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Abstrak

Pengecaman corak merupakan satu tugas perlombongan data yang penting dengan
aplikasi praktikal dalam pelbagai bidang seperti perubatan dan pengagihan spesis.
Aplikasi tersebut melibatkan pertindihan data yang terkandung di dalam set data
berbilang label. Oleh itu, terdapat keperluan bagi algoritma pengecaman yang boleh
memisahkan pertindihan data untuk mengenal pasti corak yang betul. Kaedah
pengecaman corak sedia ada adalah sensitif terhadap gangguan dan data yang
bertindih kerana ia tidak dapat mengenali corak apabila terdapat perubahan pada lokasi
data. Kaedah tersebut juga tidak melibatkan maklumat temporal dalam proses
pengecaman dan ini membawa kepada kualiti kelompok data yang rendah. Dalam
kajian ini, satu kaedah penambahbaikan pengecaman corak berdasarkan Daya Ingatan
Temporal Hierarki (HTM) dicadangkan. Algoritma imHTM (HTM yang
ditambahbaik) mengandungi  penambahbaikan dalam dua komponennya;
pengekstrakan fitur dan pengelompokan data. Penambahbaikan yang pertama dikenali
sebagai algoritma tS-Layer Neocognitron yang menyelesaikan masalah perubahan
lokasi data dalam fasa pengekstrakan fitur. Dalam pada itu, komponen kedua iaitu
pengugusan data mempunyai 2 dua penambahbaikan, TFCM dan cFCM (7FCM
dengan metrik had-Chebyshev), membolehkan pertindihan data yang terdapat dalam
corak dipisahkan dengan tepat ke dalam kelompok data yang berkaitan dengan
menggunakan penglompokan temporal. Eksperimen ke atas lima set data telah
dijalankan bagi membandingkan prestasi algoritma yang dicadangkan (imHTM)
dengan kaedah pengecaman corak berasaskan statistik, templat dan struktur.
Keputusan menunjukkan peratusan pengecaman yang berjaya adalah sebanyak 99%
berbanding dengan kaedah pengecaman yang lain. Ini menunjukkan bahawa HTM
yang ditambahbaik dapat membuat pengecaman corak yang optimum terutamanya
bagi corak yang terdapat di dalam set data berbilang label.

Kata kunci: Model Temporal hierarki Daya Ingatan, Neocognitrion, Pengecaman
Corak, Data berbilang label, Perlombongan Data



Abstract

Pattern recognition is an important artificial intelligence task with practical
applications in many fields such as medical and species distribution. Such application
involves overlapping data points which are demonstrated in the multi- label dataset.
Hence, there is a need for a recognition algorithm that can separate the overlapping
data points in order to recognize the correct pattern. Existing recognition methods
suffer from sensitivity to noise and overlapping points as they could not recognize a
pattern when there is a shift in the position of the data points. Furthermore, the methods
do not implicate temporal information in the process of recognition, which leads to
low quality of data clustering. In this study, an improved pattern recognition method
based on Hierarchical Temporal Memory (HTM) is proposed to solve the overlapping
in data points of multi- label dataset. The imHTM (Improved HTM) method includes
improvement in two of its components; feature extraction and data clustering. The
first improvement is realized as tS-Layer Neocognitron algorithm which solves the
shift in position problem in feature extraction phase. On the other hand, the data
clustering step, has two improvements, TFCM and cFCM (tFCM with limit-
Chebyshev distance metric) that allows the overlapped data points which occur in
patterns to be separated correctly into the relevant clusters by temporal clustering.
Experiments on five datasets were conducted to compare the proposed method
(imHTM) against statistical, template and structural pattern recognition methods. The
results showed that the percentage of success in recognition accuracy is 99% as
compared with the template matching method (Featured-Based Approach, Area-Based
Approach), statistical method (Principal Component Analysis, Linear Discriminant
Analysis, Support Vector Machines and Neural Network) and structural method
(original HTM). The findings indicate that the improved HTM can give an optimum
pattern recognition accuracy, especially the ones in multi- label dataset.

Keywords: Hierarchical Temporal Memory Model, Neocognitron, Pattern
Recognition, Multi- label data, Data mining.



Acknowledgement

First and Foremost, 1 would like to express my gratitude to Allah (S.W.T) for helping

me to finish my thesis.

