





ISTANBUL TECHNICAL UNIVERSITY % GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

LOGNORMAL MIXTURE SHADOW FADING MODEL
AND APPLICATIONS

M.Sc. THESIS

Metin VURAL

Department of Electronics and Communication Engineering

Telecommunication Engineering Programme

JUNE 2014






ISTANBUL TECHNICAL UNIVERSITY % GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

LOGNORMAL MIXTURE SHADOW FADING MODEL
AND APPLICATIONS

M.Sc. THESIS

Metin VURAL
(504121323)

Department of Electronics and Communication Engineering

Telecommunication Engineering Programme

Thesis Advisor: Do¢. Dr. Giines KARABULUT KURT

JUNE 2014






ISTANBUL TEKNIK UNIVERSITESI % FEN BILIMLERI ENSTITUSU

LOGNORMAL KARISIMI GOLGELEME MODELI
VE UYGULAMALARI

YUKSEK LISANS TEZI

Metin VURAL
(504121323)

Elektronik ve Haberlesme Miihendisligi Anabilim Dali

Telekomiinikasyon Miihendisligi Programi

Tez Danmismanmi: Dog. Dr. Giines KARABULUT KURT

HAZIRAN 2014






Metin VURAL, a M.Sc. student of ITU Graduate School of Science Engineering and
Technology 504121323 successfully defended the thesis entitled “LOGNORMAL
MIXTURE SHADOW FADING MODEL AND APPLICATIONS”, which he pre-
pared after fulfilling the requirements specified in the associated legislations, before
the jury whose signatures are below.

Thesis Advisor : Doc¢. Dr. Giines KARABULUT KURT ...,
Istanbul Technical University

Jury Members : Prof. Dr. Hakan Ali CIRPAN ...
Istanbul Technical University

Yrd. Dog. Dr. Serhat ERKUCUK ...
Kadir Has University

Date of Submission : 04 May 2014
Date of Defense : 03 June 2014






Vil

To my lovely family,






FOREWORD

This thesis is dedicated to my lovely family, to whom I am completely thankful for
their support during my all education life.

I would like to thank my advisor, Professor Giines Karabulut Kurt, for her precious
guidance and contributions throughout the years.

I am also thankful to Saliha Biiyiik¢orak for her valuable contributions.

I would also like to thank to the Turkish Scientific and Technological Research Council
(TUBITAK) for supporting me through BIDEB scholarship program. This thesis is
supported by 2210-C Graduate Priority Subject Areas Scholarship Program.

June 2014 Metin VURAL

iX






TABLE OF CONTENTS

Page
FOREWORD . IX
TABLE OF CONTENTS v Xi
ABBREVIATIONS . . .. Xiii
LIST OF TABLES . . . . v XV
LIST OF FIGURES <. XVii
SUMMARY . XIX
OZET e XXi
1. INTRODUCTION ..... . . . . wo 1
1.1 Outline and Contributions of The Thesis .........ccccceerviiiniiiiiiiiiiiiciceee 3

2. WIRELESS PROPAGATION AND SHADOW FADING DISTRIBU-
TIONS . . . . w 5
2.1 Wireless Propagation Model...........cocceviiriiiiiiiniiniiiiieicneccceecneeeeeeens 5
2.2 Lognormal Shadow Fading ...........ccccoeeiiiiiiiniiiiiniieiceeeeeeeee e 5
2.3 Lognormal Mixture Shadow Fading............ccocceeiiiiiniiiiniiinniiiciceece 6
2.3.1 Modeling an Arbitrary pdf with Lognormal Kernels ...........cc..ccccceueeee. 6
2.3.2 Statistical EXPIeSSIONS ......eeerureeriireeriiieeiieerieeeireesieeeereesseeennreesseeennneas 9
2.3.3 Obtaining Mixture Model Parameters ..........c.ccccevueeevieiniiiiniceniecenen. 11
2.3.3.1 Dirichlet Process Mixture Model for Lognormal Mixtures............. 11
2.3.3.2 Expectation Maximization Algorithm .........c.cccocceevieniinicnninnnnne. 12
2.4 Other Candidate Distributions: Gamma and Weibull .............ccocccooiiininnne 13
3. NUMERICAL RESULTS FOR DISTRIBUTIONS.... . 17
3.1 Datasets Used for Shadow Fading AnalysisS........ccceccueeeeniiiieeiniiieeeniieeeeienn. 17
3.2 Evaluation Metrics: MRD, WMRD and KL Divergence..........ccccccecveeueennenn 22
3.3 Numerical RESULLS .....cc.eeriiiiiiiiiiieeiicieceee e 24

4. APPLICATION: THE EFFECT OF SHADOW FADING DISTRIBU-
TIONS ON OUTAGE PROBABILITY AND COVERAGE AREA.................... 35
4.1 Outage Probability and Coverage Area with Lognormal Shadowing ............ 35
4.2 Outage Probability and Coverage Area with Lognormal Mixtures................ 36
4.3 Outage Probability and Coverage Area with Gamma Random Variable ....... 37
4.4 Outage Probability and Coverage Area with Weibull Random Variable........ 37
5. NUMERICAL RESULTS FOR OUTAGE AND COVERAGE ANALYSIS. 39
6. CONCLUSIONS . 47
REFERENCES.... . . 49
APPENDICES..... .. 55
APPENDIX AT oottt e 57

X1



CURRICULUM VITAE

Xii



ABBREVIATIONS

ACF : Autocorrelation Function

App : Appendix

CCF : Crosscorrelation Function

DPM : Dirichlet Process Mixture

EM : Expectation Maximization Algorithm
GHz : Gigahertz

GSM : Global System for Mobile Communications
KL : Kullback-Leibler

K-S : Kolmogorov-Smirnov

LOS : Line of Sight

LTE : Long-Term Evolution

MGF : Moment Generating Function

MHz : Megahertz

MLE : Maximum Likelihood Estimate
MRD : Mean Relative Difference

NLOS : Non-Line of Sight

ITU : Istanbul Technical University

pdf : Probability Density Function

SNR : Signal to Noise Ratio

WMRD : Weighted Mean Relative Difference
3GPP : The 3rd Generation Partnership Project

xiil



Xiv



LIST OF TABLES

Table 2.1
Table 3.1
Table 3.2
Table 3.3
Table 3.4

Table 3.5

Page
: Utilized pdfs for shadow fading analysis ..........ccccceeevieeniiiennieeniennnne. 16
¢ Measurement SELUP.........ceeiiiieiiiieiieeeeeeeiiittee e e e ettt e e e e e seireeeeee e e 17

: Parameters and error metrics for pdf estimates for Dataset I-one

POINE (PS5). et 30

: Parameters and error metrics for pdf estimates for Dataset I-all

INEASUTEITIENES . e eeeeeeeeeeeeeeeeeeeteeeeeeeteeaeeeseaneeeeranneseeranaeseenanaeserennns 31

: Parameters and error metrics for pdf estimates for Dataset II-LOS

EIIVITONITIENT. wevvvveunieeeeeeeeetetteeeeeeeseeeeeeeereeasenaeseseeeseesssanannanesessessrenes 32

: Parameters and error metrics for pdf estimates for Dataset

TI-INLOS ENVITONIMIENT. «..eeeiieeeeeeeeee ettt e et e e eeeeeeeeeeaeeeeeeenns 33

XV



XVi



LIST OF FIGURES

Figure 2.1
Figure 3.1

Figure 3.2

Figure 3.3 :

Figure 3.4

Figure 3.5 :

Figure 3.6 :

Figure 3.7 :

Figure 3.8

Figure 3.9

Page

: Flow chart of EM algorithm. ..........cccoeoiiiniiiiniiiiieeceeeeieee, 14
: Measurement setup of Dataset I at Istanbul Technical University

Maslak Campus. Spectrum analyzer and base station. ...................... 18

: Measurement setup of Dataset I at Istanbul Technical University

Maslak Campus. The control channel of a real-life functioning
GSM network is used as the reference transmitter. ...............cceeuenn. 19
(a) Scatter plot of the 10041 measurements at 5 distinct track
points. (b) Histogram of 2016 measurements at 40 meters (P5).
(c) Histogram of all measurement points for Dataset I. ..................... 20

: (a) Normalized autocorrelation function (ACF) of Dataset I-P5.

