2| 

    If D<Rm 

     CoM=3; U2=0; End 

    End if 

   End if 

  End if 

 End for 

End for 

 

For all the unsettled sensors {U} whose CoM = 2, the MB first calculates the 

distance of U1 (X1, Y1) and all MB positions in T_mbp except those MBPs that U 

has already heard. If any distance is less than Rm, U1(X1, Y1) is not the true position 

for U; as a matter of fact, it did not hear from that MB position. So the other position, 
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U2, is the actual position and U.CoM is set to 3, X1 and Y1 will be set to the true 

position, U2 is set to 0.  

 

The same algorithm is applied to U2 (X2, Y2) if U1 (X1, Y1) passes the test. A 

similar algorithm will be applied to the settled sensors turned references in T_heard, 

except those references who are neighbours of U if MBPs pass the test. The 

algorithm will stop as soon as the first contradiction appears. In order to save on the 

computation effect of distance, for D = |A–B|, only when both |A.x–B.x| and |A.y–

B.y| are less than Rm, is D is calculated; otherwise, D must be more than Rm. 

Judgment is preferred to calculation again.   

 

If new settled sensors whose CoM = 3 appear, the algorithms of flood 3 and try all 2 

will be called recursively until no unsettled sensors whose CoM = 2 can be localised.  

After settling all the possible unknown sensors from the “first triple”, the MB will go 

to the next stage, which is a cycle of target, next position, new MBP and 

“maximising localised” until no new target is found by the MB. 

 

The MB now begins to consider the next position. According to the concept 

introduced in Equations (3.1) and (3.2), there are six candidates of next position in 

every MBP, but actually it is only five at the most, as the MB must come from one of 

the positions. The MB has to find a target before decision of the next position; 

simply, the candidate of the next position that is the closest to the target will be 

selected as the next position. The choice of target will be detailed in the following.  

Target  

First of all, a target is a sensor who can hear a message from the current MB position. 

Specifically, all the sensors who can hear a message from the present MB position 

and whose CoM is 2 or 4 are candidates for a target. A sensor whose CoM = 1 cannot 

be a target as the MB has no idea where it is. In the “new MBP” algorithm, the MB 

collects a set {U} of sensors who receive a message from it. The key factor for 

choice of target is U.QoN, the qualified sensor who owns the most neighbours will 

be selected as a target. Subsequently, a temporary table of weight for targets (T_tw) 

will be set up for candidates for target. 
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Table 3-5: Weight 

ID weight 

 

If a sensor is settled, its weight is equal to its QoN from the table of neighbours; 

however, if a sensor whose CoM is 2, its weight is QoN+1 as it is an unsettled sensor 

as well, but it can provide a clue for the MB to find the next position. The sensor 

whose CoM = 1 is not considered here as the MB has no clue about its position, but 

the information could be used in the future. 

 

The final target is a set of sensors whose weights are the maximum of weights of all 

the targets, and is marked from T1 to Tn. It could be more than one. If the cardinality 

| target | of the set target is 0, it means no new target exists, and the MB cannot decide 

where to go next and the process of localisation will end. Otherwise, the algorithm 

will enter a new cycle, find the next position, localise as many unknown sensors as 

possible, and then check the target again and again.  

 

Algorithm 3-9: Weight of target 

Input: {U} 

Output: target 

For sensor U in {U} 

 If T_heard(U.ID).CoM=4 

  U.weight=T_nb(U.ID).QoN 

 End if 

 If T_heard(U.ID).CoM=2 

  U.weight=T_nb(U.ID).QoN+1 

 End if 

 If T_heard(U.ID).CoM=1 

  U.weight=0 

 End if 

 Update table T_tw with U 

End for 

Return target=argmax(T_tw.weight) 
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There is one exception, if the weight of all the targets in {target} is 0, it means all the 

targets only hear from the current MBP according to the previous algorithm, and the 

MB will stop here. Obviously, this is not a good decision; the solution of this is that 

the MB will move one more step following the coming direction. It is clear from 

Figure 3-5, that if the MB moves from A to B and the weight of targets of MBP at B 

is 0, it means some sensors are located at B-A∩B. When the MB moves to C 

following its coming direction, if those sensors locate in B∩C, they will receive the 

second message; but it is possible that they are at B-A∩B-C∩B, so the move to C 

does not help. If the area decides probability, it is worth trying position C in Figure 

3-5. 

Next Position 

A similar way can be used to decrease the candidates of the next position, P. The first 

rule for P is no repetition, so the MB checks if P1 to P6 have appeared in table T_mbp, 

if not it will be the qualified candidate; otherwise, the position is taken off from the 

candidates. So, there will be k < 6 candidate positions left as there must be one 

candidate who has the last position of the MB. The following will be used to decide 

the weight of Pk using another temporary table of weights for the positions (T_pw). 

At the same time, a temporary matrix M of distance between targets and positions are 

set up for the next step.  

 

If the distance of Tn and Pk is less than Rm, this means that if the MB moves to this 

position, Tn can hear from the MB, so Pk can help Tn to localise more neighbours, 

Pk.weight+1. If target Ti.CoM = 2, it has two possible positions, both possibilities 

will add weight to positions to encourage the target whose CoM = 2 to be settled as 

B A C 

Figure 3-5: No new target 
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soon as possible. A matrix M of distance between target and position is set to the 

square of Dij or (Dij
2+ D2

2)/2 when the CoM of the target is 2. When the matrix is 

initialised, Dnm
2 is set to 0, and only the distance less than Rm is calculated and saved 

to the matrix. This is prepared for future utility.   

 

Algorithm 3-10: Weight of Next Position 

Input: {T}, {P} 

For j=1 to k 

 For i=1 to n 

  Dij=|Ti.U1-Pj| 

  If Dij<Rm  

   Pj.weight+1 

   M(i,j)= Dij
2 

  End if 

  If Ti.CoM=2 

   D2=|Ti.U2-Pj| 

   If D2<Rm  

    Pj.weight+1 

    M(i,j)= (Dij
2+ D2

2)/2 

   End if 

  End if 

 End for 

 Update table T_pw with Pj 

End for 

Return position=argmax(T_pw.weight)  

 

 

Similarly, positions whose weights are the maximum of weights of all the positions 

are final positions and return as a set, and marked from P1 to Pm. 

Distance Matrix 

If there is only one qualified position, it is unique and the MB will just walk to that. 

If there is only one qualified target T, the closest position P or the one with the 

shortest D will be the next MB position. From Figure 3-6: Choice of next position, if 
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T1 is the only target, the MB will move to P2 or P3, for T1 and T2 the MB will move 

to P2. If there are at least two targets T1 to Tn and two positions P1 to Pm, the final 

choice of the next position depends on the matrix, which is composed of the target 

from T1 to Tn and position candidates P1 to Pm (m<6); for example, in Figure 3-6: 

Choice of next position, with the existence of T1 to T3, P2 and P3 are candidates.  

 
Table 3-6: P and T matrix 

 P1 P2 P3 P4 … Pm 
T1 D11

2  D13
2   D1m

2 

       

Tn Dn1
2  Dn3

2   Dnm
2 

 

 

 

 

 

 

 

 

 

 

In order to find an ideal position, the least squares of distance, Dnm, is applied to the 

decision. “Least squares” (Rao et al., 1999) is an approach to minimise the sum of 

the squares of the errors made in estimation. It can be expressed as: 

 

S=∑ (x − x )                                                   (3.6) 

 

In which x0 is the standard or average value of xi. If there are four targets T1, T2, T’1 

and T’2 from the last step, based on the assumption that: 

 

( |P2T1|+|P2T2|)/2= (|P6T’1|+|P6T’2|)/2=D0                                  (3.7) 

 

|P6T’2|>|P2T1|≈|P2T2|>|P6T’1|                                  (3.8)       

             

P3 

P2 

P1 

P6 

P5 

P4 

O 

T2 T1 

T3 T’2 

T’1 

Figure 3-6: Choice of next position 
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So P2 and P6 are two options for next position. P2 will be preferred to be the next 

position because the MB in position P2 can provide more reliable messages to T1 and 

T2 than it can in P6 to T’1 and T’2. This can be proven by application of least square 

to the distances:  

|P6T’2–D0|2+|P6T’1–D0|2>|P2T1–D0|2+|P2T2–D0|2                       (3.9) 

 

A candidate of the next position whose distances to all the qualified targets are closer 

than others will be found by applying the least squares to the distances Dnm from 

matrix M. 

 

Pi whose Si is the minimum of all Si will be selected as the next position of the MB. 

The MB will move to the new MBP, and then steps including “new reference” and 

“maximised localised” will be called. This is the end of a cycle; a new cycle will 

begin with checking the new set of targets.  

 

Algorithm 3-11: Find the Next Position 

Input: {T}, {P} 

For i=1 to m 

 Si=0 

For j=1 to n 

  Si=Si+Dji
2  

 End for 

End for 

Return position=argmin(Si) 

  

In summary, a framework of localisation of WSN based on dynamic path is 

presented. It is a central algorithm and depends deeply on the MB to walk in the field 

of interest to communicate with unknown sensors and calculate the related result. 

Conversely, unknown sensors play the support role, and they only liaise with their 

direct neighbours and the MB to save precious energy for their true job—sensing. 

The framework begins with the first triple MBP; a new reference algorithm will be 

applied in every new MBP, and then check ‘flood 3’ and ‘try all 2’ recursively to 
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settle unknown sensors as much as possible. This will find the next target and next 

position and start a new MB, only stopping if no new target is found.  

 

According to the proposed algorithm, total walking distance of the MB will be: 

 

D = max (SEQ) * Rm                                           (3.10) 

 

3.3. Simulation 

3.3.1. Setup for Simulation 

Matlab is used as the main simulation tool. The field of interest is an ideal field 

whose area is 60 m x 60 m, in which RSS can be mapped to determine distance 

straight and the MB can walk flexibly. As a setup for the simulation, 60 points are 

produced randomly in the field as a distribution of 60 unknown sensors in the field, 

and 100 distributions are recorded for the simulation. A relative rectangular 

coordination system is set up in the field, the coordinate of the centre of the field is 

[0, 0] and the lowest left corner of the field is [–30, –30].  

 

First of all, the reason for 60 sensors in an area of 60 m x 60 m is explained. From 

Figure 3-1: Six next positions, we can see that the distance between the two parallel 

lines p2p5 and p1p6 is Rm* cos (π/3), so the quantity of sensors to fill the square field 

whose length of side is L evenly is: 

 

∗ ( )⁄ + 1 ∗ + 1                                           (3.11) 

 

For this case, L = 60; if R = Rm = 10, the result will be about 56, so 60 is selected in 

case some points are flocked in the random distribution. 

3.3.2. Sample of Simulation 

The following Figure 3-7 shows one of the distributions in the field. The MB starts 

from the lower left corner [–20, –30], and according to algorithm 3-3, “first triple”, it 

moves to [–28.66, –25], then [–20, –20]. From then on, it looks for the target and 

moves to the next position until no new target is available. The solid lines are tracks 
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of the MB and every asterisk “*” represents a sensor followed by two numbers which 

are separated by a comma “,”. The first number is the ID and the second is the 

number of neighbours. If the colour of “*” is red, it is settled, otherwise it is not. 

From the simulation, the MB can cover unknown sensors as much as possible and 

settle them effectively. 

 

 
Figure 3-7: Simulation of DPMB 

 

As the area of the field is constant and the number of sensors is constant as well, it 

means that the density of the distribution is constant. The algorithm deeply depends 

on QoN. Rm is the coverage radius of the MB and sensors, and the change of Rm will 

directly result in the change of QoN. In the simulation, Rm is set to 8 m, 10 m and 

12 m in the algorithm. For all the 100 distributions, the rate of settled sensors, steps 

of the whole process and the relationship between them are researched. The rate of 

settled sensors describes how successful the algorithm is, and the steps of the whole 

process prove how fast the MB can get the result. The combination of them can show 

the efficiency of the algorithm. The results are shown in the following figures.  

3.3.3. Settled Rate 

From Figure 3-8 we can see that the distribution is similar to a normal distribution 

whose mean μ ≈ 22, so the settled number range is 2μ from 0 to 44. Occasionally 
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more than 40 (2/3 settled) unknown sensors are settled; however, in most of the 

distributions, only less than 30 unknown sensors are settled. The average settled 

numbers are about 20, so just one-third of the sensors are settled. The low rate of 

settling is because of the low QoN, in turn resulting from the low Rm.   

 

When Rm = 10 as shown in Figure 3-9, the distribution is still similar to Gaussian 

distribution, but μ = 36 and ranges from 10 to 60. The peak of the distribution curve 

moves from left to right; most numbers of settled sensors are more than 20, and at 

least half are more than 30 (50%). As discussed before, 60 sensors are selected on 

Rm = 10, so this result is close to our theoretical prediction. 

