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Abstract

In cellular mobile networks due to the emerge of different application services, the data
traffic generated by these application services is increasing. Moreover, the traffic con-
sumption pattern is changing in time and space. Understanding and characterizing the
traffic demands and dynamics associated with different mobile services (e.g., knowing
when and where users use dominant application services) is instrumental for operators.
By doing so, operators can improve application services usability, optimizing network
service quality and use it as an input for technical and business strategies. In the case of
ethio telecom, the sole telecom service provider in Ethiopia, knowledge of the application
services distribution is not a known practice.

Therefore, the main purpose of this thesis work is modeling the spatial and temporal
traffic distribution of observed application services for Addis Ababa Universal Mobile
Telecommunication System (UMTS) network. In this regard, to study a temporal and
spatial distribution analysis of the traffic density (the traffic load per unit area) for se-

lected mobile application services, data traffic is collected from 739 bases Stations (BSs).

To model the temporal distribution of the selected application services, which are Stream-
ing, Social Networks and Web browsing, four candidate models: Normal, Lognormal,
Weibull and Stable are used. Based on maximum log-likelihood and probability plot eval-
uation criteria, out of four models, a Stable distribution modeling best fit for this
particular application services. Similarly, to model spatial distribution, out of the candi-
date four models, Weibull distribution model best fits for these particular services.

Keywords — UMTS; Modeling; Application Services; Temporal; Spatial; Statistical Modelling;

Weibull; Normal; Lognormal and Stable distribution.
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Chapter 1: Introduction

According to Cisco’s forecast on global Internet Protocol (IP) traffic growth, mobile data
is experiencing a phenomenal rise with an estimated Compound Annual Growth Rate of
46 percent from 2016 to 2021[1]. There are several reasons for the growth of this mobile
data. To mention some of them: advancements in cellular data network technologies, in-
creasing popularity of smartphones and the emergence of diversified mobile applications
service [2]. To transport the rapid growing data demand and diverse expectations of mo-
bile data users, service providers need to optimize their radio spectrum resources and

evolve their infrastructures [3].

The goal of a mobile network operator is to offer the customer an assured end-to-end
Quality of Service, with a variety of service levels and predictable service response. Such
a goal requires a set of intra-domain (radio access and core networks) and inter-domain
agreements, which is consistent along the end-to-end ‘chain’. For that purpose, service
providers need to have the capability to measure the service performance as experienced
by the customer, guarantee their QoS expectations and succeed in the launch of new mo-
bile services [4][5].

Characterizing the traffic dynamics associated to different mobile services, e.g., knowing
dominant application services and when and where users use these dominant application
services, is instrumental in improving application services usability, optimizing network
service quality and perform proper network dimensioning [6].

Knowledge of the temporal-spatial (i.e., the when and where) traffic distribution in cel-
lular networks mostly concentrates on the statistical distribution of users, base stations

(BSc) and traffic.
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The common approaches that are explained in [7] are summarized here:

1.

Spatial Poison Point Process distribution model: The spatial point process is a random
pattern of points in d-dimensional space and it will be SPPP when the pattern takes
poison distribution. Using the approach differently enables the modeling to capture
both uniform and non-uniform distribution of a system.

Lognormal distribution model: In probability theory, a log-normal distribution is a
continuous probability distribution of a random variable whose logarithm is normally
distributed. Models that use this distribution in cellular technology can be applied to
generate traffic for simulation, to estimate user distribution in a network and also to
determine traffic distribution in a coverage area.

Exponential distribution model: The exponential distribution is used to model the
time between the occurrence of events in an interval of time, or the distance between
events in space.

Gaussian distribution model: in this model, the system under study has a normal dis-
tribution. The system can be analyzed in d-dimensions and the model will be called

the d-dimensional Gaussian distribution model.

Traffic distribution models that capture or describe the statistical characteristics of the

actual traffic on the network are preferred for this study.
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1.1 Statement of the problem

Core tasks of any network operator include meeting consumers’ expectations, in applica-
tion services quality, and achieving optimum loading of the network. Improving
application services quality in a network requires proper resource and traffic manage-
ment [8].

In the case of ethio telecom’s Universal Mobile Telecommunication System (UMTS) net-
work deployed in the city of Addis Ababa, Ethiopia, the demand for various application
services is increasing and hence, the operator is continuously facing with bandwidth lim-
itation and service quality degradation [6]. Addressing these challenges faced by the
operator, among others, require knowledge of the traffic distribution at application ser-
vices level.

The aim of the thesis is to use statistical modeling approaches to understand the traffic
demand at an application service granularity. The modeling is done both in spatial and
temporal domains. Such knowledge will contribute to a variety of factors like under-
standing the consumption pattern (or behaviors) of users, improving network bandwidth
utilization, optimizing the network, improving quality of services offered to users, and,
ultimately increasing the company’s revenue. To the best of our knowledge, the company

does not have the practice of modeling the distribution of application services.
1.2 Objective

1.2.1 General objective

The ultimate goal of this thesis work is to model the spatial and temporal traffic
distribution of UMTS mobile traffic in the city of Addis Ababa using statistical

distribution modeling techniques at the selected application service granularity.
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1.2.2 Specific Objectives
To achieve the above mentioned general objective, the following specific objectives are
set:

e Review of related papers, journals, and books.

e Study about statistical modeling.

e Study about mobile application services.

e Analyse how the collected application services data temporal patterns behave.

e Study how the collected application services data over the spatial domain

visualized.

e Evaluate the candidate distribution models.