(b) Normalized ACF of Dataset I all measurements. (c)
Normalized cross-correlation function (CCF) of the Dataset I track
points showing the decorrelation distance. ............ccceeeveeviiernieenneen. 21
(a) Scatter plot of the Base Station 1 (BS1) measurements in
Dataset II-LOS environment (b) Histogram of the Base Station 1
(BS1) measurements in Dataset II-LOS environment. ...................... 22
(a) Scatter plot of the Base Station 3 (BS3) in Dataset
II-NLOS environment (b) Histogram of the Base Station 3 (BS3)
measurements in Dataset II-NLOS environment. .............ccccccuvueeeen... 23
(a) Normalized autocorrelation function (ACF) of Dataset II-LOS
environment. (b) Normalized ACF of Dataset II-NLOS environment. 24

: Normalized histograms of Pg, and pdf estimates for Dataset I

one point (P5). (a) Lognormal, (b) DPM (results in a three
component mixture), (c) Lognormal-2 obtained with EM, (d)
Lognormal-3 obtained with EM (e) Lognormal-4 obtained with
EM (f) Lognormal-5 obtained with EM, (g) Gamma pdf estimate,
(h) Weibull pdf estimate...........ccceeeuieerieeriieeiieeeiie e 26

¢ Normalized histograms of Pg, and pdf estimates for Dataset I

all measurements. (a) Lognormal, (b) DPM (results in a two
component mixture), (c) Lognormal-2 obtained with EM, (d)
Lognormal-3 obtained with EM (e) Lognormal-4 obtained with
EM (f) Lognormal-5 obtained with EM, (g) Gamma pdf estimate,
(h) Weibull pdf estimate..............cooueernieiniiiiiiiinieceiecee e 27

XVvil



Figure 3.10:

Figure 3.11:

Figure 5.1

Figure 5.2 :

Figure 5.3

Figure 5.4

Figure 5.5

Figure 5.6 :

Normalized histograms of Pgr, and pdf estimates for Dataset
II-LOS environment. (a) Lognormal, (b) DPM (results in a four
component mixture), (c) Lognormal-2 obtained with EM, (d)
Lognormal-3 obtained with EM (e) Lognormal-4 obtained with
EM (f) Lognormal-5 obtained with EM, (g) Gamma pdf estimate,
(h) Weibull pdf estimate. ...........c.eeerieeriieiniiiiieieceeeee e 28
Normalized histograms of Pg, and pdf estimates for Dataset
II-NLOS environment. (a) Lognormal, (b) DPM (results in a
two component mixture), (¢) Lognormal-2 obtained with EM, (d)
Lognormal-3 obtained with EM (e) Lognormal-4 obtained with
EM (f) Lognormal-5 obtained with EM, (g) Gamma pdf estimate,
(h) Weibull pdf estimate. ...........ceeevieeriiieiniieniieeieeceeeeiee e 29

: pow Of actual data and theoretical and empirical p,,, for

Lognormal Mixture (with 3 components), Lognormal, Gamma
and Weibull shadow fading models for Dataset I. ...........c.ccoceeeennen. 39
pour Of actual data and theoretical and empirical p,, for
Lognormal Mixture (with 3 components), Lognormal, Gamma
and Weibull shadow fading models in Dataset II-LOS environment.. 40

: pow Of actual data and theoretical and empirical p,,, for

Lognormal Mixture (with 3 components), Lognormal, Gamma
and Weibull shadow fading models in Dataset II-NLOS environment. 41

: C(¢) of actual data and theoretical and empirical C(¢)for

Lognormal Mixture (with 3 components), Lognormal, Gamma
and Weibull shadow fading models for Dataset I. ............ccocceennienns 42

: C(¢) of actual data and theoretical and empirical C(¢) for

Lognormal Mixture (with 3 components), Lognormal, Gamma
and Weibull shadow fading models in Dataset I[I-LOS environment.. 43
C(¢) of actual data and theoretical and empirical C(¢) for Log-
normal Mixture (with 3 components), Lognormal, Gamma and
Weibull shadow fading models in Dataset II-NLOS environment. ... 44

XVviii



LOGNORMAL MIXTURE SHADOW FADING MODEL
AND APPLICATIONS

SUMMARY

Modeling the variations in the local mean received power, the shadow fading is a
relatively understudied effect in the literature. The inaccuracy of the universally
accepted lognormal model is shown in many works. However, proposing other
statistical distributions, such as Gamma and Weibull, that are not stemmed from the
natural underlying physical process, can not provide sufficient insights. Conceding
the physical process of multiple reflections generating the lognormal distribution, in
this thesis a generalised mixture model is proposed that can address the inaccuracies
observed with a single lognormal distribution.

In order to show that the lognormal mixture model can be used under any shadow
fading condition, it is proven that an arbitrary probability density function can
accurately be represented by a mixture of lognormal random variables.

One of the main issues associated with mixture models is the determination of the
mixture components. Here, two solutions are investigated; a Dirichlet process mixture
based estimation technique that can provide the optimum number of components,
and an expectation maximization algorithm based technique for a more practical
implementation.

The proposed lognormal mixture shadow fading model and existing different shadow
fading models like lognormal, Gamma and Weibull are compared by using two real-life
empirical datasets. The accuracy of the mixture model is verified with both confidence
based and error vector norm based techniques.

Concluding the thesis, the analysis associated with outage and cellular coverage
probabilities are provided. Gamma, Weibull, lognormal, and the proposed lognormal
mixture distributions for shadow fading model are investigated to determine outage
and cellular coverage probabilities both empirically and theoretically. With the help
of both theoretical and empirical results, it is verified that better fitting shadow fading
models yield more realistic estimates.
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LOGNORMAL KARISIMI GOLGELEME MODELI
VE UYGULAMALARI

OZET

Alinan giiciin ortalama degerinin etrafindaki degisimlerin yani golgeleme etkisinin
modellenmesi literatiirde gorece olarak az arastirilmig bir konudur. Golgeleme
etkisinin evrensel kabul goren modeli, degisimlerin lognormal rastlanti degiskeni
olarak modellendigi lognormal golgeleme modelidir. Ancak bu modelin eksikligi
bircok calismada gosterilmistir. Ornek olarak, kentsel mikrohiicre ve makrohiicre
Olctimleri lognormal rastlanti degigskeni olusturmak i¢in gerekli soniimlemeye sahip
olmayabilirler. Ayrica varolan lognormal golgeleme modeline gore standart sapma
degeri alici-verici mesafesi arttikga artmasi gerekirken bir¢ok calisma golgeleme
etkisinin standart sapma degerinin mesafeden bagimsiz oldugunu ifade etmistir. Bu
eksiklikler varolan lognormal golgeleme etkisi modelini gegersiz kilmaz ama bu
modelin her zaman miikemmel sonu¢ vermeyecegini gosterir. Bu yiizden Gamma
ve Weibull gibi degisik rastlanti degiskenine sahip cesitli golgeleme modelleri de
onerilmistir. Bu modellerin olusturulmasinda sistem performans metrikleri i¢in kapali
denklem ¢oziimleri sunmalart 6nemli rol oynasa da bu modellerin olusumu fiziksel
stireclere bagli degildir ve teorik olarak Onerilen modellerin fiziksel siireclere bagh
olmasi1 olduk¢a 6nemlidir.

Coklu yansimalarin lognormal dagilimi olusturdugunun kabulii altinda, bu tezde
tekli lognormal dagilimin yetersizligini ¢6zmek amaciyla golgeleme etkisi i¢in
genellestirilmis lognormal karisimi gélgeleme modeli 6nerilmistir. Karisim modelleri
makine 6grenmesinde siniflandirma, olasilik yogunluk fonksiyonu kestirimi ve imge
boliitleme gibi bircok calisma alaninda kullanilmaktadir. Bu c¢alismada Onerilen
lognormal karisimi golgeleme modeli sayesinde golgeleme etkisinin daha dogru
modellenecegi iddia edilmistir. Ayrica gblgeleme etkisinin daha dogru modellemenin
daha dogru (gercege uygun) performans degerleri verecegi hizmet kesilme olasiligi ve
hiicresel kapsama alani olasilig1 analizleri kanitlanmustir.

Onerilen lognormal karistm modelinin her golgeleme etkisi kosulunda kullanilabile-
cegini gostermek amaciyla, herhangi bir olasilik yogunluk fonksiyonunun lognormal
rastlant1 de8iskenleri karisimi seklinde modellenebilecegi gosterilmigtir.

Karistm modelleri ile ilgili 6nemli konulardan biri de karistm modelini olusturan
dagilimlarin parametrelerinin bulunmasidir. Bu c¢alismada parametrelerin kestirimi
icin Dirichlet karigim siireci (Dirichlet process mixture-DPM) ve beklenti maksimiza-
syonu (expectation maximization-EM) algoritmalar1 kullanilmstir.

DPM algoritmasi, optimum bilesen sayisinin bulunmasina dayanan bir tekniktir. DPM
modelini bu calismada kullanabilmek i¢in degiskenlerin ayn1 mesafe degerlerinde
degisiklik gostermesi beklenmektedir. Bu calismada alinan gii¢ degerleri aym
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mesafe degerlerinde farklilik gostermektedir ve birbirlerinden bagimsiz olduklari
ispatlanmistir. Dolayisiyla DPM modelinin karisim bilesenlerinin parametrelerinin
kestiriminde kullanilmasi uygundur. EM algoritmasi ise uygulanmasi DPM modeline
gore daha kolay olan bir yontemdir. EM algoritmas: beklenti adimi (E-adim) ve
maksimize adimi1 (M-adim) olmak iizere iki adimdan olugan iteratif bir yontemdir. Her
iterasyonda, Oncelikle E-adim ile baslayarak her veri noktas1 i¢in herhangi bir bilesenin
iiyesine ait olma olasiliklar1 bulunur, daha sonra M-adim ile her sinifin olasilik dagilimi1
fonksiyonuna ait parametre degerleri iiretilir. Kabul edilebilir hata oranina yaklasinca
veya maksimum iterasyon sayisina ulasincaya kadar iterasyon devam eder.

