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Preface

Machine learning is a prosperous research field in computer science. It has evolved
from an initial expert system to a system demonstrating deep-learning techniques.
In 2016 the best known breaking news in this field was that AlphaGo, developed by
Google, beat the world champion, Lee Sedol, in a Go match in Seoul. This drove
the burning enthusiasm of scholars to apply machine learning to other important
fields. This book describes the application of machine learning to radiology.

Currently, radiologists and neuroradiologists face the challenge of detecting
lesions both rapidly and accurately. Lesions of various diseases in their prodromal
phase are not easy to detect with human eyes. However, computers can easily
distinguish a slight change in brain’s structure. The ability to distinguish a slight
gray-level difference can be pivotal in making an accurate and reliable diagnosis.

This book summarizes the latest advances in pathological brain detection using
machine-learning approaches. It presents state-of-the-art computer algorithms,
which can help perform automatic medical diagnoses in the brain.

This book is for undergraduate and graduate students in the field of computer
science. It may also be useful to engineers, scientists, neuroradiologists, and
researchers who are interested in pathological brain detection.

This book is organized in the following manner. Chapter 1 provides the basics of
pathological brain detection. In this chapter various brain diseases are categorized
into four main types.

Chapter 2 introduces neuroimaging modality from a historical view.
Pneumoencephalography, cerebral angiography, computerized tomography, posi-
tron emission tomography, and single photon emission computerized tomography
are all described in this chapter. There is a specific emphasis given to magnetic
resonance imaging.

Chapter 3 presents standard image preprocessing techniques, including image
denoising, skull stripping, slice selection, spatial and intensity normalization, and
image enhancement—subtleties essential to pathological brain detection
procedures.
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The next six chapters are the basic components of a standard computer-aided
diagnosis system. Chapter 4 shows how to extract features from brain images.
Chapter 5 describes multiscale and multiresolution features. Chapter 6 introduces
wavelet families and variants. Chapter 7 expatiates dimensionality reduction tech-
niques. Chapter 8 compares the latest classifiers. Chapter 9 covers the latest opti-
mization techniques used to train classifiers. All six chapters form a canonical
procedure of developing a smart diagnostic system. Each individual chapter is a
description of the background reviews of corresponding methods, and introduces
and compares related state-of-the-art methods.

Chapter 10 compares current state-of-the-art pathological brain detection sys-
tems. Their shortcomings are analyzed to suggest the possible direction of future
research. Finally, Chap. 11 shows deep-learning technique results for cerebral
microbleeds. The convolutional neural network is found to give better results than
an autoencoder and traditional computer vision–based methods.

The four contributors of this book are Dr. Shui-Hua Wang, Prof. Yu-Dong
Zhang, Prof. Zhengchao Dong, and Dr. Preetha Phillips. The four authors have a
long history of cooperation over the past 10 years. The team has published over 100
peer-reviewed papers in famous international journals. We hope this book might
benefit your study and work.

Jiaozuo/Nanjing, China Shui-Hua Wang
Leicester, UK/Jiaozuo, China Yu-Dong Zhang
New York, USA Zhengchao Dong
Shepherdstown/St. Lewisburg, USA Preetha Phillips

vi Preface



Acknowledgements

This book would not have been possible without the contributions of many people.
We would like to thank those people who commented on the proposal and

helped to organize its structure: Shuai Liu, Xing-Xing Zhou, Guang-Shuai Zhang,
and Zhu-Qing Jiao.

We appreciate those people who provided constructive feedback on the content
of the book: Carlo Cattani, Xiao-Jun Yang, and Liang-Xiu Han.

We are indebted to those who allowed us to reproduce images, figures, or data
from their publications. We indicate their contributions in the figure captions
throughout the text.

We are grateful to Henan Polytechnic University, Nanjing University, and
Department of Informatics at University of Leicester for providing office space, so
that we could finish this book. We also thank Matlab software, by which the most
of our signal and image processing tasks can be done using one simple command.

Some pictures were downloaded from the “Bing” search engine which were
“free to modify, share, and use commercially,” and from “Google” search engine
which were “labelled for reuse with modification.” We would like to acknowledge
the authors of these images.

This book is also supported by following foundations:

1. Natural Science Foundation of China (61602250, 51407095, 61503188).
2. Natural Science Foundation of Jiangsu Province (BK20150983, BK20150982,

BK20151548, BK20150973).
3. National Key Research and Development Plan (2017YFB1103202).
4. Henan Key Research and Development Project (182102310629).
5. Jiangsu Key Laboratory of 3D Printing Equipment and Manufacturing

(BM2013006).
6. Program of Natural Science Research of Jiangsu Higher Education Institutions

(16KJB520025, 15KJB470010, 15KJB510018, 15KJB510016, 13KJB460011,
14KJB480004, 14KJB520021).

