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Abstract: Location based applications and services have become popular in many wireless
communication devices. This thesis study presents a performance evaluation of Radio Fre-
quency (RF) fingerprinting framework in heterogeneous Long Term Evolution (LTE) and
Wireless Local Area Networks (WLAN) using Minimization of Drive Testing (MDT) mea-
surements which allow automated construction of extensive RF fingerprint training databases.
Utilization of MDT data could create additional opportunities for service provider and ap-
plication developers. Typical RF fingerprint consist of radio measurements from multiple
LTE transceiver stations and WLAN access points. Regardless environmental conditions,
received signal strength indicator pattern for difference reference points, set a fingerprint of
radio conditions for the specific location. Based on RF fingerprinting framework for posi-
tioning by using MDT measurements specified in LTE release 10, performance of locating
user equipment was studied by signal strength mean value algorithm using grid based method
at outdoor environment. To find out the optimal grid size, three different grid size were used.
Source of positioning error and effects have been extensively investigated. Cumulative dis-
tribution function has been used to express the result. This study suggests that, MDT based
RF fingerprint locationing system can provide a good basis for the network based proximity

detection.
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Suomenkielinen tiivistelmi: Kiyttdjien sijaintiin perustuvat sovellukset ja palvelut ovat
nousseet suosioon monissa langattomissa laitteissa. Tdma tutkimus esittelee suoritus arvion
radiotaajuus (RF) "sormenjilkien " kdyton heterogeenisissd Long Term Evolution (LTE)
verkoissa, Wireless Local Area Networks (WLAN) verkoissa kidyttden Minimization of Drive
Testing (MDT) mittauksia joiden avulla voidaan rakentaa laajoja RF sormenjilki datavaras-
toja. MTD datan hyddyntdminen voisi luoda uusia mahdollisuuksia palveluiden tarjoajille
sekid sovellusten luojille. Tyypillinen RF sormenjilki koostuu monista ldhetin asemista ja
WLAN tukiasemista saaduista mittauksista. Maantieteellisistd syistd riippumatta vastaan-
otetun signaalin vahvuus eri referenssi pisteiltd luo radio sormenjiljen jonka voi tarkentaa
tietylle alueelle. RF sormenjilkien perusteella sijain paikannus kdyttdmalli MTD mittauk-
sia médritettyna LTE julkaisussa 10, Kiyttédjien laittaiden paikantamisen suoritusta tutkittiin
signaalin vanvuuden arvon algoritmilla kdyttmilld ruudukkoon perustuvaa metodia ulkoilma
ympdristossd. Sijainti virheiden ldhdettd ja vaikutuksia on tutkittu laajasti. RF sormenjilkiin
pohjautuvien metodien suorityskykyd on arvioitu Vastaan otetun signaalin vahvuuden (Re-
ceived Signal Strenght) (RSS) Euclideaanin etdisyyden ilmaisemalla kumulatiivisella jakelu
funktiolla. Tdma tutkimus ehdottaa, ettd MTD:hen pohjautuvat RF sormenjélki paikannus

systeemi voi tarjota hyvin pohjan verkkoon pohjautuvan etdisyyden paikantamiseen.

Avainsanat: Radiotaajuus, Sormenjilki, Paikannus
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Glossary

AP Access Point

BS Base Station

BTS Base Transceiver Station

CDF Cumulative Distribution Function

CTS Common Training Signature

DB Database

DCM Database Correlation Method

EDGE Enhanced Data Rates for GSM Evolution
EGSM Extended Global System of Mobile Communications
GCU Grid Cell Unit

GLONASS Globalnaya Navigazionnaya Sputnikovaya Sistema
GNSS Global Navigation Satellite System

GPRS General Packet Radio Service

GPS Global Positioning system

GSM Global System for Mobile Communications
HSDPA High Speed Downlink Packet Access
HSUPA High Speed Uplink Packet Access

KNN K Nearest Neighbor

LTE Long Term Evolution

MDT Minimization of Drive Test

MTS Multiple Training Signature

NIC Network Interface Card

RAM Random Access Memory

RF Radio Frequency

RFID Radio Frequency Identification

RSRP Reference Signal Received Power

RSS Received Signal Strength

RSSI Received Signal Strength Indicator

RX Receiver
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SON
TDOA
TETRA
TOA

X

UE
UMTS
WCDMA
WLAN

Self Organizing Network

Time Difference Of Arrival

Terrestrial Trunked Radio

Time Of Arrival

Transmitter

User Equipment

Universal Mobile Telecommunications System
Wide band Code Division Multiple Access

Wireless Local Area Network
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1 Introduction

The proliferation of wireless networks and mobile devices have indicated a growing inter-
est in the location based systems and services, the main feature of such services is that,
the service is provided to the user as a function of user’s location (Bahl and Padmanabhan
2000). Therefore, accurate position of User Equipments(UE) is very important. Positioning
in wireless networks depends on many factors, for example the mobility of users, dynamic
nature of the indoor or outdoor environment and nature of radio signals in that environment
(R. Mondal et al. 2013). Users expect same level of positioning accuracy regardless whether
they are in indoor or outdoor environment in a rural or urban area. So far no single posi-
tioning method, including Global Positioning System (GPS), works well in all environments
(Olsson et al. 2013)). Receivers in Global Navigation Satellite Systems (GNSS) such as GPS
or Globalnaya Navigazionnaya Sputnikovaya Sistema (GLONASS) often receives incorrect
location estimation while operating in urban area due to high raised building which often

block the straight path between receivers and navigation satellites (Ben-Moshe et al. 2011).

In a LTE/WLAN network, the UE receives signal from multiple Base Transceiver Stations
(BTS) and Access Points (AP), these Received Signals Strength Indication (RSSI) value or
path lost measurements along with the known location can create a radio pattern or finger-
print of radio conditions for that particular geographical area. The location of the reference
fingerprint is normally measured by accurate reference position measurement, e.g., GNSS.
Accumulated fingerprints of a geographical area can be used to create a database (DB) or
a Radio Environment Map (REM) so that UE with no position information can estimate
it’s location by comparing current radio condition with REM or DB, what can be defined
as Database Correlation Method (DCM) which consists of two phases: training or database
creation phase, testing or positioning phase. Among all the non-standard positioning meth-
ods which are included into the LTE Release 9, RF fingerprinting is the most cost-efficient
solution for indoor WLAN positioning (Milioris et al. 2014), (Chan, Baciu, and Mak [2008) ,
as well as for outdoor mobile cellular positioning in densely built urban environments (Zhu

and Durgin 2005), (Laitinen, Lahteenmaki, and Nordstrom 2001)).



Expected aspects of an ideal DCM dependent positioning system are self-learning capability,
environmentally adaptive, capability of building up knowledge set that store actual observa-
tion, and employ intelligent data analysis mechanism (Olsson et al. 2013)). To achieve such
type of positioning system it needs huge amount of dataset from all geographical positioning
of a network at different environmental conditions. Minimization of Drive Tests (MDT) has
been proposed in LTE Release 10 which reduces the huge cost and efforts associated with
the conventional drive test measurement procedure to collect user experiences of a network
from different coverage geographical area. MDT provides a framework for gathering user
reported location-aware radio measurements from commercial UE that can be used for cre-
ating and maintaining RF fingerprint databases (Hapsari et al. 2012; Johansson et al. [2012).
By MDT data, operators can autonomously build and update large database for RF finger-
printing from various locations of users , containing user experience along with available
location information, from UEs without extra hardware installation. RF fingerprint from an
UE compared with RF fingerprint training database where possible location information for
nearly same pattern fingerprint is recorded, it would be possible to provide user’s location

information by using own resource of the network.

