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SUMMARY

Today, with the increase in security threats all over the world authentication of an
individual is becoming an important issue and area of interest for researchers. Over
the traditional password or key based security systems biometric authentication
systems are considered as very accurate and reliable. Iris Recognition System is one
of them. It is very accurate system as iris images of twins or iris images of even left
and right eye of same person are different. Numerous researchers have given iris
recognition systems based on different feature extraction techniques. In this work, a
comparative study of the existing techniques has been carried out. A simple, fast and
effective statistical feature extraction based iris recognition system has been proposed
and implemented. Features have been extracted in two different directions, namely,
radial direction and angular direction. An attempt has been made to study the effect of
number of features as well as the radial and angular resolution while normalization.

Results obtained are effective, encouraging and comparable to existing techniques.

In literature, little work has been reported on clinical applications of iris recognition
systems. In this thesis, clinical applications of iris recognition system have also been
investigated. Three different applications, i.e., to predict the gender of imposters, to
predict diabetes and to predict obstructive lung disease have been considered. In
security systems predicting gender of an imposter is equally important to determine
the identity. Most of the work to predict the gender utilized facial images. A few
studies have been reported using iris images. In the present research work, Support
Vector Machine (SVM) based gender prediction model has been proposed and
implemented. Results obtained show the effectiveness of system over the existing

models.

Further, a non-invasive and non-contact type model, i.e., a system as an aid to doctors
is proposed to predict the disease from iris images. Iridology is a science to determine
the status of health of an individual from iris patterns. It does not diagnose the
disease. If it is known that which part of human body is not well then by doing regular
exercises and following healthy habits one can delay if not prevent the occurrence of

disease.



In this thesis, iris recognition algorithm has been combined with iridology to predict

diabetes and obstructive lung disease.

A dataset of healthy subjects and also the subjects suffering from diabetes has been
created for implementing the problem of diabetes prediction. Another dataset of
healthy subjects and also the subjects with obstructive lung disease has been created.
These datasets have been built with the help of I-SCAN-2 dual iris scanner of Cross
Match Technologies Inc. In order to develop the models for the two clinical
applications, features have been extracted using two different techniques: wavelet
transform and Gabor filter. SVM based classifier has been implemented to predict the
subject as healthy or suffering from diabetes or obstructive lung disease. The
maximum overall accuracy of 88.3% and 89.0% has been achieved for predicting
diabetes and obstructive lung disease, respectively. This accuracy has been achieved
for a test data of size 80 and 100, respectively for the two applications. The proposed

models are compact and handy.



CONTENTS

CERTIFICATE i
ACKNOWLEDGEMENT I
SUMMARY i
LIST OF FIGURES viii
LIST OF TABLES Xi
ACRONYMS Xii
CHAPTER 1 INTRODUCTION 1-8
1.1 Biometric Systems 1
1.2 Iris Recognition System 2
1.3 Iridology 4
1.4 Motivation of the Proposed Work 6
1.5 Objectives 7
1.6 Organization of Thesis 7
CHAPTER 2 LITERATURE SURVEY 9-19
2.1 Studies Related to Iris Recognition System 9
2.1.1 Image preprocessing 9

2.1.2 Feature extraction 15

2.1.3 Template matching 16

2.2 Studies Related to Clinical Applications 17
CHAPTER 3 IRIS RECOGNITION SYSTEM 20-48
3.1 Overview 20
3.2 Implementation of Existing Techniques 20
3.2.1 Feature extraction without normalization 21

3.2.2 Feature extraction with normalization 23



3.3 Comparative Analysis 24

3.3.1 FARand FRR 24
3.3.2 Complexity 28
3.3.3 Memory requirement 29
3.4 Statistical Feature Extraction Based Iris Recognition System 29
3.4.1 Proposed feature extraction technique 30
3.4.2 Results and discussions 32
3.4.2.1 Feature extraction along concentric circles 33

(i) Experimentation with three statistical parameters 34

(if) Experimentation with six statistical parameters 37

3.4.2.2 Feature extraction along angular direction 40

(i) Experimentation with three statistical parameters 40

(i) Experimentation with six statistical parameters 43

CHAPTER 4 IRIS RECOGNITION SYSTEM FOR GENDER

AND DIABETES PREDICTION 49-70

4.1 Overview 49
4.2 Predicting Gender Using Iris Images 51
4.2.1 Using statistical features and wavelet transform 52
4.2.2 Using Otsu’s threshold method 55

4.3 Dataset for Predicting Gender 55
4.4 Results of Gender Prediction 55
4.5 Predicting Diabetes Using Iris Images 59
4.5.1 Using wavelet transform 61
4.5.2 Using Gabor filter 61

4.6 Dataset for Predicting Diabetes 62

4.7 Results of Diabetes Prediction 64



4.7.1 Results using wavelet transform 65
4.7.2 Results using Gabor filter 68
4.7.3 Comparison of proposed models with existing techniques 68

CHAPTER 5 PREDICTING OBSTRUCTIVE LUNG DISEASE

USING IRIS IMAGES
5.1 Overview
5.2 Feature Extraction
5.3 Dataset
5.4 Results and Discussions
5.4.1 Results using wavelet transform

5.4.2 Results using Gabor filter

CHAPTER 6 CONCLUSION AND
WORK

6.1 Conclusion

6.2 Future Scope of Work

LIST OF PUBLICATIONS

REFERENCES

71-78

71

72

73

73

74

76

FUTURE SCOPE OF
79-82

79

81

83

84-92



LIST OF FIGURES

Figure
1.1
1.2
1.3
1.4
2.1
2.2
3.1
3.2
3.3
3.4
35
3.6

3.7

3.8
3.9

3.10
3.11

3.12

3.13

3.14

Caption
A human eye
Different stages of iris recognition system
Iridology chart for right eye
Iridology chart for left eye
Homogeneous rubber sheet model
Iris image preprocessing
Concentric circles on iris region
FAR and FRR v/s Hamming distance for features extracted with
normalization using Database A
FAR and FRR v/s Hamming distance for features extracted with
normalization using Database B
FAR and FRR v/s Hamming distance for features extracted
without normalization with 15 circles using Database A
FAR and FRR v/s Hamming distance for features extracted
without normalization with 15 circles using Database B
FAR and FRR v/s Hamming distance for features extracted
without normalization with 30 circles using Database A
FAR and FRR v/s Hamming distance for features extracted
without normalization with 30 circles using Database B
EER for features extracted with and without normalization
Division of normalized iris image into horizontal and vertical
groups
Eye images where segmentation failed
FAR and FRR as a function of matching threshold with variations
in radial resolution for Database A using three parameters
FAR and FRR as a function of matching threshold with variations
in radial resolution for Database B using three parameters
DET graph with variations in radial resolution for Database A
using three parameters

DET graph with variations in radial resolution for Database B

Page

13

14

21

25

25

26

26

27

27

28
29

33
34

35

36

viii



3.15

3.16

3.17

3.18

3.19

3.20

3.21

3.22

3.23

3.24

3.25

3.26

4.1

4.2

4.3

4.4

4.5

4.6

4.7
4.8

using three parameters

FAR and FRR as a function of matching threshold with variations
in radial resolution for Database A using six parameters

FAR and FRR as a function of matching threshold with variations
in radial resolution for Database B using six parameters

DET graph with variations in radial resolution for Database A
using six parameters

DET graph with variations in radial resolution for Database B
using six parameters

FAR and FRR as a function of matching threshold with variations
in angular resolution for Database A using three parameters

FAR and FRR as a function of matching threshold with variations
in angular resolution for Database B using three parameters

DET graph with variations in angular resolution for Database A
using three parameters

DET graph with variations in angular resolution for Database B
using three parameters

FAR and FRR as a function of matching threshold with variations
in angular resolution for Database A using six parameters

FAR and FRR as a function of matching threshold with variations
in angular resolution for Database B using six parameters

DET graph with variations in angular resolution for Database A
using six parameters

DET graph with variations in angular resolution for Database B
using six parameters

Five different stages of proposed model

I-SCAN-2 dual iris scanner

Three level pyramidal decomposition

Two level packet decomposition

Accuracy of proposed gender prediction model

Segmenting ROI

Distribution of dataset

Age wise distribution of diabetic dataset

37

38

38

39

41

41

42

42

43

44

44

45

50

50

54

54

58

60

62
63



4.9
4.10
411
5.1

5.2

Duration of diabetes wise distribution of dataset

Level of diabetes control wise distribution of dataset

Accuracy of proposed diabetes prediction model

Distribution of smokers and non-smokers in subjects identified as
healthy and the subjects identified as having obstructive lung
disease using wavelet features

Distribution of smokers and non-smokers in subjects identified as
healthy and the subjects identified as having obstructive lung

disease using Gabor filter

63
64
66
76

77



LIST OF TABLES

Table
2.1
3.1
3.2
33
3.4
3.5
3.6
4.1

4.2

4.3
4.4

4.5

4.6

4.7

5.1
5.2

5.3
54
5.5

Title
Different feature extraction algorithms for iris diagnosis system
Successfully segmented images
EER for three parameters with variations in radial resolution
EER for six parameters with variations in radial resolution
EER for three parameters with variations in angular resolution
EER for six parameters with variations in angular resolution
Comparison of proposed approach with existing techniques
Accuracy for different feature vectors with polynomial kernel
function
Accuracy for different feature vectors with Gaussian kernel
function
Accuracy for different feature vectors with RBF kernel function
Comparison of accuracy of gender prediction model with existing
techniques
Overall accuracy of diabetes prediction model for different kernel
functions with different feature vectors
Overall accuracy with different feature vectors and kernel
functions for predicting diabetes
Comparison of accuracy of proposed diabetes prediction model
with existing techniques
Information on the dataset
Overall accuracy with different feature vectors and kernel
functions for predicting obstructive lung disease
Accuracy using wavelet features for subjects with different p
Accuracy using Gabor filter for subjects with different p
Comparison of accuracy of proposed obstructive lung disease

prediction models with existing techniques

Page
18
33
36
39
43
45
47
56

57

57
59

65

67

69

73
75

76

77
78

Xi



ACRONYMS

CASIA
CCR
CHT
CT
DET
DF
DWT
ECG
EEG
EER
FAR
FEV:1
FRR
FVvC
GLCM
ITD
IDDM
LBP
RANSAC
RBF
ROI
ST™M
SVM
THFB

WED

Chinese Academy of Sciences — Institution of Automation
Correct Classification Rate

Circular Hough Transform
Computer Tomography

Detection Error Tradeoff

Dynamic Features

Discrete Wavelet Transform
Electrocardiography
Electroencephalogram

Equal Error Rate

False Acceptance Rate

Forced Expiratory Volume in 1 sec
False Rejection Rate

Forced Vital Capacity

Gray Level Co-occurrence Matrix
Indian Institute of Technology, Delhi
Insulin Dependent Diabetes Mellitus
Local Binary Pattern

Random Sample Consensus Algorithm
Radial Basis Function

Region of Interest

Support Tensor Machine

Support Vector Machine

Triplet Half-Band Filter Bank

Weighted Euclidean Distance

Xii



CHAPTER 1

INTRODUCTION

1.1 Biometric Systems

Authentication of persons using computer vision and related techniques has always
been a very interesting subject of research. Over the traditional password or key-based

security systems, biometric systems are considered accurate and reliable.

A biometric system provides identification about an individual based on unique features
or characteristics possessed by the individual. A good number of identification systems
based on behavioral characteristics such as voice (Almaadeed et al., 2015; Senoussaoui
et al., 2014; Sino et al., 2015; Yang et al., 2014), signature (Angadi and Gaur, 2014;
Jayasekara et al., 2006), handwriting (Xiang et al., 2010), speech (Wang et al., 2014;
Wang et al., 2015), keystroke (Giot et al., 2010) and physical characteristics including
face (Giot et al., 2010), finger print (Cao et al., 2014; Dubey et al., 2007; Kumar et al.,
2014; Rajan and Indu, 2014) and iris (Bodade and Talbar, 2009; Boles and Boashash,
1998; Coasta and Gonzaga, 2012; Cui et al., 2004; Daugman 1993; 2004) are being
employed for identification of an individual.

In general, biometric systems first acquire the sample of features, such as digital image
of face, a voice sample, fingerprint or an iris image. Further, by applying some
mathematical transformations these features are transformed into biometric template.
These templates are compared with other templates to determine the user as authentic

or imposter.

To make an efficient biometric system, features selected should be unique, stable and
be easily captured. In this thesis, iris recognition system and its clinical applications

have been discussed.



1.2 Iris Recognition System

Iris recognition is a method of biometric authentication that uses pattern recognition
techniques based on images of the iris of an individual's eye. Among various biometric
systems, iris recognition is considered the most accurate and reliable biometric
identification system. Iris recognition system finds applications in various security
systems such as those systems at airports, in confidential sections at laboratories, ATM
machines etc. Various researchers have proposed number of algorithms based on
different feature extraction techniques. Iris recognition gives distinct phase
information, which spans more than 200 degrees of freedom that makes it most accurate

and reliable biometric identification system (Daugman, 1993; 2004).

Iris is a thin circular diaphragm, which lies between the cornea and lens of the human
eye as shown in Figure 1.1. Iris is perforated close to its centre by a circular aperture
known as pupil. The most important part of iris recognition is the identification of radius

and centre of circular iris and pupil.

Figure 1.1: A human eye

There are four important stages of an iris recognition system as shown in Figure 1.2.
These stages are discussed below, in brief.



Eye image capture ]

Image preprocessing ]

Feature extraction ]

Template matching

Figure 1.2: Different stages of iris recognition system
» Eye image capture

The first and utmost important step of iris recognition system is capturing the
eye image. Infrared sensor based cameras or slit lamps are used to acquire the
eye images. Standard eye image datasets are available from Indian Institute of
Technology, Delhi (IITD) (IIT Delhi Iris Database Version 1.0,
http://web.iitd.ac.in/~biometrics/Database_Iris.htm) and Chinese Academy of
Sciences — Institution of Automation (CASIA) (CASIA Iris Image Database,
http://www.sinobiometrics.com/Databases.htm) for research purposes.

In this thesis, 11T Delhi Iris Database Version 1.0 is referred as Database A and
CASIA Iris Image Dataset-V3 as Database B. Database A consists of 2240
images acquired using JIRIS, JPC1000 digital CMOS camera in the indoor
environment. The resolution of these images is 320 x 240 pixels. Database B
consists of 2639 images acquired in the indoor environment using the camera
developed at CASIA. The resolution of these images is 320 x 280.

