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Abstract

The rise of data warehouses and the rise of multi-media, social media and the Internet of Things
(IoT) generate an increasing Volume of structured, semi-structured and unstructured data. To-
wards the investigation of these large Volumes of data, Big Data and data analytics have become
emerging research fields attracting the attention of academia, industry and governments. Re-
searchers, entrepreneurs, decision makers and problem solvers view ‘Big Data’ as an important
tool used to revolutionize various industries and sectors, such as business, health-care, retail,

research, education and public administration.

In this context, a general view on analysis of Big Data, especially in telecommunications in-
dustry is proposed. In order to allocate scarce resources efficiently the location of mobile users
should be predicted. So, this work focuses on analysis of data for mobile users movement pre-
diction in telecommunications network. The objective of this work is to process and analyze
obtained samples of OpenCelliD data by means of Neural Network and provide as accurate mo-
bile users movement prediction as possible. More specifically, Modified Levenberg-Marquardt
(LM) algorithm is presented as an effective algorithm for movement prediction. Obtained result
from prediction is optimized by iteration method designed for finding the best possible combi-
nation of Neural Network parameters. Efficiency of mobile users movement prediction is verified
by simulation in Matrix Laboratory (MATLAB). Simulation results show sufficient accuracy
for wide use of prediction for mobile networks optimization or services exploiting prediction
of mobile users movement. Measured results fully reflect real solution for telecommunications

industry and can help to plan activities connected with mobile users movement in a given area.

Keywords

Big Data, Data Analytics, Location-Based Services (LBS), Telecommunications, Prediction,
Neural Network, Non-Linear Autoregressive with External Input Neural Network (NARXNN),

Dataset, Training, Optimization
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Chapter 1

Introduction

This Chapter discusses about basic definition of Big Data for prediction of mobile users move-
ment, problem statement, objective, related works, methodology, scope, and contributions of

this research.

1.1 Background

In today’s world data is everywhere. The idea of storing data into a special place called data
warehouse in order to be able to analyze it and to obtain the most valuable information has
already been thought and realized by many companies [1]. They copied the right data into their
warehouses and selected the right technique to analyze and display the data [2]. Every piece of
the data is organized and categorized in data warehouses [1|. Big Data can be described by ten
main characteristics, denoted as 10Vs: Volume, Velocity, Variety, Variability, Veracity, Validity,

Vulnerability, Volatility, Visualization, and Value [2]. See Figure 1.1.

The Volume means how much data is coming to Information Technology (IT) systems [2]. Ve-
locity is the speed, at which data is being generated, produced, created, or refreshed [1]. The
Variety is actually the reason why the inputs of data are so massive. In general, data can be
structured, unstructured or semi-structured [1|. Variability is understood as multiple disparate
data types and sources that cause a multitude of data dimensions [1|. Variability also refers to
the inconsistent speed at which Big Data is loaded into the database [2]. When any or all of
the above properties increase, the Veracity or in other words, confidence or trust in the data
dips. This is similar to but is not the same as, Validity or Volatility [2]. Quite akin to Veracity,
Validity refers to how accurate and correct the data is for its intended use |2]. Vulnerability

refers to the trustworthiness of the data [2].
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The Volatility is required to establish rules for data currency and availability as well as en-
sure rapid retrieval of information whenever it is required [1]. Yet another characteristic of Big
Data is how challenging it is to Visualize. Due to limitations of in-memory technology and poor
scalability, functionality, and response time, current Big Data visualization tools face technical
challenges [2]. Last, and positively the most important of all, is Value. The other characteristics
of Big Data are meaningless if one does not derive business Value from the data [2]. So, Big
Data can be used for Location-Based Services (LBS) that are beneficiary for the users day-to-day

activities.

The extensive availability of mobile communication devices together with the expansion of LBS
and applications has led to an increased research attention towards well-organized methods for
prediction of movements where a mobile user will travel [3|. These methods aim to improve both
end-user applications, such as route planning, carpooling, meeting planners or location-based
advertisements, and also be combined to solve network management issues [3, 4] such as resource

allocation, traffic planning, Quality of Service (QoS) improvement, and availability.

Figure 1.1: Big Data Summary |[2]

Movement prediction can be used as an efficient proactive network management measure. For
example, in order to ensure a smooth handover between neighboring cells during an audio call, a
common proactive measure is to allocate resources in all neighboring cells. The use of mobility
prediction offers more precise resource allocation and reduces the level of network signaling by
allocating resources only inside the most probable future cell. In order to achieve movement

prediction we must assume that the mobile device user follows specific patterns that can be
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modeled. Movement prediction is also influenced by variations in the schedule of a person

during a week, caused by different habits on working days and in weekends.

1.2 Statement of the Problem

Due to its importance in many industrial applications, Big Data is one of the major research
areas used for prediction purposes. Many researches have been carried out on movement predic-
tion using Neural Networks. Unfortunately, most of these researches have their flaws and they

were not able to accurately predict the users movement.

One of the main challenges in movement prediction is the users mobility is random and this
randomness results in inaccurate prediction of the users movement. The randomness in users
mobility can be alleviated if the schedule of the users during the working day and weekends
are known. Predicting the mobile users movement has many challenges due to the unrestricted
mobility of the users. Researches in movement prediction [9][10][11][21], tried to deal with the
challenges in different approaches. These approaches have problems and one of the problem is
the related significance of the users location is not known. The other problem is telecommu-
nication industry have huge amount of data and this data is not easily available which can be
used to extract valuable information to increase revenue income and reduce overall costs. So, to
solve the problems the related significance of the users location should be known and the right

data should be gathered to accurately predict mobile users movement.

This work endeavors to answer the following questions:

RQ1. Is Neural Network the best method used for predicting mobile users movement?

RQ2. Among the three algorithms which type of training algorithm outperforms?

RQ3. Is it possible to improve telecommunication industry QoS, if it is likely to predict mobile

users movement?

1.3 Motivation

Imagine a world without data storage; a place where every detail about a person or organization,

every transaction performed, or every aspect which can be documented is lost directly after use
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[3]. Organizations would thus lose the ability to extract valuable information and knowledge,
perform detailed analyses, as well as provide new opportunities and advantages [3]. Anything
ranging from customer names and addresses to products available, to purchases made, to em-
ployees hired, etc. So, data has become essential for day-to-day continuity [1]. Data is the

building block upon which any organization thrives [1].

Now think of the extent of details and the surge of data and information provided nowadays
through the advancements in technologies and the Internet. With the increase in storage ca-
pabilities and methods of data collection, huge amounts of data have become available. Every
second, more and more data is being created and needs to be stored and analyzed in order to
extract value. Furthermore, data has become cheaper to store, so organizations need to get as

much value as possible from the huge amounts of stored data.

Imagine also the situation when you hop in your car to head to the gym after work. You don’t
turn on your phone’s navigation because you know the way, but there is an accident on your
route and a lot of traffic. If your phone knows where you are going without you telling it, it could
warn you before you start driving and help you reroute. Of course, all this movement prediction
sounds a bit creepy, but if it is all happening on a device, and never storing your location history
in the cloud, maybe people will feel a little more secure. This work aim is to predict users lo-

cation using their current location and the current time, learning from the users location history.

So, from Big Data found in telecommunication industry we can predict users movement in mo-
bile networks to allocate resources efficiently, traffic planning, QoS improvement and availability

[4].

1.4 Objective

1.4.1 General Objective

e To process and analyze Big Data for prediction of the users movement in mobile networks.

1.4.2 Specific Objectives

e To use Neural Network method to predict mobile users movement;

e To use the Gradient Descent with Adaptive Learning algorithm, the Bayesian Regulariza-

tion (BR) algorithm, and the Modified Levenberg-Marquardt (LM) algorithm, for predict-
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ing the future location of the user and show that the Modified LM algorithm outperforms

the other algorithms;

e To obtain prediction results for significant improvement of telecommunication industry in

terms of marketing activities, customer QoS and infrastructure planning.

1.5 Scope

The aim of this research work is to predict the users movement in mobile networks. The scope of
our study is limited to computer simulations using OpenCelliD measured data. The simulation
results of the Gradient Descent with Adaptive Learning algorithm, BR algorithm, and Modified

LM algorithm are evaluated based on their performance.

1.6 Contributions
The main contributions of this work consists of:

o Well-arranged definition of LBS in cellular communications network, Big Data concept for
telecommunications and provision of a deeper insight to Big Data use cases and customer’s

behavior in the network and QoS.

e Analysis of three types of algorithms for prediction of users movement exploiting processing

of Big Data.

e Prediction of mobile users movement using OpenCelliD data set and Neural Network for

prediction of future movement based on the samples of position of the users in the past.

e Optimization of created Neural Network by adaptation of the Neural Network parameters

to increase prediction accuracy.

1.7 Literature Review

Former work on movement prediction use approaches such as statistics, data mining, handover
analysis [5], Markov models [6-8|, decision trees, Artificial Neural Networks (ANNs) [9]. Most
related work on future movement prediction does not try to find the related significance of the
location which could be used to enhance the results of the prediction methods. Many of these
works rely on extracting spatial trajectories and do not take into consideration the user schedule

and the calendar data regarding the desired day for prediction.
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The work proposed in [10] is a machine learning prediction system aimed at predicting the
next celllD where mobile devices will handover to. Their system uses location data gathered
from the cellular network consisting of Channel State Information (CSI) and handover history
[10]. Their proposed method treats location prediction as a classification problem solved by
applying Support Vector Machines (SVM) [21]|. Another proposed method aimed at predicting
only the next location is presented in [11]|, which uses sequence mining by utilizing multiple

support thresholds for different levels of pattern generation.

Xiaofeng et al. [12| proposes a location prediction algorithm that make use of directional anten-
nas. Their work is mainly oriented at predicting and tracking location of moving vehicles. Parija
et al. [9] employ the use of Neural Networks as a solution to the location management problem
in cellular networks. Their work proposes a prediction based location management scheme using

the Multi-Layer Perceptron (MLP) as basis.

In [22], Gao et al. uses both spatial and temporal data to predict users locations. In or-
der to use temporal information in prediction phase, they assume that a person’s daily visit
frequencies follow Gaussian distribution. They also break down the temporal information as
hour and day. They managed to predict user locations with an accuracy rate of 50% with their

proposed method which is named as Hierarchical Pitman-Yor (HPY)-Prior Hour Day Model [22].

In [23], Rajagopal et al. proposes a location prediction algorithm which first calculates cell-
to-cell transition probabilities of a mobile user using the previous movements of the user, then
saves this information to a matrix. Based on this matrix, next location is predicted using k,
which is a user defined parameter, most probable cells which are the neighbors of the current

cell. This algorithm is called Mobility Prediction based on Transition Matrix (TM).

The work presented in [7] proposes a hybrid method for future location prediction using Hidden
Markov Models (HMMs). Their approach clusters location histories according to their charac-
teristics, and latter trains HMMs for each cluster. The HMMs [21] are then used for location
prediction. Their method of location clustering has the same objective as our location detection
method, though different techniques are employed. For location prediction to be precise, the

identification of the boundaries and the significance of the user locations are needed.
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The proposed method in this work for movement prediction combines spatial and temporal
analysis in order to extract the location of the user. The extracted data is then used to adapt
the Neural Network according to the desired day for location prediction. This work describes
the steps involved in designing a network that can obtain location prediction using mobile data

collected using satellite Global Positioning System (GPS) and applications.