The motivations for this thesis are to find an efficient user locationing system for the hetero-
geneous network, exploiting already existing radio infrastructures like IEEE 802.11 or LTE,
and meet the challenge of radio condition variation. Real data regarding received signal
strength and respective base transitive station ID / access point ID was collected from about
500 meter square urban area of Tampere region. Grid-based RF fingerprinting technique

(Mondal, Ristaniemi, and Turkka 2015) was used to determine user’s position.

The results show that, the performance of RF fingerprint depends on resemblance of training
and testing data. For 95% of testing data, positioning error was around 70 meters while there
was high radio condition variation. This suggests that, in a small cell networks, MDT based
RF fingerprint positioning can provide a good basis for location assisted Radio Resource

Management (RRM) algorithms such as network based proximity detection.



The second chapter contains comparative study of different positioning systems, followed by
RF fingerprinting positioning in details in chapter three. Different aspects, radio signal be-
haviours and effects are discussed in chapter number four. RSS based positioning algorithms
are explained in the next chapter. This thesis’s research method and experimental procedures
are stated in chapter six and seven respectively. Experiment related discussion and some
analysis were made in chapter eight, followed by conclusion at the last. All experiments

related results are attached in the appendices section.



2 General Positioning Techniques

2.1 Cell of origin

This is the simplest positioning system to find out an UE’s location in a network. From a
mobile device it is possible to determine to which cell it is connected and the pre-recorded
location of that cell will be counted as the position of the mobile device. In this case, po-
sitioning accuracy depends on the size of the cell, few hundred meters to few kilometres

depending on the coverage.

| Variable cell-size

Figure 1. Cell of origin positioning technique.

It is not a precise locationing technique but provides positioning information at a low cost

with very fast response and usable for almost all existing equipments.

2.2 Signal level triangulation

The path loss increases when the distance between the transmitter and the receiver increases
and vice versa. By calculating the path loss or the signal level from different access points it

is possible to calculate the distance between access points and mobile device. As we know
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Here

G and G; are the transmitter and receiver antennas’ gains
d is the distance between transmitter and receiver

P; transmitted power

P; received power

A is wavelength

G t ) d ) G

Figure 2. Relation between path loss and distance.

By calculating the distance from three BTSs/APs we can use the triangulation method to

determine the coordinate of the UE. The coordinate of the BTSs/APs should be pre recorded.

Figure 3. Signal level triangulation technique.

But only in an idle condition when transmitter transmits omni directionally signal level drops



at a same rate to all directions, but in real condition presence of the obstacles vary. Therefore,

this method might be effected by the obstacles and by the weather conditions.

2.3 Time of arrival

Determining the signal’s travel time from the Tx point to the Rx point we can calculate
the distance between them, by counting the Tx point’s coordinate as a reference point it is

possible to get the position of the receiver.

d=txc 2.2)

d is the distance from transmitter to receiver , speed c is constant 3.00 x 108 m/s. By calcu-
lating the distance from three different access points we can apply the triangulation method

to get the coordinate of the receiver.

Time Of Arrival(TOA) needs very precisely synchronised clock between the transmitter and
the receiver, only 1 micro second of error can cause 300 meters of error (“Overview of 2G
LCS Technnologies and Standards™||2001). Sophisticated positioning system e.g., GPS uses

atomic clock to avoid any kind of clock synchronization related problem.

2.4 Time difference of arrival

The Time Difference Of Arrival (TDOA) method measures the receiver’s position based on

signal arrival time difference between two or more pair of access points.
Access point = AP, receiver = R, Time = t, Time Difference = d

t; = Required time from AP to R

to = Required time from AP, to R

di=t; -t

with help of AP; it is possible to calculate d; and ds, each d place the R in a hyperbolic curve



Figure 4. Time difference of arrival technique.

now by trilateration technique it is possible to get the location information of R. It is not so
popular technique due to high cost, additional antenna, large infrastructure and need of the

location equipment at each access point.

2.5 Angle of arrival

In the angle of arrival technique, UE’s signal need to be received by at least two Base Stations
(BS), for implementing this particular technique, BS should have additional equipment to
determine the compass direction of the received signal. By using two reference position of

the BSs and the two measured angles it is possible to determine the UE’s position.

Possible

Position

Figure 5. Angle of arrival technique.

The advantage of this technique is that, it supports mobile devices regardless the age or the



model as there is nothing to do at receiver side. Disadvantage is BS need to have, receive sig-
nal’s angle detection facility which is complex enough. This method helps law enforcement

department to trace criminals.

2.6 GPS

Global Positioning System (GPS) so far the most popular and reliable positioning system. It
is a satellite based positioning system developed by US department of defence for military
use, in the year 2001 it was opened for civilian use. Currently consist of 31 satellites in ser-
vice where at least 3 of them require to get 2D positioning of a receiver. Trilateration method
is used to determine the receiver’s position by measuring the distance from 3 satellites to the
receiver, presence of 4th satellite opens the option to measure the elevation. As it works
based on TDOA method, synchronized time accuracy with other satellites is must, therefore

atomic clock is used.

user's position

Figure 6. Global positioning system.

GPS requires direct line of sight from the satellites therefore does not provide good perfor-
mance at indoor environment, at outdoor environment GPS has on average 5 to 10 meters
positioning error due to ionosphere, multipath and noise problem (Matosevic, Salcic, and
Berber 2006)). There are some other unpopular satellite based positioning systems e.g., The

Globalnaya Navigazionnaya Sputnikovaya Sistema (GLONASS), India’s Indian Regional



Navigation Satellite System, China’s BeiDou Navigation Satellite System etc.

2.7 Infra-red

As the infra-red ray can not go through an obstacle, this system is mostly used in small and
free environment e.g., home, office, warehouse etc. It needs direct line of sight between
the transmitter and the receiver. Transmitter / tag periodically transmit infra-red beacon
containing unique ID of that transmitter so receivers can understand nearby which receiver
the tag is, it’s functionality is same as Radio Frequency Identification (RFID). Task like, to
know the location of nearby printer or patient’s position in a hospital this type of positioning

method is used.

2.8 Radio frequency identification

In RFID system a unique ID or serial number is being transmitted by using radio wave,
depending on that ID or serial number receiver can recognize the tag and does further action.
Most countries have assigned the 125 or 134 kHz areas of the spectrum for low-frequency
RFID systems, and 13.56 MHz is generally used around the world for high-frequency RFID
systems. There are two type of RFID tags active and passive. Active tag can transmit radio
signal while passive tag can only be read by tag reader. RFID system consist of antenna and

transponder.

Integrated
Anbtenna

Figure 7. Radio frequency identification system.

Depending upon output power generally active RFID tag’s range is upto 20 meters. A reader

9



can read the tag and decode the data while the tag comes in the range. Nowadays RFID
system is used in the identification of products moving through harsh assembly process, as a

door key or as a reference point.