> Image preprocessing

Preprocessing refers to convert the image of eye into a form from which the
desired features can be extracted and used for identification of an individual.
Image preprocessing is divided into three steps - iris localization, iris
normalization and image enhancement. Iris localization means to detect the
inner and outer boundaries of iris, to find and remove the eyelashes of eyelids

that might have covered the iris region. Iris normalization is performed to



convert the iris image from Cartesian coordinates to polar coordinates.
Normalized iris image is a rectangular image with angular and radial
resolutions. Normalization helps in removing the dimensional inconsistencies
that arise due to variation in illumination, camera distance, angle etc. while
capturing the image of an eye. Now, the obtained normalized image is enhanced
to compensate for the low contrast, poor light source and position of light

source.
> Feature extraction

Feature extraction is the next important step after preprocessing. The
normalized image is used to extract significant features from iris image by
applying suitable transformations. These features are further encoded to make
the comparisons between templates more effective.

» Template matching

Recognition process is carried out using template matching. In template
matching, user iris template is compared with the templates from the database
using matching metric. The matching metric gives different range of values
when a given iris template is compared with the other stored templates. Based
upon these range of values, a decision is taken about the identity of a person,

i.e., the person is who they claim to be?

1.3 Iridology

Iridology, also known as iris diagnosis (Jensen, 1985; Stearn and Swanepoel, 2007), is
an alternate medicine technique through which colors, patterns and characteristics of
iris can be used to gather the information regarding the status of health of an individual.
Iridology does not diagnose the disease.

Iris is like a map of the body. Iridology chart
(http://www.bernardjensen.com/Charts_c_17.html) divides iris into mainly seven
zones. Zones are further divided into finite segments where each segment represents
the different organs of the body. Changes in condition of any organ of the body can be
analyzed through the changes produced in these segments. It is important to extract

significant features to analyze the region associated with particular organ.



Iridology practitioners compare the markings, at specific location of iris, of a subject
with that of a healthy human. Any change indicates weather the subject is healthy or

suffering from disease.

The history of iridology goes back to 19" century when Hungarian physician Ignatz
Von Peczely noticed similar dark streaks in the iris of an owl with broken leg as he
noticed in the iris of a man with broken leg. He also observed the dark streaks to grew
paler and disappear as the man’s leg healed. Later 1950 onwards, iridology was taken
forward by Dr. Bernard Jensen, an American naturopath. He proposed the iridology
charts (http://www.bernardjensen.com/Charts_c_17.html) for the researchers and

practitioners. These charts are depicted in Figures 1.3 and 1.4.

BRAIN FLAIR

IRTDOLOGY

@ STOMACH - NUTRITIVE ZONE

D INTESTINES - NUTRITIVE ZONE
@ BLOOD & LYMPH - HUMORAL ZONE
@ MUSCULATURE

D BONY STRUCTURE

@ SUPERFICIAL LYMPH & BLOOD
@ SXIN & ORIFICES

Figure 1.3: Iridology chart for right eye



BRAIN FLAIR

IRIDOLOGY

Figure 1.4: Iridology chart for left eye

1.4 Motivation of the Proposed Work

Researchers have proposed a number of iris recognition systems based upon different
feature extraction techniques (Bodade and Talbar, 2009; Boles and Boashash, 1998;
Daugman 1993; 2004; Wildes et al., 1994; Wildes, 1997). The following gaps in the
iris recognition systems have been identified. We have worked on one of these gaps in

the proposed piece of work.



i.  Segmentation of iris and pupil area from the human eye leads to the loss of

significant information.

ii.  Iris recognition systems have different accuracy for iris patterns of the people

from different region as they have some different features in their iris patterns.

iii.  Iris recognition systems have been mainly used for human identification and
security purposes. These systems have not been used for clinical applications to
predict the diseases. An effort has been made in this study for proposing a model

in order to predict the diseases based on iris patterns.

1.5 Objectives

The University research board approved the following objectives for this work.

I.  To implement the existing algorithms for iris recognition system.

ii.  To propose new features, for iris recognition.

iii.  To design and implement algorithm for the feature encoding and template
matching based upon Support Vector Machine (SVM) for iris recognition and to
establish its efficiency over the existing algorithms.

iv. To propose a model for study and analysis of iris patterns as a medical

diagnostic tool for some clinical applications.
1.6 Organization of Thesis

This thesis has been organized into six chapters. In Chapter 1, we briefly defined
biometric systems, iris recognition system and iridology. The three stages of iris
recognition system have been discussed in brief. The chapter describes objectives and

motivation of this research.

In Chapter 2, the various studies related to iris recognition system and different stages
of iris recognition system have been presented. Literature related to image
preprocessing, literature related to feature extraction and literature related to template
matching have been discussed. The work related to clinical applications of iris

recognition system has also been presented.



Chapter 3 provides the details of implementation of two existing iris recognition
algorithms. This chapter further elaborates the proposed statistical feature extraction
based iris recognition system. Features have been extracted along two different
directions, namely, radial and angular directions. Results have been computed in two
different directions with different set of features. The implementation of the system and

its comparison with the existing algorithms is presented.

Chapter 4 describes the clinical applications of iris recognition system. Two significant
applications, predicting gender and predicting diabetes, are presented. The main
objective of iris recognition system is to identify the user as an authentic or an imposter.
The system does not reveal about imposter’s gender or ethnicity. In this chapter, SVM
based gender prediction of an imposter has been proposed and implemented. Next, a
health examination system to predict diabetes is proposed and implemented. Results
have been computed by extracting features using two different techniques.

In Chapter 5, another application of iris recognition system to predict the obstructive
lung disease is described. Reduced lungs capacity effects the respiration and leads to
large number of obstructive lung disease. The proposed model predicts the obstructive
lung disease using iris images. Implementation of the proposed model with two

different feature extraction techniques is described in this chapter.

Finally, Chapter 6 concludes the study by presenting the various inferences from
different experiments. This chapter also presents the brief idea to further enhance the

work carried out in this thesis.



CHAPTER 2

LITERATURE SURVEY

In this chapter, various works and studies related to iris recognition system have been
discussed. The studies related to different stages of iris recognition system have also
been presented. The work related to clinical applications of iris recognition system is

also surveyed in this chapter.
2.1 Studies Related to Iris Recognition System

As discussed in the last chapter iris recognition system consists of three phases, namely,
image preprocessing, feature extraction, template matching. An attempt has been made
in this chapter to present the related literature on image preprocessing, literature on

feature extraction and finally literature on template matching.
2.1.1 Image preprocessing

Image preprocessing is the preliminary stage of iris recognition system. The purpose of
preprocessing is to isolate the iris region from an eye image. In this step, noise in the
iris region due to reflection, illumination and occlusion because of eyelids or eyelashes
is also minimized. A good number of algorithms have been proposed by different
researchers for three stages of preprocessing: iris localization, iris normalization and
iris image enhancement. The studies related to three stages of preprocessing are
described below:

A. Iris localization

It has been noticed that a lot of work has been done to find the inner and outer
boundaries of an iris. This process called as iris localization is an important step in the
preprocessing of an iris image. In iris localization the inner and outer boundaries of an

iris are approximated as circles. It is worth mentioning that the centre of iris and pupil



are generally different and locating these centres becomes an important process. In the

following, the works carried out for iris localization are presented.

Most of the commercially used iris recognition systems use a very effective integro-
differential operator proposed by Daugman (1993; 2004) to locate the inner and outer
boundaries of iris as well as upper and lower eyelids. The complete operator behaves
as a circular edge detector searching iteratively for the maximum contour integral
derivative at successively finer scales of analysis through three-parameter space of
centre coordinates and radius defining a path of contour integration. The operator is
very accurate and fast in computation. Masek (2003) argued that the approach does not
work fine when there is noise in the eye image, such as noise from reflections, since the

algorithm works only on a local scale.

Hough transform is a standard computer vision algorithm used to determine the
parameters of geometrical shapes in an image such as lines or circles. Different
researchers employed Circular Hough Transform (CHT) (Kong and Zhang, 2001;
Masek, 2003; Ma et al., 2002; Wildes et al., 1994; Tisse et al., 2002). In this method,
an edge map is generated by calculating the first order derivatives of intensity values in
an eye image. From the edge map, votes are cast in Hough space for the parameters of
circles passing through each edge point. These parameters are the centre coordinates
and the radius which are sufficient to describe any circle. This method has been
employed by a large number of researchers but there are certain problems associated
with Hough transform such as it is computationally intensive that makes it unsuitable
for the real time applications. Secondly, it requires threshold values to be chosen for
edge detection which may result in critical edge points being removed and thus resulting

in failure to detect circles or arcs.

Iris localization has been done by utilizing active contour model by some of the
researchers (Ritter, 1999). The contour is defined as a set of vertices connected as a
simple closed curve. Active contour responds to pre-set internal and external forces by
deforming internally or moving across an image until equilibrium is reached. Two
opposing forces change the position of number of points contained by the contour. The
average radius and centre of contour obtained are the parameters of iris boundary. The
efficiency of active contour model is poor if performed on edge images rather than
variance image as proposed by Ritter (1999).

10



Bisection method (Sung et al., 2004) is another technique in which edge detection
technique is applied to detect the information about edges in the iris image. Here, centre
of pupil is considered as the reference point to detect the inner and outer boundaries of
iris image. For every two points on the same edge component, perpendicular line is
drawn to the centre point. The centre of pupil is the centre point with maximum number
of line intersections. Now, a virtual circle is drawn with reference to the centre of pupil
and radius of circle is being increased within certain range. The circles with maximum
number of edge points are considered as inner and outer boundaries of the iris. The
performance of both active contour model and bisection method is affected by the non-
uniform illuminations. As a result, the iris inner boundary cannot be localized

accurately.

Teo and Ewe (2005) and Grabowski (2006) employed black hole search method to
compute the centre and area of pupil. This approach is based upon the fact that pupil is
considered as darkest region in the image. Initially, a threshold is defined to identify
the dark areas in the iris image. These dark areas are called as black holes. The area of
pupil is the total number of those black holes within the region. From the formulae of
circle area, the radius of pupil can be computed. This method is not suitable for dark

images as the dark iris area can be detected instead of the area of the pupil.

Chou et al. (2010) proposed IRIS-4 method for effective image segmentation. The basic
idea of the IRIS-4 method is to design a classifier to remove non-target edge pixels
using four-spectral measurements before a curve model is fitted to the edge pixels using
Random Sample Consensus Algorithm (RANSAC). Iris boundary candidates are
computed based on the canny edge detector. Here, Images in the training set should

contain human eyes of different skin and iris colors for the method to work well.

After localization, the important step is to detect and remove the eyelids and eyelashes
that may cover the iris areas. Numerous techniques have been employed in recent past.
Masek (2003) employed line Hough transform while, Kang and Park (2007) employed
parabolic Hough transform to isolate eyelids. Zhang et al. (2006)’s and Huang et al.
(2004)’s algorithms use only the region of the normalized image near the pupil for
reducing the effect caused by eyelid occlusion. Xu et al. (2006), Bachoo and Tapamo

(2005) divided the iris image into blocks to isolate the eyelids. A good number of
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researchers have proposed various eyelash detection techniques based upon the pixel
intensities (Huang et al., 2004; Kang and Park, 2007; Zhang et al., 2006).

B. Iris normalization

Once iris region is successfully segmented from an eye image, next step is to transform
the iris region to the fixed dimensions. The constant dimension of iris region is vital to
eliminate the noise due to pupil dilation.

Daugman (1993; 2004), devised the homogeneous rubber sheet model. This model
remaps each point within the iris region from Cartesian coordinates (x, y) to polar
coordinates (r, 6) where r isontheinterval (0, 1) and @ isangle (0, 2m). The centre
of the pupil is considered as the reference point and radial vectors pass through the iris
region. Number of data points selected along each radial line is defined as the radial
resolution and the number of radial lines going around the iris region is defined as the
angular resolution. Fixed number of radial data points are taken at a particular angle.
The normalized pattern is now created by backtracking to find the Cartesian coordinates

of data points from the radial and angular position in the normalized pattern as

[ (x(r,0),y(r,0)) » 1(r,0) (2.1)
with

x(16) = (1 — 1) x, (6) + rx,(6) (2.2)
and

y(@0) = 1A = 1r)y(8) + 1y, (6) (2.3)

where I(x, y) is iris region image, (x, y) are the original Cartesian coordinates, (7,
@) are corresponding normalized polar coordinates, and (xp, Vp ) & (x;, y;) are the

coordinates of the pupil and iris boundaries along 8 direction.

This normalization process constitutes the steps of homogeneous rubber sheet model.
This process gives a 2-D array with horizontal and vertical dimensions determined by

angular and radial resolutions, respectively, as shown in Figure 2.1.
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Figure 2.1: Homogeneous rubber sheet model

Wildes et al. (1994) utilized image registration technique for normalizing the iris image.
This technique geometrically warps a newly acquired la(X, y) image, into alignment
with a selected database l4(x, y) image. The image intensity values of the new image

are made to be close to those of corresponding points in the reference image.

Boles and Boashash (1998) used the concept of virtual circles. Here, iris images are
first scaled to have constant diameter so that when comparing two images, one is
considered as the reference image. Once the two iris images have the same dimensions,
features are extracted from the iris region by storing the intensity values along virtual
concentric circles, with origin at the centre of the pupil. In this approach, rotational

invariance is attained.
C. Image enhancement

To compensate the low contrast, poor light source and the position of light source the
enhancement of the obtained normalized image is very important. Local histogram
analysis (Zhu et al., 2000) and simple threshold operation (Huang et al., 2004) can be
utilized to reduce the reflection noise.

In this thesis, for image preprocessing, initially RGB to gray transformation of iris
image is carried out for the colored images. Next, the inner and outer boundaries of iris

are ascertained using CHT. After segmenting iris region from an eye image, one has to
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normalize the iris image which is done using Daugman’s homogeneous rubber sheet
model. To reduce the reflection noise local histogram analysis (Zhu et al., 2000) and
simple threshold operation (Huang et al., 2004) have been implemented. The process
of iris image preprocessing is illustrated in Figure 2.2.

(@) (b)
A s
\ | ||w " \
) | ‘\
| ' 'l Y
(c) (d)

Figure 2.2: Iris image preprocessing (a) original image (b) localized image (c)
normalized image (d) enhanced image
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2.1.2 Feature extraction

Various algorithms have been proposed and employed by a large number of researchers

to extract the significant features from the normalized iris image.