With highly appreciation, 1 would like to express my sincere gratitude to my
supervisor Prof. Dr. Yuhanis Yusof for the continuous support of my PhD study and
research, for her patience, motivation, enthusiasm, and immense knowledge. Her
guidance helped me in all the time of research and writing of this thesis. | could not

have imagined having a better supervisor for my PhD study.

On special note, | would like to thank my beloved family, may Allah save them: my
mother, my children and my cousins, especially my cousin Zainab, who was very
helpful. Big thanks with love to my husband, who strongly support me mentally and

spiritually.

Last but not the least, I would like to thank my dear friends especially Shurooq

Mohammed for continuous support throughout my life and study.



Table of Contents

PEIMISSION T0 USE ...ttt sttt bbbttt bbb b enes i
ABDSTIAK ...ttt naeare e e i
N 4L - Tod SRS ii
ACKNOWIBAGEMENL. ... iv
Table OF CONENLS ..ot %
LIS OF TaDIES.....eeeee et IX
LISt OF FIQUIES ...ttt xiii
GlOSSANY OF TEIMS ...t re e nre s XViii
CHAPTER ONE INTRODUCTION ..ottt e 1
1.1 BACKGIOUND ...ttt 1
1.1.1 Hierarchical Temporal MEmMOIY ..., 3
1.2.2 NEOCOGNMIIION ...ttt et bbbt 4
1.1.3 Multi -1abel data..........ccoieruiiiiiiiieiee i 5

1.2 Problem SAtEMENT .......ccvoiiiiie ittt r e b 6
1.3 Research QUeSTION. .. ...oiiut ittt et e et e e e et e 8
1.4 ReSEAICH ODJECTIVES ...t 8
1.5 ResgaiciTSCORESY. ... Linivarciti- 1 ara - Malaveia . 9
1.6 ReSearch SIgNIfICANCE ......cveiiice e 9
1.7 Organization OF the THESIS .......cccoiiiiiiiie e 9
1.8 SUMIMAIY <.ttt e e ne e 11
CHAPTER TWO LITERATURE REVIEW .....ccccooviiiiiiiiiecese e 12
2.1 Pattern RECOGNITION ....c..oiiieieiie ittt 13
2.1.1 Speech RECOGNITION.........oiiiiiieieeiee e 19
2.1.2 ODBjJeCt RECOGNITION. .....ocviiiiiiiiiieiieieie e 19
2.1.3 Medical IMmage ProCeSSING ......ccvuveiiieiieiiie ittt 20

2.2 Approaches in Pattern ReCOgNItION..........ccivieiieiiie e 23
2.2.1 Template MatChing ........cccooiiiiiiiieie e 23
2.2.1.1 Featured-Based APProach ..........cccocvviiinieieii e 23