7. Key Supporting Science and Technology Program (Industry) of Jiangsu
Province (BE2012201, BE2013012-2, BE2014009-3).

vii



8. Special Funds for Scientific and Technological Achievement Transformation
Project in Jiangsu Province (BA2013058).

9. Open Project Program of the State Key Lab of CAD&CG, Zhejiang University
(A1616).

10. Open Fund of the Key Laboratory of Symbolic Computation and Knowledge
Engineering of the Ministry of Education, Jilin University (93K172016K17).

11. Open Fund of the Key Laboratory of Statistical Information Technology and
Data Mining, State Statistics Bureau (SDL201608).

12. Open Fund of Guangxi Key Laboratory of Manufacturing System & Advanced
Manufacturing Technology (17-259-05-011K).

13. Open Research Fund of the Hunan Provincial Key Laboratory of Network
Investigational Technology (2016WLZC013).

14. Open Research Fund of the Key Laboratory of Network Crime Investigation of
Hunan Provincial Colleges (2015HNWLFZ058).

15. Open Fund of the Fujian Provincial Key Laboratory of Data Intensive
Computing (BD201607).

16. Open Program of the Jiangsu Key Laboratory of 3D Printing Equipment and
Manufacturing (3DL201602).

17. Open fund of the Jiangsu Key Laboratory of Advanced Manufacturing
Technology (HGAMTL1601 and HGAMTL-1703).

18. Open fund of the Key Laboratory of Guangxi High Schools Complex System
and Computational Intelligence (2016CSCI01).

19. Key Laboratory of Measurement and Control of Complex Systems of
Engineering, Southeast University, Ministry of Education (MCCSE2017A02).

20. College start up funding at Leicester (P202RE803).

viii Acknowledgements



Contents

1 Basics of Pathological Brain Detection . . . . . . . . . . . . . . . . . . . . . . 1
1.1 History . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Brain Diseases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2.1 Neoplastic Disease . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.2 Neurodegeneration . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.3 Cerebrovascular Disease . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.4 Inflammation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.3 A Standard Computer-Aided Diagnosis System . . . . . . . . . . . . 7
1.4 Research Trends . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Neuroimaging Modalities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.1 History of Neuroimaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.1 Pneumoencephalography . . . . . . . . . . . . . . . . . . . . . . . 13
2.1.2 Cerebral Angiography . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.1.3 Computerized Tomography . . . . . . . . . . . . . . . . . . . . . 15
2.1.4 Positron Emission Tomography . . . . . . . . . . . . . . . . . . 15
2.1.5 Single-Photon Emission Computed Tomography . . . . . 16

2.2 Magnetic Resonance Imaging . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2.1 Projectile Risk . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2.2 Shimming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.2.3 Water and Fat Suppression . . . . . . . . . . . . . . . . . . . . . 20
2.2.4 Two Types of Contrast . . . . . . . . . . . . . . . . . . . . . . . . 20
2.2.5 Interpretation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3 Other Magnetic Resonance Imaging Modalities . . . . . . . . . . . . 21
2.3.1 Diffusion Tensor Imaging . . . . . . . . . . . . . . . . . . . . . . 21
2.3.2 Functional Magnetic Resonance Imaging . . . . . . . . . . . 21
2.3.3 Magnetic Resonance Angiography . . . . . . . . . . . . . . . . 23
2.3.4 Magnetic Resonance Spectroscopic Imaging . . . . . . . . 23

ix



2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3 Image Preprocessing for Pathological Brain Detection . . . . . . . . . . 29
3.1 k-Space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.2 Image Denoising . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2.1 Rician Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.2.2 Solutions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.2.3 Wiener Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.2.4 Wavelet-Based Denoising . . . . . . . . . . . . . . . . . . . . . . 32

3.3 Skull Stripping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.3.1 Software Library at the Oxford Centre for Functional

MRI of the Brain . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.3.2 Statistical Parametric Mapping . . . . . . . . . . . . . . . . . . 36
3.3.3 Other Means . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.4 Slice Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.5 Spatial Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.5.1 FSL Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.5.2 Matlab Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.6 Intensity Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.7 Image Enhancement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.7.1 Histogram Equalization . . . . . . . . . . . . . . . . . . . . . . . . 40
3.7.2 Contrast-Limited Adaptive Histogram Equalization . . . . 41

3.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4 Canonical Feature Extraction Methods for Structural Magnetic
Resonance Imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.1 Shape Feature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.2 Statistical Measure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.2.1 Common Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.2.2 Statistical Chart . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.3 Image Moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.3.1 Raw Moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.3.2 Central Moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.3.3 Normalized Central Moments . . . . . . . . . . . . . . . . . . . 50
4.3.4 Hu Moment Invariants . . . . . . . . . . . . . . . . . . . . . . . . 50