 
Figure 3-8: Distribution of settled Rm = 8 
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Figure 3-9: Distribution of settled Rm = 10 

 

 
Figure 3-10: Distribution of settled Rm = 12 
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Figure 3-11: Distribution of steps Rm = 8 

 
Figure 3-12: Distribution of steps Rm = 10 
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Figure 3-13: Distribution of steps Rm = 12 

 

When we continue to increase Rm to 12, as in Figure 3-10: Distribution of settled Rm 

= 12, the result improves evidently, and most of the results are more than 35, with at 

least half the results more than 45 (75% of 60). Compared to Rm = 10, it is not 

normal distribution again, and most of the points are located on the right side of 35 

instead of on both sides evenly. For fixed distribution, the increase of Rm results in 

the increase of QoN as well. We assumed in the simulation that RSS can be mapped 

to determine distance; but in real-life projects, a bigger Rm could bring more negative 

impact to the prediction of distance from RSS, so a bigger Rm just works better in an 

ideal environment.    

3.3.4. Total Steps 

The next step is that we try to find out how long it takes the MB to reach the result. 

Figures 3–11 to 3–13 are the distributions for the steps. From Figure 3-11: 

Distribution of steps Rm = 8, we can see that when Rm = 8, steps are extensively 

distributed between 3 and 20 and most of them are less than 14. The distribution of 

Rm = 10 is amazingly similar to Rm = 8 except that it extends to 22 steps, but we 

already see that the average settled rate is much higher. The distribution for Rm = 12 

in Figure 3-13: Distribution of steps Rm = 12 is more complicated; it adds a peak of 
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wave at about steps 11 and 16 and it demonstrates more repetition in the middle of 

the steps around 11 and 16 than the other two situations.  

3.3.5. Settled and Steps 

 
Figure 3-14: Coverage and distance Rm = 8 

 

We can imagine that no matter what value the Rm is, the more steps means more 

settled sensors. The steps and the corresponding settled sensors are put together in 

order to see the difference in the triple situations in Figures 3–14 to 3–16. The curves 

for all of them are similar, they are close to straight line; and the slopes of the three 

lines are similar except that the intercepts of Y-axis are different, it is bigger with the 

increase of Rm.  

 

When all the data are put into one figure (see Figure 3-17: Collective results for 

coverage and distance for Rm=8, 10 and 12), the results are more obvious. We can 

see that in Rm = 8, the steps are low and the settled rate is low as well; for Rm = 10, 

the steps and settled rate increase together; but for Rm = 12, there are less steps and a 

greater settled rate compared to Rm = 8 and Rm = 10, this is a result of the improved 

QoN.  
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Figure 3-15: Coverage and distance Rm = 10 

 

We can find more information from Figure 3-17. In general, at the same distance or 

the same steps, the coverage rate is consistent to their Rm—a bigger Rm and a higher 

coverage rate; whereas at the same settled number, the corresponding steps are 

opposite to the Rm—a higher Rm and less steps.  

 

 
Figure 3-16: Coverage and distance Rm = 12 
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Figure 3-17: Collective results for coverage and distance for Rm=8, 10 and 12 

 

In conclusion, when Rm = 8, the MB walks a short distance and has the result of a 

low settled rate; when Rm = 10, the MB walks a longer distance and has a higher rate 

of settled compared to the former; and when Rm = 12, compared to Rm = 10, there is 

a shorter distance travelled but a higher rate of settled. When the Rm is smaller so 

that the average QoN of {U} is smaller than other situations, it is possible for the MB 

to walk relatively longer distance but there is a lower settled rate, as we use QoN to 

guide the movement of the MB.  

3.4. Summary 

In this chapter, we proposed a dynamic path algorithm for MB in localisation of 

WSN. The algorithm is lightweight in computation and economical in energy utility, 

and it is proven to be effective from the simulation. 

 

When the length of path and settled rate are considered, there is still space to 

improve. Length of path means the distance the MB has to cover, whereas settled 

rate represents the percentage of unknown sensors that are settled. They are 

competing variables. Which variable should be authorised depends on applications. 
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Shortest path is preferred if the application needs to save energy of the MB, whereas 

the settled rate will be more important if more correct sensor data is demanded.  

 

Two factors can help to adjust the algorithm: one is weight of target, and the other is 

candidate of next position. The present algorithm treats all neighbours of the target as 

effective weights for the target, but settled neighbours could be excluded because 

they are settled. The current principle of next position is no repeat, so the MB does 

not go to the same position twice; the two adjacent positions of the excluded position 

could be ruled out too because they are neighbours and it is possible that they share 

some common neighbours. 

 

  



 

 

Chapter 4  

REINFORCEMENT LEARNING 

 

Based on the framework DPMB presented in last chapter, a significant approach of 

Machine Learning, Reinforcement learning is employed as the brain of DPMB to 

drive mobile beacon more purposefully to get a better result regarding settled rate of 

localisation of WSN. 

4.1. Introduction 

Based on a desire to create a lightweight algorithm, we proposed a framework called 

dynamic path of mobile beacon (DPMB) to solve the localisation of WSN using 

mobile beacons that follow a dynamically determined path (Li et al., 2011a) in last 

chapter. Whilst simulations have shown that this approach works well, it operates on 

only a small amount of the information available, taking into account only the target 

that has the most neighbours. This indicates the potential for further improvement to 

the algorithm. 

 

In our proposed revised algorithm, we adapt the use of Reinforcement Learning (RL) 

to make it suitable for real-time control of the mobile beacon. The new method is 

based on the framework from DPMB, but there are at least two major improvements. 

First, RL is applied based on the understanding that the mobile beacon is a robot 

(Sawant et al., 2004) (and hence deterministic); secondly, all the targets of a new 

mobile beacon position (MBP) are considered and calculated to a weight, which is 

used to choose the next position. Furthermore, an unknown sensor that receives only 

one message is taken into consideration as well.  

 

Generally, RL depends on infinite episodes to achieve convergence to a stable value. 

We adapt its online function to fit it in an episode to control the behaviour of the 

mobile beacon. By collecting responses from unknown sensors, the approach first 

employs the action evaluation algorithm to decide the action, and calculates the state 

action value Q(s, a) of the current position with the selected action. After taking the 

selected action, which means walking to the new position, it calculates the new 
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Q(s, a) and a target value to compare to the previous Q(s, a) to find out if the taken 

action is satisfied or not. If it is not satisfied, then it will go to exploration instead of 

exploitation. By this way, the mobile beacon keeps going until the Q(s, a) reach the 

value of 0. As the entire algorithm happens in the mobile beacon (and unknown 

sensors simply respond to the broadcasting message from the MB), it is a centralised 

algorithm and hence releases the unknown sensors from heavy computation and 

memory requirements, and in turn decreases the energy consumption and cost of the 

sensors. 

 

In the remainder of the chapter, Section 4.2 presents the adapted reinforcement 

learning algorithm. Section 4.3 then discusses the simulation results. Finally, our 

conclusions and further research are reported in Section 4.4. 

4.2. Reinforcement Learning in Localisation of WSN 

4.2.1. Markov Decision Process 

The Markov Decision Process (MDP) (Ronald, 1960) is a framework that provides a 

mathematical model for a decision maker to control the progress of a task. There are 

four core elements of the MDP. First of all, the process is composed of a set of states 

{S}. The quantity of states will decide how complicated the MDP is. At each state, 

an action which belongs to a set of {A} is taken to make the next state happen, and a 

reward R will come with every action as a motivation for the choice of the certain 

action. And there is a rule or a model for the transition between states based on 

action. If the model of the MDP is known, there must be a probability function P(s’|s, 

a) for different actions in a certain state, and a reward function R(s, a) to calculate the 

reward for each state and action pair. According to Markov’s property, P(s’|s, a) is 

independent with all the states before s. The decision making can be solved when an 

MDP comes with P() and R(), although it involves increasing computational load as 

the number of states and actions increases. But in practice, P() and R() are not 

available when working in an unchartered territory of research.  

4.2.2. Reinforcement Learning 

Reinforcement Learning (RL) (Sutton and Barto, 1998) addresses MDP through the 

use of unsupervised learning. RL does not need the knowledge of the MDP as a 
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prerequisite and works on large MDPs whose exact methods are not feasible; it uses 

an estimation of P() and observes the reward, then learns from the reward of the 

environment in order to adjust the original estimation. With enough practical 

experience, the estimation will converge to a stable value. This indicates that RL may 

be suitable for complicated problems that cannot be solved by an obvious or strict 

rule.  

 

RL divides the MDP into two parts: an agent and an environment, which is shown in 

Figure 4-1. They interact with each other—at each time t, the agent is at state st, and 

takes action at on the environment according to the last reward rt-1 from the 

environment. After evaluating the action at, the environment produces a new reward 

rt and the agent moves to a new state st+1, and the interaction continues until the state 

is terminated. 

 

 

 

 

 

Policy and Q-value 

Policy π is introduced as a mapping from states to actions. Every state of agent could 

confront some options of action, which will be taken by the agent to reach the next 

state. How to select an action is called behaviour policy or control problem. 

Compared to the behaviour policy, there is another policy called estimation policy in 

RL, which is how to calculate or predict the Q-value.  

 

The ultimate goal of RL is to find the optimal policy π*. Q-value is a way to evaluate 

how good the policy is. Qπ(s, a) is called the action-value function for policy π, 

which is defined as the expected return when the agent is at state s and applies action 

a according to policy π: 

Qπ(s, a) = Eπ{Rt| st= s, at= a}                                 (4.1) 

in which  

Rt= ∑ 𝛾 𝑟 (0 < 𝛾 < 1)                              (4.2) 

 

Agent Environment 
Action at 

Reward rt 

State st 

States st+1 

Figure 4-1: Reinforcement learning 
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where  𝛾 is the discount of reward, and so Rt is the summary of future reward. This 

means Rt will not be available until the final reward r in the episode is received; in 

turn, it means that Q(s, a) can only be calculated after the whole episode is 

terminated. Maximising cumulative rewards is the implementation of optimal policy 

π* in RL. 

 𝜋∗(𝑠) = arg max 𝑄 (𝑠, 𝑎)                                    (4.3) 

Update of Q-value 

The general update rule for Q(s, a) in RL is consistent with: 

 

New_Estimate← Old_Estimate + Step_Size * error 

 

In which error is the error of estimation, Error = Next_target – Old_Estimate. 

Next_target is a future direction or position for the agent. Step_Size is between 0 and 

1, and is used to determine the extent of the impact of the error on the estimation. So 

according to the general update rule, one classic way for the update of Q (s, a) at time 

t is presented as: 

 

Q(st,at) ← Q(st,at)+α[rt+γQ(st+1,at+1)-Q(st,at)]                       (4.4) 

 

Next_target here is rt+γQ(st+1, at+1). In the equation, α is called the learning rate, and 

is set between 0 and 1. The discounted rate γ is also set between 0 and 1, and 

determines how much the current state is affected by the next state. 

Temporal-Difference Learning 

The above algorithm is not sufficient to be used as the control system as it has to wait 

until the end of the episode to get the Q(s, a). A novel algorithm practising RL, called 

temporal-difference (TD) learning, changes the situation. The novel aspect of TD 

learning that can be used in online control is that it waits only one step to update 

Q(st, at) using the estimation of Q(st+1, at+1). 

On-policy and Off-policy 
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If the Q-value is updated using the same policy that determined the original action, it 

means new action, therefore, the reward is based strictly on experience—this method 

is the on-policy. In contrast, the off-policy method updates the Q-value using virtual 

action values, which have not been tried instead of experience; so it can learn 

different policies for behaviour and estimation, and separates exploration from 

control, resulting in finding some new actions. Simply, when an algorithm uses the 

same policy for both behaviour and estimation, it is called on-policy; otherwise, it is 

an off-policy algorithm. 

 

There are two algorithms are based on TD-learning: one is the on-policy, called 

SARSA (Algorithm 4-1), whose name comes from the combination of (st, at, rt+1, st+1, 

at+1), and the other is the off-policy, called Q-learning (Algorithm 4-2). 

 

 

Algorithm 4-1: SARSA (Sutton and Barto, 1998) 

Q(s,a) ← random; 

In each episode: 

Choosing state st from {S}; 

Choosing at from {A} which is eligible for st 

do  

 Taking action at 

 Getting rt 

 Choosing at+1 from {A} which is eligible for st+1 

 Updating Q(st, at) with Q(st, at)+α[rt+ γ 𝑄(𝑠 , 𝑎 )-Q(st, at)] 

 Updating state from st to st+1 

Until s is terminal 

Episode end 

End 

 

Compared with the general description of the RL algorithm, rt+γQ(st+1, at+1) is treated 

as the next_target for the state-action function in SARSA. Before using Q (st+1, at+1), 

SARSA has to decide the next action at+1 and take the action at+1, then use the 

correspondent Q (st+1, at+1) to update Q (st, at). So it is called the on-policy algorithm 

of TD-learning.  
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Watkins (1989) takes this a step further by using the maximum of Q(st+1, at+1) to 

update Q(st, at) no matter which at+1 is selected, and proposed the Q-learning 

algorithm. 