2.2.1.2 Area-Based APProach .........cccooeiieieiieneeiese e 24

2.2.2 STALISHICAL. ...t s 27
2.2.2.1 Principal Component Analysis (PCA)......cccovviininiinieninieeien, 27

Vv



2.2.2.2 Support Vector Machings (SVM).......cccovvevviieniiieiee e, 29

2.2.2.3 Linear Discriminant Analysis (LDA) ........ccccoveviiveiieieeieseenie, 31

2.2.2.4 Neural NetwWork (NIN) .....coooviiiiieieie e 32

2.2.2.5 Recurrent Neural Network (RNN) ......ccoocvviiiinnineiieneee e, 37

2.2.3 STTUCTUTAL ...t bbb 43

2.2.3.1 Hierarchical Temporal Memory (HTM).......ccccooviviiieieeiecie, 43

2.3 Multi- Label Classification in HTM........cccooiiiiiiiiiiieeee e 64

2.4 Neocognitron Neural NetWOrK ...........cooiiiiiiiiiiiicee e 67

2.5 SUMIMAIY Loeiiiiii ittt ettt ettt e st e sn e e s ab e e e nbb e e e nbb e e s bb e e e nbbeennnes 76

CHAPTER THREE RESEARCH METHEDOLOGY .....ccccoovviiiiiiieiierieienes 78

0 11 10T L1 T [ o PSSR PSSR 78

3.2 RESEAICN DBSIGN ...ttt bbb 80

3.2.1 Data COlECLION ... 81

3.2.1.1 BlOOO TYPE ..ottt sttt sre s 82

3.2.1.2 Blood CAREEr ......commm. ... 88 c.vee. oo S e S oo B e ras 83

3.2.1.3 Genbase, STARKEY "93 and Yeast........ccccevvurrirruesieesnereesennennns 83

3.2.2 Memorizing Step of HTM ......ooiiiiie e 86

3.2.3 Clustering in HTM ....ocoiiiiie et 90

3.2.4 Distance Measurement for Clustering in HTM ........cccooiiiiinininieieen, 93

3.3 DEVEIOPIMENT ...t 100

34 EVAIUALION ...ttt sttt 100

3.4.1 Comparison MethOdsS .........cceccviiieiieiecccee e 100

3.4.1.1 Statistical TEChNIQUES ........cooiiiiiriieee e, 100

3.4.1.2 Structural TEChNIQUES .......ocviiiiiiiiieee e, 100

3.4.1.3 Clustering TEChNIQUES .........coeriiieiieieeeie e 101

3.4.2 Performance MeasUremMENT ..........coueierierierienie e e 101

3.4.2.1 Metric for ClasSifiCation...........cccccevveveviieieere e 101

3.4.2.2 Metrics TOr CIUSEEIING.......coivveiiiiiiiieiee e, 103

3.5 SUMMBIY ettt ekt sh et e et e e nbe e nbeeebeesnne s 105
CHAPTER FOUR FEATURE EXTRACTION USING TIME- S-LAYER

NEOCOGNITRON ...ttt aae e e e neas 106

ot L1 0o [ od o] o RSP 106

4.2 Time S-layer NeoCOgNItroN STEP.....c.veiiiiie et 107



I I - = 1< < P 109

4.2.2.1 1S-layer vs. NeOCOGNITION ........ccoovriririeieiee e 109
4.2.1.2 Accuracy and Feature Numbers for tS-layer HTM vs. Original
HT M o s 111
4.2.2. DALASET 2......oeeeieeieeeet et 113
4.2.2.1 1S-layer HTM vS. NEOCOGNITION.......ccoviieiiieiesie e 113
4.2.2.2 1S-layer HTM vs. Original HTM .......cooiiiiiiiiieeen 114
4.2.3 Dataset 3. ...t e 118
4.2.3.1 1S-layer HTM vs. Original Neocognitron ........................... 118
4.2.3.2 1S-layer HTM vs. Original HTM ..., 120
A.2.4 DALASEL ...ttt e 120
4.2.4.1 1S-layer HTM vS. NEOCOGNITION. ......coiiieieieiesie e 121
4.2.4.2 TS-layer HTM vs. Original HTM........cc.ccoo v 122
4,25 DaAtA SEE D ..ot e 124
4.2.5.1 1S-layer HTM VS. NEOCOGNITION. ...ciuiviiiiieieienieseesiisii e 124
4.2.5.2 TS-layer HTM vs. Original HTM ... 126
4.3 Evaluation of ClassifiCation PrOCESS .......ccveiveeiieeririierieieseesiaeiesieesieeneesneeseens 127
4.4 Comparison between tS-layer and other methods ... 129
4.5 Result- analySiSTor 1S-1ayer i m s a i i b bdior sore o Bl cie b ovnenss i s imeeesnesneens 134
4.6 SUMIMEIY 1ottt ettt b e e b b e s bt e bt e b e e b e e e s b e e bt esnenneenne e 137
CHAPTER FIVE FUZZY C-MEANS WITH TEMPORAL INFORMATION
FOR HIERARCHICAL TEMPORAL MEMORY .....cccccoiiiiiiiiiiee e, 139
5.1 INrOdUCTION ..oeeei e e 139
5.2 RESUITS ...ttt ettt ere e re e ne e e neenes 142
5.2. 1 DAtASEE L.ttt 142
5.2.1.1 tfFCM vs. Conventional FCM..........ccccoiveininienenesecceeeeeiens 142
5.2.2 DALASEL 2.ttt e 147
5.2.2.1 TFCM vs. Conventional FCM.........cccoocvviiviiie i 147
5.2.3 DALASEL 3.ttt 151
5.2.3.1 TFCM vs. Conventional FCM.........cccooiiiiiiiiienee e 151
S. 2.4 DALASEL 4. e 153
5.2.4.1 1 FCM vs. Conventional FCM.........ccccccvveiiiie e 153
5.2.5 DAASEL 5. e 155