1.8 Methodology
In order to conduct this research the methodology shown in Figure 1.2 is used.

Selection of
Methodology and

Preliminary Study Literature Review Performance

Evaluation

Algorithm v Data

v Identifying the
research

v Big Data

Analytics for
problem Mabile

v |dentifying Networks
theoretical b3 A Novel

Approach for

Prediction

framewaork
v |dentifying aims
and objectives
v Writing
Proposal

v Selecting the
best Statistical
Methodology

7 v Selecting
algorithm that
outperforms

Collection,
Data Pre-
processing,
Network
Creation,
Configuration,
Training and
Network
Optimization

Conclusions and
recommendations

Literature Review Dat? Neural network creation SR Nlet\_NorI_<
collection model optimization

Figure 1.2: Research Methodology

Literature Review: Literature survey of theoretical bases and related works on users move-

ment prediction.

Data Collection and Pre-Processing: The data needed for this research work are collected

and pre-processed.

Neural Network Creation: The Non-Linear Autoregressive with External Input Neural Net-

work (NARXNN) desired for this work is created.

Evaluating the Neural Network Model: Finally the network that is created is evaluated

based on the performance result obtained.
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1.9 Thesis Organization

Following this first Chapter, the second Chapter presents an overview of the evolution of cellular
networks and LBS in cellular communications network. The third Chapter presents an overview
of Big Data in telecommunication industry and one of the deep learning technique called Neural
Network, which is used as a method for prediction of users movement in mobile networks.
The fourth Chapter presents the experimentation procedure starting from data collection to
the results obtained for prediction of users movement in mobile networks. The fifth Chapter

concludes this work and it provides a recommendation for the future.



Chapter 2

Location-Based Services (LBS) over

Cellular Communications Network

This Chapter provides a brief background about First Generation (1G), Second Generation (2G),
Third Generation (3G), Fourth Generation (4G), Fifth Generation (5G), LBS and Mobility Pre-
diction, giving an exposition of 3G as a Universal Mobile Telecommunications System (UMTS)

architecture.

2.1 Cellular Communications Network Generations

Cellular communications network made a huge step in the way people communicate. The re-
markable growth in cellular communications in the last few years has led to mobile technologies

development and increase in the number of users.

The evolution of this technology is reaching 5G [71]. The previous generations were developed
through research with the 1G, 2G, and 2.5 Generation (2.5G) developed simultaneously along
with the 3G [59]. The 1G was developed to provide the basic voice communication with mobile
ability, while the 2G and 2.5G introduced the concepts of capacity and coverage [59]. The 3G
made the mobile broadband concept a reality by providing higher speeds for data transmission
[59]. The 4G is developed to accommodate the QoS and rate requirements set by forthcoming
applications like wireless broadband access, Multi-media Messaging Service (MMS), video chat,
mobile TV, High Definition Television (HDTV) content, Digital Video Broadcasting (DVB),
minimal services like voice and data, and other services that utilize bandwidth [71]. This evo-
lutionary time-line continues to reach 5G which expands the Mobile User (MU) services and

provides a higher data rate to support both low and high speed mobile applications [71].
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2.1.1 First Generation (1G) Network

These phones were the first mobile phones to be used, which was introduced in 1982 and com-
pleted in early 1990 [72|. It was used for voice services and was based on a technology called
Advanced Mobile Phone System (AMPS). The AMPS was frequency modulated and used Fre-
quency Division Multiple Access (FDMA) technique with a channel capacity of 30KHz and a
frequency band of 824 - 894MHz [72]. Its speed is 2.4Kbps, allows voice calls in one country, use
analog signal, poor voice quality, poor battery life, large phone size, and offered very low level

of spectrum efficiency [72].

It also introduces mobile technologies such as Mobile Telephone System (MTS), Advanced Mo-
bile Telephone System (AMTS), Improved Mobile Telephone Service (IMTS), and Push to Talk
(PTT) [71]. Furthermore, it has low capacity, unreliable handover, poor voice links, and no
security at all since voice calls were played back in radio towers, making these calls susceptible

to unwanted eavesdropping by third parties [72].

2.1.2 Second Generation (2G) Network

At the end of the 1980s, the MUs increased in number which led to a serious need for in-
creasing the capacity of the network [60]. This was achieved by introducing a digital system
that could support services such as low data rate and traditional speech. These systems are
considered as the 2G cellular systems [60]. The services supported by the 2G cellular systems
use digital multiple access technologies, such as Time Division Multiple Access (TDMA) and
Code Division Multiple Access (CDMA) [60]. These digital multiple access technologies provide
higher spectrum efficiency, better data services, and more advanced roaming [60]. Standards
for the 2G were deployed and put into effect in European Telecommunication Service Institute
(ETSI) called Global System for Mobile Communications (GSM) which enabled reliable services
throughout Europe to support international roaming [60]. The support of multiple users was
introduced in TDMA technology. In the years since that time, GSM technology has been con-
tinuously improved to offer better services to satisfy the needs of the network subscribers. Based
on the GSM system more technologies and new services have been developed, which leads to

creating new systems known as 2.5G systems [60].

Meanwhile, the United States of America (USA) started its line of development for the 2G
digital cellular systems [60]. In 1991 the first digital system called the International Standard-
54 (IS-54) (North America TDMA Digital Cellular) was introduced [60]. Years later a new
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version supporting additional services (the IS-136 Standard) was introduced. In 1993, IS-95
(CDMA One Standard) was deployed [60]. The United States (US) Federal Communications
Commission (FCC) allowed the 1900MHz band spectrum to become operational for Personal
Communications Service (PCS), allowing GSM1900 to enter the USA cellular communications
network market [60]. In 1990, a smaller scale of the 2G was defined by the Japanese Personal
Digital Cellular (PDC) system, which was known as Japanese Digital Cellular (JDC) [60].

The main elements of the GSM architecture reside in the Base Station Subsystem (BSS) [59]. The
BSS is built up using Base Transceiver Stations (BTSs) and Base Station Controllers (BSCs).
The Network Switching Subsystem (NSS) consists the Mobile Switching Centers (MSC), the
Visitor Location Register (VLR), the Home Location Register (HLR), the Authentication Cen-
ter (AC), and the Equipment Identity Register (EIR) which were developed during that time
I59).

2.1.3 Third Generation (3G) Network

The evolution in technologies created the need to develop a more enhanced cellular communi-
cations network than the one in the 2G or 2.5G to have faster data rate, higher data capacity
and better QoS [59]. International Mobile Telecommunication for the year 2000 (IMT-2000) as
specified by the International Telecommunication Union (ITU) involved the newly developed
standards and specifications of the communications network [61]. The 3G system solved the
differences in the standards such as in GSM and CDMA by introducing new solutions such as
in roaming services [61]. These standards were grouped into families to solve several issues and
expand the set of services such as voice-video calls, and broadband wireless data transfer within

the cellular environment [59].

The Third Generation Partnership Project (3GPP) worked on a wideband system based on
the Wideband CDMA (W-CDMA) technology, referred to as UMTS, that uses the core of GSM
technology [61]|. This solution improved the data rate transmission from the mobile device over
the network by different frequencies than 2G with a downlink rate up to 14.4 Mbps and uplink
rate up to 5.8Mbps as in High Speed Packet Data Access (HSPDA) [59]. The 3G QoS standards
assure subscribers to have the highest data rate provided by the operator [61]. The architecture
of the 3G system is described in the UMTS architecture Section.
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2.1.4 Fourth Generation (4G) Network

The rapid increase in the users demand to have a higher data rate than the previous technology
encourages the wheel of development and research towards new technology to keep turning and
deliver new user experiences. The 4G introduced a new platform that combined all kinds of
known mobile technologies such as GSM, CDMA, UMTS, Wireless Fidelity (Wi-Fi), and even
Bluetooth to deliver what is called the IMT-Advanced multi-service [62, 63]. Multi-service means
integrating all the cellular services that the user has or would expect to have with the highest
service quality [62]. The IMT-Advanced services provide fast interactive cellular services with
enhanced data rate access |64, 65|, roaming capability as well as broadband multi-media. Long
Term Evolution (LTE-Advanced) is one of the IMT-Advanced items already provided by 3GPP
[65]. Another item is Worldwide Interoperability for Microwave Access Multiple-input Multiple-
output communications (WiMAX MIMO) which is provided by the Institute of Electrical and
Electronics Engineers 802.16 Standard (IEEE 802.16).

2.1.5 Fifth Generation (5G) Network

5G was started from late 2010s [71]. Facilities that might be seen with 5G technology includes
far better levels of connectivity and coverage [71]. The main focus of 5G will be on Wireless
World Wide Web (WWWW). It is a complete wireless communication with no limitations [71].
The main features of 5G are: it is highly supportable to WWWW:; high speed, high capacity;
provides large broadcasting of data in Gbps; multi-media newspapers, watch TV programs with
clarity (HD Clarity); Faster data transmission than that of the previous generation; large phone
memory, dialing speed, clarity in audio/video; support interactive multi-media, voice, streaming

video, Internet and; more effective and attractive [71].

2.1.6 Universal Mobile Telecommunications System (UMTS) Architecture

UMTS is 3G system promoted by ETSI and provides a vital link between today’s multiple GSM
systems and the ultimate single worldwide system for all cellular communications network. It
is also referred to as W-CDMA and it is one of the most significant advanced evolution of com-
munications network from 3G networks [67]. It addresses the growing demands of mobile and
Internet applications in the overcrowded cellular telecommunications network. It increases the

network speeds and establishes a global roaming standard.

A simplified architecture of a UMTS system is shown in Figure 2.1. UMTS is divided into
three main components: MU, Universal Terrestrial Radio Access Network (UTRAN) and Core
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Network (CN), with the corresponding interfaces among them [67]. The CN, which is responsible
for connecting UMTS to external networks, provides functionalities of switching calls for voice

communications and Packet Switched (PS) services for data transmissions [68].

Figure 2.1: A Simplified Architecture of UMTS System [68§]

The NodeB which is also called Base Station (BS) and the Radio Network Controller (RNC) are
collectively known as the UTRAN [68]|. From the UTRAN to the CN, the RNC is responsible
for handling radio resources of UTRAN [68]. NodeB is the lowest element of the UTRAN, which
connects to the MU directly [68]. The RNC decides on where the traffic should be transmitted.
Packet traffic is sent to a new component, first to the Serving General Packet Radio Service
(GPRS) Support Node (SGSN) and then to the Gateway GPRS Support Node (GGSN) [69].
The function of the GGSN is very similar to the normal Internet Protocol (IP) gateway, which

transfers the receiving packets to the appropriate Internet [69].

Public Phone

Core Network

Figure 2.2: The Architecture and Connections between UMTS Components [69]

If there is a voice call from a subscriber, the RNC will transmit the traffic to the MSC. If the
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subscriber is authenticated before, the MSC switches the phone call to another MSC. The call
is switched to the Gateway MSC (GMSC) if the called end is in the public fixed phone network.
The MU which is the terminal of the UMTS [68], interfaces with the radio interface of UTRAN
and user applications. A diagrammatic illustration of the UMTS architecture is shown in Figure

2.2 69].

Figure 2.3 shows the infrastructure of the UTRAN. The components that composes the UTRAN
are the Radio Network Subsystems (RNS). A UTRAN contains one or more RNS, each of which
is connected to the CN respectively. RNS can be divided further into two entities: RNC and BS
called NodeB in standards. One RNS contains only one RNC and one or more NodeB’s [69].