2.9 Ultrasonic

In ultrasonic based positioning system high frequency sound wave ( above 18 kHz) is used to
determine the distance between sensor and object by evaluating the echo of the sound. Time
interval between Tx of sound wave and Rx of echo, reveals the distance. Radar, sonar, and

ultrasonography are the example of this type of positioning.
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3 Radio Frequency Fingerprinting

3.1 REF fingerprinting concept

Nowadays RF fingerprinting based positioning system is drawing the attention of researcher
for its cost effective and efficient features. A RF signal attenuates over a distance that travels,
the mean of RSS can be predicted by several path loss models (Pahlavan and Krishnamurthy
2002)), or can be measured locally. This distance dependency property can be transformed
into location dependency of RSS if there are multiple signals from different reference points.
In this method base stations or access points’ ID with corresponding RSS value and location
information of the geographical area ( called RF fingerprint) is recorded in a database. It
is assumed that, each location of the area of interest has the unique fingerprint (Pahlavan,
Li, and Makela 2002). At positioning state, real time fingerprint is compared with nearest
matched fingerprint from the database through the algorithm to determine UE’s current lo-
cation. Apart of the database creation, no additional equipment is needed. In this thesis

work various experiments were done based on different techniques and got acceptable level

of accuracy.
Locations Fingerprints
Locationl Fingerprintl
Location 2 Fingerprint 2
Locationn Fingerprintn
Fingerprint
Database
A.
4 !.\
OFFLine |
I
Multi channel Fingerprint Fingerprint
i _'f * g p_ B e p ———- Estimated Location
Multiple Receiver Extraction Matching

Figure 8. Principles of RF Fingerprinting
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A general concept of the RF fingerprinting techniques is demonstrated in the figure [§]. It is
consist of two phase, off-line or training phase and online or testing phase. At off line phase
RF fingerprints of the desired area are collected through multiple devices, but to collected
this huge amount of data from every possible point of the coverage is a time consuming
and costly process. 3GPP release 10 (“3GPP TR 32.8277/[2010), opens the opportunity to

collect data autonomously from user devices called Minimization of Drive Test (MDT), what

can be used to create fingerprint database. During the locationing or testing phase, the real
time MDT measurements will be compared with existing DB elements. All UE may not
have the positioning features therefore, some signatures of that location may not contains the
coordinates. To get rid of this Brunato suggested that, the location information can be saved
as RSS-real coordinate tuple or RSS-custom indicator value tuple (Mauro Brunato 2002)
. The later one gives option to add custom features (e.g., elevation, orientation) while the
first one solve the regression problem. The following figure shows the use of MDT as RF

fingerprint DB, where by applying DCM, the estimated position could be retrieved.

Position

& & RAN/CORE
Training phase . NETWORK
N I
MDT :
measurements I
l MDT Correlation
|:|> Database
GNSS Location I
\ } '
N — I
I - L -
Testing phase : Fingerprinting
I Algorithm
MDT @
measurements .
I
|

[ Estimated J

Figure 9. MDT based RF fingerprinting
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3.2 Minimization of drive test data

For providing a good quality of service, mobile networks like GSM, UMTS,LTE and TETRA
must be monitored regularly. Network providers need to know the radio measurements from
different locations of the network with some parameters (e.g., time, load and angle of antenna
etc.). These measurements are carried out by cars with the measurement equipments. In
order to reduce the operational expenditure and efforts, and to increase network performance
and quality, 3GPP release 10 (“3GPP TR 32.8272010) addresses the automation of the
measurements and configurations called minimizaion of drive test. The idea was to use the

logged devices of the network to collect measurement data.

‘ 0AM
Signaling-based MDT¢
HSS
Management/
Signaling-based MDT * area-based MDT MD(‘TI-CSE)WH
S Vo Immediate MDT
CN node S ‘r‘\\‘\\\\measure ment report
T - S Logged MDT
Signaling-based MDT e - N measurement
!- - Immediate MDT —————_ - N\ report
RAN node measurement report RAN node
Immediate Logaged MDT -
MDT measurement” « me%gu rement Log gya"%blhw Logged MDT
configuration” ///" configuration n |cat|on$ measurement
' d ..{/ retrieval procedure
L Immediate MDT Logged data B
[ | measurement report E, =
= = =
P P
Connected state Idle state Connected state

Figure 10. Use of user’s equipments for MDT data

Figure [I0] illustrates field measurement data collection procedure in a mobile network. In
the 3GPP TR 36.805 (“3GPP TR 36.8052009) the 3GPP TSG RAN group defined the
constraints for MDT, it says that

e The operator shall be able to configure the UE measurements independently from the
network configuration.

e The operator shall have the possibility to configure the logging in geographical areas.

13



MDT helps network providers to know about service status and adopt a Self Organizing
Network (SON) on the other hand for this thesis’s experimental purpose we can use the MDT

data to create a large and extensive correlation databases for RF fingerprint positioning.

3.3 Sample and signature

From a geographical location, experienced MDT measurements generally reference signal

received power value and the location information are called sample.

RSRP of RSRP of RSRP of RSRP of RSRP of Location
B51 B52 BS2 | ... BS N-1 BS N Information

Figure 11. RF fingerprint Sample

The properties and size of the sample depends on the purpose of use of it. Generally in the
densely populated area more than 30 BTS/AP signal can be received from any geographical
point, but for locational fingerprinting purpose we need not all of those, extensive amount of
data make the system loaded. If user’s orientation and elevation are expected to be a feature
of positioning, at the sample collocation phase those information also need to be recorded,
but it would be nearly impossible to enable elevation feature since we are not capable to
record data for the third dimension. Generally after collecting the raw data, samples are

reshaped to make it ready for further use.

This reasearch (Bahl and Padmanabhan 2000) shows that, due to change in user’s orientation,
RSS value varies up to 5 dB, therefore if each sample is considered as unique fingerprint than
there will be the possibility of ambiguity. Beside this, fraction of a millimetre may create
a new fingerprint what is unnecessary. To retain the error as low as possible and to make
the system smarter, the average of nearly common samples are counted as a signature of
that location. This signature concept reduces the number of fingerprints and the error of
positioning. Figure [I2] shows the formation of the signature from the samples, the amount
of samples require for a signature is depends on the design of the DB. In this thesis study,

minimum two sample is required to be a signature, if any unique sample is found that it has

14



no similarity with others than was counted as a noise and was eliminated.

'; ~ | RSRP | RSRP | RSRP | RSRP | Location

& of BS1 | of BS2 | of BS3 | of BS4 | Information | MDT Sample 1
g

£ .

@ :

-]

£ RSRP | RSRP | RSRP | RSRP | Location

c

E of BS1 | of BS2 | of BS3 | of BS4 | Information | MDT Sample 5
™~ —_— =

e RSRP | RSRP | RSRP | Location

'é of BS2 | of BS3 | of BS4 | Information | MDT Sample 1

£ ;

7] =l S

7] -

g RSRP | RSRP | RSRP | Location

£ of BS2 | of BS3 | of BS4 | Information | MDT Sample 4

|: -

Figure 12. RF Signature

Signature 1 is formed by the average of 5 closely related samples, the mean value of the
samples location information is used as signature’s location. At data collection phase we
recorded latitude and longitude as location information, apart of those other features e.g.,

orientation and altitude could not be answered.

3.4 Training and testing data

The data what will be use for radio map creation is called as training data. At online phase
user may send his radio measurements to the system and ask his position or service provider
may detect user’s radio measurement from MDT data to offer a service, this instant radio
measurements are called testing data. In some experiments, few chunks of data were pulled
off from the DB to make some testing signatures while remaining part were used for training
data purpose, they will be called as homogeneous data. In some other experiments two
different DB were used for training and testing purpose, in this case they are named as

heterogeneous data.
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4 Received Signal Strength Factors

4.1 Distribution of RSSI

Many researchers have relied on RSSI, a sensor information to determine object’s location,
but we should realize that the RSSI is not intended to use for determining location, therefore
its distribution is expected to be different from other studies of radio wave propagation.
According to Sklar’s large scale fading model (Sklar |[1997) the average RSSI is distributed
lognormally, therefore it has the predictability and follows one of the standard path loss
model (Pahlavan and Krishnamurthy 2002), while (Xiang et al. 2004)) utilized shape filtered
on empirical distribution to estimate the RSSI distribution. However, Kaemarungsi found a
significance discovery in his research (K. Kaemarungsi 2006) where he observed the RSSI
become more symmetric and can be closely approximated by lognormal distribution when
the received signal is weak (approximately after -75 dBm), on the other hand the distribution
of RSSI becomes significantly left-skewed when the received signal is strong (approximately

above -55 dBm). The following figure shows the left-skewed behaviour of RSSIEI

Frequency

AlMOst SymMMetric ¢-—-----------mrmmmmem e > Left-Skew 4

™ 1 i ~ | . | |
< T | i -t | [ [ | |

|
1
-100 90 80 70 60 -0 40 30 -20 -10

M

Received Signal Strength (RSS) in dBm

Receiver
Sensitivity

Figure 13. Distribution of RSSI

1. Figure|13|is taken from the Phd thesis (Kamol Kaemarungsi[2005)
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He suggested that, the possible reason of the change in distribution is the non-linear mapping
between the actual RF energy and the reported RSS values of wireless cards, since small RF
power causes small variations. He also concluded that, the narrower range between the
lowest limit of RSSI and the highest receivable RSSI at a far away location also contributes
for symmetric distribution at the edge of the range. This phenomenon indicates the likelihood
of error for weaker signals. In perfect condition, if it is possible to measure small RF energy,
long left-skewed distribution is expected across all RSS level. Radio mapping based on

correct distribution of RSS would make the location detection more accurate.