5.2.5.1 TFCM vs. Conventional FCM........oov oo, 156

5.3 EValuation ... 159
5.4 Result analysis for TFCM VS. FCM ..o 161
5.5 ACCUIaCY COMPAIISON .....veuvitiiisiieieetieeeie sttt sttt seesb bbb 162
5.6 SUMIMAIY ..eeiiiiiiiiiie ettt sbb e s be e e be e e asne e 163
CHAPTER SIX LIMIT- CHEBYSHEV DISTANCE MEASURE FOR FUZZY
C-MEANS WITH TEMPORAL INFORMATION.....ccccce i, 165
6.1 INTFOTUCTION ...ttt enes 165
8.2 RESUITS ...ttt bbb 167
B.2.1 DALASETL L......oiiiieiiieiieiee et 167
6.2.1.1 cFCM vs. Conventional FCM .........ccccccvviiiiiiiiieneee e 167
B.2.2 DALASEL 2.ttt 178
6.2.2.1 cFCM vs. Conventional FCM .........ccccoovviiinniene e, 178
B.2.3 DAt SEL 3. e 189
6.2.3.1 cFCM vs. conventional FCM .......cccccoooiiiiiennniesisinse e 189
B.2.4 DAA SBL A ...ttt e bbb n et 193
6.2.4.1 cFCM vs. conventional FCM .......cccovoiiiieniienc e, 194
B.2.5 DAt SEL D ...ccviioe it e ere s 198
6.2.5.1 cFCM vs. conventional FCM .........ccccooevieie i 198
6.3 EVAIUALION ....veiiieieciccee et nne e enes 201
6.4 Result analysis for cFCM vs. original FCM ..........ccccccoviiiiviiiccece e 208
0.5 SUMMAIY ..ottt et e e e nab e e e be e e e neeeanes 210
CHAPTER SEVEN IMPROVED HIERARCHICAL TEMPORAL MEMORY
.................................................................................................................................. 211
7.1 INEFOTUCTION ...ttt bbb b et e e 211
7.2 COMPAriSON RESUILS .....ecuviiiieiiieieeeese ettt 215
7.3 SUMIMEANY ..tttk b et b et b bbb nne e e s 221
CHAPTER EIGHT CONCLUSION AND FUTURE WORK...........cccveeinenne. 223
8.1 Research ContribDULION..........coviiiiieiiee e s 223
B2 FULUIE WOTK ... 224
8.3 Limitation Of the StUAY ........ccccoiiiiiieieeree s 225
REFERENGES. ...... ..ottt e s 226

viii



List of Tables

Table 2.1 Summary of existing researches in template matching.............c.cccccveevenen. 26
Table 2.2 Summary of existing researches in statistical approach..............ccccccevenen. 39
Table 2.3 Summary of the characteristics of the two different approaches. .............. 45
Table 2.4 Distance measures and their applications ..........c.ccoccveveviieve e iieie e, 57
Table 2.5 Summary of HTM in pattern recognition ...........c.cccccveveviieveeiesieese e, 62

Table 2.6 Summary of HTM with multi- label classification and feature extraction67

Table 2.7 Summary of Neocognitron in pattern recognition ...........ccccceeevvvereiinennnn, 75
Table 3.1 Description of multi- label datasets ...........cccccveveieeviiiie i, 84
Table 3,2 STARKEY 93 dataset POrtion.........cccvcvueiverieeieeieesieeieseesieeeeseessesnesnens 85
Table 3.3 Genbase dataset POItION .........cvccveieeiiiiece e 86
Table 3.4 Yeast dataset POrtION ........ccccveiieiieiieie s sreesre e sre e srae e sreeeesrees 86

Table 4.1 Feature extracted of dataset 1: tS-layer HTM vs. original Neocognitron111

Table 4.2 Feature extracted and accuracy, dataset 1: tS-layer HTM and original

Table 4.3 Feature extracted of dataset 2: 1S-layer HTM vs. original Neocognitron115
Table 4.4 Feature extracted of dataset 2: tS-layer and original HTM ..................... 116
Table 4.5 Number of feature extracted dataset 3: tS-layer HTM vs. original S-layer

N eTo oo o 11 fo] o O SPUTOPOSTPPTPN 118

Table 4.6 Number of feature extracted dataset 3: 1S-layer HTM and original HTM.

