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Abstrak

Sejak beberapa dekad yang lalu, Mesin Sokongan Vektor Kuasa Dua Terkecil
(LSSVM) telah digunakan secara meluas dalam masalah ramalan di pelbagai domain
aplikasi. Walaubagaimanapun, literatur sedia ada menunjukkan keupayaan LSSVM
bergantung kepada nilai parameter hiper, iaitu parameter regularisasi dan parameter
kernel, di mana ianya akan mempengaruhi generalisasi LSSVM dalam tugasan
ramalan. Kajian ini mencadangkan algoritma hibrid, berdasarkan Koloni Lebah
Buatan (ABC) dan LSSVM yang terdiri dari tiga algoritma; ABC-LSSVM, [vABC-
LSSVM and cmABC-LSSVM. Algoritma /vVABC diperkenalkan untuk mengatasi
masalah minimum setempat dengan menambah baik proses carian menggunakan
mutasi Levy. Dalam pada itu, algoritma cmABC yang menggunakan mutasi
konvensional dapat mengatasi masalah penyesuaian terlebih atau penyesuaian
terkurang. Kombinasi algoritma /vVABC dan ¢mABC, yang kemudiannya dikenali
sebagai algoritma Koloni Lebah Buatan Dipertingkat-Mesin Sokongan Vektor Kuasa
Dua Terkecil (eABC-LSSVM) telah direalisasikan pada ramalan harga komoditi
sumber asli yang tidak boleh diperbaharui. Setelah tugas pengumpulan data dan pra
pemprosesan data siap dilakukan, algoritma eABC-LSSVM direkabentuk dan
dibangunkan. Keupayaan eABC-LSSVM dinilai berdasarkan lima metrik statistik,
iaitu Min Peratusan Ralat Mutlak (MAPE), ramalan ketepatan, simetri Min Peratusan
Ralat Mutlak (sMAPE), Peratusan Ralat Punca Kuasa Min (RMSPE) dan Theil’s U.
Keputusan menunjukkan eABC-LSSVM mempunyai kadar ralat ramalan yang lebih
rendah berbanding dengan lapan model hibrid antara LSSVM dan algoritma Evolusi
Pengkomputan (EC). Tambahan pula, algoritma yang dicadangkan juga telah
dibandingkan dengan teknik ramalan tunggal iaitu Mesin Sokongan Vektor (SVM)
dan Rangkaian Neural dengan Rambatan ke Belakang (BPNN). Secara umumnya,
eABC-LSSVM telah menghasilkan ramalan ketepatan melebihi 90%. Ini
menunjukkan eABC-LSSVM  berkeupayaan dalam menyelesaikan masalah
optimisasi terutamanya dalam bidang ramalan. Algoritma eABC-LSSVM dijangka
dapat memberi manfaat kepada para pelabur dan pedagang komoditi dalam
perancangan pelaburan dan pengunjuran keuntungan.

Kata kunci: Koloni Lebah Buatan, Mesin Sokongan Vektor Kuasa Dua Terkecil,
Ramalan Siri Masa
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Abstract

Over the past decades, the Least Squares Support Vector Machines (LSSVM) has
been widely utilized in prediction task of various application domains. Nevertheless,
existing literature showed that the capability of LSSVM is highly dependent on the
value of its hyper-parameters, namely regularization parameter and kernel parameter,
where this would greatly affect the generalization of LSSVM in prediction task. This
study proposed a hybrid algorithm, based on Artificial Bee Colony (ABC) and
LSSVM, that consists of three algorithms; ABC-LSSVM, IvABC-LSSVM and
cmABC-LSSVM. The /IvABC algorithm is introduced to overcome the local optima
problem by enriching the searching behaviour using Levy mutation. On the other
hand, the cmABC algorithm that incorporates conventional mutation addresses the
over-fitting or under-fitting problem. The combination of /VABC and c¢mABC
algorithm, which is later introduced as Enhanced Artificial Bee Colony — Least
Squares Support Vector Machine (eABC-LSSVM), is realized in prediction of non
renewable natural resources commodity price. Upon the completion of data
collection and data pre processing, the eABC-LSSVM algorithm is designed and
developed. The predictability of eABC-LSSVM is measured based on five statistical
metrics which include Mean Absolute Percentage Error (MAPE), prediction
accuracy, symmetric MAPE (sMAPE), Root Mean Square Percentage Error
(RMSPE) and Theils’ U. Results showed that the eABC-LSSVM possess lower
prediction error rate as compared to eight hybridization models of LSSVM and
Evolutionary Computation (EC) algorithms. In addition, the proposed algorithm is
compared to single prediction techniques, namely, Support Vector Machines (SVM)
and Back Propagation Neural Network (BPNN). In general, the eABC-LSSVM
produced more than 90% prediction accuracy. This indicates that the proposed
eABC-LSSVM is capable of solving optimization problem, specifically in the
prediction task. The eABC-LSSVM is hoped to be useful to investors and
commodities traders in planning their investment and projecting their profit.

Keywords: Artificial Bee Colony, Least Squares Support Vector Machines, Time
series prediction

v



Acknowledgement

Alhamdulillah...praise to Allah S.W.T for every breath I take, thankful for his mercy
giving me a good health, strength and spirit throughout this journey.

First and foremost, I am heartily thankful to my main supervisor, Dr. Yuhanis Yusof
for her valuable guidance and continuous support from the initial to the final level
which enabled me to accomplish this research. She showed me different ways to
approach a research problem and the need to be courage, persistent and patience to
achieve my goal. Thank you for always reminds me for the thing that I overlooked,
and thank you for being a great supervisor with a friendly touch. Your understanding

i1s much indeed appreciated.

I also like to express my deepest appreciation to my co-supervisor, Dr. Siti Sakira
Kamaruddin. The patience supervision and enthusiastic encouragement that she gave
truly help the progression of this research. It is an honour for me to have both of you

as my supervisors.