Core Network

RNS
RNC

Node B Node B Node B MNode B

Figure 2.3: UTRAN Architecture [69]

RNC is responsible for resource allocation and transmission/reception in a group of cells [69].
For each connection between the MU and the UTRAN;, there exists a RNC, namely Serving
RNC (SRNC) to control the establishment and the release of specific radio resources to the
connection [69]. If the connection state changes because of the move of the MU, the connection
may be handed over to a different RNC, namely Drifting RNC (DRNC) [69]. The SRNC decides
based on the parameters given by the MU and the UTRAN, whether a handover is necessary
or not and performs the initial handover if it is necessary. The SRNC is responsible for the
Macro-diversity, the Macro-diversity determines the threshold for the MU to connect more than

one cell and the serving cell [69].
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Table 2.1 compares the five generations of mobile technologies starting from deployment year,

followed by data bandwidth, technology used, core network, type of multiplexing used, switching

mechanism applied, primary service, key differentiator and finally weakness of the technologies.

Table 2.1: Comparison of Mobile Generation: 1G to 5G [71]

Technology 1G 2G 3G 4G 5G
Deployment 1970-80 1990-2004 2004-10 Now Soon (prob-
ably by
2020)
Data Band- | 2Kbps 64Kbps 2Mbps 1Gbps Higher than
width 1Gbps
Technology Analog Digital CDMA WiMAX, WWWW
2000, Wi-Fi, LTE
UMTS,
EDGE
Core Network PSTN PSTN Packet Internet Internet
Multiplexing FDMA TDMA/CDMA | CDMA OFDMA OFDMA
Switching Circuit Circuit, Packet Packet All Packet All Packet
Primary Service | Analog Digital ~ Phone | Phone Calls, | All-IP  Ser- | High speed,
Phone Calls | Calls and Mes- | Messaging, vice (includ- | High ca-
saging Data ing Voice | pacity and
Messages) provide
large broad-
casting  of
data in
Gbps
Key Differen- | Mobility Secure, Mass | Better Inter- | Faster Better cov-
tiator Adoption net Experi- | Broadband erage and
ence Internet, no dropped
Lower La- | calls, much
tency lower la-
tency,
Better
performance
Weakness Poor spec- | Limited data | Real perfor- | Battery use ?
tral ef- | rates, difficult to | mance fail | is more,
ficiency, support demand | to match | Requires
major secu- | for Internet and | type, failure | compli-
rity issue E-mail of WAP | cated and
for internet | expensive
access hardware
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2.2 Location-Based Services (LBS)

LBS are services offered through a mobile phone and take into account the device’s geographical
location. Many services can be considered as LBS such as navigation assistance, emergency
location detection applications, disaster aid, finding friends in social networking, locating point of
interest using map applications, etc [70]. In order to use LBS the correct positioning technology
is required. Using a Geographical Information System (GIS) that shows the areas and through
mapping the environment where a mobile operator serves is important [70]. LBS faced a lot of
challenges in the past such as insufficient positioning technologies, limited standards that support
it amongst operators and networks, inappropriate infrastructure such as lack of GPS enabled
handsets [70]. Recently, there has been a modification on the business model by considering
location as the subject of operators. LBS are now supported by most mobile phone applications.
LBS applications design features are started by collecting positioning data through GIS, and
these data are mapped with sufficient information about the road network and point of interest

[70).

2.2.1 Components of LBS

LBS architecture is built up upon several layers, each of which contains many components. The
first layer is User Interface (UI) which includes; LBS application, application server data and
smart phone devices [66, 70]. The second layer is LBS middleware. The third layer holds the
core LBS features which are: Location Tracking, GIS provider with data and Location Collection

Services (LCS), see Figure 2.4 [70].

User Layer

LBS Application s SEnvei
o

LBS Middleware

Location Collection

Location Tracking Service (LCS)

Core LBS Features

Figure 2.4: Diagram Showing Components of LBS [70]
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LBS components and their functionality are explained below [70]:

User Side (US): LBS application is installed on a smartphone component and consists of

a number of sensors connected to a server component that stores the application’s data.

LBS Middleware: Provides a medium between LBS application and core LBS features layer.
One example of such middleware is the Open Location Services (OpenLS) which specifies inter-

faces that enable companies in the LBS value chain to provide their pieces of applications.

Core LBS Features: Location Tracking to store traces of the MU locations. It works by
keeping records of MUs’ locations, current and previous. It also detects the MUs location within
a defined location in addition to generating MU’s movement model. The GIS provider is mostly
responsible to provide geo-spatial functionality that includes information such as maps, and vi-
sualization of maps in addition to directory services. This can be found in "Google Maps". LCS

is used to detect latitude and longitude of specific users by collecting their locations.

2.2.2 Benefits of LBS

LBS provide a number of benefits for MUs, these benefits can be reached through the services
served by the cooperation chain to enable the MUs to get every relevant material on the Internet,
that aids him/her in taking decisions by filtering the important information to fit the position

that he/she is located at, for example, choosing the best hotel or restaurant in the area.

Another benefit of LBS is to provide MUs with instant information that is not usually known
by MU to speed up their activities and decisions. This information can be served when reaching

certain areas - road closures for example.

Furthermore, local information is available for all MUs who are within certain areas by sharing
and tagging locations. This makes the set of MU movements with an associated tagged infor-
mation a very helpful source of information for service providers and operators to build models

that would enhance services.

2.3 Movement (Mobility) Prediction

The reason why we move are many. There are activities performed to satisfy physiological needs

like eating and sleeping, institutional demands like work and school, personal preferences like
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childcare, shopping, and leisure. The actual and desired activity of an individual are also de-
pendent on the composition, roles, and tasks of the household to which he/she belongs and on
the significance of the home as a place of living, a place to which one returns, and the prime
location of people’s time spending. It is not only the mandatory tasks in life that makes people
want to move but also movement itself can constitute an activity. A sense of speed, motion,

control, and enjoyment may motivate people to undertake “excess” movement.

With the current growth rates of mobile and high speed wireless communication networks,
mobile users expect to have a high QoS anywhere and anytime for accessing information [73].
Telecommunication service providers are expected to provide high-speed data, superior quality
voice and LBS [73]. It has also been evident that mobile communications technology has de-
veloped very rapidly over the past few decades [74]. To achieve a high data rate, the concept
of mobility is considered as a very important feature of wireless networks. Several researches
have been carried out on mobility [74], and it is seen that in all of the technologies that have
been proposed, the Mobile Node (MN) has a point of attachment with the BS which serves its
mobility needs. When a MN is active in a network, there is always a continuous exchange of

radio signals between the MN and BS to which the antennas are attached [74].

Mobility prediction has remained an area of research seeking to come up with an optimal so-
lution to track and locate mobiles in cellular networks [74]. Mobility has become the order of
the day with mobile users changing their positions at varying velocities and directions. MUs,
thus, move from the proximity of one cell to another. Locating users as they move from one cell
to another in a cellular computing environment is the key to provide continuous services with

unrestricted mobility [75].

Therefore, the data management in this environment involves challenges in the need to process
information during the move, to cope with resource limitations and to deal with heterogeneity
[75]. One of the applications of cellular data management is LBS which have been identified as

one of the most promising areas of research and development [75].

Two of the techniques used for mobility prediction in cellular communications network are dis-

cussed below.
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2.3.1 Cell-Based Technique

In the cell-based techniques, a service area is partitioned into several cells [76]. The cell covering
the MU pages his/her device to establish a radio link to track the changes in the location of MUs.
The cells broadcast their identities and the MU periodically listens to the broadcast cell identity
and compares it with the cell identity stored in its buffer [76]. If the comparison indicates that
the location has been changed then the MU sends a location update message to the network
[76]. The knowledge of the history (habits) of the users and their current location is useful in

determining their probable future location.

Figure 2.5: Cell-Based Technique in Cellular Networks

Prediction techniques that are based on a cell technique can be enhanced by heuristic methods
and Neural Network [77, 78|. In [77] the cell is divided into two areas, edge and non-edge. The
edge areas have neighboring cells, while the remaining areas are considered as non-edge areas.
When the MU is in a cell’s edge area, the information is passed to the Neural Network which
predicts the next cell that will be visited [77]. Another technique captures some of the MU
activity and paths. These paths are progressively recorded, giving a history record which is used

as an input to the Neural Network to predict the next cell that will be visited |78].

Let us assume that we have a set of cells, each one respectively covering residential district,
stadium, university residence, university campus, workplace, and segments of highway as shown
in Figure 2.5. If the users with history (that is wherein we already know the practices of displace-
ments) are located in residential district on working day, and if it is known that they usually

take the highway to go to work, then it is very probable that the future cells are those that cover
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the highway and the workplace. In the same manner, if the users are in the workplace, we can
predict that the future cells will be those covering the highway in direction of their residential
district. The same assumption applies to students with history who spend the majority of their
time between the university residence and the campus. If a student is in the university residence,
there is a strong chance that his/her next destination is the campus. Except on Sundays, when

he/she may prefer to go to the stadium, for example, instead of the campus.

This type of mobility prediction technique in cellular communications network is used in this

work.

2.3.2 Map-Based Technique

The map matching algorithm has been used for mobility prediction [79]. In [79], the map match-
ing algorithm has been developed by its dependence on the Markov Chain Model (MCM) and
GPS sensor. The distance and the direction between the points which are recorded by GPS are
used. In map matching, using fuzzy logic and data gathered from GPS is considered as one of
the techniques used to navigate the users in sidewalk areas [79]. The GPS data and the map
of the target area are stored in the server-side and the analysis of the data is performed by the
fuzzy logic. Therefore, the incorrect direction will be eliminated and thus it will advise the users

how to reach the best destination [80].

The drawback of using the map-based technique is anyone who needs to use them must have
GPS sensors. However, the GPS sensors lead to extra physical cost bearing in mind that they
may not be applicable for all mobile devices. Moreover, GPS suffers from inaccurate data on
narrow roads, in high buildings, so higher-end GPS is used to improve the signal instead of

lower-end GPS [80].



Chapter 3

Big Data in Telecommunications

Industry and Neural Networks

This Chapter provides a summary of Big Data in telecommunication industry and Neural Net-

work which is one of the deep learning techniques used for mobile users movement prediction.

3.1 Big Data

The term Big Data is used for many years [13]. Big Data is a data set that is too large or complex
to analyze by using traditional data analytics tools [13|. At the beginning of that era, companies
took notice of the increasing amount of data. They started thinking about what they should
have done with that data, that Volume. The first applications were developed around 1980s and
the first attempts to process such Volume were carried out at the same time [13|. About the year
2000 Google came up with a new idea on how to process, store and manage a lot of information
[13]. In the 2000’s Google was the first who started to generate a huge amount of data from the
Internet and the first company which started to use the term Big Data [13|. The latest trend

is shown in Figure 3.1, which shows an exponential increase in the amount of data over time [14].

Google created a new concept of working with big sets of data, denoted as BigTable [13, 14].
This concept is divided into three parts: Google’s data storage system, Google file system and
MapReduce [14]. However, BigTable is the first framework that was created in connection with
Big Data, its concept survives till today. Today’s Big Data framework includes a wide range of

software and hardware [14].

21
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Figure 3.1: A Time-Line of Big Data Year’s verses Data Volume in Zettabytes [14]

3.2 Big Data Use Cases for Telecommunications

Nowadays, almost all people have their own mobile phone. These devices provide Communi-
cation Service Providers (CSPs) with a lot of information about their customers [19]. This
information can be turned into valuable insight by using appropriate Big Data tools. Today, it
is not only about mobile devices but also smartphones, tablets, sensors, and TVs come to play
[15]. All these devices produce so much information that it is almost impossible to process and
analyze it all together at one time. There are a lot of possible use cases for the telecommuni-
cations industry sector and it can be divided according to countless amounts of characteristics
[15]. One way is to split up use cases into 4 parts: marketing, customer experience, exogenous
influencer’s and technical use cases [15, 19|. All the cases have one thing in common — they
describe basic facts about selected use cases and all are focused on generating profit and reduce

overall costs connected with customer activities.