1.3 Related literature review

For modeling, the spatial and temporal distribution of the traffic in mobile cellular net-
work literatures have used different approaches. Some papers make the modeling either
in time, space or both in time and space domain. Regarding the analysis of the traffic
pattern, modeling techniques, methodology followed, used to model cellular network
traffic distribution literature written are explained as follows. In [7] application-level cel-
lular networks traffic data that are: IM, Web browsing and Video are selected. The study
proposes « stable modeled property in the temporal domain. In this research, a similar
approach as the temporal modeling followed and verified. But the difference is that they
provide prediction framework as well as in spatial domain Sparsity & Dictionary Learn-
ing” module imposed. The authors in [8] verified that lognormal distribution for spatial
traffic modeling which can reflect the spatial characteristic of traffic from real data and a

sinusoid superposition model is proposed for describing the temporal traffic variation.
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A three weeks’ data recording with a 5 minutes period collected in a 6km x 2.5km area
used. Compute the probability density function of the traffic volume for the area and then
the models compared. In this thesis the traffic distribution is modeled spatially followed
similar methodology but the difference is that this thesis selected three types of applica-
tion services rather than considering the whole cellular network. [9] Investigates the
traffic behavior of specific services across time and space that unveils a strong heteroge-
neity in the demand for different mobile services, both in time and space. A method for
selection of the services categorized and ranked on the relative traffic volume they gen-
erate that covers a large fraction (over 60%) of the overall network traffic. The temporal
dynamics of different mobile service patterns observed between weekends and working
days. Similarly, this research follows the same method for the selection of the services
based on the relative traffic volume they generate. A study in [10] models the spatial
traffic patterns for three typical regions by taking the average traffic within the selected
study area. The spatial traffic distributions of typical areas show that the parameters of
the model of the three regions are different. In dense urban, users are highly accumulated
and traffics are highly fluctuant over the space, on the contrary, in suburban users are
distributed relatively uniform and traffics are smoother over the space.

Authors in [11] study traffic patterns and predict per-user traffic demand utilizing appli-
cation usage. The exploration of patterns of large-scale users done by feature extraction,
feature reduction, and pattern identification. Predicting per-user traffic demand in appli-
cation-level using their historical traffic sequences is based on a hybrid model which
consists of the wavelet transform and ARMA with fitted mathematical model.

Spatial modeling of the traffic density in cellular networks is presented in [12] uses sta-

tistical distribution modeling techniques and modeled by log-normal mixtures.
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Performed analysis for the traffic profiling is done by divided target area is into a square
grid and each pixel (square) in the grid is assigned to the traffic density of its nearest BS
(cell), and thus a matrix of traffic density obtained to understand the real spatial distri-
bution of traffic demand.

Both in time and space domain the paper in [1] model UMTS AA traffic data using Fre-
quency-based methods. Fast Fourier Transform (FFT) is used for modeling the traffic in
a time domain and Two Dimensional Discrete Cosine Transform (2D-DCT) and its in-

verse is used to model the real traffic in space domain.

1.4 Methodology
The methodologies followed to achieve the general and specific objective of this thesis,
* Related literatures in the field of cellular network data traffic distribution modeling

are reviewed.

Review ethio telecom’s UMTS network architecture and traffic monitoring system.

Collected the input datasets from ethio telecom’s UMTS network through SMART

CARE server in .xIsx format.

Apply statistical distribution models for selected input datasets.

Implement distribution models for selected input datasets.

MatLab software tool was chosen to model the distribution of the collected data,

and Microsoft Excel is used to preprocessing of the data.
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Figure 1 Methodology used

1.5 Scope and limitation

1.5.1 Scope of the thesis

As described above traffic distribution modeling that characterizes the traffic dynamics
associated with different mobile application services is instrumental in improving appli-
cation services usability, optimizing network service. This thesis focuses to model the
spatial and temporal traffic distribution of top-three application services that have the
highest traffic demand. The conducting case study on ethio telecom’s Addis Ababa
UMTS network because it covers the wider range and it is most usable in Addis Ababa
mobile communication services. UMTS mobile technology offers both voice and data
services but due to the number of subscribers of internet services greatly increased and
the application services are the main source of traffic this thesis focuses only on applica-

tion services.
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1.5.2 Limitations of the thesis

Due to a large number of services available in different categories, it is not possible to
model the distribution for each service that exists in the UMTS network. In addition to
this, during data collection, the dataset has sites that miss full traffic information. Hence,
the modeling is performed for selected weeks by having full information about the data.
The result for temporal trend analysis is only valid for the normal conditions that are a
normal week and weekend without any holidays and/or events that could change the

demanded traffic.

1.6 Contribution of the thesis

Modeling the traffic for UMTS data service in Addis was done in [1]. However, and as of
our knowledge, only the referenced work-study focuses on modeling the distribution of
the selected application services for Addis Ababa UMTS network. The main contribution
of this thesis work is to represent the observed data by providing visual aids and statis-
tical models that highlight the distribution and behaviors associated with application
services. This helps mobile operators to deal with each application services Qos provided

to their customers and as an input for further analysis.

Spatial and Temporal Distribution Modeling Using Statistical Techniques



1.7 Thesis organization

The rest of the thesis is organized as follows. Chapter two provides a brief description of
the fundamental concepts of UMTS and its architectures. The quality of Service classes
and popular applications are briefly mentioned. Chapter three discussed the characteris-
tics and mathematical background of statistical models used in the rest of the paper.
Chapter four describes the system model used, explanation about the dataset used, pro-
cedures in developing the distribution model followed by the referenced work and finally
discusses the obtained results. At last, Chapter five presents the conclusion of the work

and recommends ideas for future work.
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Chapter 2: Background

This section provides an overview of the UMTS network and its bearer service architec-
ture. UMTS is developed in terms of various applications, services and bandwidth that
allows provisioning of Qos for various applications and services (e.g. guaranteed error
rates and delays), support of QoS differentiation (e.g. between delay-sensitive real-time
services and best-effort) [13]. Without a clear understanding of the traffic and the appli-

cations that might be using the network, QoS guarantees cannot be provided.