I would also like to dedicate this work to my lovely husband, Dr. Mohd Herwan. His
continuous support and du’a means a lot me. Thank you for being with me, through
ups and downs, and sharing the tears and laughs together. Not forgotten, my
wonderful daughter, Zahra An Naurah who never fails to amaze me. She is such a
glowing flower in my heart. Thank you for being my side throughout this meaningful
journey. I owe both of them a lot. Last, I offer my regards and blessings to all
families and friends of those who supported me in any respect during the completion

of this research. Thank you for praying for my success.

May this little achievement will keep me grounded. Alhamdulillah for the end of this

quest and for a new beginning. May Allah bless us all...



To the other half...the love of my life, Mohd Herwan
&
my sweet honey bee, Zahra An Naurah

vi



Table of Contents

PermiSSION t0 USE ...ccuvieiieiieitieeiieeie ettt sttt ettt ettt e st e st e sabe et e et e bt e sbeessteenteeateenneenee ii
ADSETAK ..ttt ettt e st e et e et e e bt et e e ae e nteenteentesaaeeareea iii
F N 0111 2T OO RURRRP v
ACKNOWIEAZEMENL ......eeuiieiieeiieeiie ettt ete et eesteestaessaessteasseesseesseessaessseesseesseenseensennns v
Table Of COMLEIILS ....c..eeieiiiieieie ettt sttt sttt b e et sbe ettt ebe e te st eaeeae vii
LSt OF TADIES ..ottt ettt et st b e st b et se e e Xii
LISt OF FIGUIES ...vveivtieieeiiecieee ettt sttt et ettt e et e et aessaessbeesseesseessaensnenseennns Xvi
LiSt Of APPEINAICES ..eovvieniieriieiiieiieeie et ettt ettt et e st e ebe e seebeessaesssesssessseanseenseensaessaesseens XX
LiSt Of ADDI@VIATIONS .....evieiiiiieiieiest ettt ettt sttt et et et ee et e e see e e seeneenes XXi1
CHAPTER ONE INTRODUCTION ....coiiiiiiiiiieiie et 1
1.1 Background StUAY...........ccooiiiiiieiiieieeee et 1
1.2 Time Series PrediCtion..........cccoviuiuiiiiiiiiieceeeeee s 3
1.3 Problem Statement...........oueuiuiiiiiieiieee et 10
1.4 Research QUESTION..........c.oviuiieiieieiceceiciceteie ettt ettt sees 12
1.5 Objectives OF StUAY.......ociviiiiiiiiecee et 13
1.6 Limitation Of STUAY.......ccooiirieieiiiiieieeieteeee et 13
1.7 SCOPE OF StUAY.....cooviieiiicieee et 14
1.8 Significance of StUAY........ccccoiiiiiiiiiiiii e 15
1.9 ThesSisS OULHNE. .....c.cuiueiiieiiieieieieieieieiet ettt ettt enenenas 15
CHAPTER TWO LITERATURE REVIEW ..o 17
2.1 Optimization of LSSVM Hyper Parameters..........ccccoooveviriiinieeneeeieeeeee 17
2.1.1 Optimization of LSSVM using Cross Validation.............cccccceeeeiinnnnes 17
2.1.2 Optimization of LSSVM using Evolutionary Computation
ALGOTTERIMNL ...ttt nenas 24
2.2 Methods to Enhance Searching Behavior in ABC Algorithm...........c..cccecvuvnnnne. 39
2.3 Methods to Prevent Over fitting and Under fitting in LSSVM and SVM........... 44
2.4 Evaluation in Time Series Predictions...........ccccoveriiinirieeininieieeceeeeeeene 50
241 MBLTICS. ..ttt 50
2.4.2 MEthOAS. ...t 56



2.4.2.1 Statistical ApProach..........ccccoeeirivieriiininieeeieeeeeeeees 56

2.4.2.2 Computational Intelligence Approach..........c.cccooeeeiririnrennnnne. 59

2.5 Least Squares Support Vector Machines...........ccccocovvevvieinieieieeiceeeeeeeeee, 68
2.6 Artificial Bee COlONY ...t 72
2.7 Levy Probability DistribUtiOn...........ccccoeieieieiiiiieieeeieecceee e 77
2.7.1 Levy Probability Distribution in Evolutionary Computation................. 80

2.8 SUMIMIATY ......ouieiieiietiieieiee ettt ettt ettt et seete s s e be st eseeseese s eseseeseesessenseneeneesessensenseneas 83
CHAPTER THREE METHODOLOGY .....ocoiiieiieiesieeneeie e eee e 84
3.1 INEEOAUCHION. ...ttt enenas 84
3.2 Data Collection and Preparation.............cccceeeieieiereiiniereeisesieieeeeeieeiee e 85
3.2.1 Test fOr Correlation...........cceuiiirieiiiieieiee s 88

3.2.2 Test for Non lNearity..........ccoeeiiiieieeieeeeeee e 90

3.2.3 Data NOrmaliZation..........ccceeueueieurieieieirieieieieeesseesseee e 91

3.3 AlOTIthm DESIZN........oovoveiiiiiieieicieee e 92
3.3.1 ABC-LSSVM...oe ettt 93
3.3.1.1Flow of ABC-LSSVM......oiiiiiiieiieieeeie e 93

3.3.1.1.1 Initialization Phase...........cccceceeeireieeiencccccenee 93

3.3.1.1.2 EB Phase.....ccccooviiiieciecteceee 95

3.3.1.1.3 OB Phase.....c.ccccceueurueirieicieirieeeieeeeeee e 96

3.3.1.1.4 SB Phase......cocooiiiiiiiieeeeee e 97

3.3.2 Enrich the Exploitation Process in Search Space (/vABC)........ 98

3.3.3 Preventing Over fitting and Under fitting (cmABC)................ 100

3.3.4 eABC-LSSVM.....oooi et 101

3.3.4.1 Flow of eABC-LSSVM.....coiiiiiiiieeceeeeeeeeeeeiea 102

3.3.4.1.1 Initialization Phase ..........cccccceeeeiiniieencncennes 103

3.3.4.1.2 EB PhaSe ...ccooooiviiiiec e 104

3.3.4.1.3 OB Phase.......cccocoeririrrieeeeeeeeeeeee e 106

3.3.4.1.4 SB Phase......ccccoeiiiiiieiceeeeeceece s 107

3.4 Algorithm Development............ccooiiiiriiiiiiniieiei e 107
3.5 EVAIUATION. ...t 108
3.5.1 Experimental SETUP.........cocoeuiirieieiiiiieieicceieee e 108



