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ABSTRAK

Kebolehan untuk meramal trafik di rangkaian WiMAX merupakan satu ciri yang penting bagi
menganalisa prestasinya. Ia mempunyai pelbagai aplikasi seperti penambahbaikan pengurusan
rangkalan dan kemasukan data. Tambahan pula, ramalan trafik memainkan Esranan yang

penting dalam memastikan kualiti perkhidmatan sentiasa kekal pada tahap yan@dliperlukan.
Oleh 1tu, model ramalan trafik WiMAX baharu yang dicadangkan dala Ngh ini akan
meramal trafik menggunakan rekod data trafik (TRD) melalui kaedah 4 alan Neural
Buatan (ANN), K-Jiran Terdekat (KNN) dan Siri Masa Kabur (FTS). ang digunakan
dalam kajian ini diperolehi daripada rangkaian Libya Max (WiM teChnology) yang
dikumpul oleh syarikat Telekom Libya dan Teknologi (LTT) selama 180 hari. Ia merangkumi
data bagi bilangan maksimum pengguna atas talian, bilangan minirf§ tngguna atas talian,
trafik MIMO-A dan trafik MIMO-B. Kualiti ramalan trafik W& tertumpu kepada

rekabentuk kecerdasan buatan (Al) dengan membandingkan agRi konfigurasi dan model-
model berlainan topologi dan algoritma pembelajaran. Kepiku £xgub h senibina Al
Al t
1 dengan

adalah berdasarkan kepada objektif untuk memperoleh m aik bagi model
ramalan aliran trafik. Konfigurasi yang berbeza telah di§' nﬂ(aigdata trafik

C

sebenar yang tersimpan di stesen pangkal (A, B, da ) ¥epun allgmn WIMAX
Libya. Pengukuran ramalan secara statistik telah digun bagigm nil konﬁgurasi Al yang
berbeza dalam memilih model yang terbaik berd t ertind¢1. Hasil kajian

mendapati bahawa model KNN yang mengwnbil w2 maksimum dan
a

minimum sebagai input telah memberikan y tepat bagi purata
kuasadua ralat (MSE) dalam meramal trafik *



ABSTRACT

The ability to predict the traffic of a particular WiMAX network is crucial in analyzing its

performance. It bears various applications in reality, such as enabling network
management and admission. Furthermore, traffic forecasting plays a vital roh"{b uring that
S rosearch, a new

the quality of service is maintained at the necessary level. Therefore, in tl%

model for WIMAX traffic forecasting system for predicting traffic time{gerigd based on the
traffic data recorded (TRD) using Artificial Neural Network (ANN);"R¥\earest Neighbor

(KNN) and Fuzzy Time Series (FTS) was proposed. The data used iriNghjagvork are available
from LibyaMax network (WiIMAX technology) automated by Liby Tez om and Technology
(LTT) over a period of 180 days which consist of maximum on&vger, minimum online

OTasting WiIiMAX traffic
WNcsHn through comparison of
nt tqpdlogigs and learning
hggtyre is essentially

Fre%&lon model.
se'statons (A, B and

L was\iTsed to evaluate
ce result. The

um online user as

user, traffic of MIMO-A and traffic of MIMO-B. The qualit

was obtamed by focusing on the Artificial Intelligence (Al
different configurations and models that consist of g

algorithms. The decision of changing the Artificial Intelliger™
based on the objective to obtain the best Al modm owjtra
icd

Difterent configurations were tested using real traffic reCorded at
st

different Al configurations to select the best model Wsed M

outcome of the study indicates that KNN model g :

Inputs give good and accurate mean squar\%

AB) that belong to a Libyan WiMAX network. Staﬁ' i .
€
a

whole.



vi

Soudl jasile

3 Slihadl Gl Jama BY gl 2 3 281 Wl das SU 6y K e oM i 3 e 5
blidly 2addkl 639 Olaz @ Lge > conk (gl gl el e 3dley 2Setd) Juadl Jydy 31
o pM B dadl Jodl gl gl plad ST (glgl o 398 ol a3 AU
UL Ll Y Lla)l Lol Judl ) Gl oVl eaall 21 sl @il A\