4.2 Path loss

Path loss is the reduction in power density of an radio signal as it propagates through channel.
This path loss makes the change of RSRP what we are trying to use as an indicator of the

change of location.

Signal strength

reduces with distance

R

Distance (d)

Transmitter Receiver

Figure 14. Path loss of radio signal

The linear path loss of the channel is the ratio of transmit power to receive power.

P
L=- 4.1
P 4.1)

here L is the path loss, P; is the transmitted power and P; is the received power. This formula

can be defined in dB

P
PLdB = 1Olog10}71 (4-2)

r
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When signal is transmitted though the air channel it is affected by environmental factors

4.3.4] According Friis transmission equation free space path loss is

2'2
P = PthG,W (4.3)

Empirically, RSS after the loss can be defined by

Pocd? (4.4)

Here 7 is called the path loss exponent, typical value of vy is at
Free space =2

Urban area = 2.7 to 3.5

Suburban area =3 to 5

Indoor=1.6to 1.8

Total path loss formula can be simplified in dB as

L=107log1p(d) +c 4.5)

where ¢ expresses the constant value of system losses. Hence the path loss exponent depends
on environment and system losses can vary one to another (e.g. training system and testing

system) radio measurement may get affected.

4.3 Effect
4.3.1 User’s effect

According to the user’s comfortability the UE what shall be used to collect MDT data, will
be placed nearby different parts of the user’s body or in the pocket of vehicle. Placement,

movement and presence of user plays a vital role on the mean and the spread of RSSI value.
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The user’s body influences the RSS distribution by spreading the range of RSS values by
a significant amount. Kaemarungsi observed that, the standard deviation is reduced from
approximately 3.00 dBm to 0.68 dBm when the user is absent, the reason behind it is the
human body reflects or scatterer of the signal and causes the received signal to fluctuate
more than vice versa. User movement also makes the signal stronger or weaker ( toward or
backward of the source), this study (Zhang et al.[2015) it was observed that, the human body

movement can cause instability on RSSI
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Figure 15. Effect of user body on histogram of the same RSS.

The figure’s left part shows distribution of RSSI while user is moving towards the the source
of signal, right part shows while moving away from the signal source. In the movement user’s
body may obstruct the direct path of signal propagation, we know the resonance frequency
of water is 2.4 GHz and the human body is consist of 70% water. Therefore, the signal is
absorbed when the user obstructs the signal and RSSI value comes down, Kaemarungsi’s
research shows that the mean RSSI was attenuated by 9.32 dB due to the obstruction from
the human body. We can see, presence of human body spreads the range of RSSI, makes the
signal weaker. Movement towards the source makes signal stronger, these type of uncertain

circumstances may cause inaccurate radio measurement.

4.3.2 Multipath fading effect

Radio waves flow from the transmitter’s antenna to the receiver’s antenna but not always

point to point, it can be affected by various propagation effects such as reflection, diffraction,
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and scattering. The multipath fading effect is generated by the constructive or destructive

combination of RF signal at receiver side.

Scattering

Reflection

Receiver

Diffraction

Transmitter

Figure 16. Radio wave propagation.

Therefore there would be multipath interference, it may causes rapid changes in signal
strength over a small travel distance or time interval (Fang, Lin, and Lee |2008). This fading
incurs a characteristic mismatch between the off-line recorded data and the online measure-
ment, some research utilize a sensor network to adapt the environmental dynamics (Chen

et al. 2005).

4.3.3 Device diversity

Difference in network interface card can make difference in RF fingerprint (Youssef, Agrawala,
and Shankar 2003)), quality and performance of all IEEE 802.11b cards from different ven-
dors are not same. Moreover, different vendors choose to measure RF energy differently. For
example, Cisco’s 802.11 card measures RSS value based on 100 levels, while the Atheros
chipset does by 60 levels, later converted into signal strength by device driver software (Bard-
well 2002). As the mapping between the actual RF energy and the RSS range are not same
for all manufacturer, the choice of NICs can affect the radio mapping. Wider range of RSSI

with good granularity is expected for better location fingerprinting performance.
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4.3.4 Other effects
The following physical factors influence small-scale fading in the radio propagation channel:

1. Motion of the stations - The relative motion between base station and mobile station cre-
ates a "Doppler effect" on each of the multipath components that results in random frequency

modulation.

2. Motion of surrounding objects - Due to the relative motion of the objects in a radio
channel, a time vary Doppler shifts occurs. If surrounding objects motion dominates the

speed of the mobile station than this effect outruns the fading.

3. Transmission bandwidth - The received signal will be distorted if transmitted signal’s

bandwidth exceeds the bandwidth of the channel.

4. Effects of weather - Different weather factors effects are discussed below

e The hot air of summer and the cold air of winter changes the air density, radio condition
of a geographical area is affected by this phenomenon.

e The clouds contain large amounts of water which have a different effect on radio sig-
nal propagation compared with air. In some cases while two signal travels opposite
direction of each other through same point of clouds, those ionize the area and act as a
reflector.

e Lightning is the differentiated charges among clouds, ground, and conducting objects.
It can cause significant electrical noise in the channel.

e Large amount of rain within the radio wave path greatly reduce the signal level. On
the other hand, as it is consist of dipole property of water, it can behave as a reflector
thus enhancing the signal.

e Fog is water vapor, its properties are much like clouds. Nearby fog can weaken
VHE,UHF range signal.

e Snow can create a tremendous amount of static electricity. As it made of water it also

exhibits some of the characteristics of rain and fog.

21



5 Signal Strength Based Positioning Algorithms

5.1 Signal strength mean value

The algorithms estimate the location or position from signature of RSS vectors by learning
from previous examples of location dependent RF fingerprint. Signal strength mean value
algorithm indicates the distance between a transmitter and receiver as a function of the RSS
difference. The computed RSS differences are expressed in a signal strength difference vec-
tor in which the number of elements represents the amount of matched APs / BTSs between

real time and database values. This RSS distance can be express as

i=1

n
d= \/Z (RSStraining - R*S'Stesting)2 (51)

where RSS;,4ining 18 RSS value of AP; or BTS; at data collection mode, RSS;.ng 1s that of
positioning mode. n is the amount of matched APs / BTSs. It is very important to take into
account the number of n, because lower n value will lead a comparatively minimal distance
value with less confidence level of positioning, because of presence of less reference points.
However, this research (Bahl and Padmanabhan 2000) suggests that the increasing in the
number of n above 3 yields a little benefit due to the inherent noise in the radio measurements

imposing a limitation on the localization accuracy.

This algorithm is expected to give better result for homogeneous data, that means there
should not be huge variety between training and testing signature. But the layout of the en-
vironment is always changing which are putting effects on radio condition of that area e.g.,
obstacle’s position and weather. Moreover presence of the new electronic equipments gener-
ate noise and may create coverage hole. If signal level fluctuates highly between training and
testing phase it can add error in positioning while calculation is done through this algorithm.
But it is obvious that environment will be changing always, by putting some weighted value
in this algorithm e.g., counting the number of common access points or base transceiver

stations it is expected to get better result.