4.4 Zernike Moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.4.1 Basic Form of Zernike Moments . . . . . . . . . . . . . . . . . 52
4.4.2 Pseudo Zernike Moment . . . . . . . . . . . . . . . . . . . . . . . 52
4.4.3 Coordinate Transform . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.4.4 Illustration of Pseudo Zernike Polynomials . . . . . . . . . 53

4.5 Gray-Level Co-occurrence Matrix . . . . . . . . . . . . . . . . . . . . . . 54
4.6 Fourier Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

x Contents



4.6.1 Discrete Fourier Transform . . . . . . . . . . . . . . . . . . . . . 56
4.6.2 Discrete Sine and Cosine Transform . . . . . . . . . . . . . . 56

4.7 Fractional Fourier Transform . . . . . . . . . . . . . . . . . . . . . . . . . . 59
4.7.1 Unified Time–Frequency Domain . . . . . . . . . . . . . . . . 60
4.7.2 Weighted-Type Fractional Fourier Transform . . . . . . . . 61
4.7.3 Sampling-Type Fractional Fourier Transform . . . . . . . . 62
4.7.4 Eigendecomposition-Type Fractional Fourier

Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
4.8 Entropy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.8.1 Shannon Entropy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.8.2 Tsallis Entropy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
4.8.3 Renyi Entropy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5 Multi-scale and Multi-resolution Features for Structural
Magnetic Resonance Imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
5.1 Wavelet Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.1.1 Development of Signal Processing . . . . . . . . . . . . . . . 71
5.1.2 Potential Application to Pathological

Brain Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.2 Continuous Wavelet Transform and Discrete Wavelet

Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.2.1 Mathematical Analysis of a Continuous Wavelet

Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.2.2 Koch Curve Example of the Continuous Wavelet

Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
5.2.3 Discrete Wavelet Transform . . . . . . . . . . . . . . . . . . . . 75
5.2.4 One-Dimensional Discrete Wavelet Transform

Commands . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
5.3 From One-Dimensional to Two-Dimensional to Three-

Dimensional . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.3.1 Two-Dimensional Discrete Wavelet Transform . . . . . . . 77
5.3.2 Two-Dimensional Discrete Wavelet Transform

Commands . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
5.4 Three-Dimensional Discrete Wavelet Transform . . . . . . . . . . . . 80

5.4.1 Decomposition Diagram . . . . . . . . . . . . . . . . . . . . . . . 80
5.4.2 Illustration of the Three-Dimensional Discrete

Wavelet Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

6 Wavelet Families and Variants . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.1 Wavelet Families . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

Contents xi



6.1.1 Daubechies Wavelets . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.1.2 Coiflet Wavelets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
6.1.3 Morlet Wavelets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
6.1.4 Biorthogonal Wavelets . . . . . . . . . . . . . . . . . . . . . . . . 86
6.1.5 Matlab Commands . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

6.2 e-Decimated Discrete Wavelet Transform . . . . . . . . . . . . . . . . . 91
6.3 Stationary Wavelet Transform . . . . . . . . . . . . . . . . . . . . . . . . . 94

6.3.1 Illustration of the Stationary Wavelet Transform . . . . . 95
6.3.2 Matlab Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.4 Wavelet Packet Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
6.4.1 Illustration of the Wavelet Packet Transform . . . . . . . . 98
6.4.2 Matlab Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

6.5 Dual-Tree Complex Wavelet Transform . . . . . . . . . . . . . . . . . . 98
6.5.1 Directional Selectivity . . . . . . . . . . . . . . . . . . . . . . . . . 98
6.5.2 Matlab Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

6.6 Wavelet Design and Analysis App . . . . . . . . . . . . . . . . . . . . . . 102
6.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

7 Dimensionality Reduction of Brain Image Features . . . . . . . . . . . . 105
7.1 Feature Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
7.2 Several Filter Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

7.2.1 Student’s t-Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
7.2.2 Welch’s t-Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
7.2.3 Bhattacharyya Distance . . . . . . . . . . . . . . . . . . . . . . . . 108

7.3 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
7.4 Principal Component Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 109

7.4.1 Mathematical Form . . . . . . . . . . . . . . . . . . . . . . . . . . 109
7.4.2 Kernel Principal Component Analysis . . . . . . . . . . . . . 110
7.4.3 Advantages of Kernel Principal Component

Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
7.4.4 Probabilistic Principal Component Analysis . . . . . . . . . 112

7.5 Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
7.5.1 Denoising Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . 114
7.5.2 Sparse Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . . 115

7.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

8 Classification Methods for Pathological Brain Detection . . . . . . . . . 119
8.1 Pre-design Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

8.1.1 Trade-off Between Bias and Variance . . . . . . . . . . . . . 119
8.1.2 Data Volume and Classifier Complexity . . . . . . . . . . . 120
8.1.3 Noise at the Target . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
8.1.4 Class-Imbalance Problem . . . . . . . . . . . . . . . . . . . . . . 120

xii Contents



8.2 Naive Bayesian Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
8.3 Decision Tree . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

