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Abstract
One important category of non-ideal conditions for iris recognition is off-angle iris
images. Practically it is very difficult for images to be captured with no offset. It
then becomes necessary to account for off angle information in order to maintain
robust performance. A bi-orthogonal wavelet based iris recognition system, previously designed at our lab, is modified and demonstrated to perform off-angle iris
recognition. Bi-orthogonal wavelet network (BWN) are developed and trained for
each class. The non-ideal factors are adjusted by repositioning the BWN. To test,
along with the real data, synthetic iris images are generated by using affine and geometric transforms of 0o , 10o and 20o experimentally collected images. The tests were
carried out on the experimentally collected off-angle data and synthetically generated data for angles from 0o to 60o with a resolution of 5o . This approach is shown
to have less constraints than a transformation based iris recognition approach. Iris
images off-angle by up to 42o for synthetic data and up to 45o for experimental data
are successfully recognized.
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Introduction and Background

“Biometrics” are automated methods of recognizing individuals based on their
physiological or behavioral characteristics. A biometric system is essentially
a pattern recognition system that operates by acquiring biometric data from
an individual, extracting a feature set from the acquired data, and comparing
this feature set against the template set in the database. Feature extraction
procedures can be made more refined by using wavelets, whose building blocks
are well localized in time as well as frequency domain. Biometric identification
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Fig. 1. System overview of the iris detection techniques presented in this paper. The
top of the figure signifies six different databases used for this study along with the
specific characteristics of every database. (a) represents the bi-orthogonal wavelet
based iris recognition system which responds nicely to the first two databases. However, remaining databases pose various challenges to this system. (b) represents increasing False rejection rates as angular deformation increases. (c) and (d)represent
segmentation problems for off-axis iris data. The solutions are depicted in the bottom half of the image. (e) represents iris transformations with the system performance. (f) presents the designed BWN system; (g) and (h) represent ROCs for
synthetic data and real data respectively.

is gaining popularity and acceptance in public as well as in private sectors.
As technology and services have developed in the modern world, for many
human transactions, faster, reliable and more secure personal identification is
required. Iris recognition is considered to be highly accurate and reliable. Iris
is unique, stable and easy to capture, and is classified as one of the better
biometric identifiers [1,2].
The unique epigenetic patterns of a human iris are used for personal identification. Image processing and signal processing techniques are employed to
extract information from the unique iris structure from a digitized image of an
eye [3–6]. This information is encoded to formulate a “biometric template”,
which is stored in a database. The purpose of the template formation is to
mathematically encode the iris pattern and match it with other similar rep2

resentations. Daugman developed an algorithm which most systems use commercially today [7,3,8]. This algorithm uses Gabor based encoding scheme.
Others have used 1D wavelets [4], Harr wavelet [9], and Laplacian of Gaussian filters [2] to encode the iris information. Few have studied iris recognition
for non-ideal cases [10].
Earlier we have developed a bi-orthogonal wavelet based iris recognition [10,11],
where the designed system is shown capable of doing iris recognition under
ideal conditions. Circular model based segmentation, in-band noise removal,
normalization, followed by the bi-orthogonal wavelet based coding formulates
the main framework of this algorithm. Match scores are calculated by the
Hamming distance. The wavelet based iris recognition was compared with a
method similar to the well known Daugman’s system [7,3]. The designed system shows comparable results and is capable of further improvements to deal
with non-ideal cases of iris recognition.
The purpose of this research is to modify the bi-orthogonal wavelet method
in order to perform iris recognition in non-ideal settings. This paper focuses
on off-angle images and presents two methods for non-ideal adaptation. The
first uses a traditional approach of transforming the images using affine and
projective transformations to match their angles before comparing. The second
approach uses a bi-orthogonal wavelet network (BWN) to account for nonideal conditions. This is shown in Fig. (1).
The rest of the paper is deigned as follows: Section (2) presents the profiles
of the databases used in this study. Section (3) briefly describes previously
designed bi-orthogonal wavelet based iris recognition system. Section (4) discussed effects of non-ideal images on the system described in section (3). Section (5) describes the Bi-orthogonal Wavelet Network (BWN) approach to
non-ideal iris recognition. Results and presented and discussed in section (6).
Discussion is presented in section (7), while section (8) presents conclusion
and future work.

2

Data management

This section presents the profile of the data used for the work in this paper. In
order to be able to do the strength analysis of the designed algorithms different
kind of data with different challenging conditions is used in this study. For this
study we have used six databases. Each database has a unique property and
purpose for getting used in this study.
The first data set (db1 from hereon) is a data set of gray scale iris digital
images provided by the Chinese Academy of Sciences (CASIA). The database
3
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Fig. 2. Sample Iris Images. The first row shows couple of sample irises from widely
used CASIA database (db1) and very high resolution University of Bath database.
The second row shows uncontrolled sample iris images collected at Clarkson University (db3) and at MAE (db4). The third row presents iris images from WVU
database, where first and last images are on-angle while second and third are
off-angle by 15o and 30o respectively. The fourth and the fifth rows show iris samples
from VIIT database (db6) with off-angle variation for 10 angles starting from 0 o till
45o with a resolution of 5o .