22



5.2 kNN algorithm

The k-Nearest Neighbor (kNN) algorithm is a non-parametric method used for classification
and regression. The kNN algorithm measures the distance between a query scenario and a
set of scenarios in the data set. In RF fingerprinting positioning system to calculate the UE’s
coordinates the kNN algorithm uses coordinate of k signatures in the database to find out
the k-th signature having the smallest RSS distance d(x||x;). To avoid large scale error, it
is the common practice to use an average of these k location coordinates. If @ denotes the

coordinate of nearest neighbors than location of the testing signature (@) is

1
=Y o 5.2
@ kizzlwl (5.2)

For large scale database where the nearest neighbor cluster size is bigger, this algorithm
gives better performance, it is also suitable for noisy training data. For too much fluctuation
in training data, additional feature added with kNN algorithm is called weighted kNN algo-
rithm. In this research (Mauro Brunato 2002) weighted kNN algorithm is expressed with

weights proportional to the inverse of the distance between signal strengths

Z o X
&= i=1d( xHx, +do (5.3)

Zl 1 d x||x, +d0

here dy is a small real constant used to avoid division by zero. d(x||x;) is the radio con-
dition between signal strength vector x and x; measured at training and testing phase re-
spectively. Numerous distance measures are available to find out similarity between vec-
tors e.g., Kullback-Leibler divergence, Euclidean distance, Minkowski distance and Hausdor

Distance.
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6 Research Method

6.1 Approach

The research approach of this thesis is explaining characteristics of radio signals, finding out
sources of positioning error, explaining the possible reason for the error with evidence. This
thesis shows some comparative study of different techniques to narrow down the positioning
error. Radio mapping was done twice for the same place for a long time interval to observe
the change of the radio condition. One of the targets of this research is to use MDT data to
build fingerprint database, at Self Organizing Network (SON) implementation it would be
an effective feature. Beside this, the another significant difference between this particular
study and traditional Wifi signal based positioning study is that, it has been done for outdoor
environment, both LTE and WLAN signals was recorded as the reference signal at training
phase. As we have seen in the chapter 4| for many reasons signal level fluctuates, therefore
instead of single sample, radio signature ( average of common samples) have been calculated
for the geographical points. Earlier in this department (Mathematical Information System,
University of Jyvadskyld) experiments was done on simulation data (R. Mondal et al.[2013)),
for this thesis work real data was used. The purpose of the experiments were in a manner so
no real-world effects are missed, for comparing smooth and noisy radio mapping, most of the
experiments were done in contrast of homogeneous and heterogeneous data. The computer
program Matlab was used to process data and experiments purpose. For the simplicity of the
language, the station ID of LTE BTS and the WLAN AP will be expressed together as ID.
The DB of 14 September 2014 will be called as 1st DB, the 15 May 2015 dated collected
data will be called as 2nd DB.

6.2 Grid based method

In grid based positioning method, the total area from where data was recorded is divided into
small Grid Cell Units (GCU), those are associated with training signatures. It is also a matter
of thorough research that, what would be the size and shape of the grid. For example if a

NIC report N level of RSS than the unique locations for the 7rr? area would be N. Ideally, the
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presence of another source of signal (AP2) should increase the number of unique location

exponentially but in real it does not happen due to common locations.

' @”{‘ )

e

Region of Locations

Figure 17. Location distribution in the coverage

For the coverage of 27> area by two access points the maximum unique location would be

N? the area per unique location is of 27tr?> / N2. The effective grid spacing would be

Grids; = \/2nr? /N? 6.1

So the grid size depends on the coverage and on the amount of the RSS level. In the sub-
chapter[4.3.3|we have seen RSS level varies vendor to vendor. Moreover, to find out coverage
radius of each APs/BTSs is a time consuming task. For the simplicity of this thesis work all
calculation is done for square shape grids of three different sizes 20m?, 10m?, and Sm?. In
every GCU there could be one or several training signatures, for the larger grid size multiple
signatures in a grid would increase the probability of being accurate, on the other hand only
one signature (the common signature) per GCU contains all the available IDs of that grid so
system gains the efficiency to analyse all the testing signatures with minimal similarity. It
may happen that, in a grid there is no representation of the signatures because of the area was

not accessible during training phase or that place was in the coverage hole or due to huge

25



presence of the obstacles, fewer amount of available station IDs failed to form a signature.
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Figure 18. Grid cell unit

The figure (18| shows that, the area of interest is divided into 4 grids. A set of samples are
counted as a signature, i.e., G1 contains 2 signatures. Estimated location information of the

signature depends on which method is being used, normally the standard candidates are

e The best match training signature’s location.
e Average of the closely matched training signatures’ location.

e The center position of the GCU.

6.3 Data collection

Data was collected twice from an about 500 meter square area of Tampere, Finland (61.4978°N,
23.7610°E). On the 14th September 2014, the first time data was collected by MIT depart-
ment’s doctoral student Riaz Uddin Mondal while the weather condition was a sunny day
of the Autumn. Second time I collected data on the 15th May 2015, it was a partially rainy
day of the summer time. The environmental conditions of that location is, a city area with
numbers of high rise buildings. There were many WLAN access points and LTE base sta-

tion available there. By keeping the device in hand data were collected by walking and by
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bicycling to get the user movement effect. From all accessible location data were recorded.
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Figure 19. Data measurement area, Tampere

The figure shows the environmental conditions of the area from where data were collected.
Signal would be less interfered at free park area but high rise building and moving objects
could contribute on multipath fading and signal interference. An android operating system
based Samsung Galaxy S5 mobile phone and an network measurement application called
"Nemo Handy" were used for recording the field data. This application can thoroughly
measures the on air interface of EGSM, GPRS, EDGE, WCDMA, HSDPA, HSUPA, and
WiFi 802.11b/g wireless network (“Nemo Handy” 2014). 1st and 2nd databases contain

33000 and 87930 samples respectively. Data was reshaped through MatLab and finally every

signature was arranged as

1 LTE BTS ID + 6 WLAN AP ID + I LTE RSRP + 6 WLANs RSRP + Latitude, Longitude

The reason behind 1 LTE signal is that for some other research Ist time ( 14 September
2014, before starting of this thesis work) data was collected as that. To make comparative
study on same type of data second time also same format was maintained. Before creating

radio mapping both database were thoroughly checked to eliminate AP/BTS without ID or
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RSS value, and any sample that missing the locational information. The device’s sampling

frequency was 2 samples per second for WLAN and 1 sample per 5 seconds for LTE. The
technical specification of the device is

e Android OS, v4.2.2 (Jelly Bean)

e Quad-core 1.6 GHz Cortex-A15 and quad-core 1.2 GHz Cortex-A7

e Network: 2.5G (GSM/ GPRS/ EDGE): 850 / 900 / 1800 / 1900 MHz; 3G (HSPA+
42Mbps): 850 /900 / 1900 / 2100 MHz; 4G (LTE Cat 3 100/50Mbps)

e Connectivity: WiFi 802.11 a/b/g/n/ac (HT80), GPS / GLONASS, NFC, Bluetooth 4.0
(LE), IR LED (Remote Control), MHL 2.0 2 GB RAM

e Sensors: Accelerometer, gyro, proximity, compass, barometer, temperature, humidity,
gesture.

The following figure shows the device used for raw data collection:

System %7 ~*LTE FDD 1800
L ‘Packet Technology LTE FDD
4l | WiFi Connection
|~ ssip
| Cellname
Distance to BTS
Cellid

eNodeB / CID

L
TAC

| mcc
MNC
EARFCN
Carrier RSS!
Serving SNR
Serving RSRQ

Figure 20. Data collection device
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7 Experiments

Based on the collected data, several experiments were done by changing some parameters
(e.g. grid size, amount of matched ID numbers, signature per grid etc.) to observe their
effects. Results are expressed by Cumulative Distribution Function(CDF) to see the distri-
bution of positioning error. Statistically 68% of the observations fall within 1st standard

deviation of the mean, 2nd standard deviation of the mean covers 95% of the observations.