3.5.1.1 Input and Output Variables............ccocooeririeeiininieeiiiennes 109

3.5.1.2 Training, Validation and Testing..............ccceccvervrerveerevennnen. 111

3.5.1.3 Properties Setting... ......ccccoevirieinieirieieieesieeeieeeee e 12

3.5.2 Performance Evaluation MEtriCs..........ccocveiirieinieiniiiieeeeceeeeee s 113
3.5.3 Benchmarking Techniques............ccocoevininirieeiiiieeiceeeee e 115

3.0 SUIMIMATY ...ttt b et s et a s eseseeseseeseseeseseesesensesenes 116

CHAPTER FOUR ARTIFICIAL BEE COLONY-LEAST SQUARES

SUPPORT VECTOR MACHINES ... 117
O e U (0 Yo DTt 5 (0 o WO 117
4.2 SUITIMATY .....veeeiiieeeieeeeieeeeiieeeetteeeiteesaeeesseeessseeeasseeessseeesseeasseesnssessnssesssseesnnseens 121

CHAPTER FIVEENHANCED ARTIFICIALBEE COLONY-LEAST

SQUARES SUPPORT VECTOR MACHINES. ........cccocoiiiieese e 122
5.1 INEOAUCTION. ..c..eetiiiiiiiieiteee ettt sttt 122
5.2 SUMIMATY ...ceiiiiieiiie ettt ettt st e e st e e s teeestbeeestbeeesseessaeeansseesnseeesssneensseeanns 128
CHAPTER SIX RESULTS AND DISCUSSION ......ccocoiiiiiinieiieienee e 129
0.1 INErOAUCTION. ....eoiiiiiiieiie et ettt ettt et st e e enbeeseeeenneens 129
6.2 eABC-LSSVM on Energy Fuels........cccoocieiiiiiiiiiiiiieeeeeeee e 129
0.2.1 Data St A...oeeiieieiieieeeeee e 129
6.2.1.1 eABC-LSSVM vs. ABC-LSSVM and Its Variants.............. 129
6.2.1.1.1Crude Oil Price.........ccoueeviiiiiiiiniieieeeeeee 130
6.2.1.1.2 Heating Oil Price Prices........c.cccocevvieneiviiniencnnens 135
6.2.1.1.3 Gasoline Price. .......ccceveevirienieieniesieeeeeeee 139
6.2.1.1.4 Propane Prices.........ccceeuvieeiieeriieeniie e 143

6.2.1.1.5 Results Analysis for Data Set A: eABC-LSSVM vs.
ABC-LSSVM and Its Variants...........ccoceeveevenieneeneniennns 147
6.2.1.2 eABC-LSSVM vs Other Techniques..........ccccceevvvereeeneennen. 148
6.2.1.2.1 Crude Oil Price.......ccccevieiirienieieieneeie e 149
6.2.1.2.2 Heating O1l Prices.........cccovuveeviieeiiieeieeeeieeeieene 152

6.2.1.2.3 Gasoline Prices................cvvevviieevcieecieeeeieeennn. 155
6.2.1.2.4 Propane Prices...............cccvveiierieeniiencieeneenne. 158

X



6.2.1.2.5 Results Analysis for Data Set B: eABC-LSSVM vs.

Other TeChNIQUES. ....cceevviieiieriieieeeeeeee e 161
0.2.2 Data SEt B....ooueiiieiiee e 162
6.2.2.1 eABC-LSSVM vs ABC-LSSVM and Its Variants ............162
6.2.2.1.1 Crude Oil Prices.......cccceververieninienieneeieneeeene 163
6.2.2.1.2 Heating Oil Prices.........ccccceceeeevivienieeeennenn... 167
6.2.2.1.3 Gasoline Prices. ......c.cccovieriienieniiienieieesieeee 171
6.2.2.1.4 Propane Prices. ........cccooierieniiinieniieieeieeiee e 175

6.2.2.1.5 Results Analysis for Data Set A: eABC-LSSVM vs.
ABC-LSSVM and Its Variants...........ccoceveerierieneeneniiennens 179
6.2.2.2eABC-LSSVM vs Other Techniques................cccveeneeeee..... 180
6.2.2.2.1 Crude Oil Prices. . ......cccoceervuiriieniieiienieeeeeeeeee. 181
6.2.2.2.2 Heating Oil Prices. ......ccccccevviieniieeiiieienieeiieeine 184
0.2.2.2.3 Gasoling Prices. .......ccocevvuenieienienenieiieeeiee 187
6.2.2.2.4 Propane Prices........cccccvveriiieeniiieeniieeeiee e 190

6.2.2.2.5 Results Analysis for Data Set B: eABC-LSSVM vs.
Other TechNIqUES. .....cccovieeiierieeieeeeeee e 193
6.3¢ABC-LSSVM on Metal. . .....coccooiiiiiiiiiiiieeeeeeee e 194
0.3.1 Data St C...oooeieeieieeieeee et e 194
6.3.1.1 eABC-LSSVM vsABC-LSSVM and Its Variants................ 194
0.3.1.1.1 GOId. .o 195

6.3.1.1.2 Results Analysis for Data Set C: eABC-LSSVM vs
ABC-LSSVM and Its Variants.........ccceeoeeveenieniieenienieene. 199
6.3.1.2 eABC-LSSVM vs Other Techniques..........cccccoeeveervenennnene 199
0.3.1.2.1 GOId...eeoniiiiiiiiieeieeee e 200