Onerilen lognormal karisgimi golgeleme modeli ile varolan lognormal, Gamma,
Weibull golgeleme modelleri iki 6l¢timsel veri seti kullanilarak karsilastirilmigtir. Veri
Seti I kentsel makrohiicre ortaminda olusturulmustur. GSM 900 bandinda Istanbul
Teknik Universite kampiisiinde bulunan bir baz istasyonu kullanilarak alman giic
degerleri kaydedilmigtir. Veri setinin olusturulmasinda 940.51 Mhz frekansinda 5
ayr1 sabit 6l¢lim mesafesi kullanilarak toplamda 10000’in iizerinde alinan gii¢ degeri
kullanilmugtir.  Olgiim alinan baz istasyonunun boyu 6 metredir. Veri Seti II de
kentsel makrohiicre ortaminda olusturulmug bir veri setidir. Almanya’da Ilmenau sehir
merkezinde LTE bandinda 6l¢tim yapilmistir. 3 farkli baz istasyonundan 26250 goriis
alaninda olmayan ve 5391 goriis alaninda olan alinan giic degerleri kullanilmistir.
Her iki veri seti i¢in de karsilikli ilinti fonksiyonlar1 yardimiyla veri setindeki her
alinan gii¢ degerinin birbirinden bagimsiz oldugu gosterilmistir. Ayrica mesafeye bagh
alian gii¢ sacilma grafigi de olusturulmustur. Bu ¢alismada kullanilan iki veri setinin
de golgeleme etkisinin incelenmesi i¢in uygun oldugu karsilikli ilinti analizleriyle ve
referanslarla belirtilmistir.

Onerilen lognormal karigtmi golgeleme modeli histogrammin ve diger aday
modellerin histograminin gercek verinin histogramina uyumlugunu belirlemek i¢in
Kolmogorov-Smirnov (K-S) uyum kalitesi testi kullanilmigtir. Olusturulan histogram
ile eldeki verinin histogramimi hata metrikleri ile karsilastirabilmek icin bu testin
yapilmasi gerekmektedir. K-S uyum kalitesi testi sonuglarina gore olusturulan tiim
lognormal karistmi modellerinin ve diger aday modellerin (lognormal, Gamma,
Weibull) histogramimin gercek histograma uyumlu oldugu gosterilmistir. Onerilen
lognormal karisimi golgeleme modelinin gercek veriye uygunluk derecesi ortalama
bagil fark (mean relative difference-MRD), agirliklandirilmis ortalama bagil fark
(weighted mean relative difference-WMRD) ve KL uyumsuzluk hata metrikleri
kullanilarak var olan lognormal, Gamma ve Weibull golgeleme modelleri ile
karsilastirllmistir. Literatiirde siklikla kullanilan bu hata metrikleri, kestirilen olasilik
yogunluk fonksiyonu ile eldeki verinin olasilik yogunluk fonksiyonu arasindaki farki
O0lcmek icin kullanilir. Bahsedilen hata metrikleri yardimiyla Onerilen lognormal
karisimi golgeleme modelinin eldeki veriye uygunlugunun var olan diger lognormal,
Gamma ve Weibull golgeleme modellerinden daha fazla oldugu dogrulanmustir.

Tez calismasinin son boliimiinde, hizmet kesilme olasilig1 (p,,;) ve hiicresel kapsama
alan1 olasihig1 (C(¢)) analizleri incelenmistir. p,,; ve C(¢) performanslari gélgeleme
etkisinin dagiliminin 6zelliginden dogruca etkilenmektedir.  Onerilen lognormal
karigimi golgeleme modeli i¢in hizmet p,, ve (C(¢))’nin matematiksel ifadeleri
tiiretilmigtir.  Ayrica lognormal, Gamma ve Weibull modelleri i¢in p,,; ve C(¢)
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matematiksel denklemleri ifade edilmistir. Olusturulan teorik ifadeler benzetim
sonuglart ile kargilagtirilmistir.

Veri Seti I ve Veri Seti II yardimiyla olusturulan benzetim sonuclarina gore onerilen
lognormal karisimi golgeleme modeli diger modellere gore gercege cok daha yakin
Pour Ve C(¢) degerleri vermektedir. Ayrica teorik olusturulan modeller benzetim
sonuglart ile uyusmaktadir. p,,, ve C(¢) analizlerinin yapilmasiin amaci golgeleme
etkisini daha dogru modellemenin daha gergek¢i performans sonuglart verecegini
gostermektir.
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1. INTRODUCTION

In order to design and manage high data rate wireless communication networks,
more accurate prediction of the received signal power is crucial. To determine this
received signal power, we need to take three multiplicative factors about the wireless
channel into account; the path loss, small scale (microscopic) fading and large scale
(macroscopic or shadow) fading. The change in the average received power level
related to the distance between the transmitter and the receiver is referred to as path
loss. The widely accepted path loss model is the log-distance model, 10nlog(d), where
n is the so called path loss exponent and d is the distance between the transmitter
and the receiver [1,2]. Range of n is typically shown to be around 2 — 12 [1, 3].
The small scale fading effect results from the multi-path channel, and has been
extensively studied in the literature with well established models such as Rayleigh,
Ricean, Nakagami-q (Hoyt) and Nakagami-m channels [4]. As the third factor, the
large scale fading has a fundamental role in wireless communication network design.
Network’s performance (such as outage probability and average data transmission rate)
are planned according to the average received power levels, that are directly effected
by the shadow fading characteristics. The lognormal like distributions are observed
due to multiplication of large number of random attenuating factors. However, shadow
fading, representing the variations in the local mean received power, is a surprisingly

understudied phenomenon.

Shadow fading is first studied in [5], where Egli empirically demonstrated the
compliance of the lognormal distribution over a small sector. Following this work,
the lognormal distribution became the universally accepted shadow fading model
in the literature and called lognormal shadowing. Lognormal shadowing has been
extensively used in the literature, supported by empirical studies including for different
environments such as outdoor and indoor mobile radio channels [6—12]. Although

lognormal shadowing is a widely accepted shadow fading model, it has also some



deficiencies [6]. First of all, for urban microcell and macrocell measurements may have
less than the necessary attenuation [13], [14] to generate Gaussian RV [15]. Secondly,
according to existing shadow fading model, because of the number of random
attenuations is expected to rise with increasing distance between the transmitter and
the receiver, the standard deviation of shadow fading should increase. However, most
studies assume that the standard deviation of shadow fading is distance independent
[16], [17]. As mentioned in [6], such shortcomings does not make the existing
model invalid, however show that the existing shadow fading model may not always
present an impeccable solution. Because of the deficiencies mentioned above, other
distributions recommended to model shadow fading like Gamma and Weibull [18],
[19]. In [20], although not frequently utilized in channel modeling area, a mixture
Gamma distribution is proposed to model the signal to noise ratio (SNR) of wireless
channels, modeling the composite effects of both the small and large scale fading
phenomenons. The main motivation in these works is the mathematical convenience
of the Gamma and Weibull distributions in order to obtain closed form expressions for
system performance metrics. However, since such distributions are not based on the
actual underlying physical process, it is quite important to use theoretically justified

models based on physical justifications [6,21].

Even though the lognormal distribution is almost universally accepted to model
shadow fading due to the solid physical basis, studies demonstrate that measurement
histograms have skewed distribution curves [6—12]. Motivated by the clusters of [6]
that may actually appear in real-life scattering conditions. With the help of this
motivation, in this study different shadow fading models for lognormal, Gamma and
Weibull are investigated. A lognormal mixture model as a more accurate and flexible
shadow fading model is also presented. Mixture models are widely used in a variety
of machine learning problems including classification, clustering, density estimation
and image segmentation [22-26]. Presented mixture model makes use of the cluster
concept of Salo and it is proposed a lognormal mixture model as a more accurate and

flexible shadow fading model.

Modeling shadow fading more accurately should lead more realistic network

performance results. Coverage area (C(¢)) and outage probability (p,,) analysis



are important issues about network performance. Mathematical expressions for C(¢)
and p,,, are based on shadow fading characteristics. That is, determining the shadow

fading characteristics properly leads to define more accurate C(¢) and poy,.