.................................................................................................................................. 120
Table 4.7 Number of feature extracted dataset 2: tS-layer HTM vs. original

AN [=ToToTo o g (o] o USSP 121
Table 4.8 Feature extracted of dataset 2: 1S-layer HTM and original HTM ........... 123



Table 4.9 Feature extracted dataset 3: tS-layer HTM vs. original Neocognitron....124
Table 4.10 Feature extracted dataset 5: tS-layer HTM and original HTM.............. 126
Table 4.11 Classification metrics for tS-layer HTM vs. original Neocognitron .....128
Table 4.12 Digital representation of the example image of blood type: (a) original
image. (b) SAD result image, () PCA result image.......c.ccccoevvvvevvevecie e 130
Table 4.13 Number of features extracted: 1S-layer, SAD and PCA...........cccccoeene. 131
Table 4.14 Summary of accuracy values between original HTM and imHTM......134
Table 4.15 Summary of feature extraction comparison results of tS-layer vs.
Neocognitron vs. HTM VS. PCA VS. SAD ......ccco e 137
Table 5.1 Value of IC and MOF for image (a), (b), (c), FCM vs. tFCM................. 145
Table 5.2 Summary of iteration counts that leads to the minimum objective functions
FOP AEASELL ...ttt bbbt b bbb 145
Table 5.3 Value of IC and MOF for image (a), (b), (c), FCM vs. tFCM................. 149

Table 5.4 Summary of iteration counts that leads to the minimum objective functions

for datasgh2—=i”...... MILINE LS M iala. MidldyYald....... 149
Table 5.5 Value of average distance, IC, MOF of FCM vs. TFCM ..o 152
Table 5.6 Value of average distance, IC, and MOF of tTFCMvs. FCM................... 154
Table 5.7 Value of IC and MOF of TFCM VS. FCM ..o 157

Table 5.8 Purity and Entropy external evaluation metric for clustering of FCM vs.

Table 5.9 Comparison of accuracy values for original HTM vs. 1S-layer vs. tnFCM
VS, TRCIML. bbbttt et be et neenreas 163
Table 6.1 Value of iteration count and objective function of (a) image with the five-

AISEANCE MIBEIICS ..o 169



Table 6.2 Value of iteration count and objective function of (b) image with the five-
AISEANCE MEBTIICS ...ttt 169
Table 6.3 Value of iteration count and objective function of (c) image with the five-
AISEANCE METIICS ...ttt 171

Table 6.4 Summary of iteration counts that leads to the minimum objective

FUNCLIONS FOr AALASEL 1 ... 172
Table 6.5 Value of iteration count and objective function of (a) image ................. 180
Table 6.6 Value of iteration count and objective function of (b) image.................. 181
Table 6.7 Value of iteration count and objective function of (c) image ................. 182

Table 6.8 Summary of iteration count that leads to the minimum objective function
FOP AALASEE 2 ... e 183
Table 6.9 Value of iteration count that leads to the minimum objective function for
datage]s SN | |0 |\7| BN .. BN BEN .. BN BN W OB ... 191
Table 6.10 Value of iteration count that leads to the minimum objective function for
datasetSise—sin...... . MILUMELIL L ard Maladyala. ... 192
Table 6.11 Value of iteration count and objective function dataset 4..................... 195
Table 6.12 Summary of iteration count that leads to the minimum objective function
FOP AALASELA ... 196
Table 6.13 Value of objective function and iteration counts for dataset3 ............... 199
Table 6.14 Value of iteration count that leads to the minimum objective function for
GALASEE 5. 199
Table 6.17 Purity evaluation metric for FCM clustering with: Euclidean vs.
Manhattan vs. Minkowski vs. Chebyshev vs. Limit-Chebyshev. .............c.ccc.c........ 203
Table 6.18 Purity evaluation metric for TFCM clustering with: Euclidean vs.

Manhattan vs. Minkowski vs. Chebyshev vs. Limit-Chebyshev.............cccccccoe.. 206

Xi



Table 6.19 Comparison of HTM with improved Chebyshev distance vs. original
HTM vs. tS-layer vs. THTM vs. THTM with improved Chebyshev.............c.c........ 208
Table 6.20 Difference between objective function of Genbase and Yeast datasets.210

Table 7.1 Number of correct recognized patterns: imHTM and original HTM........ 216

Table 7.2 Number of correct recognized patterns: imHTM vs. Neocognitron......... 217
Table 7.3 Accuracy value for imHTM vs. original HTM vs. HMM ...................... 218
Table 7.4 Accuracy value for ImHTM vs. Neocognitron .........ccccceeevveviveiesieennnnn, 218

Table 7.5 Number of correct recognized patterns: imHTM vs. PCA vs. SAD vs.