2.1 UMTS network

The development of UMTS network is mainly based on the GSM (Global System for Mo-
bile communication) /GPRS (General Packet Radio System) network that can support
different types of applications such as data, voice, and video. . GPRS is a telecommunica-
tions technology that enables high speed wireless internet and data communications in
GSM mobile networks. The 1st Generation of mobile Telecommunication Networks of-
fered voice service, exclusively. In 2G, support for fax and some data services such as a
mobile-adapted web browsing functionality, Short Message Service and Multimedia
Message Service were added [6]. 3G UMTS brings an evolution in terms of greatly en-
hanced capacity, data rates and new service capabilities from 2G systems. Compared to
GSM, UMTS offers a much higher throughput in the Megabit range as compared to kilo-
bit and a much larger variety of services [14]. It provides global mobility and high-speed
transmissions with a wide range of services including voice telephony, messaging, im-

ages, video, Internet access, and broadband data.
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2.2 UMTS architecture

UMTS network comprises three main parts: User Equipment (UE), UMTS Terrestrial Ra-
dio Access Network (UTRAN), and Core Network (CN). As shown in Figure 2.1, the
UMTS network has two major divisions: UTRAN and CN. And, the other one, User

Equipment (UE) is also included in the architecture.

Uu

| e
[osw ] s |

]
1500 et
o A

External Metwork

-~ T,
H [ Internet
SEEM GGEEN T, !
o[ s | ce [ )

CN 7

RNS -
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Figure 2 UMTS network architecture [15]

User Equipment (UE) consists of two parts: The Mobile Equipment (ME), which is a radio
terminal handling the communications on the Uu interface (radio interface), and the
UMTS Subscriber Identity Module (USIM), which is a smart card that contains the sub-
scriber’s confidential data such as identity, authentication algorithm, and subscription
information. USIM and ME communicate over the internal Cu interface. The UE accesses

the fixed network via the Uu radio interface.

2.2.1 Universal terrestrial radio access network
The radio access network of UMTS is called UTRAN, which is responsible for radio re-

source, data, signaling traffic, an exchange between UE and CN. The main task of
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UTRAN is to create and maintain Radio Access Bearers (RAB) for communication be-
tween User Equipment (UE) and the CN [16]. UTRAN is a combination of two parts:
Radio Network Controller and Node-B, both of them are explained below.

Radio Network Controller (RNC): It is the switching and controlling element of the
UTRAN, it performs various tasks and controls all radio resources within RNC. It is re-
sponsible for call admission control, radio resource management, data transmission,
radio bearer setup and release, code allocation, power control, packet scheduling.
Node-B: It is similar to the Base Transceiver System (BTS) in the GSM network. As like as
BTS, Node-B has the capability for both transmission and reception. It is responsible for
allocating the channel and radio resources to interact with the user equipment. It also
performs error detection and correction, modulation and handover management. Node-
B is connected with RNC and User Equipment via Iub and Uu interfaces respectively.
Both Node-B and UE verify the status of the connection and level of interference and send

the update to connected RNC.

2.2.2 Core network

The UMTS Core Network(CN) can be seen as the basic platform for all communication
services provided to the UMTS subscribers. The CN interacts with external networks for
different types of communication such as data, voice, and video, etc. The basic
communication services include switching of circuit-switched calls and routing of packet-
switched data [16]. Packet Switched elements of Core Network has also two basic mobile
network specific elements, SGSN (Serving GPRS Support Node) and Gateway GPRS
Support Node (GGSN).
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Serving GPRS Support Node (SGSN): As the name implies, this entity was first developed
when GPRS was introduced, and its use has been carried over into the UMTS network
architecture. It is responsible for routing the incoming and outgoing packet data from
and to GPRS users via a radio access network. It is also responsible for user authentica-
tion, user location update, data encryption and decryption, establishment, maintaining,
terminating sessions and mobility management procedure for UMTS users.

Gateway GPRS Support Node (GGSN):  Like the SGSN, this entity was also first intro-
duced into the GPRS network. The GGSN is the main component to support the packet-
switched network. It acts as a gateway to external Packet Data Network (PDN) such as
the internet. This component is connected with an external IP network to route the IP
packets. The protocol which is used in PDN is called Packet Data Protocol. GGSN con-
verts the Packet data into PDP format to send the External IP networks. The GGSN is
responsible for dynamically generating IP addresses.

Circuit Switched elements of Core Network: has two basic network elements, which can
be physically combined. These elements are serving Mobile Switching Centre
(MSC)/Visitor Location Register (VLR) and Gateway Mobile Switching Centre (GMSC).
The serving MSC/VLR element is responsible for circuit-switched connection
management activities, mobility management related issues like location update, location

registration, paging and security activities.

GMSC element takes care of the incoming/outgoing connections to/from other networks.
From the connection management point of view, the GMSC establishes a call path to-
wards the serving MSC/VLR under which the addressed subscriber is to be found. From
the MM point of view, the GSMC initiates a location info retrieval procedure, whose aim

is to find the correct serving MSC/VLR for call path connection.