In the following Sections, we attempt to present the most relevant and efficient Big Data use

cases in the telecommunications industry.

3.2.1 Improved Network Security

Telecoms have large networks and ensuring the security of these networks is a daunting task [38|.
Now, this has been made a lot easier with the ability to analyze streaming events in real-time

[33]. Telecoms define the rules to identify security issues, predictive analytics, and machine
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learning-based solutions to analyze patterns, to identify any threats and automated escalations,

and actions segregate or resolve the issue before it can cause any damage [38].

3.2.2 Better Customer Service

Telecoms are in the service business for phone, Internet, cable TV and others [15]. On one
hand they have to ensure excellent customer service and on the other hand, they have to take
steps to avoid customer churn. Big Data helps with both these areas by pro-actively working
on issues, sometimes even before they impact the customer [39]. The customer service team is
given visibility to 360° customer data for understanding the customer history and the current
state [33]. This results in better decision making when interacting with customers. Big Data
solutions are used to aggregate and analyze customer data from multiple sources and results in
a better customer experience thus reducing churn [33]. It also lowers the operational costs as

calls are handled faster.

3.2.3 Reduced Fraud Losses

Fraud is a big problem in the Telecom world. A recent survey estimates global Telecom fraud
losses at $40.1 Billion United States Dollar (USD) or approximately 1.88% of revenue [33|. This
number is based on only the known fraud transactions, adding the unknown fraud i.e. the fraud
that could not be identified, could easily double the fraud losses. The different types of fraud

that can be minimized by using Big Data solutions are [33]:

e Toll Number Fraud: Real-time call analysis reduces this type of fraud as a Telecom
can lose thousands of dollars very quickly by someone calling toll numbers that cost $5/

minute (or higher).

e Bypass Fraud: This mainly involves unauthorized traffic in Telecom’s network. This
is prevented by using Big Data to review the source of the transactions, the destination

number and the cost of the call, in real-time.

e Credit Card Fraud: This is the usual charge-back fraud and card not present fraud,
that impacts other verticals and can be minimized by correlating real-time transactions

with historical activity.

3.2.4 Predictive Maintenance

The large network of Telecom has thousands of devices and to ensure no impact to customers,

these devices have to be up and running all the time [33]|. Telecoms use sensors to send data of
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the device’s current state and utilize predictive analytics solutions to resolve the issue before it

causes any service issues [41].

3.2.5 Targeted Campaigns

Big Data solutions help understand the customer better by reviewing how they use the services
offered by Telecom. As an example, a customer who calls a specific country more often or
watches on-demand movies can be targeted with a campaign for these two areas [33]. This
targeting can also be done in real-time. For example, after the customer has finished the call, a
real-time campaign could say — sign up for the monthly plan and the customer could have saved
40% on the last call [33]. This results in better conversion and more revenue for Telecom. This

also increases customer satisfaction and reduces churn.

3.2.6 Real-Time Network Analysis

Telecoms need to continuously monitor their network to avoid any issues and Big Data solutions
have made this possible [40]. They can now get alerts if a part of the network is experiencing
more traffic than usual and could soon impact the customer experience [40]. They can also
determine the right time to upgrade the network to add more capacity as they on-board more
customers. This results in better use of their investment dollars by focusing on areas that will

deliver the best return [40].

3.2.7 Intelligent Transportation System (ITS)

Operators with their Big Data analytics can help the government or individual subscriber to
improve their transportation service [41]. Operators can visualize the traffic situation in a specific
area and let the subscribers know about it when they require [41]. They can also provide some
pop-up services which will send the subscribers’ traffic information [41]|. For example, if there
is road blocking on their way. Operators can also offer services such as vehicle tracking with
GPS services for security purposes, route mapping, suggesting the nearest gas station when gas
is running low and tracking of driven kilometers for taxation purposes [41]. These types of use
cases will typically require data types, such as location data from the handset, and mapping

data from the data bases.

3.2.8 Product Innovation

All the real-time data from multiple sources can be used to improve the products offered by

Telecom [41]. They can also analyze customer usage to come up with new product bundles that
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will serve the customer’s needs and also save money. A great example of one such innovative
feature offered by a Telecom, after analyzing customer data, is the ability to use their wi-fi service
from anywhere [41]. The customer only needs to log in and they can use the wi-fi whether they

are at home, in a restaurant, a coffee shop or at the airport [41].

3.2.9 Call Detail Record (CDR) Analysis

CDR has rich information about each call that can further improve the customer experience but
this analysis used to take much longer before Telecoms started using Big Data solutions [43].
Now Telecoms can review metrics like call latency, packet loss, and call quality in real-time and
take appropriate action [43]. They can also collaborate with third-parties to identify any suspect
conversations or unusual call activity [43]. And the data can be combined with historical data

to define usage patterns and understand customer behavior better.

3.2.10 Optimized Pricing

Big Data solutions review several metrics in real-time to come up with the price for a product
offering [42]. This price is tested with different segments of customers in different regions to come
up with the most optimized price [42|. This is a win-win for the customers and the Telecom as
customers get the price they are happy with and the Telecom gets a steady revenue stream with

low customer churn.

3.2.11 Contextual Location-Based Promotions

Telecoms can detect customer location in real-time based on detecting the location of their mo-
bile device [41]. This information is then used to send contextual promotions by partnering with
different merchants. An example would be 20% off at a restaurant when the customer is within
100 feet of that restaurant around lunchtime [33]. These promotions have a higher conversion
rate as they are contextualized and end up generating more revenue for the Telecom by getting

a cut on each transaction.

All the mentioned use cases above can be combined to create a new use case. The rest of
this work is focused on the mobile users movement prediction use case. Mobile users movement
prediction use case is primarily an adjusted combination of location-based analysis and reaction
to an event use cases [19]|, which are parts of marketing use cases. Because CSPs pay a lot of

attention to this topic as it can bring new revenue income and extended customer services.
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3.2.11.1 Location-Based Analysis

Location-based marketing is a very interesting way how to approach customers at the right place
and at the right time even without personal contact [15]. The best example could be a shopping
mall. There are a lot of small shops. According to the customer’s actual geo-location position,
CSPs can send him/her a message with sales and promotions based on positions of shops [15].
The customer is then informed about actual events in his/her near location. These real-time

analyzes are appropriate mainly for marketers and business strategy planners.

3.2.11.2 Reaction to an Event

People want to get information as fast as possible and be informed about all happenings. CSPs
can connect business data coming from Customer Relationships Management (CRM) and mar-
keting applications with the technical data coming from network probes to react nimbly to cus-
tomer demands, changes and technical problems like drop calls, Short Message Service (SMS)

fail delivery and others [15, 19]. It is used primarily by technicians and business strategists.

3.3 Artificial Neural Network (ANN)

ANN in short Neural Network is composed of simple elements operating in parallel [34]. These
elements are inspired by biological nervous systems built to perform tasks in a similar manner
that the human brain works [34]. This predictive method is a key part of data mining methods
examined by many scientists and engineers for prediction purposes. It brings a new view of data
processing [16]. Neural Networks are not as accurate as of the two methods tree and rules, and
statistical models and the learning process is even slower at the beginning [17, 19|. But after
being trained they are faster and they can learn the mutual relationships among input data.

The Neural Network, in general, is depicted in Figure 3.3 [17].

ANN consists of a number of very simple and highly interconnected processors which are called
neurons [34]. These neurons are like the biological neurons in the brain. The neurons are con-

nected by weighted links passing signals from one neuron to another [34].

The input comes into the neuron that is weighted (each input can be individually multiplied
with a weight). The neuron then sums the weighted inputs, bias and processes the sum with a
transfer function. In the end, a neuron passes the processed information via output. The benefit

of neuron model simplicity can be seen in its mathematical description below [35]:
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Yd = ¢ (i Wi + b) (3.1)
=0

where yg4 is the desired value, b is the bias, w; is the weight value, ¢ is the transfer function and

x; is the input value [35].

3.4 Transfer Function

The essential and important unit in ANN structure is a scalar function for network inputs called
transfer function, or activation function and the result value of the output is called the unit’s
activation [49]. A transfer function limits the amplitude of the output of a neuron [49]. Some
of the most commonly used transfer functions are for solving non-linear problems. The transfer
function denoted by ¢ : R — R defines the output of a neuron, which is bounded, monotonically

increasing, continuous, differentiable, and satisfies [48]:

limg—s4oop () =1 and limg—,_op () = 0. (3.2)

The sigmoid function is by far the most common transfer function used in construction of ANNs
[50]. An example of the sigmoid function is the logistic function defined in the range from 0 to
+1 . In [48] one of the most commonly used transfer function the log-sigmoid (logsig.) transfer
function is described. This transfer function takes the input that may have any value between

400 to - oo and squashes the output in the range from 0 to 1 .

It is sometimes desirable to have the transfer function ranging from —1 to +1 allowing the
transfer function of the sigmoid type to take negative values, in which the transfer function
assumes an anti-symmetric form with respect to the origin, satisfying ¢ (—z) = —¢ (x) [50]. For
example, the hyperbolic tangent transfer function (tansig.) has particularly simple derivative

[48]:

p(x) = tanh (z), ¢ (x) =1’ (3-3)

Throughout this work, we take tansig. as a transfer function, depending on the results of |26, 27|,
which evidence that an anti-symmetric transfer function tansig. enables the training algorithm
to learn faster, and in ANN it is related to a bipolar sigmoid having an output in the range of —1
to +1 . As can be seen in Figure 3.2, this function is, mathematically equivalent to tanh (n) [49,

50]. It differs from logsig., because it runs faster, but the results can have very small numerical
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differences. This function is a good tradeoff for ANN in which the speed is more important than

the exact shape of the transfer function.

(a) Tansig. (b) Logsig.
a a
+1 +1
n n
0 o
1 -1
Tansig(n) 2 1 1
a = Tansig(n) = 1+ e-2n a = Logs[g(n) :m

Figure 3.2: Sigmoid Functions (a) Tan-Sigmoid, and (b) Log-Sigmoid [28|

3.5 Architecture of Neural Networks

The architecture of the Neural Network defines its structure including number of hidden layers,
number of hidden nodes (neurons), and number of input and output nodes [35]. Typically, the
network consists of an input layer of source neurons, at least one hidden layer of computational
neurons, and an output layer of computational neurons [35]. The input signals are propagated

in a forward direction on a layer-by-layer basis.

The hidden layers provide the network with its ability to generalize. In theory, ANN with one
hidden layer and a sufficient number of hidden neurons is capable of approximating any continu-
ous function [34]. In practice, ANN with one and occasionally two hidden layers are widely used
and performs well. In general, ANNs with one hidden layer, a non-linear transfer function and

a sufficient number of hidden neurons can approximate any function with arbitrary precision [25].

In |26, 27| they determined the optimal network architecture for approximation problems. There
is no magic formula for selecting the optimum number of hidden neurons. Let n be the number
of input nodes. From Kolmogorov existence theorem (the theorem guarantees that a suitably
consistent collection of finite-dimensional distribution will define a stochastic process) we know
that a three-layer perceptron (linear classifier) network with n (2n 4 1) nodes can compute any
continuous function of n variables [25]. However, [26] provides the number of hidden nodes in the
Feed-Forward Neural Network (FFNN) (in FFNN information must flow from input to output

in only one direction with no back-loops). [26] Proved that any bounded continuous function in
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R™ can be uniformly approximated within any error by using one hidden layer network having

2n 4 1 units (nodes) [26].