Xii



List of Figures

Figure 2.1. Image processing OPEration .........cccceiivereerieieesieeieseeseeee e see e eenee s 12
Figure 2. 2. Pattern reCognition PrOCESS.......ccvcveiieereeieeseesieeieseesteeeesreeseeeseesraesseans 18
Figure 2. 3. Simple recurrent NEIWOIK ..........ccoeoveiiieiiiie e 37
Figure 2.4. Simple Hierarchical Temporal Memory........c.ccccooceveeiiivesceeveee e, 46
Figure 2.5. Block diagram of S-1ayer.........cccccooviieiiiic i 49
Figure 2.6. MarkoV graph...........ccoieeieiieieesc e 50
Figure 2.7. Normalizes Markov graph .........ccccoceiveieiieiie i 51
Figure 2.8. Operations of node performs every time step during learning ................ 53
Resource. (George, et al.,2008)........cccccvueiieiiiiiiiieie e 53
Figure 2.9. Structure of Neocognitron neural NEtWOrK ..........cccccvvevveiiiiieeseeiieseenan, 68
Figure 2.10. Structure of S=Cell.......ccccoiiiiiieiiie e 69
Figure 2.11. The add-if silent [earning rule............ccccvereiieiieic e, 71

Figure 3.1. Component of proposed Hierarchical Temporal Memory for multi- label

Qata. ... e e ens 78
Figure 3.2. Experimental research Steps. ......ccoovveiieiicie i, 79
Figure 3.3. Steps of proposed HTM.........cccoiiiiiieiece e 81

Figure 3.4. Four different types of blood groups; (a): type A, (b): type B, (c): type

AB, (0): TYPE Ot e ns 82
Figure 3.5 Cancer image eXampPle........cooviiieiiieiie e 83
Figure 3.6. Proposed memorizing step iN HTM ... 89
Figure 3.7. Operation of building Markov graph.........cccccoceeviiiiiiie i 90
Figure 3.8. How a new node is added ..........cccoouveiiiiiiciie e 90
Figure 3.9. Proposed improved FCM SEEPS........cciviiiiieiieiieesie et 92

Xiii



Figure 3.10. Single node features extraction in level-1 HTM...........cccoccevveieieennenn, 95
Figure 3.11. Markov graph for the portion pattern of figure 3.10. The vertices are
shown as circles, the patterns corresponding to these vertices are shown within the
CIFCIES @S 4X4 PIXEI AITAYS. ...cvveiveeieeie ettt ste et e e aeaneenrees 96
Figure 3.12. Portion of the normalized Markov graph learned in a level-1 node. The
portion shown here has ten vertices. The vertices are shown as circles. For ease of
interpretation, the patterns corresponding to these vertices are shown within the
CIFCIES @S 4X4 PIXEl @ITAYS. ...cvveiveeieeie ettt ste et te e raenaeeneenreas 97
Figure 3.13. Patterns memorized by a level-1 HTM of figure 7.1. Level-1 memorize

56 patterns from 64 input patterns, while Figure 3.14. gives the temporal groups

resulted from thiS STEP. ....cviiiee e 98
Figure 3.14. Final temporal groups obtained from tTFCM. ......ccccccooiiviiiiiiiiiiniennn, 99
Figure 4.1. Feature extraction step of improved HTM ........cccccoooeiiiiiiiie i 107

Figure 4.2. Patterns results from dividing image. Each pattern is of length 16 and is
shown dggdxApiserarrawd LN SIS W Eala Mala¥ala.......... 110
Figure 4.3. Number of features extracted as function of input patterns, dataset 1: 1S-
layer HTM vs. original NeoCOgNItrON. ........ccccevviiieiieiie e 111
Figure 4.4. Comparison between tS-layer HTM and original HTM ....................... 113
Figure 4.5. Patterns results from dividing the image. Each pattern is of length 16 and
IS SNOWN @S @ 4X4 PIXEI AITAY. ....ooiuieiiice ettt 115
Figure 4.6. Number of features extracted as function of input patterns, dataset 2: 1S-
layer HTM vs. original NeOCOGNItrON ........ccuvoiieiiieiie it 116
Figure 4.7. Comparison between proposed HTM with tS-layer and original HTM 117
Figure 4.8. Number of features extracted as function of input patterns, dataset 3:

proposed S-layer HTM vs. original S-layer Neocognitron ...........ccccevveeveeiiecnennn, 119