Spatial and Temporal Distribution Modeling Using Statistical Techniques 13



2.3 UMTS services and bearer architecture

The 3G network mainly acts as an infrastructure providing facilities, adequate bandwidth
and quality for the end-users and their applications. This facility provision, bandwidth
allocation, and connection quality are commonly called Quality of Service (QoS). The var-
ious parts of the UMTS network contribute to fulfilling the QoS requirements of the
services in different ways. The end-to-end service requirements divided into three enti-
ties: local bearer service, UMTS bearer service and external bearer service [6].

e Local bearer service contains the mechanisms on how the end-user service is
mapped between the terminal equipment and Mobile Termination.

e UMTS bearer service, in turn, contains mechanisms to allocate QoS over the
UMTS/3G network consisting of UTRAN and CN. Bearer service is used for the
transfer of user and control data between network equipment.

e Since the UMTS network attaches itself to the external network(s), the end-user
QoS requirements must be handled towards the other networks, too.

UMTS allows a user/application to negotiate bearer characteristics that are most appro-
priate for carrying information. The layered architecture of a UMTS bearer service is
depicted in below Figure 3, each bearer service on a specific layer offers its services using
those provided by the layers below and the UMTS bearer service plays a major role in

end-to-end service provisioning.
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Figure 3 UMTS QoS Classes [14]

2.4 UMTS QoS basic classes

The concept of QoS has been created and defined in order to provide different treatments
to traffic from different services and/or users. To clearly understand UMTS QoS classes
also called traffic classes, the European Telecommunications Standards Institute (ETSI)

describes four UMTS QoS classes [18]. These classes are:

e Conversational,
e Streaming,
e Interactive, and

e Background.

Conversational Class: is the most demanding QoS class that comprises real-time symmetric

services with a minimum fixed delay, no buffering, symmetric traffic, guaranteed bit rate
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like voice or video telephone. This class has maximum priority over network resources,

the maximum transfer delay must be met to guaranty QoS.

Streaming Class: comprises typically one-way real-time services with minimum variable
delay, buffering allowed, asymmetric traffic,c guaranteed bit rate such as video

downloading and news streaming.

Interactive Class: provides an asymmetric non-real-time service with moderate variable
delay, buffering allowed, no guaranteed bit rate. Interactive Web and database retrieval
are examples of interactive services. The service is provided to either a machine or a hu-
man, which requests data from remote equipment; examples of human interaction are
web browsing, Social Networking Services (SNS), Instant Messaging (IM), FTP (File
Transport Protocol) and an example of machines interaction is automatic database inquir-
ies.

Background Class: in this class, services are characterized by big variable delay, buffering
allowed, asymmetric traffic, no guaranteed bit rate. Services in this class include the
background delivery of emails, files, and Short Message Service. The UMTS QoS classes

and its Fundamental characteristics are defined in [6], explained as follows:
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Table 1 Fundamental characteristics of the UMTS QoS classes

Traffic class Fundamental Characteristics Examples

Preserve time relation (variation) between

Conversational | information entities of the stream conversational Voice
pattern (stringent and low delay).
Preserve time relation (variation) between Streaming

Streaming
information entities of the stream. video
Request response pattern and preserve payload Web

Interactive
content. browsing

Background

The destination does not expect the data within a

Background download of

certain time.

emails

The UMTS is one of the features of cellular communication which can yield the different

types of services as per users’ satisfaction and possible to assign QoS classes so as the

specific services or access packages take priority over the bandwidth resource and the

higher service fees can be charged.
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Chapter 3: Traffic Distribution Modeling

This chapter introduces the basic concepts and notations that are employed throughout
the thesis. It consists of three parts. First, in Section 3.1, the foundations of random vari-
ables and probability distributions are introduced. Section 3.2 explains the important
Statistical Functions. In Section 3.3 we present commonly used continuous probability
distribution. This section will also introduce the important characteristics of the distribu-
tion’s PDF (probability distribution function), CDF (Cumulative Density Function) and
parameters to define each curve. Finally, Section 3.4 & Section 3.5 summarizes the Param-

eter Types and Parameter Estimation respectively.

3.1 Statistical traffic distribution modeling

A statistical model deals with uncertainties and therefore it contains a stochastic or ran-
dom part, that is, a component that describes the uncertain nature of the response
variable [17]. The main instrument to deal with uncertainty in mathematics is the concept
of probability and all statistical models incorporate some probabilistic assumptions by
assuming that response variables of interest have a probabilistic distribution. This prob-
abilistic or stochastic part of a statistical model usually arises from the assumption that
the data we observe are a sample from a larger (unknown) population whose properties
we are trying to study [18]. Probability distributions are widely used in the area of engi-
neering, actuarial science, computer science, biological science, physics, and other
applicable areas of study.

In statistical modeling, the continuous aim is to look for the probability law, which best
describes the observations arising from a given field and which should represent the un-
derlying data-generating process. The statistical analysis of what is variously referred to
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as lifetime, survival time, or failure time data is an important topic in many areas, includ-
ing the biomedical, engineering, and social sciences [19].
The modeling and analysis of lifetimes is an important aspect of statistical work in a wide
variety of scientific and technological fields. The types of models used in lifetime data
analysis range from fully parametric to nonparametric; semiparametric models that have
both parametric and nonparametric features are common [20].
Distributions may be classified [21] into families or systems such that the members of a
family

¢ have the same special properties and/or,

e have been constructed according to a common design and/or,

e share the same structure.
Such families have been designed to provide approximations to as wide a variety of ob-
served or empirical distributions as possible. Probability models are now a vital
component of every scientific investigation. These models lead to well-known parametric
lifetime distributions, such as exponential, Weibull, and gamma distributions, as well as
the change-point and mixture models [21].
The goal of modeling is to derive new information based on the data available, to describe
the data by summarizing it in some appropriate way or to make predictions about future

data values.

3.2 Important statistical functions

A continuous distribution displays the ranges of probabilities for the outcomes of a

random variable with infinite values and is used to model a continuous random variable.
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These types of random variables are uncountable and the probability of a continuous
random variable at one specific point is zero. Continuous distributions are typically

described by probability distribution functions.