Daugman (1993; 2004) has proposed a novel method of feature extraction using 2-D
Gabor filter. Gabor filter’s impulse response is defined by the multiplication of
harmonic function with Gaussian function. The phase information present in the iris
image is extracted using Gabor filter as it does not depend on extraneous factors like
illumination, contrast and position of camera. Field (1987) has proposed a log-Gabor
filter for feature extraction, which is Gaussian on logarithmic scale. The advantage of
log filter is in removing the zero frequency component obtained in case of Gabor filter.

Wavelet transform localizes features in both spatial and frequency domain with varying
window size. Bodade and Talbar (2009), Xiaofu and Pengfei (2008), Wen-Shiung et al.
(2005), Wang and Xie (2006), Rahul et al. (2011), Sharma et al. (2014) and Rydgren
et al. (2004) employed different wavelet functions and filter banks for the feature
extraction. Every filter is tuned for fixed resolution with each wavelet defined by
scaling functions. The output of filters is then encoded to generate a compact biometric

template.

Hilbert transform is computationally effective and this has been explored by researchers
in feature extraction. Here, an analytical image is constructed with the help of original
image and its Hilbert transform (Tisse et al., 2002). The filtering is performed in the
Fourier domain using pure real filters. Emergent frequency and instantaneous phase is
computed from the analytic image. Feature vector is encoded by thresholding the

emergent frequency and the instantaneous phase.

Recently, other advanced techniques such as Gray Level Co-occurrence Matrix
(GLCM) based Haralick features (Sundaram and Dhara, 2011), Local Binary Pattern
(LBP) (He et al., 2011), Triplet Half-Band Filter Bank (THFB) (Rahulkar and
Holambe, 2012), Hybrid finer directional wavelet filter bank (Rahulkar et al., 2013)
and Dynamic Features (DF) (Costa and Gonzaga, 2012) have also been used in iris
recognition. Sundaram and Dhara (2011) processed the normalized image by 2-D Haar
wavelet and computed GLCM based Haralick features from the low frequency data. He

et al. (2011) generated iris feature code by implementing chunked encoding method
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based on statistical information from an iris’s LBP image. Rahulkar and Holambe
(2012) designed a triplet 2-D biorthogonal wavelet basis for iris feature extraction.
Costa and Gonzaga (2012) extracted DF from iris image. Their methodology extracted
information about the ways the human eye reacts to light, and used this information for
biometric recognition purposes. Ko et al. (2006) used mean of pixel values for
extracting features from iris image. Kyaw (2009) utilized statistical feature extraction
technique on the iris image without implementing normalization process. He proposed
a statistical technique to extract features from segmented image by considering virtual
circles on iris image. A difficulty with his technique is that the image is not normalized
and thus the system may not work well when there is an inconsistency in the size of the

iris due to varying illumination, varying image distance etc.
2.1.3 Template matching

The last step in iris recognition system is the matching of individual iris code with that
of iris code from the database. Iris recognition is carried out using template matching.
Hamming distance is one of the most popular template matching techniques. The
Hamming distance gives a measure of dissimilar number of bits between two bit
patterns. By Hamming distance of two bit patterns, a decision is taken whether the two
patterns were generated from different irises or from the same one. An individual iris
region contains features with high degrees of freedom, each iris region will produce a
bit-pattern which is independent of the pattern produced by another iris. On the other
hand, two iris codes produced from the same iris will be highly correlated. Hamming
distance is the matching metric employed by different researchers (Daugman, 2004; Ko
et al., 2006; Kyaw, 2009). The advantage of Hamming distance is its fast matching

speed because templates are in binary format.

The Weighted Euclidean Distance (WED) can also be used to compare two templates,
especially if the template is composed of integer values. WED gives a measure of
similarity between the collections of values among two templates. This metric is
employed by Zhu et al. (2000). An iris template is matched with all templates in the

database. The two templates are said to be matched when the WED is minimum.

Normalized correlation between acquired and database representation for goodness of
match has been employed by Wildes (1997). Normalized correlation is advantageous

over standard correlation, since it is able to account for local variations in image
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intensity that corrupt the standard correlation calculation but it is computationally not

much effective.

Several researchers (Roy and Bhattacharya, 2007; 2008) employed SVM for the iris
recognition. SVM is a relatively new learning machine technique, which is based on
the principle of structural risk minimization. SVM is a binary classifier that optimally
separates the two classes and was proposed by Cortes and Vapnik (1995). There are
two important aspects in the development of SVM as classifier. The first aspect is
determination of the optimal hyper plane, which will optimally separate the two classes,
and the other aspect is transformation of non-linearly separable classification problem
into linearly separable problem. Burges (1998), and Cristianini and Shawe (2000)
provided in-depth information on SVM.

2.2 Studies Related to Clinical Applications

Iris recognition system along with clinical iridology has been employed to determine
the health of an individual. Iridologists compare the specific markings in subject’s iris
at particular location with that of healthy human iris. Based upon comparison results
they predict the disease in a particular organ. Hence, for an automated diagnosis system
it becomes important to extract significant features from an iris. Biomedical signal
processing for the development of diagnostic models has always been an interesting
area of research. Burke and Nasor (2004) employed wavelet analysis for
Electrocardiograph (ECG) signals. Nova et al. (2014) employed Gabor filter to extract
features from Computer Tomography (CT) images for the development of emphysema
classification framework. Gaidhane et al. (2012) employed Gerschgorin circle theorem
based similarity measure technique for registration of medical images. Kumar and
Anand (2006) processed the Electroencephalogram (EEG) signal for monitoring the

depth of anesthesia.

Several researchers (Lai and Chiu, 2010; Othman and Prabuwono, 2010; Stearn and
Swanepoel, 2007) have utilized iris images to determine the health status of an

individual.

Table 2.1 illustrates the feature extraction algorithms employed by different researchers
for automated iris diagnosis models. This table also contains the dataset considered by

these researchers and the accuracy achieved by them in their work.
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Table 2.1: Different feature extraction algorithms for iris diagnosis system

S Feature Sample | Accurac
i Author(s) Disease Extraction np . y
No. : Size (in %)
Algorithm

Wibawa and | Detecting broken

1. | Purnomo tissues of Minimum filter 34 94.0
(2006) pancreas
Ma and Li .

2. (2007) Nerve system Gabor filter 44 86.4
Ma and Li . .

3. (2007) Alimentary canal Gabor filter 53 84.9
Ramlee and Otsu’s threshold

4| Ranjit 2009) | Chotesterol method 30 ~
Lesmana et .

5. al. (2011) Pancreas disorder GLCM 50 83.3

Fuzzy C-means

Sivasankar et Pulmonary clustering and

6. al. (2012) diseases gray level 32 84.3

analysis

Another significant application of iris recognition system is to predict gender of an
imposter from iris images. For security applications, it is equally important to know the
gender of an imposter. Human attributes such as ethnicity and gender can be determined
using distinct features of an iris. Khan et al. (2011) presented a critical evaluation and
comparative study of different techniques used for gender classification. Qiu et al.
(2006; 2007) proposed a model to determine ethnicity from iris images. The model
classifies an individual as an Asian or non-Asian. They used k-means clustering
algorithm and Gabor filter bank to obtain commonly occurring fundamental texture
elements. An accuracy of 88.3% on test set has been reported using SVM classifier.
Thomas et al. (2007) claimed to be first to predict gender from iris images. They used
ND_IRIS software for segmentation and normalization, and extracted texture features
from real component of log-Gabor-filtered normalized iris images. They also utilized
certain geometrical features such as area of pupil, difference in the centre of iris and
pupil, and difference in the area of iris and pupil. The model provided an accuracy of
80.0% using C4.5 classifier. Lagree and Bowyer (2011) predicted both ethnicity and
gender from iris textures. They claimed an accuracy of more than 90.0% for ethnicity

determination and 62.0% for gender determination.
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As mentioned in Table 2.1, Wibawa and Purnomo (2006) and Lesmana et al. (2011)
have diagnosed the pancreas status of subjects using iridology. The status of pancreas
indicates whether the subject is affected by diabetes or not. This concept has been used
to predict diabetes in a subject using iris recognition system. Sivasankar et al. (2012)
have reported the use of iris images to predict pulmonary diseases. We have taken this

concept to predict obstructive lung disease using iridology.

Chapter Summary

In this chapter, literature related to iris recognition system has been surveyed. Survey
is conducted on three stages of iris recognition system, namely, preprocessing, feature
extraction and template matching. An attempt has been made to discuss different
algorithms of these three stages, reported in the literature. In literature little work has
been reported on clinical applications of iris recognition system. In this chapter,
different feature extraction algorithms employed by researchers in predicting diseases
using iridology and image processing techniques have been tabulated. Studies related

to prediction of gender using iris images have also been discussed.
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CHAPTER 3

IRIS RECOGNITION SYSTEM

3.1 Overview

Automated security of information and authentication of persons have invariably been
an interesting subject of research. Biometric systems for authentication are based on
features obtained from one’s face (Giot et al., 2010), finger (Cao et al., 2014), voice
(Senoussaoui et al., 2014) and/or iris (Daugman, 1993; 2004). Iris recognition system
is widely used in high security areas. As discussed in Chapter 2, number of researchers
have proposed various algorithms for feature extraction from iris. One of these
algorithms uses statistical features for iris recognition system. In this chapter, two
different types of feature extraction techniques proposed by Ko et al. (2006) and Kyaw
(2009) have been implemented and compared. These techniques differ in the process
of normalization. Here, an attempt has been made to compare these two techniques in
terms of False Acceptance Rate (FAR), False Rejection Rate (FRR), memory

requirement and algorithmic complexity.

A simple, fast and effective statistical features based iris recognition system has also
been proposed in this chapter. System performance has been measured under different

set of features.
3.2 Implementation of Existing Techniques

Different stages of iris recognition system, namely, image preprocessing, feature
extraction and template matching have been described in Chapter 1. Two different types
of feature extraction techniques, explaining cumulative sum based change analysis (Ko
et al., 2006) and explaining correlation between adjacent pixels (Kyaw, 2009) have
been implemented and compared. For both techniques, image preprocessing is carried
out as described in Chapter 2. These two techniques differ in the process of
normalization. Ko et al. (2006) have utilized statistical feature extraction technique on
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the normalized iris image whereas Kyaw (2009) extracted the features without
normalizing the iris image. In the following sub-sections, these techniques are
explained. Hamming distance (Daugman, 1993; 2004; Ko et al., 2006; Kyaw, 2009)
based template matching has been implemented for determining the user as authentic

or imposter.
3.2.1 Feature extraction without normalization

In this technique, with center of pupil as reference number of concentric circles are
drawn on the iris region along which statistical feature are extracted as shown in Figure
3.1. Statistical features, including, mean, median, mode and standard deviation have
been considered in this study. These statistical features are described below, in brief, as
taken from Kyaw (2009).

Figure 3.1: Concentric circles on iris region

» Mean

Mean (also called as expected value) of a statistical distribution followed by a
discrete random variable, is obtained by summing the product of variable’s value
and its corresponding probability, over all possible values of variable as defined by
the distribution. As illustrated by Kyaw (2009), this can be calculated by using the
following equation for all circles in an iris image.
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Xe=—3N X c=1C (3.1)

where C is number of circles in the segmented iris, X{ is intensity (gradient) value

of it" pixel of the c*® circle and N°¢ is number of pixels along the ct"circle.
» Median

Median is the central tendency obtained by arranging the values in descending (or
ascending) order and then selecting one in the middle. If total number of values in
the sample is even, then median is the mean of two middle numbers. Median is a
useful statistical quantity in cases where the distribution has very large extreme

values that would otherwise skew the data.

» Mode

Mode refers to a number in the list that occurs most often.
» Standard deviation

Standard deviation is a measure of spread or dispersion of a set of data, i.e., values
are spread out for larger standard deviation. One can calculate standard deviation

using

N¢-1

s =\/ YN (XE—X9)?2, c=1,C (3.2)

where C is number of circles in the segmented iris, X; is intensity (gradient) value

of it" pixel of the ct" circle, X¢ is the mean of the ct" circle and N° is number of

pixels along the ct*circle.

Using these features, an image can be regarded as a feature vector (F¢) that is stored in

the database for identification process.

E, = (X°,Md°, M¢, ), ¢ =1,C (3.3)

where C is number of circles in the segmented iris, X¢ is mean of the ct"*circle, Md°€ is

median of the ct" circle, M€ is mode of the ct" circle and s€¢ is standard deviation of

the ct” circle.
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Iris code or Boolean vector is formed by thresholding the difference of features of
adjacent circles. The value of code is taken as 1 if the difference between the features

IS positive and it is taken as O if the difference between the features is non-positive.

In this thesis, we have extended the work of Kyaw (2009) by conducting experiments
with different number of circles. An attempt has also been made to study the effect of

number of circles on system performance.
3.2.2 Feature extraction with normalization

Feature extraction from normalized iris pattern requires segmented iris image to be
transformed to polar coordinates from Cartesian coordinates. For this homogeneous
rubber sheet model (Daugman, 1993; 2004) is employed. Normalized iris image is used
for feature extraction in case of cumulative sum based change analysis method. It is
important to analyze the changes of grey values of iris patterns and extract features from
iris image. Cumulative sums are calculated in a simple manner and do not require much
processing. Algorithm for feature extraction using cumulative sum based change

analysis as proposed by Ko et al. (2006) involves following steps:

Step 1. Divide normalized iris image into basic cell regions for calculating
cumulative sums. (one cell region is defined as a set of m x n pixels, and
an average grey value is used as a representative value of a basic cell

region to calculate the cumulative sum)

Step 2. Basic cell regions are grouped into horizontal and vertical direction (five

basic regions are grouped)
Step 3. Calculate cumulative sums over the each group as illustrated in (3.5).

The cumulative sums are calculated by taking mean representative

values (say X1, X2, X3, X4 and Xs) of each cell regions within a group.
»  First calculate the average X

»  Calculate cumulative sum from 0; So =0

23



» Calculate the cumulative sums by adding the difference between

current value and the average to the previous sum, i.e.,
Si :Si—1+ (XL—X) fOI’iZl, 2,3,4,5 (35)
Step 4. Generate iris feature codes.