6.3.1.2.2 Results Analysis for Data Set C: eABC-LSSVM vs
Other TeChNIQUES.......ccovvieiieiiieieeeie e 203

6.4 SUMMATY . ..uuttiei et et eiee e et ciireeeesnreeessnnneeeesssnneeessnsnneeesnnenn 203

CHAPTER SEVEN CONCLUCIONS AND RECOMMENDATION FOR
FUTURE WO RK S ..ottt e e et e e e e e e nae e 205
7 03 Te] LT T o WO 205



7.2 CONIIDULION. ...ceeviiiieieieeeieeeeeeeeeeeeeeeee et eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeaeeeeaaeeeeeeeeeeeeaees 205

7.2.1 Knowledge ContribUtion...........cccueerieeiierieeieeniieeieeieeeieenieeeveesneens 207
7.2.2 Practical ContriDULION. ...ceuunneeeeee ettt e e e e e e eeeeenen 208
7.3 Recommendation for FUtUIe WOTKS. ......cooveumeneeee e 209
REFERENCES ... ... 211
APPENDI CES . ... 225

xi



List of Tables

Table 1.1: Correlation among Energy Fuels from 22 December 1992—-30 November 2007 ...6
Table 2.1: Summaries of Time Series Prediction Technique using LSSVM Optimized by

GV ettt ettt ettt ettt b e sttt et e Rt e st e b e he e st et e s e e st e st et e eneeneeneentenseenes 22
Table 2.2: Summaries of Time Series Prediction Technique using LSSVM Optimized by EC
N £ 0 11 1 1 4 OO PURPRRU 36
Table 2.3:Summaries of Methods to Overcome the Searching Behavior in ABC Algorithm
................................................................................................................................................. 43
Table 2.4: Summaries of Methods to Prevent Over fitting and Under fitting in LSSVM and
Y41 P SRRS 48
Table 2.5: Summaries of metrics utilized in Evaluating of Time Series Prediction............... 54
Table 2.6: Summaries of Time Series Prediction Technique using Statistical Approach......58
Table 2.7: Summaries of Time Series Prediction Technique using CI Approach.................. 66
Table 2.8: Data Representation of eABC-LSSVM Algorithm..........cccooevveviiiieciiiinieiieee, 77
Table 2.9: Summaries of Levy Probability Distribution in Evolutionary Computation
ALGOTTERIML ..ottt et e bt e et e e bt eete e e taeestbeessbeessseessseesnseeensseensseessennns 82
Table 3.1: Data SEt Aottt b et ettt e b e e bt e et eeens 85
Table 3.2: Sample 0f Data SEt A.......ccoiiiiieeiee ettt e e re e stae e beesbeesebaesbea e 85
Table 3.3: Data Set B.......ooiieiiiie ettt ettt st ae et saee s 86
Table 3.4: Sample Data Set B........cccooiiiiiiiiie e 86
Table 3.5: Data St C....ooueieiieiiee ettt st ettt ettt ettt e et ebeebe et 87
Table 3.6: Sample of Data Set C......coeeiiiiiiiiiiiiiieeteeeeeee ettt 87
Table 3.7: Price Correlation among Input Data Set A..........cccevvevieeiieciieieeieee e 89
Table 3.8: Price Correlation among Input Data Set B...........cccoveviievincieiieiecceee e &9
Table 3.9: Price Correlation among Input Data Set C..........cccveeiieviinciierieciieieceeee e &9
Table 3.10: Samples of Normalized Input for Data Set A.........ccoocovivieiinininieeeceeen 92
Table 3.11: Samples of Normalized Input for Data Set B.........ccccoceiiiiniinieneniicieeeeee 92
Table 3.12: Samples of Normalized Input for Data Set C.........c.cccceeevevcieicriniiniecieierveinns 92
Table 3.13: Initial Fitness FUNCtion...........ccooiiirieiieiiie e 94
Table 3.14: EB PRase.......ccoiieieieie ettt et e 95
Table 3.15: Probability.......ccceeviieciiiiieiicie ettt ete e eere e b e b e stae s b e stbesevesesesseesenessnenens 96
Table 3.16: OB PhaSe .....cccoiiiiiiiieiieeee ettt st st be e e b e b 97

Xii



Table 3.17: Initial Fitness FUNCLIONS..........oooiiiiiiiiiiiiieeeee ettt eeeeeeeeeeas 104