The two most important statistical functions of probability distributions are PDF and
CDF. A probability density function f(x) can be used to describe the probability
distribution of a continuous random variable X and provides a simple description of the
probabilities associated with a random variable. Let X be a continuous random variable.

Then a probability distribution of X is a function f(x) such that for any two numbers a and

b,
Pria<X<bl= [ f(x)dx (3.1)

That is, the probability that takes on a value in the interval [a, b] is the area under the

density function from a to b.

A histogram is an approximation to a probability density function. For each interval of the
histogram, the area of the bar equals the relative frequency (proportion) of the
measurements in the interval. The relative frequency is an estimate of the probability that
measurement falls in the interval. The important point is that f(x) is used to calculate an

area that represents the probability that X assumes a value in [a, b].

The CDF describes the probability that a random variable X with a given probability

distribution will be found at a value less than or equal to x.
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For continuous distributions, it provides the area under the probability density function

from —eo to X, this can be expressed as:

Fx)=pX<x)=["_fdy (3.2)

F(x) represents the cumulative values of the PDF. For the 'well-behaved' distributions
(where F(x) everywhere differentiable) typically encountered in data analysis, the two

approaches are equivalent.

Expected Value or Mean: the expected value of a random variable is a measure of the central
tendency of the random variable. Another term to describe the expected value is the “first

moment’, that one expects a random variable to be.

Variance: each defined random variable has a variance associated with it as well. This is a
measure of the concentration of the observations within that random variable. When
calculating variance, the idea is to calculate how far each observation of the random
variable is from its expected value. The standard deviation is equal to the square root of the

variance.

3.3 Commonly used continuous probability distributions

Many different lifetime distributions can be used to model sample data but some well-
known continuous probability distributions in [22] [23] are Exponential Distribution, Nor-
mal distribution, Lognormal distribution, Gamma distribution, Weibull distribution, and Stable
distributions. Exponential Distribution is the probability distribution of the time between
events in a Poisson point process, i.e. a process in which events occur continuously and
independently at a constant average rate. The PDF of an exponential random variable is

described in Equation 3.3, where A > 0 is the rate parameter of the distribution.
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The CDF for the exponential distribution is described in Equation 3.4. In Equation 3.5, the

mean E[X] and variance Var[X] are described [24].

flx,A)=Ae™ x>0 (3.3)
F(x,A\)=1-e (3.4)
E[X]=7 and Var[X]== (3.5)

Normal distribution: is the most widely used distribution type. Most of the data are cen-
tered around the mean, but either side of the mean, we find fewer and fewer values [25].

The PDF and the CDF of the normal distribution are described in Equation 3.6 and Equa-
tion 3.7 respectively. The related error function erf (x) gives the probability of a random

variable with a normal distribution of mean 0 and variance 1/2 falling in the range [-x, x].

1/x—
f00=—2=e 25 )2 (3.6)
F(X) = Z[1+ erfC£)]  where (3.7)
2 _+2
erf(x) = \/—Efoxe tdt (3.8)
Mean =u and Variance = > (3.9)

Lognormal distribution: it has been used as a model in diverse applications in engineering,
medicine, and other areas [26]. The lognormal distribution is a variant of the normal dis-

tribution.
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A random variable X is said to be log-normally distributed if Y = log X is normally dis-

tributed [25]. The PDF and CDF of the lognormal distribution respectively is given by:

. 2y_ 1 _Uogxp®
flx;p,0°) = or— 202 L, x>0 (3.10)
F(X)= 5 +5 erf [F2F] (3.11)
Mean = exp (n+ %) (3.12)
Variance = exp [(d?) — 1] exp (2u + 62) (3.13)

where the location parameter u € R and the scale parameter o > 0.

Gamma distribution: is a flexible distribution that may offer a good fit for some sets of life
data. Sometimes called the Erlang distribution [19]. A continuous random variable X is
said to have a Gamma distribution with a shape parameter y > 0 and rate of the distribu-

tion A > 0, its PDF is given by:

AY x¥1e —Ax
I'(y)

fx(x) = x>0; y>0 where (3.14)

I' is the gamma function which has the formula:

r(y)=J, t"le tde (3.15)
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The CDF of the gamma distribution is given by:

F(X) = FF(—(VY)) x20;7>0 where (3.16)
L) = [t le tdt (3.17)

Weibull distribution is a continuous probability distribution named after Swedish mathe-
matician Waloddi Weibull. The PDF of a Weibull random variable is described in
Equation 3.18, where 1 > 0 is the shape parameter and o > 0 is the scale parameter of the
distribution. The CDF for the Weibull distribution is described in Equation 3.19. The
mean E[X] and variance Var[X] are described in Equation 3.20 and Equation 3.21 respec-

tively [27].

fixio, D=2 (1”@ x > 0 (3.18)
Fixo,0)=1-¢"@", x 20 (3.19)
EIX] = T0(1 +-) (3.20)
VarlX] = [ (1+2) - (0(1 + 2)?] (3.21)

Stable distributions are a family of probability distributions that permit adjustable levels
of heavy tails and skewness and include distributions such as Gaussian, Cauchy, and
Levy as particular cases [28]. A Stable distribution is characterized by four parameters:

e the stability index a € (0,2], that determines the thickness of the tails.

e the skewness parameter 3 € [-1,1], determining the asymmetry

e the scale parameter o > 0, the parameter o expands or contracts around p and
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e the location parameter u €R, the parameter p shifts the distribution to the left or
right.

Mean=p when a>1, otherwise undefined and variance = 202 when o> 0, otherwise un-
defined.
The major drawback for the application of Stable models are the lack of closed analytical
expressions for their PDF or CDF except in particular cases, which makes the application
of numerical methods a must, which implies a very high computational cost due to the
numerous PDF evaluations required to maximize the likelihood in the four-dimensional

parameter space [25] [32].

