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ABSTRACT

Fuzzy C-Means (FCM) is known as one of the clustering algorithm that can handle the
uncertainty data. In the wireless node localization, the data can be obtained as the power in the receiver
through the received signal strength indicator (RSSI) in the device. One of the most common techniques
used in the localization technique is Fingerprint-based technique. This technique allows us to have the
database of information stored inside the system. One of the benefits of this technique is its accuracy to
estimate the target position. The density of sensor nodes and the quality of the database are the main
important points in this technique. The implementation of the FCM as the clustering algorithm in the
database of fingerprint helps the faster calculation in the nearest neighbor algorithm as the pattern
matching algorithm. Technically speaking, the nodes that are suspected as the position of the target node
are clustered in a cluster. It allows the pattern matching algorithm to calculate within members in that
cluster.

The validation of the proposed method is verified by conducting the indoor experiment. The
result of clusters and the accuracy of FCM to cluster the target node and sensor nodes are the main
concern. The accuracy of the system will be shown as the estimated target position error as the result of
pattern matching algorithm calculation. From the indoor experiment results, the FCM can cluster the
target node in almost of target position together with fingerprint nodes in 2 Dimensional (2D) and 3
Dimensional (3D), respectively. From the results, we can conclude that the FCM can be implemented as
supporting algorithm in the fingerprint-based indoor localization system. The power and issues of time

consumption in the proposed technique are composed as the future works for our research.
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Chapter 1

Introduction

1.1  Background

The advancement of wireless sensor node technology leads the rapid research in the wireless
sensor network (WSN) application. Node localization on WSN-based technique is a partjcular area in
the wireless communication. The wireless node localization can be defined as verifying the location of a
sensor node within the network with respect to a reference. Localization usually refers to the process of
dynamically determining the location(s) of one or more target node(s). The various techniques are
implemented during the development of localization system. Localization techniques can be classified
into several categories, i.e., received signal strength (RSS), time of arrival (ToA) or time difference of
arrival (TDoA), angle of arrival (AoA), location fingerprint based techniques, and their combinations
[1]-[4). However, the RSSI and time based techniques require at least three base stations (BSs) for the
system. For AoA, the accuracy of the localization depends only from the accuracy of angle estimation.
By considering the equipment used and the accuracy, the fingerprint technique is the localization
technique that can make the localization system simple and accurate since only a single BS and
comparatively simple equipment can be employed.

Location fingerprint technique as pattern matching-based localization is commonly used as non-
real time localization technique. This technique allows us to have the signal information recorded as
database. In order to estimate the target location, its current signal information is compared with those
in the database. In our work, fingerprint-based technique is utilized. Received signal strength indicator
(RSSI) from ZigBee hardware is used as the fingerprint information. As the IEEE 802.15.4 standard for
wireless communication, ZigBee has various advantages, i.e. cost-effective, low-power consumption,
security, robustness, reliability and it can support low data rates. ZigBee has parameters which can be
deployed as estimation parameters to find the location of the unknown senmsor nodes. The useful
parameters of this wireless standard for localization are RSSI and link quality indicator (LQI) [5]. The
disadvantages of the fingerprint technique are time consuming and requiring a lot of effort during the
process of collecting data [6].

This thesis proposes a solution to the problems using clustering data technique for fingerprint-
based technique. The Fuzzy C-means (FCM) algorithm is applied. FCM algorithm is first proposed by

Bezdek [7] to be used in cluster analysis, pattern recognition, and image processing. By applying the

1



FCM method, a partition of the feature vectors into different regions can be performed. In the case of
our work, FCM algorithm is applied to cluster the fingerprint database. Each fingerprint node as
transmitter which provides the RSSI information from reference nodes (receiver) is assigned a degree of
belonging to cluster head rather than completely being a member of just one cluster. Therefore, the
nodes close to the boundary of a cluster may become members of the cluster with a degree
approximating the degree of belonging to the neighbor clusters.

The improvement of accuracy can be achieved while the RSSI values as database are clustered
into vectors that have similarity among others. In this thesis, we focus on an indoor localization system
using ZigBee standard as the sensor (reference) nodes and the target node, respectively. As we know,
the accuracy of the indoor localization is affected by many factors i.e., propagation in the media, wall,
etc. By using the location fingerprint technique, the accuracy to estimate the target node location is
expected to be improved. Nearest neighbor algorithm is used as pattern matching algorithm. We present
the approach in the clustering technique using FCM as the new method for measuring the target location
in the fingerprint technique. The clustering technique is also well-known as the technique which has the
spatial advantages related to scalability and efficient communication [8]

This chapter begins with some background issues in indoor localization system and the
motivations of the work are presented in Section 1.2. The objectives of the thesis are well described in
Section 1.3 and finally the outline of this thesis will be given in Section 1.4 as the last section in this

chapter.

1.2 Motivations

Figure 1.1 depicts the four major problems in accurate and robust localization system. One of
them is methodology/positioning algorithm which becomes our motivation to do this thesis work. As we
know, positioning algorithm especially in indoor environment has many factors affecting the accuracy
of the system. In this work, the radio localization using smart sensor nodes in WSN is proposed. This
method is supported by the advancement of micro-mechanical systems and development of digital
electronics technology. Radio localization is realized to be an important application for daily life and
WSN is popularly selected to be used for a localization system. The localization system which provides
the acceptable accuracy of position estimation, relatively cheap in cost, low power consumption, small
in size, efficient, and simple in application is required. Regarding the accuracy of the system, many
issues such as diffraction at edges, refraction by media with different propagation velocity and reflection

in metallic objects is affected the localization system performance.



The smart, small, relatively cheap, and low power consumption-sensor node is deployed in our
localization system. The accuracy of the system is achieved by the improving the quality of database in
the fingerprint technique. The clustering technique is applied to obtain the efficient and effective
communication system. The FCM is related with the grouping of fingerprint nodes which have the
similarity with the target node in the area of interest. The estimated position accuracy is validated using
the nearest neighbor algorithm. The position accuracy, simple and effective system are become our

motivation conducting this research.

Abnormal location estimation Signalis unstable Waste resources Lack of models for
due to signal fluctuation with too much because of visualizing the
and vartance interference excessive access signal distribution
acrosz different platforms points installation

Fig. 1.1 Four major problems of the localization system

1.3  Objectives

In this research, the Fuzzy C-Means clustering algorithm is proposed to be implemented as the
pre-processing method for the fingerprint-based technique in indoor localization scenario to investigate
the possibility of reducing the power and achieving effective communication in wireless sensor
network-based localization system. Implementation of FCM to cluster the fingerprint database and the
target node in the area of interest is emphasized. The Nearest neighbor algorithm as pattern matching
algorithm in fingerprint based technique is employed. So, the investigation of the FCM accuracy to

cluster the fingerprint database is achieved.



1.4  Thesis Outline

The thesis is organized in five chapters and is briefly summarized as follows.

Chapter 1 introduces some background information and previous works about the research in the
localization technique and the application of wireless sensor networks. The main idea in this chapter is
to show the prospective benefit of implementing the clustering technique in the fingerprint-based
localization technique.

Chapter 2 describes the literature reviews of WSN and indoor localization system. The basic
concept of WSN related with the communication, platform and parameters are discussed. Several
localization techniques are described in this chapter such as the range-based and fingerprint-based
localization techniques. Fuzzy C-Means as one of the fuzzy clustering method and its implementation in
our work are presented.

Chapter 3 presents methodology of the research including how to obtain database and to validate
the performance of the fingerprint database. The simulation system parameter and hardware components
for the research are also given.

Chapter 4 gives the simulation results and analysis of fingerprint based technique using FCM
clustering algorithm for indoor localization system.

Chapter 5 offers the conclusion of the thesis by reviewing and highlighting its contributions
which have been presented in this thesis. The recommendations for future works related to this research

are given as well.



Chapter 2

Literature Reviews

The key interest in this thesis is the implementation and analysis of the Fuzzy C-Means clustering
algorithm in the fingerprint-based localization technique. Some essential preliminaries are presented in
this chapter, which will be described in the following chapter. Section 2.1 describes the overviews of a
wireless sensor network (WSN) and its applications. Section 2.2 introduces the overview of radio
localization system, while Section 2.3 reviews the algorithms of indoor localization techniques, Section
2.4 explains data clustering. Section 2.5 shows the ZigBee and Section 2.6 briefly explains Xbee as the
hardware used in this research. And finally Section 2.7 presents the one of the classifications of
localization technique, received signal strength (RSS) using fingerprint-based technique based on

ZigBee IEEE 802.15.4 wireless communication standard.

2.1 Wireless Sensor Networks

2.1.1 The Definition of Wireless Sensor Networks

Wireless Sensor Networks (WSNs) is a small number of sensor nodes used to measure the
properties of the environment and processing that information to generate new knowledge about the
environment around it. WSNs become a reality because of the integration of three technologies:

(1) Micro electro-mechanical system (MEMS), which could make the sensor properties

(mechanical parts), fit into very small chip.

(2) Digital electronics, which make the small chip (integrated with microcontroller) powerful
enough to handle the incoming sensor data i.e., data fusion, data compression, and
networking operations.

(3) Wireless communications, which relay the sensor data among many sensors.

WSN technology is a combination of embedded and wireless communications. The data
transmission between the sensor nodes from a network of ad-hoc features of the sensor network based
protocol ad-hoc is not required to install equipment for the network as a network in WLAN or GSM. In
addition, sensor nodes in WSN are small in size and low power consumption. It can be installed in
various environments. Sensor network technology is expected to be a propulsion technology in the era
of computers everywhere (ubiquitous computing, pervasive computing) by creating artificial

environments around us.



2.1.2 Wireless Sensor Network Architecture
The sensor nodes are usually scattered in a sensor field as shown in Figure 2.1. Sensor network

architecture consists of three parts: a wireless gateway and the sensor unit including a base station.

Internet and

satellite :

Task manager
node

User

‘Sensor field  Sensor nodes

Fig. 2.1 Sensor nodes scattered in a sensor field [9]
The sink node is used as a bridge between sensor nodes and the internet and satellite. Each of these
scattered sensor nodes has the abilities to collect data and route it back to the sink. Data are routed back
to the sink by a multi-hop infrastructure-less architecture through the sink as shown in Figure 2.1.
Wireless sensor network architecture consists of three parts: the sensor unit includes a gateway and base
station (base station) as shown in Figure 2.1 with the large number of sensors embedded to store the
data. Each unit includes a sensor which communicates wirelessly with this unit. Each unit includes a
sensor control. It is able to control and manage its own work (self-organize). Each unit includes a sensor
interface can work together (collaboration) and can transmit data to each other. Although the sensor unit
cannot be contacted directly with the source, the sensor unit is able to send information to the other

sensor units. The base station is responsible for storing the measured data from a sensor network [9].

2.1.3 Properties of a Sensor Unit in a Wireless Sensor Network
In order to build a practical WSN application, a sensor unit for WSN should have these following
criteria: tiny (small) size, low cost, and low power/energy consumption [10].

(1) Tiny size: A WSN sensor should be handy to reach large-scale, convenient deployment. For
example, if we want to deploy a large-scale sensor nodes in the mountainous area. It will be
easier to use the small sensor rather than the big one. Not only how we carry such a huge
sensor, but also it will be more convenient to have the small sensor that “hiding” in the
environment. Making it is safe and clean in the environment.

(2) Low cost: A WSN should appropriate the budget needed in the deployment of hundreds or

thousands sensor node. So, the relatively cheap sensor nodes are required.
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Low power consumption: in a large-scale WSN, it will give more benefit if the sensor unit
deployed there has low power consumption. Because we need not replace batteries one by one

in such of WSN.

A sensor unit is designed by four basic components: a sensing unit, a processing unit, a transceiver unit,

and a power unit as shown in Figure 2.2.
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Fig. 2.2 The components of a sensor node [9]

2.1.3.1 The basic components

(1

()

(3)

(4)

Sensing unit, a sensor which measures the value of the type of environment such as
temperature, humidity, light intensity, smoke, vibration, acceleration, the depth of the acid or
alkaline, etc.

Transceiver units, transferring wireless data (to get - to send) information between the sensor
nodes.

Processing unit, to process the information and stored it into memory. Requesting for
information or send information through the transceiver unit. Processor may receive data from
the location to assist in processing of various control functions. In addition, the processor can
do processing network and route the transmission of the sensor unit.

Power unit, energy storage and energy provided to all parts of the wireless sensor networks

components.



2.1.3.2 The additional components
a. Location finding system (positioning unit), as the location of the sensor unit includes a
GPS position data to be used as a way to process the data. Location for the motion of
the sensor unit.
b. Mobilizer (mobilizing unit), available for various purposes such as tracking the
network topology for the communication signal.
c. Power generator unit, as power generation from wind energy, heat of environment, etc.

for storing or for further use.

2.1.4 Application of Wireless Sensor Networks
The network of wireless sensor is divided into two types. There are the type questions
(querying) and the type of division of labor (tasking). A query (querying type) is when the sensor unit is
asked to find out any information in to the wireless sensor network. For instance, in the agriculture
application when the sensor unit will be asked to use a humidity and temperature. The sensor unit will
respond with data stored in each sensor unit.
The division of labor (tasking) is used for monitoring events. The sensor unit includes a wireless
sensor network have been assigned to monitor the heat and smoke. The sensor unit will be notified

immediately when the heat and smoke levels increased or decreased based on the setting [11].

2.2 Overview of Radio Localization

Radio localization can be defined as a process to measure the radio signal parameters or
information which is consequently used to estimate the location of mobile terminal. In this subsection,
the radio localization techniques and its classification will be concisely given. Moreover, the examples

of the existing algorithm are explained.

2.2.1 Radio Localization Technique
The two main categories of radio localization technique are mobile-based and network-based
localization technology [6].
1) Mobile based Localization Technique
For example, in the global positioning system (GPS), the system has base station (BS) and
mobile station (MS) or mobile terminal. The MS estimates its own position based on signals
received from BSs. This form is usually defines as a self-location system. For this

localization technique, the MS needs to be modified, so that it is able to obtain highly



accurate location estimation. This matter causes to increase cost, size and battery (power)

consumption. Furthermore, network synchronization is required.

2) Network based Localization Technique
In the network based localization technique, the BSs measure the MS signal information and
relay them to a central site for further estimation of MS position. Unlikely the previous
category, this form of localization technique is defined as a form of remote location system.
One of the advantages of this system is the MS is not involved in the location-estimation
process, so this technology does not need the modifications to the existing mobile handsets.
The location estimation using the network-based localization technology requires two
operations as the BSs: (1) the BSs measure signal parameters such as RSS, AOA, TOA,
TDOA, etc. from MS, and (2) the measured signal parameters are combined in a data fusion

stage to give the final location estimation.
2.2.2 Taxonomy of indoor positioning technique

Indoor positioning technique can be classified into three general types: (1) scene analysis, (2)

triangulation, and (3) proximity as shown in Figure 2.3 [10].

[ Positioning J
[ Scene analysis j [ Triangulation } [ Proximity J
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Fig. 2.3 Three types of indoor positioning techniques
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Scene analysis

Scene analysis positioning techniques collect and extract features from observed scene. The
scene could be the radio frequency waves, acoustic sound, visual images or measurable
physical phenomena which usually exist near the object. The typical technique of radio
frequency based scene analysis is location fingerprinting (LF). The observed features
(fingerprints) are usually specific and unique. The fingerprints are used to estimate the
location of observer or of observed objects in the scene. The distance can be estimated by

matching the similarity of features.

Triangulation

Triangulation uses the geometric properties of triangles to estimate the target location. It can
be divided into subcategories of lateration, using distance measurement, and angulations,
using primarily angle or bearing measurement. Lateration calculates the target position by
measuring its distance from multiple reference points. Since it uses the distance for
estimating position, this technique is called range measurement technique. The distance can
be measured by many parameters such as received signal strength (RSS), time of arrival
(TOA), or time difference of arrival (TDOA), and the distance is derived by computing the
attenuation of the emitted signal strength or by multiplying the radio signal velocity and the
travel time. Roundtrip time of flight (RTOF) is also called received signal phase applied for
range estimation in some system.

Angulation locates an object by calculates the angle relative to multiple reference points such

as in angle of arrival (AQA).