Al e s Gl p 180 s o (S L ) acidly VL L 355 0 Dppmghesll Lin (3 dassizdl
eﬁﬁfﬁ‘d%wﬁébﬁﬂbﬂﬁra@ybﬂ-uﬁ?‘.@‘)j. '

Slaplyy Ul Lomglygb a0 0585 Gy Aol piladly SlyySIl o B

, ;.bw\ ,__3 Ao ‘;l.s—l g;L" r_,i_{ C:‘)‘ M‘ JL_.::'-%CJ

M aai GV e pusiand) (10l adY1 A HW-- L2 3



Vil

CONTENT PAGE

Contents

DECLARATION OF THESIS AND COPYRIGHT

BIODATA OF AUTHOR
ACKNOWLEDGEMENTS

ABSTRAK
ABSTRACT

iadl paile
CONTENT PAGE
LIST OF TABLES

LIST OF FIGURES
LIST OF ABBREVIATIONS AND SYMBKV
CHAPTER I: INTRODUCTION

1.0 Introduction

1.1 Background of Study 2
1.2 Research Statement 4
1.3 Research Questions 5
1.4 Research Objective&\ % 6
1.5 Scope and limit Nth ? 6
1.6 Significance &senéy 4\ 8
1.7 COntriblﬁﬁﬂhe Resedrch g 9
1.8 Organi#gtion of the Thesis \f-) 9
CHAP %TERATURE REVIEW 10
2.I®cﬁon 10
2.1 Over view of WIMAX 11

2.2 Network Traffic Forecasting 14



Vil

2.3 Statistical Forecasting 21

2.4 Intelligent Forecasting 22
2.4.1 Artificial Neural Network (ANN)

2.4.2 K-Nearest Neighbor (KNN)

2.4.3 Fuzzy Time Series (FTS)
CHAPTER III: RESEARCH METHODOLOGY

3.0 Introduction
3.1 Proposed Framework

3.1.1 Data Collection

3.1.2 Classical Performance Measure

3.1.3 Enhanced Model Design (ANN)
3.1.4 Analysis of Limitation
3.2 Summary

CHAPTER IV: ARTIFICIAL INTELL
4.0 Design for Enhancement (ANN

4.1 Artificial Neural Network (

4.1.1 Training Process %

4.1.2 ANN models fc@&;analll

4.2 Implementation o@y

N

4.3 K-Nearest Ne 60
4.3.1 KNN ' c}‘}" 62
4.4 Fuzzy Series (FTS) modeh'esign 65
4.4 'S Method 65
4.5 Myalugion 67

4.6 Summary 68



CHAPTER V: RESULTS AND DISCUSSIONS 70

5.0 Introduction 70

5.1 Data Input and Output (Daily, Weekly and Monthly) for (User A, User B

and User AB) \

5.2 Data Input and Output for KNN (Daily, Weekly and Monthly) * 79

5.3 Data Input and Output for ANN (Daily, Weekly and Monthly) i 91

Q)

70

5.4 Data Input and Output for FTS (Daily, Weekly and Mont 120
5.5 Discussion 127
5.6 Summary 136
CHAPTER VI: CONCLUSION AND FUTURE WORR 135
6.0 Introduction 135
6.1 Conclusion 136
6.2 Limitation and Future Work 136
PUBLICATIONS 140

BIBLIOGRAPHY 141

1X



LIST OF TABLES

Tables

Table 1: ARIMA (Statistical Approach) vs ANFIS (Intelligent Approac
Table 2: Quality of Service (QoS) for WiMAX

Table 3: KNN Daily Testing of User A 80
Table 4: KNN Daily Testing of User B 81
Table 5: KNN Daily Testing of User AB 83
Table 6: KNN Weekly Testing of User A 84
Table 7: KNN Weekly Testing of User B 83
Table 8: KNN Weekly Testing of User AB 87
Table 9: KNN Monthly Testing of User A 88
Table 10: KNN Monthly Testing of User 89
Table 11: KNN Monthly Testing of Use 91
Table 12: ANN Cross Validation of Da 92
Table 13: ANN Cross Validation om‘ Tra 9

08

Table 14: ANN Cross Validajg nWﬂy ‘raﬁ'
Table 15: ANN Cross Vali ati% eeli afﬁ(?vr User A 101
Table 16: ANN Cross V Sn @y Tr\ for User B 105
Table 17: ANN Cros@atjn 6f W gl!ly%(éjﬂic for User AB 108