1.1 Outline and Contributions of The Thesis

In this thesis, first of all, a lognormal mixture model for shadow fading based on cluster
concept is proposed. This model is a generalized form of lognormal shadowing, where
we can consider the effects of distinct scattering clusters. Secondly, the flexibility
and the applicability of proposed model is demonstrated by proving that an arbitrary
probability density function (pdf) can be modeled as lognormal mixtures by using
positive definite kernels. Then, two methodologies to determine the mixture model
parameters are used. First approach is Dirichlet process mixture (DPM) based, where
we determine the optimum number of mixture components according to maximum a
posteriori (MAP) probability and the corresponding mixture parameters using classical
Bayesian techniques. As the second methodology, a practical parameter estimation
technique based on expectation maximization (EM) algorithm is considered which
assumes that the number of mixture components are known a priori. The validity
of the proposed model is verified with the empirical Dataset I is collected by me, in
the Istanbul Technical University (ITU) campus from an operational network and the
empirical Dataset I1, is an urban macrocell channel dataset can be obtained by [27]. We
quantify the accuracy of the mixture model by using both confidence based and error
vector norm based techniques. Finally, as an application area, coverage area, (C(¢)),
and outage probability, (p,,s), values corresponding to these mixture and considered
shadow fading models is derived, and it is numerically validated that better fitting
models can provide more accurate (realistic) estimates in terms of the coverage and

outage probability.

This paper is organized as follows: In Chapter 2, wireless propagation model and
lognormal shadow fading is explained. In Chapter 3, dataset properties are given along
with the evaluation metrics to measure difference between obtained and the actual
pdfs. In Chapter 4, several shadow fading distributions are investigated to determine

C(¢) and p,,; both with simulations and analytically. In Chapter 5, C(¢) and pou,



results for lognormal, lognormal mixture, Gamma and Weibull shadow fading models

are demonstrated. Finally, in Chapter 6 conclusions of this thesis are presented.



2. WIRELESS PROPAGATION AND SHADOW FADING DISTRIBUTIONS

2.1 Wireless Propagation Model

In order to obtain more accurate radio propagation models, both analytical and
empirical methods are used [1]. By considering empirical and theoretical approaches,
the log-distance path loss model emerges to be the universally accepted propagation
model. According to the log-distance model, 10nlog(d), received power decreases
logarithmically with distance, where 7 is path loss exponent and d denotes the distance
between the transmitter and the receiver. Additionally, to determine received power
more accurately, we need to take large scale (macroscopic or shadow) fading into
account in addition to the path loss. Considering shadow fading, the relation between
the received power and the transmitted power of wireless communication system is

defined in dB scale according to
Pry(d) = Pry(d) — 10nlog(d) + X, (2.1)

where the received power Pgy(d) is calculated as the difference between the transmitted
power Pr,(d) and the path loss. Here, X is the shadow fading term. In this thesis, the

first goal is to investigate the distribution of X.

2.2 Lognormal Shadow Fading

In order to determine the shadow fading characteristics, distribution of X is a significant
matter. Mostly, it is assumed that X is a normally distributed with zero mean and ¢
variance at a particular location in dB [1,3,5,7-9, 11, 12, 16]. Defining X = log(Y),
the lognormal shadow fading implies ¥ ~ fy(y) = .Z.4(0,6?). In lognormal shadow
fading case, lognormal distribution describes the multiplication of large number of
random attenuating factors. Despite the fact that the lognormal is the most studied
and universally accepted distribution to model shadow fading, many studies show

that measurement pdfs have close fit for lognormal pdf but do not have a perfect
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fit [6-9, 11, 12, 16]. By using motivation of that the measurement histograms have
skewed distribution curves, we target to determine the distribution of X considering

also lognormal mixture, Gamma and Weibull distributions.

2.3 Lognormal Mixture Shadow Fading

In probability theory, lognormal distribution is a random variable whose logarithm
is normally distributed. If we analyze Pgy in dB, then analysis can be done with
normal (Gaussian) random variables and mixture model. Gaussian mixture model is
a parametric pdf that includes more than one Gaussian distribution. Let N denotes
the number of Gaussian components in mixture, 4;(L;, Giz) represents the Gaussian
pdf of components (i=1,2,...,N) with mean, U;, and variance, Giz, w; is the weight
(Z (wi = 1, for all w; > 0), then pdf of Gaussian mixture model, pys, can be written

as

Pm = Z Wl ‘LL,, (2.2)

In order to determine mixture components we resort to the well-known expectation

maximization (EM) algorithm [28, 29].

2.3.1 Modeling an Arbitrary pdf with Lognormal Kernels

In this subsection, the flexibility and the applicability of proposed model will be
demonstrated by proving that an arbitrary probability density function (pdf) can
be modeled as lognormal mixtures by using positive definite kernels with kernel

smoothing method.

Kernel smoothing method of nonparametric methods are frequently used in
data-inference processes, the mathematical expression of which is unknown [30, 31].
An approximate expression can be obtained through kernel smoothing method by using
a positive definite kernel defined on the related objects set Z to a function f, the closed
form mathematical expression of which can not be determined. This approximation is

expressed as

f ZeZ—)fZ Zwl ZisZ 7 (2'3)
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where k() is the kernel, (z;) jc7) and (w;) iey) represent the family of known points and
real coefficients, respectively. Any kernel must provide [, & (u)du =1 < e, k(u) >

0, Vu to be positive definite [32].

Let Y denote an RV with arbitrary pdf, which is used to model shadow fading. It
can be expressed as a linear combination of non-negative or positive kernels. In other
words, it can be shown as the mixture of positive definite kernels such as lognormal
or Gaussian. Here, the used kernel expressions satisfy the abovementioned properties
due to the fact that they are pdfs, and hence due to the axioms of probability they are

positive definite.

It can be observed from (2.1) that shadow fading and received power have the same
distribution, by considering the fact that distance, d, path loss exponent, n terms are
fixed. Hereby it is more suitable to carry out the processes through the received power,
which can be measured accurately through various high resolution devices, instead of
unmeasurable shadow fading; Y is defined above to model the shadow fading, will be
used for received power as well. Hence, let the received power levels (Pgy) be defined
as a RV, Y, and let y = y;,y,,...,yny denote our dataset of realizations of Y, where
N represents the length of our dataset. Here, each y; represents the value of the i
Pgy measurement, with y; € R. When the literature about the large scale fading is
examined, it can be seen that each observation is lognormally distributed. Consistent
with the existing literature and providing more generalised model, here, we propose

that the corresponding pdf of mixture of lognormal distributions can be written as

)

Y~ fr(y) =Y o LN (1, 07), (2.4)
=1

where @y ’s are the mixing proportions which are positive, t; and O'k2 are the mean and
the variance of the k™ mixture component for k = 1,2,...,00. Here, Yoo =1.1In

equation (2.4) lognormal kernel (pdf) is

1
K(y:, 02) = —Cye &120~1 ey 5y SR, (2.5)
y
where log(-) represents the natural logarithm, Cy = \/%Ty and &, = 2}7.

The lognormal kernel expression in (2.5) is not symmetric since k(u) # k(—u).

Nevertheless, due to their convenience in a number of nonparametric estimation
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methods, the use of symmetrical kernels is preferred. Accordingly, it would be more
suitable to model shadow fading (possibly an arbitrary pdf) by using symmetrical
Gaussian kernels instead of non-symmetrical lognormal kernels. With this motivation,
in Proposition 1 it is shown that Gaussian kernel can be used instead of lognormal

kernel.

Proposition 1. Noting that each Pr, measurement (y;) is lognormal distributed,
logarithm of each observation can be modeled as a univariate Gaussian distribution

with unknown mean and variance. Hence it can be stated that for X =log(Y)
Xfo(x):ZJTkJV(T]k,V/g) i=1,...,N, (2.6)
k=1

where m.’s are the mixing proportions (which are positive and sum up one), k =

1,...,00 and N () represents Gaussian kernel (pdf)

K61 V2) = Coe 50, e X X R, @)

where Cy, = \/% and & = 217
X

Proof of Proposition 1: Assuming that X is a Gaussian RV, Y has lognormal pdf when
Y = exp(X) [26,33]. Hence, logarithms of observations are composed of a mixture of

Gaussian RVs.

Note that the proposed model with infinite number of components is not practically
applicable a finite number of components with negligible modeling error is necessary.
In the following proposition, it is shown the convergence of the posted model as the

number of components increase by proving that this error is bounded.

Proposition 2. The arbitrary shadow fading (also the received power) pdf fx(x) can
be represented with a summation of infinitely many Gaussian pdfs. This model can
be obtained with a measurable error by using Gaussian kernel in finite numbers for a

practically applicable model.