Table 3.18: EB Phase.........oocuiiiiiiee ettt ettt ettt et 105
Table 3.19: Probability.......cccueeiiiiiiie ettt ettt e ea 105
Table 3.20: OB Phase.......cccoouiiiiiiieieeeiese ettt ettt ettt ettt et et ae e eneas 107
Table 3.21: Assigning Input and Output Variable for Data Set A..........ccceeiieiieiieirenee. 109
Table 3.22: Assigning Input and Output Variable for Data Set B..........ccccccoevieiiniininennns 110
Table 3.23: Assigning Input and Output Variable for Data Set C........ccccceviviiiienenencnen. 110
Table 3.24: Training, Validation and TeStiNg..........cccccerveriereeriierierieerieesieeseeeeesseeeeenenns 111
Table 3.25 Example of data arrangement for Data Set A...........ccoovvviveiiniiieriecieie e 112
Table 3.26: Properties of Prediction Techniques Utilized..........cccoveveeienininieneneneeenee, 113
Table 3.27: Range of Percentage by MAPE.........c.cooveoiicieiie e 114
Table 6.1: CL Price Prediction Data Set A: eABC-LSSVM vs. ABC-LSSVM and Its
VIATTANES. ...ttt ettt ettt ettt st et e at e e at e et sat e et ebe e eatesatesatenbeeabeen 131
Table 6.2: Significant Test for CL Price Prediction Data Set A: eABC-LSSVM vs. ABC-
LSSVM and It8 VATIANTS. .....cccueiuieeieiieieieeieieie ettt ettt ettt et et e e eenees 131
Table 6.3: HO Price Prediction Data Set A: eABC-LSSVM vs. ABC-LSSVM and Its
VIATTANES. ...ttt ettt ettt ettt et e e e bt s ab e e bt e aeeeat e eateeateeabeeaeeeateeateentenbeenaeens 136
Table 6.4: Significant Test for HO Price Prediction Data Set A: eABC-LSSVM vs. ABC-
LSSVM and ItS Variants........cceeerueeiieniiiieeieeie ettt sttt sttt sbe e ee e b 136
Table 6.5: HU Price Prediction Data Set A: eABC-LSSVM vs. ABC-LSSVM and Its
VIATIANES. ...ttt ettt ettt ettt ettt e bt e st eateeateembeemteanteenseenteeaseenseenseenteenseenteenbenneenneens 140
Table 6.6: Significant Test for HU Price Prediction Data Set A: eABC-LSSVM vs. ABC-
LSSVM and ItS Variants.........ccceeeueerieniieiieeieesieerie ettt ettt e st e st e st e saeenseeseeseens 140
Table 6.7: PN Price Prediction Data Set A: eABC-LSSVM vs. ABC-LSSVM and Its
VATTANES ..ottt ettt et b e bt et e e e s bt e st et e s b e sb e et et e bt e st entenbeebeent et e naenes 144
Table 6.8: Significant Test for PN Price Prediction Data Set A: eABC-LSSVM vs. ABC-
LSSVM and It Variants.........c.cceieiierieieiieceesieeiceieeteteee ettt ettt 144
Table 6.9: CL Price Prediction Data Set A: eABC-LSSVM vs. Other Techniques............. 150

Table 6.10: Significant Test for CL Price Prediction Data Set A: eABC-LSSVM vs. Other
TECHNIQUES. ...ecueieeeiieciiie ettt ettt e et e et e st e et e e sseeeessaeessseessseessseesssaeanseesnseesnseenssenn 150
Table 6.11: HO Price Prediction Data Set A: eABC-LSSVM vs. Other

TECHNIQUES. ...eeueieeeiieciie ettt et e et e et e st e et e e esteeessaeessseessseessseessseeanseesnseesnseenssenn 153
Table 6.12: Significant Test for HO Price Prediction Data Set A: eABC-LSSVM vs. Other

T ECHNIQUES. ...ectteieiieciiee ettt ettt e et e et e et e e esteeestaeestseessbeesssaesssaeasseesnsaessseenssens 153



Table 6.13: HU Price Prediction Data Set A: eABC-LSSVM vs. Other Techniques.......... 156
Table 6.14: Significant Test for HU Price Prediction Data Set A: eABC-LSSVM vs. Other

1] 1100 10 13 1SRRI 156
Table 6.15: PN Price Prediction Data Set A: eABC-LSSVM vs. Other Techniques........... 159
Table 6.16: Significant Test for PN Price Prediction Data Set A: eABC-LSSVM vs. Other
TECRNIQUES. ..ottt ettt sttt et e st e st e st e bt e st e e be e s eebeesseenseenteenseeneas 159
Table 6.17: CL Price Prediction Data Set B: eABC-LSSVM vs. ABC-LSSVM and Its
VATTANES ..ottt ettt b e bt et e e e s bt e at et e sbesb e et et e bt eatenteebeebeent et e neenes 164
Table 6.18: Significant Test for CL Price Prediction Data Set B: eABC-LSSVM vs. ABC-
LSSVM and It Variants.........c.cceierierierienieceiesieeteeeetete ettt sttt s 164
Table 6.19: HO Price Prediction Data Set B: eABC-LSSVM vs. ABC-LSSVM and Its
VIATTANES. ...ttt ettt ettt et ettt s et et et eh et et sbt e eat e ebe e eatesateeabenbeenbeen 168
Table 6.20: Significant Test for HO Price Prediction Data Set B: eABC-LSSVM vs. ABC-
LSSVM and ItS VATIANtS. ......cccecueeuieieriereeiieieie ettt sttt eee st e e eenees 168
Table 6.21: HU Price Prediction Data Set B: eABC-LSSVM vs. ABC-LSSVM and Its
VATTANES. ..ottt ettt sttt e sb et she bt et et e bt bt e st et sbe et et e e nnes 172
Table 6.22: Significant Test for HU Price Prediction Data Set B: eABC-LSSVM vs. ABC-
LSSVM and Its Variants..........cocceeereerienenirienienenieetetenie sttt steeveete i et esneneesuesneennennes 172
Table 6.23: PN Price Prediction Data Set B: eABC-LSSVM vs. ABC-LSSVM and Its
VIATTANES ...ttt ettt ettt et e s bttt sbe bt et et e e bt eaeesb et ebeenn et e e nees 176
Table 6.24: Significant Test for PN Price Prediction Data Set B: eABC-LSSVM vs. ABC-
LSSVM and ItS Variants.........ccceeeierieriieiieeiieeiieesie ettt eteete et stesiee st e sseesatesseesseenseenseens 176

Table 6.25: CL Price Prediction Data Set B: eABC-LSSVM vs. Other
T 1100 10 13 1S OSSP 182
Table 6.26: Significant Test for CL Price Prediction Data Set B: eABC-LSSVM vs. Other
TECRINIQUES. ... .eeiieeieeiie ettt st ettt et e e steesteesbe e teesse e seesaessaessaessaensaensaessaensenssennnes 182
Table 6.27: HO Price Prediction Data Set B: eABC-LSSVM vs. Other

TECRINIQUES. ... .eeiieiieeeie ettt sttt et esteestaesbe e seesse e seesaessaesseesseensaensaessaesseessennses 185
Table 6.28: HO Price Prediction Data Set B: eABC-LSSVM vs. Other