Iris feature code or Boolean vector is formed by comparing the
cumulative sum of adjacent groups. If slope of cumulative sum change

is upward, the iris code is set to one otherwise to zero.
3.3 Comparative Analysis

MatLAB code for both methods is generated and tested on 500 images of Database A
and 500 images of Database B. Comparative study with and without normalization is

carried out in terms of FAR, FRR, memory requirement and algorithmic complexity.
3.3.1 FAR and FRR

Performance analysis of the two methods is done by calculating FAR and FRR. FAR is
computed as the ratio of number of false acceptance to total number of attempts and

FRR is computed as the ratio of number of false rejections to total number of attempts.

Figures 3.2 and 3.3 depict the percentage variation in FAR and FRR with respect to
Hamming distance for feature extraction with normalization for two different sets of
databases. For Database A, the two error rates are equal at a value of 1.5% and this
gives the optimal Hamming distance as 154 and for Database B, the Equal Error Rate
(EER) has been found to be 2.7% at Hamming distance 154.

As discussed earlier, the experiments have been conducted to extend the work by Kyaw
(2009). We have conducted the experiments by taking four values of number of
concentric circles: 15, 20, 25 and 30 on iris image. However, results have been reported
for number of circles as 15 and 30 only since the improvement in the performance of
the systems with 20 and 25 concentric circles was not significant. However, it has been
noticed that increase in number of circles improves the performance of iris recognition

system.
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Figure 3.2: FAR and FRR v/s Hamming distance for features extracted with
normalization using Database A
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Figure 3.3: FAR and FRR v/s Hamming distance for features extracted with

normalization using Database B

Figures 3.4 and 3.5 show the results for feature extraction without normalization for
two different set of databases when number of circles drawn on iris images is 15. In this
experiment, EER has been found to be 19.7% for Database A at Hamming distance
14.2 and EER is 22.7% for Database B at Hamming distance 11.6. The number of

circles drawn on the iris images is increased to 30 and the results are recomputed as
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shown in Figures 3.6 and 3.7. It has been observed that with the increase in number of
circles EER becomes 19.3% for Database A at Hamming distance 36.5 and EER is
22.0% for Database B at Hamming distance 29.7.

No. of circles: 15
40 -
35 -
30 -
25 -
20 -
15 -

=—FRR

=—-FAR
10 -

Percentage value of FAR and FRR

10 11 12 13 14 15
Hamming distance

Figure 3.4: FAR and FRR v/s Hamming distance for features extracted without
normalization with 15 circles using Database A
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Figure 3.5: FAR and FRR v/s Hamming distance for features extracted without
normalization with 15 circles using Database B
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Figure 3.6: FAR and FRR v/s Hamming distance for features extracted without
normalization with 30 circles using Database A
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Figure 3.7: FAR and FRR v/s Hamming for features extracted without normalization
with 30 circles using Database B

Results discussed above clearly indicate that for both available standard databases iris
recognition system with features extracted on normalized iris image has much better
performance as compared to one with features extracted on iris images without
normalization. FAR and FRR are having much less values for feature vectors with

normalization as compared to feature vectors without normalization. Figure 3.8 shows
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the comparison of EER for features extracted with and without normalization. From
this figure, it is evident that the value of EER is very less for feature vectors obtained
with normalization when compared to feature vectors acquired without normalization.
Further, as number of circles is increased to extract the features from the iris images
without normalization the performance improves but still method with normalization

shows better result.

2
0 9y 22.7
19.7
20 19.3
S 15
£
X 10
L
5
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;e I
Database A Database B

m Feature vector with normalization
m Feature vector without normalization with 30 circles
Feature vector without normalization with 15 circles

Figure 3.8: EER for features extracted with and without normalization

3.3.2 Complexity

In this work, we have compared the two techniques based on their computational
complexity as it is an important issue. Algorithmic complexity of method with
normalization is of the order O(E*HG*R*D*B)orO(E*VG*C*D *B)
where E is number of images to be tested, HG is number of horizontal groups, R is
number of rows considered for horizontal code, D is number of images stored in the
database, B is number of bits in the feature vector, VG is number of vertical groups, C
is number of columns considered for vertical code. Whereas, algorithmic complexity
of method without normalization is of the order O (E * NC * D * B)) where E is number
of images to be tested, NC is number of circles drawn on iris image, D is number of

images stored in the database, B is number of bits in the feature vector. It can be noted
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that under the assumption NC < HG * R, algorithmic complexity of the method with

normalization is more than algorithmic complexity of method without normalization.
3.3.3 Memory requirement

The iris code length (number of bits) of an image in case of method without
normalization is number of features x number of circles and in case of method with
normalization, it is number of horizontal groups x number of vertical groups. In this
work, for a normalized image of size 200 x 1000 one horizontal / vertical group consists
of five basic cell regions of size 5 x 5. Iris code length for method without
normalization is 120 (4 x 30) and for method with normalization is 320 (40 x 8) as
depicted in Figure 3.9. Hence, memory required to store iris templates for method with

normalization is more than method without normalization.

Group in a horizontal
direction

! a A Ll = 7 ol RV
AR RS . -~ CIE SR TN S N e
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Qroup in vertical One basic cell of 5x 5
direction dimensions

Figure 3.9: Division of normalized iris image into horizontal and vertical groups

3.4 Statistical Feature Extraction Based Iris Recognition System

As mentioned earlier, iris recognition systems have been proposed by numerous
researchers using different feature extraction techniques for accurate and reliable
biometric authentication. In this section, a statistical feature extraction technique based

on relationship between adjacent pixels, has been proposed and implemented.
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3.4.1 Proposed feature extraction technique

Once a normalized iris image is obtained after preprocessing of an eye image as
illustrated in Figure 2.2, statistical approach has been used for feature extraction. Each
row of normalized iris image is equivalent to a virtual circle drawn on the iris region.
The features of an iris can be extracted along the concentric circles as well as along the

angular direction in the iris region.

Here, two sets of experiments have been performed. In the first experiment, statistical
features have been computed along each row of 2-D normalized array. While in second
experiment, statistical features have been calculated along each column of 2-D
normalized array. The effect of number of statistical features as well as radial and
angular resolutions while normalization, on the performance of proposed iris
recognition system, has also been analyzed. The combinations of radial and angular
resolutions considered in the present work are, (50, 1000), (100, 1000), (150, 1000) and
(200, 1000) while experimenting with radial resolution and (200, 250), (200, 500), (200,
750) and (200, 1000) while experimenting with angular resolution.

For both experiments, three parameters, namely, mean, median and standard deviation
have initially been used. The system performance has been recomputed using six
parameters, namely, mean, median, standard deviation, skewness, kurtosis and co-
efficient of variation. Mean, median and standard deviation have been described in
Section 3.2.1. Skewness, kurtosis and coefficient of variation are described below.

» Skewness (Sy)

Skewness is a measure of the asymmetry of the data around the sample mean. If
skewness is negative, the data are spread out more to the left of the mean than to
the right. If skewness is positive, the data are spread out more to the right. The
skewness for different rows is taken as,

1 N _
N liz1 (X —XT)?

ST = L ,r=1,23,..,R (3.6)

ST‘
where R is number of rows in the normalized iris image, X; is intensity value of
it" pixel of the rt" row, X" is the mean of the r*"* row, s” is the standard deviation

of the rt" row.
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» Kurtosis (ku)

Kurtosis is a measure of outlier-prone of a distribution. The kurtosis of the normal
distribution is 3. Distributions that are more outlier-prone than the normal
distribution have kurtosis greater than 3; distributions that are less outlier-prone
have kurtosis less than 3. The kurtosis for different rows is defined as:

1 «NT —
FZ{:;L(XLT_XT)‘L

ku” = - , r=1,23,..,R (3.7)

S
where R is number of rows in the normalized iris image, X; is intensity value of
it" pixel of the rt" row, X" is the mean of the r** row, s” is the standard deviation

of the " row.
» Co-efficient of variation (CV)

Co-efficient of variation is the percentage variation in the mean, standard deviation
being considered as the total variation in the mean. Co-efficient of variation has

been calculated using equation,

VT = 2 x100, r=1,23,..,R (3.8)
where R is number of rows in the normalized iris image, X" is the mean of the rt"
row, s” is the standard deviation of the r** row.

In first experiment, statistical features are computed along each row. The computation

gives a set of feature vectors (Fr) for an image. This set is stored in the database for

identification process. This set is denoted as:
E. = (X", Md", s", S}, ku", CV"), r=1,2,3,..,R (3.9)

where R is the number of rows in normalized iris image, X" is mean of the " row,
Md" is median of the " row, s is standard deviation of the " row, S}, is skewness
of the rt" row, ku" is kurtosis of the " row, and CV" is co-efficient of variation of

the " row.

In second experiment, statistical features are computed along each column. This
computation gives a set of feature vectors (F¢) for an image. This set is stored in the

database for identification process. This set is denoted as:

FE, = (X¢, Md¢, s¢, Sg, ku®, CV°), ¢=1,2,3,..,C (3.10)
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where C is the number of columns in normalized iris image, X¢ is mean of the ct"
column, Md°¢ is median of the ct* column, s¢ is standard deviation of the ¢t column,
S¢ is skewness of the ¢ column, ku® is kurtosis of the ¢t column, and CV°¢ is co-

efficient of variation of the ct* column.

In this work, similarity of two iris codes is obtained using Hamming distance. Hamming
distance requires feature vectors to be converted into binary format. The binary vector
in the first experiment is formed by taking the difference between features of the
adjacent rows and then thresholding the difference to a binary number, whereas, the
binary vector in the second experiment is formed by taking the difference between
features of the adjacent columns and then thresholding the difference to a binary
number. In both experiments, 1-bit per feature for truncation is needed. Although,
segmentation of eyelids and removal of eyelashes have been considered but rotational
noise has not been removed. Therefore, shifting of templates has not been considered.
Hamming distance measures the number of dissimilar bits between two binary vectors
and this distance is zero when two vectors are from same iris image. A distance metric
of Hamming distance between binary vectors of test image and iris templates stored in
the database is generated. Now, minimum of the distance metric is compared with a
matching threshold to decide the user as an authentic or an imposter. If the minimum
Hamming distance is less than the matching threshold, the two templates are from same
iris image and if it is larger than matching threshold, the subject is considered as an
imposter. Performance of proposed iris recognition system has been measured by

recording FAR and FRR at different matching thresholds in the distance metric.
3.4.2 Results and discussions

Experiments have been conducted on two databases, namely, Database A consisting of
2240 iris images acquired from 224 subjects and interval subset of Database B
consisting of 2639 iris images acquired from 249 subjects. Preprocessing, feature
extraction and recognition processes have been implemented on these images using
image processing module of MatLAB 7.1 on Intel Core2 Duo 1.80 GHz processor with
1 GB RAM. Preprocessing is carried out as explained in Chapter 2.
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The proposed system has been tested only on the successfully segmented iris images.
Table 3.1 shows the number of iris images segmented successfully for both the

databases. The results in this table are based on visual inspection.

Table 3.1: Successfully segmented images

Number of Number of Images Result

Database Images Segmented (in %)
Considered Successfully 0
Database A 2240 2192 97.9
Database B 2639 2589 98.1

The segmentation process could not be applied successfully on the eye images having
higher occlusion / reflection. Two of the eye images where iris could not be segmented
successfully are given in Figures 3.10 (a) and 3.10 (b)

m

(@) (b)

Figure 3.10: Eye images where segmentation failed

3.4.2.1 Feature extraction along concentric circles

In this experiment, features have been extracted along each row. Number of rows in the

normalized image represents radial resolution in normalization process that
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corresponds to length of one feature. Feature vector as discussed earlier is formed by

combining different features.
(i) Experimentation with three statistical parameters

Iris recognition system performance has initially been measured by considering three
statistical parameters, namely, mean, median and standard deviation. FAR and FRR
have been computed for 50, 100, 150 and 200 rows in 2-D normalized iris image for
the iris images in the two databases. Length of feature vector for each feature is
therefore 50-bit, 100-bit, 150-bit and 200-bit. Figures 3.11 (a) and 3.11 (b) show
variations in FAR, FRR for feature vector with different sizes for Database A and
Figures 3.12 (a) and 3.12 (b) show variations in FAR, and FRR for feature vector with

different sizes for Database B.

Figures 3.13 and 3.14 depict Detection Error Tradeoff (DET) graphs for Database A
and Database B, respectively. DET is the graphical representation of FRR as a function
of FAR. In the first set of experiments, while considering three parameters one can note
from Figures 3.11 (a), 3.11 (b), 3.12 (a) and 3.12 (b) that increase in the threshold value
of Hamming distance, from 0 to 0.6 (with an increment of 0.05), decreases FRR and
increases FAR of the system for both databases. Two errors become equal at threshold
value of 0.31.
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Figure 3.11: FAR and FRR as a function of matching threshold with variations in
radial resolution for Database A using three parameters (a) FAR and (b) FRR
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Figure 3.12: FAR and FRR as a function of matching threshold with variations in
radial resolution for Database B using three parameters (a) FAR and (b) FRR
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Figure 3.13: DET graph with variations in radial resolution for Database A using

three parameters
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Figure 3.14: DET graph with variations in radial resolution for Database B using
three parameters
On increasing the size of binary feature vector from 50-bit to 200-bit, FAR decreases
and FRR increases at a given value of matching threshold. It is important to note that
EER decreases with increase in feature vector size. Table 3.2 shows the comparison of

EER for feature vectors with different sizes.

Table 3.2: EER for three parameters with variations in radial resolution

Radial Resolution Databgse A Databgse B
EER (in %) EER (in %)

50 4.3 5.5

100 3.9 5.2

150 3.7 4.9

200 3.2 4.3

Results given in Table 3.2 suggest that when radial resolution is increased from 50 to
200, EER decreases from 4.3% to 3.2% for Database A and EER decreases from 5.5%
to 4.3% for Database B. Hence, for a given set of statistical features, increasing radial

resolution with normalization improves the performance of iris recognition system.
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(if) Experimentation with six statistical parameters

In this experiment, six statistical parameters, namely, mean, median, standard

deviation, skewness, kurtosis and coefficient of variation have been considered. FAR

and FRR have been recomputed for 50, 100, 150 and 200 rows in 2-D normalized iris

image. Figures 3.15 (a) and 3.15 (b) show variations in FAR and FRR for feature

vectors with different sizes for Database A and Figures 3.16 (a) and 3.16 (b) show

variations in FAR and FRR for feature vectors with different sizes for Database B.