Proximity

The proximity technique usually provides symbolic relative location information. This
technique identifies an object with a tag and a dense grid antenna in a known location detects
the tag. If the tag is detected by a single antenna, the location of an object refers to ‘near’
with that antenna. For more than one antenna detect the mobile object, it is considered to be
estimated as those the one receives the strongest signal. The example of using proximity
technique such as radio frequency identification (RFID), infrared radiation (IR), pressure and

touch sensors, and capacitive field detectors.
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2.3 Algorithms for Indoor Localization

Wireless sensor networks technology has been used to monitor and measure the environment
change. WSNs technology is also appropriate for application of location finding in indoor and outdoor,
respectively. For locating and tracking the object or target, there are system and algorithms that have

been extensively researched to achieve the reliable and effective system.

2.3.1 Received Signal Strength

The most commonty used parameter to find the location of the target is received signal strength
(RSS). The RSS based localization method uses a mathematical model which describes the path loss
attenuation with distance. To find the target, the intensity of received signal from the reference points is
used to measure the distance between the mobile station (MS) and those base stations (BSs). This is also
usually called as beacon node localization technique [6]. Since the distance between the MS and each
BS is known using the signal strength measurement, the location of MS can be estimated on a circle
which the BS is at the center. In this method, at least three BSs have to be installed. Figure 2.4 shows

the geometry of RSS based localization technique.

(Xm, Ym)

Fig. 2.4 Location estimation using the RSS measurement

To measure the distance, the signal strength is converted to the voltage. Due to the variance of
the signal environments, this algorithm is not used for the application which needs high accuracy in the
result. This is because RSS often gives the error its estimation. An error that occurred may be caused by

following factors:
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1. Non Line of Sight (NLOS)
The communication is not in a straight line of the measured angle. So, the distance will
increase.
2. Multiple access interference is a problem that occurs in any of the Code Division Multiple
Access (CDMA) system.
3. Fluctuation in signal propagation
Speed of sound wave propagation is disturbed by external factors such as wind or temperature,
and the moisture in the air. These factors can cause high error rates at the greater distances.
To measure the received signal strength indicator (RSSI) in the hardware, especially for ZigBee
as IEEE wireless communication standard 802.15.4, the equation of RSSI linearly with the distance is

shown in (2.1). The radio signal strength is measured in decibel mill watts (dBm).

where, n is the path loss exponent or the signal propagation constant, d is the distance from transmitter
in meter, and A is the received signal strength at 1 meter distance, in dBm. From (2.1), if the distance
(d) increases, it will result in a decrease in the signal strength. This result can be used to determine the

distance and position of the object [11].

2.3.2 Angle of Arrival (AOA)

AOA is a technique to find the location using the angle of the signal sent from the object (MS) to
BSs. It can be defined as AOA based localization technique determines the location of the MS by first
calculating the AOAs of a signal received from the MS at several BSs using the array antenna. By
considering a two dimensional geometry, the AOAs at only two BSs is enough to estimate the location

as shown in Figure 2.5.

MS (X, Ym)

BS1 : ( BS2
(x1,¥1) (x2,¥2)

Fig. 2.5 Location estimation using the AOA estimation method
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Given that, 8; and 6, are AOAs of the signal from mobile terminal arriving at BS1 and BS2,

respectively, the position of MS can be calculated by following equation:

Ym — ¥1 = tan(6;) (xp, — x1) 2.2)
Ym — Y2 = tan(0;) (X — x3) (2.3)
From (2.2) and (2.3), we can obtain:
0, = tan—l (I}’m —yll>
1 Ixm _ x1l (24)
BN\ (Iym = }’zl> 2.5)
[xXm — %3]

By substituting (2.4) and (2.5), the position of MS (X;;;, Vi) Will be determined. In this technique, the
similar issue in RSS based localization technique is also happened. It is the absence of a LOS signal
component between the MS and BSs. It results the estimated angles do not correspond to the actual
direction from MS to BSs. Moreover, the multipath still affects the AOA estimation eve the system is in
LOS between MS and BSs. The error in AOA estimation results in the error in the location estimation
of the MS. Because of it, the high accuracy of the AOA estimation is needed to achieve a high accuracy

of location estimation [11], [12].

2.3.3 Time of Arrival (TOA)
The TOA based localization method is the method that position of MS can be estimated based on
TOAs of the signal of MS arriving at least in three different BSs [12]. If t; is the TOA of the signal of

MS at BS; , the distance between the MS and BS; can be calculated by this following equation

R; = (t; — to)c, (2.6)
where t; is the time instant at which the mobile terminal begins transmitting the signal, and c is the

signal propagation speed (speed of light: ¢ = 3 x 10® m/s).
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object and BS position i cross to speed of light and R; is TDOA between the object and BS position j

cross to speed of light. The equation (2.7) will become

Ri,j = (ti - to)C - (tj - tO)C,

= (ti - tj)C, (2.8)

where t; —t; is the TDOA between BS; and BS;. The hyperboloids that explain the range

difference R; j between BSs are given by

Rij = (i = xm)? — Oi = Ym)* — (@i = 2m)* — J(x, ) == m) (= 2m) (29)

where (X, Vim»Zm) is the unknown coordinates of the object (mobile terminal), (x;,y;, z;) and
(xj, yj,zj) are the locations of BS; and BSj, respectively. Similar case in the TOA based localization
method, if the number of unknowns or coordinates of the object is equal to the number of equations, or
measurements of range differences, the system is consistent and gives a unique solution. On the
contrary, the system may be inconsistent and a unique solution may or may not exist. The advantage of
TDOA based localization method is that TDOA does not need to know the instant time beginning to

transmit the source signal as TOA method does [6], [10], [11], [12].

2.3.5 Location Fingerprinting

The location fingerprinting is one of the localization methods that based on the RSS measurement
or other signal information to form a database of known signal-location information. In this fingerprint
method, a two-phase process is involved. First, during the off-line calibration phase the received signals
at selected locations are recorded in a database. This database is also referred to as the radio map. Then,
the second phase, called the on-line, pattern matching algorithms are used to infer a target’s location by
comparing the current observed signal features to the pre-recorded values in the database. The key
points of this technique are the selection of the spatial signature and the method in constructing
database. The location fingerprint is also referred in the literature as pattern matching, pattern
recognition, and database correlation.

As mentioned before, to estimate the location of MS, firstly, the system needs to measure the
signal information at particular locations and uses some localization algorithms to determine the MS

location. The location of MS can be estimated by comparing the current received signal information
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with the previously recorded as database through pattern matching algorithms. The location in the
database that gives the best match or the minimum error between the fingerprint and the current
observed signal information is represented as the estimated location of MS. Figure 2.7 shows the block

diagram of the fingerprint based localization system.

Fingerprint Database

Known Location Fingerprint Information

Location 1 Information 1

Location 2 Information 2

Location L-1 Information L-1

Location L Information L

Received U Estimated
Signal . Terminal Location
Riadiver > Pattern Matchmg S
Algorithm

Fig. 2.7 Location estimation using the location of fingerprint technique [12]

The advantage of the fingerprint based localization technique is that it requires only 1 BS and
does not need the additional or modified hardware or software within MS. Furthermore, it is more
appropriate to estimate the location of MS in the multipath environment where the geological method
such as AOA, TOA, TDOA, and RSS often fail for locating the location estimation. However, the
disadvantages of this technique are time consuming and requiring a lot of effort during the process of

constructing database [12].

2.4 Data Clustering

Clustering refers to an unsupervised learning task that purposes at decomposing a given set of
objects into subgroups or clusters based on similarity. The aim is to divide the data-set in such way that
objects (or example cases) belonging to the same cluster are as similar as possible, whereas objects
belonging to different clusters are as dissimilar as possible. In other words, clustering is the process of
grouping a data set in a method that the similarity between data inside a cluster is maximized, on the

other hand, the similarity between data of different clusters is minimized.
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Clustering method also can be used as data reducing method. It means that the similarity among
data can be grouped and the others data that have dissimilarity can be ignored. So, the single object data
that wanted to be analysis only focus on the certain cluster. Therefore, clustering method is endowed by
measuring the distance to show the similarity and dissimilarity in the data [13]. In this subsection, the

fuzzy-based clustering technique is presented.

2.4.1 Introduction of Fuzzy Set Theory

In the beginning of 1970s, Lotfi Zadeh, a professor at the University of California at Barkeley
introduced the concept of fuzzy sets theory. Fuzzy sets theory was presented as a way of processing data
by allowing partial set membership rather than crisp set membership or non-membership. Fuzzy sets
provide a simple way to arrive at a definite conclusion based upon vague, ambiguous, imprecise, noisy,
or missing input information [14].

Fuzzy set theory is an extension of classical theory where elements have varying degree of
membership. A logic based on the truth values, True and False, is sometimes not enough to describe
human reasoning. Fuzzy logic applies the overall interval between 0 (false) and 1 (true) for describing
human justification. A fuzzy set is any set which allows its members to have different degree of
membership called membership function, in the interval [0, 1]. The degree of membership or truth is not
same as probability:

(a) Fuzzy truth is not likelihood of some events or conditions,

(b) Fuzzy truth represents membership in vaguely defined sets.
Fuzzy logic is derived from fuzzy set theory dealing with justification that is approximate rather than
precisely deduced from classical predicate logic. Fuzzy logic is capable of handling inherently
imprecise concepts. Fuzzy logic allows in linguistic form the set membership values to imprecise
concepts like “slightly”, “quite”, and “very”. Fuzzy set theory defines Fuzzy operators on Fuzzy sets.

Fuzzy logic requires some numerical parameters in order to operate such as what is considered

significant error and significant rate-of-change-of-error, but exact values of these numbers are usually
not critical unless very responsive performance is required in which case empirical tuning would
determine them. Some of the advantages of fuzzy logic such as fuzzy logic is inherently robust since it
does not require precise, noise-free inputs and can be programmed to fail safely i.e., in control system if
a feedback sensor quits or is destroyed. Fuzzy logic can control nonlinear system that would be difficult

or impossible to model mathematically.

76470
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2.4.2 Fuzzy C-Means (FCM)

Fuzzy C-Means (FCM) is one of clustering technique using fuzzy sets theory. In the fuzzy
clustering, fuzzy cluster analysis allows gradual membership of data points to cluster measured as
degree in [0, 1]. This gives the flexibility to express that data points can belong to more than one cluster.
Moreover, these membership degrees offer a much finer degree of detail of the data model. Apart from
assigning a data point to clusters in shares, membership degree can also express how ambiguously or
definitely a data point should belong to a cluster [15].

Fuzzy clustering allows fine grained solution spaces in the form of fuzzy partitions of the set of
given examples X = {xl, s xn}. Whereas the clusters [; of data partitions have been classical
subsets so far, they are represented by the fuzzy sets pl; of the data-set X in the following. Complying
with fuzzy set theory, the cluster assignment, u;;, is membership degree of datum X; to cluster [}, such
that: u;; = pulj (xj) € [0,1]. Since memberships to clusters are fuzzy, there is not a single label that is
indicating which cluster a data points belongs. Instead, fuzzy clustering methods associate a fuzzy label

vector to each data point X;that states its membership to ¢ clusters:
X; - (uij, ...,ucj)T (2.9

The ¢ X nmatrix U = (ui j) = (uy, ..., Uy) is then called a fuzzy partition matrix. Based on the
fuzzy set notion, it is now better suited to handle ambiguity of cluster assignments when clusters are
badly delineated or overlapping. So far, the general definition of fuzzy partition matrices leaves open
how assignments of data to more than one cluster should be expressed in form of membership value. In
FCM, the probabilistic partition is essential. Some of literatures only call fuzzy partition and ignore the
‘probabilistic’. In this explanation, we use the subscript f for the probabilistic approaches and p for
probabilistic model.

Let X = {X, ..., X, } be the set of given examples and let ¢ be the number of clusters (1 < ¢ <
n) represents the fuzzy sets ul',, i = (1,...,c). Then we call Uf = (uij) = (uf‘i(xj)) a probabilistic
cluster partition of X if

Xiqwj >0, ViE{l,...cl, (2.10)
Z;-‘=1 wi=1 Ve{l..,n} (2.11)

The u;; € [0,1] is interpreted as the membership degree of datum X; to cluster I'; relative to all

other clusters. Equation (2.10) guarantees that no cluster is empty. This corresponds to the requirement
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in classical cluster analysis that no cluster, represented as (classical) subset of X is empty. Equation
(2.11) makes sure that the sum of the membership degrees for each datum equals to 1. It means that
each datum receives the same weight in comparison to all other data and, therefore, that al data are
(equally) included into the cluster partition. Moreover, Equation (2.11) corresponds to a normalization
of the memberships per datum. Thus the membership degrees for a given datum formally resemble the
probabilistic of its being a member of the corresponding cluster.

Hence the problem to divide a given data-set into ¢ clusters can be stated as minimizing the
squared distance of the data point to their cluster centers, since we want to maximize the degree of
membership. The probabilistic fuzzy objective function /5 is thus based on the least sum of squared
distance. Formally, a fuzzy cluster model of a given data-set X into c¢ cluster is defined to be optimal

when it minimizes the objective function:

]f(xl Ufl C) = Z‘i:=1 Z?:l uzldfj, (212)

under the (2.10) and (2.11) that must be satisfied for probabilistic membership degrees in Uy. The
condition (2.10) avoids the trivial solution of minimization problem i.e., u;; =0, Vi,j. The
normalization constraint (2.11) leads to a ‘distribution’ of the weight of each data point over the
difference clusters. Since all data points have the same fixed amount of membership to share between
clusters, the normalization condition implements the known partitioning property of any probabilistic
fuzzy clustering algorithm. The parameter m, m > 1 is called fizzifier or weighting exponent.

The exponentiation of the memberships with m in J¢ can be seen as function g of membership
degrees, g(ui j) = ug-‘, that leads to generalization of the well-known least squared error functional.
The actual value of m determines the ‘fuzziness’ of the classification. It has been show in the case
m = 1 (when Jj, and J become identical), that clusters assignments remain hard when minimizing the
target function, even though they are allowed to be fuzzy, i.e., they are not constraint in {0,1}. For
achieving the desired fuzzification of the resulting probabilistic exponents m > 1 that leads to fuzzy
memberships has been proposed in [15]. With the higher values for m the boundaries between clusters
become softer, with lower values they get harder. Usually m = 2 is chosen. Aside from the standard
weighting of the membership with ug-‘, other functions g that can serve as fuzzifiers have been

explored.
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The objective function J; is alternately optimized, i.e., first the membership degrees are
optimized for fixed cluster parameters, thc;,n the cluster prototypes are optimized for fixed membership
degrees:

Uz = ju(Craq), >0 (2.13)
and

Ce = je(Up). (2.14)
In each of two steps the optimum can be computed directly using the parameter update equations jy and
jc for the membership degrees and the cluster centers, respectively. The update formula is derived by
simply setting the derivative of the objective function J;. The resulting equations for the two iterative
steps form the fuzzy C-means algorithm. The membership degrees have to be chosen according to the

following update formula is independent of the chosen distance measure [15]:

1 ag
= L 7]
Ujj = P/ =2 (2.15)
e (™ i dfpT
{=1 d%j

In this case, there exists a cluster i with zero distance to datum X;, u;; = 1 and u;; = 0 for all
other clusters [ # i. The (2.14) shows the relative character of the probabilistic membership degree. It
depends not only on the distance of the datum X; to cluster 7, but also on the distance between this data
point to other clusters. The update formula, j¢ for the cluster parameters depend on the parameter used
to describe a cluster (location, shape, and size) and on the chosen distance measure. Therefore the
update formula cannot be given. In this case of the basic FCM model the cluster center vectors serve as
prototypes, while an inner product norm induced metric is applied as distance measure. Consequently

the derivation of J:
¢, = L=Ux
t Z?:luz'l

(2.16)

The choice of the optimal cluster center points for fixed memberships of the data to the clusters has the

form of a generalized mean value computation for which fuzzy C-means algorithm has its name.
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2.4.3 Implementation of Fuzzy C-Means in Fingerprint Technique

In this subsection, the parameter for FCM in this research will be described. The implementation
of clustering technique will speed the processing of fingerprint-based localization technique. As pre-
processing method before pattern matching between the current signal information (from object) and
those in fingerprint database, FCM clustering algorithm will be useful to limit the scope of data in
matching process. FCM has many benefits to be applied in the system which has multi channels data, in
our case is RSSI data. As explained before, the number of fingerprint locations as M and D,, as
fingerprint information (RSSI values for Nnodes) at position F,, (m = 1,2,..., M) and r represents
RSSI values from each node. With M = 12 and number of reference node is N = 6 nodes for 2D and
3D scenario, respectively. The FCM will be deployed to minimize the partition of RSSI data set.