8.3.1 ID3 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
8.3.2 C4.5 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
8.3.3 Classification and Regression Tree . . . . . . . . . . . . . . . 123
8.3.4 Ensemble Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

8.4 k-Nearest Neighbors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
8.4.1 One-Nearest Neighbor . . . . . . . . . . . . . . . . . . . . . . . . 125
8.4.2 Weighted Nearest Neighbor . . . . . . . . . . . . . . . . . . . . 125

8.5 Support Vector Machine . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
8.5.1 Generalized Eigenvalue Proximal Support Vector

Machine . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
8.5.2 Twin Support Vector Machine . . . . . . . . . . . . . . . . . . 128
8.5.3 Fuzzy Support Vector Machines . . . . . . . . . . . . . . . . . 129

8.6 Multiclass Technique . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
8.6.1 Winner-Take-All . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
8.6.2 Max-Wins-Voting . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
8.6.3 Directed Acyclic Graph . . . . . . . . . . . . . . . . . . . . . . . 133

8.7 Feed-Forward Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . 134
8.7.1 Encoding Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
8.7.2 Criterion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
8.7.3 Activation Function . . . . . . . . . . . . . . . . . . . . . . . . . . 137

8.8 Extreme Learning Machines . . . . . . . . . . . . . . . . . . . . . . . . . . 137
8.8.1 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
8.8.2 Online Sequential Extreme Learning Machine . . . . . . . 139
8.8.3 Controversy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

8.9 Radial Basis Function Neural Network . . . . . . . . . . . . . . . . . . . 141
8.9.1 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
8.9.2 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

8.10 Probabilistic Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . 143
8.11 Linear Regression Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . 144
8.12 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

9 Weight Optimization of Classifiers for Pathological Brain
Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
9.1 Backpropagation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

9.1.1 Traditional Methods . . . . . . . . . . . . . . . . . . . . . . . . . . 149
9.1.2 Shortcomings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

9.2 Genetic Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
9.2.1 Flowchart . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
9.2.2 Evolutionary Algorithm . . . . . . . . . . . . . . . . . . . . . . . 152

9.3 Simulated Annealing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

Contents xiii



9.3.1 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153
9.3.2 Restarted Simulated Annealing . . . . . . . . . . . . . . . . . . 154

9.4 Tabu Search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
9.4.1 Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
9.4.2 Memory Type . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

9.5 Artificial Immune System . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
9.5.1 Receptor–Ligand Binding . . . . . . . . . . . . . . . . . . . . . . 156
9.5.2 Human Immune System . . . . . . . . . . . . . . . . . . . . . . . 156
9.5.3 Remembering Response . . . . . . . . . . . . . . . . . . . . . . . 157
9.5.4 Affinity Maturation . . . . . . . . . . . . . . . . . . . . . . . . . . . 158
9.5.5 Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

9.6 Particle Swarm Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . 159
9.6.1 Swarm Intelligence Principal . . . . . . . . . . . . . . . . . . . . 160
9.6.2 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
9.6.3 Parallel Implementation . . . . . . . . . . . . . . . . . . . . . . . 162

9.7 Artificial Bee Colony . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
9.7.1 Components of a Honey Bee Colony . . . . . . . . . . . . . . 163
9.7.2 Pseudocode . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

9.8 Firefly Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166
9.8.1 Rule . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166
9.8.2 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

9.9 Ant Colony Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168
9.9.1 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
9.9.2 Extension to a Continuous Problem . . . . . . . . . . . . . . . 170

9.10 Biogeography-Based Optimization . . . . . . . . . . . . . . . . . . . . . . 171
9.10.1 Habitat . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
9.10.2 Migration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
9.10.3 Mutation and Elitism . . . . . . . . . . . . . . . . . . . . . . . . . 172
9.10.4 Pseudocode . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

9.11 Jaya Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174
9.12 Early Stopping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175
9.13 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

10 Comparison of Artificial Intelligence–Based Pathological Brain
Detection Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179
10.1 Three Single-Slice Data Sets . . . . . . . . . . . . . . . . . . . . . . . . . . 179
10.2 Cross Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

10.2.1 Leave-p-Out Cross Validation . . . . . . . . . . . . . . . . . . . 181
10.2.2 Leave-One-Out Cross Validation . . . . . . . . . . . . . . . . . 181
10.2.3 k-Fold Cross Validation . . . . . . . . . . . . . . . . . . . . . . . 181
10.2.4 Monte Carlo Cross Validation . . . . . . . . . . . . . . . . . . . 183
10.2.5 Matlab Command . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184

xiv Contents



10.3 Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185
10.4 Comparison of State-of-the-Art Methods . . . . . . . . . . . . . . . . . 185
10.5 Shortcomings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189

11 Deep Learning for Cerebral Microbleed Identification . . . . . . . . . . 191
11.1 Cerebral Microbleeds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191
11.2 Subjects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192
11.3 Data Set Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 194
11.4 Autoencoder-Based Cerebral Microbleed Identification . . . . . . . 195