3.4 Distribution parameters

Generally, properties of the distributions include measures of location, scale, skewness,
and kurtosis [19]. For parametric distributions usually limited to a maximum of three
parameters. These three parameters are known as the scale parameter, shape parameter

and location parameter [26] and explained below.

Scale Parameter: a scale parameter usually represents or is related to the "spread’ of the
distribution. The scale parameter defines where the bulk of the distribution lies, or how
stretched out the distribution is. Occasionally it is the standard deviation or maybe the
coefficient of variation of the distribution. Shape Parameter: the shape parameter, as the
name implies, helps define the shape of a distribution. Some distributions, such as the
exponential or normal, do not have a shape parameter since they have a predefined shape
that does not change. In the case of the normal distribution, the shape is always the
familiar bell shape. The effect of the shape parameter on distribution is reflected in the

shapes of the PDF, the reliability function, and the failure rate function.
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Location Parameter: the location parameter, usually denoted as vy, defines the location of
the origin of distribution and can be either positive or negative. In terms of lifetime
distributions, the location parameter represents a time shift. A location parameter usually
represents the ‘center’ of the distribution. The center of a distribution can be explained
by the mean (average of the data set), the median where the value of data set cuts the
distribution in two halves with probability at each size 0.50, and the mode (the value of

the data set which has the highest value in the probability density function).

3.5 Parameter Estimation

An important task in statistical modeling is to fit the data with a probability distribution
by estimating its parameter vector. The term parameter estimation refers to the process
of using sample data to estimate the parameters of the selected distribution. There are
several techniques available for estimating unknown parameters from data that includes
[29]:

e Probability plotting, hazard plotting for the common life distributions.

e Maximum likelihood and probability plot estimates of distribution parameters,

percentiles, reliability functions, hazard rates, and hazard functions.
e Kaplan-Meier estimates of nonparametric distribution type.

e Confidence intervals for distribution parameters and percentiles.

Finding suitable values of the parameter vector that maximizes the likelihood function is
named Maximum Likelihood (ML) estimation, which is an essential method in estimation
theory [26]. To determine the most likely values for the parameters of the assumed dis-

tribution under MLE, mathematically formulated as follows.
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Given a family of probability distributions De with the parameter 0 and a PDF fe, the
observed data, fe(X(x1,xz,...,xn |0)). To find a fit for the parameter 0, the likelihood func-
tion of O with given x1,xz,..., xn is: L(0) = fe(x1,xz,...,xn | 0).

The likelihood function is given by:

L) = | [fo cule)

(3.22)
The logarithmic likelihood function is given by:
N
log L(6) = ) log fy (xi|6)
i=1
(3.23)

The maximum of this expression (or parameter values) can be found by solving the par-

tial differential equations:

dlogL(6
gLO)

=5 (3.24)

Log Likelihood is the value of the log likelihood function calculated using the maximum
likelihood parameter estimates. It is often used as a goodness-of-fit statistic by comparing
the log likelihood values achieved by each distribution and select as the best fitting the
one with the maximum value.

The probability plot is a popular graphical method because allows visual analysis of the
goodness of fit of the distribution to the data. The method of probability plotting takes
the CDF of the distribution and attempts to linearize it by employing a specially con-

structed paper [25].
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Chapter 4: UMTS Application Services Traffic Distribution
Modeling

This section introduces the necessary steps that are required to model the distribution of
the application service traffic. To fit an empirical dataset to an analytical distribution four
basic steps are necessary. First, the collected data has to be prepared. Secondly, we have
to choose a class of analytical distributions which we think fits our data best. Thirdly, the
parameters for the distribution are estimated. And finally, testing the goodness of the fit

tells us which distribution is the best approximated the real data.

4.1 System model

The general structure of the proposed system model used to model the spatial and tem-
poral distribution of selected application services traffic in Addis Ababa UMTS network

are shown in Figure 4 . Activates under each step are presented in detail below.

Input data —> Preprocessing

A 4

Feature selection

Distribution modeling

\ 4

Model evaluation Best Dist. model

Figure 4 System model
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4.2 Data collection and preparation

The input datasets used to model per application services are collected from ethio telecom
UMTS network through SMARTCARE server in .xIsx format. The data was collected from
739 cells for every hour of a weak period that contains the data traffic volume (MB) of
each service category utilized by each NodeB with their coordinates information. To
perform the data analysis, model building and parameter estimation Microsoft Excel and

Matlab tools have been used.

4.3 Feature selection

Feature selection is conducted by selecting the only features that are relevant for
modeling the temporal and spatial distribution of the selected application services. On
the feature selection phase, from the raw data for modeling the temporal domain the
attribute time, protocol category and total traffic are selected and for the spatial domain

the feature time, protocol category, cell id, and total traffic is selected.