4% 34%

Figure 21. 68-95 rule

Therefore 68-95 rule has been applied through out the experiments. Data from both DB was

used, appendixes contain the full experimental results.

7.1 Shortest RSS distance

In this experiment, each GCU contains multiple numbers of signatures, the lowest RSS value
distance was considered as the key parameter for choosing the best matched training signa-

ture for the testing signature. The RSS distance was calculated by Euclidean formula [5.1]

7.1.1 Multiple training signatures per GCU

2nd DB was used to make the training DB, to test how the homogeneous data behave some
random chunks of data was pulled off from training database (and those were not used for

the training DB) to make the testing signatures. As the both data ( training and testing)
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from same source (of same day), it would give us idea that how the data would behave
in ideal condition. 16246 training signatures were located in the 500m? area. We tested
approximately 390 testing signatures (amount of training and testing signatures slightly vary

depending on grid size). Following figure expresses the result.
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Figure 22. MTS per GCU in three grid size

The figure 22| shows CDF for three different size grid cell (5Sm?, 10m? and 20m?). It indi-
cates that the smaller grid size provides the better result (detailed result in the appendix [RSS]

idistance method]). But smaller grid size needs more calculating resource and time. More-

over, there is always a threshold value of grid size after the result would fall again, in this
study threshold were observed at 4.15m?. Researcher group of this department studied grid
size optimization (Mondal, Ristaniemi, and Turkka [2015). So size of grid size need to be

optimized with calculation efficiency.

For many reasons RSS can be affected or may not behave according theoryd] therefore only
one (shortest RSS distance) reference value may contain erroneous value. For the same set
up another experiment was done; instead of the shortest RSS distant training signature’s loca-
tion, average of 5 minimal RSS distant training signatures’ average location was considered
as the testing signature’s location. Against of a testing signature if less than 5 close training

signatures were found, than the average of available numbers of testing signature’s location
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were counted as the position of the testing signature. Experimental result shows

95% ——shortest|]
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Figure 23. Shortest and average RSS distance scenario

The shortest RSS distance formula gives better result till approximately 93% . From this

observation we can come to two possible conclusion:

1. The shortest RSS distance provides the best result. (But it does not as we can see
cumulative error is very high.)

2. As the experiment was done in outdoor environment, often the RSS got randomly
effected by many contributors. These randomness aggravated the error. Therefore,

more reference points (station ID matching) may increase the probability of accuracy.

Bahl and Padmanabhan did there RADAR experiment in indoor environment where signal
fluctuation was comparatively less than that of outdoor environment. Moreover, their ex-
periment was done on WLAN signal only, this experiment contains LTE signal too, so their
concept of maximum 3 ID matching is not reflecting better result here. It is obvious that the
lower number of ID matching condition would make the system more efficient and flexible.

The following figure shows the relation among the amount of matched station ID, positioning

error and system’s analysing efficiency forhomogeneous data.|
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Figure 24. Amount of matched ID vs positioning error

For the 5m? grid cell size, the error come down while the number of matched ID are in-
creased, beside that the system efficiency get decreased if more ID match condition is ap-
plied. Out of 378 location retrieval requests only 167 were possible to answer for 100% ID
match. Moreover, in the noisy training and testing database it would be hard to find out such
high scale ID matching. To observe this phenomenon in cross DB, another experiment was
carried out. The 2nd DB was set as the training DB and 378 testing signatures were collected
from the 1st DB. 273 requests were possible to answer for 3 ID match with the error of 39.95
meters for 95% , while only 10 requests were answered with 24.10 meters of error when the

condition was raised till 6 ID match. Total result sheet for this experiment can be found in

the appendix [RSS distance method on cross DB.|

7.1.2 Common training signature per GCU

Increasing the number of matched ID, reduce the analysing efficiency of the system, but if
we can combine all the signatures of a grid cell into a single signature, that training signature
would contain all the IDs of that cell, therefore the portability of ID matching with testing
signatures would be increased, experiment was done on 2nd DB. As the location of the

common signature, we used two methods; 1st method is, the grid center is the location of
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the testing signature. 2nd method is, the average of the locations of the testing signatures in
a GCU is the location of the testing signature. Compare with Multiple Training Signature

(MTS) per GCU this Common Training Signature (CTS) per GCU gives following result

Table 1. Comparison of MTS and CTS

Grid size
Method 20m2 10m2 S5m2
68% | 95% 68% | 95% 68% | 95%
MTS per GCU 34.08 | 92.45 | 20.30 | 69.00 | 10.31 | 60.70
CTS per GCU, mean location 58.22 | 139.78 | 53.46 | 120.38 | 38.87 | 110.47
CTS Per GCU, grid center coordinate | 59.95 | 141.21 | 54.22 | 120.10 | 38.36 | 110.19

From the appendices|RSS distance method for CTS, mean location|and [RSS distance method|

for CTS, Grid centerjwe can see now the system can handle all testing signatures for a greater

range of common AP/BTS number but location accuracy falls down for both 68% and 95%.
For the grid center location and average of training signatures location concepts give almost

similar result.

95% —MTS .
——CTS avg location

——CTS grid center location
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Figure 25. MTS vs CTS

The result shows that the both method of CTS ( violet and red line) are laying down than
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MTS method (blue line). The possible reason for this is we do not know the physical location

of training signatures so when we making the average of that sometimes it may put effect

constructively sometimes destructively.

Figure 26. Average of MTS

Let assume, a testing signature’s real location is L and it is surrounded by four training

signatures 1,2,3 and 4. As a mean value we get point A is the positioning of the testing

signature, the positioning error is LA. If location of 3 and 4 would have been at upside (

expressed by dotted line) than average location would have been B, the positioning error is

LB. But LB > LA therefore sometimes making the average is enhancing the error.

7.1.3

Observations

Smaller size grid provides better result.

The more IDs match between training and testing signature the better result. But we
need to set optimal amount of IDs matching because more IDs matching decrease the
amount of analysed signatures.

Average of 5 minimal RSS value distance strategy provides better result at 98 % whereas
the shortest RSS distance signature gives better result at 65% level

CTS per GCU does not give better result for smaller amount of ID matching, but we

need to find out better result with minimum number of matched station ID.
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7.2 Weighted RSS distance

From the first experiment we observed that, in the grid based positioning method, the shortest
RSS distance is not the sole key parameter specially for outdoor positioning. Formula [5.1]
indicates, for less amount of matched ID (the less n value) the RSS distance d would be
less but figure [24] shows that for the smaller n value the positioning error is higher. So in
this experiment a combine strategy of "shortest RSS distance and amount of matched station
ID" is used. The positioning criteria is, against a testing signature first need to check which
training signatures contain most amount common IDs. While candidates are more than one,
than check the shortest RSS distance (same as experiment[7.1.1). If t is the expected training
signature out of a GCU X than

t € Xgeu (7.1)

| t |= max matched ID
| t |= min RSS

Experiment was done on homogeneous data (training data and testing data were from same

DB of 15th May, 2015 ). For at least 3 ID matching condition it gives following result

Table 2. The RSS distance method and the weighted RSS distance method on same DB

Error based on Error based on S Number of analysed
Grid size
shortest RSS distance | weighted RSS distance testing signature
68 % 95% 68% 95% m? out of approximately 388
28.91 76.02 20 371
12.68 51.13 10 381
4.81 31.01 5 378

It shows a significant improvement of taking more ID matching effect into account. Sm? grid

gives overwhelming improvement, about 50% of positioning error reduction at both 68% and

95%. Experiment’s detailed result on appendix [Weighted RSS distance method.| I think one

of the cause for this exceedingly better result is that, there is not huge fluctuation between

training and testing DB as those from same source. To see the same effect on noisy DB, the
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same experiment was done on cross DB, data from two different day. Experiment’s result
reveals that, an acceptable level of testing signatures were been able to analyse with more
accurate positioning compared with only shortest RSS distance experiment on cross cross

data.