Figure 3.3: General Architecture of Neural Network

For the architecture of FENN with multi hidden layers [26] shows that the number of hidden
nodes in the first hidden layer is 2n + 1 nodes, while the number of hidden nodes in the second
hidden layers is 2(2n+ 1) + 1 units. In general, the number of hidden nodes equal to double
hidden nodes contained in the previous layer plus one. The numbers of input neurons are equal
to the dimension of the domain [27]. The numbers of output neurons are equal to the dimension

of the range |27].

3.6 Training of Neural Networks

The training of any ANN operations is an adaptive process of the network by adjusting the
weights associated with each neuron [28]. The training is conducted by specialized algorithms
to change the weights. This is called conditioned weight which happens through a process called

the training phase [28]. The initial weights are selected randomly.

All training algorithms used in ANNs are classified into four distinct types [47]:

Supervised Training: Which incorporates an external teacher (trainer), so that each out-
put neuron is told what its desired response to input signals ought to be [28]. During the

training process, global information may be required.

Unsupervised Training: Uses no external teacher and is based upon only local information
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[28]. It is also referred to as self-organization, in a sense that it self-organizes data presented to

the network and detects their emergent collective properties [28|.

Semi-Supervised Training: Combines supervised and unsupervised training. Part of the
weights is usually determined through supervised training while others are obtained through

unsupervised training [28|.

Reinforcement Training: Aims at using observations gathered from the interaction with
the environment to take actions that would maximize the reward or minimize the risk [47]. It

continuously learns from the environment in an iterative fashion [47].

Throughout this work we used supervised training algorithms.

3.7 Training Algorithm for Neural Networks

In this Section, the description of the algorithms that are commonly used for prediction problems
is discussed. These algorithms are used for evaluating the network final results performance by
the Mean Square Error (MSE) and the gradient method [36]. The Gradient Descent with
Adaptive Learning algorithm, the Bayesian Regularization (BR) algorithm, and the Modified
Levenberg-Marquardt (LM) algorithm are selected because the first one mentioned has the
adaptive learning technique to obtain better results faster, the second one is used when having
large data set but it takes a lot of time to obtain training results and the third one is used for
larger data set, it takes a few number of epochs (the number of iterations) to obtain training

results and a more accurate result is obtained.

3.7.1 Gradient Descent with Adaptive Learning Algorithm

The Gradient Descent with Adaptive Learning algorithm is used to minimize the error function
[36]. The error function (3.4) is used to calculate and evaluate the differences between the
output signals and the required target signals. This method is based on calculating the partial
derivative of the error function [36]. In connection with each weight w; ; the steepest descent of a
direction is calculated. It all results in obtaining a gradient vector giving the steepest increasing
direction. The newly updated values of Aw;; are derived from the obtained gradient vector

with a negative sign. The error function is calculated as follows [36]:
P Np

E= %ZZ (t; —a;)? (3-4)

p=1j=1



3.7. TRAINING ALGORITHM FOR NEURAL NETWORKS 31

where t; and a; are the target and the output signals of a neuron j and Ny, defines the number

of output neurons. The parameter L represents the numbers of hidden layers.

The gradient direction along with a step size is calculated as follows [36]:

OFE (n)

= 5w ] (3.5)

Awm (’I’L)

where the parameter 1 defines the learning rate which indicates the speed of the learning process.
The w; ; parameter represents the network weights from value 7 in layer [ to value j in layer

[+1.

Each iteration can be divided into three parts [55]:

1) The forward pass

In this part, a pattern is introduced to the input layer. The pattern goes through all the
layers until it reaches the output layer and creates the obtained result. The activation
function is dependent on every 7 step of the iteration process in layer [ and is calculated

using the sigmoid function.
2) The generalized delta rule

This step describes the calculation of the local gradients.
3) The final updating of the weights

Finally, all the adjusted weights from the previous step are updated in the whole network

and a new iteration process is carried out again from step 1.

The iteration process can be carried out in two variants, on-line training and batch training [19].
Both are the same approaches except for the fact that on-line training processes all the three
steps mentioned above in all iterations. On the other hand, in batch training, only the first two
steps mentioned above are used during the iteration process. It means that the final updating
of the weights, the third step, is not performed at all iterations but at the end of an epoch. The

final results are calculated from the sum of the collected local gradient values.
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3.7.2 Bayesian Regularization (BR) Algorithm

BR is able to obtain lower MSEs than any other algorithms for functioning approximation prob-
lems [44]. BR has an objective function that includes a residual sum of squares and the sum of
squared weights to minimize estimation errors and to achieve a good generalized model [45, 46].
This algorithm typically requires more time but can result in good generalization for difficult,
small or noisy datasets. Training stops according to adaptive weight minimization (regulariza-
tion). The network training function trainbr updates the weight and bias values according to

LM optimization.

Typically, training aims to reduce the sum of squared errors. However, regularization adds
an additional term: the objective function becomes F' = BEp,+aFEyw, where Ep, is the sum
of squared error Fyy, is the sum of squares of the network weights, and o and 8 are objective
function parameters [57]. The relative size of the objective function parameters indicates the
emphasis on training. If a < §, then the training algorithm will drive the errors smaller. If
a > 3, training will emphasize weight size reduction at the expense of network errors, thus pro-
ducing a smoother network response [44]. The main problem with implementing regularization
is setting the correct values for the objective function parameters. In [45] an extensive work on
the application of Bayes’ rule to Neural Network training and to optimizing regularization has
been done. In the following, we will show the main results as they apply to our problem. In
the Bayesian framework, the weights of the network are considered random variables. After the

data is taken, the density function for the weights can be updated according to Bayes’ rule [57]:

P (D|w, 8, M) P (w|a, M)

P (w|D,a,B,M) = P (D|e, B, M)

(3.6)

where D represents the data set, M is the particular Neural Network model used, and w is the
vector of network weights [57]. P (w|a, M) is the priori density, which represents our knowledge
of the weights before any data is collected. P (D|w, 3, M) is the likelihood function, which is the
probability of the data occurring, given the weights w. P (D], 3, M) is a normalization factor,

which guarantees that the total probability is 1.

If we assume that the noise in the training data set is Gaussian and that the prior distribution
for the weights is Gaussian, the probability densities can be written as [57]: P (D|w, 5, M) =

#)exp(—BED) and P (w|a, M) = #(a)exp(—aEw), where Zp (8) = (%>5 and Z,, (a) =
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1 1
Zu@) 7o ¢2P (= (BED + aEy)) )
P (w|D M) = _ . |
(w|D, o, B, M) Normalization Factor Zr (v, B) exp ( (w) ) (3.7)

In this BR, the optimal weights should maximize the posterior probability P (w|D,«, 8, M).
Maximizing the posterior probability is equivalent to minimizing the regularized objective func-
tion F' = SEp + aFyw. The Bayesian optimization of the regularization parameters requires the

computation of the Hessian matrix H of F (w) at the minimum point w™?.

Here are the steps required for Bayesian optimization of the regularization parameters [45]:

Step 0: Initialize o, B and the weights. We choose to set @ = 0 and S = 1 and use the
Nguyen- Widrow [57] method of initializing the weights. After the first training step, the objec-

tive function parameters will recover from the initial setting.

Step 1: Take one step of the LM algorithm to minimize the objective function F'(w) =
IBED + OéEw.

Step 2: Compute the effective number of parameters v = N — 2atr (H)™' ( where ~ is the
effective number of parameters and N is the total number of parameters in the network) making
use of the Gauss-Newton approximation to the Hessian available in the LM training algorithm:
H = V2F (w) ~ 28JTJ + 2aly, where J is the Jacobian matrix of the training set errors and

I is the identity matrix.

Step 3: Compute new estimates for the objective function parameters o =

_ _n—
8= sEpw)
Step 4: Now iterate steps 1 through 3 until convergence.

We should bear in mind that with each estimate of the objective function parameters the objec-
tive function is changing; therefore, the minimum point is moving. If traversing the performance
surface generally moves toward the next minimum point, then the new estimates for the objec-
tive function parameters will be more precise. Eventually, the precision will be good enough
that the objective function will not significantly change in subsequent iterations. Thus, we will

obtain convergence. The drawback of the BR algorithm is that it requires the computation of
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the Hessian matrix of the performance index and it takes too much time to obtain the training

result.

3.7.3 Modified Levenberg-Marquardt (LM) Algorithm

Although BR based training is accurate it is very slow as well and even more complications
appear at the solution. On the other hand, the LM algorithm [28| which is derived from Hessian
based algorithms [31] can investigate data more in detail and provide even more accurate and
subtle features. LM was specially developed for faster convergence in back-propagation algo-

rithms.

The Hessian matrix is a square matrix of second-order partial derivatives of a scalar-valued
function, or scalar field [31]. It is closely connected with the Jacobian matrix. The LM method
uses the following approximation to the Hessian matrix: H ~ JTJ + ul, where u is always non-
negative, called the combination coefficient, I is the identity matrix. From the Hessian matrix
it is known that the elements on the main diagonal of the approximated Hessian matrix, will
be larger than zero. The gradient can be computed as g = JTE (wy,), where J is the Jacobian
matrix which contains the first derivatives of the error function (performance function) with

respect to the weights and a vector of network errors, E (wy) [28].

It solves problems with the local curvature of a function of many variables. Hessian matrices
are widely used in large-scale optimization problems. The convergence of the training process
is faster because the Hessian does not vanish at the solution [31]. The general performance of
errors and the regularization process are both, in a small modification, involved in this algorithm

and that is also the reason why this algorithm is selected for this work.

The general training process of LM algorithm is as follows [26, 27]:

Step 0: Weights initialization

Randomly initialize weights and biases, respectively, on all the connections (paths) in the ANN.

Step 1: Distributing inputs feed forwarding
Each inputs (z : z1, x9,23,...,x,) and targets (t: 1, to,t3,...,t,) are sent to all neurons in

the hidden layer.



3.7. TRAINING ALGORITHM FOR NEURAL NETWORKS 35

Step 2: Summation in each neuron in hidden layer
Each neuron in this layer computes the summing for the inner product of its weights and bias

with the inputs.

Step 3: The inner product transferring in the hidden layer
Take suitable transfer function for summing the value in step 2. Then its output is sent to the

output layer as an input.

Step 4: Summation at the adder in each neuron in output layer

The neurons in this layer, sums its weighted inputs.

Step 5:The inner product transferring in external layer
The transfer function of the neuron in this layer computes its output which is also the output

of the overall network.

Step 6: Squared error computation

After the output neuron computed the output, and then the error can be calculated.

Step 7: Checking halt condition
If the error is less than a specific value, the training stops and the weights and biases are sent.
Otherwise, the training proceeds to the next step until the error becomes less than a specific

value.

The LM algorithm is chosen for this work because its performance is better than the other
two algorithms which are the Gradient Descent with Adaptive Learning algorithm and the BR
algorithm. The flow chart of the LM algorithm is shown in Figure 3.4 [28].

After a review of researches done for prediction of users movement in mobile networks the
problem identified was, design and selection of best features for an accurate result. Our pro-
posed approach aims at accurately predicting the users movement by training, validating and
testing features from given data using Non-Linear Autoregressive Neural Network with External
inputs (NARXNN). Before working with the NARXNN it is necessary to take a look at the core

of the network which is the dynamic network.
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Figure 3.4: Modified Levenberg-Marquart Algorithm Flowchart [28]

3.8 Dynamic Networks

There are two groups of NARXNN network [20]: the feedforward one and the feedback one
among the neurons [54]. To understand it correctly there are three types of networks: static,

feed-forward dynamic, and recurrent dynamic networks.

Very briefly explained, static networks provide us with the same length of the output vector
as the input vector. On the other hand, feed-forward dynamic networks give us longer response
to the input data which is caused by the memory [54]. The output is not affected only by
the input data but also by previous delayed values of the input vector delayed by 1 time step.
Without any feedback connection, the network has only finite amount of previous values that is

generally called Finite Impulse Response (FIR) filter.

