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Abstract

Quantitatively establishing the discriminative power
of irisbiometric data is considered. Multi-level 2D
wavelet transform has been widely used for irisveri-
fication system. While previous approaches compute
only means and variances, we propose using a his-
togram distance. We also use a methodology to es-
tablish a measure of discrimination that is statisti-
cally inferable. To establish the inherent distinctness
of the classes, i.e., validate individuality, we trans-
form the many class problem into a dichotomy by
using a “ distance” between two sanples of the same
person and between those of two different peoples
We demonstrate that using histogram matching re-
sults better performances than using only means and
variances.

Key Words: Iris recognition, Dichotomy modd,
Histogram, Distance measure, Biometrics

1. Introduction

In this paper, we present a dichotomy method to
authenticate a person based on iris biomelric, i.e.,
edtablishing a measure of discriminative power of
iris that is datistically inferable. It is a method for
measuring the reliability of classification of dl
classes based on information obtained from a small
sample of classes drawn from the class population.
In Dr. Cha s dissertation work [2], supported by NIJ,
he showed the individuality of handwriting using the
distance statistics [3]. We extend the method used in
[2-3] to the iris verification. Recently, Pankanti et al.
employed the same mode to establish the individu-
ality of fingerprints [4].

Severa methods for iris recognition have been pro-
posed. However, most of them focused on using

statistical features such as mean and variance as
feature vectors. L. Ma et d. tried to extract more
distinctive statistical features by using filtering proc-
ess[14]. G.Keeet a. presented tree-structured wave-
let transform in order to obtain mean and standard
deviation, which are used as iris feature sts [15].
Mallat suggested that statistics obtained from wave-
let decomposition be sufficient for presenting texture
difference [16].

In this paper, we claim that they are not enough and
take a different approach using histograms and dis-
tance measures. Histograms of three level of 2D
wavelet transform are used as feature sets, which are
transformed into histogram distance domain using
distance computation [1] in order to utilize the d-
chotomy model [2,3]. Experiment results show that
ordinal histogram distance measures are well fit as
feature sets especialy in biometric data such as iris
images.

In the dichotomy model, we transform the many-
class-problem into a dichotomy by using a ‘histo-
gram distance” between two samples of the same
class and between samples of two different classes.
In this model, two patterns are categorized into one
of only two classes; they are either from the same
class or from the two different classes. Given two
iris data samples, the feature distance between two
samples is first computed. This feature distance
value is used as data to be classified as positive (in-
tra-variation, within person or identity) or negative
(inter-variation, between different people or non-
identity). We use the terms, intra-person distance
and inter-person distances and the A and 4 nota-
tions throughout the rest of this paper.



The rest of the paper is organized as follows. Sec-
tion 2 introduces a statistically inferable approach to
establish the individuality using the dichotomy
model, showing the dichotomy transformation proc-
ess. Section 3 shows wavelet transform as a method
of feature extraction. Section 4 applies the new
model to the problem of establishing the individual-
ity of iris data using the histogram distances. Finaly,
section 5 draws some conclusion.

2. Dichotomy Model and Dichotomy Trans-
formation

Consider the multiple class problem where the
number of classes is smal and one can observe
many instances of each class. To show the
individuality of the classes statistically, one can
cluster the instances into classes and infer the
Separation to the entire population. It is an easy and
valid method to establish the individuality as long as
a substantial number of instances for each class are
observable. However, consider the many class
problem where the number of classes is too large to
be observed, such as the population of a country.
Many pattern identification problems and most of
the forensic science applications mentioned above
fal under the aegis of the many class problems.
Although classification techniques that assume a
fixed number of classes are not useful for
establishing individuality in many class problems,
most of the existing studies use the identification
model of measuring the confusion matrix [5-11]. As
the number of classes is enormoudy large and
amost infinite, we shall demonstrate that this
problem is seemingly insurmountable. To this end,
we propose a dichotomy model that can handle the
many class problem In this section, we show how to
transform alarge polychotomy problem into asimple
dichotomy problem, a classification problem that
places a pattern in one of only two categories.