consists of 756 gray scale images coming out of 108 distinct classes and 7
images of each eye. The data was collected from 80 subjects in two sessions
with a one month gap between the two sessions [12].
4

The second data set (dataset2 from hereon) contains iris images collected at
University of Bath, UK. The data set consists of 1000 high-quality eye images
taken from 50 eyes (left and right) of 25 subjects. The images are compressed
by the JPEG2000 codec at 0.5 bpp and have a resolution of 1280 × 960.
The third data set (db3 from hereon) consists of iris images collected at Clarkson University, USA. This data was collected from 80 subjects in one session
with 4 images each of left and right eye for each subject. Thus, a total of
640 images from 160 classes are used for analysis. This data set is an uncontrolled data set and is collected using Oki Irispass-h hand held device (model
EQ5009A). No extra care is taken to control the quality and illumination of
the iris information.
The fourth data set (db4 from hereon) consists of iris images collected at
MAE, India. This data was collected from 100 subjects in two sessions with 5
images each of left and right eye for each subject. Thus, a total of 1000 images
from 200 classes are used for analysis. This data set is an uncontrolled data
set and is collected using Sony DCR-SR45E camera. This data was collected
in a dark room to avoid reflections and iris region was illuminated using bank
of infra-red LEDs (Light Emitting Diodes).
The fifth data set (db5 from hereon) is comprised of the data collected at the
West Virginia University (WVU, USA) Eye Institute. This data was collected
from 101 subjects in one session with 4 images of the left and right eye for
each subject. Thus a total of 808 images coming from 202 classes are used for
further testing of the algorithm. The uniqueness of this database is that out of
the 4 images collected for every class, the first and fourth are on-angle while
the second and third are off-angle by 15o and 30o respectively.
The sixth data set (db6 from hereon) is a collection of the data collected at
the Vishvakarma Institute of Information Technology (VIIT), India. This data
was collected from 100 subjects in one session with 10 images of the left and
right eye for each subject, with Sony DCR-SR45E camera. Thus a total of 2000
images coming from 200 classes are used for further testing of the algorithm.
The uniqueness of this database is that for every class 10 images are collected
with angular deformation changing from 0o to 45o with a resolution of 5o .
The data sets together form diverse iris representations in terms of sex and
ethnicity and conditions under which iris information was captured. The CASIA data set is one of the oldest and widely used and predominantly has iris
data from Asians, while the data collected at the WVU has angular deformations and mostly contains iris images of Caucasians. For the data collected at
Clarkson University and West Virginia University, protocols for data collection from the subjects were followed that were approved by the West Virginia
University and Clarkson University Institutional Review Boards (IRB). The
5

data collected at MAE and VIIT has iris captures from Indians under challenging conditions. While db1 has the most widely used and fair quality iris
data, db2 has very high resolution data. Db3 and db5 have challenging iris images because of the uncontrolled and non-ideal conditions during iris capture
respectively. Db4 contains images captured from regular handy cam and db6
has the off-angle iris information for ten different angles, starting from 0 o to
45o with a resolution of 5o . The profiles of the databases used are represented
in Table 1. Sample iris images are shown in Fig. 2.
Table 1
Data set: Distribution

Data

No. of

No. of

Images per

Intra class

Inter class

set

images

classes

Class

db1

756

108

7

2268

566,244

db2

1000

50

20

9500

980,000

db3

640

160

4

960

407,040

db4

1000

200

5

2000

995,000

db5

808

202

4

1212

649,632

db6

2000

200

10

9000

3980,000

combinations combinations

For a given database if c represents number of classes and n represents total
number of images per class, then intra class combinations are calculated as
(n − 1 × (n/2) × c) and inter class combinations are calculated as (c × (c −
1) × n × n). For example, for db1, intra class combinations are worked out
as ((7 − 1) × (7/2) × 108) and inter class combinations are worked out as
(108 × 107 × 7 × 7).

3

Biorthogonal Wavelets Based Iris Detection

This sections briefly describes the Biorthogonal wavelet based iris detection
system previously developed at our laboratory [11,10]. This technique works
well for ideal iris images, however needs betterment while handling off-angle
data. The building blocks of wavelets are well localized in time as well as
frequency domain. Hence, wavelets are a very good choice for encoding the
segmented iris information. To ensure efficiency of the system, a fast and
efficient lifting scheme is used for the design of the biorthogonal wavelets
[13]. Since wavelet’s basis has degrees of freedom in two dimensions, their
building blocks are very well localized in spatio-temporal sense. This property
of wavelets is used to encode the iris information in an efficient way. Hamming
6

distances are calculated from the encoded templates which essentially reflect
the similarity score. The intra and inter class distributions are studied to
determine whether the match is genuine or an imposter [14,15].