Finally, feed-forward dynamic networks with recurrent connection has even longer output data
response [54]. This recurrent connection allows the network to investigate the data relationships
more in detail with better accuracy. The input data is not delayed and the recurrent connection

is delayed by 1 time step [54]. The process is the same as in non-recurrent feed-forward dynamic



3.9. NON-LINEAR AUTOREGRESSIVE WITH EXTERNAL INPUT NEURAL NETWORK (NARXNN)37

networks except for the fact that the response value never reaches zero value. That is called

Infinite Impulse Response (IIR) filter.

3.9 Non-Linear Autoregressive with External Input Neural Net-

work (NARXNN)

The NARXNN provides a very accurate chaotic time series prediction [20] that perfectly fits
this work because it solves the mobile users movement prediction problem. This network with
delayed inputs, delayed recurrent (feedback) outputs, the nonlinearity and dynamic character
allows to compute and determine tasks that are almost impossible to solve for conventional

methods or linear (time-invariant) systems [19].

NARXNN architecture creates feedforward back-propagation with feedback from the output
unit to the input unit [20]. The first hidden layer receives weight from input unit. Each subse-
quent layer receives weight from the previous layer [20]. The NARXNN can be carried out in
one of the following two modes: Series-Parallel (SP) Mode and Parallel (P) Mode [20]. In SP
mode, the output’s regression is formed only by the actual values of the system’s output [20].
In P Mode, estimated outputs are fed back and included in the output’s regression [20]. The P
mode NARXNN architecture is represented in Figure 3.5.

The dynamic Multi-Layer Perceptron (MLP) Neural Network consists of an input vector com-
posed of past values of the NN input and output |[25]. This is the approach by which the MLP
can be considered as a NARXNN model of the system. This way of introducing dynamics into
a static network has the advantage of being simple to implement [25]. To deduce the dynamic
model of realized Neural Network system, NARXNN P-type model [25] can be represented as

follows:

y(k+1) = fann=w(k),...y(k—n+1),u(k),...u(k—m+1)+¢e(k) (3.8)

where y (k + 1) is model predicted output, f4nyn is a non-linear function describing the system
behavior, y (k) ,u (k) ,e (k) are output, input and approximation error vectors at the time in-

stances k,n and m the order of y (k) and u (k) respectively [25].

The order of the process can be predicted from experience. Modeling by Neural Network de-

pends on the considerations of an approximate function of fanyn. Approximate dynamic model
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is developed by adjusting a set of connection biases (b) and weight (w) via training function

defined as MLP network.

u(k)

Figure 3.5: NARXNN Architecture [20]

3.10 Time Series Prediction

A time series is a sequence of vectors, x (t)t = 0,1,... where ¢ represents elapsed time [51]. For
simplicity we will consider here only sequences of scalars, although the techniques considered
generalize readily to vector series. Theoretically, x may be a value which varies continuously
with ¢t , such as a location [52]. In practice, for any given physical system, x will be sampled
to give a series of discrete data points, equally spaced in time. The rate at which samples are
taken indicates the maximum resolution of the model; however, it is not always the case that the
model with the highest resolution has the best predictive power, so that superior results may be

obtained by employing only every n'* point in the series [51].

Since it is possible to over-sample a data stream, [51] suggest computing the average mutual
information at varying sampling rates, and taking the first minimum as the appropriate rate.
The mutual information acts as the equivalent of the correlation function in a non-linear domain.

A minimum shows a point at which sampled points are maximally decorrelated — a small change
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of sampling rate in either direction will result in increased correlation [51].

The work in Neural Networks has concentrated on forecasting future locations of the time series
from values of z up to the current time [52|. Formally this can be stated as: find a function f
N : R — RN — R such as to obtain an estimate of x at time ¢ 4 d, from the N time steps back

from time ¢, so that [52]:

ct+rd) =fx@),zt—1),...a(t—N+1) (3.9)

x(t+d) = f(y(t)) where y (t) is the N— ary vector of lagged = values. Normally d will be one,

so that f will be forecasting the next value of z.

The proposed approach which is the NARXNN with dynamic network and time series prediction

is used for this work.

3.11 Applications of Neural Networks

Neural Networks are applied in many areas and a few of them are discussed below [56, 58|:

Intelligent Control: A problem of concern in industrial motor control is the ability to predict
system failure [58]. Neural Networks have been used in many vehicular applications including

trains and automatic gear transmission in cars.

Signal Processing: In digital communication systems, distorted signals cause inter-signal in-
terference, one of the first commercial applications of Neural Networks was to suppress noise

cancellation and it was implemented to remove the noise from the telephone line signal [56].

Pattern Analysis: Real-time audit of bandwidth systems, images and data management can

also be tackled with the help of Neural Networks [56].

Medicine: An auto associative network is developed to store large amount of medical records,
each of which includes information on the symptoms, diagnosis and treatment of a specific case.
When trained network is presented with a set of symptoms, the network finds the best diagnosis

and treatment [58].

Classification: It is the assignment of each object to specific class, which is an important
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aspect in image classification for example recognition of printed or handwritten characters [58|.

Financial Forecasting: One of the most desirable applications of Neural Networks have been
in financial applications [56]. The idea if one dealer can predict market values or assess risk bet-
ter than his competitors even by a very small amount, leads to an expectation of huge financial

benefit. Much of the work in this area is based on the time series prediction.

Function Approximation: Many computational models can be described as functions map-
ping the input vectors to numerical outputs [58]. Neural Networks are employed to construct

approximately the same output for the given input vector based on the available training data.

Condition Monitoring: Neural Networks can also be used in predicting the occurrence of

malfunction of item [56].

Process Monitoring and Control: The techniques applied in processes such as chemical
and biochemical, pharmaceutical, water purification, food and beverage production, and power

distribution [58].

Speech Recognition: In recent years, speech recognition has received enormous attention
and involves three modules namely the front end which samples the speech signals and extracts
the data, the word processor which is used for finding the probability of words in the vocabulary
that match the features of the spoken words and the sentence processor which determines if the

recognized word makes sense in the sentence [56,58].



Chapter 4

Experimentations

This Chapter has five Sections; in the first Section, there is an explanation of the network that
has to be set in order to achieve the users movement prediction simulation. In the second Section,
a brief description of the performance parameters are given. In the third Section, the simulation
results obtained for mobile users movement prediction are presented. In the fourth Section a
discussion is made based on the results obtained in the third Section. In the last Section, the

challenges that occurred during this work and the limitations are explained.

4.1 Evaluation Framework

This Section focuses on data collection, data pre-processing, creating network object, configuring

the network inputs and outputs, training the network, optimizing and validating the network.

4.1.1 Data Collection

The prediction, analytics methods in general, is strongly dependent on a selected data set and
that is the reason why the right data set has to be selected and data pre-processing should be
achieved. For this work, three types of datasets were collected. These are the Massachusetts
Institute of Technology (MIT) reality mining data set, Mobile Data Challenge (MDC) data set
and OpenCelliD data set, and the performance of OpenCelliD was observed. The OpenCelliD
data was chosen because it contains Ethiopia’s CellID information particularly, Addis Ababa’s,

whereas the other two contain America’s and Switzerland’s data.

4.1.1.1 Massachusetts Institute of Technology (MIT) Reality Mining Data

The Reality Mining project was conducted from 2004-2005 at the MIT Media Laboratory [29].

The MIT reality mining data set was obtained in .mat format in MATLAB. The reality min-

41
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ing data set consists of 52 fields and 94 rows. The Reality Mining study followed ninety-four
individuals using mobile phones pre-installed with several pieces of software that recorded and
sent the researcher data about call logs, Bluetooth devices in proximity of approximately five
meters, cell tower IDs, application usage, and phone status [29]. Of these 94 individuals, 68 were
colleagues working in the same building on campus (90% graduate students, 10% staff) while the
remaining 26 individuals were incoming students at the university’s business school [29]. The
individuals volunteered to become part of the experiment in exchange for the use of a high-end
smartphone for the duration of the study. Individuals were observed using these measurements
over the course of nine months and included students and faculty from two programs within a
major research institution [29]. Self-report relational data was collected from each individual,
where individuals were asked about their proximity to, and friendship with, others [29]. The
drawback of using this data for this work is that the geo-location of the individuals was not

specified in the data set and the data set is not local data.

4.1.1.2 Mobile Data Challenge (MDC) Data

The MDC data was collected on a 24/7 basis over months [30]. In the Dedicated Track of this
competition, which included the task of next place prediction, the raw location data is trans-
formed into the sequence of visits to symbolic places [30]. The users in MDC data are sampled
into three separate sets. The training data set (called setA) consists of mobile phone data col-
lected from 80 individuals during a period of time varying from a few weeks to two years [30].
The unseen data for each participant in setA is used to build the test data set (called setC),
where the unseen data corresponds to the continuation of setA (in time). The setC ground truth
was never released after the challenge. However, the validation set (called setB) was released and
is used to evaluate the results [30]. The validation set contains visits that were randomly chosen
from the last part of setA (in time). The validation set was built by filtering data in setA with
time intervals corresponding to the randomly chosen visits [30]. The MDC database has 5 main
types of data: environmental, personal, phone usage, phone status, and visits data [30]. This
data is represented across 18 tables, with more than 130 raw attributes, and is approximately

50 GB in size [30].

The MDC data was obtained by signing license agreement between Instituto de Investigacion
Agropecuaria de Panamd (IDAP) Research Institute and Addis Ababa University (AAU). But
it is not used for this work because similar work is done in Switzerland and the data set is not

local data.
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4.1.1.3 OpenCelliD Data

The OpenCelliD project was primarily created to serve as a data source for global system for
mobile communication (GSM) localization [37]. As of October 2017, the database contained
almost 36 million unique GSM CellIDs [37]. More than 75,000 contributors have already regis-
tered with OpenCelliD, contributing millions of new measurements every day in average to the
OpenCelliD database [37]. The OpenCelliD data set was obtained in .csv format in excel. We
first extracted Ethiopia’s OpenCelliD data and then used their own CellMapper web application
to Extract Addis Ababa’s data. Extracted OpenCelliD Addis Ababa’s data set consists of 14
columns, 14002 rows, and 100 contributors. CelllD is a unique identifier of each base transceiver
station (BTS) within a Location area code displayed as arealD. This data set was selected for

this particular research work.

Table 4.1: OpenCelliD Addis Ababa’s Statistics [37]

City Name | Total Cells GSM CDMA UMTS LTE
Addis 14,325 7,786 0 6,390 149
Ababa

The OpenCelliD data set has got its own shortcoming that is the type of antenna of each cell is not
known but for this particular work, we assumed that the antenna type used is Omnidirectional
Antenna. These prepared data are used to predict a mobile user’s movement by the geo-location
coordinates as there are enough correlations among the data. Data is time-variant, in other
words, there is long-term time dependence. That makes it a suitable set of data for prediction

investigation with NARXNN.

4.1.2 Data Pre-Processing

Mostly, data can be processed directly without using any pre-processing techniques and in some
cases it is even more appropriate to do so. But in most applications it is necessary to select the
right representation of data or remove some parts so that results are more accurate and trust-
worthy. Typically, removed parameters are the ones that have linear or non-linear trends (rising
or decreasing values) or suffer from seasonality (patterns caused by a factor that is repeated over

and over again) [19, 20].