Proof of Proposition 2: An approximation is made to actual pdf fx(x), the
mathematical expression of which is not completely known, by using S¢(x) function
defined as the linear combination of finite Gaussian kernels, provided that the

symmetrical univariate is kernel function x(x) in equation (2.7)
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K
Spx) =Y & k(x,x), x€ X CR. 2.8
k=1

Standard pointwise error bound between actual pdf fx(x), including infinite
components, and estimated pdf S;(x), including finite components, is defined as

follows by using Cauchy-Schwarz inequality [34]

13 (x) =S () |0 < CaaV I f i x) (2.9)

where Cy . is a coefficient based on dimension (Cy , increases with d but d is equal to
1 in this work as kernel expression is univariate), N is the length of our dataset, k is the
number of mixture component, || - || represents the inner product in Hilbert space .7(-).
When the aforementioned inequality is analysed, Gaussian kernels provide arbitrarily

high approximation order to infinitely smooth functions fx(x), i.e., with K = co.

In Proposition 1, it was shown that lognormal and Gaussian expressions could be
used interchangeably. Starting from this demonstration, the approximation made via
Gaussian kernels in (2.8) can be expanded by modeling an arbitrary pdf fy(y) through

lognormal kernels with a finite number of kernels as
K
Sr(v) =} & k(v,y), yEY CR. (2.10)
k=1

Based on (2.9), it can be observed that the approximation error through the utilization
of finite number lognormal kernels modeling the mathematical expression of shadow

fading is bounded by

£y () =S¢l < OGN e i v)- 2.11)

The explanations made in (2.9) are valid for this inequality.

2.3.2 Statistical Expressions

Using the pdf expression in (2.4), the cumulative distribution function (cdf) of

lognormal mixture can be evaluated as
Y
F() = [ fy(wdu, @.12)
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to yield

1 ! —
-ita 1+erf{ log(y) — 1 “k} , @.13)
k=1 207
where erf(-) denotes the error function defined as
2 [u ’
erf(u) = E/ exp(—1)dt, (2.14)
0

and L, sz are the mean and the variance of k' mixture component, respectively.

The moment generating function (MGF) of lognormal mixture can be defined as
My (s) = E(exp(—sy)), (2.15)
where E(-) represents the expectation operator. Hence, it is expressed as

My(s) = [ exp(=s) i b)dy. (2.16)

but there is no generalized closed form expression for the real s. Nevertheless, it can
be readily expressed by a series expansion based on Gauss-Hermite integration [35]

and so the MGF of lognormal mixture for real s can be obtained as

oo K 2
TR P P N T EF

k=1 yy\/2mo} 205
1 & = >
==Y o[ _expl-sexp(v20i + )] exp(~£2)dE
k=1
1 K
Z oy Z @ exp[—sexp(V20, % + )] + Rz (2.17)
Ly

where ¢; is the Hermite series weights in the final expression denoting the
Gauss-Hermite series expansion of the MGF function, L represents the Hermite
integration order, and Ry is a remainder term that decreases as L increases. The weights
and abscissas 9 for L up to 20 are tabulated in [35]. From it, the Gauss-Hermite

representation of lognormal mixture MGF can be defined by removing R;, as

K

L
My(s) =Y, ox Y @rexp[—sexp(v20, 0 + ). (2.18)
k=1 =1

The " moment of the lognormal mixture RV Y, my (r) can be evaluated as my (r) =
E(y") to yield
10



K oo )2
my(r) _ Z Wy / yr—l exp{ _ w}dy_ (2.19)
k=1 0

210} 20;

Although general closed form solution of the moments, belonging to the lognormal
mixture distribution, can not be obtained easily by using (2.19), the first and second

moments of the mixture model can be calculated as follows by using weighted

superposition
K
my(1) =y =) oy, (2.20)
k=1
K
my(2) =oy = Y w0} (2.21)
k=1

Consequently, mean and variance of the lognormal mixture, proposed for a more

accurate shadow fading modeling, can be obtained easily through (2.20) and (2.21).

In this subection, it is shown that logarithm of each observation of Pz, can be modeled
as a Gaussian distribution with a mean and a variance by Proposition 1. Proposition
2 demonstrate that the arbitrary pdf, f(x), can be represented with a summation of

infinitely many Gaussian pdfs.

2.3.3 Obtaining Mixture Model Parameters

Mathematical descriptions of the used methods in parameter estimation for modeling
shadow fading measurements by using finite positive definite kernels with an

acceptable error rate are given in this subsection.

2.3.3.1 Dirichlet Process Mixture Model for Lognormal Mixtures

DPM models are useful tools for analysing mixture models with an unknown number
of mixture components [36]. They can be applied for decomposing an estimated pdf

into lognormal mixture components.

To be able to use DPM models, the parameters specifying the observation model are
RVs and the observations need to be exchangeable. Although RVs are dependent
among themselves, exchangeability demonstrates the assumption that RVs are

independent of their observation orders [22,37]. Noting that any Pr, measurement set
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is exchangeable for the same d, so we can use DPM to determine mixture components.

Mathematical expressions and detailed statement of DPM are explained in App. A.1.

2.3.3.2 Expectation Maximization Algorithm

EM algorithm is a method that can be used to simplify the challenging maximum
likelihood estimation (MLE) problems, which are typically experienced in mixture
models and can not be analytically solved. Especially, because of the traditional MLE
methods do not provide a closed form expression for Gaussian mixture models, the

EM algorithm is originally developed to solve this problem.

The use of this algorithm can be expanded within the estimation of parameters
belonging to mixture of lognormal distributions, by considering the Gauss-LN
relationship provided in Proposition 1, although it was originally developed for

Gaussian mixture models.

Within the scope of this thesis, the estimation of parameters related with the estimated
pdf expression, which is the approximation carried out on actual pdf of lognormal
shadowing by using a finite number of positive definite kernels, is suitable for the
utilization of EM algorithm. Noting that the implementation of EM algorithm, which
is one of the parametric methods, is much easier compared to the nonparametric DPM
model, it is generally preferred for such problems despite the assumption that the

number of mixture components are known a priori.

Let assume that X is a random variable that represents received power signal level, x,, €
{x1,x2,x3,...,xx} is the observation cluster that consist of N received power signals,
0 = (L, sz) denotes the parameter values of k' component of the mixture model, and
p(x) represents the probability density function of observations. In MLE method it is
expected to find 6 values that maximize the p(x|6) conditional probability. However,
MLE method does not provide a closed form expression for p(x|0) [38]. EM algorithm
is an iterative method that consists of iterations of the expectation step (E-step) and the
maximization step (M-step). In every iteration, firstly in E-step the probability for
every observation that belonging to any component is estimated, then by using these
values in M-step the parameter values of components are produced. Iteration stops

by approaching the maximum iteration number or an acceptable error rate. Let @ =
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{wi1 , wé, e ,wé(, 6{, 65, ceey 9[’<} denotes the cluster that has initial parameter values and
¥ = {y, 55,55,y } is the cluster that consists of new estimated received power
signal levels which are created by using x; values. New mixture models parameters are

obtained, where weights are

1 N
Wi = =N Z p(vilxi, 09, (2.22)
mean values are calculated as

N
Y, xip(yilxi, 67)

ure = ’jl, , (2.23)
'Zl p(yi’xia 91’)
1=

and variances become

N .
L p(yilxi, 07) (xi — ')
o =S , (2.24)

;1 p(yi’xiv 9i>

as given in equation (2.4) [28, 29, 39].

Flow chart of EM algorithm is shown in Fig. 2.1.

2.4 Other Candidate Distributions: Gamma and Weibull

As it is indicated in Section 2.2, since the lognormal distribution does not provide
perfect solution for shadow fading, other distributions are taken into account. In order
to investigate other distributions than lognormal, Gamma and Weibull distributions are
also convenient to be considered for shadow fading in literature [18], [19]. Gamma

distribution with a shape parameter and b scale parameter is

1 a—1,7
7 ed 0<t
tla,b) = { ¥T@ = (2.25)
f¢(| ) {O otherwise,

where I'(a) = [;"x"1e™"dx, and the Weibull distribution with k shape parameter and

A scale parameter is

&=

(9)" {32 o<,

otherwise.

fo (0|4, k) = (2.26)

o
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0’ — is old distribution parameter
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then PQ(X)>PHV(X)

o /

P,

t+1

(x) > P@ ()C) EM algorithm guarantees not decreasing probability
t

Figure 2.1: Flow chart of EM algorithm.
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Gamma and Weibull distributions are mathematically practical to examine closed
forms for performance metrics. Mathematical expressions of C(¢) and p,,,, for Gamma

and Weibull random variables are described in Chapter 4.
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Utilized pdfs and parameter expressions are shown in Table 2.1.

Table 2.1: Utilized pdfs for shadow fading analysis

Probability Density Function Mean
Gauss fo(olp,0) = —=e~ (9—n)?
o (QIH, V2102 262 u
Gauss-k fo (@10 e, 1) = Yoy Oxfor(9lii, 0k) | Yo Oxbe
k-1 (=)
Weibull fo(9lA k) =9 o) AL (1+1)
Gamma fo(tla,b) = mt”‘*le% a.b
1 —(log(di%—u)z L2
Lognormal fo(dlu,0) = el Mt
o2
Lognormal-k | fo(¢|x, tk,00) = Xa | o for(9| k. 0k) | T | ane! T

In this chapter, wireless propagation model and lognormal shadow fading are
explained. Lognormal mixture shadow fading model is proposed. Additionally, in
order to find the parameters of the lognormal mixture components, EM and DPM
algorithms are explained. Then other candidate shadow fading distributions (Gamma

and Weibull) are demonstrated.