FCM is the method for data clustering which allows one piece of data belongs to two or more
clusters (groups) [22]. The FCM algorithm minimizes the objective function for the partition of the data

set, P = [Dy,D;, D3, ..., D)y 17 and center of clusters, V = [vy, V5, V3, ..., V¢ 17 given by:

Jw(UV) = Xeoy X winlID oy — v II? 217

where, J,, is the objective function, M is the rows in the matrix in the vector P, C is the number of
clusters (1 < C < M), Uy, is the element of partition matrix U of size (C X M) containing the
membership function, Vv, is the center of the C cluster, and w is a weighting factor that controls
fuzziness of the membership function. The matrix U is constrained to contain elements in the range of
[0,1] such that ¥¥_, u,n = 1 for each uy, (1 < € < M). The norm ||D,, — v.|| is the Euclidean
distance between the sample D, and the clusters center v, [9].

There are two steps for obtaining the fuzzy cluster, first step is called initialization step. In this
step, the fuzzy system will randomly pick the cluster centers based on number of fuzziness (w),
basically use w = 2 and number of cluster, C. Second step is called fuzzy computation step. Here, the
process to get the fuzzy cluster or group is utilizing.

FCM algorithm is used to cluster the fingerprint database and the target in 2D and 3D scenario,
respectively. In this work, the data set, P is formed as A X B matrix. A represents the number of
fingerprint database and B represents the number of reference nodes. For instance, in 2D scenario the
matrix size of fingerprint database is 36 X4 for 4 reference nodes and 36 X6 for 6 reference nodes. In 3D
scenario, the 12 fingerprint database is applied with 6 reference nodes, 12 X6 matrix. In order to find the

location of the target, the clustering technique has to have the target node’s information clustered among
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the fingerprint database. In this manner, the size of matrix will be added by 1 row of target node. As
known, the target signal information has the 1X6 matrix. So, in the data set, P the size of matrix will
become (4 + 1) x B [7], [20], [21].

The membership function is the most essential part in any fuzzy clustering methods. Figure 2.8

shows the typical graph of membership function in FCM [23].

P
- -]

Fig. 2.8 (a) Fuzzy C-Means membership function (b) Fuzzy Generalized membership function

From Figure 2.8 dot line represents hard truth and dashed line represents partial truth-the truth
values between completely true and completely false. Given an example, When P is a fuzzy set and u is
a relevant object, the proposition “u is a member of P” is not necessarily either true or false, as required
by the two-valued logic, but it may be true only to some degree, the degree to which u is actually a
member of P, is a real number in the interval [0, 1]. Theoretically, if U is a collection of objects denoted
generically by u, then a fuzzy set P in U is a set of ordered pairs, P = {(u, uP(u))| u £ U}, uP(w)is
called the membership function (or grade of membership) of u in P that maps U to the membership
space M. The range of the membership function is a subset of the nonnegative real numbers whose
supremum is finite [24].

Figure 2.9 shows the flowchart of FCM deployed in this work. This flowchart describes of two

steps in FCM clustering algorithm, initialization and verification step.



Step 1: Initialization step

Input data, fuzziness (w),

number of clusters (c)

|

Initialize centers

(evenly/randomly/arbitrary
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|

Calculate the membership
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Step 2: Fuzzy computation step (verification)

Uy = Ueks) | €=

Calculate new fuzzy

cluster centers

!
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function Uy
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Fig. 2.9 Flowchart of FCM clustering algorithm
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As illustrated in Figure 2.9, FCM clustering algorithm can be summarized by the following steps [5]:
Step 1: Initialization (Iteration 0)
Scan the RSSIs data row by row to construct the vector P containing all the certain levels in the
data set. Randomly initialize the centers of the classes vector V®_ From the iteration t = 1 to the end
of algorithm:

Step 2: Calculate the membership matrix U®of element u;, using:

-1

2
= [I1Dm=vcll\w-1
Yem = ( c=1 (nnm—vcu) ) -

v, (c = 1,2,....,C) is the cluster center in the iteration, t = 0 (the superscript, t is the iteration
index). Then, the v, v, until V¢ can be obtained for the next step.

Step 3: Calculate the vector VY = [vy, v5, ... v] using:

M w
yy = = (2.19)

Step 4: Convergence test: if "V(t) = V(t"l)” > €, then increment the iteration t, and return to

the Step 2, otherwise, stop the algorithm. Note: € is a chosen positive threshold.

Although the FCM can find a partition of data for a fixed number of clusters (objects), one
objective of cluster validity procedure is to determine automatically the optimal number of clusters.
This is desired, for example, when the FCM is used for image segmentation purposes and the number of
objects in the image is unknown. Validation of a generated fuzzy partition by the FCM can be achieved
by a cluster validity index. If ¢y, is defined as the minimum number and ¢4, as the maximum
number of clusters, respectively, then for each ¢ € [Ciin, Cmax] @ partition can be generated by the
FCM. The value of a cluster validity index can then be calculated for the partitions of data for each c.
By comparing all values of an index for all possible number of clusters, one can determine the optimal
number of clusters. This can be achieved, for example, by selecting the number of clusters for which an

index is minimized [25].

2.5 ZigBee
Zigbee is a wireless networking standard developed by ZigBee Alliance. It is aimed to be applied

in remote control and sensor applications. It is suitable for operation in harsh radio environments and in
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isolated locations. Zigbee as IEEE standard 802.15.4, it defines the application and security layer
specifications enabling interoperability between products from different manufacturers. In this way,
ZigBee is a superset of the 802.15.4 specification. Low power consumption is the essential feature of
ZigBee that enables the power supply or battery can be operated for a long period of time. The
bandwidth of ZigBee is relatively low compared to wireless LAN. In some types of ZigBee, the distance

between 2 nodes can be up to 50 meters [16].

2.5.1 Hardware Physical and MAC Layer
One of the most benefit aspects of ZigBee is its frequency band. It is a license free band at 2.4
GHz. It allows a ZigBee product to be used all over the world. Table 2.1 shows the few differences
between the bands in ZigBee [11], [17].
Table 2.1 The few differences between the bands in ZigBee

Frequency 868 MHz 915 MHz 2.4 GHz
Bandwidth 20 kbps 40 kbps 250 kbps
No. of channels 1 10 16

:amw Channel 0 Channels 1-10 <+ fne
i g

L &

868 3 Mz 902z G928 M2
24 GHz
PHY Channeis 11-26. _ ~4 = SMeu
2 4 Gz 2 m GHz

Fig. 2.10 Channel division [17]
In all bands, Direct Sequence Spread Spectrum (DSSS) is used. 868 and 915 MHz are using Binary
Phase Shift Keying (BPSK) and 2.4 GHz uses Offset Quadrature Phase Shift Keying (O-QPSK). In
total, there is room for a maximum of 104 bytes. This is obtained by used of a guaranteed time slot
mechanism so that the high priority messages can be sent as fast as possible. ZigBee applies 2 kinds of
addressing. There is a 64-bit IEEE address that can be compared to the IP address on the internet. There
is also a 16-bit short address. The short addresses are used once a network in setup period, so this makes

a total of 2'° = ~64000 nodes within one network possible.
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2.5.2 ZigBee Architecture

ZigBee is a wireless multi-hop routing, which can send data to each other sensors. It is one of the
essential features that Bluetooth does not have. ZigBee communication helps extend the transmission
range of information is out indefinitely. ZigBee is known because of its mesh network architecture but it
does also support a star topology or cluster tree or hybrid architecture. Physical Layer and MAC Layer
of ZigBee and IEEE 802.15.4 standard defines a wireless communication WPAN (Wireless Personal
Area Network) to work in such a layer at a lower level of the signal, link quality, access control, and
security. Many aspect of the network are specified in this layer such as application profiles, security

settings and the messaging. ZigBee Application Layers of the architecture shown in Figure 2.11[17].

ATA

Fig. 2.11 ZigBee and IEEE 802.15.4 protocol stack [17]

The characteristic of ZigBee is the entrance channel using the Carrier Sense Multiple Access
with Collision Avoidance (CSMA - CA) or the entrance channel. A way to avoid the collision-type
devices, ZigBee has two types of model devices; Physical Device and Logical Device. Physical Device

can be classified into two types.

a. Full Function Device (FFD)
FFDs are equipped with a full set of MAC layer functions, which enables them to act as a
network coordinator or a network end device. FFDs acting as network coordinator will have the

ability to send data to beacon, offer synchronization, communication and network join services.
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b. Reduced Function Device (RFD)
RFD is the best way to connect to a network of battery power to transmit data from other
devices. RFDs can only act as end devices and are equipped with sensors/actuators like

transducers light switches, lamps, etc. It may only interact with a single FFD.

ZigBee is based on the behavior of the three types:
1. Coordinator is responsible for the communication. It is an FFD managing the whole
network.
2. End Device is equipped with the destination. It corresponds to an IEEE RFD or FFD
acting as a simple device.
3. Router is responsible for routing data in a variety of networks, which is comparable

to FFD. It is an FFD with routing capabilities.

2.5.3 Network Topologies

Network topology is defined as a connection of a network in WSN. In the ZigBee standard, it
supports three main topologies i.e., star topology, peer-to-peer topology, and tree topology. A star
topology is simple. All nodes directly communicate with one central node (like a star). The mesh
topology is more complicated; each node may communicate with any other node within range. It gives
many possible routes through the network. The cluster tree topology is basically a combination of star

and mesh topologies [17].

2.5.3.1 Star Topology

In the star topology, the communication is established between devices and a single central
controller, called the PAN coordinator. Applications that benefit from this topology include home
automation, PC peripherals, toys and games. After an FFD is activated for the first time, it may establish
its own network and become the PAN coordinator. Each start network chooses a PAN identifier, which
is not currently used by any other network within the radio sphere of influence. This allows each star

network to operate independently [11], [16], [17].
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Reduced Funetion Device (Sensor
Controller, Actuator, ete)

. PAN Coordinator

Fig. 2.12 Star topology [26]

2.5.3.2 Peer-to-peer topology

Figure 2.13 shows the illustration of peer-to-peer topology in ZigBee standard. In peer-to-peer
topology, there is also one PAN coordinator. In contrast to star topology, any device can communicate
with any other device as long as they are in range of one another. A peer-to-peer network can be ad hoc,
self-organizing and self-healing. Applications using this topology are mostly in monitoring such as
industrial control and monitoring, wireless sensor networks, asset and inventory tracking. It also allows
multiple hops to route messages from any device to any other device in the network. It can provide

reliability by multipath routing [16].

¢

Reduced Function Device (Sensor
Controller, Actuator. ete)

PAN Coordinator

e Full Function Device (Performs
Network routing functions)

Fig. 2.13 Peer-to-peer topology [26]

2.5.3.3 Cluster tree topology

The special case of peer-to-peer network is cluster-tree network. In cluster-tree topology, most
devices are FFDs and an RFD may connect to a cluster-tree network as a leave node at the end of a
branch. Any of the FFD can act as a coordinator and provide synchronization services to other devices

and coordinators. Only one of these coordinators becomes the PAN coordinator.
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O Reduced Function Device (Sensor
Controller, Actuator. ete)

‘ PAN Coordinator

° Full Function Device (Performs
Networlk: routing functions)

Fig. 2.14 Cluster tree topology [26]

The PAN coordinator forms the first cluster by establishing itself as the cluster head (CLH)
with a cluster identifier (CID) of zero, choosing an unused PAN identifier, and broadcasting beacon
frames to neighboring devices. A candidate device receiving a beacon frame may request to link the
network at the CLH. If the PAN coordinator permits the device to link, it will add this new device as a
child device in its neighbor list. The newly joined device will add the CLH as its parent in its neighbor
list and begin transmitting periodic beacons such that other candidate devices may then join the network
at that device. Once application or network requirements are met, the PAN coordinator may command a
device to become the CLH of a new cluster adjacent to the first one. The advantage of this clustered

structure is the increased coverage area at the cost of increased message latency [16][17].

2.6 Xbee
Xbee is used wireless data transmission. The network was created by a standard based on IEEE
802.15. Xbee is considered as one of the ZigBee families [17], XBee has a feature that can be easily
connected to the RS232 which allows any microcontroller or microprocessor to immediately use the
services of the ZigBee protocol. All a ZigBee hardware designers have to be concern of the serial port
logic levels that are compatible with the Xbee standard, 2.8- to 3.4-V logic levels. Xbee can be divided
as functionality of the various forms of communication such as the Coordinator, Router or End Device.
Xbee is equipped with microcontroller and RF IC inside to act as a transceiver and a Half Duplex
Frequency 2.4 GHz is managed by utilizing a simple interface to send and receive data. It worthy to
mention some advantages of the Xbee chip that are motivated us to select working on this chip.
Here are some of the main networking features of the device:
. 128-bit Encryption
. Point-to-point, point-to-multipoint and peer-to-peer topologies supported

. 13 direct sequence channels, each with over 65,000 unique network addresses available
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. Self-routing/Self-healing mesh networking

. 2.4 GHz frequency band

. Manufactured under ISO 9001:2000 registered standards
. Supply voltage: 3.4-2.8 V

. Power down current is less than 10 uA

2.6.1 Simplified Block Diagram

Data is presented to the Xbee module through its DIN pin, and it must be in the asynchronous
serial format, which consists of a start bit, 8 data bits, and a stop bit. Because the input data goes
directly into the input of a UART (RS232) within the Xbee module, no bit inversions are necessary
within the asynchronous serial data stream. All of the required timing and parity checking is
automatically taken care of by the Xbee. Xbee module produces a received data asynchronous serial

data stream for the host on its DOUT pin for more details, please see [17].

DTR - Flow contro! 80 X888 ey ¢
RET « XBoo Rostl ammmemmeiy €
Corenon Cround. sesrrr e

CTS = Flow tontrdl from XBee &7 ¢
&R swtc st e

= Saris intg XBae i
TX ‘E‘;er*& a lrom Aiea ¥
RTS- Flow Sontrol into XBeer—¥

I frombraguistor {of input)

Fig. 2.15 Xbee device [27]
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Fig. 2.16 Simplified block diagram of the Xbee modules
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The processor used in Xbee module is the well-known MC9S08GT60 which contains main
blocks shown in Figure 2.16. When serial data enters the RF module through the DI pin (pin 3), the data
is stored in the DI Buffer until it can be processed. If the module is receiving a continuous stream of RF
data, any serial data that arrives on the DI pin is placed in the DI Buffer. The data in the DI buffer will

be transmitted over-the-air when the module is no longer receiving RF data in the network.

On the other hand, when RF data is received, the data enters the DO buffer and is sent out the
serial port to a host device. Once the DO Buffer reaches capacity, any additional incoming RF data is

lost. Two cases wherein the DO Buffer may become full and possibly overflow, the two cases are:

1. If the RF data rate is set higher than the interface data rate of the module, the module
will receive data from the transmitting module faster than it can send the data to the
host.

2. If the host does not allow the module to transmit data out from the DO buffer because

of being held off by hardware or software flow control.

2.6.2 Xbee Topology

In a wireless network, ZigBee must contain at least two of the coordinator nodes and one client
(Router / End device) to communicate and work in the form of PAN (Personal area network). The three
types of Xbee networks are star, cluster tree, and mesh network [11], [17].

2.6.2.1 Star (Broadcast) Network

In the star topology, the communication is established between devices and a single central

controller, called the PAN coordinator. Tt allows the user to get information any time.

@, @
@ '@

O E&ndDevice

Fig. 2.17 Star (broadcast) network [11]
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2.6.2.2 Cluster Tree (Tree) Network
In the cluster tree (tree) network, aside using the coordinator as the broadcaster, in this network
we can use the other node as buffer or media to contact each other. As shown in Figure 2.18 of cluster

tree (tree) network.

% Coordinator

@ o=

ot

Fig. 2.18 Cluster tree (tree) network [11]
In Figure 2.18, the transfer of data transmission, such as A to communicate with C, but C is far
from A and A cannot communicate with C, but it is not with B (between A and C). So, in this network,

B will be used as media to contact (repeater) between A and C.