Very important part of data selection is to find the mutual relationships among the data called
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correlations [19]. The idea is to pre-process the input data so that it is as predictable as possible.
It is not always easy to do it and in many cases inner connections among data are hidden [20].
In that case, there are other Neural Networks like Self-Organizing Map (SOM) Neural Networks
or its modifications that can solve this problem. Data correlations can be calculated as follows

[19]:

P i () 9 k) —y)
Y (v () —y)?)

where y (t) is an output vector and k stands for the time delay. To calculate the mean value of

(4.1)

y the following equation is given [19]:

! (4.2)

=ls

N
-3
t=1

Sometimes the outliers which are values that vary from the mean a lot can also cause problems
for learning process. To get rid of this problem, the correlation described above is used to
uncover hidden outliers and these are then deleted from the data set. Finally, the normalization
process can be applied. It means that the input and output values are mapped into [0, 1]. This

normalization step can significantly speed up the training and produce more accurate results.

4.1.3 Network Creation

The pre-processed data has to be loaded and then it needs to be changed into a typical Neu-
ral Network cell array form so that it can be processed by the NARXNN Matrix Laboratory
(MATLAB) code. The fundamental parameters that have to be set are:

e Training algorithm
e Delays (Input and feedback delays)
e Number of neurons

e Open or closed loop NARXNN

After setting up the above parameters the created network has to be trained. Initially, the
default values were used. For this research, the network is set to 4-8-1 architecture as shown
in Figure 3.3. The first 4 input layers designate the columns in a given data set which are
the Location ArealD, CelllD, Latitude, and Longitude. The second 8 hidden layers specify the

number of neurons (hidden layers) used for the network hence it will be adjusted depending on
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the performance of the network, and the last 1 output layer indicates the output obtained as a

prediction of the mobile users movement.

4.1.4 Network Configuration

The dataset is separated into 3 parts; the training data is used by the network during training,
and the network is adjusted according to its error, the validation data is used to measure network
generalization, and to halt training when generalization stops improving, testing data have no
effect on training and so provide an independent measure of network performance during and
after training. The data set by default is divided in a proportion of 70% training, 15% validation
and 15% testing. The network configuration parameters used for the Gradient Descent with

Adaptive Learning algorithm are shown in Table 4.2.

Table 4.2: Network Configuration for Gradient Descent with Adaptive Learning Algorithm

Training function traingda | Training parameters
Architecture parameters Maximum Epochs 200
Input delays 1:2 Maximum training time Inf
Feedback delays 1:2 Performance 0
Number of neurons 4 Minimum Gradient le—7
Data division Maximum validation checks 6
Training data 70% Learning rate 0.001
Validation data 15% Learning rate decrease 0.5
Testing data 15% Learning rate increase 1.1
Maximum performance in- 1.5
crease

4.1.5 Network Training

The NARXNN can work in two modes. The first, the open-loop mode is generally used for the
network training part when the output data is known [24]. The second, the closed-loop mode is
convenient for prediction tasks as it uses the recurrent connection from the output layer to the
input layer with given delays [24]. This mode provides a multi-step prediction based on previous
open-loop mode and the external input. The closed-loop architecture can predict an arbitrary
number of steps, but only as many as the input layers have time steps. Normally, the network
gives y (t — 1) result at the same time when the network reads y (¢t — 1) input data [24]. For
some applications (decision making), it would be convenient to be able to predict a time-step
early so called Step-ahead prediction. So, the network would give y (t — 1) once y (t) is ready

for reading. It is done by removing one delay, in other words, by shifting the whole time-line
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one step to the left so that the minimum delay starts at 0 value instead of 1 .

There are two problems that should be taken into account and alleviated before training. First,
static Neural Networks can be frozen in local minima [32]. We do not need to be worried about
that as the NARXNN solves this problem by having dynamic character. Second, very often the
number of connections and weights overcomes the number of parameters for a given task [32].
This situation can lead to “Overtraining” or “Overfitting” that can provide false or inaccurate
results. It can be successfully solved by regularization techniques in combination with value

performance reduction. Classical MSE error is then replaced by MSEreg as follows [32]:

N

1 2
MSE = + z; (ti — vi) (4.3)
1y 2
MSW = — Z (w;) (4.4)
7j=1
MSEreg = pMSE + (1 — o) MSW (4.5)

where the number of values in the error vector is given by the N parameter for the M SE and
the n parameter for the Minimum Squared Weight (M SW), t; represents the target vector and
y; indicates the predicted vector, and the w; parameter is the weights while the ¢ parameter is

the performance ratio [32].

4.1.6 Development Tool

Many development tools are used in the process of this kind of research work. The tools that have
been used include Tensorflow, MATLAB, and Waikato Environment for Knowledge Analysis
(WEKA). For this work, MATLAB is chosen, since MATLAB allows matrix manipulations,
plotting of functions and data, implementation of algorithms, creation of user interfaces, and
interfacing with programs written in other languages, including C, C++, c¢#, Java, Fortran, and

Python.

4.2 Performance Matrices

Non-Linear Regression Function: Defines a non-linear regressive model of function f [53]:

XR:f(Xi,,B)+€ (46)
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where X, are the model parameters, S nonlinear computed parameter estimates of the model

and ¢ represents the error terms.

Autocorrelation Function: Indicates an autocorrelation model, where vector y is shifted
in time and compared with itself (It is a function for finding repeating patterns) [19]:

1 T—-k

Ry, (k) = T_1 Z (Yt —y) Yk — ) (4.7)
t=1

where ¥, is the input signal, y;1 is the lagged input signal and y is the mean of the input signal.

Mean Square Error (MSE): Measures the average of the squares of the “errors® |28]:

N

MSE = > (=)’ (4.8)

where t; defines the target value and y; is a predicted value.

4.3 Results

This Section illustrates the results obtained for a mobile user movement prediction using NARXNN.
Three types of algorithms are simulated which are the Gradient Descent with Adaptive Learning
algorithm, the BR algorithm, and Modified LM algorithm and the results of each are discussed.

4.3.1 Gradient Descent with Adaptive Learning Algorithm

In this Section, the result based on the Gradient Descent with Adaptive Learning algorithm is
obtained. The optimized parameters are input delays, feedback delays and number of neurons
as shown in Table 4.2. These parameters are selected because they affect the network results

the most when they are changed.

Figure 4.1 illustrates real movement of the user (blue line) and predicted movement (red line)
in latitude. The trend of the predicted line movement follows the target line. The predicted line
suffers from significant jitter (unwanted noise) which would cause visible problems with mobile
user movement prediction. The two reasons why this is caused is one, due to the vanishing gra-
dient during the learning process and two, by the fact that this algorithm is unable to predict

accurately, in terms of this prediction task.
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Figure 4.2 represents the MSE during the training process, the MSE of the validation process, and
the MSE for the test process. The dotted line represents the minimum MSE and the number of
iterations required to reach the minimum validation MSE. Figure 4.2 depicts how much iteration
are desired to get the minimum validation MSE of around 1.5 which is not satisfactory result
from performance point of view. The MSE should be close to zero for accurate result. And
also it is abundantly clear that the network training takes a lot of time, 80 epochs (number of
iterations), to obtain the best validation performance. According to the curves the result shows

that their is slight decrease in the MSE during the training.

n
~
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Figure 4.3: Regression Performance

Figure 4.3 shows the regression (4.6) toward the mean of the real movement (dotted line), the
predicted values (black points) and the mean of the predicted values (green line). It also illus-
trates the scattering of the real movement indicating very inaccurate result in terms of mobile
users movement prediction planning depending on type of use case. For ideal case, the Xpg
parameter should be one and the green line should fit with the dotted line. The result of the
regression is 0.5229 which is the same as 52.29% similarity between the target and the predicted

output. This type of resemblance is not enough for movement prediction tasks.

4.4 represents the correlated errors in time steps (blue bar lines) and the Confidence Limit
line (red dotted lines) showing limits inside which the prediction is almost accurate. Figure 4.4
explains how the predicted errors of the calculated output and the target are related in time

(4.7). The correlation value at zero lag indicates that the errors are the same if there is no time
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delay. The non-zero lags indicate some correlations that having inaccuracies during the training

process according to the non-zero blue bar lines leading to inaccurate prediction.
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Figure 4.4: Autocorrelation of Errors

4.3.2 Bayesian Regularization (BR) Algorithm

In this Section, the BR algorithm explained in Chapter 3 is evaluated. The optimization is

done using iteration process which is able to find the best possible combination of the network

parameters. The optimized parameters are input delays, feedback delays and number of neurons

as shown in Table 4.3. These parameters are selected because they affect the network results

the most when they are changed.

Table 4.3: Network Configuration for Bayesian Regularization (BR) Algorithm

Training function trainbr | Training parameters
Architecture parameters Maximum Epochs 200
Input delays 1:2 Maximum training time Inf
Feedback delays 1:2 Performance 0
Number of neurons 6 Minimum Gradient le—7
Data division Maximum validation checks 6
Training data 70% Momentum learning (Mu) 0.001
Validation data 0% Mu decrease ratio 0.1
Testing data 30% Mu increase ratio )
Maximum Mu 1000
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Figure 4.5 shows that the trend of the predicted line (red line) movement follows the target
line (blue line). The predicted line does not suffer from such significant jitter like the previous
algorithm which would bring less problems with mobile user movement prediction. Nevertheless,
it is still not sufficient enough to use it for real industry process and secondly by the fact that
this algorithm is unable to predict accurately in terms of this prediction task because it takes a

lot of time to obtain the training result.
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Figure 4.6: Mean Square Error (MSE) Performances
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Figure 4.6 illustrates how much iterations are needed to get the minimum test MSE (4.8) of
0.7 which is significantly lower than the previous algorithm. The network does not perform
any validation check in this type of algorithm because, the validation is used as a form of
generalization and BR algorithm has its on built in generalization within the algorithm. It can
be seen that in this case the network training to obtain the best test performance takes more
time than the previous training process, 150 epochs. This method has its own benefits and
limitations. Less cycles of the training could be used to get results faster but at the cost of even

worse results.
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Figure 4.7: Regression Performance

Figure 4.7 shows the regression toward the mean of the real movement (dotted line), the pre-
dicted values (black points) and the mean of the predicted values (green line). It also shows
scattering of predicted real movement which can play a very significant role in terms of mobile
users movement prediction use case. In this case, the result is not enough to be used in real
industry cases but if the result is good enough in other cases it can be used. For ideal prediction
use case, the green line should fit with the dotted line and the X parameter should be 1. The
result of the regression is 0.79 which equals to approximately 79% similarity between the target
and the predicted output. This similarity is better for movement prediction than the previous

case.

Figure 4.8 describes how the predicted errors of the calculated output and the target are related
in time. The correlation value in the zero lag indicates that the errors are the same if there
was no time delay. Other non-zero lags shows some correlation that indicates some inaccuracies

during training process. In this case, the blue lagged bar lines are closer to the Confidence Limit
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that shows an improvement in the result than the previous method.
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Figure 4.8: Autocorrelation of Errors

4.3.3 Modified Levenberg-Marquardt (LM) Algorithm

In this Section, the Modified LM algorithm explained in Chapter 3 is evaluated. The Modified

LM algorithm uses momentum learning (indicates the speed of training data) as an alternative

to the learning rate. This method is predominantly useful for obtaining optimized results in

larger data sets with small number of epoch (iteration). The optimized parameters are input

delays, feedback delays and number of neurons as shown in Table 4.4. These parameters are

selected because they affect the network results greatly when they are altered.