 

According to the definition of policy, Q-learning is an off-policy algorithm as Q(st, at) 

is not updated by a certain Q(st+1, at+1), but max 𝑄(𝑠 , 𝑎 ) , which was 

selected before.  

 

As discussed previously, theoretically, RL needs infinite observations to make Q(s, a) 

converge to a stable value, since at least every s and a are explored sufficient times. 

This is why the term “episode” is used in the algorithms. All the episodes work on 

the same principle, but they may select different actions for the same state and so 

reach a new state. As a result, some new group of states and actions are collected in 

the new episode. 

 

Algorithm 4-2: Standard Q-learning (Sutton and Barto, 1998) 

Q(s,a) ← random; 

In each episode: 

Choosing the first state s0 from {S}; 

do  

Choosing at from {A} which is eligible for st 

 Taking action at 

 Getting rt 

 Updating Q(st, at) with Q(st, at)+α[rt+ γmax 𝑄(𝑠 , 𝑎 ) -Q(st, at)] 

 Updating state from st to st+1 

Until s is terminal 

Episode end 

End 

 

Exploration vs. Exploitation 

It is a dilemma when selecting action at for state st as there are two different choices: 

one is always taking the action that can cause the best Q(st, at); and the other is trying 
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other options, called the problem of exploration vs. exploitation in RL. In order to 

converge quickly in the algorithm, when the agent finds a good action that can 

benefit the Q-value, it wants to exploit it to reach a better result; but if it stays on a 

certain action, it could lose the other better action, so it has to explore to find more 

suitable action for a certain state; so this is a dilemma as it has to find a balance 

between exploration and exploitation. There are some proposed common policies for 

action selection to balance the trade-off for exploration and exploitation, such as ∈-

greedy, ∈-soft and softmax, etc. (Sutton and Barto, 1998). This concept is applied in 

our algorithm to localise unknown sensors, so balance is necessary in the 

implementation.  

4.2.3. Reinforcement Learning and Dynamic Path of Mobile Beacon 

It is time to connect the TD-learning method with the localisation algorithm of WSN 

with mobile beacon. The intuitive scene of the process of localisation is that a robot 

(MB) walks in a field distributed with sensors, and the robot interacts with the 

sensors in order to localise them. Comparing this scene with the reinforcement 

learning (RL) one in Figure 4-1, it is straightforward that the MB is an agent and the 

field is the environment in RL. Details of the comparison between RL and dynamic 

path of mobile beacon (DPMB) are shown in Table 4-1: RL and DPMB. 

 

 

State and Action 

a3

a2

a5

St

At

St+1
a1

a4 a6

Figure 4-2: States and actions in DPMB 
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In DPMB (Li et al., 2011a), the MB walks in the vertices of the equilateral triangle 

whose length of side is Rm, which is the maximum coverage radius of the MB and 

the sensors; it employs targets and next position to help the MB find appropriate 

paths. Targets are those sensors that can hear from the current MBP and the 

candidates of the next position are distributed evenly in the circle whose centre is the 

MB and whose radius is the maximum coverage of the MB (Rm). There are at most 

five options of next position, as there must be one that represents where the MB 

comes from. When the MB walks from the current position to the next position, it 

can be described that the agent MB changes from state st to state st+1. So MBP is a 

state of RL. When choosing the next position, there are five choices that are 

compared with actions {A}, which are defined as actions from a1 to a6, as shown in 

Figure 4-2.  

 

Furthermore, there is no stable model for the transition of position because we 

assume that the sensors are distributed in the field randomly, it is decided by the 

unknown sensors around the certain MB position according to DPMB. As mentioned 

before, RL does not depend on the model to find a solution, so RL is suitable for 

DPMB. 

Reward and Q-value  

When it comes to reward, the question: “why does the MB move to a new position?” 

is asked, and the answer should be “to settle more sensors”. The aim of a localisation 

algorithm is to settle as many sensors as possible under certain conditions. So the 

reward in DPMB is defined as the number of settled sensors in the new MB position. 

The Q-value is defined as the expected return from the state and associated action 

originally, so 𝑄(𝑠 , 𝑎 ) is the number of expected or future settled sensors in state 𝑠  

when taking action 𝑎 .  

Episode vs. Episodes 

For both SARSA and Q-learning, episodes are necessary to make the Q-value 

converge to a stable value. DPMB cannot afford many episodes; an algorithm for 

localisation of WSN is indispensable because localisation is just a premise of WSN, 

and it should be lightweight and economical, and so many episodes are not 

affordable for WSN. The process of localisation should be done in an episode; as a 
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result, the update of Q-value is meaningless because it will not be used again, so the 

estimation policy is not discussed here, but it does not mean that the Q-value is 

useless, it will be employed to decide exploration or exploitation.  

 

After settling all the static concepts of RL, it is time to decide the dynamic control 

policy of DPMB—how to select action 𝑎  for state 𝑠 . 

Behaviour Policy for DPMB 

As there are five options of action for every state, it will result in five Q-

values 𝑄(𝑠 , 𝑎 ). It is natural that the maximum of them will be selected as the true 

value because we are pursuing more settled sensors and the correspondent action 𝑎  

will be selected as the next position. It is consistent with the estimation policy of Q-

learning, in which the Q-value is updated with the maximum next Q-value.  

 
Table 4-1: RL and DPMB 

 

RL DPMB 
agent MB 

environment field 

state MBP 

action {A} 

reward settled sensors 

Q-value expected settled sensors 

model none 

episode only 1 

exploration applicable 

 

Exploration vs Exploitation 

In Q-learning, the algorithm updates Q-value with “next_target–Old_Estimate”, 

which is the estimation error; specifically, “next_target” is 

“rt + γmax 𝑄(𝑠 , 𝑎 )”, and “Old_Estimate” is Q(st, at). When Q(st, at) is set 

with the maximum, it means exploitation, and we are risking the consistency of the 

whole process of localisation because the best next position cannot promise a best 
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whole process, this is why the exploration vs. exploitation problem is proposed in RL. 

If “next_target” is less than “Old_Estimate”, exploration should be tried instead of 

always exploitation. 

 

The RL algorithm and DPMB are well matched from the factors we mapped before, 

such as state, action and model. We adapt RL to control the MB in selecting an 

appropriate path. The ultimate goal of the algorithm is to find an optimal path across 

a certain interested field with a certain number of unknown sensors in order to find 

the locations of the unknown sensors. The MB is exactly the agent in RL and the 

path is the policy of RL. When a MB reaches each new position, it brings the RL to a 

new state St as well. In each state, there are six actions ai (1 ≤ i≤ 6) to choose from.  

In conclusion, we adapted DPMB to one episode RL, let the RL driven agent MB 

interact with sensors in the field of interest to localise as many sensors as possible.  

 

Algorithm 4-3: Adapted DPMB for RL 

First triple 

Observing r0 

Q(s0, a0)= r0 

do  

 State st 

 [at , Q(st, at)] ←Evaluation (st.{R}) 

 Next_target ← rt-1+ γ 𝑄(𝑠 , 𝑎 ) 

 If next_target <Q(st-1, at-1) 

  Exploration 

 End If 

 Taking action at 

 Observing rt 

 Updating state from st to st+1   

Until s is terminal 

End 

 

RL on DPMB 
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How to get to the next position is the key step in DPMB. In RL, the step is turned to 

how to find an action for the current state. When the MB is in a new position, which 

is presented as state s and taking action a, 𝑄(𝑠 , 𝑎 ) is set as max 𝑄(𝑠 , 𝑎 ). After 

choosing the corresponding action at from the six candidates, the MB gets a reward rt 

that is the number of true settled sensors associated with the action at. Then 𝑄(𝑠 , 𝑎 ) , which is max 𝑄(𝑠 , 𝑎 ), will be computed. Next_target 

“rt+γ*max 𝑄(𝑠 , 𝑎 )” and Q(st, at) decide whether the MB will select a new 

action based on the current state or the last state. If from the current state, it is 

exploitation, otherwise it is called exploration. The adapted DPMB in one episode 

RL is presented in algorithm 4-3. 
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Figure 4-3: Flow of RL 
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Compared with the original Q-learning algorithm, the adapted algorithm has the 

following differences: 

1. Q(st, at) is not initialised random. In the traditional RL algorithm, Q(st, at) is 

initialised randomly, then it is updated by estimation policy. After infinite episodes, 

Q(st, at) will converge to a stable value, but in this algorithm, Q(st, at) is not even 

updated because only one episode happens. Q(st, at) is still calculated in the sub-

algorithm “Evaluation” as the quantity of total possible settled unknown sensors, and 

the sum of rt and Q-value will be used to decide exploration or exploitation for the 

next state. 

 

2. Only one episode happens. In general, successful RL depends on massive episodes 

to be carried out to converge to the optimal policy, but in our algorithm we try to find 

an optimal policy within an episode because real-time information of unknown 

sensors from the environment is feedback to the agent MB, so it is possible for the 

MB to make a decision online according to the collected information. And traditional 

RL depends on trials to get experience.  

 

3. Next_target of estimation is still the sum of the reward and next state value, which 

is exactly the same concept from classical RL. If the next_target is smaller than the 

old estimation, it proves that the action is not a good choice, and exploration will be 

used to try other actions of last state instead of just exploitation. This step makes sure 

that a relatively optimal policy is followed even in a single episode. 

 

4. On-policy or off-policy is no longer evident as the control policy employs weights 

from the sub-algorithm “Evaluation”, but estimation policy does not exist in the 

algorithm. Although Q(st, at) is not updated, the traditional way to update Q(st, at), 

the concept of next_target is employed to make a decision about exploration or 

exploitation. 

 

5. The parameter for “Evaluation” is st.{R}, which is the “hello” message receivers 

of the current state (MB position). It covers all the sensors (including settled and 

unknown) that can hear a message from the current state. {A}, which is the set of 
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candidates of action, will be handled by the MB to decide which action is selected 

and the value of Q(st, at). 

 

6. The parameter γ will determine how often exploitation will happen, within the 

range 0 ≤γ≤ 1. In general, γ = 1, meaning that the new Q-value is counted without 

any discount, but if exploration is too frequent, then γ can be decreased down to 0, so 

only reward is treated as next_target. This provides a flexible way to adjust 

exploration or exploitation. 

 

7. The ‘first triple’ means the first triple MB positions, which must construct an 

equilateral triangle whose length of side is Rm (this is the maximum coverage of the 

MB and sensors). This is from DPMB in order to cultivate some reference sensors, 

the third MB position will be treated as state s1. 

 

The algorithm can be interpreted as the flow chart shown in Figure 4-3. “First triple” 

is from DPMB, the second MBP is state s0 and the third MBP is s1. When the MB is 

in state s1, MB observes r0 and sets Q(s0, a0) to r0. This process can ensure no 

exploration happens at state s1 as next_target at s1 is r0 + 𝑄(𝑠 , 𝑎 ) . Even at 𝑄(𝑠 , 𝑎 ) = 0, the estimation error, next_target-old estimation will always be ≥0 so 

the algorithm will exploit 𝑄(𝑠 , 𝑎 ). From state s1, the MB will enter a cycle in 

which the exit is state. If a new state is available, the MB will update to a new state 

by exploration or exploitation, otherwise the cycle ends. In the cycle, the “evaluation” 

method will evaluate all the available actions and calculate the associated Q-value, 

then the next_target is calculated by the new Q-value and the last reward, and the 

action will be decided finally by error of next_target and last Q-value. After taking 

action and observing the reward, the process moves to a new state and a new cycle 

begins.   

Action and Q-value 

Based on the data structure defined in DPMB, a temporary table receiver is added as 

shown in Table 4-2. 
Table 4-2: Receiver (R) 

ID heard unsettled neighbours (UN) settled neighbours (SN) 
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It is called ‘temporary’ because in every MB Position (MBP), the MB will set up a 

similar new table in memory. This table includes all the sensors’ responses to the 

“hello” message from current MB. The same as before, the ID is unique for every 

sensor. Heard represents how many reference sensors the ID sensor has heard from. 

As the name states, unsettled neighbours (UN) is the number of unresolved 

neighbours of the ID sensor, and settled neighbours (SN) is the number of settled 

neighbours of the ID sensor.  

 

It is apparent in Figure 4-4: Samples of UN and SN that the black dot points refer to 

settled and the grey points refer to unsettled. The biggest black point, O, in the 

middle is the MBP. A, B and C are three receivers, each of them owns a row in table 

R. A is not settled (it is grey) and it has an unsettled neighbour F, so its UN = 1 and 

SN = 0. B has three neighbours, C, E and G, which are all settled, so its UN = 0 but 

SN = 3. C has two settled neighbours, B and G, and an unsettled neighbour D, so its 

UN = 1 and SN = 2. 

 

 

 

 

 

 

 

 

 

 

 

Distance Matrix 

Before explaining the algorithm, a distance matrix of available actions {A} and {R} 

is set up first. The only standard for action is no repetition; if an action is not taken 

by the MB before, it is qualified.  