In the next Chapter, by using two real-life datasets, proposed and candidate
distributions for shadow fading will be compared with the evaluation metrics by

measuring difference between obtained and the actual pdfs.
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3. NUMERICAL RESULTS FOR DISTRIBUTIONS

3.1 Datasets Used for Shadow Fading Analysis

In order to investigate shadow fading distributions and analyze C(¢) and p,,, two

datasets are used.

Dataset I is obtained in an urban macrocell environment in the GSM 900 downlink
band by us based on real-life data. By using Anrtisu MS2711E spectrum analyzer,
5 individual tracks with over 10000 measurement data points are created. Channel
sounding is carried out at 940.51 MHz frequency on a control channel of a GSM base
station located at a height of 6 meters. Spectrum analyzer and base station is shown in
Fig. 3.1. Note that the transmit power level, Pr, of control channels are fixed. At every
track point measurements are taken in a stationary fashion with 17ms sweep time on
the ground level to obtain shadow fading effects. In Table 3.1, the test scenario and
measurement setup for Dataset I are shown. The track point locations and the base

station location are shown in Fig. 3.2.

Table 3.1: Measurement setup

GENERAL MEASUREMENT PROPERTIES

Scenario Urban macrocell

Location Istanbul Technical University Maslak Campus

Measurement setup 1 Base Station, 5 tracks, 10041 data points

Track distances from base station 5m, 10m, 15m, 24m, 40m
CHANNEL SOUNDER PROPERTIES

Make/Model Anritsu MS2711E

Center frequency 940.51MHz

Sweep time 17ms
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Base Station

Figure 3.1: Measurement setup of Dataset I at Istanbul Technical University Maslak
Campus. Spectrum analyzer and base station.
The scatter plot of the measurements are shown in Fig. 3.3(a). The dataset, resembling
the scatter plots of [1,40,41], is also used to calculate the path loss exponent, n = 2.52.
The average path loss values are also plotted in Fig. 3.3(a). In our analysis we will
concentrate on two analysis of Dataset I with normalized means (means are shifted to
zero); the complete set of all 10041 measurements, and the track point 5 (P5) that is
composed of the 2016 measurements at 40 meters away form the transmitter. Their

normalized histograms are also shown in Fig. 3.3(b) and 3.3(c), respectively.

In order to verify that Dataset I measurements are subject to independent shadow
fading, the normalized autocorrelation functions (ACFs) of P5 and complete set
of measurements in Fig. 3.4(a) and 3.4(b) are plotted. This is consistent with
the reported results in [40—45]. Additionally, some of the literature about shadow
fading is focused on determination of the spatial correlation properties, instead of the
statistical distributions [42]. According to the Gudmundson model [44], the spatial
correlation model for shadow fading is determined with an exponential decay function

with distance. To demonstrate consistency of Dataset I measurements, we plot the
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@ Track Points
@ Base Station

Figure 3.2: Measurement setup of Dataset I at Istanbul Technical University Maslak
Campus. The control channel of a real-life functioning GSM network is
used as the reference transmitter.

cross-correlation between track points and the first track point in Fig. 3.4(c) where

we can observe that the measurements are uncorrelated. This obtained decorrelation

distance of approximately 5 meters is a consistent result with the literature [42,43,45].
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Figure 3.3: (a) Scatter plot of the 10041 measurements at 5 distinct track points. (b)
Histogram of 2016 measurements at 40 meters (P5). (c) Histogram of all
measurement points for Dataset I.

Dataset II, also is an urban macrocell channel dataset [27]. According to the dataset

properties [27], channel measurement is performed in the 3GPP Long Term Evaluation

(LTE) band in Ilmenau city center at Germany. By using this dataset, collected received

powers from 3 base station 26250 non-line-of-sight (NLOS) and 5391 line-of-sight

(LOS) track points at 2.4966 GHz are investigated. According to [8], the dataset is

convenient for large scale parameter analysis and measurements in dataset are analyzed

for shadow fading as well. Fig. 3.5 shows the sample scatter plot and the normalized
histogram of received powers that are collected from Base Station 1 (BS1) in LOS
environment, while Fig. 3.6 shows the same plots for the received powers that are

collected from Base Station (BS3) in NLOS environment.
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Figure 3.4: (a) Normalized autocorrelation function (ACF) of Dataset I-P5. (b)

Normalized ACF of Dataset I all measurements. (c) Normalized
cross-correlation function (CCF) of the Dataset I track points showing the
decorrelation distance.
In order to demonstrate that Dataset II measurements are subject to independent
shadow fading, the normalized autocorrelation functions (ACFs) of LOS and NLOS

measurements in Fig. 3.7(a) and 3.7(b) are plotted. This is consistent with the reported

results in [40-45].
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Figure 3.5: (a) Scatter plot of the Base Station 1 (BS1) measurements in Dataset
II-LOS environment (b) Histogram of the Base Station 1 (BS1)
measurements in Dataset II-LOS environment.

3.2 Evaluation Metrics: MRD, WMRD and KL Divergence

In this study, error vector norm techniques that are used frequently in literature
are used to measure difference between the obtained and the actual pdfs [38].
These include the mean relative difference (MRD) the weighted MRD (WMRD)
and the Kullback-Leibler (KL) divergence. Additionally Kolmogorov-Smirnov
(K-S) goodness-of-fit test with the confidence level @ = 0.05 (corresponding to the
null-hypothesis rejection level of 5%) is used to determine whether the mixture model

is suitable for the actual histogram.
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Figure 3.6: (a) Scatter plot of the Base Station 3 (BS3) in Dataset II-NLOS
environment (b) Histogram of the Base Station 3 (BS3) measurements in

Dataset II-NLOS environment.

The values of MRD, WMRD and KL divergence are respectively calculated by using

the following equations

1 a4
MRD:—Z |y — 3|

T4 ()’H’)A’t)XO-S’
Zb/t_)ﬂ
WMRD = —-!

Y (v +3)x0.5

t

. N
Dgr(]ly) = ZYtlogZ;-
t t

3.1)

3.2)

3.3)

where Dk denotes the KL divergence distance, T is maximum Pg,, y; represents the

number of the "
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Figure 3.7: (a) Normalized autocorrelation function (ACF) of Dataset II-LOS
environment. (b) Normalized ACF of Dataset II-NLOS environment.

3.3 Numerical Results

According to [8], histogram of the Dataset II that is also used in this thesis, corresponds
to a lognormal distribution (normal distribution in dB) as expected. Fig. 3.10 and Fig.
3.11 show the normalized dataset histogram of Pg, in dB, the Gaussian mixture pdfs
(in dB scale) with several mixtures which are found by using EM and DPM algorithms,
Gamma and Weibull pdf estimates for LOS and NLOS environment respectively for
Dataset I1, while Fig. 3.8 and Fig. 3.9 show the same results for one point (P5) and all
measurements for Dataset I. It can be clearly seen that one Gaussian density function
(i.e. the universally accepted lognormal shadowing model) is not a good fit for the

measured data density function, while mixture models fit conceivably better.

In the Table 3.2 and 3.3, the accuracy of the proposed shadow fading models are
shown that the results obtained from both goodness-of-fit tests, error vector norm
based techniques (WMRD, MRD) and KL divergence. Results are consistent with the
literature [26,46]. According to the Table 3.2 and Table3.3, proposed mixture modeling
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has better MRD, WMRD and Dg; values than other models. The obtained parameters
and the outcomes of error metrics analysis for Dataset II-LOS measurements are
summarized in Table 3.4, from which it can be seen that the model obtained by
using EM consisting of four mixture components is the most accurate representation
of the measured power levels, with the smallest WMRD (0.3232,) value, while five
component mixture has smallest Dk (0.0021) value. Table 3.5 represents the error
metrics for Dataset [I-NLOS measurements. It can be seen that the mixture models are

obtained by using EM and DPM have the smallest evaluation metric values.