11.4.1 Balanced Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195
11.4.2 Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196
11.4.3 Sparse Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . . 196
11.4.4 Softmax Layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197
11.4.5 Stacked Sparse Autoencoder . . . . . . . . . . . . . . . . . . . . 198
11.4.6 Classification Performance . . . . . . . . . . . . . . . . . . . . . 198

11.5 Convolutional Neural Network–Based Cerebral Microbleed
Identification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199
11.5.1 Cost-Sensitive Learning . . . . . . . . . . . . . . . . . . . . . . . 199
11.5.2 Structure of the Convolutional Neural Network . . . . . . 200
11.5.3 Convolution Layer and Rectified Linear Unit Layer . . . 200
11.5.4 Pooling Layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201
11.5.5 Training Method and Network Structure . . . . . . . . . . . 203
11.5.6 Classification Result . . . . . . . . . . . . . . . . . . . . . . . . . . 205
11.5.7 Convolutional Neural Network with Different

Structures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206
11.5.8 Pooling Method Comparison . . . . . . . . . . . . . . . . . . . . 207

11.6 Comparison with State-of-the-Art Approaches . . . . . . . . . . . . . 207
11.7 Future Direction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 208
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 208

Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 211

Contents xv



Acronyms

ABC Artificial bee colony
ACO Ant colony optimization
AD Alzheimer’s disease
AE Autoencoder
AF Activation function
AFNI Analysis of functional neuroImages
AI Artificial intelligence
AIS Artificial immune system
ASP Algorithm-specific parameter
BBB Blood–brain barrier
BBO Biogeography-based optimization
BD Bhattacharyya distance
BER Bayes error rate
BET Brain extraction tool
BF Bilateral filter
BFGS Broyden fletcher goldfarb shannon
BGS Boltzmann–Gibbs–Shannon
BOLD Blood oxygen level dependent
BP Backpropagation
CAD Computer-aided diagnosis
CART Classification and regression tree
CBF Cerebral blood flow
CCP Common controlling parameter
CDF Cumulative distribution function
CJD Creutzfeldt–Jakob disease
CLAHE Contrast-limited adaptive histogram equalization
CMB Cerebral microbleed
CNN Convolutional neural network
CSA Clonal selection algorithm
CSF Cerebrospinal fluid

xvii



CSI Chemical shift imaging
CT Computerized tomography
CWT Continuous wavelet transform
DAE Denoising autoencoder
DAG Directed acyclic graph
db Daubechies (wavelet family)
DCA Dendritic cell algorithm
DCT Discrete cosine transform
DE Differential evolution
DFRFT Discrete fractional Fourier transform
DFT Discrete Fourier transform
DNN Deep neural network
DR Dimensionality reduction
DST Discrete sine transform
DT Decision tree
DTCWT Dual-tree complex wavelet transform
DTI Diffusion tensor imaging
DWT Discrete wavelet transform
EEG Electroencephalogram
EELM Evolutionary extreme learning machine
ELM Extreme learning machine
EM Expectation–maximization
EP Evolutionary programming
ERM Empirical risk minimization
ES Evolution strategy
FA Firefly algorithm
FDG Fludeoxyglucose
FE Frequency encoding
FFT Fast Fourier transform
FLIRT FMRIB’s linear image registration tool
FMF Fuzzy membership function
fMRI Functional magnetic resonance imaging
FMRIB Oxford Centre for Functional MRI of the Brain
FNIRT FMRIB’s nonlinear image registration tool
FNN Feed-forward neural network
FRFT Fractional Fourier transform
FSL FMRIB’s software library
FSVM Fuzzy support vector machine
FT Fourier transform
GA Genetic algorithm
GEPSVM Generalized eigenvalue proximal support vector machine
GLCM Gray-level co-occurrence matrix
GM Gray matter
GP Genetic programming
GS Grid search

xviii Acronyms



GSO Glowworm swarm optimization
GTB Gradient tree boosting
HC Healthy control
HE Histogram equalization
HIV Human immunodeficiency virus
HMI Hu moment invariant
HPF High-pass filter
HSI Habitat suitability index
ICV Inter-class variance
IDFT Inverse discrete Fourier transform
IELM Incremental extreme learning machine
IG Information gain
INA Immune network algorithm
kFCV k-fold cross validation
kNN k-nearest neighbor
KPCA Kernel principal component analysis
LCDG Linear combination of discrete Gaussians
LOOCV Leave-one-out cross validation
LOSI Logistic sigmoid
LPF Low-pass filter
LPOCV Leave-p-out cross validation
LRC Linear regression classifier
LReLU Leaky rectified linear unit
LSE Least-squares estimation
MARS Microbleed anatomical rating scale
MCCV Monte Carlo cross validation
MD Mahalanobis distance
MGRF Markov–Gibbs random field
MIP Maximum intensity project
MLP Multilayer perceptron
MNI Montreal Neurological Institute
MR Magnetic resonance
MRA Magnetic resonance angiography
MRI Magnetic resonance imaging
MRSI Magnetic resonance spectroscopic imaging
MRST Multiple radial symmetry transform
MSE Mean squared error
MWV Max-wins-voting
NBC Naive Bayes classifier
NLM Non-local means
NPSVM Non-parallel support vector machine
NSA Negative selection algorithm
ONN One-nearest neighbor
OPELM Optimally pruned extreme learning machine
OSELM Online sequential extreme learning machine