Table 3. Comparison of the RSS distance method and the weighted RSS distance method on

cross DB
Error based on Error based on S Number of analyzed
Grid size

shortest RSS distance | weighted RSS distance testing signature

68% 95% 68% 95% m? out of approximately 388
42.17 83.48 20 190
37.02 81.61 10 243
32.06 67.11 5 273

At 95% error comes down till 67.11 meters, it shows also stability as error are decreasing
gradually along with the size of grid where we observed a haphazard trend without ID match-

ing effect taking into account. This effect filters the result for being mixed with calculation

error. Detailed result in the appendix [Weighted RSS distance method 1s applied on cross DB |

7.3 Signature cluster

Attenuation hampers radio signal to travel to a long distance but sometimes due to scattering
or reflection it can be received from far away. But the probability of these unusual behaviour
are less than the probability of normal radio signal behaviour. From the true location, this
possibility would certainly create a densely cluster of matched signature to the closer point of
the reference signature (i.e. testing signature) rather than at the far distance (false position).
For the remote area, it may result a scattered cluster. From the real data, a testing signature

and surrounded training signatures (at least 3 common ID) has been plotted
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Figure 27. Signatures plotting

The red dot and the black dots are the physical location of the testing signature the train-
ing signatures respectively. These were chosen according there RSS proximity. It can be
seen that, the amount of remote signatures from red dot are fewer than that neighbor area.
This phenomenon could be use as a filtering element to rectify the positioning error. An

experiment was done based on cluster size effect. The strategy was

1. Finding out from which grid cell maximum ID are matching. Because the probability
of more ID matching from far distance due to randomness is less.

2. Among those grid cells, which one is the most densely clustered.

3. Finally from that cell, the shortest RSS distance training signature’s location is the

testing signatures location.

The experiment was done on cross data. 2nd DB was used for radio mapping and 1st DB
was used as source of testing signatures, the reason for that is the 2nd DB had more amount
of sample compare with the 1st DB, therefore 1st DB would give a smoother radio mapping

for the area of interest. The comparative result shows that
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Figure 28. Signature cluster method VS weighted RSS distance method

Till thirty percentile both result are nearly same however, from that point till end we see little
bit of improvement. For at least three ID matching for the 5m? grid the experiment’s result

below:

Before this experiment
For 68% positioning error is 35.57 meters
For 95% positioning error is 79.52 meters

90% testing signature can be analysed ( 822 out of 940)

After this experiment
For 68% positioning error is 35.60 meters
For 95% positioning error is 73.00 meters

90% testing signature can be analysed ( 822 out of 940)

From the appendix of theSignature clusterjmethod we can see, this method gives better result

even with minimum number of matched ID because of finding the true cluster.
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8 Result Analysis

In the previous chapter, we have seen some experiments to find out user’s location in the

LTE/WLAN network. The minimum positioning error for ajcross DB experiment| were 32.06

meters and 67.11 meters error for 68% and 95% respectively which remain well below the
E911 emergency positioning requirements (“FCC wireless 911 requirements” 2001). By
signature cluster method we managed to rise the percentage of analysed testing signature

from 80% to 98% for at least two station ID matching on cross database operation. We

observed even better result in homogeneous datal even though that does not reflect the real

world situation but indicates that, in dense small cell networks, MDT training databases can

provide a good basis for network based positioning system.

At data collection phase, available WLAN and LTE signals were recorded. Time difference
between two DB was very long, therefore probability of change in NIC or BTS is pretty
high, what would have created noise in DB. Due to large inequality between DBs we had
to emphasis on amount of matched ID number between online and off-line data but for
harmonious DBs three common ID should give acceptable level of accuracy. From figure
[24) we can see 2, 3 or 4 common ID strategy is giving almost same result beyond that, the

accuracy is exceedingly well but analysing capability falls down dramatically.

Smaller grid size were giving better performance linearly on homogeneous data, for dissim-
ilar DB this trend was not found. So it is hard to guess which grid size may provide the
best result, in this thesis we found an odd 4.15 meter square grid provided the best result.
However, figure[I7]tells, for the best grid size selection we need to know coverage radius and
physical distance among the APs/BTSs which is literally impossible, while radio mapping
would be done through MDT data. This research (Mondal, Ristaniemi, and Turkka 2015])
used multi-objective genetic algorithm for selecting the best possible GCU layout over the
area of interest so that RF fingerprinting can give the optimal output, but it takes long pro-
cessing time. May be through some very smart and complex models, positioning accuracy
can be improved in a large scale but we need to keep the system as simple as possible, sim-
plicity would save the resource and time, what would make the idea worth to implement in

commercial use. Here is the list for possible cause of error for our set up:
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Signal interference, there were lot of stationary and moving obstacles.
Weather difference, sunny and rainy day of two different seasons.
Scattered position of LTE base transceiver stations and WLAN access points.

Very noisy database, 9 months time difference between training and testing DB.

A

Improper RSS distribution concept, there was no tool available for considering real
RSS distribution scenario.
6. Another possible source of error is expecting same behaviour and distribution for LTE

and WLAN signal.
Some discussions regarding improvement:

Interference is a fundamental property of radio signal we can not get rid off that. Moreover,
weather, multi path, heat and cold these environment related effects are also unavoidable.
There are many models available for handling environmental dynamics, so it is possible to

implement one of them, comparatively better result is expected.

While collecting data, we recorded all available APs, BTSs and their corresponding signal
level. It is normal that, density of APs and BTSs will not be even everywhere. In some place
more than enough, in some place only few. We can not put stations where fewer of them but
if we would have eliminated excess APs and BTSs from densely clustered area, we could

avoid those excess station’s weak signal’s high fluctuation at far distance.

We collected data only for 2 times, but in real MDT implementation data can be collected
round the clock automatically so it would be possible to get updated database always. But
that time device diversity 4.3.3|related problem may occur. LTE-TDD signal frequency range
1s 1850 MHz to 3800 MHz while WLAN signal are transmitted in a range of 2.4 GHz to 5.9
GHz. As WLAN works on comparatively higher frequency range it would be attenuated
faster than LTE. For same distance difference WLAN signal level change would be greater
than that of LTE. We could not measure the ratio so we assumed same level of change. It

could be an area of improvement.

At higher signal level signal behave log-normally but at lower signal level we see symmetric
distribution. There are only few papers available on RSSI distributional variation. Proper

constant for correction this variation would improve the result.
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9 Conclusion

In the thesis, some theories and RF fingerprinting based locationing techniques have been
discussed. Several experiments were done to identify the source of error. Step by step,
errors were filtered and finally positioning error came down till 32.06 meters and 67.11
meters positioning error for 68% and 95% of testing signatures respectively. It is not the
conclusive result, for more or less amount of testing signature the error may vary but it is
just an overall idea of RF fingerprint based user locationing. The possible reason for this
error is, the time difference between two database was 9 months, therefore there were less
similarity between them. There were no available tools to handle environmental effects so
radio mapping were not perfectly accurate. Selection of optimal grid size is also a crucial
matter, as the variation in result were seen due to change in grid size. We observed better
result for homogeneous data, it indicates that updated MDT data based radio mapping would
provide better result. Some further research can make RF fingerprinting based locationing

technique more effective as we felt necessity of those researches in this thesis study.