Xiv



Figure 4.9. Comparison between tS-layer HTM and original HTM ............ccc....... 120
Figure 4.10. Number of features extracted as function of input patterns, dataset 4: 7S-
layer Neocognitron vs. original NeoCOGNItIrON. ........ccccvvvveieereiiie e ese e 122
Figure 4.11. Comparison between 1S-layer HTM and original HTM ..................... 123
Figure 4.12. Number of features extracted as function of input patterns, dataset 5: 7S-
layer Neocognitron vs. original NeoCOGNItIrON. ........ccccvvvveiieereiiie e eese e 125
Figure 4.13. Comparison between 1S-layer HTM and original HTM ..................... 126
Figure 4.14. Graphical representation of feature number comparison of IFE vs. PCA

vs. SAD for datasets: (a) Blood type. (b) Blood cancer, (c) STARKEY’93, (d)

GENDASE, (B) YEASE ...c.veciieiieeie ettt 133
Figure 5.1. AIgorithm of TFCIM ..o 140
Figure 5.2. Cluster density for the three sample Images........cccooevveviveieieeveecnene 144
Figure 5.3. Progress of objective function for a: TFCM, b: FCM.........cc.cccovvvennen, 146
Figure 5.4. Cluster density for the three sample images............cccoveeeiiiieceecee 148
Figure 5.5. Progress of objective function or a: TFCM, b: FCM.........ccovevvniennnn, 150
Figure 5.6. Progress of objective function for: (a) FCM, (b) TFCM..........c.ccecn.. 152
Figure 5.7. Cluster densities of STARKEY 93 dataset............cccccevvvevveveieeveenene, 153
Figure 5.8. Progress of objective function for: (a) FCM, (b) TFCM..........c.ccoon.. 155
Figure 5.9. Cluster densities of Genbase dataset..............cccovveviiveiieciece e 155

Figure 5.10. Objective function for a: FCM, b: improved tFCM for dataset 3. ......157

Figure 5.11. Cluster densities of dataset 5. .........ccccevviivie i, 158
Figure 5.12. Purity result: FCM vs. TFCM for the five datasets .........ccccccocvvvenenne 160
Figure 5.13. Entropy result: FCM vs. TFCM for the five datasets.............cccoceeeenee. 160
Figure 6.1. iFCM with limit ChebySheV ..........cccocveiiiiiic e, 166

XV



Figure 6.2. Progress of the objective function for the three test images for the sample
images with (S1): Euclidean distance, (S2): Manhattan distance, (S3): Minkowski

distance, (S4): original Chebyshev distance and (S5) improved Chebyshev distance.

Figure 6.3. Cluster density for the three blood type sample images..........c...c.c....... 178
Figure 6.4. Progress of the objective function for the three test images for the
samples images with (S1): Euclidean distance, (S2): Manhattan distance, (S3):

Minkowski distance, (S4): Chebyshev distance and (S5) limit-Chebyshev distance.

Figure 6.5 Cluster density for the three sample images..........cccoccevvevveieiecieecnee, 189
Figure 6.6. Progress of the objective function for STARKEY”’93 dataset for FCM
with (a): Euclidean distance (b): Manhattan Distance, (c): Minkowski distance (d):
Chebysheve distance (e): Limit-Chebyshev distance. ........cccccoovvveeiieiescieieennene 192
Figure 6.7. Cluster density for dataset 3 ...........ccccoe e 193
Figure 6.8. Progress of the objective function for Genbase dataset for FCM with (a):
Euclidean distance (b): Manhattan Distance, (c): Minkowski distance (d):
Chebysheve distance (e): Limit-ChebyShev...........cccccovveiiiiiiievccccecce e 197
Figure 6.9. Cluster density for dataset 4 ...........cccccveiieieiie i 197
Figure 6.10. Progress of the objective function for Yeast dataset for FCM with (a):
Euclidean distance (b): Manhattan Distance, (c): Minkowski distance (d): original
Chebyshev distance (e): Limit-Chebyshev distance. .........cccccocvvvieviiiiiiiie e, 200
Figure 6.11. Cluster density for dataSet 5 ........cccccvveviiiiiiiie e 201
Figure 6.12. Graphical representation of Purity values of FCM with distance metrics:
Euclidean vs. Manhattan vs. Minkowski vs. Chebyshev vs. limit-Chebyshev for the