Acronyms xix



PBD Pathological brain detection
PC Principal component
PCA Principal component analysis
PDF Probability density function
PE Phase encoding
PEG Pneumoencephalography
PET Positron emission tomography
PKPCA Polynomial kernel principal component analysis
PNN Probabilistic neural network
PPCA Probabilistic principal component analysis
PR Pattern recognition
PSO Particle swarm optimization
PZM Pseudo Zernike moment
PZP Pseudo Zernike polynomial
QMF Quadrature mirror filter
QP Quadratic programming
RAP Rank-based average pooling
RBF Radial basis function
RBFNN Radial basis function neural network
ReLU Rectified linear unit
RF Radio frequency (Chap. 2)
RF Random forest (Chaps. 8 and 11)
RKPCA Radial basis function kernel principal component analysis
RN Repetition number
ROI Region of interest
RQ Rayleigh quotient
RSA Restarted simulated annealing
RST Rough set theory
SA Simulated annealing
SAE Sparse autoencoder
SAH Subarachnoid hemorrhage
SCGD Scaled conjugate gradient descent
SCV Stratified cross validation
SDE Semidefinite embedding
SI Swarm intelligence
SIV Suitability index variable
SL Supervised learning
SNP Sliding neighborhood processing
SNR Signal-to-noise ratio
SPAIR Spectrally adiabatic inversion recovery
SPECT Single-photon emission computed tomography
SPM Statistical parametric mapping
SSL Semi-supervised learning
STFT Short-time Fourier transform
STIR short T1 inversion recovery

xx Acronyms



STT Student’s t-test
SVM Support vector machine
SVS Single-voxel spectroscopy
SWI Susceptibility weighted imaging
SWT Stationary wavelet transform
TE Echo time
TIA Transient ischemic attack
TL Tabu list
TLE Temporal lobe epilepsy
TR Repetition time
TS Tabu search
TSVM Twin support vector machine
UTFD Unified time–frequency domain
UWT Undecimated wavelet transform
WM White matter
WNN Weighted nearest neighbor
WPT Wavelet packet transform
WT Wavelet transform
WTA Winner-take-all
WTT Welch’s t-test
ZM Zernike moment
ZP Zernike polynomial

Acronyms xxi



List of Figures

Fig. 1.1 Prostate cancer cell . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
Fig. 1.2 a Brain affected by Alzheimer’s disease. b A normal brain . . . . 4
Fig. 1.3 The neurofibrillary tangles in Alzheimer’s disease . . . . . . . . . . . 5
Fig. 1.4 The coarctation of the aorta may increase the likelihood of

heart failure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
Fig. 1.5 Rabies can be passed from infected dogs through biting . . . . . . 6
Fig. 1.6 Brain tissue biopsy from a patient with Creutzfeldt–Jakob

disease . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
Fig. 1.7 Pipeline of a PBD system. MRI magnetic resonance imaging;

GLCM gray-level co-occurrence matrix; pathological brain
detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

Fig. 1.8 Publication trend (data obtained on 1 April 2018) . . . . . . . . . . . 9
Fig. 2.1 An image obtained using PEG . . . . . . . . . . . . . . . . . . . . . . . . . . 14
Fig. 2.2 An image obtained using cerebral angiography . . . . . . . . . . . . . 14
Fig. 2.3 CT images of the human brain . . . . . . . . . . . . . . . . . . . . . . . . . . 15
Fig. 2.4 PET image of the brain. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Fig. 2.5 PET image of a kidney. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Fig. 2.6 SPECT image of the brain . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
Fig. 2.7 A Siemens MR scanner . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
Fig. 2.8 Examples of metal gadgets which should be removed before

scanning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
Fig. 2.9 A wheel chair which crashed into an MRI scanner

in Shanghai. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
Fig. 2.10 Information within storage devices may be erased by magnetic

fields . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Fig. 2.11 Relaxation curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
Fig. 2.12 Two contrast images of the same brain slice . . . . . . . . . . . . . . . 23
Fig. 2.13 Illustration of a DTI image and tracked fibers . . . . . . . . . . . . . . 24
Fig. 2.14 An fMRI image showing activation regions . . . . . . . . . . . . . . . . 24
Fig. 2.15 An illustration of an MRA image . . . . . . . . . . . . . . . . . . . . . . . . 24
Fig. 2.16 An example of MRSI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

xxiii



Fig. 3.1 Reconstruction from k-space (enhanced by a logarithm
algorithm for clarity). FT Fourier transform . . . . . . . . . . . . . . . . 30