Figures 3.17 and 3.18 show DET graphs for Database A and Database B, respectively.
One can infer from Figures 3.15 (a), 3.15 (b), 3.16 (a) and 3.16 (b) that increase in
matching threshold from 0 to 0.6 (with an increment of 0.05) has similar effect on the

variations in FAR and FRR as with three statistical parameters.
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Figure 3.15: FAR and FRR as a function of matching threshold with variations in
radial resolution for Database A using six parameters (a) FAR and (b) FRR
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Figure 3.16: FAR and FRR as a function of matching threshold with variations in
radial resolution for Database B using six parameters (a) FAR and (b) FRR
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Figure 3.17: DET graph with variations in radial resolution for Database A using
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Figure 3.18: DET graph with variations in radial resolution for Database B using

Six parameters

Using DET graphs shown in Figures 3.17 and 3.18, EER for two databases is computed

at different radial resolutions while normalization as given in Table 3.3. When radial

resolution is increased, the EER decreases from 4.3% to 1.3% for Database A and this

decreases from 5.0% to 1.5% for Database B.

Table 3.3: EER for six parameters with variations in radial resolution

Radial Resolution Database A Database B
EER (in %) EER (in %)

50 4.3 5.0

100 3.1 3.9

150 2.8 3.0

200 1.3 15
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These two experiments based on different sets of statistical features show that there is
a significant improvement in FAR, FRR and EER as the number of statistical
parameters for feature extraction from iris images is increased from three to six. The
proposed statistical feature extraction based iris recognition system along concentric
circles/radial direction is simple and effective with EER of 1.3% for Database A and of
1.5% for Database B.

3.4.2.2 Feature extraction along angular direction

In second experiment, statistical features have been computed along the radial vectors
drawn in the iris region extending from pupil-iris boundary to iris-sclera boundary. In
2-D normalized iris image, each column corresponds to a radial vector drawn on iris
region. Here, features have been extracted along each column of the normalized iris
image. Number of columns in the normalized image represents angular resolution in
normalization process that corresponds to length of one feature. Feature vector, as

discussed earlier, is obtained by combining different features.
(i) Experimentation with three statistical parameters

In this set of experiment three parameters, namely, mean, median and standard
deviation have been considered on the lines similar to feature extraction along radial
direction. Experiment has again been conducted on two different sets of iris databases.
FAR and FRR have been computed for 250, 500, 750 and 1000 columns in 2-D
normalized iris image. Length of feature vector for each feature is thus 250-bit, 500-bit,
750-bit and 1000-bit. Figures 3.19 (a) and 3.19 (b) show variations in FAR and FRR
for feature vector with different sizes for Database A and Figures 3.20 (a) and 3.20 (b)
show variations in FAR and FRR for feature vector with different sizes for Database
B.

Figures 3.21 and 3.22 show DET graphs for Database A and Database B, respectively.
For three parameters, one can note from Figures 3.19 (a), 3.19 (b), 3.20 (a) and 3.20 (b)
that the variations in FAR and FRR of iris recognition system is similar to the variations

observed in the first experiment.
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Figure 3.19: FAR and FRR as a function of matching threshold with variations in
angular resolution for Database A using three parameters (a) FAR and (b) FRR

12 9
== 250-bit 8 -
10
==e=500-bit 7 -
8 - =>=750-bit 6 -
g =3i=1000-bit .,3 5 - == 250-bit
6 4 ~—
e
< E 4 - = 500-bit
4 - i \ =%=750-bit
i X\ === 1000-bit
2 - 2 \
1 .
O i PN TR TN T T T T T O Y Y o,
oggﬂgnggggg:ﬂg OII-nIHIIJ'\INILnImIIJ')IQ'
O o o o o o gd;cﬁgdgdgo’go’
Matching threshold Matching threshold
(a) (b)

Figure 3.20: FAR and FRR as a function of matching threshold with variations in
angular resolution for Database B using three parameters (a) FAR and (b) FRR

On increasing the size of binary feature vector from 250-bit to 1000-bit, FAR decreases
and FRR increases at a given value of matching threshold. Table 3.4 contains the

comparison of EER for feature vector with different sizes.
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Figure 3.21: DET graph with variations in angular resolution for Database A using
three parameters
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Figure 3.22: DET graph with variations in angular resolution for Database B using
three parameters
Results given in Table 3.4 suggest that if angular resolution is increased from 250-bit
to 1000-bit EER decreases from 4.3% to 4.0% for Database A and decreases from 5.7%
to 4.0% for Database B. As such, for a given set of statistical features, increasing

angular resolution with normalization improves the performance.

42



Table 3.4: EER for three parameters with variations in angular resolution

Angular Resolution Databgse A Databgse B
EER (in %) EER (in %)

250 4.3 5.7

500 4.2 5.4

750 4.1 5.0

1000 4.0 4.0

(if) Experimentation with six statistical parameters

Iris recognition system performance is next measured by considering six statistical
parameters. FAR and FRR have again been computed for 250, 500, 750 and 1000
columns in 2-D normalized iris image. Figures 3.23 (a) and 3.23 (b) show variations in
FAR and FRR for feature vector with different sizes for Database A and Figures 3.24
(a) and 3.24 (b) show variations in FAR and FRR for feature vector with different sizes

for Database B.
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Figure 3.23: FAR and FRR as a function of matching threshold with variations in
angular resolution for Database A using six parameters (a) FAR and (b) FRR
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Figure 3.24: FAR and FRR as a function of matching threshold with variations in
angular resolution for Database B using six parameters (a) FAR and (b) FRR

It can be noted from Figures 3.23 (a), 3.23 (b), 3.24 (a) and 3.24 (b) that trend of
variations in FAR and FRR for six parameters along angular direction is same as
depicted in earlier experiments. EER is again computed for two databases at different

angular resolutions while normalization and is given in Table 3.5.
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Figure 3.25: DET graph with variations in angular resolution for Database A using six
parameters
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Figure 3.26: DET graph with variations in angular resolution for Database B using six
parameters

When angular resolution is increased, EER decreases from 4.0% to 3.6% for Database
A and this decreases from 4.9% to 3.4% for Database B as shown in Figures 3.25 and
3.26.

Table 3.5: EER for six parameters with variations in angular resolution

Angular Resolution Datab_ase A Databgse B
EER (in %) EER (in %)

250 4.0 4.9

500 4.0 4.7

750 3.9 4.6

1000 3.6 3.4

These two experiments based on different sets of statistical features again emphasize
that there is an improvement in FAR, FRR and EER, as the number of statistical
parameters for feature extraction from iris images is increased from three to six.
Proposed statistical feature extraction based iris recognition system along angular
direction achieves an EER of 3.6% for Database A and of 3.4% for Database B.

45



It is worth mentioning here that performance of the proposed system improves with
increased number of features but the database becomes large to handle. Increasing
angular/radial resolution also improves the system performance, but at the expense of
large size of feature vector set. In this work, experiments have also been conducted by
taking radial resolution as 400 and angular resolution as 2000. It has been found that
the EER improves by a maximum of 0.02% when the radial resolution is taken as 400

and angular resolution as 2000 for different experiments.

We implemented iris recognition system using statistical feature extraction technique
proposed by Ko et al. (2006) and Kyaw (2009) in the same environment. We also
implemented 1-D log-Gabor wavelet filter method (Masek, 2003) for feature extraction

in the same environment.

In the proposed technique the length of iris code (number of bits) is number of
features x radial resolution in case of feature extraction along concentric circles and it
is number of features x angular resolution in case of feature extraction along the
angular direction. Therefore, maximum length of iris code obtained for experiment
along radial direction is 6 x 200 = 1200 bits and that along angular direction is 6 x
1000 = 6000 bits. While, the length of iris code in case of 1-D log-Gabor wavelet
filters technique is 2 X radial resolution x angular resolution (Masek, 2003).
Therefore, even the normalized iris pattern of size 20 x 240 would produce iris code
of length 9600 bits. Proposed approach creates a compact 150-byte (radial direction)
or 750-byte (angular direction) size template as compared to 1200-byte size template
in case of 1-D log-Gabor wavelet filter technique, which allows for efficient storage

and comparison of irises.

Table 3.6 contains the comparison of proposed approach with these algorithms in terms
of most effective EER, iris code length and iris code creation time. Experiments with
different feature extraction algorithms have been carried out in the same computing
environment. The time taken by the computing device from first stage of iris
recognition system, i.e., preprocessing to generation of binary iris template/code is
taken as iris code creation time. Table 3.6 shows that the performance of proposed iris
recognition system based on statistical feature extraction technique is comparable,

effective and encouraging.
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Table 3.6 reveals that for Database B proposed approach along radial direction gives
minimum EER and for Database A EER of proposed approach along radial direction is
valuable but slightly less than 1-D log-Gabor wavelet technique. Here, it is worth
mentioning that the proposed statistical feature extraction based iris recognition creates
a compact iris code, requires less memory to store the database and takes less time to

compute iris code as compared to other mentioned technigues.

Table 3.6: Comparison of proposed approach with existing techniques

. Database A | Database B | Iris Code Iris C(.Jde
Feature Extraction Creation
Technique EEOR EEOR Length Time
(in %) (in %) (bits) (ms)
Statistical without 19.3 22.0 120 210
normalization
Cumulative sum based 15 57 390 204

change analysis
1-D log-Gabor wavelet 1.2 1.5 9600 204

Proposed approach

(angular direction)

Proposed approach
(radial direction)

3.6 3.4 6000 178

1.3 1.5 1200 134

Chapter Summary

In this chapter, implementation and comparative analysis of iris recognition systems
with and without normalization is carried out, which shows that both methods have
their own advantages and disadvantages. The algorithmic complexity and memory
requirement of iris recognition system without normalization is less than method with
normalization. However, the iris recognition system with normalization has
significantly improved EER of 1.5% and 2.7% as compared to 19.3% and 22.0% for

Database A and Database B, respectively.

Further, a statistical feature extraction based iris recognition system has also been
proposed and implemented. It is demonstrated that statistical features can be computed
along radial and angular directions. It is observed that system performance improves
with increased number of statistical features. Results also show that increased radial or
angular resolution while normalization in place improves the accuracy of iris

recognition system. The most effective error rate achieved in the experiments
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conducted in this work is 1.3% when 200-bit feature vector along radial direction is
considered and is 3.4% when 1000-bit feature vector along angular direction is
considered. Results also show that statistical feature extraction based system creates
compact iris code and takes less time for feature extraction when compared with other

systems present in literature.
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CHAPTER 4

IRIS RECOGNITION SYSTEM FOR GENDER AND
DIABETES PREDICTION

4.1 Overview

Iris recognition system can be utilized for clinical applications other than its
conventional application in authentication of an individual. A good number of
researchers (Lagree and Bowyer, 2011; Lai and Chiu, 2010; Lesmana et al., 2011; Ma
and Li, 2007; Othman and Prabuwono, 2010; Ramlee and Ranjit, 2009; Stearn and
Swanepoel, 2007; Wibawa and Purnomo, 2006) have utilized iris images to determine
the health status of an individual. In Chapter 3, implementation of iris recognition
system has been discussed. In this chapter, two clinical applications of iris recognition
system to predict the gender of imposter and to predict diabetes in human beings are

proposed.

Iris recognition system in combination with iridology can be used to design an
automated computer model to determine the status of health of an individual. There are
five stages in iris recognition based proposed model as shown in Figure 4.1. These

stages have been discussed below, in brief.

» Iris image acquisition
In this work, 1-SCAN-2 dual iris scanner of Cross Match Technologies Inc.
(http://www.crossmatch.com/i-scan-2.php) has been used for capturing the eye
image. Front view of I-SCAN-2 is shown in Figure 4.2. It uses near-infrared
illumination (700-900 nm) and produces 480 x 480 bmp images. Image of both

eyes are captured during single scan.
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Figure 4.1: Five different stages of proposed model

Figure 4.2: I-SCAN-2 dual iris scanner

> Image preprocessing
Image preprocessing, as discussed in Section 2.1.1, has been used to obtain the
iris region from an eye image and to remove the noise due to eyelids/eyelashes

and reflection.

» Segmenting region of interest
Iris is like a map of the body. Changes in the condition of any organ of the body
can be analyzed through the changes produced in the segments described by
iridology charts (http://www.bernardjensen.com/Charts_c_17.html). It is
important to extract significant features to analyze from the region associated
with the particular organ. Hence, specific Region of Interest (ROI) is segmented

from the normalized iris image.
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» Feature extraction
Feature extraction (Zahedi and Zahara, 2013; Zahara, 2012) is most important
task in applications employing image processing. Iris texture consists of large
amount of blood vessels and nerves. Depending upon the health of an individual
certain changes like holes, fractures, hyper pigmentations, radii solaris, nerve
rings, lines and color of iris (Ma and Li, 2007; Othman and Prabuwono, 2010;
Lai and Chiu, 2010) are observed in the iris texture. As discussed in Chapter 2,
various algorithms have been proposed by different researchers for extracting
significant features from an iris image. A feature vector created from these

features is used for classification.

» Classification / Disease recognition
To classify a healthy / unhealthy subject (or recognize a disease), SVM has been
used as a classifier in this model. In SVM, a hyper-plane is constructed as the
decision surface in such a way that the margin of separation between positive
and negative examples is maximized (Cristianini and Shawe, 2000; Haykin,
2004). SVM employs kernel based learning algorithm. The effectiveness of
SVM depends upon the selection of the kernel and the kernel parameters. Some

of the kernel functions are linear, polynomial and Radial Basis Function (RBF).
4.2 Predicting Gender Using Iris Images

Human beings can recognize gender very easily as compared to a machine. Gender
classification is an important problem of computer vision. Gender recognition is useful
in the area of forensic sciences, security systems and many more. Recently, some
researchers (Chu et al., 2010; Han et al., 2009; Nazir et al., 2010; Rai and Khanna,
2010) have made the most of facial images to classify gender whereas a few studies
(Lagree and Bowyer, 2011; Thomas et al., 2007) of this nature have utilized the
properties of iris images to predict the gender with success rate of 62.0% and 82.0%

respectively.