1. Consideration of correct RSSI Distribution and environmental dynamics eliminated
radio mapping. So far few studies have been done to create a radio map with taking
care of proper RSSI distribution effect. Some good papers are available on environ-
mental factors, we need to implement these effects while creating radio mapping and
while handling user’s position request at online phase.

2. RF fingerprint based positioning for only LTE network. There have been huge amount
of location fingerprinting based research for WLAN network specially for indoor po-
sitioning. As coverage of WLAN network are smaller than LTE network, positioning
accuracy would be better at WLAN network. It would be interesting to see the po-
sitioning system only in the LTE network, it would be more challenging because of
high signal fluctuation and more interference by the obstacles in a bigger coverage.
MIT department of University of Jyvaskyla has done a research on MDT assisted LTE
RF fingerprint framework on simulated data (R.U. Mondal et al. 2014), it would be

interesting to investigate this issue on real data.
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Appendices

Experiment : Signature cluster
Database : Cross DB. 1st and 2nd database

Details : For comparing weighted RSS distance method and signature cluster method.

Positioning error for Positioning error for

Amount of Analysed o
weighted RSS Signature cluster Grid Size

matched ID signatures
distance(in meter) (in meter)

out of 7 68% 95% 68% 95% out of 940 | m?

2 39.55 93.74 38.43 80.63 862

3 41.52 92.05 40.36 80.38 566 20m?

4 40.75 85.92 38.29 79.49 207

2 37.23 89.47 36.96 76.97 911

3 37.92 85.32 37.59 80.43 737 10m?

4 37.22 80.87 36.62 75.85 390

2 36.27 89.15 34.97 74.79 926

3 35.57 79.52 35.60 73.00 822 5m?

4 34.38 72.85 33.35 68.04 525
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Experiment : Weighted RSS distance method
Database : Single DB, 2nd database

Details : To observe the result of wighted RSS distance method for MTS per GCU on ho-

mogeneous data.

Positioning error based Number of
Amount of Cy
on weighted RSS distance | analysed | Grid size
matched ID
(in meter) Signatures
out of 7 68% 95% out of 388 m?
2 15.28 59.12 386
3 28.91 76.02 371
4 34.24 77.63 306
20m?
5 29.43 66.80 147
6 9.28 40.03 46
2 4.56 39.41 383
3 12.68 51.13 381
4 18.07 52.87 365
10m?
5 17.63 49.87 260
6 7.58 31.01 134
2 2.19 24.46 378
3 4.81 31.01 378
4 8.37 40.15 373
5m?
5 9.62 40.07 338
6 4.97 31.37 241
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Experiment : Weighted RSS distance method is applied on cross DB
Database : Cross DB. 1st and 2nd database

Details : To observe the result of weighted RSS distance method for MTS per GCU on

heterogeneous data.

Positioning error based Number of
Amount of Sy
on weighted RSS distance | analysed | Grid size
matched ID
(in meter) Signatures
out of 7 68% 95% out of 388 m?
2 37.64 91.17 301
3 42.17 83.48 190
4 43.24 67.87 68
20m?
5 34.18 77.20 11
6 29.43 34.22 2
2 35.04 88.63 310
3 37.02 81.61 243
4 36.82 75.59 130
10m?
5 32.48 110.84 29
6 32.16 34.22 4
2 34.19 73.94 314
3 32.06 67.11 273
4 31.59 65.35 178
5m?
5 29.53 57.11 69
6 24.64 45.55 10
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Experiment : RSS distance method on cross DB

Database : Cross DB. 1st and 2nd database

Details : To observe the result of only RSS distance method for MTS per GCU on

heterogeneous data.

Amount | Positioning error based Positioning error based Analysed Grid
of on lowest RSS distance on average of 5 min- Signatures | size
matched (in meter) imal RSS distance (in
ID meter)
out of 7 68% 95% 68% 95% out of 388 | m?
2 53.57 103.31 49.49 90.40 301
3 45.62 87.07 42.88 83.48 190
4 43.24 67.87 36.98 69.72 68
20m?
5 35.11 77.20 34.18 77.20 11
6 29.43 34.22 29.43 34.22 2
2 57.24 110.44 52.00 89.16 310
3 46.08 90.94 43.76 84.84 243
4 36.82 75.48 36.73 69.48 130
10m?
5 34.42 110.84 33.45 82.25 129
6 32.16 34.22 28.31 34.22 4
2 55.61 124.29 56.29 100.83 314
3 39.95 108.42 40.96 81.22 273
4 31.73 70.12 33.02 64.88 178
5m?
5 31.54 57.11 35.38 57.95 69
6 24.64 45.55 23.57 45.55 10
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Experiment : RSS distance method

Database : Single DB, 2nd database

Details : To observe the result of the RSS distance method for MTS per GCU on

homogeneous data.

Amount | Positioning error based Positioning error based Analysed Grid
of on shortest RSS dis- on average of 5 min- Signatures | size
matched | tance (in meter) imal RSS distance (in

ID meter)

out of 7 68% 95% 68% 95% out of 388 | m?
2 32.84 87.97 37.15 87.75 386

3 34.08 92.45 37.79 76.77 371

4 34.35 81.74 35.27 68.27 306

5 28.60 66.80 31.96 61.54 147 20m®
6 9.28 40.03 9.87 44.66 46

7 1.96 9.77 2.04 9.77 27

2 32.18 141.64 39.01 94.51 383

3 20.30 69.00 31.47 62.98 381

4 22.62 63.58 29.92 63.41 365

5 18.87 52.94 24.77 50.70 260 10m?
6 7.58 31.01 14.48 32.96 134

7 2.56 7.55 3.42 8.66 77

2 33.09 106.27 41.71 90.23 378

3 10.31 60.70 27.89 60.82 378

4 11.03 51.40 25.84 50.55 373 2
5 10.16 44.54 21.63 42.58 338

6 5.07 31.87 12.81 32.58 241

7 2.18 6.62 3.17 10.63 167
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Experiment : RSS distance method for CTS, mean location
Database : Single DB, 2nd database

Details : To observe the result of the RSS distance method for CTS per GCU on

homogeneous data. Mean of the training signatures locations as testing signature’s location.

Positioning error based Number of
Amount of Sy
on lowest RSS distance analysed | Grid size
matched ID
(in meter) Signatures
out of 7 68% 95% out of 388 m?
2 92.88 207.45 all
3 58.22 139.78 all
4 44.32 97.26 all
20m?
5 33.30 79.65 all
6 21.09 53.98 all
7 13.00 42.50 all
2 79.25 190.46 all
3 53.46 120.38 all
4 37.54 89.21 all
10m?
5 27.19 66.68 all
6 15.25 45.16 all
7 7.04 27.13 all
2 69.95 187.53 all
3 38.87 110.17 all
4 25.37 68.51 all
5m?
5 13.87 45.94 all
6 5.95 31.95 all
7 3.48 18.88 all
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Experiment : RSS distance method for CTS, Grid center
Database : Single DB, 2nd database

Details : To observe the result of the RSS distance method for CTS per GCU on

homogeneous data. Grid center was counted as the testing signature’s location.

Positioning error based Number of
Amount of Sy
on lowest RSS distance analysed | Grid size
matched ID
(in meter) Signatures
out of 7 68% 95% out of 388 m?
2 93.45 209.79 all
3 59.95 141.21 all
4 45.90 95.39 all
20m?
5 33.62 79.56 all
6 21.87 54.58 all
7 13.72 41.56 all
2 79.20 189.32 all
3 54.22 120.10 all
4 37.97 89.99 all
10m?
5 27.40 66.00 all
6 15.54 44.99 all
7 7.42 27.36 all
2 69.98 187.98 all
3 38.56 110.19 all
4 25.68 69.63 all
5m?
5 13.84 45.80 all
6 5.93 31.02 all
7 3.84 19.08 all
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