Fig. 3.2 Rician noise removal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
Fig. 3.3 Virtual machine used to run FSL . . . . . . . . . . . . . . . . . . . . . . . . 34
Fig. 3.4 The main menu of the FSL. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
Fig. 3.5 Sagittal view of the brain extraction result using BET . . . . . . . . 35
Fig. 3.6 Coronal view of the brain extraction result using BET . . . . . . . . 35
Fig. 3.7 Axial view of the brain extraction result using BET. . . . . . . . . . 35
Fig. 3.8 Start menu of SPM (screenshot from the laptop of the authors

of this book) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
Fig. 3.9 Slices selected by ICV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
Fig. 3.10 Spatially normalized image . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
Fig. 3.11 Result of CLAHE for a brain image leading to a diagnosis

of Herpes encephalitis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
Fig. 4.1 The brain can be viewed as a combination of shapes . . . . . . . . . 46
Fig. 4.2 A rough segmentation of the brain . . . . . . . . . . . . . . . . . . . . . . . 46
Fig. 4.3 Several commonly used statistical graphs . . . . . . . . . . . . . . . . . . 49
Fig. 4.4 Development of an image moment . . . . . . . . . . . . . . . . . . . . . . . 49
Fig. 4.5 Relationship between Cartesian and polar coordinates . . . . . . . . 53
Fig. 4.6 Illustrations of PZPs in a unit disk (n = 6) . . . . . . . . . . . . . . . . . 54
Fig. 4.7 An illustration of discrete Fourier transform . . . . . . . . . . . . . . . . 57
Fig. 4.8 DST and DCT result of a randomly generated signal . . . . . . . . . 58
Fig. 4.9 UTFD (green represents the real part, blue the imaginary part,

x axis represent time domain, and y axis represent
amplitude). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

Fig. 4.10 Entropy was developed from thermodynamics . . . . . . . . . . . . . . 65
Fig. 4.11 Renyi entropy with various a-values. . . . . . . . . . . . . . . . . . . . . . 67
Fig. 5.1 Development of signal processing . . . . . . . . . . . . . . . . . . . . . . . 72
Fig. 5.2 Applications of fingerprint identification sensors. . . . . . . . . . . . . 73
Fig. 5.3 Similarities between fingerprints and the brain gyri . . . . . . . . . . 73
Fig. 5.4 The von Koch curve . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
Fig. 5.5 The CWT of the von Koch curve . . . . . . . . . . . . . . . . . . . . . . . . 75
Fig. 5.6 Three-level 1D DWT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
Fig. 5.7 Diagram of the three-level 2D DWT . . . . . . . . . . . . . . . . . . . . . 78
Fig. 5.8 Illustration of the 2D DWT over a multiple sclerosis

brain image. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
Fig. 5.9 Diagram of a 2-level 3D DWT. . . . . . . . . . . . . . . . . . . . . . . . . . 81
Fig. 5.10 The 1-level 3D DWT of a cube . . . . . . . . . . . . . . . . . . . . . . . . . 81
Fig. 5.11 A 3D image of the head . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
Fig. 5.12 The 1-level 3D DWT for a 3D image of the head . . . . . . . . . . . 82
Fig. 5.13 The 2-level 3D DWT for a 3D image of the head . . . . . . . . . . . 82
Fig. 5.14 The 3-level 3D DWT for a 3D image of the head . . . . . . . . . . . 83
Fig. 6.1 Scaling functions of the Daubechies family of wavelets

(x axis is time and y axis is amplitude). . . . . . . . . . . . . . . . . . . . 87

xxiv List of Figures



Fig. 6.2 Wavelet functions of the Daubechies family of wavelets (x axis
is time and y axis is amplitude) . . . . . . . . . . . . . . . . . . . . . . . . . 88

Fig. 6.3 Scaling functions of the Coiflet family of wavelets (x axis is
time and y axis is amplitude) . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

Fig. 6.4 Wavelet functions of the Coiflet family of wavelets (x axis is
time and y axis is amplitude) . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

Fig. 6.5 Wavelet function of a real-valued Morlet
(x axis is time or space and y axis is amplitude). . . . . . . . . . . . . 90