TECHNIQUES. ...ecueieeeiie et ettt et e et e et e st e e beeesteeeseeeessseessseessseesssaeanseesnseesnseenssenn 185
Table 6.29: HU Price Prediction Data Set B: eABC-LSSVM vs. Other

TECHNIQUES. ...eeueeeeeiie ettt et e et e et e st e et e e snteeasseeessseessseesseesssaesnseesnseesnseenssenn 188
Table 6.30: Significant Test for HU Price Prediction Data Set B: eABC-LSSVM vs. Other
TECHNIQUES. ...ccutvieiiieciee ettt ettt e et e e be e et e e esteeesbaeessaeessbeessseesssaeesseesnseeenseesssens 188



Table 6.31: PN Price Prediction Data Set B: eABC-LSSVM vs. Other Techniques........... 191
Table 6.32: Significant Test for PN Price Prediction Data Set B: eABC-LSSVM vs. Other

T 1100 10 13 1SRRI 191
Table 6.33 Data Set C Price Prediction: eABC-LSSVM vs. ABC-LSSVM and Its

VIATTANES. ...ttt ettt ettt ettt et et e et ea et esbe e beeabeeateanbeenteenteenseenseenseenteenseenteensesneesneens 196
Table 6.34: Significant Test for Data Set C Price Prediction: eABC-LSSVM vs. ABC-
LSSVM and It Variants.........c.cceiuerierieienieeteieseet ettt sttt ettt st 196
Table 6.35: Data Set C Price Prediction: eABC-LSSVM vs. Other Techniques................. 201

Table 6.36: Significant Test for Data Set C Price Prediction: eABC-LSSVM vs. Other
TECRIIQUES. ... .eeeieeieeeie ettt ettt et e steestaesbe e seesse e saessaessaensaesseensaesaensaensenssennses 201

XV



List of Figures

Figure 1.1: Classes 0f COMMOMILIES .......cccvierueeriieriieriieieesie ettt ettt 4
Figure 2.1: Class of Evolutionary COmpUtation...........cceeveeerieeriienieenieeieeiieesieeieesieeeeeeeeneens 24
Figure 2.2: Mapping of the Input Space to a High Dimensional Feature Space.................... 69
Figure 2.3: LPD with Different Value of G......ccccoevvevieriiriiiiieciecieeeeereeseee e 78
Figure 3.1: MethOdOLOZY......cccvieiiiiiiieeieeie ettt sttt sttt snte e seaesesessaessnensnes 84
Figure 3.2: Representation of Food Source Position as Possible Solution in X..................... 94
Figure 3.3: Representation of Food Source Position as Possible Solution in X................... 103
Figure 4.1: Flow of ABC-LSSVM in Initialization and EB Phase..........c.cccccecevininnnnnen. 118
Figure 4.2: Flow of ABC-LSSVM in OB and SB Phase..........c.cccceeverviviinieniecie e, 119
Algorithm 4.1: ABC-LSSVM algorithm.........ccccccveviiviiiiieiieiieie e ere e sve e 120
Algorithm 5.1: IWABC-LSSVM.....ccoiiiiiiiicieciecieste sttt ettt sreesreessaesseevaenneans 123
Algorithm 5.2: cmABC-LESSVM.....coiioiiiiiiieiieteeete ettt sve e ae e ene e 124
Figure 5.1: Flow of eABC-LSSVM in Initialization and EB Phase............ccccceevvvecieennnnn. 125
Figure 5.2: Flow of eABC-LSSVM in OB and SB Phase..........cccccceveiiiiviieenieeieeeeee 126
Algorithm 5.1: eABC-LSSVM algorithm........ccccooviiiiiiiiiiieieeciecieeeeeeveesee e 127
Figure 6.1: Comparison of CL Price Predictions Data Set A: eABC-LSSVM vs. ABC-
LSSVM and ItS Variants........ccceeruierierieieeieeie ettt sttt sttt et sbe e e e 133

Figure 6.2: Comparison of Convergence for CL Price Prediction Data Set A: eABC-

LSSVM vs. ABC-LSSVM and Its Variants..........ccceceevureierienienieneesiesieesieeieeee e 133
Figure 6.3: Exploitation of Search Space by eABC-LSSVM in CL Price Prediction Data Set
A e h et bt h et et h bt bt h bbb bt et b ettt ee 134
Figure 6.4: Exploitation of Search Space by ABC-LSSVM in CL Price Prediction Data Set
A ettt 134
Figure 6.5: Comparison of HO Price Predictions Data Set A: eABC-LSSVM vs. ABC-
LSSVM and Its VAriants...........cccecieirieiieiiinenieieieesieieeeie ettt 137
Figure 6.6: Comparison of Convergence for HO Price Prediction Data Set A: eABC-LSSVM
vs. ABC-LSSVM and Its Variants...........ccccoeeererenieieinenienieieenenieesieeeseeseesreseeeeneeeeenes 137
Figure 6.7: Exploitation of search space by eABC-LSSVM in HO Price Prediction Data Set
Attt a ettt ettt ettt 138
Figure 6.8: Exploitation of search space by ABC-LSSVM in HO Price Prediction Data Set
A ettt bttt h bt s bt bttt ettt ee 138

XVvi



Figure 6.9: Comparison of HU Price Predictions Data Set A: eABC-LSSVM vs. ABC-
LSSVM and Its Variants.........ccoceeeeeerienenieienienenieeeetesiesieeieeste st steeveeste s sseesneneesue e enennes 141
Figure 6.10: Comparison of Convergence for HU Price Prediction Data Set A: eABC-

LSSVM vs. Variants ABC-LSSVM.....cccoooiiiiiiiiiiiieneneeteene ettt 141
Figure 6.11: Exploitation of Search Space by eABC-LSSVM in HU Price Prediction Data
SEE A ettt b et h bttt b e bbb et ens 142
Figure 6.12: Exploitation of Search Space by ABC-LSSVM in HU Price Prediction Data Set
A ettt 142
Figure 6.13: Comparison of PN Price Predictions Data Set A: eABC-LSSVM vs. ABC-
LSSVM and Its VAriants.........c.ccecieirieiiiiinenieieiee ettt 145