Gender classification/prediction using iris image model involves five steps as shown in
Figure 4.1. Here, iris image acquisition is carried out using I-SCAN-2 dual iris scanner.
Further, image preprocessing is carried out in the manner similar to iris recognition
system and explained in Chapter 2. For gender prediction, whole normalized iris image

is taken. Hence, there is no need for segmenting ROI. Gender prediction model has
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been implemented using two different feature extraction techniques, namely,
combination of statistical features and wavelet transform (Model-I), and Otsu’s
threshold method (Model-11). The two techniques have been discussed briefly in the
following sub-sections. Thereafter, SVM based classifier has been developed to predict

the gender of subject as male or female.
4.2.1 Using statistical features and wavelet transform

In this work, feature vector for an iris image is obtained by combining two different

feature extraction techniques, namely, statistical and wavelet transform.

» Statistical features
Statistical features have been computed along two different directions, i.e.,
angular direction and radial direction. Top-most row of 2-D array represents a
circular ring near to iris-pupil boundary and bottom-most row represents a
circular ring near to iris-sclera boundary. Moving from top to bottom row
indicates moving along radial direction. Statistical features computed along
each row correspond to features computed along virtual circles. Similarly,
statistical features have been computed along each column of 2-D array that
correspond to angular direction. Statistical features that have been considered
in this work are mean, median and standard deviation. Statistical features
computed in this work are different from the features computed by Thomas et
al. (2007). They computed mean, standard deviation and variance on real part
of a log-Gabor-filtered normalized iris image whereas in this research work,
statistical features have been computed using pixel values of normalized iris

image.

The statistical computation gives a feature vector F for an image, which is

denoted as:
F=(X,,Md,,s,, X.,Md.,s.) 4.1)

where X, is a row vector of mean computed along each row, Md,. is a row vector
of median computed along each row, s, is a row vector of standard deviation
computed along each row, X, is a row vector of mean computed along each
column, Md. is a row vector of median computed along each column, s, is a

row vector of standard deviation computed along each column.
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Size of one statistical feature computed along each row would be 100 and size
of one statistical feature computed along each column would be 500 fora 100 x
500 sized normalized iris image. Thus, size of statistical feature vector F for an

iris image obtained is 1800.

Wavelet transform

As already discussed, another set of features is extracted from an iris image
using 2-D Discrete Wavelet Transform (DWT). DWT decomposes an image
into four sub-sampled images. The original image of size N X N is split into
four sub-images each of size N/2 x N/2 and contains information from
different frequency components. After decomposition four sub-sampled images
are approximation (LL), horizontal (HL), vertical (LH) and diagonal (HH). It
can be noted that

(1) HH is an image that has been high passed in the horizontal and vertical

directions.

(it) LH is an image that has been low passed in the vertical and high passed
in the horizontal direction.

(iii) HL is an image that has been high passed in the vertical and low passed

in the horizontal direction.
(iv) LL means low pass filtered in both directions.

Using DWT an image can be decomposed more than once. There are mainly
two ways for decomposition, namely, pyramidal and packet decomposition. In
case of pyramidal decomposition, further decompositions are applied only to
the approximation (LL) sub-band. At each level, the approximation sub-band is
further decomposed whereas, in case of packet decomposition, the
decomposition is not limited to LL sub-band only rather it allows further
decomposition of all sub-bands at each level. Figure 4.3 depicts three level
pyramidal decomposition and Figure 4.4 shows two level packet

decomposition.
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Figure 4.3: Three level pyramidal decomposition
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Figure 4.4: Two level packet decomposition

One can utilize different types of possible wavelet basis function for feature
extraction. Here, three level pyramidal decomposition using Daubechies db2
wavelet basis function has been considered for extracting features.

The wavelet function for Daubechies db2 is given as:

Yx) = ﬁ2i=0(—1)kh3_ kP (2x — k) (4.2)

where ¢(x) is a scaling function given as

@) = V2 Eico hkp(2x — k) (4.3)



and hy, hq, h, and h; are filter coefficients satisfying

1

ho + hz = E = h1 + h3 (44)
1 orl=0
and SE5 o = {g Al @5)

Feature vector may be created by considering different possible combinations
of LL, LH and HL components obtained at different level of decomposition.
Here, an attempt has been made to study the effect of different combinations of
LL, HL and LH components obtained after third level of decomposition on
system performance. Therefore, with 100 x 500 sized normalized iris image
the length of feature vector is 819/1638/2457 considering 1/2/3 sub-band

components.

The size of the overall feature vector created by combining both statistical features and
wavelet features is, therefore, 2619/3438/4257 when 1/2/3 sub-bands are considered.
These features have been further used for predicting the gender of subjects using SVM

classifier.
4.2.2 Using Otsu’s threshold method

In this work, Otsu’s threshold (Otsu, 1979) is selected automatically from gray level
histogram of the normalized iris image. Based upon the set of training images from the
dataset an optimum threshold is determined. Now, test image’s Otsu threshold is

computed and compared with the optimum threshold for predicting gender.
4.3 Dataset for Predicting Gender

A dataset of 400 iris images is created for the application of gender prediction. Iris
images of 200 subjects (100 Male and 100 Female) are captured. For experimentation,
both left and right iris images are considered. The subjects are of age group 17-35.

4.4 Results of Gender Prediction

SVM based gender prediction model has been implemented using image processing
module of MatLAB 7.1. In Model-I, as discussed earlier, two different feature

extraction techniques, namely, statistical and wavelet transform have been combined to
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generate the feature vector. To validate the experiments, 10-fold cross validation
technique has been employed where complete dataset is divided into 10 equally sized
groups. Each group is used for testing once while the other nine groups are used to train
the classifier. Hence, there are 10 iterations for training the SVM and testing. The
accuracy of the proposed model is measured using Correct Classification Rate (CCR)
independently for all iterations. The overall accuracy of the proposed model is the mean
of accuracies obtained from individual iterations. Experiments have been conducted by
selecting three different kernel functions, namely, polynomial (with degree 2),
Gaussian and RBF for SVM.

Tables 4.1, 4.2 and 4.3 illustrate the accuracy of the proposed gender classification
model for polynomial, Gaussian and RBF kernel functions, respectively. Overall
accuracy and accuracy of individual iteration for a specific feature vector is given. It is
observed from Table 4.1 that CCR varies from 79.0% to 85.8% for polynomial kernel
function. The maximum overall accuracy of the model is 83.7% for feature vector
generated as a combination of LL and HL sub-band wavelet coefficients along with
statistical features. Similarly, it is seen from Table 4.2 that CCR of the proposed gender
classification model varies from 80.0% to 87.4% with Gaussian kernel function. The
maximum overall accuracy obtained is 85.6% for feature vector generated by

combining statistical features with LL and HL sub-band components.

Table 4.1: Accuracy for different feature vectors with polynomial kernel function

Feature Overall
Vector/lteration Lyp2 3|45 67189110 (in %)

Statistical + LL 80.2|79.0/81.0(84.0{82.8|82.8|83.7|81.1|80.8|83.6| 81.9

Statistical +HL 79.8|79.6(80.0|81.4|79.8(80.6|81.8|82.6|82.8(81.6| 81.0

Statistical +LH 80.0(80.2|81.1|82.6|80.2|82.0(82.4|83.6/83.2|82.8| 81.8

Statistical +LL+HL |82.6|81.8/82.5|84.6(82.5|83.2|84.6|85.2(85.0|85.8| 83.7

Statistical +LL+LH [81.2(82.0/81.6|82.2|82.2|81.2|82.2|81.0|81.6|82.8| 81.8

Statistical +HL+LH |80.6|80.2|79.9/81.0|80.2|80.6(81.6|82.2|82.4|82.0| 81.0

Statistical +LL+HL+LH|79.8(80.1{79.8|80.8|81.0|82.2|82.8|81.2|80.8|82.8| 81.1
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Table 4.2: Accuracy for different feature vectors with Gaussian kernel function

Feature Vector/Iteration| 1 | 2 | 3 |4 |5 |6 |7 | 8|9 |10 C()i\r/]e(g;l
Statistical + LL 82.2|181.2/83.2|85.8|84.8(85.0|85.8|83.6/83.0(85.6| 84.0
Statistical +HL 81.6/81.0/82.4|83.8|81.6(82.6/83.6|85.0/84.6(83.6| 82.9
Statistical +LH 82.2/80.8|83.8|84.6|82.0(84.2|84.2|85.8|85.4(83.6| 83.6

Statistical +LL+HL |84.6/84.0/84.8|86.2|84.2(85.0|86.8|87.4/86.8/87.0| 85.6
Statistical +LL+LH |83.1|84.4/83.8|84.6/84.0(83.4/84.4|82.8|83.2/84.2| 83.7
Statistical +HL+LH [81.8/82.0/82.0/83.4/82.0|82.8|83.8(84.2|84.6/83.8| 83.0
Statistical +LL+HL+LH|81.6/81.8/80.0/82.0|83.2|84.6|85.0(82.8/83.0/84.6| 82.8

With RBF kernel function, the system accuracy varies from 79.8% to 86.8% and the

maximum overall accuracy obtained is 84.4% for feature vector generated by

combining statistical features with LL and HL sub-band components as shown in Table

4.3.

Table 4.3: Accuracy for different feature vectors with RBF kernel function

Feature Vector/Iteration| 1 | 2 | 3 | 4 | 5|6 | 7| 8|9 |10 C()i\rge(;)l ;I
Statistical + LL 81.8(79.8/82.8|85.0(83.6|84.2|85.8|83.2|182.2|83.6| 83.2
Statistical +HL 81.080.8(81.6|83.2|81.2|80.8|83.6|83.8|83.2|82.0| 82.1
Statistical +LH 81.8(80.2(82.4|83.6|81.6|82.8|84.2/84.0/83.8|82.2| 82.6

Statistical +LL+HL |83.2|83.0/83.0(84.6|83.6(83.6|86.8(85.2|85.2(86.2| 84.4
Statistical +LL+LH [82.2|83.6/83.6(83.0|83.0({83.0|84.4(81.0|82.8/83.4| 83.0
Statistical +HL+LH [80.4/81.8(81.4|83.2(81.2|82.6|83.8|83.2|84.0{82.6| 82.4
Statistical +LL+HL+LH 80.8/80.6/79.8|81.2|82.8/84.0|84.2/81.8|82.8/84.0| 82.2
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The overall accuracy of the proposed model for different length feature vector with
distinct kernel functions is shown in Figure 4.5 in bar chart form. From this it is evident
that maximum efficiency of 85.6% is obtained for Gaussian kernel function with feature
vector generated by combining LL and HL components of decomposed image along

with statistical features.

System performance has also been measured in terms of specificity (1 - False Positive
Rate) and sensitivity (1 — False Negative Rate) for each possible combination of
different feature vectors and different kernel function. The most effective specificity of
the proposed model is 0.93 and the most effective sensitivity of the proposed model is
0.94.
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Figure 4.5: Accuracy of proposed gender prediction model

In Model-Il, the gender prediction model has been implemented using Otsu’s threshold
method (Otsu, 1979). As discussed earlier, a threshold from gray level histogram of
normalized iris image is computed. Using the set of training images an optimum
threshold of 128 is obtained. Next, the test image threshold is computed and compared
with 128. If value is greater than 128 the subject is considered as female and if less than

128, it is considered as male. An overall accuracy of 68.0% is achieved with this model.
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The system performance is lower than the model proposed above using statistical and

wavelet features.

Table 4.4 illustrates the comparison of proposed iris recognition system based gender
prediction model with existing iris image based gender prediction models. Results show
that the proposed model is effective and has better accuracy.

Table 4.4: Comparison of accuracy of gender prediction model with existing

techniques
S Number Accurac
' Feature Extraction Technique Classifier of ! y
No. . (in %)
Subjects
Geometric and log-Gabor filter | C4.5 decision
L (Thomas et al., 2007) tree 300 800
Texture filters (Lagree and
2. Bowyer, 2011) SVM 60 62.0
3 Proposed Model-l_ (gsmg wavelets SVM 200 856
and statistical)
n Proposed Model-II (using Otsu’s SVM 200 68.0
threshold)

4.5 Predicting Diabetes Using Iris Images

Diabetes is a group of metabolic diseases in which a person has high blood sugar,
because the body does not produce enough insulin or cells do not respond to the insulin
produced. There are mainly three types of diabetes, namely, Type-l, Type-Il and
gestational diabetes (http://www.ncbi.nlm.nih.gov/pubmedhealth/PMH0002194). In
Type-1 diabetes, human body produces negligibly small insulin. It is diagnosed in
children, teens or even in adults. It is often referred as Insulin Dependent Diabetes
Mellitus (IDDM). In Type-1l diabetes, human body is not able to use the produced
insulin efficiently. It is non-insulin dependent. It is often diagnosed in adults mainly
after the age of 40. However, nowadays it is also diagnosed in teens and young adults
because of eating habits and high obesity rates. Gestational diabetes normally occurs in
pregnant women, who have never been diabetic before but have a high blood glucose
level during pregnancy. Normal symptoms of high blood sugar include blurred vision,
excess thirst, frequent urge to urine, fatigue, hunger and weight loss. Pancreas is

associated with diabetes mellitus due to its function of insulin secretion. The pancreas
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is a fish-shaped, grayish pink gland about 5 inches long that stretches across back of
the abdomen, behind the stomach. The state of pancreas extracted from iris images have

been used in this work for developing a diabetes prediction model.

The diabetes prediction model is similar to the one shown in Figure 4.1. Here, a dataset
of iris images of healthy subjects and one suffering from diabetes is created using I-
SCAN-2 dual iris scanner. The preprocessing stage is implemented similar to the one
in gender prediction, i.e., using CHT, homogeneous rubber sheet model and histogram
equalization. Next, important step is segmenting ROI. The pancreas is divided into
head, body and tail. Iridology charts (http://www.bernardjensen.com/
charts_c_17.html) show head of the pancreas in right eye between 7 and 8 o’clock.
These charts also depict the body of pancreas in left eye between 7 and 8 o’clock, and
tail of pancreas between 4 and 5 o’clock in the same eye, as shown in Figure 1.3 and
Figure 1.4. The cells that control blood sugar level, called islets, are concentrated

somewhat in the tail of pancreas. In this work, experiments have been conducted by
considering left eye only. ROI of size 200 X 90 is segmented out from the normalized

iris image as shown in Figure 4.6.

'y \;r--"-‘ﬂ'-o-.

Figure 4.6: Segmenting ROI

Once the ROI is separated from the iris region, the significant features are extracted by
applying two different feature extraction techniques, namely, wavelet transform and
Gabor filter.
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4.5.1 Using wavelet transform

Features from the normalized iris image are obtained by applying 2-D DWT. In this
work, two different approaches using wavelet transform have been proposed and

implemented.