Both Dataset I and Dataset II measurements demonstrate that shadow fading can be
modeled more accurately with mixture models according to some evaluation metrics

to determine the optimum mixture component numbers for shadow fading.
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Figure 3.8: Normalized histograms of Pg, and pdf estimates for Dataset I one point

(P5). (a) Lognormal, (b) DPM (results in a three component mixture), (c)
Lognormal-2 obtained with EM, (d) Lognormal-3 obtained with EM (e)
Lognormal-4 obtained with EM (f) Lognormal-5 obtained with EM, (g)
Gamma pdf estimate, (h) Weibull pdf estimate.
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Figure 3.9:

Normalized histograms of Pg, and pdf estimates for Dataset I all
measurements. (a) Lognormal, (b) DPM (results in a two component
mixture), (c) Lognormal-2 obtained with EM, (d) Lognormal-3 obtained
with EM (e) Lognormal-4 obtained with EM (f) Lognormal-5 obtained
with EM, (g) Gamma pdf estimate, (h) Weibull pdf estimate.
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Figure 3.10: Normalized histograms of Pg, and pdf estimates for Dataset II-LOS
environment. (a) Lognormal, (b) DPM (results in a four component
mixture), (¢) Lognormal-2 obtained with EM, (d) Lognormal-3 obtained
with EM (e) Lognormal-4 obtained with EM (f) Lognormal-5 obtained
with EM, (g) Gamma pdf estimate, (h) Weibull pdf estimate.
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Figure 3.11: Normalized histograms of Pg, and pdf estimates for Dataset II-NLOS

environment. (a) Lognormal, (b) DPM (results in a two component
mixture), (¢) Lognormal-2 obtained with EM, (d) Lognormal-3 obtained
with EM (e) Lognormal-4 obtained with EM (f) Lognormal-5 obtained
with EM, (g) Gamma pdf estimate, (h) Weibull pdf estimate.
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In this Chapter, dataset properties are given along with the evaluation metrics to
measure difference between obtained and the actual pdfs. With the help of Dataset
I and Dataset II measurements, it is shown that shadow fading can be modeled more

accurately with mixture models according to mentioned evaluation metrics.

After proposed mixture model fits shadow fading more accurately, in the next Chapter,

coverage area and outage probability expressions will be derived.
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4. APPLICATION: THE EFFECT OF SHADOW FADING DISTRIBUTIONS
ON OUTAGE PROBABILITY AND COVERAGE AREA

Shadow fading has a fundamental role in wireless communication network design.
Coverage area, (C(¢)), and outage probability, (p,,), performances of the networks
are directly affected by the shadow fading characteristics. In this Chapter, C(¢) and
Pour for the received power are investigated with the lognormal, the lognormal mixture,

Gamma and Weibull shadow fading models by using two datasets.

4.1 Outage Probability and Coverage Area with Lognormal Shadowing

In order to determine the percentage of coverage area, we should calculate the
probability that the received signal level will exceed or fall below a desired threshold
value ¢. The probability that the received power at distance d, falls below ¢ is defined

as outage probability py, = p(Pre(d) < @) .

When X is a random variable with a lognormal distribution (Gaussian distribution in
dB), then the P, will also be a normal random variable in dB. Under this model, the
error function (erf(x)) can be used to determine the probability that the Pg, will exceed
or fall below ¢. According to the [1, 3], probability that the Pg, will exceed a desired
threshold value of ¢ is defined as

1 o 1 . (P - PRx(d)
P(Pre> @) =1—pous = 7 {1 erf <—\/§G )} , 4.1)
By using equation (4.1), p,,s can be written as
Dot = l {1 +erf (‘PLRX(CI))} 7
2 V2o (4.2)
1 {1+erf<¢_ [Pry(d) — 10n10g(d)+XG])} )
=5 N .

According to the analysis of Jakes and Rappaport [1,47], the probability of coverage
area of a single cell with radius R can be determined as

1

2 rR
=@ A /Op(PRx(r)>q))rdrd9. 4.3)
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by continuing with the calculations, C(¢) can be written as

C(¢) = % [1 —erf(a) +exp (%) X (1 —erf(1 _b“b)ﬂ , 4.4)

where

(6= Pes(R)) _ (9= Pr(R)+ 10nlog(R) _ 10alog(e)

a = =

o2 o2 ’ ov2

(4.5)

4.2 Outage Probability and Coverage Area with Lognormal Mixtures

Since we are analysing Pg, in dB, then analysis can be done with Gaussian random
variables and Gaussian mixture model. Assuming X is a Gaussian mixture, then by
using equation (4.1), the probability that the Pg, will exceed ¢ for Gaussian mixture

shadow fading model can be written as

K

pmu>m=£¥%b—a(¢_%%2_”v], (4.6)

where K is the number of mixture component and @y, is the weight of k& component

fork=1,...,K.

With the help of equation (4.6), p,,: for Gaussian mixture shadow fading model can

be defined as

K

In order to investigate coverage for mixture shadow fading, we note that C(¢)
is a weighted superposition of the coverage probabilities of individual coverage
probabilities. By using this information C(¢) for Gaussian mixture shadow fading

model can be written as

K
C(9) =) aCi(9), (4.8)
k=1

for k£ = 1,...,K. Note that by setting £ = 1 and u; = 0
we obtain the same expressions as in [1,47]. By using equation (4.8), C(¢) for

Gaussian mixture shadow fading model can be defined as

C(9)= i % [1 —erf(ay) + exp <%) % (1 —erf(l —bzkbk))] @49

k=1 k
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where

o= (¢ — Pre(R)) _ (¢ — Pry(R) + 10nlog(R)) by — 10nlog(e)
¢ Gk\/i Gk\/i o Gk\/§ ’
fork=1,... K.

(4.10)

4.3 Outage Probability and Coverage Area with Gamma Random Variable

Under the assumption of the X is a Gamma random variable in dB, then the Pg, will
also be a Gamma random variable. In order to calculate the probability that Pg, will
exceed and fall below ¢ for Gamma fading model, maximum likelihood estimation
(MLE) of NLOS and LOS received powers for Gamma pdf, f4(¢|a,b), can be estimated
with a shape parameter and b scale parameter. By using pdf of Gamma random

variable, p,,; can be written as

9
Pour = p(PRx(d) < ¢) = /_wf¢(t|a,b))dt,

1 ¢ ! PR a
= 1 lemhdt = Tipe | =2, ——
bT(a) /w ¢ ’C< b ’r(a))’

where [ (a,x) = ﬁ Jogre e ar.

4.11)

With the help of equation (4.3), the coverage area probability for Gamma fading model

can be calculated by using following equation

B 1 2x R . Pre a

4.4 Outage Probability and Coverage Area with Weibull Random Variable

If X is a Weibull random variable in dB, then the Pg, will also be a Weibull random
variable. To calculate p,,; for Weibull fading model, MLE of NLOS and LOS received
powers for Weibull pdf, f,(¢|A,k), can be estimated with k shape parameter and 24

scale parameter. By using pdf of Weibull random variable, p,,, can be written as
Pour = p(PRx(d) < (P) =1- e(_q)/l)k- 4.13)

By using of equation (4.13), the coverage area probability for Weibull fading model

can be calculated with following equation
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2% rR
C(¢) = # / =9/M rdrde. 4.14)
0 0

In this chapter, coverage area and outage probability expressions are derived. By using
the derived equations, in the next chapter, coverage area and outage probability figures

will be exhibited for the proposed model and candidate models.
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5. NUMERICAL RESULTS FOR OUTAGE AND COVERAGE ANALYSIS

In this Chapter, Gamma, Weibull, lognormal, and the proposed lognormal mixture
distributions for shadow fading model are investigated to determine coverage area,
(C(¢)), and outage probability, (p,.), both empirically and theoretically with by using
two real-life datasets. Empirical Dataset I includes only LOS environments, while
empirical Dataset II include both LOS and NLOS environment. Since Gamma and
Weibull distribution can not have a negative random variable, normalized Py, is shifted
50 dB for C(¢) and p,, analysis. Noting that number of mixture component for

proposed model is randomly chosen.

.................................................................
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Lognormal theory
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i O Gamma
oo —— Gamma Theory
Weibull

Weibull theory

40 45 50 55 60 65 70
Threshold (¢) [dB]

Figure 5.1: p,,; of actual data and theoretical and empirical p,, for Lognormal
Mixture (with 3 components), Lognormal, Gamma and Weibull shadow
fading models for Dataset I.

Fig. 5.1 shows the p,,, result for Dataset I. It is clearly seen that proposed mixture

shadow fading model better fits than other models. For example, with the threshold
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(¢)=40 dB, p,y is equal to 0.005528 for proposed model and 0.006106 is the actual
value, while p,,, values for other models are 0.05351 (lognormal), 0.03724 (Gamma),
0.1322 (Weibull).

O Lognormal Mixture ]
Lognormal Mixture Theory| |
O Lognormal
Lognormal Theory E

Outage Probability

O Gamma
""""" foseee | —— Gamma Theory
TR SRR TR R Weibull
Weibull Theory
10—4 1 Il 1 1 1 1 T
30 35 40 45 50 55 60 65 70

Threshold (¢) [dB]

Figure 5.2: p,,; of actual data and theoretical and empirical p,,, for Lognormal
Mixture (with 3 components), Lognormal, Gamma and Weibull shadow
fading models in Dataset II-LOS environment.
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Figure 5.3: p,,, of actual data and theoretical and empirical p,, for Lognormal
Mixture (with 3 components), Lognormal, Gamma and Weibull shadow
fading models in Dataset II-NLOS environment.