Figure 6.14: Comparison of Convergence for PN Price Prediction Data Set A: eABC-
LSSVM vs. ABC-LSSVM and Its Variants..........cc.cccceveeererenieieinenienieieeneneeeeeesnenenns 145
Figure 6.15: Exploitation of Search Space by eABC-LSSVM in PN Price Prediction Data

Figure 6.17: Comparison of CL price predictions Data Set A: eABC-LSSVM vs. Other
TECHNMIQUES.....ccueieeiiieciiee ettt et e et e e et e e bt e et e e esteeesbaeessseessseesssaesssaeesseesnseessseesssens 151
Figure 6.18: Comparison of Convergence for CL Price Prediction Data Set A: eABC-
LSSVM vs. Other TeChNIQUES.......ccveiiiieiiiieiiieiieeeie et etee et e ereeeereetaeeereessaeeseseennns 151
Figure 6.19: Comparison of HO price predictions Data Set A: eABC-LSSVM vs. Other
T 1100 10 13 1SRRI 154
Figure 6.20: Comparison of Convergence for HO Price Prediction Data Set A: eABC-
LSSVM vs. Other TEChNIQUES........ccouiruiruieriiriiniiiienienieritetesieste ettt ettt sveeaeens 154
Figure 6.21 Comparison of HU Price Predictions Data Set A: eABC-LSSVM vs. Other

T 11010 13 TSRS 157
Figure 6.22 Comparison of Convergence for HU Price Prediction Data Set A: eABC-
LSSVM vs. Other TEChNIQUES.......cceeciieiieiieiieiieiteie ettt eie e ebeeteeteebeenbeesesssesnseenseans 157
Figure 6.23: Comparison of PN Price Predictions Data Set A: eABC-LSSVM vs. Other
TECHNIQUES. ...eeueteeeiie et ettt e et e et e st e st e e ssteeesseeessseessseesseesssaeenseesnseesnseenssenn 160
Figure 6.24: Comparison of convergence rate for PN Price Prediction Data Set A: eABC-
LSSVM vs. Other TEChNIQUES.......ccvveeiieiiiiieiecieeieete ettt ete et ere b e ebeebeasbessbesssesssessneans 160
Figure 6.25: Comparison of CL Price Predictions Data Set B: eABC-LSSVM vs. ABC-
LSSVM and Its Variants.........ccocevereerierieninieiienenceeetenteereeetete sttt st st 165



Figure 6.26: Comparison of Convergence for CL Price Prediction Data Set B: eABC-

LSSVM vs. ABC-LSSVM and Its Variants........c.cceccveeeeeenerenieenenenenceieneneseeeeneennene 165
Figure 6.27: Exploitation of Search Space by eABC-LSSVM in CL Price Prediction Data
SOt Bttt ettt h bt h e bbbt eb et ae et 166
Figure 6.28: Exploitation of Search Space by ABC-LSSVM in CL Price Prediction Data Set
Bl bbbt b ettt b et be et eres 166
Figure 6.29: Comparison of HO Price Predictions Data Set B: eABC-LSSVM vs. ABC-
LSSVM and Its Variants.........c.ccceceeuirieoiiiiininieieieesieieeeie ettt 169

Figure 6.30: Comparison of Convergence for HO Price Prediction Data Set B: eABC-

LSSVM vs. ABC-LSSVM and Its Variants...........cccccceceeereneiiinenieneieeneseieeee e 169
Figure 6.31: Exploitation of Search Space by eABC-LSSVM in HO Price Prediction Data
SEE Bttt sttt a ettt sa et 170
Figure 6.32 Exploitation of Search Space by ABC-LSSVM in HO Price Prediction Data Set
Bttt sttt b e et nes 170
Figure 6.33: Comparison of HU Price Predictions Data Set B: eABC-LSSVM vs. ABC-
LSSVM and Its Variants.........ccoceeeeeerenenienienienienieetetenie ettt steeneestesneseeeseeneesuesveennennes 173

Figure 6.34: Comparison of Convergence for HU Price Prediction Data Set B: eABC-

LSSVM vs. ABC-LSSVM and Its Variants........c.ccoccvereeeenenenieenenenenceieneneeeeeeneennene 173
Figure 6.35: Exploitation of Search Space by eABC-LSSVM in HU Price Prediction Data
St Bttt b bttt b ettt ettt eae 174
Figure 6.36: Exploitation of Search Space by ABC-LSSVM in HU Price Prediction Data Set
Bl b bbbttt s e h e bttt be e naen 174
Figure 6.37: Comparison of PN Price Predictions Data Set B: eABC-LSSVM vs. ABC-
LSSVM and ItS VAriants........cccceeveerieriieiieeiieeiieesie ettt eteeteeee st stee et et e st e saeesseeseenseens 177

Figure 6.38 Comparison of Convergence Rate for PN Price Prediction Data Set B: eABC-
LSSVM vs. ABC-LSSVM and Its Variants...........c.cccceceevereneieiinineneeeeneseeeee e 177
Figure 6.39: Exploitation of Search Space by eABC-LSSVM in PN Price Prediction Data

Figure 6.41: Comparison of CL Price Predictions Data Set B: eABC-LSSVM vs. Other
TECHNIQUES. ...eeueieeeiie ettt et e et e et e et e et e e esteeeseaeessseessseessseesssaeenseesnseesnseenssenn 183
Figure 6.42: Comparison of Convergence for CL Price Prediction Data Set B: eABC-
LSSVM vs. Other TeChNIQUES.......ccveeiciieeiiieiieeieeeie ettt et e et e st e etreeaaeeereesraeeseseenens 183