@
Table 18: ANN @ﬂid}t'v.n} onfly Traffic for User A 112
r

Table 19: AT\m % Validation thtl\cth'hly Traffic for User B 115
Table 20: $Cross Validation ofhonthly Traffic for User AB 117

Table 21g yonential FTS Daily 120
TableR. EXxponential FTS Weekly 123

Table 23: Exponential FTS Monthly 125

Table 24: MSE Comparison of Daily Forecasting 128



Table 25: MSE Comparison of Weekly Forecasting
Table 26: MSE Comparison of Monthly Forecasting

Table 27: Over view of Result




Figures

Figure 1:
Figure 2:
Figure 3:
Figure 4:
Figure 5:
Figure 6:
Figure 7:
Figure 8:
Figure 9:

Figure 10:
Figure 11:
Figure 12:
Figure 13:
Figure 14:
Figure 15:
Figure 16:
Figure 17:
Figure 18:
Figure 19:
Figure 20:

Figure 21:
Figure 22:

LIST OF FIGURES

Scope of Research
WIMAX Network Architecture
Varying Network Traffic of Subnetworks

Data Transfer between Subnetworks
Network Traffic

Network Traffic and Central Node
General Process of Traffic Forecasting
Learning Rule Illustration

Example of KNN in Forecasting

Synergy of KNN and ANN in FOEW

Fuzzy Model of Traffic F lows\
Process of Long Term Predigtive Valu

Fuzzy Time Series Traﬂ'@ stiag
Sample Fuzzification

[llustration of M p n fe

Proposed Frame

Mesh Tomh&k
y

Data Taxo

Researc ‘@odo g
%n ?f ANJ 4\

ation of ANN in P@E ting the Maximum and Minimum

Artificial Neural Network (ANN) for WiIMAX Traffic Forecasting

proved TrainLM and TrainSCG

Figure 28
Figure Wy Artificial Neural Network Flowchart

Figure 25:
Figure 26:

Implementation Approach

K-Nearest Neighbor Flow chart

X11



Figure 27: Fuzzy Time Series Flow chart
Figure 28: Evaluation

Figure 29: Daily Max/Min of User A

Figure 30: Daily Traffic of User A
Figure 31: Daily Max/Min of User B
Figure 32: Daily Traffic of User B

Figure 33: Daily Max/Min of User AB
Figure 34: Daily Traffic of User AB
Figure 35: Weekly Min/Max of User A
Figure 36: Weekly Traffic of User A

Figure 37: Weekly Min/Max of User B

Figure 38: Weekly Data Input/output of User

Figure 39: Weekly Min/Max of User AB \co

Figure 40: Weekly Traffic of User AB

Figure 41: Monthly Min/Max of Us%

Figure 42: Monthly Traffic of User |

Figure 43: Monthly Min/Magf o
Figure 44
Figure 45:
Figure 46:
Figure 47

Figure 48: l(w
\

Figure 49: % Daily Testing of User AB

Figurb Weekly Testing of User A

KNN Weekly Testing of User B

ally Testing of Ugg

Figure
Figure 52: KNN Weekly Testing of User AB
Figure 53: KNN Monthly Testing of User A

X1il

67
68

72
72
72
72
73
9
75
75

75
75
76
76
77
77
78
78
78
78
80
81
82
84
85
86
87



Figure 54: KNN Monthly Testing of User B

Figure 55: KNN Monthly Testing of User AB

Figure 56: Daily traffic of MIMO User A : Measured VS Prediction
Figure 57: ANN Daily Training for User A - TrainLM

Figure 58: ANN Daily Testing for User A - TrainLM

Figure 59: ANN Daily Training for User A - TrainSCG R

Figure 60: ANN Daily Training for User B — TrainSCG |
Figure 61: Dalily traffic of MIMO User B: Measured VS Prigh tlc l

Figure 62: ANN Daily Result for User B — TrainLM

Figure 63: ANN Daily Result for User B — TrainLM

Figure 64: ANN Daily Training Result of User B
Figure 65: Daily traffic of MIMO User AB:

Figure 66: ANN Daily Training Result of % — Trant

Figure 67: ANN Daily Traffic of User Trai%

Figure 68: ANN Daily Training Re:él serAB -3Tqai

Figure 69: ANN Daily Traffic R MU %{@
tult I

Figure 70: ANN Weekly Tr% . Us 1} A QDrainLM
Figure 71: ANN Weekly iC ei '
Figure 72: ANN Wee&in *
Figure 73: ANN W g@‘
sult$U ser A — TrainLM

y Téh e
traffic of MIM@& A: Measured VS Prediction

ral

| &
@ser A — TrainSCG

Figure 74:

Figure 75: \Q'
Figure 76:% Weekly Traffic Result of User B — TrainLM
Figure 7R ' Weekly Traffic Result of User B — TrainLM

ANN Weekly Training Result of User B — TrainSCG

Figure
Figure 79: ANN Weekly Traffic Result of User B— TrainSCG
Figure 80: Weekly tratfic of MIMO User AB: Measured VS Prediction

NY.

Y—
|

3

X1V

89
90

93
93
94
94

935
96
96
97

97

98

99

99

100
100
102
102
103
103
104
105
106
106
107
107
109



XV

Figure 81: ANN Weekly Training Result of User AB — TrainLM 109
Figure 82: ANN Weekly Traffic Result of User AB — TrainLM 110

Figure 83: ANN Weekly Training Result of User AB — TrainSCG 110

Figure 84: ANN Weekly Traffic Result of User AB — TrainSCG 111

Figure 85: ANN Monthly Training of User A — TrainLM 112

Figure 86: Monthly traffic of MIMO User A : Measured VS Predicti 113

Figure 87: ANN Monthly Testing of User A — TrainLM V 113
Figure 88: ANN Monthly Testing of User A — TrainSCG Y' 114
Figure 89: ANN Monthly Training of User A — TrainSC{ ' 114
Figure 90: Monthly traffic of MIMO User B: MeasureddVS Predigtion .\Y' 115
Figure 91: ANN Monthly Training of User B — Trai ! _{') 116
Figure 92: ANN Monthly Testing of User B — Trai 116
Figure 93: ANN Monthly Training of User Beayls 116
Figure 94: Monthly traffic of MIMO User AB™eas 117
Figure 95: ANN Monthly Training of 14 %B o 118
Figure 96: ANN Monthly Testing ofN /% AB — 118
Figure 97: ANN Monthly Traj inm i 119
Figure 98: ANN Monthly Test%f U 119
Figure 99: FTS Daily Te&} U el' 121

% 121

122

Figure 100: FTS Dailyc%bgj
123

Figure 101: FTS D , tin; - |
Figure 102: FT y Testin¥ o w
N
Figure 103: F{ ekly Testing of U¥r B 124
Figure 10 :%W eekly Testing of User AB 124

Figure 4Q): S Monthly Testing of User A 126

Figure 106: FTS Monthly Testing of User B 126
Figure 107: FTS Monthly Testing of User AB 127



137

Setting Intervals Based on Density

Figure 108:

Figure 109: Adaptive Intelligent Forecasting

139




ANFIS

ANN

ARIMA
ASN GW

BE
BS
CSN
ertPS

F(A,B,AB)

FIS
IEEE
KNN

LM
Mett

MS
MSE
nrtPS
PMP

PTP
QOS

RMSE

Sfbs&alcd Conjugate Gradient
SDDG

rtPS

SS
ST

LIST OF ABBREVIATIONS AND SYMBOLS

Artificial Intelligence
Adaptive Neuro Fuzzy Inference System

Artificial Neural Network

Autoregressive Integrated Moving Average

Access Service Network Gateway
Best Effort

Base Station

Connectivity Service Network
Extended Real Time Polling Service

The function model

Fuzzy Time Series c
Institute of Electrical and Elec S E
K nearest Neighbor

Levenberg-Marquardt %

Model Efticiency

{?@

Mobile Station

Mean Square
Non-Real

Point to

Time Polling Service

Systems Development Life Cycle
Subscriber Station

Subscriber Terminal

XVIl



Represents the WIMAX traffic from MIMO-A, MIMO-B and MIMO-AB

USCIS

T .

Unsolicited Grant Service

UGS
VAR

Variance

Normalized values

X/