datasets under CONSIARIALION. ....oooeeeeeeeeee e 203

XVi



Figure 6.13. Graphical representation of Entropy values of FCM with distance
metrics: Euclidean vs. Manhattan vs. Minkowski vs. Chebyshev vs. Limit-
Chebyshev for the datasets under consideration. .............cccocevvveveseeseeseeiee e 204
Figure 6.14. Graphical representation of Purity values of TFCM with distance
metrics: Euclidean vs. Manhattan vs. Minkowski vs. Chebyshev vs. Limit-
Chebyshev for the datasets under consideration. ............cccoecevvereiiesieseeiee e 206
Figure 6.15. Graphical representation of Entropy values of TFCM with distance

metrics: Euclidean vs. Manhattan vs. Minkowski vs. Chebyshev vs. Limit-

Chebyshev for the datasets under consideration. ............cccceevveveiieneese e 207
Figure 7.1. Improved HTM Algorithm for overlapped data.............ccccccevverirennenne. 214
Figure 7.2. Accuracy comparison of HMM vs. HTM vs. IMHTM................cc......... 219
Figure 7.3. Accuracy comparison of Neocognitron vs. IMHTM ..........cccccoevvennne. 219

Xvii



HTM

FCM

PR

RNN

MPF

MLT

MLD

MLL

NCBI

ASR

ASIFT

MRI

OSAD

SSD

NCC

SSTN

SAD

PTM

PCA

DMSC

SVM

LDA

NN

PNN

Glossary of Terms
Hierarchical Temporal Memory
Fuzzy c-means clustering
Pattern Recognition
Recurrent Neural Network
Memory Prediction Theory
Medical Laboratory Technician
Multi- label data
Multi- label learning
National Center for Biotechnology and Information
Automatic speech recognition
Affine scale invariant feature transform
Magnetic resonance imaging
Optimized Sum of Absolute Difference
Sum of Square Difference
Normalized Cross Correlation
Sum Square T-distribution Normalized
Sum of Absolute Difference
Polyhedral template matching
Principal Component Analysis
Dscriminative multi-scale sparse coding
Support Vector Machines
Linear Discriminant Analysis
Group Method of Data Handling

Probabilistic Neural Networks

XViil



PFCM
CLA
1S-layer
TFCM
ImMHTM
HMM

FCM

Possiblistic fuzzy c-means

Cortical Learning Algorithm

Time S-layer Neocognitron algorithm
Temporal Fuzzy C-Means

Improved Hierarchical Temporal Memory
Hidden Markov Model

Chebyshev Fuzzy C-Means

XiX



CHAPTER ONE
INTRODUCTION

1.1 Background
Pattern recognition (PR) is an operation of detecting patterns in data sets and using

this data to characterize new data (Sao, Hegadi, & Karmakar, et al.,2014). It is defined
as a classification of input data via extraction important features from a lot of noisy
data (Paul, Magdon-Ismail, & Drineas, et al.,2016). The identification or interpretation
of the pattern in an image can be described effectively with the help of Pattern
Recognition (PR) (Kaur & Kaur, et al.,2013). PR is a form of machine learning, which
is a field in artificial intelligence (Wu & Toet, et al.,2014). Machine learning in turn
is divided into two main groups: supervised and unsupervised learning (Shwartz &
Ben-David, et al.,2014). In supervised learning, the computer system is trained by
using a classis that are previously defined, and then using this classes to classify
unknown objects depending on the patterns that were detected in training (Bova et al.,
2016). In an unsupervised learning, the classes are not defined beforehand, and the
computer system clusters the data using a group of general rules (Serb, Bill, Ali Khiat,
Legenstein, & Prodromakis, et al.,2016). Unsupervised is equivalent to classification
known as clustering, which groups the input patterns into clusters depending on the
measures of similarity (the distance between input patterns). Other approaches to PR
involve semi-supervised learning, which try to find new similarity relationships using
previously defined classes to determine new groups (Shwartz & Ben-David, et
al.,2014). On the other hand, reinforcement learning is an approach that improve the
decisions iteratively, depending on the feedback technique and assigning a reward

criterion (Duan, Chen, Houthooft, Schulman, & Abbeel, et al.,2016).
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