Figure 6.43: Comparison of HO Price Predictions Data Set B: eABC-LSSVM vs. Other

TECHNMIQUES. ...ccueveieieeceiee ettt ettt e ettt e et e e e be e et e e e teeestaeessseessseesssaasssaeasseeanseessseesssens 186
Figure 6.44: Comparison of Convergence HO Price Prediction Data Set B: eABC-LSSVM
VS. Other TECHNIGUES. .......eiiieiieiieie ettt sttt sttt e saee e st e st e saeeteesseenee 186

Figure 6.45: Comparison of HU Price Prediction Data Set B: eABC-LSSVM vs. Other
T 1100 10 13 1S OSSP 189
Figure 6.46: Comparison of Convergence for HU Price Prediction Data Set B: eABC-
LSSVM vs. Other TEChNIQUES.......ccveciieiieiieieeitieiteie ettt ete et ere e eteebeesbeeseessesnseenseans 189
Figure 6.47: Comparison of PN Price Predictions Data Set B: eABC-LSSVM vs. Other

1] 11010 1TSS 192
Figure 6.48: Comparison of Convergence for PN Price Prediction Data Set B: eABC-
LSSVM vs. Other TeChNIQUES......cc.ecvvieiierierierierieieereeteeresveesressressressresssesssesssesssesssensns 192
Figure 6.49: Comparison of Data Set C price prediction: eABC-LSSVM vs. ABC-LSSVM
AN TS VATTANTS. ....coviiiiiiiiiiricicicee ettt sttt st eae 197

Figure 6.50: Comparison of convergence for Data Set C Price Prediction: eABC-LSSVM vs.

ABC-LSSVM and Its Variants.........cccccoererveenieneneninienieneeeetenesie et eseenseseesieeneennes 197
Figure 6.51: Exploitation of Search Space by eABC-LSSVM in Data Set C Price Prediction
............................................................................................................................................... 198
Figure 6.52: Exploitation of search space by ABC-LSSVM in Data Set C Price Prediction
............................................................................................................................................... 198
Figure 6.53: Comparison of Data Set C price predictions: eABC-LSSVM vs. Other
1] 110 10 13 1SRRI 202
Figure 6.54: Comparison of Convergence for Data Set C Price Prediction: eABC-LSSVM
VS. Other TECRNIQUES. ...c..eoviiiiiiiiirteteret ettt ettt st eb e i 202

X1X



List of Appendices

Appendix A Correlation AmMONg INPUL........cccoevuiiiiieiiiieee et 225
Appendix B BDS Test RESUILS.......cciiiriiiiiiiieieee e 228
Appendix C Testing Prediction Results..........cccceoeriiiiiiniininiiieieeeeeeee e 229
Appendix D Sample of Raw Data.........cccooiiiiiiiiiinieeeee e 233
Appendix E Publications during the Doctorate Study.........ccccoeceeeevirrenininieieneneeeeens 234

XX



ABC
ACO
AFSA
Al
ANFIS
ANN
ARIMA
ARE
BCC
BPNN
CI

Ccv

DE

EB

EC
EMD
EP
ERM
GA
GDP
GMSE
GSA
IMF
LMSE
LSSVM
MAE
MAPE
MATLAB
MLP

List of Abbreviations

Artificial Bee Colony Algorithm
Ant Colony Optimization
Artificial Fish Swarm Algorithm
Artificial Intelligent

Adaptive Neuro Fuzzy Inference

Artificial Neural Network

Autoregressive Integrated Moving Average

Average Relative Error

Bacteria Colony Chemotaxis
Back Propagation Neural Network
Computational Intelligence

Cross Validation

Differential Evolution

Employed Bee

Evolutionary Computation
Empirical Mode Decomposition
Evolutionary Programming
Empirical Risk Minimization
Genetic Algorithm

Gross Domestic Product
Generalization Mean Square Error
Gravitational Search Algorithm
Intrinsic Mode Function

Learning Mean Square Error
Least Squares Support Vector Machines
Mean Absolute Error

Mean Absoluter Percentage Error
Matrix Laboratory Software
Multilayer Perceptron

XX1



MRE - Mean Relative Error

MSE - Mean Square Error

NLL - Negative Log Likehood

OB - Onlooker Bee

OECD - Organization for Economic Co-operation and Development
PCA - Principal Component Analysis
PNN - Probabilistic Neural Network
PSO - Particle Swarm Optimization
QP - Quadratic Programming

RBF - Radial Basis Function

RE - Relative Error

RMSE - Root Mean Square Error

SB - Scout Bee

SOM - Self Organizing Maps

SRM - Structural Risk Minimization
SVM - Support Vector Machines
SVR - Support Vector Regression

WTI - West Texas Intermediate

xxil



CHAPTER ONE
INTRODUCTION

1.1 Background Study

Since its emergence in the past decades, Least Squares Support Vector Machines
(LSSVM) (Suykens, Van Gestel, De Brabanter, De Moor, & Vandewalle,
2002)which is an extension of Support Vector Machines (SVM) (Vapnik,1995) has
contributed significant impact in machine learning community. As a powerful
algorithm, it has been recognized as one of the standard tools in solving various data
mining tasks which include prediction, classification and many others (Cheng, Guo,
& Wu, 2010, Li, 2009).Nonetheless, besides its diversity in application, it is worth
noting that the capability of LSSVM is highly dependent on the value of its hyper-
parameters, namely regularization parameter, y and kernel parameter, o (Jiang &

Zhao, 2013).

In this regard, this study proposes a hybridization of LSSVM with a relatively new
optimization algorithm namely Artificial Bee Colony (ABC) (Karaboga, 2005). The
ABC algorithm which has been introduced by Dervis Karaboga is enlightened from
the intelligent foraging behavior of honey bees swarm (Karaboga, 2005). In 2008, an
extensive review and comparative analysis regarding its performance efficiency was
examined which concluded that the ABC algorithm is comparable to the other
existing optimization algorithms including Differential Evolution (DE), Particle
Swarm Optimization (PSO) and Genetic Algorithm (GA) (EI-Abd, 2012; Karaboga

& Basturk, 2008).
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