2.6.2.3 Mesh Network
The mesh network has been popular and applied in many applications because of its advantages.
In this network, data can be sent to multiple targets. It can transmit data to many destinations that allows

us to apply it to many design application.

Fig. 2.19 Mesh network [11]
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2.7 Indoor Localization using ZigBee based on RSSI [18]

Basically, a wireless localization system comprises at least two separate hardware components; a
measurable unit that usually carries the major part of the system intelligence and a signal
transmitter/receiver. The transmitter in the simplest case is just a node. Figure 2.20 represents basic
hardware model of localization system. Figure 2.20 shows the location sensing devices detect the
signals transmitted by or received at known reference pints using radio sensing technologies. The
sensing technique is based on the signal strength level that converts the sensed signal to RSSI. Given a
set of reference points, the relative position of the MS can be derived from the characteristic signal of
RSSI. The signal characteristics of RSSI are unique for a location. Then, the microcontroller processes

the position algorithm and estimates the target position and displays it in a PC.

Location RSS!
matrices

Location
coordinate

‘———": Sz Personal
— Transceiver Microcontroller |[——> Computer
 e— 'y ~ N\
Received packets

Power Unit

Fig. 2.20 Block diagram representing hardware module

In this subsection, relevant RF-based indoor positioning system which can be used to estimate
MS location is reviewed. The impressive of development of IEEE 802.15.4 in recent years leads an
interesting future for the location fingerprinting technique. The following discussion is divided
according to the localization system component. First, the common form of location fingerprinting used
RSSI and its relationship with the physical locations are explained. Finally, the location estimation

algorithm: the Euclidean distance method is briefly explained for the RSSI based localization method.

2.7.1 Location Fingerprint
A location fingerprint based on RF characteristics such as RSSI is the basic for representing a

unique location. It is designed as each location represents the position in a building (indoor) that has
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unique RF signature. Generally, a fingerprint F is labeled with location information L. The location
fingerprint and its information are maintained as the fingerprint database and used during the on-line
phase to estimate location as shown previously in Figure 2.7.

The location and fingerprint are usually denoted as a tuple of (L, F). In reference [18], the authors
point out that the location information L for indoor location can be recorded in two forms as either a
tuple of coordinates or an indicator variable. The tuple of real coordinates can be varied from one
dimension to five dimensions which include the three dimension space and two orientation variable
expressed in the spherical coordinates. For example, the location information of a 2D system with an
orientation, can be expressed as triplet, L = {(x,y,d) | x,y € R?, d e{North, East,South, West}}.

The RSSI is found to be more location-dependent than the signal to noise ratio (SNR) since the
noise component is rather random in nature. However, the RSSI fluctuates over time for each location
and access point. Each RSSI element can be considered as a random variable; therefore it can be stored
by recording its descriptive statistics parameters, maintaining the whole measurement dataset or
approximating each distribution. The location fingerprint is usually referred as an array or vector of
signal strength received at any position in the location-based service area. The size of vector is based on
the number of access point or reference points.

To create fingerprint-based received signal strength such as in a number of samples of vectors of
signal strength are collected over a window of time for each position. This is called a prototype. After
that, the averages of RSSI of each access or reference point is captured and recorded as an element in
the location fingerprint. For an area that can receive signal from N reference points, the location

fingerprint can be expressed as a vector of average RSSI elements, S;

F = (Bl' Bz, . 'IBN)T (219)

Besides the basis location fingerprint, the samples of location fingerprint measured during the on-
line phase are also essential for the mobile target system. The number of samples should be selected
appropriately to represent the location fingerprint for mobile application. A step in statistical analysis
method called pre-processing refers to a step that cleans the raw data (training set/database) before any
further operations or analysis. The cleaning may comprise of encoding, dimensionality reduction,
feature extraction/selection, clustering, and outlier elimination. In reference [18] stated that the pre-

processing enables faster location estimation and reduce the noise from the training data. In this work,
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the clustering technique is applied as pre-processing step in the fingerprint based indoor localization

technique.

2.7.2 Location Estimation Algorithm: Euclidean distance [18]

Localization algorithms are procedures which exploit dependency between location information
and location fingerprint basis in order to determine a location from samples RSSI signals. The
Euclidean distance method as the positioning algorithm used in this thesis is briefly discussed as follow;
Euclidean distance method is deterministic approach of location estimation since they require only a
set of constant location fingerprints which includes mean vectors. In order to determine the location, a
form of discriminate function is used to classify a sample of RSSI fingerprint into a position. The
average RSSI vector is a center of a mass that represents each class of location fingerprint. Suppose a
set of / location fingerprints is denoted by {F,, F,, ...., F;} exist and each fingerprint has a one-to-one
mapping to a set of locations {L, Ly, ...., L;}. A sample of an RSSI fingerprint measure during on-line
phase is denoted as S which can be another average RSSI vector for small window of RSST samples.
Assuming that an indoor localization system only considers the average RSSI from N reference points
as a location fingerprint, the sample of RSSI vector is S = (sq,55, ...,Sy)?> and each location
fingerprint i in the database can be expressed as F; = (B, B2, ..., Bx)". The simplest closeness metric

is a distance measurement in signal space denoted as Dist(.) function.
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Research Methodology

In this chapter, the research methodology is presented. Fuzzy C-Means (FCM) clustering
algorithm will be implemented as pre-processing process in fingerprint based localization system. Pre-
processing process even known as process which minimizing the data object in the system. The
previous researches of fingerprint based localization technique in indoor localization have been
presented in [19], [20]. The implementation of FCM in the fingerprint technique can be referred as
simplifying method in pattern matching algorithm. In this research, the performance of localization
technique in indoor environment is analyzed by measuring the accuracy of FCM to cluster the

object/target and the accuracy to estimate the target position.

3.1 Indoor Localization Using Fingerprint Based Localization Technique

In this thesis, the indoor localization using fingerprint technique to find the location of an object
(wireless device) is utilized. The implementation of clustering technique using FCM as the pre-
processing before pattern matching algorithm of fingerprint technique is proposed. In this subsection,
the explanation of the experiment setup and fingerprint database will be described.

For indoor localization system, both 2D and 3D indoor localization system, the Xbee devices are

scattered in area of interest as illustrated in Figure 3.1.

Fig. 3.1 Illustration of Xbee system

From Figure 3.1, the Xbee system is illustrated by the antenna symbols, a computer and a transmitter
device. The antenna symbols represents the six location of Xbee, these locations refer to the reference
nodes. The transmitter is directly connected to a PC to observe and record the Xbee parameter, in this

research is RSSI.

36
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3.1.1 Fingerprint Database

In order to record database, the RSSI parameter from Xbee has to be acquired. To get the RSSI
values of the Xbee device is arranged as illustrated in Figure 3.1. In this scenario, the target node sends
the command to the reference nodes to resend the intensity values that will be converted to RSSI in
dBm. In this manner, the reference node will know the amount of transmitted power from the target
node. In this process, the reference node will send back the information to the target node. As illustrated
in Figure 3.1, the target node is directly connected to PC through serial communication RS-232 to
record the RSSI values from the given RSSI packets.

3.1.1.1 ZigBee System

The Transceiver radio signal is a module Xbee-24ZB of the ZigBee alliance. It is featured on the
DIGI and registered in the ZigBee standard to create routing. It has networks topologies and easy to use
and to configure. The microcontroller is connected via USART module that can be configured by the

manufacturer of the X-CTU software. Overview of the Xbee system is shown in Figure 3.2 [11], [17]

Reference Target
Node 7 Node

- & 2N ]
AP! Frame APl Frame
— — Command RSSI Data
|| XbeeStack |[]
= IEEE —
|{| 802154 ||
|| RSSI l\/ —

Fig. 3.2 Overview of the system
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The database will be stored as fingerprint information using RSSI package from reference nodes

received by transceiver to PC. To send the packet and get the RSSI value from Xbee, the API frame is

applied. The detail of received package will be explained in the next subsection.

3.1.1.2 Frame Format Used to Communicate with The Network Layer

Frame format used to communicate with the network layer below:

* Header size is 1 Byte for Byte Stuffing.

* Frame length scale for the size of the frame is 2 Byte.
* Frame type 1 Byte size is used for the type of frame.
* Frame ID 1 Byte size of the frame number.

* DATA, depending on the type of the frame.

* Checksum size is 1 Byte Checksum of the Byte to 4.

Header | Frame Length | Frame ID Data Checksum

1Bytes 2 Bytes 1 Bytes Depend on Frame type 1Bytes

Fig. 3.3 Detail of the package size of 8 Byte

3.1.1.3 Types of Frame

Type of frame that used in this work is comprised of:

1.

Remote AT Command Request (0x17).

By using API mode, it is possible to send AT commands from a transmitting radio to a
receiving radio. This allows module parameter registered on remote devices to be queried
or set. One benefit application of this feature is to toggle an IO on a remote radio from a
high to a low state. In this manner the radios can be used as a wireless relay to control a
wide variety of remote devices. Remote AT command request table of features is shown in
Figure 3.4.

ZigBee Transmit Request (0x10)

ZigBee Transmit Request (0x10) table of features is shown in Figure 3.5.

Explicit Addressing ZigBee Command Frame (0x11)

Sending the API frame Ox11 (Explicit Addressing Command Frame) allows the device to
override these defaults. Explicit Addressing ZigBee Command Frame (0x11) table of

features is shown in Figure 3.6.
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3.2 2D and 3D Environment for Indoor Localization

Fingerprint technique will apply two phases process. First phase is called the offline phase. In
this phase, fingerprint information will be recorded as database. Second phase is called the online phase.
In this phase, the current signal information will be compared with those in the database (RSSI). For
example, let the number of reference nodes as N, number of fingerprint locations as M and D,, as
fingerprint information (RSSI values for N nodes) at position F,,(m = 1,2, ...., M) and r represents
RSSI values from each node. Hence, the fingerprint technique can be expressed as

- Fingerprint location:

Fn = [Xm , Ym] (3.1
- Fingerprint information:

Dm = [T(Lm}, T{z,m} ...... r{N,m}]- (3 .2)
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From here, the database consists of fingerprint location as F,, and fingerprint information as D,, is
acquired. In the 2D scenario, 36 fingerprint locations are used as the fingerprint database, and 12

fingerprint locations for 3D scenario [21]. For the full explanation of FCM is described in Chapter 2.

3.2.1 2D Scenario
In 2D scenario, we simply record database by placing the transceiver in area of interest Sm X 5m.

The layout of experiment setup using sets of 4 and 6 reference nodes is shown in Figure 3.7.

i _ TRRE——1 WAL L

A Target node *T’ Reference node

Fig. 3.7 Experiment setup for 2D scenario
In this work, the XBee-24ZB is used as reference nodes and target node, respectively. Xbee-24ZB is
ZigBee module with the operating frequency of 2.4 GHz. The RSSI provided by ZigBee device is
employed as parameter to estimate the location of the target node. The basic idea behind RSSI is the
configured transmission power at the transmission device (TX) directly affects the receiving power at
the receiving device (RX). In our scheme, the reference nodes receive the request message, and then
will send intensity signal values to the target node. The target node will collect the data (RSSI) from

reference nodes and forward it to the PC for estimating the target location.

3.2.1.1 2D Target Position Testing
In 2D scenario, the diagonal, horizontal and vertical testing positions are applied in order to
validate the performance of fingerprint database. The illustration will show the system using 4 set and 6

set of reference nodes, respectively.
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3.2.1.1.1 Diagonal Position Testing

The first experiment to obtain the validation of our proposed method, the diagonal position
testing is applied. Figure 3.8 shows the fingerprint nodes and the target node at diagonal positions on
the observed area for 4 set and 6 set of reference nodes. The target node is stationary placed for each
experiment. For the left diagonal testing, the target node is first placed at (0 m, 0 m) and increase
continuously by 0.33 m. For instance, the target node location for the diagonal left is moved from (0 m,
0 m) and continued until reaching the target position at (5 m, 5 m). For the right diagonal position, the
target node location is moved from coordinates (5 m, 0 m) to (0 m, 5 m). The brown box shows in
Figure 3.8 is the expected cluster in nearest location expectation of the target and yellow box is cluster

in exact location of fingerprint location.
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Fig. 3.8 Left and right diagonal testing

3.2.1.1.2 Horizontal and Vertical Testing

The other types of testing position are horizontal and vertical position. Figure 3.9 shows the
measurement setup for horizontal and vertical of target node testing position. For the horizontal and
vertical position testing, the target node is started to be placed from (0 m, 2.5 m) for the horizontal
position; with the increasing distance are 0.25 m and 0.5 m. For example, position number 1 is (0 m, 2.5

m), number 2 (0.25 m, 2.5 m), number 3 (0.75 m, 2.5 m), and number 4 (1 m, 2.5 m). The position is
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continued until (5 m, 2.5 m). For the vertical position, it is begun at (2.5 m, 0 m) and ended at (2.5 m, 5

m).
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Fig. 3.9 Horizontal and vertical diagonal testing

3.2.2 3D Scenario

In 3D scenario, the real system consists of a bookshelf as the area of interest is applied. In this
system, the realistic environment such as human body effect and propagation effect of media (furniture,
books, etc.) are analyzed. As known in 3D scenario, the height or latitude difference is attracted many
researchers to develop the indoor localization that relatively simple and effective. Based on previous
explanation, in this work, the implementation of the FCM as clustering technique in the fingerprint
based 3D indoor localization system is proposed.

The area of interest in this research is a 92 cm X 25 cm X 152 cm bookshelf in the clean
environment. The 4 levels of this bookshelf are assumed as the location of target in 3D scheme. Each
level has 35 cm height as shown in Figure 3.10. The room is empty room in corridor of a lobby and near
the elevator in our institute. Target node is a wireless device which receives a packet from 6 reference
nodes, which measure the received power. For validating the proposed method performance, the 16
target positions are deployed. The target is stationary placed between the fingerprint nodes as depicted

in Figure 3.11.
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Fig. 3.11 Target node position

Pattern Matching Algorithm: Nearest Neighbor

T

In this work, the implementation of FCM is assigned as the pre—processing method before

location estimation process in the pattern matching algorithm. In this work, Nearest Neighbor algorithm

is deployed as pattern matching algorithm. The basic idea of this algorithm is to find the maximum

similarity or the minimum error between target node and the fingerprint node (inside FCM cluster or

group). Since the RSSI parameter is used in this work, the minimum error distance of RSSI value
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between target node and fingerprint node inside of FCM member is assigned as the location of the

target.

When the target node in the area of interest collects the RSSI values from all reference nodes as

Dt = [r(l,t}' r{zlt} "'r{N,t}] (33)
In the simulation, FCM cluster information as G is

G ={D,,, Dy, Dg,, .-, Dy, } (3.4)

and

Dy, = [Frgw T TE.gw: - Tv.gw)] 3.5

FCM clusters the fingerprint information and the target signal information assigned as D..
RSSI values are represented by r from each reference node. The similarity between the target
information with one of members in the cluster is verified by using Norm equation. For example, let the
group of fingerprint locations as FCM clustering result as G, Dy k(k =123, .....,K) is the one
member of G consists of RSSI values according to (3.5), and K is the number of members of G. The
member of cluster is varying. From here, D, and D, . re two points in Euclidean N-Space. In this

manner, error distance, e, is obtained by

ex = ||De — Dg, |- (3.6)

The estimated location will be obtained by choosing the minimum error from norm equation between
target signal information and one of member in FCM cluster information which represents as the

estimated location of the target.

3.4 Error Distance

The error distance is analyzed to validate the accuracy of our proposed method. This distance is
between the true location (exact location) of the target node and the estimated location of the target node
from our proposed localization system. In our work, the norm equation is used to find the error distance
of the target location estimation. Like previously described in the Chapter 2, the error distance is

acquired by the Euclidean distance estimation. These equations for 2D and 3D environment are
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error = \[(x —x")2 + (y —y')?, (3.7

and

error =\|(x —x)2 + (y—y")2 + (z ~ 2')?, (3.8)

where (x,y) and (x, y, z) is the true location of the target node (true testing position) and (x',¥") and
(x',y',z") are the estimated location of the target node (the actual position). From these equations, the
accuracy of the system will be obtained by observing the error distance between the true location and

the estimated location of the target.