 

 

 

O 

A 

C 
B 

D 

E 

F 

G 

Figure 4-4: Samples of UN and SN 
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      𝑟 … 𝑟  𝑎⋮𝑎 𝐷 ⋯ 𝐷⋮ ⋱ ⋮𝐷 ⋯ 𝐷  

 

Dmn = 
|𝑎 − 𝑟 || | | |0  

𝑓𝑜𝑟 𝑟 . 𝐻𝑒𝑎𝑟𝑑 = 3𝑓𝑜𝑟 𝑟 . 𝐻𝑒𝑎𝑟𝑑 = 2𝑓𝑜𝑟 𝑟 . 𝐻𝑒𝑎𝑟𝑑 = 1                      (4.5) 

 

Dmn is the distance between the receiver rn and candidate action am, with the 

subscripts m for action and n for receiver. Dmn is set to 0 when the receiver’s 

heard = 1, which means that it has only heard from the current MBP, so the MB 

cannot calculate the distance between actions and the sensor. 

 

If heard = 3, then the sensor is settled, and the MB is free to calculate distance 

between actions and the receiver. 

 

For sensors whose heard = 2 (which means it heard one message from a solved 

neighbour or former MBP and the other message from the current MBP), then there 

will be two location options for the sensor. When computing the distance to this kind 

of sensor, an average value of distances to both options is employed. This is a trade-

off because distance information is turned to weight to decide the action. When 

cardinality of {R} is small, the distance of the sensor whose heard = 2 should be 

calculated; this can provide significant clues for action, but obviously the correction 

is compromised. More analysis will be provided on this later.  

 

Algorithm 4-4 implements two tasks at the same time, one is calculating the weight 

Wm for every qualified action am in order to find the optimal action, the other is 

calculation of the Q-value Qm for action am as well.  

Action 

In the first task, when a receiver hears three or two references, its weight is 

calculated using rn.UN+ β*rn.SN, where 0 ≤ β ≤ 1 is an adjustable parameter which 

determines the weighting of SN. As for all the {R}, β is the same, so it is a parameter 

to imply that UN is more important than SN in our algorithm as Q-value is expected 
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settled sensors and SN is not counted in. But when UN = 0 or UN is equal between 

two receivers, then rn.SN becomes important in the weight. 

 

Algorithm 4-4: Evaluation 

Input :{R},{A} 

Output: two actions and their Q-value 

Initialise Sun=0; {Wm}= {{Qm}}=0 

For am in {A} 

 For rn in {R} 

  If (rn.Heard=3 or 2) and (Dmn<Rm) 

   Wm=Wm+rn.UN+ β*rn.SN 

   {Qm}={Qm}∪ (rn.{NB}) 

  End If 

  If rn.Heard=1 

   Sun=Sun+rn.UN 

  End If 

 End For 

End For 

If Sun! =0  

 M = arg max ∑ 𝐷 ,  

 WM=WM+ Sun 

End If 

Action First(F) = arg max 𝑊 ; 

QF=|{QF}| 

Actions {A}← {A}-First 

Action Second(S) = arg max 𝑊  

QS=|{QS}| 

Return First, Second, QF, QS 

 

When a receiver only hears from one reference, it will be the MB, and hence it is out 

of the coverage of all other settled receivers, and so an extreme solution is applied to 

weight it. The action that owns the maximum summarised distances to all the 

receivers whose heard ≠ 1 will be weighted with all the UN of all the receivers 
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whose heard = 1. This means the action that is the furthest from the settled receivers 

of the MB will be equipped with extra weight. This is implemented by variable Sun, 

which is employed as the sum of UN of all the receivers whose heard = 1, and will be 

added to the weight of the action that is the furthest from all the settled receivers.   

Q-value 

In order to find Q-value, all the unsolved neighbours (UN) of receivers who 

contribute to weight of the action are collected as a set applying the union operator U, 

and the cardinality of the final set will be returned as the Q-value for the action. Then 

the action with the maximum weight will be selected as the first action, which pairs 

with its Q-value QF to be returned from the method. The second maximum weight 

action and its Q-value are returned as a backup for the first, which is ready for 

exploration.  

Demand of Exploration 

Exploration is a significant way to improve the performance of RL, so it is applied in 

the algorithm. The RL on DPMB just runs one episode instead of infinite episodes, 

but exploration is still a valuable way to help the MB to find an optimal path in an 

episode. 

 

First of all, it is necessary for two major reasons: one is that the distance to a sensor 

whose heard = 2 is the average of two options; the other is that the choice of action 

for the receiver whose heard = 1 is a bold estimation, although it is reasonable. 

Exploration is a remedy for the two obvious possible issues.  

 

When heard = 2, as in Figure 4-5, there are two possible positions S and S’ for the 

sensor. If SA + S’A, SB + S’B, SC + S’C less than 2*Rm, then according to our 

algorithm, all A, B, and C are qualified candidates for the next position, so they will 

increase in weight because of the sensor S or S’. Provided that S is the true position, 

if C is selected as the next action, it will miss S. Exploration provides a chance to fix 

the problem. 
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Figure 4-5: Problem of heard = 2 

 

For the condition of heard = 1, Figure 4-6 displays one of the possibilities that make 

exploration necessary. B or C is an unknown sensor whose heard = 1, and only 

receives a message from the MB position O, not from {R}. But according to the 

proposed RL algorithm, the position that is the furthest from all the settled receivers 

should be selected, so the MB will take action A, and it will not cover B or C. This 

indicates that A is not a good choice. But if B or C exists in the overlap of the two 

circles, then A is a good decision. 

 

 
Figure 4-6: Problem of heard = 1 

 

Implementing our algorithm, when next_target rt+γ𝑄(𝑠 , 𝑎 ) is less than the old 

estimation Q(st, at), it means that the current action at+1, which is the action ‘first’ 

returned from evaluation, does not reach the initial expectation, so another returned 
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action that is designed as a backup ‘second’ action should be chosen to improve the 

performance.  

 

In evaluation, UN is the main weight of a receiver, SN is just an accessory. However, 

only the receivers’ neighbours are considered, so the weight is limited in a small area 

of the whole field of interest. So it is possible that the MB just concentrates on a 

small area but has lost the big picture; exploration is an effective way to compensate 

this. A typical sample is a bridge sensor case as shown in Figure 4-7. The black point 

is a bridge sensor of two group sensors; the circle is its coverage, so it has only two 

neighbours. When the MB walks from the left side of the group, it is ideal that the 

MB moves towards the bridge sensor, but the MB may not go to the bridge sensor 

because the bridge sensor only has two neighbours. So exploration gives a second 

chance. 

 

In practice, irregular terrain is a normal situation and this will lead to a deterioration 

of the algorithm designed in the laboratory. When the next_target value in Algorithm 

4-3 is far from expectation, exploration provides a precautionary measure for the 

non-ideal environment.  

 

 

 

 

 

 

 

 

Exploration is necessary, but trying every possible action is not an option because a 

reasonable algorithm must take energy consumption, time to finish, and distance of 

path into account. Over-exploration will damage the efficiency of the algorithm. 

Parameter γ will determine the frequency of exploration. In this algorithm, the 

implementation of exploration is choosing the second maximum weight of actions, as 

weight is the result of comprehensive consideration of all the neighbours, not just the 

specific sensor whose heard = 1 or 2, and only one exploration opportunity for every 

state as only one backup action is provided.

Figure 4-7: Bridge sensor 
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Taking Action and Observing Reward 

This step is consistent with DPMB except that reward is counted in this step. When 

the agent MB moves to a new MBP, it means a new state, so the corresponding 

methods in DPMB are invoked. New MBP, new reference then maximising localised, 

are followed by the count of reward, which is the quantity of new settled sensors. 

 

Algorithm 4-5: Acting 

Input: at 

Output: rt 

Count Spre on table Heard 

New MBP 

Maximising localised 

Count Spost on table Heard 

Return rt = Spost - Spre 

 

In order to find the reward of the action, the MB must know how many sensors are 

settled before action and how many sensors are settled after action. A table called 

Heard records all the settled status of the sensors from DPMB, so the MB can find 

information from the table. Up to here, a whole cycle of a state finishes. Then the 

process returns to entry of the cycle, evaluation, decision of action, and taking action 

until no new state or MBP is available.  

4.3. Simulation 

We undertook simulations on the proposed algorithm using Matlab. The same 

scenario of DPMB is employed in the simulation. The field of interest is an ideal 

field whose area is 60 m x 60 m, in which RSS can be mapped to straight-line 

distance and the MB can walk flexibly. The same 100 distributions of DPMB are 

employed to simulate, and 60 points are located randomly in the field as 60 unknown 

sensors in each distribution. 

4.3.1. Sample of Simulation 

 

Figure 4-8 shows one of the typical simulation results. The track of the MB is drawn 

as red solid lines. Sensors are presented as asterisks “*” followed by two numbers, 
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the first number is the ID mentioned before and the second is the number of 

neighbours. All the sensors are initialised as blue, which means “unknown”. If they 

are settled, then the colour of the “*” will turn to red. The circles represent the 

coverage of a certain MBP, and hence the unknown sensors that can receive 

messages from the position are shown inherently. As mentioned before, the 

simulation result of a distribution is shown in Figure 4-8. The simulation begins from 

the lower left corner of the field with “first triple”, and then reaches the position near 

ID 48. The position will be treated as state s1, and the last position of the MB is 

treated as s0, then the MB was driven by RL to find unknown sensors automatically.  

 

 
 

Figure 4-8: One simulation result of RL 

 

The distinguished feature of RL is exploration and there are two obvious 

explorations that happen in the trial: one from the position near ID 8 to ID 20, 

another from the position near ID 32 to ID 6. The explorations change the walking 

direction of the MB dramatically to enlarge coverage of the path. Some sensors are 

still blue after the process, these are not localised, and some of them have no direct 

connection to the settled sensors, in turn, the MB does not know of their existence; 
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although even when the MB knows of their existence, some of them are still given up 

because the MB has a better choice. 

4.3.2. Details of implementation 

 

 
 

Figure 4-9: Exploration heard = 2 

More details are provided to demonstrate the features of RL. A sample of exploration 

when heard = 2 is shown in Figure 4-9. The current MB position is near ID 26, it 

walks from ID 40. ID 27 is in the situation of heard = 2, it can hear from the current 

MB position and ID 26, so two possible positions exist. According to the weight of 

actions, the MB goes to the down right position first, it cannot receive a response 

from ID 27 and it turns out that the next_target is less than Q-value, so it goes to 

exploration to the upper middle position and finds ID 27. 

 

Figures 4-10 and 4-11 are snapshots from the former DPMB and current methods of 

RL, respectively, with exactly the same sensor distribution in order to compare them. 

Figure 4-10 is from DPMB, in which the MB walks from ID 19 to the current MBP 

near ID 58 and chooses the best target in DPMB. As sensor ID 18 has six neighbours, 

which is the maximum, the MB goes to the nearest next optional position of ID 18. 

 

Figure 4-11 is from the new algorithm RL. It considers all the sensors, IDs 13, 18 

and 19 wholly, not just the sensor with the maximum neighbours, so the MB goes up 

to the middle position where it can help not just ID 18, but also ID 13 and ID 19 can 

hear from the MB position as well. From these two figures we can see that the 
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different strategies result in different actions, and in turn, different paths of the 

simulation. 

 

 
 

Figure 4-10: Decision from DPMB 

 

 
 

Figure 4-11: Decision from RL 

 

4.3.3. DPMB vs. RL  

One of our major objectives is determining if the current algorithm RL outperforms 

the former DPMB. As mentioned before, there are at least three outstanding points of 

RL compared to DPMB. First of all, all the receivers of the current MBP are 

considered instead of the one with maximum neighbours. Second, data from two 

hops is analysed, not just the unsettled neighbours of the direct receiver. Thirdly, 
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exploration provides a second chance to fix the last selection. So the coverage rate of 

RL should be higher than DPMB in the same condition, but steps of RL could be 

more than DPMB because of exploration. 

 

In DPMB we compared the distribution of settled and steps when Rm = 8, 10 and 12; 

and 10 is a standard value to evaluate the algorithm, so in the simulation we 

compared the performance of DPMB and RL where Rm = 10. 

 

Figure 4-12 is the distribution of 100 simulations for the RL method and DPMB 

when Rm = 10, in which the x-axis represents steps and the y-axis represents the 

settled number of sensors. First of all, “more steps, more settled sensors” is still 

standing and consistent to the theory. Second, it is evident that the distribution area is 

different between them. For DPMB, more asterisks (*) are located close to the lower 

left corner, in contrast, circles (o) are extended to the top right corner of the figure. It 

proves that RL is higher than DPMB in the settled rate; as a result, RL is more 

efficient than DPMB, which is one of the goals we pursue in RL. It should be noticed 

that there are some idiosyncratic results that happened at step = 3 to 6 because of the 

irregular distribution of sensors.  