Fig. 6.6 Wavelet function of a complex-valued Morlet . . . . . . . . . . . . . . 91
Fig. 6.7 Functions of bior2.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
Fig. 6.8 Functions of bior3.3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
Fig. 6.9 Functions of bior4.4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
Fig. 6.10 Wavelet display function showing the rbio3.3 wavelet . . . . . . . . 93
Fig. 6.11 Illustration of an e-decimated DWT with e = 0110. . . . . . . . . . . 95
Fig. 6.12 SWT results (hot colormap is added) . . . . . . . . . . . . . . . . . . . . . 96
Fig. 6.13 DWT versus WPT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
Fig. 6.14 Directional selectivity of the DWT . . . . . . . . . . . . . . . . . . . . . . . 100
Fig. 6.15 Real component of the directional selectivity of a DTCWT . . . . 101
Fig. 6.16 Imaginary component of the directional selectivity

of a DTCWT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
Fig. 6.17 Wavelet design and analysis app . . . . . . . . . . . . . . . . . . . . . . . . 102
Fig. 6.18 Main menu of the “wavelet design and analysis” app. . . . . . . . . 103
Fig. 7.1 Three types of feature selection . . . . . . . . . . . . . . . . . . . . . . . . . 106
Fig. 7.2 Two PCs generated by PCA. . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
Fig. 7.3 Advantages of KPCA. Note C1, C2, and C3 represent the first

class, second class, and third class, respectively . . . . . . . . . . . . . 112
Fig. 7.4 Structure of an AE. Note X, input vector; Y, output vector;

E weight matrix of encoder part; D, the weight matrix of
decoder part; A, output of hidden neuron . . . . . . . . . . . . . . . . . . 114

Fig. 8.1 The human expert may make errors . . . . . . . . . . . . . . . . . . . . . . 120
Fig. 8.2 An example of a decision tree . . . . . . . . . . . . . . . . . . . . . . . . . . 122
Fig. 8.3 An example showing the principle behind the kNN

algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
Fig. 8.4 Diagram of an SVM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
Fig. 8.5 Diagram of an NPSVM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
Fig. 8.6 Diagram of WTA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
Fig. 8.7 Diagram of MWV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
Fig. 8.8 Diagram of a DAG. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
Fig. 8.9 Structure of the single-hidden-layer FNN . . . . . . . . . . . . . . . . . . 135
Fig. 8.10 The connection weight matrices . . . . . . . . . . . . . . . . . . . . . . . . . 136
Fig. 8.11 AFs: a LOSI; b ReLU; c LReLU . . . . . . . . . . . . . . . . . . . . . . . . 138
Fig. 8.12 Structure of an ELM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
Fig. 8.13 Structure of an RBFNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
Fig. 8.14 Structure of a PNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

List of Figures xxv



Fig. 9.1 Global minimum versus local minimum . . . . . . . . . . . . . . . . . . . 150
Fig. 9.2 Flowchart of a GA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
Fig. 9.3 Diagram of RSA. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
Fig. 9.4 Receptor–ligand binding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
Fig. 9.5 The clonal selection principle . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
Fig. 9.6 Remembering response . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158
Fig. 9.7 Pipeline diagram for an AIS . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
Fig. 9.8 Birds flocking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
Fig. 9.9 Examples of fish schooling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
Fig. 9.10 An individual bee . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
Fig. 9.11 A bee colony . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
Fig. 9.12 Diagram of the ABC algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . 164
Fig. 9.13 A individual firefly . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166
Fig. 9.14 A firefly swarm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166
Fig. 9.15 An individual ant . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168
Fig. 9.16 An ant colony . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
Fig. 9.17 Coding strategy for ACO solving continuous optimization . . . . . 170
Fig. 9.18 An isolated island . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
Fig. 9.19 Model of immigration k and emigration l probabilities . . . . . . . 172
Fig. 9.20 Relationship between the GA and BBO . . . . . . . . . . . . . . . . . . . 173
Fig. 9.21 Flowchart of the Jaya algorithm . . . . . . . . . . . . . . . . . . . . . . . . . 174
Fig. 9.22 Example of early stopping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175
Fig. 10.1 A medicine lecture (didactic images usually have strong

pathological features, which may not be observed easily
in more realistic scenarios) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

Fig. 10.2 Diagram of a k-fold cross validation. . . . . . . . . . . . . . . . . . . . . . 182
Fig. 10.3 Comparison between ordinary and stratified cross validation . . . 183
Fig. 11.1 Slice of a CMB. Note: SI, slice index. . . . . . . . . . . . . . . . . . . . . 193
Fig. 11.2 The relationship of window size and border width. (green

represents the border area, the red rectangle represents the
window, the red dot represents the central voxel, and the blue
area represents set A in this slice) . . . . . . . . . . . . . . . . . . . . . . . . 194

Fig. 11.3 Generated 61 � 61 neighborhoods of central voxels . . . . . . . . . 195
Fig. 11.4 Pipeline diagram of our stacked SAE . . . . . . . . . . . . . . . . . . . . . 198
Fig. 11.5 Structure of the CNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200
Fig. 11.6 Sample of convolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201
Fig. 11.7 Max pooling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202
Fig. 11.8 Training accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 205
Fig. 11.9 Training loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 205

xxvi List of Figures


	Preface
	Acknowledgements
	Contents
	Acronyms
	List of Figures