Chapter 4

Results and Analysis

This section describes the methodology used in this research. The Fingerprint technique using
Fuzzy C-Means (FCM) clustering algorithm for 2D and 3D scenes is evaluated. The performance
evaluation is the clustered fingerprint nodes in the desired cluster with the target node. In addition, the
error distance from true location of the target with the estimated location from localization system will
be shown as the accuracy of the system. The data for evaluation is obtained by conducting indoor

experiment and simulating it to get the validation of the system performance.

4.1 Simulation Systems and Parameters

In this research, simulation has been conducted to observe the performance of our proposed
method. Table 4.1 shows the experiment system for 2D indoor localization system including the number
of fingerprint, number of desired cluster in FCM and how we get the error distance from location
estimation. For the 3D localization system, the description of experiment component is given in Table
4.2.

Table 4.1 Experiment systems for 2D indoor localization

Name Number and Explanation
Fingerprint Node 36 fingerprint nodes, 6 nodes Each
row.
Reference Node 4 set and 6 set, to know the

scalability differences.

Area of Interest Sm x 5m

Grid Size (Fingerprint’s Grid | lm X Ilm

Size)

Hardware ZigBee (Xbee 24-ZB series), USB
cable and connector, PC, power
supply (battery).

Frequency 24 GHz

FCM Cluster C or number of cluster equals to 10
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Table 4.2 Experiment component for 3D indoor localization

Components Explanation
6 Xbee 24-ZB As reference nodes including its power source
1 Xbee 24-ZB As target node
USB Cable Connection between target node and PC
Bookshelf 92 cm X 25 cm X 152 cm
EC Laptop Toshiba Satellite L745

Fig. 4.1 Xbee 24-ZB as the target and reference node
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In this simulation, RSSI information of the target node becomes the indoor localization

parameter. The RSSI is stored in the same directory with the fingerprint database. The simulation is

done based on the target location and the scenarios that have been explained in the previous chapter.

4.2 System Performances Results

4.2.1 2D Indoor Localization

In this subsection, the result of simulation system for 2D indoor localization will be given.

4.2.1.1 Fingerprint Database

In the fingerprint technique, the offline phase is conducted to acquire the fingerprint database. In

this phase, signal information i.e., RSSI in this work is stored. Table 4.3 shows you the deployed

component in this offline phase.



Table 4.3 Experiment component for 2D indoor localization

Component Explanation

Xbee 24-ZB 4 and 6 set of reference nodes

Xbee 24-ZB 1 target node

USB Cable Connection between target node and PC
PC Laptop Toshiba Satellite L745

Fabric (5m X 5m)

Grid for fingerprint database in Im X 1m

Fig. 4.2 Indoor experiment for 2D scenario

Fingerprint database for 2D indoor localization using 4 reference nodes is shown in Table 4.4.

Table 4.4 Fingerprint database for 4 reference nodes

Fingerprint Reference 1 Reference 2 Reference 3 Reference 4
Location (-dBm) (-dBm) (-dBm) (-dBm)
(0m,0m) 26.0 44.9 47.0 52.0
(Im,0m) 32.5 42.8 47.7 49.9
(2m,0m) 383 41.0 48.5 49.7
(3m,0m) 413 36.9 48.3 46.8
(4m,0m) 443 314 50.9 48.9
(5m,0m) 442 26.0 26.0 53.2
(Om,1m) 31.2 46.6 45.5 53:2
(Im,1m) 323 45.8 454 49.3
(2m,1m) 37.0 39.0 47.9 47.6
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Table 4.4 Fingerprint database for 4 reference nodes (cont.)

Fingerprint Reference 1 Reference 2 Reference 3 Reference 4
Location (-dBm) (-dBm) (-dBm) (-dBm)
(3m,1m) 40.4 36.1 49.4 46.8
(4m,1m) 44.9 33.6 48.5 453
(5m,1m) 48.9 32.1 51.4 44.8
(0m,2m) 35.1 46.4 429 48.8
(1m,2m) 34.4 443 42.7 48.1
(2m,2m) 39.6 41.1 452 459
(3m,2m) 40.8 395 46.8 43.0
(4m,2m) 448 352 44.8 42.0
(5m,2m) 49.2 36.3 513 39.2
(0m,3m) 393 48.2 375 47.4
(Im,3m) 38.6 453 38.4 45.2
(2m,3m) 40.2 443 41.2 44.1
(3m,3m) 41.5 41.2 432 41.1
(4m,3m) 464 40.3 45.6 37.5
(5m,3m) 50.3 40.3 48.8 36.5
(0m,4m) 41.2 50.4 32,6 48.8
(1m,4m) 42.0 49.3 35.8 45.1
(2m,4m) 42.0 45.0 374 42.7
(3m,4m) 44.8 44.5 40.1 383
(4m,4m) 474 445 44.9 35.2
(5m,4m) 48.9 42.7 477 317
(Om,5m) 474 48.7 26.0 48.3
(Im,5m) 46.0 49.2 31.1 442
(2m,5m) 46.7 48.6 36.5 41.7
(3m,5m) 48.5 46.9 413 375
(4m,5m) 48.6 47.6 41.7 33.5
(5m,5m) 49.4 49.0 453 26.7
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Table 4.5 Fingerprint database for 6 reference nodes

Fingerprint Ref. 1 Ref. 2 Ref. 3 Ref. 4 Ref. 5 Ref. 6
Location (-dBm) (-dBm) (-dBm) (-dBm) (-dBm) (-dBm)
(0m,0m) 26.0 46.1 46.2 55.8 373 539
(1m,0m) 314 41.8 47.6 51.6 40.1 46.9
(2m,0m) 36.4 39.1 48.3 50.1 41.2 432
(3m,0m) 40.8 36.3 48.0 47.2 46.0 40.2
(4m,0m) 43.0 31.1 53.5 51.1 49.1 38.6
(5m,0m) 42.7 26.0 53.7 439 54.8 34.7
(Om,1m) 31.8 45.7 45.7 53.7 36.8 49.3
(Im,1m) 334 454 45.0 51 36.9 447
(2m,1m) 36.2 39.1 47.7 48.6 40.4 41.1
(3m,1m) 39.9 364 48.9 46.2 453 374
(4m,1m) 45.0 33.6 49.7 45.6 46.9 33.9
(5m,1m) 47.4 31.5 50.6 44.2 50.7 322
(0m,2m) 35.1 46.7 41.6 49.6 30.2 46.2
(1m,2m) 342 44.8 423 48.4 34.9 43.8
(2m,2m) 41.0 42.1 442 449 38.4 40.4
(3m,2m) 41.2 39.7 46.3 43.0 41.7 357
(4m,2m) 449 35.1 47.6 41.9 44.8 31.8
(5m,2m) 48.4 34.6 50.6 40.9 479 28.1
(0m,3m) 39.6 47.8 374 49.1 29.0 46.8
(Im,3m) 39.1 44.6 38.5 45.8 31.8 433
(2m,3m) 41.2 44.0 40.7 44.8 359 414
(3m,3m) 441 41.5 43.7 41.8 40.1 36.9
(4m,3m) 46.8 39.5 45.8 385 425 32.6
(5m,3m) 49.7 39.2 48.4 36.8 44.2 28.8
(0m,4m) 424 50.5 323 50.4 33.9 48.0
(Im,4m) 433 48.1 353 45.5 33.9 44.5
(2m,4m) 43.9 45.1 37.2 422 38.1 425
(3m,4m) 45.4 44 .4 40.7 39.0 40.2 39.0

51



52

Table 4.5 Fingerprint database for 6 reference nodes (cont.)

Fingerprint Ref. 1 Ref. 2 Ref. 3 Ref. 4 Ref. 5 Ref. 6
Location (-dBm) (-dBm) (-dBm) (-dBm) (-dBm) (-dBm)
(4m,4m) 48.1 44.0 44.5 36.2 424 34.7
(5m,4m) 50.9 44.2 49.0 31.9 47.7 33.6
(0m,5m) 47.2 50.8 26.0 49.0 37.8 49.1
(Im,5m) 473 49.9 313 442 36.6 474
(2m,5m) 48.3 49.7 36.9 42.1 40.1 43.1
(3m,5m) 47.5 45.0 41.2 38.8 422 41.7
(4m,5m) 49.3 47.1 429 33.8 44.7 37.1
(5m,5m) 50.7 46.7 45.8 27.0 47.1 375

4.2.1.2 Clustering Result for 2D Indoor Localization

In this subsection, the clustering result for 2D indoor localization from FCM algorithm is
presented. The group has been clustered by FCM based on the similarity between the signal information
(RSSI) value from target node. In this result, not all of the testing position is given, but selected
positions which have the interesting result are emphasized. The left, right diagonal, vertical and
horizontal position is briefly explained before for both of 4 set and 6 set of reference nodes. In the table
will be stated that the desired cluster and actual cluster should be similar. This means that desired
cluster is justified from the logic of position of the target node and the fingerprint node. The actual
cluster is the cluster from result of FCM processing. As previously mentioned, for 2D environment, the

36 as {1}-{36} fingerprint nodes and 1 the target node as node number {37} will be clustered by FCM.

4.2.1.2.1 Clustering Result for Left Diagonal Position

In the left diagonal testing, FCM can cluster successfully in all of 16 positions as same with the
desired cluster. In some positions located in the same location of fingerprint the actual cluster shows
only two members in one cluster as desired cluster does.

Table 4.6 Clustering result for left diagonal position for 4 set reference node

No. Desired Cluster Actual Cluster
1| {1}3,{37} {1},{37}
3| {1h425,{7},18},{37} {13,{2},{7},{8},{37}
8 | {15},{37} {15},{22},{37}
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10 | {22},{37} {22},{37}
14 | {29},{30},{35},{36},{37} | {29},{30},{35},{36},{37}
16 | {36},{37} {36},{37}

Table 4.7 Clustering result for left diagonal position for 6 set reference node

No. Desired Cluster Actual Cluster
1| {1,837} {13,337}
3| {11,{21,{7},{8},{37} {1},{2},{7},{8},37}
8 | {15},{16},{21},{22},{37} | {21},{37}

10 | {22},{37} {16},{22},{23},{37}
14 | {29},{30},{35},{36},{37} | {29},{30},{35},{36},{37}
16 | {36},{37} {36},{37}

4.2.1.2.2 Clustering Result for Right Diagonal Position

The yellow marker shows the unsatisfying result for clustering since FCM cannot cluster the
target node in the specific fingerprint database member as desired or expected. This result could be
affected by bad database training in certain location. Since the accuracy of this technique is depend on

the quality of the database [6], [19], [20], [21].

Table 4.8 Clustering result for right diagonal position for 4 set reference node

No. Desired Cluster Actual Cluster
1| {6},{37} {53,{6},{11},{12},{37}
3| {5h{6h{113,{12},{37} | {5},{6},{11},{12},{37}
8 | {15},{16},{21},{22},{37} | {15},{22},{28},{37}

10 | {20},{37} {94,{15},(37}
14 | {25},{26},{31},{32},{37} | {25},{31},{32},{37}
16 | {31},{37} {31},{37}

Table 4.9 Clustering result for right diagonal position for 6 set reference node

No. Desired Cluster Actual Cluster
1| {6},{37} {5},{6},{37}
3 | {5},{6},{11},{12},{37} {5},{6},{11},{12},{37}
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8 | {15},{16},{21},{22},{37} | {15},{21},{37}
10 | {20},{37} {21},{37}

| 14 | {25},{26},{31},{32},{37} | {25},{31},{32},{37}
16 | {31},{37} {31},{32},{37}

4.2.1.2.3 Cfustering Result for Horizontal Position

Table 4.10 Clustering result for horizontal position for 4 set reference node

No. Desired Cluster Actual Cluster

1 {13},{14},{19},{20},{37} | {13},{14},{19},{20},{37}
3 {13},{14},{19},{20},{37} | {13},{14},{19},{20},{37}
8 {15},{16},{21},{22},{37} | {15},{37}

10 | {15},{16},{21},{22},{37} | {15},{22},{37}

14 | {17},{18},{23},{24},{37} | {17},{23},{24},{37}

16 | {17},{18},{23},{24},{37} | {17},{23},{24},{37}

Table 4.11 Clustering result for horizontal position for 6 set reference node

No. Desired Cluster Actual Cluster

1 | {13},{14},{19},{20},{37} | {14},{19},{20},{37}

3 | {13},{14},{19},{20},{37} | {14},{19},{20},{25},{37}
8 | {L5},{16},{21},{22},{37} | {16},{21},{22},{23},{37}
10 | {15},{16},{21},{22},{37} | {16},{21},{22},{37}

14 | {17},{18},{23},{24},{37} | {17},{18},{24},{37}

16 | {17},{18},{23},{24},{37} | {17},{18},{24},{37}

From Table 4.10 and 4.11, the reduction member of cluster compared with the desire cluster
gives us benefit factors for the calculating process in the pattern matching algorithm that will be
impacted in the power consumption of the node. For instance, in almost of horizontal testing position,
the reduction of member in desired cluster is performed by FCM. This means that FCM is minimized
the number of data that will be processed in the pattern matching algorithm as its function as pre-

processing method for fingerprint technique.



4.2.1.2.4 Clustering Result for Vertical Position

Table 4.12 Clustering result for vertical position for 4 set reference node

No. Desired Cluster Actual Cluster
1| {31,{4},{9},{10},(37; {3},{9},37}

3 {3},{4},{9},{10},{37} {4},{9},{10},{16},{37}

8 | {15},{16},{21},{22},{37} | {15},{22},(37}

10 | {15},{16},{21},{22},{37} | {15},{22},{37}

14 | {27},{28),{33},{34},{37} | {27},{28},{34} ,(37}

16 | {27},{28},{33},{34},{37} | {27},{28},{33},{34},{37)

Table 4.13 Clustering result for vertical position for 6 set reference node

No. Desired Cluster Actual Cluster
L] {3},{4}1,{93,{10},(37} {3},{9},{15}, 37}
3| {31,{4},{9},{10},{37} {33,19}.{15},137}
8 | {15},{16},{21},{22} ,{37} | {16},{22} ,{37}
10 | {15},{16},{21},{22},{37} | {21},{37}
14 | {27},{28},{33},{34},{37) | {28},{34},(37}
16 | {27},{28},{33},{34},{37} | {27},{28},{33},{34},(37}
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Similar with the above explanation of horizontal testing position, in the vertical position FCM
can cluster the target successfully among the fingerprint database. Furthermore, it can reduce the

member of cluster that desired cluster has.

4.2.1.3 Estimated Error Location

The member of clustered group from FCM is matched with target node in order to know which
fingerprint nodes has the most similarity with the target. After matching, the error distance will be
occurred. If the error distance is 0 m, it means that the target node is located in the same location of
fingerprint. But, if it is more than 0 m, it means that the target node is located between the fingerprint
nodes. In this subsection, the comparison between the different sets of reference node is analyzed.

4.2.1.3.1 Left Diagonal Estimated Error Location

Figure 4.3 depicts the left diagonal estimated location error between four and six reference nodes.

As we can see from the Figure 4.3, the error is reduced successfully in some positions. Not only
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reducing the error but it shows 0 m error as shown in the target node position number 13 and 16. In the
other hand, in some position the additional sets of reference node cannot reduce the estimated error

distance, such as in the position number 8, 11, and 12 which show the relatively high error.

Left Diagonal Estimated Location Error

1,2

1

o8

06

04 -

02

Bstimated Location Error (m)

00 0004001 1 O

1 2 3 4.5 6 7 8 /9 10 11 12 1344 .15 16

Target Node Position
114 NODES ®6 NODES

Fig. 4.3 Left diagonal estimated error location for 4 and 6 reference nodes

4.2.1.3.2 Right Diagonal Estimated Error Location
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Fig. 4.4 Right diagonal estimated error location for 4 and 6 reference nodes
In Figure 4.4, when the target node approaches to reference nodes or in the border of the
observed area, the error will reach relatively high rather than observed locations that are quite far from
reference nodes. For instance, observed locations number 1, 5, 8 and 10, the results show that the error
is relatively high rather than observed locations located in the center of the experiment area. We can see

from the figure that the error for the 6 reference nodes less than the system using sets of 4 nodes in some
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observed points. It is occurred because of several factors, such as diffractions at edges, reflection on
metallic objects, propagation media, etc [9], [10].