Table 2 Sample raw data

1 |1Hour PROT CAT 3G Cell  Total Traffic{MB)} Upload Traffic{MB) Download Traffic(MB)

15 |2015-05-01 00:00:00~2015-05-01 01:00:00  IM 111019 W 3.87346 0.31506 3.5584
16 | 2019-05-01 00:00:00~2015-05-01 01:00:00 VolP 111019 W 0.03041 0.00972 0.02069
17 |2019-05-01 00:00:00™2019-05-01 01:00:00 Web_Broy 111019 W 91.92731 5.15879 86.76852
13 |2019-05-01 00:00:00~2019-05-01 01:00:00 Streaming 111015_U\I 231.544?1 8.08002 223.46467
19 |2019-05-01 00:00:00™2019-05-01 01:00:00 Email 111019 W 0.1414 0.05196 0.08544
20 | 2019-05-01 00:00:00™~2019-05-01 01:00:00 File_Acce:1110195_W 0.47814 0.08326 0.39488
21 |2015-05-01 00:00:00™2019-05-01 01:00:00 Other 111019 W 1.55017 0.25092 1.29925
12 |2019-05-01 00:00:00™2019-05-01 01:00:00 SNS 111019 W 4.12467 0.35047 3.73419
23 |2019-05-01 00:00:002015-05-01 01:00:00 Mavigatior 111019 _W 0.23704 0.0548 0.18224

In this phase among nine application service categories in the dataset, As shown in Figure
5, the first three services whose contribution is more than 73% of total traffic demand are

selected.
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Figure 5 Mobile application services traffic demand ratio in Addis Ababa

Three services that are Streaming, SNS and Web browsing, from the original data
collection, are studied and analyzed separately, to obtain models that able to describe and

predict the underlying data behaviors.

4.4 Model Selection and Parameter Estimation
Model selection is a necessary step for any practical modeling task. Since the true model
behind a real-world process cannot be known, the goal of model selection is to find the

best approximation among a set of candidate models.

4.4.1 Traffic Distribution Modeling in Space
After selecting the top application services, to understand the real spatial distribution of

traffic demand generated by the area of AA of each service is considered.
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To get the traffic density for modeling spatial distribution the steps followed in [ 1] also
implemented here:

1. The dimension of the city area is inscribed in a square of the same dimension.

2. Each side of the square is equally divided into N parts creating a matrix of N by
N, which reduced the space domain by a factor of 1/N2 and also the average num-
ber of sites in each cell by the same factor.

3. NodeB located in the same cell of the matrix is grouped and their data traffic of
every hour is summed up so that groups may be represented with a single traffic
profile.

After obtaining the traffic density of Streaming, Web browsing, and SNS application ser-
vices separately. The first step towards the statistical modeling of spatial traffic is
visualized the spatial distribution being modeled [30], the real traffic spatial distribution

of each service shown in Figures below .
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Figure 7 Web browsing spatial traffic distribution
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Figure 8 Social networks spatial traffic distribution

To build the best model for each each services, a statistical distribution models Lognor-
mal, Gamma, Weibull and Normal distribution are selected which is the second scenario
for modeling the spatial distribution of the three application services. The Plot below
shows the fit to the candidate distribution’s CDF and PDF based on the datasets of

Streaming, Web browsing, and SNS application services.
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Webarowsing Traffic with the candidate models PDF

Figure 11 Web browsing traffic PDF and CDF plots
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Models Evaluation for the spatial distribution of Application Services

After selecting the candidate models, then for evaluating these models, two approaches

are considered. The first Maximum log-likelihood Estimation [31], which is by comparing

the log likelihood values achieved by each distribution and select as the best fitting the

one with the maximum value, is used.

Table 3 List of candidate distributions and their fit to streaming traffic data

Distribution Likelihood Mean Variance

Normal -217.234 5.29785 0.80688
Weibull -207.35 5.31357 0.690119
Lognormal -232.568 5.30548 1.02412
Gamma -226.555 5.29785 0.917295

Table 4 List of candidate distributions and their fit to web browsing traffic data

Distribution Likelihood Mean Variance

Normal -209.274 5.17975 0.733093
Weibull -198.474 5.19616 0.61788
Lognormal -224.369 5.18662 0.925107
Gamma -218.523 5.17975 0.831732

Table 5 List of some distributions and their fit to SNS traffic data

Distribution Likelihood Mean Variance

Normal -205.558 5.15019 0.698465
Weibull -194.944 5.16652 0.595253
Lognormal -219.078 5.15622 0.865671
Gamma -213.701 5.15019 0.784023
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Probability Plot of each Application Services
The second approach to evaluate models for the spatial distribution of the real data with
the candidate distribution models, the graphical method for model checking, probability

plot is used to select the best model for each application services.
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Figure 12 Probability plot of Streaming traffic
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Figure 13 Probability plot of Social Networks traffic
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Figure 14 Probability plot of Web Browsing traffic

4.4.2 Traffic Distribution Modeling in Time

To obtain an understanding of the traffic pattern as well as for temporal modeling of each
application service of the observed data, we average the traffic data for each application
services for every hour of a week for both the Weekdays and Weekend of total traffic
separately.

Before diving into modeling the temporal distribution, it’s better to understand how the
traffic pattern behaves of each service. As shown in the below figures temporal traffic
trend for both weekdays and weekends of each service shows that they have nearly con-

stant hourly traffic pattern.
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The candidate traffic distribution models with the real traffic for temporal variation of

each application services of weekend and weekdays shown in the following Figures.
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Figure 18 Streaming real traffic with candidate distribution models
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Figure 20 Social networks real traffic with candidate distribution models
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Here also Maximum log-likelihood Estimation method is used for evaluating the candi-
date distribution in time domain. The tables below show the result for fits to the real data

of each application service by the candidate distributions.