Table 4.4: Network Configuration for Modified Levenberg-Marquardt (LM) Algorithm

Training function trainlm | Training parameters
Architecture parameters Maximum Epochs 50
Input delays 1:3 Maximum training time Inf
Feedback delays 1:3 Performance 0
Number of neurons 15 Minimum Gradient le—7
Data division Maximum validation checks 6
Training data 70% Momentum learning (Mu) 0.001
Validation data 15% Mu decrease ratio 0.1
Testing data 15% Mu increase ratio )
Maximum Mu 1000
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Figure 4.9: Movement Prediction in Spatial Coordinates

Figure 4.9 represents real movement of the user (blue line) and predicted movement (red line)
in latitude. The trend of the predicted line movement follows the target line. The predicted line
suffers from very small jitter (unwanted noise) which would cause minimum problems with mobile
user movement prediction. This result is sufficient enough to be used for real industry cases.
The Modified LM algorithm is apparently able to achieve the gradient disappearing difficulty

and is suitable for this type of prediction tasks as can be seen from the results obtained.
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Figure 4.10: Mean Square Error (MSE) Performances
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Figure 4.10 illustrates how much iteration is needed to get the minimum validation MSE of
0.32. The network doesn’t indicate any overfitting or underfitting, since there is almost no
difference between the validation and the train performance because they are very close to each
other. This algorithm outperforms the Gradient Descent with Adaptive Learning algorithm and
the BR algorithm, as seen in Section 4.3.1 and Section 4.3.2 respectively. The Modified LM
algorithm terminates the training process much faster than the other algorithm, that is only 3
number of iterations are needed to obtain the best validation performance, which indicates that

the result obtained is accurate compared to the other two algorithms.
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Figure 4.11: Regression Performance

Figure 4.11 shows the regression toward the mean of the real movement (dotted line), the pre-
dicted values (black points) and the mean of the predicted values (blue line). It also illustrates
the scattering of the predicted real movement which can play a very vital role in terms of mobile
users movement prediction use cases. As it can be clearly seen the result demonstrates that a
few deviations from the mean line implies the suitability of this algorithm to be used in real

time prediction cases.

Ideally the blue line should fit with the dotted line and the X parameter should be equal
to 1. The result of the regression is around 85% which indicates that there is a similarity be-
tween the target and the predicted output as compared to the previous regression results of the
other two algorithms. A perfect result near to 99.9% can be obtained if we have very accurate

data set and combine other conventional statistical methods.
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Figure 4.12: Autocorrelation of Errors

Figure 4.12 represents the correlated errors in time steps (blue bar lines) and the Confidence
Limit line (red dotted lines) showing limits inside which the prediction is almost accurate. It
explains how the predicted errors of the calculated output and the target are related in time.
The correlation value at zero lag indicates that the errors are the same if there is no time
delay. The non-zero lags indicate some correlations that having little inaccuracies during the
training process according to the non-zero blue bar lines. Approximately perfect prediction is
demonstrated in Figure 4.12, since blue lagged bar lines other than the zero lag are almost inside

the Confidence Limit.

4.4 Discussion

In this research work three algorithms are used, which are the Gradient Descent with Adaptive
Learning algorithm, the BR algorithm, and the Modified LM algorithm. The first algorithm
does not show sufficient result for mobile users movement prediction as explained in Section 4.3.1
because of the gradient vanishing problem, the second algorithm needs a number of iterative
process to stop the training and this is time consuming because it takes a lot of iterative processes
to halt the training and the third one, the Modified LM algorithm, is widely used for mobile
users movement prediction in telecommunications network in all aspects and also for wider type
of prediction tasks. The summary of all the results which are train MSE, validation MSE, test

MSE, regression and number of epochs (iterations) for the three algorithms used is shown in
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Table 4.5.
Table 4.5: Results Discussion
Results
Gradient de- | Bayesian regu- | Levenberg-
scent algorithm | larization algo- | Marquardt
rithm algorithm

Train MSE 1.52000 0.76173 0.19930
Validation MSE 1.50000 0.00000 0.34984
Test MSE 1.50000 0.68740 0.31564
Regression 0.5229 0.79000 0.84560
Number of itera- | 80 150 3
tions

Table 4.5 shows the differences between the used algorithms. Performance results displayed in
the Table show the efficiency of the train, validation and test process respectively. The Gradient
Descent with Adaptive Learning algorithm has no good results because the algorithm itself is
not the best choice for mobile users movement prediction even though it is generally used for
prediction tasks. The training takes 80 epochs to obtain the results; the regression is around 52%
and the overall performance of the MSE is not sufficient for industry cases. The BR algorithm
outperforms the Gradient Descent with Adaptive Learning algorithm in terms of the overall
performance of MSE and the regression is about 79% for finding the best possible combination
of the network parameters. Nevertheless, it needs more time to obtain results, 150 epochs. The
third algorithm which is the Modified LM algorithm outperforms both previous algorithms in
terms of MSE 0.31564 , regression 84.56% and only 3 iterations are needed to train the network.

This result can be used for real telecommunication industry cases.

4.5 Challenges and Limitations

The challenge of doing such type of research is the exact type of data that can be applied for
this work can’t be easily accessed. And the prediction analytics is strongly dependent on the
data that we use. Table 4.6 summarizes the challenges that appear at each step of prediction

analytics research work.

The limitation of this work is selection of the right data and classical statistical methods which
are very critical for high accuracy of the prediction result. So, the data that we used is limited

to only OpenCelliD data set and the accuracy of our result is directly related to the type of data
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that we used.

Table 4.6: Challenges

Steps Challenges

Access, explore and analyze
data

Data diversity

Numeric, images, signals, text- not always tab-
ular

Accessing the right data

Pre-process data

Lack of domain tools

Filtering and feature extraction, selection and
transformation

Train models

Time consuming

Train many models to find the best result

Assess model performance

Avoid pitfalls

Over fitting, speed-accuracy-complexity trade-
off

Iteration

A whole lot of iterative processes to go through

o8



Chapter 5
Summing up

5.1 Conclusion

In this work, an overview of LBS and Big Data are introduced in connection with the telecom-
munications industry. Big Data solution offers deeper insight to customer’s behavior in telecom-
munications network and QoS through analytics tools. The work also gives a look at customer
needs of the current market and comprehensive use cases for telecommunications industry. In
this research, common prediction using Neural Network and its optimization for mobility pre-
diction is used. The data that has been collected and the challenges that appear while doing

prediction analytics researches are discussed in this work.

In this work, prediction using NARXNN and its optimization for mobility prediction has been
also analyzed. In the first step, the Gradient Descent with Adaptive Learning algorithm has
been observed in order to analyze its suitability to predict user movement. The results show
that this type of algorithm is not efficient because the regression is 52.29% similarity between
the target and the calculated output. It could lead to considerable problems in built-up areas
and prediction would be inaccurate. The average train, validation and test MSE performance

equals to 1.5 so we can conclude that the performance of this algorithm is not good.

Further, the BR has been proposed. This approach improves MSE performance to 0.7 which
is more acceptable overall system performance for real industry usage but at the cost of slower
learning process and the fact that the iteration process can take a lot of time for relatively small
data set in comparison with a real telecommunications data flow. The accuracy of the prediction

grows up to almost 79% that would be applied for specific use cases.

59
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Lastly, the Modified LM algorithm (iterative selection of parameters for Neural Network) has
been investigated in order to analyze its suitability to predict mobile users movement. The
results obtained which are, the system average train, validation, test MSE and final regression
were compared with the Gradient Descent with Adaptive Learning algorithm and the BR al-
gorithm, and shown that the Modified LM algorithm, is perfectly convenient for mobile users
movement prediction because it outperforms the previous solution in all aspects. The system
average MSE equals to 0.32 which supports the fact that the accuracy performance of the pre-
diction reaches almost 85%. The network needs only 3 epochs to be trained and obtain the
best validation performance. This research assures quality optimization in terms of the selected
algorithm. The gained results that are obtained can be used as a basis for Big Data processing

in telecommunications using Neural Networks.

5.2 Recommendation

This work can be further extended if Ethio-telecom data scientists work on an independent
research similar to MDC work, and see the benefit of the data for Addis Ababa, Ethiopia.
Other researchers should use the data of Ethio-telecom for accurate result. In the future, more
algorithms for prediction experiment and the results could be combined with classical statistical
methods to obtain possibly more accurate results in shorter time. This work and the gained
results can be used as a basis for Big Data processing in telecommunications using Neural

Networks.
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Appendix A

A.1 Sample Raw Data

UMTS 036 1 1601 6977357 0139.777033) 10.060619| 18613 12 11459751568/ 1463394399
UMTS 030 117020 7307199 0137.367935| 11.640194] 1000 | 1 1459751568| 1454722314
UMTS 036 1 1105 6912218 0 3883873 9.0218353) 1000 | 11459751568 | 1436714860
UMTS 030 I 1105 6912202 0138.840350| 9.013042) 1174 § 11459751569 1519293153

A.2 Snapshot of Training Result

Menth | Data Noofdata | Training | Validation | Test | Num.of | Num. | Training | Validation | Test MSE | Training | Validation | TestR | Regression Number

category data data data | Hidden | of MSE MSE R R of

Neurons | delays Tteration

Feb. 1, | Week1 1000 700 150 150 10 2 8.048162- | 11813060 | 7.06523¢- | 8.54453e- | 7.6424%-1 | 8.50742e- | 0.71*t+28 9
2019 1 1 1 1

day |
Feb.2, | Day2 1000 700 150 150 |15 4 3463692 | 2.02898e-1 | 233431e- | 5.54543¢- | 232770e-1 | 4.15132e- | 0.29%t465 9
2019 | 1 1 1
Feb.3, | Day3 1000 700 150 150 |1 3 420795 | 467778¢-1 | 4.17022e- | 8.69188e- | 8.3787le-1 | 847570e- | 0.77t+9.1 15
2019 | | | |
Feb.4, | Day4 1000 700 150 150 12 4 0.869261 | 0.88133 0.879373 | 0802453 | 0803626 | 0.769185 | 0.61%t+15 1
2019
Feb.5, | Day$ 1000 700 150 150 13 4 (.0480497 | 0.0746423 | 0561732 | 0.664406 | 0.349812 | 0.242465 | 0.44%t422 1
2019
Feb.6, | Day6 1000 700 150 150 13 4 0199304 | 0.349842 0315649 | 0911213 | 0.853498 0.864954 | 0.78%t8.8 9
2019
Feb.7, | Day7 800 560 120 0 |13 3 0.56312 | 0604634 | 0363291 | 0.928507 | 0912140 | 0955481 | 0.85%t+6.7 13
2019
Feb. 8, | Day8 14000 9800 | 2100 200 | 14 4 0.716255 | 0662096 | 0.721394 | 0.783902 | 0.782476 | 0.786466 | 0.59%+16 12
2019
Feb.9, | Day9 14000 9300 | 2100 200 | 14 4 0.60032 | 0.668682 | 0.712565 | 0.802273 | 0.800302 | 0.768669 | 0.64%t+14 13
2019
Feb. 10, | Day10 | 14000 9800 | 2100 200 |15 4 0.704750 | 0.665639 | 0.635322 | 0.788991 | 0.799520 | 0.787428 | 0.62%t+15 12
2019
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A.3 Snapshot of Training Model

Neural Network

Algorithms

Data Division: Random (dividerand)

Training: Levenberg-Marquardt (trainlm)
Performance: Mean Squared Error (mse)
Calculations: MEX
Progress
Epoch: 0| 11iterations | 1000
Time: 0:00:00
Performance: 27.2 _ 0.00
Gradient: 140 [ 0.0225 | | 1.00e-07
Mu: 0.00100 0.00100 1.00e+10
Validation Checks: 0 6 6
Plots

Performance plotperform)

Training State
Error Histogram
Regression
Time-Series Response
Error Autocorrelation

Input-Error Cross-correlation

plottrainstate)

ploterrhist)

plotresponse)
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