» Approach 1
In this case, the pyramidal decomposition of 2-D normalized iris image up to
third level using Daubechies db2 wavelet has been implemented. An attempt
has been made to study the effect of different wavelet coefficients by generating

feature vector using different combinations of LL, HL and LH components.

» Approach 2
In this approach, again the pyramidal decomposition with Daubechies db2
wavelet function is implemented for feature extraction. Here, an attempt has
been made to study the effect of level of decomposition. Feature vector is
obtained by considering only LL component at each level of decomposition,
i.e., LL1 for level one decomposition, LL2 for level two decomposition and so
on up to fifth level. At the same time, combination of LL components of

different levels is also considered.
4.5.2 Using Gabor filter

In this work, iris texture features have been extracted using 2-D Gabor filter. The 2-D

Gabor filter in spatial domain is expressed as:

h(x! )’) = h'(x, }’) exp(jZT[f) ™

h'(x,y) = 102 exp (— x2+y2) — (4.6)

2T 202

¢ = x.cos(0) + y.sin(0) )

where (x, y) is coordinates of spatial region, gis the standard deviation w represents
frequency component and @ is direction parameter of filter. Iris feature vector is created
by combining 12 texture energy features computed along four different directions and
with three different frequencies. Initially, for each filter channel (wi, Bj) (i=

1,2,3) and (j = 1,2,3,4) the segmented pancreas region of iris image I(x,y) is
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convolved with Gabor filter h(x,y) to obtain an image S(x,y)in frequency domain.

The energy for each channel is then computed as:

e(w;, 6;) = \/Re(S)% + Im(S)2 4.7

Where Re (S) and Im (S) are the real and imaginary part of image S(x, y). The feature

vector so obtained is as shown in (4.8).

_ [e(wy,01),e(wy,0;),e(wy, 63),e(wy,6,), ...
F—[ 101 102 103 1,04 )] (4.8)

Ty e(W3, 91)! e(W3, 02)! e(W3: 63)! e(W3; 64

4.6 Dataset for Predicting Diabetes

A dataset of iris images of healthy people and those suffering from diabetes has been
created. Iris image dataset of 80 subjects; 40 diabetic (25 Male, 15 Female) and 40
healthy people (22 Male, 18 Female) has been used as depicted in Figure 4.7.
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5 .

0

Diabetic Healthy

Figure 4.7: Distribution of dataset

Care has been taken to consider the different age group people while taking the images
of diabetic people. Figure 4.8 illustrates that 45.0% (18 out of 40) of total diabetic
people are of the age group 21-40 years while 37.5% (15 out of 40) are of age group
41-60 years and remaining 17.5% (7 out of 40) people are from 61-80 years age group.
An informed written consent of each person has been taken for this research.
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Figure 4.8: Age wise distribution of diabetic dataset

Only diagnosed cases of Type-II diabetes have been considered for the study. Figure

4.9 depicts the duration of diabetes wise distribution of subjects. The subjects vary from

2 months of diabetes to 20 years of diabetes. The mean duration of diabetes was 7.4

years.
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Figure 4.9: Duration of diabetes wise distribution of dataset
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Subjects have once a week to monthly frequency of measurement of blood glucose
level. Figure 4.10 illustrates the level of diabetes control in subjects. Out of 40 subjects,
only 3 subjects had good control diabetes with proper medication, diet and exercise.
The blood glucose level of subjects ranges from 60mg/dL to 160 mg/dL (fasting) and
106mg/dL to 360 mg/dL (pp). Only 15 subjects knew their Hbalc value and it was in
the range of 6 to 8.5.
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Good Control Mild Poor Control Poor Control
Blood glucose

Figure 4.10: Level of diabetes control wise distribution of dataset

Out of 40 diabetic subjects, one subject had a cardiovascular disease (gone through
angioplasty); five subjects had a problem of hypertension; two had one eye surgery

while others do not have any comorbid condition in them.
4.7 Results of Diabetes Prediction

Iris recognition based method to predict diabetes has been proposed and implemented
using two different techniques, namely, wavelet transform and Gabor filter. In both
approaches, classification of subjects into healthy one or one with diabetes is done using
SVM.

64



4.7.1 Results using wavelet transform

Two approaches have been proposed using wavelets. In approach 1, an attempt has been
made to study the effect of different wavelet coefficients on system accuracy. Feature
vector has been generated using different combinations of LL, HL and LH components.
The effect of kernel function on accuracy of the proposed model is also studied.
Experiments have been conducted by selecting three different kernel functions, namely,

polynomial, Gaussian and RBF for SVM.

Experiments have been validated using 4-fold cross validation technique. The overall
accuracy is the mean of four iterations. Table 4.5 depicts the comparison of overall
accuracy obtained for the iris recognition based diabetes prediction model for different

combinations of kernel function and feature vectors.

Table 4.5: Overall accuracy of diabetes prediction model for different kernel

functions with different feature vectors

eature G(?;‘SOS/S‘” (i'f] Ef,/i) (;rc:g Eﬁgr'eae') (Z?ggg;g)
(in %) (in %)

LL 81.3 81.3 76.3 75.5
HL 76.3 81.3 75.0 775
LH 76.3 80.0 75.0 75.0
LL + HL 86.3 87.5 81.3 77,5
LL + LH 85.0 86.3 81.3 76.3
HL + LH 81.3 85.0 80.0 78.6
LL +HL + LH 81.3 81.3 775 78.6

The accuracy of the proposed model is also shown in Figure 4.11 in bar chart form.
From this, it is evident that maximum accuracy of 87.5% is obtained for RBF kernel
function with feature vector generated by combining LL and HL components of
decomposed image.
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Figure 4.11: Accuracy of proposed diabetes prediction model

In approach 2, an attempt has been made to study the effect of level of decomposition
on the system performance. Experiments have been conducted by considering three
different kernel functions, namely, polynomial, RBF and sigmoid. Again, 4-fold cross
validation technique has been applied to validate the experiments. The overall accuracy

of the system is computed by taking mean of four iterations.

To study the effect of level of decomposition, feature vector is generated by considering
either only LL component obtained after each level of decomposition or various
possible combinations of LL components obtained after each level of decomposition.
Total number of possible combinations, considering single LL component and

combinations of two, three, four or five LL components, is 31.

Table 4.6 illustrates the accuracy of proposed method for predicting diabetes. From this
table, one can infer that as the level of decomposition is increased from level 1 to level
5 the accuracy of the proposed system increases for a particular kernel function of SVM.
Results have been obtained for level 6 and level 7 decomposition also. It has been
observed that further decomposition beyond level 5 does not produce improvement in

accuracy.
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Table 4.6: Overall accuracy with different feature vectors and kernel functions for

predicting diabetes

Polynomial | Polynomial
(2nd (3rd RBF Sigmoid
in o in o
Feature Vecto c(l;ar?[)ze)) c(l;arggze)) (in %6) (in %6)
LL1 75.3 73.5 80.3 80.5
LL2 75.5 74.8 80.5 81.3
LL3 76.3 75.5 81.3 81.3
LL4 78.0 78.5 83.3 81.8
LL5 80.3 80.3 84.0 83.0
LL1+LL2 77.5 80.3 80.5 80.3
LL1+LL3 78.0 80.3 80.5 80.3
LL1+LL4 78.0 81.0 81.3 81.0
LL1+LL5 79.3 81.0 81.3 81.0
LL2+LL3 76.0 79.3 80.5 80.3
LL2+LL4 75.3 77.5 80.5 80.3
LL2+LL5 75.3 79.3 81.0 80.0
LL3+LL4 76.0 80.0 80.3 80.5
LL3 +LL5 76.3 81.3 80.3 80.5
LL4+LL5 76.3 81.3 81.5 80.8
LL1+LL2+1LL3 80.0 82.0 84.0 82.0
LL1+LL2+LL4 80.3 82.3 85.3 82.3
LL1+LL2+LL5 80.3 82.3 85.3 83.3
LL1+LL3+LL4 80.3 82.3 85.0 83.0
LL1+LL3+LL5 81.0 82.3 85.0 83.0
LL1+LL4+LL5 81.3 82.5 85.3 83.3
LL2+LL3+LL4 80.0 81.0 84.0 82.0
LL2+LL3+LL5 80.0 81.3 84.3 82.5
LL2 +LL4+LL5 80.3 81.3 84.0 82.0
LL3+LL4+LL5 81.3 81.3 84.0 82.0
LL1+LL2+LL3+LL4 83.3 83.0 87.3 84.3
LL1+LL2+LL3+LL5 83.5 83.3 87.0 84.5
LL1+LL2+LL4+LL5 84.0 83.0 87.0 84.3
LL1+LL3+LL4+LL5 83.3 83.3 87.0 84.5
LL2 + LL3+LL4+LL5 83.0 83.5 86.8 84.0
LL1+LL2+LL3+LL4+LL5 84.3 84.5 88.3 85.3
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Table 4.6 reveals that the performance of the system improves as the feature vector is
considered as combination of LL components. The maximum accuracy is achieved by
considering RBF kernel function for a particular feature vector. It is evident from the
results that combination of LL1, LL2, LL3, LL4 and LL5 along with RBF function
gives the best performance. The maximum accuracy of 88.3% is achieved in predicting

diabetes.
4.7.2 Results using Gabor filter

In this approach, segmented pancreas region from 2-D normalized iris images is
convolved with Gabor filter to extract the significant features. The feature vector is
obtained as computed in (4.8). In this approach, overall maximum accuracy obtained
with RBF kernel function is 82.1%.

4.7.3 Comparison of proposed models with existing techniques

Table 4.7 illustrates the comparison of proposed iris recognition based models to predict
diabetes with existing irido-diagnostic models. The obtained accuracy with higher
sample size establishes the effectiveness of the system. The overall maximum
specificity of the proposed model to predict diabetes is 0.94 and maximum sensitivity
is 0.95.

It has been observed that proposed model does not work well in case when patient is
having operated eyes. Two subjects with operated eye and having diabetes have been
identified as healthy. Another significant observation from this study is that a person
having controlled diabetes for last 3 years with proper medicines, diet and exercise has

also been identified as healthy.
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Table 4.7: Comparison of accuracy of proposed diabetes prediction model with

existing techniques

Feature

No Disease Extraction Classifier No. of Acpuracy
T . Samples | (in %)
echnique
Detecting broken
tissues in pancreas Minimum Visual
= (Wibawa and filter inspection 34 94.0
Purnomo, 2006)
Alimentary canal .
2. (Ma and Li, 2007) Gabor filter SVM 53 84.9
Nerve system (Ma .
3. and Li, 2007) Gabor filter SVM 44 86.4
Hearing loss (Stearn Digital Visual
4. | and Swanepoel, image inspection 53 70.0
2007) enhancement P
Neighborhood
based modified
Pancreas disorder backpropagation
5. | (Lesmana et al., GLCM using adaptive 50 83.3
2011) learning
parameters
(ANMBP)
6. | Proposed model Gabor filter SVM 80 82.1
Wavelet
7. | Proposed model transform SVM 80 87.5
approach 1
Wavelet
8. | Proposed model transform SVM 80 88.3
approach 2

Chapter Summary

In this chapter, SVM based gender prediction model using iris images, that combines

statistical features with 2-D DWT based features, has been proposed and implemented.

Experiments have been conducted to study the effect of different combinations of LL,

HL and LH components, obtained after third level of decomposition, along with same

statistical features on system performance. An attempt has also been made to study the

effect of kernel function on accuracy of the proposed model. Maximum accuracy of
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85.6% obtained in this work is encouraging and demonstrates improved gender

classification model as compared to the models proposed earlier.

A system as an aid to doctors to determine the diabetes using iris images has been
proposed and implemented in this chapter. The significant features are extracted from
a specific location in the iris image using 2-D wavelet tree decomposition and using
Gabor filter. It has been found that the combination of coefficients as well as level of
decomposition significantly affects the performance of system. SVM based binary
classifier has been implemented to classify the subjects. The overall accuracy of 88.3%,
maximum specificity 0.94 and maximum sensitivity 0.95 to determine diabetes with

higher sample size is quite effective and encouraging.
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CHAPTER 5

PREDICTING OBSTRUCTIVE LUNG DISEASE USING
IRIS IMAGES

5.1 Overview

In Chapter 4, iris recognition system based models to predict gender, and to predict
diabetes have been discussed. In this chapter, one more application of iris recognition

system for predicting obstructive lung disease is proposed and implemented.

In human beings, lungs are the most essential respiratory organs. Their weakness affects
respiration and leads to various obstructive lung disease such as bronchitis, asthma or
even lung cancer. Spirometry is the widely used non-invasive test to assess how well
lungs function and is helpful in diagnosing the obstructive lung disease (Pierce, 2005).
It measures how much air one inhales, how much one exhales and how quickly one can
inhale and exhale. Smoking is one of the reasons for developing obstructive lung
disease. The probability of smokers developing obstructive lung disease is higher when
compared to non-smokers (Lundback et al., 2013; Vestbo, 2013; Yuh-chin and Huang,
2012; Min et al., 2008).

In this chapter, experiments have been carried out on iris images to predict obstructive
lung disease. These days computer aided diagnostic tools are becoming an important
area of research in medical science (Kumar and Anand, 2006). Many researchers (Smith
etal., 2013; Wang et al., 2010; Sivasankar et al., 2012) have proposed various methods
and models related to lung diseases. The objective of this work is to develop an
application for predicting whether a subject is suffering from obstructive lung disease
or not using one’s iris images. This can help doctors further in taking decisions. For this
purpose, the SVM based iris recognition system has been combined with iridology for

implementing the proposed model.
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The proposed model involves five stages as illustrated in Figure 4.1. As discussed
earlier, I-SCAN-2 dual iris scanner has been used to capture iris images. Once the
normalized iris image is obtained after preprocessing as shown in Figure 2.2 the ROI
can be segmented using iridology charts.

As per the iridology charts (Figures 1.3 and 1.4), lungs of human body appear between
2 o’clock and 3 o’clock in left eye; and between 9 o’clock and 10 o’clock in right eye.
To predict obstructive lung disease, ROI, i.e., lungs region is segmented from the
normalized iris image. In present work, the size of ROI is taken as 100 x 60. After

segmenting ROI from iris image, the features can be extracted.
5.2 Feature Extraction

Two different models have been proposed and implemented for predicting obstructive
lung disease in this work. In Model-1, the salient features from the segmented lung
region of normalized iris image are extracted using 2-D wavelet tree and in Model-I1,

feature extraction is carried out using Gabor filter.