 

 
Figure 4-12: 100 simulation results 
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Figure 4-13: 3D distribution of DPMB 

 

For any two simulations, if steps and settled are the same, only one point can be seen 

in Figure 4-12: 100 simulation result. The repetition of certain settled and steps 

relationships cannot be observed in this diagram, so when the results are presented in 

a more intuitive way, such as in the 3D-histograms in Figure 4-13 and Figure 4-14, 

the difference is more obvious.  

 
Figure 4-14: 3D distribution of RL 
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The repeat can be seen in 3D, the distribution of the DPMB is relatively flatter when 

compared to the distribution of RL; in particular, the RL is sharper when in high 

steps and settled. This is another way to prove that RL is more efficient than DPMB. 

 

After checking the intuitive result, it is time to see the statistics. The following table 

shows statistics for the total 100 distributed sensors when Rm = 10, it includes the 

average steps and settled number in both algorithms. RL is higher than DPMB in 

both walking distance and settled rate. This is consistent with our theory analysis as 

exploration is added to RL to improve the settled rate but steps increase as well.  

 
Table 4-3: Average steps and settled number 

 

Algorithm Steps Settled 

DPMB 9.96 37.86 

RL 12.72 42.1 

 

 

 
Figure 4-15: Comparison of settled number 

 

In order to see their performance in walking distance and settled rate separately, we 

compare DPMB and RL in Figure 4-15 and Figure 4-16. When they are both running 

through all the 100 simulations, in the settled rate of Figure 4-15, RL has more peaks 
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in high settled rate; this is why in Table 4-3 the RL is higher in the average settled 

rate. But in Figure 4-16, DPMB has a peak close to the low steps, resulting in that 

DPMB is lower in average steps. Walking distance and settled rate are a pair of 

contradictions, less steps and higher settled rate are preferred as the former means 

energy consumption and the latter represents effect. A balance of them should be 

pursued. 

 
Figure 4-16: Comparison of steps 

 

4.4. Summary 

In this chapter a localisation algorithm for WSN based on determining the dynamic 

path of a mobile beacon by employing reinforcement learning is proposed. 

Reinforcement learning is a branch of machine learning that is popularly applied in 

various research areas. The idea is based on the observation that a mobile beacon is 

an intelligent machine. Making the algorithm lightweight and efficient is still our 

ultimate objective as before, because it is known that localisation is just a basic 

precondition for WSN applications. For being lightweight, the algorithm inherits 

attributes from DPMB, with the most complex computation being a simple quadratic. 

With regard to efficiency, we exploit all the available collected unknown sensors’ 

information comprehensively, including the unknown sensors whose heard = 1. Not 

only exploitation, but also exploration, is applied to optimise the policy of RL, which 
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is equal to the dynamic path of MB. The simulation proves that coverage rate is 

improved in certain conditions compared to the former algorithm.  

 

Exploration is a sword with two blades for the algorithm. In the provided figures we 

can see that the exploration helps to settle more unknown sensors and directs the MB 

to an extended area. But over-exploration needs to be addressed as it will lead to a 

deterioration of the algorithm, causing longer time and distance to finish the 

algorithm. This is why the parameter γ exists. Further experimentation is needed to 

adjust the γ-value according to the area of field and density of sensors. 

 

In the algorithm, the selection of actions depends on weights, exploration depends on 

Q-value, weight is the total quantity of neighbours, and some of the neighbours are 

repeated; in contrast, the Q-value is the true quantity of unknown sensors existing in 

the neighbourhood. Identifying how to optimise the algorithm to use the relationship 

information effectively to guide the MB walk more purposefully and correctly is 

worthy of more research.  



 

 

Chapter 5  

VECTOR COSINE SIMILARITY 

 

Reinforcement Learning improves the performance of DPMB, but both of them are 

weighted on distance which is error-proned. In contrast, similarity based on direction 

is natural feature of DPMB as it selects next position for MB from six even 

directions. Vector cosine similarity is employed as a new algorithm for DMPB in this 

chapter to demonstrate the difference between distance and direction based on the 

framework.  

5.1. Introduction 

In chapter 3 a framework (Li et al., 2011a) is proposed to implement the dynamic 

path of localisation of WSN in an efficient and effective way by MB. The main steps 

in the framework include first triple, new reference, flood 3, try all 2, and next 

position. The coverage circle of the MB is divided into six parts by six vertices, 

which are called next position candidate. In selection of the target, this method only 

considers the settled sensor and gives up the information of others; not all the 

collected information is used effectively.  

 

Another algorithm for localisation of WSN (Li et al., 2012a) based on the machine 

nature of MBs is proposed in chapter 4. Reinforcement Learning (RL) is adapted to 

work as the brain of the MB to drive the machine to localise the unknown sensors. It 

avoids the issue of infinite episodes of RL in machine learning and applies 

exploration vs exploitation to compensate the vague decision to cover unknown 

sensors more correctly. Compared to the basic framework, it takes all the possible 

next positions into account and tries to take advantage of all the collected 

information. But the frequency of exploration is one of the key factors for the method 

to succeed. Over-exploration could cause disaster and failure of the algorithm.  

 

In the proposed method of this chapter, we try to make the best use of collected 

information and apply area and cosine similarity (Tan et al., 2005) to overcome 

issues found from former algorithms by replacing distance with direction. For 
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example, the process of localisation could be ended in small steps and the coverage 

rate is low, partly because of irregular distribution of sensors and partly because no 

further targets are available. We extend the definition of target to two hop neighbours 

of the current MBP in this method. Only location is applied to make the decision in 

previous methods, whereas distribution and relationship of settled sensors will be 

employed to assist the MB to choose the next position in the new method. In the 

previous algorithms, only one neighbour of the current MBP is selected as the target, 

or all the neighbours are considered comprehensively. We only take the relevant 

sensors into consideration and divide them into different groups (Mondinelli and 

Kovacs-Vajna, 2004) according to their relativity in this chapter. Another renovation 

in the method is calculating weight using direction instead of distance, as the latter is 

transformed from the error-prone RSS. On the contrary, confinement of area and 

vector similarity is more suitable for the uncertainty of RSS. 

 

In this chapter, Section 5.2 presents the self-acting renovated localisation algorithm 

based on the MB and then Section 5.3 discusses the simulation results. Finally, our 

conclusions and further research are discussed in Section 5.4. 

5.2. Autonomous Mobile Beacon in Localisation of WSN 

5.2.1. Assumption and Definition 

The new algorithm is developed from DPMB (Li et al., 2011a) that is a localisation 

algorithm of WSN depending on the dynamic path of the MB. Some significant 

assumptions and methods of DPMB must be clarified first. 

 

In order to save precious and limited energy of the sensors, communication only 

happens between direct neighbours and no communication relay happens in the 

algorithm. 

 

RSS is used to represent distance but it is error-prone, so only sensors that can hear 

directly from the MB work as references for their neighbours, and this can control 

the spread of errors.  
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The MB is the core component of the algorithm and all the heavy computation is 

processed in the MB. In contrast, unknown sensors just say “hello” to their direct 

neighbours at the identifying stage, then respond to the hello message from the MB 

when it is in the coverage of the MB.  

 

The algorithm is based on the framework from DPMB, in which the dynamic path is 

composed of the next position. How to the find next position is the key method of the 

algorithm. This new algorithm concentrates on the implementation of “next position”, 

in other words, this is another way to find the next position of the MB for DPMB. 

Mobile Beacon Position (MBP) 

The optional next position for the MB is defined the same as DPMB in Figure 5-1, 

and refers to one of six positions, P1 to P6. But one of them is called the coming 

position, which is the last position of the MB. 

 

 

 

 

 

 

 

 

 
Figure 5-1: Six next positions and area 

 

The relative position of Pn (Xn, Yn) is the same as Equations (3.1) and (3.2).
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Figure 5-2: Relative position 



Chapter 5                                                                                         Vector Cosine Similarity 

Page 115 

Area and Position 

The whole circle with a radius of Rm (as illustrated in Figure 5-1) is the coverage 

area of MBP. It is divided into six areas by Pn. The adjacent position Pn and 

Pn+1 (n = 1…6; P7 is the same as P1) and O form six equal areas A1 to A6, 

An = P OP . Simply, the area between segment OP1 and OP2 is called area A1, and 

the area between segment OP2 and OP3 is called area A2, etc. The area a sensor 

belongs to is called the area number of the sensor (AoS), whose value is from 1 to 6. 

In order to find AoS of the settled sensor S (x, y) in Figure 5-2, angle θ should be 

found first. Angle θ is defined as the angle between SO and the positive direction of 

X-axis, it will be 0 ≤ θ ≤ 2π. If there is a settled sensor S (x, y) that is inside the 

coverage circle of the MB whose position is O (x0, y0), then: 

 ∆y = y − y          ∆x = x − x                                         (5.1) 

In Figure 5-2: Relative position, angle θ can be calculated by:  

θ = tan ∆∆ + ∗ k  if k = 0,2tan ∆∆ + ∗ k  if k = 1,3                                     (5.2) 

 

k=

0 ∆y ≥ 0; ∆x ≥ 01 ∆y ≥ 0; ∆x < 02 ∆y < 0; ∆𝑥 ≥ 03 ∆y < 0; ∆𝑥 < 0 . 

According to the definition of area An, 1≤ n ≤ 6, the relation between n and θ 

depends on the following formula: 

 + (n − 1) ∗ π/3 ≤ θ < + n ∗ π/3                              (5.3) 

 

Where θ comes from Equation (5.2), which depends on the position (x, y) of the 

settled sensor. But if 0 ≤ 𝜃 ≤ 𝜋/6, then: 

 θ ≡ θ + 2π                                                        (5.4) 

 

As a result, when θ is known, AoS or n of a settled sensor S(x, y) will be:  
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AoS (x, y) = floor( ∗ 3) + 1                                           (5.5) 

 

because θ can be expressed by (x, y) in Equation (5.2). The floor (value) is a function 

that returns the next lowest integer value by rounding down the value if necessary. 

For instance, floor (1.2) = 1. By this way, if a sensor is settled, it means the location 

(X, Y) is known and AoS n of the sensor can be calculated.  

Opposite Area and Position 

Opposite areas, the two areas that are symmetrical on MBP O, are opposite areas to 

each other; for example, where A1 and A4, A2 and A5, A3 and A6 are opposites, the 

difference of n of An between the opposite area is 3. Similarly, in line PiOPj of Figure 

5-1, when |i-j| = 3, Pi and Pj are mutual opposite positions; for instance, P1 and P4, P2 

and P5, P3 and P6.    

Vector Cosine Similarity (VCS) 

VCS is a metric of how similar two vectors are using Cosine.  

For vectors v⃑ = {x , y } and v⃑ = {x , y }, v⃑. v⃑ = ‖v ‖‖v ‖ cos θ, so: 

 VCS = cos θ = ⃑. ⃑‖ ‖‖ ‖ =                           (5.6) 

 

When VCS = 1, the two vectors are in the same direction, but if VCS = –1, they are 

in the opposite direction, so cos ∠P OP = cos π = −1. When |i-j| = 3, OP⃑  and OP⃑  

are in the opposite direction. 

Other Definitions 

Receivers (R) 

R is usually a set {R} and contains all the receivers of a certain sensor, including the 

MB. It is similar with neighbours; they can hear the hello message from the sensor.  

 

Inner Weight (IW) and Outer Weight (OW) 

IW and OW are defined for R, where IW is treated as the quantity of unsettled 

neighbours of R, and OW is the quantity of settled neighbours of R, but not 

neighbours of the current MBP.  
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Group 

Receivers of the current MBP will be grouped. It is a general situation that some of 

them are mutual neighbours and some are alone. There are two group rules based on 

the principle of no relay communication. 

 

Group rule 1: Mutual neighbours will be treated as a group; 

Group rule 2: If two sensors share a common neighbour except MBP, they belong to 

the same group. This extends the possibility of the group.  

 

When considering the next position, the MB will use the group as a metric. 

   

 

 

 

 
Figure 5-3: Definition of group 

 

Figure 5-3 is a sample of groups. When two sensors are neighbours, they are 

connected by a solid line. The MB is in position A, MBP.{R}={B, C, D, E}, G is the 

common neighbour of B and C, although B and C are not direct neighbours, {B, C, F, 

G, H} is a group according to group rule 2, and {D, E, I, J, K} is another group 

according to group rule 1.  

Core Members 

B, C and D, E are called core members (CM) of the two groups, respectively. They 

are receivers who can hear from the current MBP; physically, they are sensors inside 

the coverage of the current MBP.  

Group Weight 

There are two group weights so far: one is group inner weight (GIW) and the other is 

group outer weight (GOW).  𝐺𝑊 = ∑ 𝑊                                                 (5.7) 

 

B C D E

F G H I J K

A
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GW of group i is the sum of the weight of all the CMs in the same group, and m is 

the total number of members in a group. 

 

 

 

 

 

 

 

 
 

Figure 5-4: Sub-steps in the method 

The process of localisation is defined as a continuous process to find an appropriate 

path of the MB in a field of interest to localise as many unknown sensors as possible. 