4.2.1.3.3 Horizontal Estimated Error Location

Similar case with other results, some error positions can be fixed by adding the sets of reference
node but the others cannot be fixed. The effects relating with this issues can be named a few,
propagation effect, the environment parameters i.e., temperature, humidity that can be different in the

time of collecting data.
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Fig. 4.5 Horizontal estimated error location for 4 and 6 reference nodes

4.2.1.3.4 Vertical Estimated Error Location
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Fig. 4.6 Vertical estimated error location for 4 and 6 reference nodes

From the figures of estimated error location, the improvement in the accuracy of position

estimation of each observed location as a function of the sets of reference nodes is seen in some
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positions. However, few locations give a relatively high error in the additional sets of reference node.

The experiment is conducted many times, and the results are similar

4.2.2 3D Indoor Localization

In the 3D indoor localization, the system using a bookshelf which estimates position using
fingerprint technique is applied. FCM algorithm is also deployed in this system. For validating the
performance of the system, the different scenario of target estimation is utilized. The clean environment
means minimizing the furniture and obstacle in the area of interest, the human body and furniture effects
are considered as the 3D indoor localization testing as scenarios. Figure 4.7 shows the real measurement
setup using a bookshelf. Figure 4.8 shows the Xbee that deployed as the reference nodes and the target

node.

Fig. 4.7 A bookshelf as area of interest

Fig. 4.8 Xbee 24-ZB as reference node
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4.2.2.1 Fingerprint Database
In 3D indoor scenario, 12 fingerprint nodes are deployed. Since the 4-level of bookshelf is
uniform (same high, same wide) the 3 fingerprint nodes in each level is expected to be dense enough.
The gap between fingerprints is 22 cm. First experiment is conducted by placing the target node in the
same position of fingerprint. This scenario has purpose to validate the performance of the fingerprint
database. For this experiment, the result shows 0 cm error in all of target positions (12 positions). FCM
can cluster the target node successfully in all the target node positions. From here, we can conclude that
the quality of the fingerprint database is good.
The other scenarios i.e., between fingerprints in a clean environment, between fingerprints in

furniture’s effect, and between the fingerprints in human body’s effect are presented in the next

subsection.
Table 4.14 Fingerprint database

Fingerprint Ref. 1 Ref. 2 Ref. 3 Ref. 4 Ref. 5 Ref. 6
Location (-dBm) (-dBm) (-dBm) (-dBm) (-dBm) (-dBm)
(0m,0m) 30.4 42.9 34 34 48 53
(1m,0m) 30 38 31 34.9 45 53.9
(2m,0m) 34 40 36.8 32 52 55
(3m,0m) 56.7 40 28 31 54 40
(4m,0m) 34 69.3 31 32 41 43
(5m,0m) 34 62.5 35 29 40 52
(Om,1m) 52 53 34 46 33 34
(Im,1m) 45 53.6 32 40 31 32
(2m,1m) 44.1 56 42 452 35 32
(3m,1m) 60.4 56 51 40 28 38
(4m,1m) 52 56 40 40 33 34
(5m,1m) 48.7 58 425 43.1 50.5 28

The fingerprint database is obtained by conducting ten times experiment and ten times
acquiring data for each fingerprint. The interval time between 1 data to another data is approximately
10-15 minutes. The data is stored to the PC directly via Xbee supported software. Table 4.14 shows the

final fingerprint database (average of ten times RSSI experiment data from 6 reference nodes).
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4.2.2.2 Clustering Result for 3D Indoor Localization

In this subsection, the clustering result from FCM algorithm is presented for 3D indoor
localization. The groups have been clustered by FCM based on the similarity between the signal
information (RSSI) value from target node and fingerprint nodes. The 16-target positions is deployed to
validate the quality of the database and to observe the ability of FCM to cluster the target node among
fingerprint database. Table 4.15 and Table 4.16 show the coordinate of fingerprint (FP) database and the
target in the area of interest (bookshelf), respectively. The illustration of these coordinates can be seen

in the previous chapter.

Table 4.15 Coordinates of fingerprint database

No. FP Number Coordinate (x, y, z) No. FP Number Coordinate (x, y, z)
1. FP1 22 cm, 12.5cm, 105 cm 7. FP7 22 cm, 12.5¢cm, 35cm
2. FP2 44 ¢m, 12.5 cm, 105 cm 8. FP 8 44 cm, 12.5cm, 35¢cm
3. FP3 66 cm, 12.5 cm, 105 cm 9. FP9 66 cm, 12.5cm, 35 cm
4, FP4 22cm,12.5cm, 70 cm 10. FP 10 22 cm, 12.5cm, 0 cm
5. FP5 44cm, 12.5cm,70cm | 11. FP 11 44 cm, 12.5 cm, 0 cm
6. FP 6 66 cm, 12.5 cm, 70 cm 12. FP 12 66 cm, 12.5 cm, 0 cm

Table 4.16 Coordinates of the target

No. | Target Number Coordinate (x,y,z) | No. | Target Number Coordinate (x, y, 2)
1. T1 11 cm, 12.5 cm, 105 cm 9. T9 11em, 125¢cm,35cm
2. T2 33cm, 12.5¢m, 10Scm | 10. T10 33 cm, 12.5 cm, 35 cm
3. T3 55c¢m, 12.5¢cm, 105¢cm | 11. T11 55cm, 12.5 cm, 35 cm
4, T4 77 cm, 12.5 cm, 105 cm 12. T12 77 cm, 12.5 cm, 35 cm
S. TS5 11 cm, 12.5 cm, 70 cm 13. T13 11cm, 12.5cm, 0 cm
6. T6 33 cm, 12.5cm, 70 cm 14. T 14 33cm, 12.5¢cm,0cm
7. T7 55cm, 12.5 cm, 70 cm 15. T15 55cm, 12.5 cm,0 cm
8. T8 77 cm, 12.5cm, 70 cm 16. T16 77 cm, 12.5 cm, 0 cm

The target as mention in Table 4.16 is stationary placed in the bookshelf. The consideration of

testing is emphasized on 3 types of environments; clean, furniture effect (book’s effect), and human
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body effect. The clustering result for FCM as pre-processing method will be presented in the tables in

the next subsection.

4.2.2.2.1 Clustering Result for Clean Environment Testing

In the clean environment testing, the obstacles inside or near the area of interest is minimized.

There has no significant obstacles such as table, chair, and furniture inside the bookshelf. FCM can

cluster successfully in almost all of 16 positions as same with the desired cluster. In some positions, the

actual cluster shows only two members in one cluster. For 3D environment, 12 fingerprint nodes and 1

the target node {13} will be clustered by FCM.

Table 4.17 Clustering result for clean environment

No. Desired Cluster FCM Cluster No. Desired Cluster FCM Cluster
T1 | {15424{35{13} | {1},{2},(3},{13} | T9 {7},{8},{9},{13} {9},{12},{13}
T2 | {13,{2},(3},{13} | {15,{2},{3},{13} | T10 | {7},{8},{9},{13} {4},{7},{8},{13}
T3 | {15L,{2L,33{13} | {3,{2531{13} | T11 [ {7},{8},{9},{13} {7},{8}3,{9},{13}
T4 | {13,{2},(3},{13} | {1},{2},{3},{13} | T12 | ({7},{8},{9}.{13} {9},{12},{13}
TS5 | {4},{5}.,{6},{13} {4},{13} T 13 | {10},{11},{12},{13} {10},{13}
T6 | {45{sh{6}{13} | {1},{25B5L{13} | T14 | {10},{11},{12},{13} {10},{13}
T7 | {4},{5},{6}.{13} {5},{6},{13} T15 | {103,{11},{12},{13} {4},{12},{13}
T8 | {4},{5},{6},{13} {5},{6},{13} T16 | {10},{11},{12},{13} {12},{13}

4.2.2.2.2 Clustering Result for Furniture Effect

In this experiment testing, books are placed surround the target to see the effect of propagation

effect from books.

Table 4.18 Clustering result for furniture’s effect
No. Desired Cluster FCM Cluster No. Desired Cluster FCM Cluster
T1 | (3,{2hL6L{13} | {1,{21,8L{3} | T9 | {7},{8},{9},{13} {9},{12},{13}
T2 | {13,{2},5{13} | (15L,{21,63{13} | T10 | {7},{8},{9},{13} | {7},{8},{9},{12},{13}
T3 | {1},{2},3}{13} | {1},{2},{3},{13} | T11 {7},{8},{9},{13} {10},{13}
T4 | {13,{2}L,8L{13} | {1),{2},8L(13} | T12| {7},{8},{9},{13} {8},{9},{12},{13}
T5 | {4},{5},{6},{13} {4},{13} T13 | {10},{11},{12},{13} {10},{13}
T6 | {4},{s}.{6}.{13} | {1},{2},{3},113} | T14 | {10},{11},{12},{13} {10},{13}
T7 | {45{51.{6},{13} | {1},{2},{3},{13} | T15 | {10},{11},{12},{13} {4},{12},{13}
T8 | {4},{5}.{6},{13} {5},{6},{13} T16 | {10},{11},{12},{13} {12},{13}
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In the furniture’s effect testing, it is found that some of target positions have different cluster members
as desired cluster as shown in yellow marker. It could be occurred as a result of propagation effect from
books. Moreover, the position between target and books can result the shadowing of antenna from
reference node since the books behave like a wall between the target node and references nodes. It

means the RSSI values from reference nodes could have errors and unreliable.

4.2.2.2.3 Clustering Result for Human Body Effect
In this experiment testing, the author stands 50 cm in the front of bookshelf in order to observe
the effect of human body effect to the FCM clustering result.

Table 4.19 Clustering result for human body effect

No. Desired Cluster FCM Cluster No. Desired Cluster FCM Cluster
T1 | {15{2},33,03} | {1},{2},35{13} | T9 | {7},{8},{9},{13} {4},{12},{13}
T2 | {13,{2},{3},13} | {13,{2},33,{13} | T10 | {7},{8},{9},{13} {7},{8},{9},{13}
T3 | {15L{2}{35013} | {1525 65L43} | T11| {7},{8},{9},{13} {7},{8},{93,{13}
T4 | {1}4{2}, {34413} | {1},{2},{3},{13} | T12 | {7},{8},{9}{13} {9},{12},{13}
T5 | {4},{5},{6},{13} {5},{6},{13} T13 | {10},{11},{12},{13} {10},{13}

T6 | {4},{s}.{6},{13} | {1},{2},{3},{13} | T14 | {10},{11},{12},{13} {10},{13}

T7 | {45,{5}.€6}.{13} | {1},{2},{3},{13} | T15 | {10},{11},{12},{13} | {4},{10},{12},{13}
T8 | {4},{5},{6},{13} | {1},{2},{3},{13} | T16 | {10},{11},{12},{13} {4},{12},{13}

In the Table 4.19 for human body effect, it seems that human body effect in the front of area of interest
give the propagation effect to the system. As the yellow marker show the clustering error (do not follow

the trend of desired cluster).

4.2.2.3 Estimated Error Location

The member of clustered group from FCM is matched with target node in order to know which
fingerprint nodes has most similarity with the target. After matching, the error distance will occur. The
target is placed between the fingerprint nodes (11 cm). The evaluation of fingerprint database will be

validated by three types of environment: clean environment, furniture’s effect, and human body effect.
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4.2.2.3.1 Clean Environment

Figure 4.9 depicts the graph of estimated error location for 16 target locations in between
fingerprint nodes in clean environment. The average error for all 16 positions is 19.5 cm. The target
position number 6 gives the error of 37 cm, in the FCM result, it is located in the fingerprint number 1
(first upper level). In fact, the target position number 6 is located in 2™ upper level of bookshelf). The
other position which give error (1, 2, and 9), these positions show error but FCM can cluster them in the

same level of bookshelf.
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Fig. 4.9 Estimated error distance for clean environment

4.2.2.3.2 Furniture Effect
In this furniture effect experiment, books are placed in the center of each level of bookshelf.

Figure 4.10 depicts the graph of error distance for furniture’s effect.
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Fig. 4.10 Estimated error distance for furniture effect
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In this experiment, the average error for al 16-position is 23.4 cm. The position number 6, 7 and 11 give
the unsatisfying result since FCM cluster them into the different level of bookshelf. This can be
happened as the issues of the edge, propagation effect, also the effect of furniture’s itself (propagation

effect from books).

4.2.2.3.3 Human Body Effect
Human body’s effect is the last experiment to see the system performance. Here, author is 50 cm
standing in the front of bookshelf. In this experiment, bookshelf is clean (books have been removed).

Figure 4.11 depicts the error distance graph from this experiment.
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Fig. 4.11 Estimated error distance for human body effect

The average of error distance for human body’s effect experiment is 19.5 cm. The results show
good result since the FCM can cluster the target node in the same level of desired fingerprint nodes. In
other words, the errors come from the nodes which have been clustered by FCM in the same level of
bookshelf. The results also show that the human body’s effect does not affect much in the result of

proposed localization system.



Chapter 5

Conclusions

5.1 Conclusions

The objective of this thesis is to implement the clustering technique as pre-processing phase in
the fingerprint-based indoor localization technique. Fuzzy C-Means (FCM) as commonly method for
data clustering is deployed. This implementation is expected to improve the performance of the
localization system in its accuracy and its efficiency. Two different methods are used to investigate the
performance of FCM to cluster the data in groups as the pre-processing before the pattern matching
algorithm deciding the best match between fingerprint and the target. The indoor experiments are
conducted as the area of interest in 2 Dimensional (2D) and 3 Dimensional (3D), respectively. The
accuracy of FCM to cluster the target along with the fingerprint database is carried out. The accuracy as
the ability of indoor localization system is emphasized.

As the number of fingerprint database in wireless sensor networks (WSNs)-based localization
system increased, the demand of developing the effective system including the power effective,
positioning accuracy, are also increased. Since the common technique fingerprint technique is used the
whole fingerprint database for matching in order to find the location of the target, the system will
consume power and much time in the localization process. As clustering technique can group the
fingerprint database and the target in one group (the member of group is minimized), the effective
system can be achieved by employing the pattern matching algorithm in that group, the work is carried
out under this assumption. In this thesis, the clustering technique and FCM described in Chapter 2 are
presented to be implemented to the conventional fingerprint technique. In doing so, the large number of
fingerprint database implied the higher accuracy but still low power and effective localization system
can be accommodated.

The Scenarios and research methodology are described in Chapter 3. The explanation on how the
validation of our system is also given in Chapter 3.

The performance of FCM for clustering fingerprint database and the t(arget node is presented in
Chapter 4. From the simulation results, it can be shown that FCM can mostly cluster the target node in
the fingerprint database and minimize the member for calculating in the pattern matching process. But,
in some position testing FCM cannot cluster successfully. Further investigation is needed to conclude

that is not only the quality of fingerprint database but also how we maintain the reference nodes and the

65
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target node performance in acquiring RSSI values. In some position, especially in 3D localization, it is
found that if there is one node is not in a good performance, the whole data will be unsatisfying. Our
work can be summarized in this chapter, Chapter 5 as conclusion and future work.

The use of FCM as pre-processing phase in Fingerprint Technique for localization gives a new
idea for minimizing the data for the next process (pattern matching process). One advantage is the

minimization of complexity in order to achieve the simple, accurate, and effective system.

52 Future Research Works

The details theoretical study of Fuzzy-C Mean clustering technique and its implementation in
fingerprint-based indoor localization technique as pre-processing phase are presented in this thesis. For
the future research, the practical implementation including the real-time acquiring data and the target
position is needed.

To enhance the performance for minimizing power and complexity, the FCM algorithm can be
installed in the micro-processor system to maintain the power of clustered group and non-clustered
group. For which, the power effective will be obtained as well as an efficient localization system.
Furthermore, the implementation of FCM in fingerprint technique will be a good topic to work in

comparison with the performance of other techniques.
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Abstract— The recent research in localization technique has been
supported by the emerging of wireless sensor network (WSN)
technology. The issues of the estimated location accuracy have
becoming the main research topics in WSN-based localization
technique. In this paper, the application of WSN for localization
technique using IEEE 802.15.4 standard is proposed. As IEEE
802.15.4 standard, ZigBee is widely used because of its
advantages. It specially provides useful parameters for location
estimation, i.e. received signal strength indicator (RSSI) and link
quality indicator (LQI). In this paper, the simple but effective
localization system is proposed. Range-based and location
fingerprint-based are implemented. The different set of the
reference nodes is applied. The effectiveness of this method is
verified by data obtained from an indoor experiment in the Sm X
5m observed area. The error from estimated locations using both
techniques is analyzed. The estimated location results from
different amount of reference nodes are compared. The results
show that the error from the observed area is less than 1.2 m for
both localization techniques, respectively. The GUI is created to
help the experiments in the visualization and for showing the
estimated location. From this result, the simple but effective
system is really beneficial for the real application.