Fig. 5.2 and Fig. 5.3 show the p,,; results for Dataset I[I-LOS and Dataset I[I-NLOS

environment respectively. It can be easily seen that the proposed mixture shadow

fading model with three lognormal random variable components is a better fit for

Pour Of actual data than lognormal, Gamma and Weibull models both theoretically and

empirically.
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Figure 5.4: C(¢) of actual data and theoretical and empirical C(¢)for Lognormal
Mixture (with 3 components), Lognormal, Gamma and Weibull shadow
fading models for Dataset 1.

Fig. 5.4 shows the C(¢) result for Dataset I. With the threshold (¢)=45 dB, C(¢) is

equal to 0.8445 for proposed model and 0.8444 is the actual value, while C(¢) values

for other models are 0.7898 (lognormal), 0.7988 (Gamma), 0.7242 (Weibull). It is

clearly seen that proposed mixture shadow fading model better fits than other models.
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Figure 5.5: C(¢) of actual data and theoretical and empirical C(¢) for Lognormal
Mixture (with 3 components), Lognormal, Gamma and Weibull shadow
fading models in Dataset II-LOS environment.

Fig. 5.5 and Fig. 5.6 show the C(¢) results for Dataset II-LOS and Dataset II-NLOS

environment.
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Figure 5.6: C(¢) of actual data and theoretical and empirical C(¢) for Lognormal
Mixture (with 3 components), Lognormal, Gamma and Weibull shadow
fading models in Dataset II-NLOS environment.

According to these figures, the proposed mixture shadow fading model with three

lognormal random variable components better fit for C(¢) of actual data than other

mentioned models above. As it can be easily seen that lognormal mixture shadow

fading model gives more accurate p,,; and C(¢) results than other models.
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In this Chapter, as an application to show that better fitting models can provide more
accurate (realistic) estimates in terms of the coverage and outage probability, results
for lognormal, lognormal mixture, Gamma and Weibull shadow fading models are

demonstrated.
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6. CONCLUSIONS

In this thesis a lognormal mixture model for shadow fading based on cluster concepts
is proposed to address the inaccuracy of single lognormal and other shadow fading
models. The flexibility and the applicability of the proposed model is demonstrated
by proving that an arbitrary probability density function can be modeled as lognormal

mixtures by using positive definite kernels.

A nonparametric approach based on DPM models and a more practical parametric
approach based on EM, where it is assumed that the number of components are known

a priori are provided to find the parameters of the lognormal mixture components.

Two real-life urban macrocell empirical datasets are investigated to compare the
proposed lognormal mixture shadow fading model and other candidate shadow fading
models. The accuracy of the proposed lognormal mixture shadow fading model is
shown that the results obtained from both goodness-of-fit tests, error vector norm
based techniques (WMRD, MRD) and KL divergence. According to numerical results,
proposed mixture modeling has better WMRD, MRD and KL divergence values than
lognormal, Gamma and Weibull models. With the help of two datasets measurements,
it is shown that shadow fading can be modeled more accurately with mixture models

according to mentioned evaluation metrics.

The results of mixture modeling are extended to provide outage and cellular coverage
probabilities. By using two real-life datasets, outage and cellular coverage probabilities
for the received powers are investigated with the proposed lognormal mixture model
and lognormal, Gamma, Weibull shadow fading models. Mathematical expressions
for the proposed lognormal mixture shadow fading model and all considered shadow
fading models are derived. According to numerical results, simulations and theoretical
expressions are consistent and it is verified that more accurate shadow fading models

lead to more realistic analysis outcomes.
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Due to the fact that shadow fading has a fundamental role in wireless communication
network design and performance metrics of the networks are directly effected by the
shadow fading characteristics, other performance metrics should be investigated as a
future work to verify that more accurate shadow fading models lead to more realistic

analysis outcomes.
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APPENDIX A.1
Dirichlet Process Mixture Model for Lognormal Mixtures

DPM models are useful tools for analysing mixture models with an unknown number
of mixture components [36]. They can be applied for decomposing S(y) into
lognormal mixture components.

To be able to use DPM models, the parameters specifying the observation model are
RVs and the observations need to be exchangeable. Although RVs are dependent
among themselves, exchangeability demonstrates the assumption that RVs are
independent of their observation orders [22,37]. Noting that any Pg, measurement set
is exchangeable for the same d, so we can use DPM to determine mixture components.

Within the scope of our study, we use the Polya-Urn formulation [48] introduced
by Blackwell and MacQueen for determining the mixture components in the DPM
model [26,36]. Taking this model into account, each observation of y;.y belongs to
a mixture component. For any given mixture, all observations of a particular mixture
are independent draws from the same distribution. Define cj.y = (cy,...,cy) as the
vector of mixture labels, K as the number of distinct mixtures in the assignment, where
c¢i €{l,...,K} for i =1,...,N. Each mixture includes at least one observation. If
we assume that each observation is a member of a cluster of lognormal distributions,
O = (W, sz), where ; represents the mean and G,? is the variance, for k =1,....K.
Let S¢(y|6) denote the density of y;.y for a given value of 61.x = (6y,...,0), where
0, = 6, only when i = k.

Under the assumption that mixture parameters are iid, the probability distribution for
y; has a hierarchical form [49]. First of all, we have a Dirichlet based prior for the
mixture label ¢;, p(c;) of k™ mixture. Then, conditional on having K mixtures under
our assignment, we have K distinct 6;, which are independently drawn from a known
prior p(6). Finally, conditional on ¢; and 6, observation y; is drawn independently
from S¢(y;|6;;). Hence, the joint distribution can be written as [36,49]

K N
Sy(visci, 6k) = plei) [T p(6) [ T/ (il 6c:)- (A.1)
k=1 =1

Bayesian nonparametric models aim to specify the number of mixture components
with the assumption of K — oo (i.e. possibly infinite number of components),
specifying the prior over all likely distinct labelings. The prior over these labelings
is originated from the Chinese restaurant process (CRP) [37]. The CRP provides a
distribution over all possible labelings of the data [50], accordingly it can be used to
specify the number of mixtures in the lognormal mixture model. The prior for the
vector of mixture label ¢; is parameterized by a > 0, and can be calculated iteratively
by using

o N Nk/(i+a) fork=1,...k;
p(c‘“_k’c’)_{a/(ﬂra) fork=ki+1
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where k; is the number of mixtures in the assignment c¢;, and Ny is the number of
observations of mixture k [50]. Hereby with CRP, we reach a distribution over all
possible distinct labelings amongst mixtures and their posterior probabilities. CRP
can be used to determine shadow fading distributions of y; with the highest posterior
probability, so that we can model the experimental data in the MAP sense in an optimal
manner [51].

In order to deal with the problem of random sampling from a collection of conditional
distributions, the prior distribution in equation (A.2) is often difficult to work out
analytically, necessitating the development of Monte Carlo procedures [29,52,53]. We
use the Gibbs sampler to obtain the the optimum MAP labeling. This is a technique
for indirectly generating RVs from a marginal distribution without having to calculate
the density explicitly [54], and it can be used to implement a practically realizable
framework to estimate mixture distributions for received powers.

By using the relation between Gaussian and lognormal RVs given in Proposition 1,
each observation is drawn from a univariate Gaussian distribution with unknown mean
and variance, 6 = (1, v,f) The variance v,f is assumed an inverse Gamma prior. With
sp=1/ v,f, it can be written as [36]

-1
s; Peexp(—psi)
I'(s) ’
where ¢ is the shape parameter, p is the scale parameter, which are known and I'(g) is

the Gamma function. Conditional on si, My has a normal prior distribution with mean
v and variance 7/s;. The mixture parameters are iid with

Nk ~ '/V(Wv T/Sk)a (A-4)
v,f ~ InvGamma(g,p), (A.5)

(A.3)

p(sk) =

where InvGamma(-) denotes the inverse Gamma function [49].

In order to obtain distribution parameters of mixture components, we can follow the
formulation of Gaussian mixture model (based on Proposition 1). Conditional on
vector of mixture labels ¢;, the posterior distribution of the k" mixture’s parameter
(i.e. s, and m;) depend on N; and y , \A/kz the mean and the variance of these
observations. Hence, we obtain that Sy(sg|Ni,k, V) is Gamma density with shape

1+N, T
the unknown variance parameter for each mixture in (2.4) is estimated by using the

following equation
N\ Ni (on Gh—w)
(s+%) (p+ 2 (w4220, (A6

The S 7(Mk| Nk, yk,f/,f,sk), represented the conditional mean, can be written as a
Gaussian distribution

- 2
parameter ¢ + N;/2 and scale parameter p + % (\7,3+ Ox—y) ) [36]. As a result,

v]?:—:

Sk

W + N Tk T ) . A7)

1+NeT 7 (554 55N T)
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where the first and the second terms are the mean and the variance of Sg(-),

respectively. The mean and variance of unknown mean parameter in each mixture can
Ni

be estimated by using (A.7). Weights of each mixture can be calculated by m, = 5.
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