As this algorithm is based on the framework of DPMB, we are focusing on finding 

the next position for the MB. In every new position, it will follow the combination of 

four sub-steps in a sequence to find a new next position for the MB, including 

observation, data mining, decision of group, and selection of next position, which is 

shown in Figure 5-4. 

 

When the MB moves to a new position, it sends out a “hello” message and collects 

feedback to form a table of receivers. Unknown sensors that appeared the first time 

will return the information from neighbours. This is called “observation”. 

 

After getting information from all the receivers that can hear from it, the MB will do 

“data mining”. It will analyse the relationships between receivers, group them and 

calculate their IW and OW for the next sub-step. 

 

“Decision on group” explains itself. Our former algorithms work on a single target or 

all the receivers; however, this algorithm works on relatives, which means useful 

information is applied but redundant information will be given up, so this should be 

more accurate and effective. 

 

Observation 

Data Mining 

Decision on Group 

Next position 
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The MB will make a final decision on next position by the utility of VCS on the 

group and go there and do all the routine steps of a new MBP from DPMB.  

 

The process will enter a new cycle after reaching a new position. All the new 

positions will result in a dynamic path of MB in the field of interest, and in each new 

position the four sub-steps make sure the MB selects the next position on the 

algorithm. 

5.2.2. Next Position on Group VCS 

The following details the four sub-steps that will be implemented on the concepts of 

AoS, group, weight, etc.  

Observation 

Observation is an interactive process. When arriving at a new position, the MB sends 

out a hello message and waits for a return message; it then prepares the table of 

receivers for the next sub-step. 

Table of Receivers 

After receiving feedback from sensors that can hear from it, the MB will set up a 

temporary table of receivers (R), whose format is shown in Table 5-1. It is called 

‘temporary’ because the table is only useful for the current MB position (MBP). 

When the MB reaches a new position, the table will be replaced by new data. This is 

the duty of the first sub-step—observation.  

Table 5-1: Receivers (R) in VCS 

ID GROUP SETTLED IW OW AoS 
 

All the direct receivers of the current MBP will own a row in the table. The value of 

the ID is from feedback of the hello message. Column SETTLED will be valued 1 or 

0 depending on whether the receiver is settled. If SETTLED = 1, the receiver has a 

location (x, y), so AoS can be calculated from Equation (5.5), otherwise AoS will be 

set to 0. In the next sub-step, every receiver will be given a group number and its IW 

and OW will be calculated as well; they are all set to 0 at this sub-step. Then the MB 

will enter the second sub-step, “data mining” to decide the value of GROUP, IW and 

OW for every ID by Algorithm 5-1. 
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Data Mining 

There are two main tasks in Algorithm 5-1: one is group, and the other is weight. 

Both of them depend on the neighbour table from DPMB. According to the 

framework from DPMB, every receiver of MBP will report its neighbours {N} to the 

MB when it hears from the MB for the first time. The MB can group them by 

checking if two receivers are mutual neighbours by group rule 1 or share a common 

neighbour by group rule 2, otherwise they are in different groups. 

 

Data mining is a big topic with various choices, but for our task it needs to be simple 

and effective. First, the abstract algorithm is provided in Algorithm 5-1, and then it is 

explained with the help of Figure 5-5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

When initialising every CM and its neighbours {NB} are treated as a group, a group 

number is set for each CM, {R}, in an increasing sequence. The MB will iterate 

through all the neighbours {NB}, N, of CMs from the first group. If an N is new to 

{R}, it is added to {R}, and N.group = R.group; but if it has already been in {R}, no 

matter if it is a CM or just an NB, the group number of its whole group is updated to 

the smaller one of N.group and R.group. For instance, as neighbours of B, F and G 

will be added to {R}, their group number will be 1, but for G as a neighbour of C, 

which has already been in {R}, the number of its whole group {C, G, H} will be set 

to 1. This is the sample of group rule 2. For E is a neighbour of D whose group 
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E 
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G H 

E I 

D J K 

{NB} 
{R} 

Group number 

… … 

Figure 5-5: Explanation of data mining 
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number is 3, so the whole group of {E, D, J, K} is updated to group 3 as well, and 

this is the sample of group rule 2.  

 

Algorithm 5-1: Data Mining 

Input:{R} 

Output: updated {R} 

Iterate R in {R} 

 Iterate N in R.{NB} 

  If N in {R}  

   If N.group≠R.group 

    Update all Rs with big group to small group 

   End if  

  Else 

   A row of N in {R},N.group=R.group 

  End if 

  If N settled  

   S.OW+1 

  Else  

   S.IW+1 

  End if 

 End iterate N 

End iterate R 

Return {R} of CM 

 

IW and OW are counted for the receivers according to the definition. Core members 

in the same group are not counted to IW and OW because the MB will calculate 

weight in the group, and mutual relationships make the count of OW and IW repeat.  

 

The non-CM rows in {R} are just helpers for the MB to identify a group number and 

they are devoted to their Rs by weight, so they are not necessary to be kept in {R} 

after group, so only CMs in {R} are returned for next step.   

 



Chapter 5                                                                                         Vector Cosine Similarity 

Page 122 

Figure 5-6 is a possible actual distribution of Figure 5-3. The settled sensor is marked 

as a dark dot point and the unsettled sensor is marked as a light grey dot point. Their 

connectivity can be judged by the circle that is its coverage around them. According 

to Figure 5-3, the data mining result will be a matrix R. 

 

 

 

 

 

 

 

 

 

 

{R}=

B 1 1 2 0 6C 1 0 2 0 0D 2 1 1 0 4E 2 1 1 1 3  

 

B, C, D and E are CMs, they own rows in table R. C is unsettled, so its 

SETTLED = 0, its AoS will always be set to 0, and it is grouped with B because of 

the common neighbour G. Only E has a settled neighbour, so its OW = 1. So far, sub-

step 2, data mining gets all the information ready for the next sub-step decision of 

group.  

Decision on Group 

After Algorithm 5-1, the MB knows how many groups are formed and in which area 

the settled sensors are, and can calculate the sum of IW and OW for each group. 

When calculating the group OW and IW, corresponding IW and OW inside MBP.{R} 

should be counted as they were ignored previously in Algorithm 5-1. 

 

If all IW and OW are 0, the MB cannot get any information outside its coverage 

circle and it has to end the whole process.  
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Figure 5-6: Actual distribution for Figure 5-3 
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Algorithm 5-2: Decision on Group 

Input:{R} 

Output: group number 

If all IW=0 

 If all OW=0  

  END 

 Else 

  Return group N = arg max (𝐺𝑂𝑊 ) 

 End if 

Else    

 Return group N = arg max (𝐺𝐼𝑊 ) but fewer members 

End if 

End 

 

If all IW = 0, it means no unsettled sensors belong to the MB’s neighbours of one 

and two hop. As two hop neighbours do not report to the MB, it is possible that some 

of them have some unsettled neighbours, so the MB will try to go to them to find 

more unsettled sensors by finding the group that owns maximum OW. 

 

Normally, if there is any group whose IW>0, it means there are some unsettled 

receivers or two hop neighbours unsettled, so it will pick a group with maximum IW.  

 

When more than one group owns the same maximum IW or OW, the MB will 

choose the group with fewer core members based on the maximum average weight of 

each core member. All the decisions are based on a one and only target, which is 

maximising the quantity of settled sensors.  

 

After the decision of group, the group is treated as input for Algorithm 5-3 in order to 

find a best next position. 

Selection of Next Position 
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If the selected group includes some settled sensors or a sensor whose heard = 2, the 

MB can predict which direction the group is close to. But if all the CMs in the group 

just hear messages from the current MBP, the MB has no idea where the CMs are.  

 

Algorithm 5-3: Selection of Next Position 

Input: group number 

Output: next position 

If all members in the group are heard=1 

 Find the PN where N = arg max (𝐺𝑆𝑊 ) 

 PM, opposite position of PN and |M-N|=3 

 Return PM as the next position 

Else 

 Return PN where N = arg max (𝐺𝑆𝑊 ) 

End if 

 

The way to find the next position is totally different in the two situations, which is 

that the positions of the core members of the group are predictable or not. If all the 

core members heard = 1, they only get one message from the current MB position, so 

the only information is that it is inside the coverage circle of the MB. There is no 

clue about the direction. But a clue comes from negative information, it is far from 

all other settled sensors because it is not a neighbour of them. So we find the best 

next position PN for all the predictable CMs first, and then treat PM, which is the 

opposite position of PN, as the best next position.  

 

If there is no settled sensor in {R} at all, then the MB will return the opposite 

position of the coming position, which means the MB will move forward along the 

direction.  

 

When there is at least one core member whose heard ≠ 1, the PN with the maximum 

group similarity weight will be selected as the next position.  

Preparation for Group Similarity Weight (GSW) 

According to the definition of GSW, two groups of input are necessary. These are the 

core members {CM} and candidates of next position {Pn}.  
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Core Members {CM} 

If all the CMs of the selected group are not settled, their heard = 1, and the MB 

cannot find a destination of next position because CMs do not provide information of 

location, so the MB finds all the settled CMs of its current MBP. As a result, the next 

position found by these CMs is perfect for them, not for the selected group, so the 

opposite position will be chosen to be the true next position in Algorithm 5-3.   

 

If there are some settled CMs in the selected group, the MB just puts them in {CM} 

for the next step. 

 

Position {P} 

Given a group of CM, the MB can find a range of Pn, the minimal i and maximum j 

of n, according to the AoS of the settled core members. Based on the equations 

provided in the definition, when a sensor is settled, this means it has a location (x, y), 

then an AoS can be calculated. In turn, the two candidate next positions can be 

identified in Figure 5-1. For a certain AoS n of core member CM, n and n+1 will pop 

into {P} when n<6, if n = 6, and 6 and 1 will pop into {P} instead. So it is the 

Algorithm 5-4 for a range of Pn. 

 

Algorithm 5-4: Range of Pn 

Input: group number 

Output: {CM}, {P} 

If group without settled CM 

 {CM}←all the settled CMs of MBP 

Else 

 {CM}←all the settled CMs of group 

End if 

Iterate {CM} 

 Pop the two adjacent Pn to set {P}  

End Iterate 

Return {CM}, {P} 

Group Similarity Weight (GSW) 
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The algorithm of GSW is presented in Algorithm 5-5 and its details are explained in 

the following. Based on the previous provided VCS equation, the VCS between the 

candidate’s next MBP Pn and core members Mm are calculated, which forms a matrix 

A of VCS:       𝑝 … 𝑝  

A =
𝑚⋮𝑚 𝑉𝐶𝑆 ⋯ 𝑉𝐶𝑆⋮ ⋱ ⋮𝑉𝐶𝑆 ⋯ 𝑉𝐶𝑆                                         (5.8) 

 

Where i, j ≤ 6, because every {P} is a subset of {1…6}, but the values of i and j are 

not comparable because {P} could be {1, 2, 3, 4} or {5, 6, 1, 2} according to the 

definition of next position. This is the reason why P is not expressed as P1 to Pn, but 

Pi and Pj. So A is an m ×  n matrix, in which n is the cardinality of set {P}: 

 

n= |P|                                                     (5.9) 

Vector B of W (IW or OW) is excerpted from matrix R according to the input {CM}. 

 

B =
𝑚⋮𝑚 𝑊…𝑊                                                (5.10) 

 A , which is the transpose of matrix A, is an n ×  m matrix, and vector B, which is 

m ×  1, so the product of them is: 

 

A B = 
𝑝⋮𝑝 𝐺𝑆𝑊…𝐺𝑆𝑊                                              (5.11) 

 

Which will be an n ×  1 matrix, and there is a map between n and {P}; for example, 

map (1) = i and map (n) = j from the previous equation A B,  

 1⋯n i⋯j                                                  (5.12) 

and 
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𝐺𝑆𝑊 = [A B] = 𝑉𝐶𝑆 ( )𝑊 + ⋯ + 𝑉𝐶𝑆 ( )𝑊  = ∑ 𝑉𝐶𝑆 𝑊                                                                    (5.13) 

 

GSWk is the kth GSW of matrix GSW which is an n ×  1 matrix. The GSW with 

maximum value will be found by:  

 N = arg max (GSW )                                                (5.14) 

 

Then the candidate of next position Pmap(N) will be selected as the next position. 

 

So these are all sub-steps of a new MBP. A whole process of localisation will be 

composed by many MBPs.  

 

There is still an issue about the position of core members because VCS requires the 

location (x, y) of members, but not all the core members are settled. 

 

Algorithm 5-5: Group Similarity Weight (GSW) 

Input: {CM}, {P} 

Output:  next position  

Construct VCS matrix A between {CM} and {P} 

Extracting weight matrix B of CMs from matrix R 

GSW=A×B  N = arg max(GSW ) 

Return next position Pmap(N) 

 

5.2.3. Position of Core Members 

First of all, according to Algorithm 5-3, if all core members heard = 1 in a target 

group, they are handled by a different way than with the situation that some CMs 

heard ≠ 1. 