Keywords—Indoor Localization; Wireless Sensor Network;
ZigBee; Range-based; Location Fingerprint Technique

L INTRODUCTION

Radio localization using smart sensor nodes in WSNs has
become popular in recent years. It is supported by the
advancement of micro-mechanical systems and development
of digital electronics technology. Radio localization is realized
to be an important application for daily life and WSNs is
popularly selected to be used for a localization system.
ZigBee as IEEE 802.15.4 standard is widely used because of
its various advantages, i.e. cost-effective, low-power
consumption, security, robustness, reliability and supporting
low data rates. ZigBee provides useful parameters for location
estimation, i.e. RSSI and LQI [1], [2].

Localization technique can be classified into several
categories based on the parameter that is used. Range-based
and location fingerprint technique are most common technique
in WSN applications. In this paper, an indoor scenario is
applied. In the indoor scenario, many issues such as diffraction
at edges, refraction by media with different propagation
velocity and reflection in metallic objects. These issues affect
to the localization system performance [3].
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In this paper, we implement the user-friendly GUI for
sending commands, receiving and calculating data based on
the initial algorithm. For the experiment, we use the range-
based and fingerprint-based techniques. The command data is
sent to the reference nodes then it will initialize the position of
reference nodes. Then, the reference nodes will transmit
parameter that will be received by the target node as received
power. The received signal power that is received by the target
node will be transferred to personal computer (PC) through
serial communication. The GUI for this experiment has the
serial ~ communication = connection to provide the
communication between PC and the target node. The GUI will
display the position estimation results and has ability to store
the experiment data result. The experiment is evaluated using
two different types of the target node, i.e., stationary and
moyving target node.

The paper is organized as follow: Section 2 presents the
description of the algorithm model. The experiment setup is
explained in Section 3. Result and discussion are described in
Section 4. Finally, in Section 5, we conclude this paper with
plans for future work.

[I. DESCRIPTION OF ALGORITHM MODEL

A. RSSI Definition

RSSI in dBm is defined as ten times the logarithm of the
ratio of power (P) at the receiving end and the reference
power ( Pref). Power at the receiving end is inversely
proportional to the square of distance. The received signal
strength depends on the transmitted power and the distance
between the transmitter and the receiver. In the embedded
devices, the received signal strength is converted to RSSI. The
relationship between RSSI and distance can be determined as
equation [4].

RSSI[dBm] = A —[10 - n - logyo(d/dy)], (1

where n is the path loss exponent or the signal propagation
constant, d is the distance from transmitter in meter, d, is a
reference distance, typically 1 meter, and A is the received
signal strength at 1 meter distance, in dBm.
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B. Range-based Localization

In this paper, the maximum likelihood algorithm is applied
as range-based localization. In Range-based, the node distance
is acquired through measurement of RSSI without additional
node hardware design. Fig. 1 depicts the illustration of

measurement system.
L4l
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Figure 1. The illustration of measurement system

Suppose  coordinate  of  reference  nodes  are
B1(x4,¥1), B2(x3,¥3),... and Bn(x,,y,). And coordinate of
the unknown node is determined as O(x,y), the distance
between the unknown node and reference nodes aredy, ..., d,, ,
respectively. A group of non-linear equation can be obtained
according to the following formula in a two-dimensional space
as shown [5]:

(x—x)*+ (y—y)? = d}
(x—x)* + (y =y =d; 2)

—x)? + =) =d2

When the last equation is subtracted from the other
equations in turn beginning from the first equation, hence

x% —x2 = 2(x; — x,)x + y?

~Ya = 2(y1 — Yp)y = df = d}
: (3)

xrzl—l iz xrzl = Z(Xn_1 i xn)x rt yr%—l
Vi — 2(0n-A VY = drv 2

Linear equation in equation (3) can be represented as
Xb=a

where
[ 20 — %) 2001 — Yn)
X= : : ,

.2(xn—1 i xn) 2(¥n-1—Yn)
e +yl —yi-d} +d3

a= :
2 2 2 2 2 2
X531 — Xp + Y1 — Yn—dny +dp

’

. 74
br [y]

The error of the node estimation location can be obtained by
applying the standard minimum mean square error as

b=X"X)"'X"a. )
C. Location Fingerprint Technique

Location fingerprinting is a location sensing technique
which involves a two-phase process. First, during the off-line
calibration phase the received signals at selected locations are
recorded in a database. Then, the second phase, called the on-
line, pattern matching algorithms are used to infer a target’s
location by comparing the current observed signal features to
the pre-recorded values in the database. The key points of this
technique are the selection of the spatial signature and the
method in constructing database. The commonly used of
pattern matching algorithm as shown in Figure 1 [6], [7].

FINGERPRINT DATABASE
Known Location Fingerprint Information
Location 1 Information |
Location 2 Information 2
Location L-1 Information L-1
Location L Information L

3 ﬂ Estimated
Received Terminal

s S Location
Receiver —I~ Pattern Matching

Algorithm —

Figure 2. Location fingerprint technique

For simplicity, the fingerprint is defined as sets of
measured RSSIs from all sensor nodes. Hence, let the number
of sensor nodes that placed at fix locations as N, number of
fingerprint locations as M and D; as fingerprints at position
D;(i=12,...,M) . Table I shows the illustration of
fingerprint database for the experiment.

TABLE 1. FINGERPRINT DATABASE
Fingerprint Fingerprint Information
Location
Fy(x1, 1) Dy = {rssiy g, TSSiyp,, - TSSiy g,
F,(x3,52) D= {rssiyr,,7sSiz 5, ... TSSinE,
Fu Geas Yar) Dy = {rssiy ryy TSSiz ppys oo TSSiy i}

When the target node is in the fingerprint area, it collects the
RSSIs from all sensor nodes as

T= {rssiLT, TSSiyp, o .rssiN'T}.

Euclidean distance is used to find the location of target node
by comparing it with the fingerprint database, D;. D; and T are



two points in Euclidean N-space, then the distance is obtained by
the equation

dist;(x,y) = ‘/Efl’ﬂ(rssin‘,- — rssin,,,l.)z. (5)

III. EXPERIMENT SYSTEM AND SETUP

A. Experiment System

The authors reported the localization system based on
ZigBee standard for the stationary target [8]. In this paper, we
improve the system which is able to estimate the location of
moving target. The ZigBee module, XBee-24ZB is used as
reference nodes and target node. The ZigBee provides the RSSI
parameter for experiments. The different amount of reference
nodes is deployed for the experiments. There are 4 and 6
reference nodes. Fig. 2 depicts the illustration for experiment
system. The 5Sm X 5m observed area is used as the experiments
location for both maximum likelihood as range-based and
location fingerprint techniques, respectively.
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Figure 2. The illustration of experiment system using 4 reference nodes
(left) and 6 reference nodes (right)

In this paper, the system estimate the location based on
RSSI in the observed area. The target node is a wireless device
which receives a packet from reference nodes, which each
measures the received power. After receiving a packet, the
target node measures RSSI and sends the results to the sink
node. In this research, we use personal computer (PC) as sink
node which graphical user interface (GUI) is already installed
inside. The GUI for the experiment is shown in Fig. 3. The
GUI is very useful for the users to see the location of the target
node in the real time.
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Figure 3. The GUI for The Experiment
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As shown in Fig. 3, the GUI displays the appearance of the
observed area. The 4 reference nodes are shown as the antenna
signs which are located at the corners of the observed area.
The target node is represented as the small robot with the letter
that represents the location coordinate. Fig. 4 shows the
corridor where the experiments are conducted.

Figure 4. The indoor location for data collection

B. Experiment Setup

In order to verify the accuracy between range-based and
fingerprint-based localization, the location of the target node is
divided into two types, stationary and moving. Fig. 5 shows
the target position for experiments. The 16 locations
represented by a small circle along the diagonal line of the
target node are used for validating the range-based and
fingerprint-based localization techniques. Fig. 6 depicts the 36
database locations of sensor nodes as database information,
represented as circles for fingerprint technique experiments.
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Figure 5. The left diagonal position of the target node for the experiments
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Figure 6. The 36 database locations for the fingerprint technique



IV. EXPERIMENT RESULT AND DISCUSSION

The objective of this paper is to compare the accuracy
between the range-based and fingerprint-based localization
techniques for the stationary and moving target. The
effectiveness of the both techniques is verified by an indoor
experiment and the estimated location errors are analyzed. The
GUI is created to help the experiments in the visualization and
for showing the estimated location.

A. Estimated Location Error for Range-based Technique

1. Stationary Target Node

For the stationary target node, we start placing the target
node at (0 m, 0 m) and increase continuously on 0.33 m. For
instance, the target node location for the diagonal left bottom
to right up is change from (0 m, 0 m) and the experiment is
continued until reach at (5 m, 5 m). Fig. 7 shows the estimated
location error in meter of the range-based technique versus the
position of the target node. It depicts the results for the 4 and 6
reference nodes, respectively.

Range-based Technique (Maximum Likelihood)

B4 Nodes {16 Nodes

ﬁlg!ﬂ:g.ﬁn,p.m .u.lnlﬂilﬂjlﬂilﬂﬁ

8 9 10 11 12 13 14 15 18
Target Pasition

Estemated Location Error (m)
H

Figure 7. The estimated location error of range-based technique

Fig. 7 shows that the most of the estimated location errors
is reduced as a function of the sets of reference nodes. The
highest error is occurred in the 1st of the target position. From
Fig. 7, we can see that the relatively high of the estimated
location errors are in the target position where near or exactly
in the position of the reference node. This result could be
caused by the issue of diffractions at edges.

2. Moving Target Node

For the result of the moving target, we will show the result
in the GUI appearance. For both algorithms, we use automatic
robot which carries the target node and moves it alongside the
diagonal line. Fig. 8 and Fig. 9 show the results for both sets of
reference nodes for the maximum likelihood algorithm.
According to the result of Fig.7, the set of 6 reference nodes
gives the better result for estimating the location of target node.
The GUI shows the distribution of the target node, represented
as the small robot is spread along the diagonal line.
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Figure 9. Result of Moving Target for 6 Reference Nodes in GUI using
range-based technique

B. Estimated Location Error for Fingerprint Technique

1. Stationary Target Node

The fingerprint information for the experiment is a
collection of the RSSI data which is obtained by placing the
nodes in the 36 database locations as shown in Fig. 6. As
mentioned previously, the main idea of this technique is to
compare the target data with the database. Fig. 10 depicts
estimated location errors in meter of the fingerprint technique
versus the position of the target node.

Location Fingerprint Technique
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9 10 11 12 13 14 15 16
Target Position

1 2 3 4 5 6 7 8

Figure 10. The estimated location error of fingerprint technique

Fig. 10 depicts that the estimated location errors in
fingerprint technique relatively smaller than the range-based
error. From Fig. 10, we can see that the highest error is
occurred in the 4th and Sth of target position. Technically
speaking, the sets of the reference node can significantly



reduce the estimated location error. As in range-based, the
fingerprint technique gives better result when there are 6 nodes
as the sets of the references nodes.

2. Moving Target Node

Fig. 11 and Fig. 12 show the result for both sets of
reference nodes for location fingerprint algorithms. According
to the result of Fig. 10, the set of 6 reference nodes gives the
better result for estimating the location of the target node. The
GUI shows the distribution of the target node, represented as
the small robot is spread along the diagonal line.

§ v

- B8

Figure 11. Result of Moving Target for 4 Reference Nodes in GUI using
fingerprint-based technique

Figure 12. . Result of Moving Target for 6 Reference Nodes in GUI
using fingerprint-based technique
C. The Average Error Between Range-based and Location
Fingerprint Techniques for the Stationary Target

The different amount of reference nodes is used as space
diversity, it affects to the accuracy of the localization system.
For the average estimated error, we only use the data from the
result of stationary target measurement. From Table 2, we can
see that the location fingerprint gives the better result for the
experiment in the left diagonal position testing.

As we can see, the error from both techniques is
acceptable, since the error is 1.31 m in the range based using 4
reference nodes and 1.12 m for using 6 reference nodes. For
the location fingerprint, the average estimated error reach 0.56
m for 4 reference nodes and 0.44 for 6 reference nodes. We
can see from Table 2, the additional amount of reference
nodes gives better result for both techniques, respectively.
From this result, we can get a conclusion that for the diagonal
position of the target node, fingerprint technique gives the
better accuracy.

THE AVERAGE ERROR TABLE FOR STATION?AKY

TABLE II.
TARGET
Localization Technique Estimated Location Error (m)
4 Nodes 6 Nodes
Maximum Likelihood 1.31 1.12
Location Fingerprint 0.56 0.44

Vs CONCLUSION

This paper proposes the method for comparing the range-
based and location fingerprint techniques in indoor scenario.
The target node is moved along the left diagonal position. The
results show the average error reached less than 1.2 m in the
range-based technique and less than 0.5 m in the location
fingerprint technique. From the result of the estimated locations
error, the location fingerprint technique gives the better
accuracy than the range-based localization. Since the target
node is moving, the error can be triggered by many factors,
such as the accuracy of RSSI measurement in the devices, also
the power and electromagnetic effects during the experiment.
The result of both stationary and moving targets, show that the
simple but effective system is obtained. The GUI for the
experiments shows the estimated location for both techniques
effectively in real time. This result gives the explanation that
the proposed method can be applied in the real application.
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Location Fingerprint Technique

using Fuzzy C-Means Clustering Algorithm

for Indoor Localization
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Abstract— The recent researches in localization technique have
been supported by the emerging of wireless sensor metwork
(WSN) technology. The issues of power and time consumption
have become the main research topics in WSN-based localization
technique. ZigBee as IEEE 802.15.4 is commonly used as
supporting device because of its advantages for low-power, small
and smart sensor nodes. This paper proposes the new technique
in radio frequency (RF) fingerprint technique-based localization
using Fuzzy C-Means (FCM) clustering algorithm. This
technique provides an efficient localization system that gives
benefit in the time-efficient and low power consumption. In this
paper, received signal strength indicator (RSSI) is used as the
fingerprint information which indicates the location of sensor
nodes. The different amount of the reference nodes is applied.
The effectiveness of this method is verified by an indoor
experiment. The estimated location results from different sets of
reference nodes are compared. The time comsumption in
experiment is compared with those using the common fingerprint
technique.

Keywords-localization;  wireless  sensor network; RSSI;

fingerprint technique; fuzzy c-means

1. INTRODUCTION

Localization technique is an important challenge in
wireless sensor networks (WSNs). Localization usually refers
to the process of dynamically determining the location(s) of
one or more target node(s). The various techniques are
implemented during the development of localization system.
Location fingerprint technique as pattern matching-based
localization is commonly used as non-real time localization
technique. This technique allows us to have the database
training in order to estimate the target location by comparing it
with the database training. The disadvantages of this technique
are time consuming and requiring a lot of effort during the
process of collecting data [1]. This paper proposes a solution
to the problems using clustering data technique. The Fuzzy c-
means (FCM) algorithm is applied. By applying the FCM
method, a partition of the feature vectors into different regions
can be performed. The improvement of accuracy can be
achieved while the RSSI values as database are clustered into
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vectors that have similarity among others. The clustering
technique is also well-known technique with the spatial
advantages related to scalability and efficient communication
[2]. In this research, we focus on a localization system using
ZigBee standard as the sensor nodes and the target node. The
location fingerprint technique is used to estimate the target
node location. We present the approach in the clustering
technique as the new method for measuring the target location
in the fingerprint technique. This paper is organized as
follows. Section 2 explains the description of the algorithm
model. Section 3 describes the experiment system and setup.
Section 4 shows the results and gives discussion. Finally, the
conclusion is given in Section 5.