» Using wavelet transform
Here, 2-D DWT has been used to extract significant features from iris images.
Features are extracted in a manner similar to the Approach 2 of wavelet
transform proposed for method to predict diabetes in Chapter 4. Again, an
attempt has also been made to study the effect of decomposition levels. Feature
vector is obtained either by considering approximation coefficients after each
level of decomposition or by possible combinations of these approximation
coefficients. Results have been reported up to fifth level of decomposition. In
this research work, experiments have been carried out using Daubechie’s db2

wavelet function.

» Using Gabor filter
In this model, segmented lungs region from 2-D normalized iris images is
convolved with Gabor filter to extract features. The feature vector is obtained
as discussed in Chapter 4. The feature vector obtained is used for classifying the

subjects into healthy one or one having obstructive lung disease.
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5.3 Dataset

Iris images from 100 subjects have been captured using I-SCAN-2 dual iris scanner of
Cross Match Technologies Inc. Spirometry test has been used to diagnose the
obstructive lung disease in these subjects. This test uses two parameters, namely,
Forced Expiratory Volume in 1 second (FEV1) and Forced Vital Capacity (FVC). If the
ratio of these parameters (p = FEV1/ FVC) is less than 0.8 for a subject then one will
have a high probability of suffering from obstructive lung disease. We have conducted
the spirometry test on all 100 subjects considered in this study. Based upon spirometry
test ratio, dataset has been classified into healthy subjects and the subjects suffering
from obstructive lung disease. Table 5.1 contains the information on the subjects

considered in this work.

Table 5.1: Information on the dataset

Health Status of Total Number | Number of
Subiects P Number of of Non-
: Subjects | Smokers | Smokers
Suffering from obstructive =07 25 25 0
lung disease 07<p<08 ” ” ,
Healthy >0.8 51 3 48

A questionnaire related to the health details, such as whether cough with sputum,
smoker’s cough, shortness of breath, history of TB, blood in sputum, was completed by
the subjects. An informed written consent of each person has been taken for this

research.
5.4 Results and Discussions

Experiments have been conducted using image processing toolbox of MatLAB 7.1. The
two models proposed in this chapter have been developed using the dataset of 100
subjects. Experiments have been conducted by considering three different kernel
functions for SVM, namely, polynomial, RBF and sigmoid.
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5.4.1 Results using wavelet transform

Segmented lung region is first decomposed with 2-D wavelet transform. The effect of
level of decomposition on system performance is evaluated by considering either only
LL component obtained after each level of decomposition or by considering various
possible combinations of LL components obtained after each level of decomposition.
Total number of possible combinations, considering single LL component and

combinations of two, three, four or five LL components comes out to be 31.

Table 5.2 depicts the accuracy of proposed method for predicting obstructive lung
disease using 10-fold cross validation technique. This table shows that as the level of
decomposition increases, accuracy of the proposed system increases. It has also been
observed that further decomposition beyond level 5 does not lead to improvement in

accuracy.

It has also been observed that performance of the system improves as the size of feature
vector is increased by considering the combinations of LL coefficients. It is clear from
the results that the combination of LL1, LL2, LL3, LL4 and LL5 along with RBF kernel

function gives the maximum accuracy of 89.0% in predicting obstructive lung disease.

Table 5.3 illustrates the accuracy of proposed system with feature vector taken as a
combination of LL1, LL2, LL3, LL4 and LL5 for subjects with different spirometry

test ratio.

Figure 5.1 depicts that 95.3% of the subjects identified as having obstructive lung
disease are from the category of smokers and 97.8% of the subjects identified as healthy

are from the category of non-smokers.
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Table 5.2: Overall accuracy with different feature vectors and kernel functions for

predicting obstructive lung disease

in o in o

Feature Vector i C(lfr?[);,e)) Cé?r?f;)e)) (in %) (in %)
LL1 77.0 76.0 80.0 80.0
LL2 77.0 77.0 81.0 81.0
LL3 78.0 77.0 82.0 81.0
LL4 79.0 79.0 82.0 82.0
LL5 80.0 82.0 83.0 83.0
LL1+LL2 78.0 81.0 82.0 80.0
LL1+LL3 78.0 81.0 82.0 80.0
LL1+LL4 78.0 82.0 82.0 82.0
LL1+LL5 80.0 83.0 82.0 82.0
LL2 +LL3 80.0 80.0 82.0 80.0
LL2 +LL4 78.0 80.0 82.0 81.0
LL2 + LL5 78.0 81.0 81.0 81.0
LL3+LL4 78.0 81.0 82.0 82.0
LL3+LL5 79.0 83.0 82.0 82.0
LL4 + LL5 80.0 84.0 83.0 82.0
LL1+LL2+LL3 83.0 84.0 84.0 83.0
LL1+LL2+LL4 83.0 85.0 86.0 84.0
LL1+LL2+LL5 82.0 85.0 86.0 84.0
LL1+LL3+LL4 82.0 85.0 87.0 84.0
LL1+LL3+LL5 83.0 85.0 87.0 85.0
LL1+LL4+LL5 83.0 85.0 87.0 85.0
LL2+LL3+LL4 82.0 83.0 86.0 83.0
LL2+LL3+LL5 82.0 83.0 86.0 84.0
LL2+LL4+LL5 82.0 84.0 87.0 84.0
LL3+LL4+LL5 82.0 84.0 86.0 84.0
LL1+LL2+LL3+LL4 84.0 85.0 87.0 86.0
LL1+LL2+LL3+LL5 84.0 86.0 88.0 86.0
LL1+LL2+LL4+LL5 84.0 86.0 88.0 86.0
LL1+LL3+LL4+LL5 85.0 86.0 88.0 87.0
LL2+ LL3+LL4+LL5 85.0 85.0 88.0 87.0
LL1+LL2+LL3+LL4+LL5 85.0 87.0 89.0 87.0
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Table 5.3: Accuracy using wavelet features for subjects with different p

Number of Accuracy
P Subjects (in %)
<0.7 25 88.0
0.7<p<0.8 24 87.5
>0.8 51 90.2
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Figure 5.1: Distribution of smokers and non-smokers in subjects identified as healthy

and the subjects identified as having obstructive lung disease using wavelet features
5.4.2 Results using Gabor filter

In the next experiment, features have been extracted by convolving the segmented lung
region with 2-D Gabor filter. The maximum accuracy of the proposed method with
these features is achieved when RBF kernel function is employed. This accuracy using
10-fold cross validation is 88.0%.

Table 5.4 illustrates the accuracy of the proposed method for subjects with different

spirometry test ratio.
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Table 5.4: Accuracy using Gabor filter for subjects with different p

Number of Accuracy
P Subjects (in %)
<0.7 25 88.0
0.7<p<0.8 24 83.3
>0.8 51 90.2

Figure 5.2 depicts that 95.2% of the subjects identified as having obstructive lung

disease are from the category of smokers and 95.7% of the subjects identified as healthy

are from the category of non-smokers.
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J

Figure 5.2: Distribution of smokers and non-smokers in subjects identified as healthy

and the subjects identified as having obstructive lung disease using Gabor filter

Table 5.5 shows the comparison of proposed models to predict obstructive lung disease

with existing irido-diagnosis models. The obtained accuracy with higher sample size

demonstrates the effectiveness of proposed system.
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Table 5.5: Comparison of accuracy of proposed obstructive lung disease prediction

models with existing techniques

Feature

No Disease Extraction Classifier No. of Acpuracy
. Samples | (in %)
Technique
Detecting broken
tissues in pancreas Minimum Visual
= (Wibawa and filter inspection 34 94.0
Purnomo, 2006)
2 ’(“I\'/l';”ae:éalrjczagg;) Gabor filter SVM 53 84.9
3, g'ne(;"l_eif’z’gtg;; Ma | abor filter SVM 44 86.4
Hearing loss (Stearn Digital Visual
4. | and Swanepoel, image inspection 53 70.0
2007) enhancement
Neighborhood
based modified
Pancreas disorder backpropagation
5. | (Lesmana et al., GLCM using adaptive 50 83.3
2011) learning
parameters
(ANMBP)
Pulmonary diseases | Fuzzy C- Grav level
6. | (Sivasankar et al., means anz)illysis 32 84.3
2012) clustering
7. | Proposed model Gabor filter SVM 100 88.0
Wavelet
8. | Proposed model transform SVM 100 89.0
approach 2

Chapter Summary

In this chapter, an automated system to predict the obstructive lung disease using iris

images has been proposed and implemented. Two different models to extract significant

features have been proposed, one using wavelets and other using Gabor filter. SVM

based classifier has been implemented for classifying subjects into healthy or one with

obstructive lung disease. In case of proposed model based on wavelets, it has been

found that the level of decomposition and choice of feature vector significantly affects

the performance of the system.

An accuracy of 89.0% and 88.0% in case of wavelet based model and Gabor filter based

model, respectively with a sample size of 100 has been obtained in this research work.
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CHAPTER 6

CONCLUSION AND FUTURE SCOPE OF WORK

6.1 Conclusion

In this work, one of the prominent biometric techniques, i.e., iris recognition has been
investigated. Various existing algorithms involved in different stages of iris recognition

system have been surveyed.

Implementation of iris recognition system with and without normalization and their
comparative study has been carried out. Experiments have been conducted on standard
iris databases: 1T Delhi Iris Database Version 1.0 (Database A) and CASIA-IRIS-V3
(Database B). Iris recognition system without normalization is simple, has less
algorithmic complexity and requires less memory to store feature vectors of iris images.
However, iris recognition systems with normalization have significantly improved EER
of 1.5% and 2.7% as compared to 19.3% and 22.0% in case of systems without
normalization for Database A and Database B, respectively. It has also been found that
increase in number of virtual circles drawn on iris images improves system performance
when we find the features for iris image without normalization. Results are indicative

of the fact that normalization is an important step in iris recognition systems.

In this research work, a simple, effective and computationally efficient statistical
feature extraction based iris recognition system has been proposed and implemented.
Experiments have been performed to extract features in two different directions,
namely, radial and angular directions. It is observed that system performance improves
with increased number of statistical features. Results also show that increased radial
and angular resolution, while normalization in place, improves the accuracy of iris
recognition system. Comparison between test image template and templates stored in
the database has been carried out using Hamming distance. The minimum error rate
achieved in the experiments conducted in this work is 1.3% when 200-bit feature vector

along radial direction is considered and is 3.4% when 1000-bit feature vector along
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angular direction is considered. Results also show that statistical feature extraction
based technique creates compact iris code and takes less time for feature extraction.

The results obtained are encouraging and effective.

Iris recognition system is considered as a reliable and accurate biometric authentication
system. Some work has been reported in literature to explore clinical applications of
iris recognition systems. In this thesis, iris recognition system for clinical applications
has been proposed and implemented. Iris recognition system has been combined with
iridology to develop a model to predict the human being as healthy or suffering from a
disease. Three applications, namely, predicting gender of an imposter, predicting

diabetes and predicting obstructive lung disease have been considered.

SVM based gender prediction model has been implemented using two different feature
extraction techniques, namely, wavelet transform and Otsu’s threshold method.
Maximum accuracy of 85.6% obtained in this work is encouraging and it shows an
improvement over existing models. It has been noted that SVM as a classifier requires

smaller training set and has small computational complexity.

It has been observed that system performance is affected by the sampling procedure, as
emphasized by other authors. Human response greatly affects the ground truth while
taking samples. One may not give the correct duration of the period they are having
disease. They may also not give accurate information about the treatments they are
taking.

Features have been extracted from specific location of the iris image using 2-D wavelet
tree decomposition and also using Gabor filter. It has been found that the combination
of wavelet coefficients as well as level of decomposition affects the performance of
system significantly. SVM based binary classifier has been implemented to classify the
subjects. An overall accuracy of 88.3% in predicting diabetes and 89.0% in predicting

obstructive lung disease has been achieved in this work.

This is worth mentioning here that proposed models are of non-invasive and non-
contact type. The systems developed using these models are compact and portable. One
requires an iris scanner and a computing machine for implementing these systems. We

expect that the system proposed in this work shall be used for the benefit of mankind.

80



The key contributions of this research work are:

Use of normalized iris images leads to better recognition results as concluded
by the experiments conducted on the two standard databases.

The features used in iris recognition systems should be easy to compute. In this
work, six features have been proposed for such a system. The time required to
compute the features proposed in this study is least when compared with other
existing techniques and using the iris images from the two standard databases.
An SVM based efficient gender prediction model has been proposed in this
work. This model achieved a 10-fold recognition accuracy of 85.6% on a
database of 400 iris images.

An SVM based diabetes prediction system has been proposed. This system
explores the concepts of iridology for predicting the diabetes in a subject. The
experiments conducted for this model achieved a 4-fold recognition accuracy of
88.3% on a database of 80 iris images.

An SVM based obstructive lung disease prediction model has also been
proposed in this work. This system explores the concepts of iridology to predict
obstructive lung disease. The experiments conducted for this model achieved a

10-fold recognition accuracy of 89.0% on a database of 100 iris images.

6.2 Future Scope of Work

The work carried out in this thesis has a great potential for its extension. Following key

points can be considered for extending this work.

» Performance of proposed statistical feature extraction based iris recognition

system is effective. However, the accuracy can further be improved by
considering more efficient features and classifiers.

Segmentation of iris region from eye images can be improved by considering
other segmentation techniques. Efficient techniques to remove noise due to
occlusion and reflection can further improve system performance.

Proposed methods predict the human being as healthy or suffering from a disease
(diabetes/obstructive lungs disease). However, system capabilities can further be

enhanced to predict the level/stage of the disease.
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SVM as a classifier has been used in the proposed models. One can explore the
use of other classifiers on same dataset to achieve even better an accuracy.

Age of subject and duration of smoking/diabetes can be considered as one of the
features along with other extracted features in order to predict the level of disease
with suitable modifications in training patterns.

Here, dataset used for clinical applications is taken from Indian subjects. This
work can be extended at international level.

Iris dataset for clinical applications has been created using I-SCAN-2 dual iris
scanner. In order to have an inclusive usage of the proposed models, the
experiments need to be conducted on a low-price scanner.

A web based application for predicting diabetes and predicting obstructive lung
disease can be developed.

The scope of proposed models can be extended for forensic applications to

determine gender, age or ethnicity of unknown person/body.
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