 

If a member whose heard = 1 is in a selected group with other CMs whose heard ≠  1, 

it must join the group because of the group rule 2, where it shares at least one 
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common unknown sensor of another core member. It cannot help with VCS in this 

case, but it could be settled in the next position as it is in the target group.  

 

 
 

 

If a core member whose heard = 2, it means it gets one message from the current 

MBP, another from a previous MBP or other settled sensor. For the first situation, the 

next position should avoid the linearity problem of localisation [15]. For the second 

situation, the location of the settled neighbour will be used to calculate the VCS of 

the CM; the reason is explained in the following. 

 

In Figure 5-7: Possible area of heard = 2, there is a possible area for the sensor whose 

heard = 2. L is the last position of the MB, O is the current position, and S is the only 

settled neighbour of the unknown sensor U, which is not shown in the figure as we 

will predict its position. Without loss of generality, if L, O, and S represent the set of 

their coverage, the possible area of U is (O ∩ S) − L . As the two possible positions 

must be symmetric on line SO, the possible area is shrinked to arc ABDOCA⃗, and the 

maximum error of VCS is∠SOC. Obviously, the accuracy of the prediction is low in 

this situation, but it is only part of the prediction of a group and the information is 

still helpful to indicate the direction of U except in a special situation, where S is 

located exactly in the straight line of PnO of Figure 5-1. The Pn will be selected as the 

next position because the VCS between S and Pn are 1, the maximum. In turn, it will 

lead to a linearity problem, which should be avoided in localisation. If this happens, 

the simple way to avoid linearity is to let the MB move to a neighbour of Pn, Pn-1 or 

Pn+1. 

 

O 

S 

A 

B 

L 
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D 

Figure 5-7: Possible area of heard = 2 
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Another option for the issue is exploration (Li et al,. DMWPC2012), as for two 

possible positions for a sensor with heard = 2, we can try one by one. This means 

some revision of the previous algorithm: first, employing the first possible position in 

Algorithm 5-3, going to the next position, then checking if the target group selected 

from Algorithm 5-2 heard from the new current MBP; if yes, the process of 

localisation continues; otherwise, use the second possible position to repeat 

Algorithm 5-3 and select another next position. This possible repeat step makes the 

uncertainty of heard = 2 become a correct position; the price is more steps and longer 

time for the process. 

5.3. Simulation 

The proposed algorithm is simulated using Matlab. An area of interest is a field 

whose area is 60 m x 60 m with 60 unknown sensors distributed randomly inside, 

where both the MB and sensors share the same coverage radius Rm. As a preparation 

for the simulation, 100 iterations of random distribution are produced and saved for 

the following test. Although some obvious island distribution in some distributions 

can be seen, they are reserved in order not to lose the generality of randomness. The 

data of distribution is the same as that in DPMB (Li et al., 2011a) and RL (Li et al., 

2012a). 

 

Two significant evaluation indexes of the localisation algorithm are coverage rate 

and walking distance. The former is the value of the number of settled sensors on the 

total number of sensors, which is 60 in our simulation. The latter is the sign of how 

far and how long the MB needs to reach the coverage rate if the speed of walking is 

constant. As the MB is ruled to walk in an equilateral triangular way, the distance in 

every step is equal, so walking distance can be simply represented by steps. 

 

The simulation will concentrate on two major factors that affect the coverage rate 

and walking distance, one is Rm, and the other is starting point of the MB.  

 

Rm decides the coverage of the MB, bigger means possibly more inside sensors. As 

our algorithm deeply depends on the receivers of MBP and neighbours of receivers 

to decide dynamic path, so the relation between coverage radius Rm and density of 

distribution of sensors will be significant for the algorithm. But it does not mean that 
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a bigger Rm is better, because the error of RSS will be amplified when the vulnerable 

feature of radio emerges, and sensors need three different messages to be localised in 

theory. An extreme example is where a static beacon can cover all the unknown 

sensors, but it does not work in our algorithm because it only provides one message 

to unknown sensors. As 100 distributions are applied in a fixed field in our 

simulation, the only way to investigate coverage rate is the adjustment of Rm. 

 

Starting point becomes an issue because of the same reason. The quantity of 

neighbours is the driver of the algorithm; if the MB starts from an island of sensors, 

which means the group without connectivity of other groups, the process of 

localisation could be ended very early. As mentioned before, not just coverage rate, 

but steps are also considered as a significant index of the algorithm. The starting 

point will change the dynamic path dramatically, so it is worth researching. With 

generality, we will try starting the algorithm from the centre or corner of the field.  

5.3.1. Rm and Density 

We changed Rm from 8 m to 10 m and 12 m and started from a corner of the field in 

the simulation and observed the result. Table 5-2 shows the statistics of the 

simulation.  

 
Table 5-2: Starting from the corner 

Rm steps settled 

8 10.86 25.54 

10 11.71 41.66 

12 11.37 54.14 

 

When Rm = 8, the MB just settled about 40% of the unknown sensors in about 11 

steps, which means Rm is too small to give the MB enough neighbours to help the 

algorithm. When the Rm is increased to 10, it is the standard Rm value from Equation 

(3.4), and the steps increase slightly but the settled rate improves dramatically to 

70%. If Rm is increased to 12, the steps decrease slightly but the settled rate is 

increased to more than 90%, which means it settled more sensors in fewer steps, in 

other words, it is more efficient.  
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The following Figure 5-8 is the comparison of settled/steps pairs in the situation of 

Rm = 8, 10 and 12. First of all, the area they occupy in the figure for different Rm 

values is evident. The distribution of Rm = 12 is located in the middle top of the 

figure closely; in contrast, the distribution of Rm = 8 is scattered in the low end of the 

Y-axis, almost no point can reach the height of Rm = 12. Rm = 10 is in between 

Rm = 12 and 8 on average. It is still reasonable that when Rm is less than 10 m, there 

is not enough neighbour information to guide the MB to go through the whole field, 

so the average steps are lower and the coverage rate is lower as well. But when Rm is 

greater than 10 m, the MB can cover more of the field, so in a fixed field area, bigger 

Rm needs smaller steps and results in a higher coverage rate. 

 

 
Figure 5-8: Total comparison of VCS from the corner 

 
Table 5-3: Starting from the centre 

Rm steps settled 

8 8.76 22.39 

10 10.47 40.37 

12 10.62 51.83 

 

Figure 5-8 provides more intuitive information about the relationship between settled 

and steps. For certain steps, the average settled number is increasing with Rm. For 

example, from the figure, when steps = 12, the average settled sensors for Rm = 8 is 
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25, for Rm = 10 it is 45, and for Rm = 12 it is 55. It is not directly proportional as the 

result of Rm = 10 and 12 is similar, or at least they are not as different as Rm = 8. On 

the other hand, in order to settle a certain number of unknown sensors, the steps are 

decreasing with Rm. For instance, in order to settle 40 unknown sensors in the field, 

when Rm = 12, the MB needs only about 8 steps, Rm = 10 needs about 11 steps, but 

Rm = 8 needs 14 steps to reach the target. This means that Rm = 12 is faster than the 

others to reach a result in the same environment.   

 

 
Figure 5-9: Total comparison of VCS from the centre 

5.3.2. Starting Point 

The starting point was changed to the centre of the field to investigate the impact of 

different starting points (Yao et al., 2005). The simulation result of starting from the 

centre of the field is presented in Table 5-3 and Figure 5-9. 

 

Comparing the statistics of Table 5-2 and Table 5-3, it can be seen that all the 

corresponding data in Table 5-3 are lower than Table 5-2. This proves that starting 

from the corner provides a greater chance for the MB to find more unknown sensors 

than starting from the centre. In the Rm range from 8 to 12, the coverage rate 

performance of starting from the corner is better than the centre. The reason behind 

this is associated with the scale of our experiment area; the field is not large enough 

for the algorithm to go through a complicated graph as the algorithm does not allow 
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the repeat of MBP. Simply, starting from the corner, the MB can walk to a wider 

path of the centre. In contrast, starting from centre, the movement of the MB will be 

limited by the edge of our fit field, which is a square.  

 

Comparing the two results from Figure 5-8 and Figure 5-9, the first impression is the 

difference in density. Compared with the situation of starting from the centre, in all 

three different conditions (Rm = 8, 10 and 12), the distribution of starting from the 

corner is denser. For example, when Rm = 12, the settled range for the corner is from 

38 to 60, but for the centre it is 28 to 60; the steps for the corner to implement this is 

from 7 to 17, and for the centre is about 4 to 17. This means certainty of the result, 

where starting from the corner is more guaranteed than starting from the centre. The 

reason for this is similar to before—the limitation of area.  

 

After analysing the performance of VCS, the comparison of VCS and DPMB is 

presented in the following.     

5.3.3. VCS vs. DPMB 

Table 5-4 is the statistics of VCS and DPMB in Rm = 10, as 10 is the standard and 

default value for Rm. From the table, in both steps and settled, DPMB is lower than 

VCS. This proves that effect put in VCS to help MB find more unknown sensors is 

worthy; the MB can find more unknown sensors with more steps.  

 
Table 5-4: VCS vs. DPMB in Rm=10 

algorithm steps settled 

VCS 11.71 41.66 

DPMB 9.96 37.86 

 

In Figure 5-10 the comparison curve of DPMB and VCS when the x-axis is steps and 

the y-axis is settled is shown. The two curves have an intersection at step 10. When 

steps is less than 10, DPMB is higher than VCS in settled, but when steps is more 

than 10, DPMB is lower than VCS in settled. This demonstrates that VCS is more 

efficient than DPMB if the total steps are more than 10, but the average steps for 

DPMB is 9.96 according to Table 5-4.  The figure delivers more information, which 

is consistent with the table. In all the steps, VCS follows the rule that the more steps, 
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the more settled sensors; however, DPMB shows a different situation, where for 

steps less than 10 and more than 6, it performs very well and the settled rate is very 

high. This implies that DPMB is less stable than VCS; it may perform well when the 

distribution of sensors is suitable for it, otherwise it works poorly.   

 
Figure 5-10: VCS vs. DPMB for Rm=10 

 

The comparison of the 3D distribution of VCS and DPMB in Figure 5-11 and Figure 

5-12 gives us more information. In the new z-axis, the repeat of high settled in VCS 

is more than DPMB. This shows that VCS is better at finding more unknown sensors 

and settling them. In contrast, the high repeat of DPMB emerges in the range of 

settled of 30 to 40. This is why the average settled number of DPMB is 37.86. There 

is an obvious common feature of both: maximum steps do not result in the maximum 

settled sensors. For VCS, the maximum of repeat appears at step 15, which settles all 

the unknown sensors. This proves that VCS is more efficient than DPMB when steps 

are more than 10. 
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Figure 5-11: CVS for Rm=10 

 
Figure 5-12: DPMB for Rm=10 

 

In summary, from the simulations, the following conclusions are presented: 

- In different Rm, the performance improves with the increase of Rm; 10 is still a 

standard value and it is much better than Rm = 8; 
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- From the view of starting point, the corner is better than the centre, but it comes 

from the limited field in the simulation according to our analysis; 

 

- When being compared with DPMB in Rm = 10, VCS is more efficient when the 

steps are more than 10, but DPMB can reach a higher coverage rate for steps less 

than 10 in certain distributions. 

5.4. Summary 

In this chapter, an unsupervised and auto-acting mobile beacon algorithm for 

localisation of the wireless sensor network is proposed. Compared to existing 

research in similar areas, the method is more lightweight and tries its best to avoid all 

the expensive computations, such as filters, graph theory, etc. Compared with our 

previous algorithms, this method changes the implementation of dynamic path 

comprehensively, except the framework from DPMB (Li et al., 2011a). It employs 

direction instead of distance to calculate the weight for the next position, and the 

direction is implemented by vector cosine similarity. It mines deeply into the 

relationship of the sensors and groups them according to the relationship, in turn, 

calculating weight based on group. Only the relevant group information is used to 

find the next position to prevent it from wasting effort in calculating impossible 

positions. The algorithm extends the concept of neighbour to two hops, not only 

using the direct neighbour, but also the information of two hop neighbours to 

enhance the choice of next position.  

 

 

  



 

 

Chapter 6   

COMPARISON OF ALGORITHMS 

In this thesis three algorithms were proposed, simulated and analysed. The first was a 

basic framework for the other two algorithms, but it is a complete algorithm and can 

work as the sole algorithm to guide the MB to finish a process of localisation of 

WSN. In the second algorithm RL is introduced as the brain to direct the action and 

decision of the MB based on the existing framework. When making a decision of the 

next position, both the former two algorithms calculate distance for weight, and 

similarity is employed to replace distance in the third algorithm to find the next 

position for the MB.  

 

In the rest of the chapter, the theory of the three algorithms are compared first, then 

the simulation result of Rm = 10 is presented and analysed. Finally, steps of our three 

algorithms will be compared with some proposed static path planning algorithms 

mentioned in literature review. The setup for experiment of all three algorithms are 

the same, Matlab is used as the main simulation tool, and the field of interest is an 

ideal field whose area is 60 m x 60 m, in which RSS can be mapped to determine 

distance straight and the MB can walk flexibly. 60 points are produced randomly in 

the field as a distribution of 60 unknown sensors in the field, and 100 distributions 

are recorded for the simulation, and all three algorithms employ the same 100 

distributions in order to get the comparable result.  