Table 6 List of candidate distributions and their fit to streaming traffic data

Likelihood
Distribution Weekdays Weekend
Normal 6.41689 16.1198
Weibull 11.4651 19.2342
Lognormal 5.89068 15.8475
Stable 19.2308 23.1952

Table 7 list of candidate distributions and their fit to SNS traffic data

Likelihood
Distribution Weekdays Weekend
Normal -2.51207 9.01127
Weibull 2.44477 10.765
Lognormal 1.8807 8.64422
Stable 12.1988 14.37
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Table 8 List of candidate distributions and their fit to Web browsing traffic data

Likelihood
Distribution Weekdays Weekend
Normal 6.41689 16.1198
Weibull 11.4651 19.2342
Lognormal 5.89068 158475
Stable 19.2308 23.1952

The same as the spatial domain, the other approach used to check candidate distribution
for modeling the temporal distribution, is probability plot. Probability plot allows visual

analysis of the goodness of fit of the distribution to the data as shown below.
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Figure 21 Streaming traffic probability plot.
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4.5 Result and Discussions

This section presents the main results of this case study, where the statistical distribution
modeling techniques used to model the spatial and temporal distribution of the selected
three application services. Based on the traffic demand of AA area of application services,
the selection has done and starts modeling the application services, namely Streaming,
SNS and Web Browsing, in the time domain.
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Figure 24 Streaming temporal traffic trend

In the time domain (shown in Figure 24) as a sample, the Streaming temporal traffic trend,
it is observed that for each application services, for both weekdays and weekends they
have nearly constant hourly traffic patterns.

Following the analysis, then first the parametric distribution model candidates identified
to fit the three UMTS application services traffic, namely Weibull, Lognormal, Stable and
Normal. For the selected application services Streaming, SNS and Web Browsing, for both
weekday and weekend data sets, the models compared and ranked if which one has the

best approximation against the observed data.
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Searched for the optimal model structure based on a fit statistic of the model , the Maxi-

mum log-likelihood value and the visual aids ,the Probability Plot, proposed Stable

distribution model provides a better fit than Weibull, Lognormal, Normal models of the

real data for both weekday and weekend of the three application services.

The best and general model guarantee for the representation of the temporal distribution

of data variations throughout the weekdays and the weekend of the three services is the

Stable distribution model. The parameter estimates of Stable distribution model that fit

the distribution to the selected application services real data are obtained in the below

table.

Table 9 Estimated parameters and standard error for the temporal distribution

Application  Ser- | Parameter Estimate Std. Err.

vice Weekdays / Weekend Weekdays / Weekend
Alpha(a) | 0.578256 0.985874 | 0.136444 0.178943

Streaming Beta (3) -0.431022 -0.053393 | 0.223419 0.364889

Gamma (y) | 0.01799 0.019671 | 0.004667 0.0053511
Delta () 6.07346 5.86332 0.0036193 0.0055963
Alpha(a) | 0.542903 0.784384 | 0.130343 0.181299

Social Beta (3) -0.3602297 | -0.294091 | 0.226006 0.27845

Networks Gamma () | 0.0217774 0.0347042 | 0.0058068 0.0091152
Delta () 5.94473 5.66334 0.0040266 0.00870921
Alpha(a) | 0.797607 1.7556 0.184097 NaN

WebBrowsing  I"gora ) |-0288524 | -1 0.282235 NaN
Gamma (v) | 0.0429974 0.0852454 | 0.010892 NaN
Delta () 5.9216 5.67576 0.0109008 NaN
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Secondly, in space domain, in order to understand the real spatial distribution of traffic
demand, the traffic density is considered instead of the cell traffic. As shown in Figure 25
as a sample, firstly the spatial distribution of streaming traffic in city of Addis Ababa is

visualized, as the first step to effective modelling has been done.

Week Streaming Traffic Distribution(MB) «10°

25

Mobile Streaming Traffic (MB)

South-North(m) 0 : 0

West-East(m)

Figure 25 Streaming spatial traffic distribution

The continuous distribution model candidates identified to fit the three UMTS applica-
tion services traffic that are Weibull, Lognormal, Gamma and Normal. Using a Maximum
Log-likelihood value and probability plot, the candidate distribution models are com-
pared and ranked that approximated the observed data. Weibull distribution has been
selected for modeling the spatial distribution of the selected application services.

The parameter estimates and standard errors of the Weibull Distribution model that fit
the distribution to the selected application services real data are obtained in the below

table.
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Table 10 Estimated parameters and standard error for the spatial distribution

Application Service | Parameter Estimate Std. Err.
Mu (p) 5.6579 0.0608318
Streaming Sigma (o) 5.6368 0.485173
Mu () 5.48798 0.0561779
Social Networks | Sigma (0) 7.94481 0.05115
Mu (p) 5.5232 0.0572929
Web Browsing Sigma (o) 7.83553 0.504311
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Chapter 5: Conclusion and Future Work

5.1 Conclusion

With the increasing usage of diversified application services, data traffic generated by
these networks is increasing. Moreover, the data consumption pattern is changing in time
and space. Understanding and characterizing traffic demands and dynamics associated
with different mobile application services are instrumental for operators to improve ap-
plication services usability, optimizing network service quality and helps as input for
technical and business strategies.

The thesis presents, using Statistical distribution modeling techniques, modeling the spa-
tial and temporal distribution of the application services traffic based on the observed
data collected from AA UMTS network.

For the selected application services that are Streaming, SNS and Web Browsing the can-
didate models compared and evaluated if which one has the best approximation against
the observed data. It has been proven that the Stable distribution model guarantees the
representation of the temporal distribution of the data for both weekdays and weekends
and the Weibull distribution model for the spatial distribution of above mentioned appli-

cation service traffic data.
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5.2 Future work

Concerning these conclusions, it is importance to point out the following considerations
in future work:

e Applicability of the proposed models of the application services needs confirma-
tion for a next-generation network since the analysis performed herein
investigates UMTS networks.

e The obtained models target only to model separately the temporal and spatial dis-
tributions for the selected application services but it would be more practical to
use the spatio-temporal traffic model which can produce spatial inhomogeneity,
temporal variations.

e Application service traffic is dynamic as more and more application is available
every day so continuous learning to model application service is needed since it
is crucial to the design and optimization of networks to assure QoS for all appli-

cation service.
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