In the dichotomy model, we formally state the
problem as follows. given two randomly selected
biometric samples, the problem is to determine
whether the two exemplars belong to the same
person with two types of confusion error
probabilities. Figure 1 depicts the whole process
using the dichotomy transformation.
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Figure 1. Iris verification process and dichotomy

Let f! bethe i" feature of | biometric data. Firgt,
features are extracted from both biometric datax and
y: {5 f5, f5} and {f”, f),--, f)}. And
then, each feature distance is computed, that is,
feature domain transform into feature distance

domain: {d(f, fY),d(f), f,”)---,d(f}, f))}.
d is absolute difference between two real values.
The dichotomizer takes this feature distance vector

as an input and outputs the decision, same or
different people.

Figure 2 illustrates the two output distributions to
represent the relationship between two classes. Type
| error, a , occurs when the same person's biometric
data are identified as coming from different people
and typell error, b, occurs when the biometric data
provided by two different people are identified as
coming from the same person. Type | error isthe
probability of error that one classifies two biometric
data as different people even though they belong to a
same person. Type Il error isthe left-side area of the
negative digtributions, i.e., the probability of error
that one classifies two biometric data as coming
from the same person even though they belong to
two different people.
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In this modd, the objective is to validate the
individuality of biometric data statistically but not to
detect the difference of particular instances. We are
atempting to infer the individuaity of the entire
population based on the individuality of the sample
of n people, where n is much less than the
population. We claim that the dichotomy modd is a
sound and valid inferential statistics approach.

3. Feature extraction and distance computa-
tion

The proposed dichotomy transformation model
requires first the extraction of features and then the
application of suitable distance measures. 2D mul-
tiresolution wavelet transform is used to extract his-
togram features from a given modality. The hierar-
chical wavelet transform decompose the origind iris
image into a set of frequency windows that have
narrower bandwidths in the lower frequency region

[17].
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Figure 3 Three-level wavelet transform.

Decomposed images by using wavelet transform
represent multiresolution from detailed images to
approximation images in each level. As shown in
Figure 3, LH, HL, HH represent detailed images for
horizontal, vertical, and diagonal orientation respec-
tively in one-level. Sub image LL corresponds to
approximation image and is further decomposed,
which results in two-level wavelet decomposition.
The result of three-level decomposition is shown in
below of Figure 3. The linear type of histogram is
obtained as a feature vector from each decomposed

sub image.

4. Experiments

In this section, we describe the specification of
the IRS database consisting of subject demographic
data and features obtained from an IRIS sample.
From around 60 subjects, 800 IRIS images are taken.
Each subject provided 6~24 exemplars. Thus, the
IRIS database consists of two entities: subject data
and IRIS feature data. Figure x. shows a few exem-
plars from the IRIS database. Age range is from 19
to 36. Iris images distinguish left or right eyes and
whether the subject wears glasses or lens.
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The 2D Daubechies wavelet transform technique
is used to extract features from an IRIS image. Each
iris image is decomposed into 3 levels and each sub-
image is divided into 2x2 windows, which results in
12 different sub images and 12 linear type of histo-
gram as feature sets. For each window, histogram
distance is computed to convert feature domain into
feature distance domain. Absolute vector difference
is taken in order to build the within and between
class distance vector. For the purpose of perform-
ance comparison, statistical features such as mean
and variance of each wavelet image are aso com-
puted.

We use the ANN for a dichotomizer because it is
equivaent to multivariate statistical analysis. There
is awedlth of literature regarding a close relationship
between neural networks and the techniques of sta-
tistical analysis, especially multivariate statistical
anaysis, which involves many variables [12, 13].
Samples of both classes are divided into 6 groups of
500 in size. One pair set is used as atraining set and
the other set is used as a validation set. The rest of
them are used astesting sets. On average, 97% accu-
racy performance is achieved using the histogram
distance as feature sets and the artificia neural net-
work as a dichotomizer.

5. Conclusion

Although biometrics, e.g., such as face, voice,
iris, etc, are widely used to identify a person, statisti-
caly inferable study, i.e,, vaidating the individuality
of each modality has not been done.

The dichotomy mode is a sound and vaid infer-
ential statistics approach in which the multiple cate-
gory identification problem is transformed into a
two-category problem by defining a distance be-
tween two samples and taking those values as intra
and inter-person distance data. Therefore, dichotomy
model with feature distance domain can be used to
establish the discriminative power of a given set of
features for any biometric domain. The 97% of per-
formance shows that using histogram as a feature
vector rather than statistical features such as mean
and variance and its distance measurement are well
suitable for biometric data such asiris data
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