6.1. Method 

Table 6-1: Comparison of three algorithms 

Algorithm unique target next position heard=1 exploration 

DPMB framework set distance useless no 

RL RL all Distance&QoN useful yes 

VCS VCS group direction useful no 

 

The key step to decide the performance of the algorithms is how to find the next 

position for the MB. There are two significant factors in the decision of next position: 
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the first is target, which is the sensor(s) that the MB intends to walk close to; the 

other is how to weight candidates of next positions. DPMB is the framework and 

basis of the other two algorithms, RL and VCS, which concentrate on two significant 

factors: target and next position. The comparison of basic features of the three 

algorithms is shown in Table 6-1. All the three algorithms share the same framework 

and main flow of localisation, and they differ in which will be target and how to find 

the next position. 

 

In DPMB, the set of sensor with maximum neighbours is selected as target, and its 

next position weighted on summary of the square of the distance between the target 

and the candidates of next positions applying the principle of the least square.  

 

RL matched DPMB perfectly. The concepts from RL such as state, action and reward, 

etc. can find accordant variables in DPMB, and the definition of exploration vs. 

exploitation from RL is suitable and applicable to improve the performance of 

DPMB. RL does not select a particular target anymore; it takes all the receivers of 

the current MBP into consideration and weights all the candidates of next position on 

distance and the number of neighbours. Furthermore, it employs Q-value as the 

standard to judge if exploration or exploitation is applicable in the next position. It is 

more complicated than DPMB, but it provides more reasonable options and an 

effective remedy for DPMB.  

 

VCS gets out of RL and returns to DPMB. It does more on the research of the 

relationship of unknown sensors and groups them. Furthermore, it divides the 

coverage area of the MB into six areas when it still concentrates on the two important 

factors. It selects the target based on relationship and group, then weights the 

candidates of next position on group VCS, which is derived from direction instead of 

distance. Direction is more natural than distance because the candidates of next 

position are produced from six different even directions of MBP.  

 

In the case of heard = 1, it means the unknown sensor only receives one message 

from the current MBP. DPMB ignores the information as there is no concrete 

position information provided. RL and VCS come up with a remedy for heard = 1; 

both of them explain heard = 1 as the unknown sensor whose heard = 1 is not the 
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neighbour of any other settled sensors or MBP except the current MBP. This idea 

leads them further than DPMB. 

 

The concept of exploration comes from RL. It is employed only in RL, not in DPMB 

and VCS because it is a double-edged sword—both its advantages and disadvantages 

are evident, it could help the MB settle more sensors but over longer distances.   

 

The simulation results of the three algorithms will demonstrate if the performance of 

them is consistent with our analysis. 

6.2. Results 

As stated in Chapter 3, Rm = 10 is the standard value of Rm. Considering the field of 

interest in our simulation, the statistics of Rm = 10 is compared in Table 6-2 for the 

three algorithms. Based on similar considerations, starting from the centre of the 

field is limited by the area of field in our simulation, so only starting from the corner 

is taken into consideration in the comparison. From the table we can see that the 

average data for RL and VCS based on 100 distributions are similar, they are just 

slightly different.  
Table 6-2: Results of three algorithms in Rm=10 

Algorithm steps settled 

DPMB 9.96 37.86 

RL 12.72 42.1 

VCS 11.71 41.66 

 

When they are compared to DPMB, both steps and settled rate are larger. It means 

that the improved algorithms increase the settled rate of unknown sensors by walking 

a longer distance. Improvement comes with a price. Which algorithm should be 

chosen depends on the requirement of specific applications. For example, if it is a 

bush fire project, rough information is required in a short time, so DPMB is good 

enough. If the project is doing informative science research on an area, the improved 

algorithms are better at finding as many unknown sensors as possible. 
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Figure 6-1: DPMB vs. RL vs. VCS 

 

Results of simulations based on 100 distributions are displayed and fit to curves in 

Figure 6-1. The dashed curve for VCS is almost the same as the solid curve for RL, 

although the implementations of them are totally different, but they also share two 

common features. One is selection of target, the other is the treatment of heard = 1. 

When selecting target, RL takes all the receivers of the current MBP into 

consideration and VCS divides them into groups, and both of them take advantage of 

the negative information of heard = 1. 

 

When the average step is less than 10, DPMB outperforms RL and VCS. The reason 

for this partly depends on the selection of target. DPMB finds the best target directly 

without considering the whole distribution, so its performance will be extreme, very 

good or very bad. From Figure 6-1, we can see that it can settle about 46 unknown 

sensors with only six steps, but sometimes it only settles 20 sensors with 11 steps. In 

contrast, RL and VCS consider the receivers of current MBP as a whole or in groups 

so their performances are stable and average. 

6.3. Comparison with static path algorithms  

In order to demonstrate the advantage of dynamic path of mobile beacon in 

localisation of WSN, comparison between our three algorithms with some proposed 

static path planning algorithms is necessary. We focus on steps which represents 
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distance or length of the trajectory of MB in the whole process, and settled rate of 

unknown sensors. For proposed static algorithm, distance is available as they provide 

fixed path, but settled rate will deeply depend on the method that they use to decide 

the position of unknown sensors. So steps will be compared in the following. 

 

Huang and Zaruba (2007) proposed four typical static paths planning which are 

SCAN, HILBERT, CIRCLES and S-CURVES. Their figures are showed in figure 2-

24. They divide a square deployment area into n by n sub-squares and R is defined as 

the side length of each sub-square. And they provide the formulas for calculation of 

length of path:  

 

LSCAN = (n2−1)*R 

LHILBERT = n2*R 

LCIRCLES =n2*π*R/4+ (n/2−1)*R 

LS−CURVES = (n−1)*π*R/2*((2*(n−1)/3)+1)+(n−2)*R+R*π/2           (6.1) 

 

Xiao et al. (2007) provided two moving patterns, ADO and RSS. The moving pattern 

of ADO is very similar with SCAN, so only RSS moving pattern which is showed in 

figure 2-18, is considered in the comparison. According to the moving pattern of 

RSS, we can infer the formula as: 

 

LRSS = 2*(n/2)2*R                                               (6.2) 

 

From the setting of our simulation, we can get R=10 and n=6 according to the 

definition of R and n. As we only consider steps in the comparison, steps is equal to 

L/R in static paths. The combination of our simulation results and calculation result 

of static paths are showed in following figure 6-2. 

 

The figure demonstrates that the advantage of our dynamic path algorithms in steps 

is obvious; the least value of static path is 18, which belong to RSS, still greater than 

our three algorithms. This prove that in a square area, our dynamic path algorithms 

can localise unknown sensors in a shorter distance compared to static path algorithms, 

but the difference between dynamic and static path will be impacted when n  

increases. 
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Figure 6-2 : Steps for different algorithms 

 
 



 

 

Chapter 7   

CONTRIBUTIONS AND FURTHER RESEARCH 

Localisation of WSN is a prerequisite of popular WSN applications because data 

accompanied by geographic information has greater value. The MB is extensively 

employed in the localisation of WSN as an effective tool that has evolved from a 

static beacon. Static path of the MB is limited in applications of WSN. Three 

algorithms of localisation of WSN based on dynamic path of MB are proposed and 

tested in the thesis.  

7.1. Contributions 

The essential principle in designing algorithms is frugality, therefore low in 

economic cost and energy consumption. When the principle is reflected in algorithms, 

it turns out to be complicated in logic and simple in mathematics. As a result, the 

algorithms employ error-prone RSSI to represent distance, avoid expensive 

computation such as probability and graph theory, and eliminate communication 

relay between unknown sensors. From the simulation results, two improved 

algorithms on average settle about 70% of unknown sensors by walking distance of 

about half the perimeter of the field when Rm = 10; 70% is acceptable for two 

reasons. First, the 100 distributions are produced randomly, we can see some 

seriously islanded distribution, but they are kept for the purpose of generalisation. 

Secondly, the MB is autonomous and is not dependent on the information of the field 

of interest and distributions. Three major contributions are presented in different 

chapters. 

In chapter 3, the framework of DPMB is proposed based on the principle of complex 

in logic and simple in computation; it emphasizes the feature of lightweight and 

economical as localization algorithm is just a prerequisite of WSN.  

 Six candidates of next position confine the mobility of mobile beacon and 

provide flexibility for mobile beacon.  
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 Flood 3 and try all 2 are essential for the algorithm, they make the best use of 

collected information and localise sensors as soon as possible and as many as 

possible. 

 The least square is employed to calculate the distance between next position 

and target to make decision more reasonable.   

 

In chapter 4, a branch of Machine Learning, Reinforcement Learning is adapted to 

one episode to control the mobile beacon to implement DPMB. The important 

elements of RL and DPMB are matched perfectly, special features include: 

 RL is adapted to one episode to control mobile beacon as a localisation 

algorithm cannot afford many episodes. 

 All the sensors received message from current MBP are treated as target, so 

all information collected by mobile beacon are useful. 

 Sensors only hear one message from mobile beacon is considered to be far 

from settled sensors and help drive mobile beacon too. 

 The concept of exploration is employed to give the mobile beacon a second 

chance.  

 

In chapter 5, direction is employed to decide next position for mobile beacon instead 

of distance and the relation of sensors is found by data mining. 

 Vector cosine similarity is employed as direction to form group VCS to 

decide the next position for mobile beacon. 

 Targets are grouped by data mining and group becomes standard metric 

instead of individual when making decision. 

 

The simulation results showed that each of them has advantage and disadvantage, 

and suitable to different applications.  

7.2. Limitations 

The essential assumption of this thesis is that RSSI can be mapped to distance 

directly and correctly. There are several research papers on how to make RSS more 

reliable as mentioned in chapter 2, but RSS is not promising when it is used as 

distance. 
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Only simulations by Matlab are run in computers, no experiments are tried with the 

proposed algorithms because of limitation of equipment and fund.  

 

7.3. Future research 

Improvements are available in some directions of future research because the 

simulation result is based on the reliability of RSSI.   

Exploration and Promised Sensor 

Exploration is an effective way to improve the performance of the algorithm, and its 

use could be extended from being employed in RL to also being used in DPMB and 

VCS. The promised sensor works in a similar way, which is not selected as a target 

but has key information for localisation; for example, a bridge sensor or sensor with 

large numbers of unsettled neighbours. They should be recorded in the original 

process of localisation and checked in the middle or at the end of the process. If they 

still own valuable information, the MB could go for them in order to settle as many 

unknown sensors as possible. 

Topology Discovery  

Topology discovery can help to guide the MB more purposefully to improve the 

problem between distance and coverage; however, as part of graph theory, the 

computation is expensive, although it can be processed in the MB. Nevertheless, the 

communication relay between sensors in order to transfer information will be too 

expensive for unknown sensors.  

Reference Rank 

In the current algorithms, if an unknown sensor is settled, it is turned to a reference 

sensor no matter how it is settled. A rank indicates the reference rank could be added 

to indicate how good a reference is; for example, a sensor who hears three MBP 

messages owns the highest rank, and the settled sensor without a direct MBP 

message owns the lowest rank. Reference rank can make the algorithm more accurate.  

Geographic Information and Map 

To overcome the problem of the distribution of sensors, geographic information can 

be used to assist in choosing the next position if knowledge of the terrain is 
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obtainable. For example, the MB can estimate its relative position in the terrain, and 

in turn, it can predict which part of the terrain is not covered yet. Map is a similar 

concept, and by checking the unsettled list, the MB can construct a map of the 

possible area of the unknown sensors; it is possible to find the unvisited area of the 

field by checking the MB route. After completing the main process, the MB takes the 

geographic information into consideration if the coverage rate is too low, and starts a 

sub-process to improve the result.  

Mobile Beacons 

If the targeted field of interest is too big and needs more MBs to work together, a 

communication mechanism between the MBs will be required. From the simulation, 

we found that the scale of the experiment field is a factor that impacts the choice of 

associated parameters. As the field of interest in real life is huge and irregular 

compared to the field we selected for the simulation, we should try to extend the 

algorithm to apply it to an extensive, irregular area and should employ more than one 

MB giving consideration to the synchronicity of MBs in advance. This would be a 

useful topic for future research. 

Distribution 

Even with Rm = 12, we still found that some localisation processes stop in a very 

small number of steps and settle with a very low coverage rate. Improving the 

distribution of sensors is an effective way to overcome the issue if we can find a way 

to guarantee that the unknown sensors will form only one group. The deployment of 

WSN is another topic in the WSN research area, but the combination of distribution 

and localisation will be convenient for both. 

 

There are various reasons that these ideas are not implemented in the current three 

algorithms, ranging from technical difficulties to inconsistency with our design 

principle; but the research area of WSN is promising, and increasing numbers of 

WSN projects are being implemented in real life and providing useful information 

that will enhance modernisation of the world. 
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