II. DESCRIPTION OF THE ALGORITHM MODEL

A. Fingerprint Localization Technique

Location fingerprinting is a location sensing technique
which involves a two-phase process. First, during the off-line
calibration phase the received signals at selected locations are
recorded in a database. Then, the second phase, called the on-
line, pattern matching algorithms are used to infer a target’s
location by comparing the current observed signal features to
the pre-recorded values in the database. The key points of this
technique are the selection of the spatial signature and the
method in constructing database. The commonly used of
pattern matching algorithm as shown in Fig. 1 [1], [3].

FINGERPRINT DATABASE
Known Location Fingerprint Information
Location 1 Information 1
Location 2 Information 2
Location L-1 Information L-1
Location L Information L
5 ﬂ Estimated
Received Terminal
Signal Pattern Matchi Location
. attern Matching
| Recciver |mmmm—)p Algorithm ——)

Figure 1. Location Fingerprint Technique
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For instance, let the number of reference nodes as N, the
pumber of fingerprint locations as M and Dy at
position k (1,2, ...., M) as fingerprint (a set of RSSI values for
N nodes). Table I shows the illustration of fingerprint database
for the experiment.

TABLE L. FINGERPRINT DATABASE
Fingerprint Fingerprint Information
Location
Fy(xy, 1) D, = {rssiyr,, TSSizr,, .- TSSinp
F(x2.y2) D, = {rssiyr,, rssiz g, ... TSSin g,
Fy (ewo yu) Dy = {rssiyp,, 7SSizpys o TSSinpy}

B. Fuzzy C-Means Clustering Algorithm

FCM is the method for data clustering which allows one
piece of data belongs to two or more clusters (groups). The
advantages of the FCM are its ability of uncertainty data
modeling, its fairly robust behavior, its straight forward
implementation, and its applicability to multi-channel data.
FCM can be applied to several problems involving feature
analysis, clustering and classifier design in fields such as
astronomy, chemistry, geology, image analysis, target
recognition, image segmentation, medical diagnosis and shape
analysis {4].

The FCM algorithm minimizes the objective function for
the partition of the data set, P = [Dy, D, D, ..., Dy JT given
by:

Jm(u,v) = 3i., sz=1 u;!,’;clle —~ v 1
where, J,, is the objective function, M is the number of
samples in the vector P, ¢ is the number of clusters (1 < ¢ <
M), uy, is the element of partition matrix U of size (¢ X M)
containing the membership function, v is the center of the i*"
cluster, and m is a weighting factor that controls fuzziness of
the membership function. The matrix U is constrained to
contain elements in the range of [0,1] such that Xf_; uy =1
for each uyp(1 <k <M) . The norm ||Dy —v;]} is the
distance between the sample D,, and the clusters center v; [5].

C. Nearest Neighbour Algorithm

The final step to estimate the location is to find the
minimum error distance between the target data compared
with those in the database. FCM clusters the group of
fingerprint information that has similarity, including the target
node. When the target node is in the fingerprint area, it
collects the RSSIs from all reference nodes. N is the number
of reference nodes. The RSSI value can be expressed as

T = {rSSii_T, rssiz_'r, oo TSSiN_T}. (2)

The cluster or group of the sensor nodes, G, as a result of
the FCM algorithm is located in the fingerprint database.
Euclidean distance is used to find the location of the target
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node by comparing the set of RSSIs of each G member, g; and
the target node. Then, the similarity between the RSSIs of the
target node and those of the C member can be calculated by

dist;(x,y) = \Eﬁ=1(rssin,1 - rssin,gi)z. 3)

By using the nearest neighbor algorithm, the fingerprint
location in which its fingerprint provides the smallest
distance, dist; is returned as the target node location.

III. EXPERIMENT SYSTEM AND SETUP

A. Sensor Node Placement

Fig. 2 shows the layout of references nodes and fingerprint
nodes placement in the system. Fingerprint nodes, shown as
the rectangular are assumed to know their own position and
reference nodes, shown as the triangle symbols are located at
the corners of the experiment area. The database for
fingerprint technique is obtained on 36 observed location in
area of 5m x 5m. in the experiment, the 1st sensor nodes is
located in the left bottom of observer area. The arrangement is
left to right arrangement. For example, the 1st row is consist
of sensor nodes number | to 6, in 2nd row 7 to 12 and
continues until 6th row, senor node number 31 to 36.
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Figure 2. Reference and sensor nodes placement for experiments

B.  Implementation of Fuzzy C-Means Algorithm

FCM algorithm is used to cluster the 36 sensor nodes and 1
target node as test object for identifying the target location. In
this paper, the data set, P is formed as 36x4 matrix for 4
reference nodes and 36X6 matrix for 6 reference nodes. FCM
clustering technique can be summarized by the following steps
[5]:

Step 1: Initialization (Iteration 0)

Scan the RSSIs data row by row to construct the
vector P containing all the certain level in the data set.
Randomly initialize the centers of the classes vector V),
From the iteration t = 1 to the end of algorithm:

Step 2: Calculate the membership matrix U®of element

Uy, using:
2
_[se  (Iog-vill\m-1
e = (Zi=1 (=

-1

)



v, is the cluster center in the iteration, t = 0 (the super
script, t is the iteration index). Then, we can get the v,, v,
until v, for the next step.

Step 3: Calculate the vector, V) = [y, v,, ... v] using:

d
— Th=1 uka
- m
Zie=1 Yk

®)

Uy

Step 4: Convergence test: if [[V® — V| > ¢, then
increment the iteration t, and return to the Step 2,

otherwise, stop the algorithm. € is a chosen positive
threshold.

. Experiment Setup

1.) Diagonal Position Testing

The first experiment to obtain the validation of our
proposed method, the diagonal position testing is applied. Fig.
3 shows the fingerprint nodes and the target node at diagonal
positions on the observed area for 4 and 6 reference nodes.
The target node is stationary for each experiment.
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Figure 3. The 16-target node position for diagonal testing

For the left diagonal testing, we start placing the target
node at (0 m, 0 m) and increase continuously on 0.33 m. For
instance, the target node location for the diagonal left bottom
to right up is change from (0 m, 0 m) and the experiment is
continued until reach at (5 m, 5 m). For the right to the left
diagonal position we change the target node location from
coordinate (5 m, 0 m) to (0 m, 5 m).

2.) Horizontal and Vertical Position Testing

The other types of position are horizontal and vertical
position. Fig. 4 shows the measurement setup for horizontal
and vertical of target node testing position. For the horizontal
and vertical position testing, we start placing the target node
from (0 m, 2.5 m) for the horizontal position; with the
increasing distance are 0.25 m and 0.5 m. For example,
position number 1 is (0 m, 2.5 m), number 2 (0.25 m, 2.5 m),
number 3 (0.75 m, 2.5 m), and number 4 (1 m, 2.5 m). The
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experiment continues until (5 m, 2.5 m). For the vertical
position, it is began at (2.5 m, 0 m) and ended at (2.5 m, 5 m).
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Figure 4. The 16-target node position for horizontal and vertical testing

IV. RESULT AND DISCUSSION

We conduct the experiment to analyze the accuracy of
target location estimation for the proposed method. The
accuracy of the proposed system with FCM algorithm is found
by comparing the estimated position with the training
database. All of these measurements were performed in the
corridor at Department of Computer Engineering, KMITL.
The clustering result will be explained both sets of 4 and 6
reference nodes, respectively. The experiment in each position
is done using repeated five times measurement.

A. Cluster Result

At the experiment setup, we can see the location of target
node in the observed area. We also see the expect cluster in
each target node position (1-16 position). For the experiments,
we use value ¢ on the FCM clustering algorithm is equal to 10
clusters or groups. As mentioned previously, the ¢ value must
not exceed the number of sample, M in the vector P. So, c=10
is acceptable since the number of sample is 37 (36 sensor
nodes for database and 1 for target node). Numbers in the
bracket, {1}-{36} are the fingerprint database and {37} is the
target node.

1) The sets of four reference nodes
a) Cluster result for diagonal left

TABLE IL CLUSTER RESULT FOR DIAGONAL LEFT POSITION
No. Desired Cluster Actual Cluster
1 {1},{37} {1}.{37}
3 {1}.{2},{7},{8}.{37} {1},{2},{7},{8}.{37}
3 {15},(37} {15},{22},{37}
10 {22},{37} {22},{37}
14 {29},{30},{35},{36},{37} | {29}.,{30},{35},{36},{37}
16 {36},{37} {36},{37}

The result for the left diagonal position for 4 reference
nodes shows that the FCM can cluster the target node



successfully. The target node belongs to the certain cluster in

the database.
b) Cluster result for diagonal right

TABLE 1L CLUSTER RESULT FOR DIAGONAL RIGHT POSITION
No. Desired Cluster Actual Cluster

1 {6},{37} {5},{6},{11},{12},{37}
3 {5}.16},{11},{12},{37} {5},{6},{11},{12},{37}

8 {15},{16},{21},{22}.{37} {15},{22},{28},{37}
10| {20},{37} {9},{15},{37}

14 {25},{26},{31},{32},{37} {25},{31},{32},{37}
16 {31},{37} {31},{37}

¢) Cluster result for horizontal

TABLE IV. CLUSTER RESULT FOR HORIZONTAL POSITION
No. Desired Cluster Actual Cluster
1 {13},{14},{19},{20},{37} {13},{14},{19},{20},{37}
3 {13},{14},{18},{20},{37} {13},{14},{19},{20},{37}
8 {15},{16},{21},{22},{37} {15},{37}
10 | {15},{16},{21},{22},{37} {15},{22},{37}
14 {17},{18},{23},{24},{37} {17},123},{24},{37}
16 | {17},{18},{23},{24},{37} {17}.{23},{24},{37}
d) Cluster result for vertical

TABLE V. CLUSTER RESULT FOR VERTICAL POSITION

No. Desired Cluster Actual Cluster
1 {3},{4}.{93.{10}.{37} {3}.{9}.{37}
3 {3},{4},{5}.{10}.,{37} {4}.19},{10},{16},{37}
8 {15},{16},{21},{22},{37} {15},{22},{37}
10 {15},{16},{21},{22},{37} {15},{22},{37}
14 {27},{28},{33},{34},{37} {27},{28},{34} ,{37}
16 {27},{28},{33},{34},{37} {27},{28},{33},{34},{37}

2) The sets of six reference nodes
a) Cluster result for diagonal left

TABLE VL CLUSTER RESULT FOR DIAGONAL LEFT POSITION
No. Desired Cluster Actual Cluster

1 {1},{37} i {1},{37}

3 {1},{2}.{7}.{8}.{37} {1},{2},{7}.{8},{37}

8 {15},{16},{21},{22},{37} {21},{37}

10| {22},{37} {16},{22},{23},{37}

14 {29},{30},{35},{36},{37} {29},{30},{35},{36}.{37}
16 {36},{37} {36},{37}

b) Cluster result for diagonal right

TABLE VII.  CLUSTER RESULT FOR DIAGONAL RIGHT POSITION
No. Desired Cluster Actual Cluster

1 {6}.{37} {5},{6}.{37}

3 {53.{63.{11},{12},{37} 15).{6},{11},{12},{37}
8 {15},{16},{21},{22},{37} {15},{21},{37}

10 {20},{37} {21},{37}

14 | {25},{26},{31}.{32},{37) {25},{31},{32},(37)

16 | (31,37} {31},{32},(37}

We can see for both results, the sets of four and six
reference nodes, in the right diagonal position. The yellow

marker shows the bad result for clustering the data. This result
is affected by bad database training in certain location. Since
the accuracy of this technique is depend on the quality of the
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database [1].
¢) Cluster result for horizontal
TABLE VIII.  CLUSTER RESULT FOR HORIZONTAL POSITION

No. Desired Cluster Actual Cluster
1 {13},{14},{19},{20},{37} {14},{19},{20},{37}
3 {13},{14},{19},{20},{37} {14},{19},{20},{25},{37}
8 {15},{16},{21},{22},{37} {16},{21},{22},{23},{37}
10 {15},{16},{21},{22},{37} {16},{21},{22},{37}
14 {17},{18},{23},{24},{37} {17},{18},{ 24},{37}
16 {17},{18},{23},{24}.{37} {17},{18},{ 24},{37}
d) Cluster result for vertical

TABLE IX. CLUSTER RESULT FOR VERTICAL POSITION
No. Desired Cluster Actual Cluster
1 (3}.44}.{9}.{10},{37} {3},193.{15},{37}
3 {3},44},{9},{10},{37} {3},{9},{15}.{37}
8 {15},{16},{21},{22} ,{37} {16},{22} ,{37}
10 {15},{16},{21},{22},{37} {21},{37}
14 {27},{28},{33},{34}.{37} {28},{34},{37}
16 | {27},{28},{33},{34}.{37} {27},{28},{33},{34},{37}

B. Location Estimation Error

In this subsection, the comparison between the different
sets of reference node is analyzed. Fig. 5 depicts the left
diagonal estimated location error between four and six

reference nodes.

Figure 5. Left diagonal estimated location error for 4 and 6 reference nodes

Figure 6. Right diagonal estimated location error for 4 and 6 reference nodes
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In Fig. 5, the highest error occurred in the target position
number 11. With the error reached 1.03 m for the set of six
reference nodes. We can see that seven positions in the target
node position testing, the set of six reference nodes gives a
larger error than the set of four references nodes. The average
error for the set of four reference nodes is 0.512 m and 0.613
m for the set of six reference nodes. In this position testing,
the additional reference nodes did not give the better accuracy.

The different results occured in the right diagonal
estimated location error. We can see from Fig. 6, most of the
errors in the system were reduced by the set of six references
nodes. For instance, the errors reduction are shown in the
target node number 1, 4, 8, 10,11 and 12. In the right diagonal
position testing, the average of the estimated location errors
are 0.70 m for set of four references nodes and 0.64 m for the
set of six reference nodes.
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Figure 7. Horizontal estimated location error for 4 and 6 reference nodes

Vertica! Estimated Location Error

Y

"

8

(4
Y

£

Hstimated Locuion Frror (m)

o
Y

16

Target Node Position
154 NODES W6 NODES

Figure 8. Vertical estimated location error for 4 and 6 reference nodes

Fig. 7 and 8 depict the horizontal and vertical estimated
location error, respectively. In the horizontal and vertical
position testing, the estimated location error between the set of
four and six references nodes are relatively the same values in
average. The average error in horizontal position is 0.71 m for
four reference nodes and 0.72 m for six references nodes. For
vertical position, the average estimated location for the set of
four reference nodes is 0.67 m and 0.68 m for six reference
nodes. As note, the errors have the relatively same pattern; we
can see in Fig 5 and 6, high errors occurred in the target
position number 5, 8 and 11. Fig. 7 and 8, the highest error
occurred in the target node number 5.
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If we see in section I11.C, most of the errors occurred in the
middle part of the observed area. The important thing we
notice for this result, we can reduce the error by fixing or
improving the quality of database in the middle part of
observed area. Moreover, if we can obtain the new data for all
fingerprint database. As we know, the accuracy of location
fingerprint-based localization technique depends on the
quality of the fingerprint database [1].

C. Comparison of Techniques

It is important to show the comparison between the
common fingerprint and the proposed method. In this
subsection, we will emphasize in the effectiveness of clustering
algorithm to reduce the power and the time consumption. The
most obvious means of power consumption is to turn
transceivers off when it is not required. The common technique
consumes longer time since it uses all the sensor nodes to
estimate the target location. For the proposed technique, it uses
only the sensor nodes in the certain cluster. It means that it can
isolate the cluster that target node is belong to. So, the on-line
phase to estimate the location is applied in the certain cluster;
the other clusters are turned off. It shows that the proposed
method can be applied in the reducing the power and the time
consumption.

V. CONCLUSION AND FUTURE WORKS

This paper presents the new method for clustering data in
the fingerprint localization technique using FCM algorithm.
This technique is validated using 36 database locations
fingerprint. The results show the average error reached less
than 1 m, both for 4 and 6 reference nodes. The additional
numbers of reference nodes did not give the better accuracy
for estimating the location of the target node. The results for
clustering show that FCM can cluster the target node in the
fingerprint database. We also see some errors in the clustering
result for right diagonal position, both for 4 and 6 reference
nodes. The errors are caused by the not good enough RSSIs
values data for the database. The future research, we will
improve the quality of data for the database. From this result,
we can get conclusion that new proposed method can be
applied in the localization system. Furthermore, the system
can be solution in issues such as high power consumption and
time-efficient WSN-based localization system.
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