3.1 Wavelet analysis
For this study, digital iris images are encoded using wavelets to formulate
a template. Instead of traditional multiresolution analysis (MRA) scheme, a
lifting technique is used to construct the biorthogonal filters [16,17,13,18]. The
main advantages of this scheme over the classical construction are, it does not
rely on the Fourier transform and it allows faster implementation of wavelet
transform.
The basic idea behind the lifting scheme is shown in Figure (3). It starts with
trivial wavelet, the ‘Lazy wavelet’; which has the formal properties of wavelet,
but is not capable of doing the analysis. The lifting scheme then gradually
builds a new wavelet, with improved properties, by adding in a new basis
function. This itself is the inspiration behind the name of the scheme. The
lifting scheme can be visualized as an extension of the FIR (Finite Impulse
Response) schemes [18]. Biorthogonal 5/3 tap was selected for encoding the
iris information. The frequency content of the resulting coefficients is adjusted
each time to get separated band structure.
a
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Fig. 3. The lifting scheme for wavelets. It first calculates the Lazy wavelet transform,
then calculates the aj−1,m , and finally lifts the bj−1,k .

3.2 Methodology
The designed algorithm has following 4 steps:
(1) Isolation or Segmentation
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(2) Normalization
(3) Template Formation or Encoding
(4) Match-Score Calculation
If we imagine a black box with all these functions incorporated, then the aim
behind designing the system is to formulate an iris template after inputting the
raw iris image. Although these steps are borrowed form Daugman’s algorithm,
the internal complexion of every step differs to Daugman’s method, only in an
attempt to make the system more efficient, either speed wise or performance
wise [9].
3.2.1 Isolation or segmentation:
Segmentation involves isolating the important information from the rest of the
eye image. Before doing actual segmentation, all the images are transformed
into the wavelet domain and maxima energy extraction is performed. The
number of retained coefficients is decided to be 10000. The images are inverse
transformed before segmentation is performed using the log, simple gradient
masking, and circular canny edge detection methodologies. The detected edges
are mapped on the inverted iris images. The area within the global edge is
phase shifted and then the complete image is transformed into the wavelet
domain. The phase information is used and the marked area is further divided into smaller regions and average intensity thresholding is performed to
further remove non-significant information. Non-significant information could
be in the form of eye-lashes, eyelids and reflections [19,20]. In order to take
care of these different types of noise entities, thresholding is done for each
sub-band and hence the scheme is called ‘in-band noise removal’. Each band
significantly removes the noise content depending on whether it is high pass
or low pass and the direction in which that filters acts i.e. horizontal, vertical
or diagonal (e.g. eyelashes were predominantly removed in the HL band). The
threshold value is adaptive and changes for every image, depending upon the
relative variations in the intensity of different parts of the image. The point
where average intensity drops below the threshold is chosen as the iris radius.
The threshold’s effectiveness depends upon the angular resolution. However,
increasing angular resolution may result in an excessively large template.
The circular resolution value of 20 is selected for this study, which is tradeoff between providing effective division for noise removal as well as obtaining
reasonable size templates. Sample isolated iris images are shown in Figure (4).
3.2.2 Normalization
The first thing involved in the normalization process is to map the data from
(r, θ) domain to (x, y) domain. For this the center of iris is taken as the starting
8

Fig. 4. Sample segmented iris regions.

point as against pupil center in the Daugman’s method. The linear radial
vector traces the complete iris region. Also, instead of matching up the iris
and pupil centers, the vector dimension of the vector is kept fixed. This is
the resolution along the iris radius. The vector dimension is fixed at 200. For
highly non-concentric iris pupil pairs matching of the centers is performed.
The diagonal information is mapped in the opposite quadrant to avoid any
loss of information. An example of normalization is shown in Figure (5) along
with effects of more and less radial resolution.
After studying iris images using wavelets and examining their phase information, it was found that iris patterns have very strong components along the
radial direction. This is the reason behind high radial resolution of 200 against
circular resolution of 20.
Less angular resolution

r

Blocking error bits

More angular resolution

θ

Fig. 5. Process of iris normalization. Upper diagrams showing less angular resolution
and lower part depicting more angular resolution.

3.2.3 Template formation or encoding
The segmented and normalized iris information is transformed into the wavelet
domain using the biorthogonal tap, as explained earlier. The filters are de9

signed using the lifting steps, which transform the data into a different and
new basis where ‘large’ coefficients correspond to relevant iris data and ‘small’
coefficients corresponds to the noise. Wavelet encoded data is scalable and
localized and hence matching of the features at same location using various
scales is possible. A Gabor method is also implemented for comparison [21].
Band pass Gabor pre-filtering is performed to encode the information. For both
methods, the Gabor and wavelet coefficients are further quadrature quantized,
thus resulting in formation of bit-stream of 1s and 0s. This is done for all the
iris images and the formulated bit-pattern is called as ‘iris template’. With angular resolution of 20 and radial resolution of 200, the formulated bit-streams
are 8000 bits long. Along with the iris template, the mask template is also
formed which is used for locating the noisy parts of the image.

3.2.4 Match score calculations
Hamming distance is calculated for every iris pair producing inter and intra class match scores. Hamming distance is implemented through bit wise
“X-OR”ing and “AND”ing. To account for the rotational inconsistencies the
maximum matched value is chosen. The formula for finding out the hamming
distance is given as [7],

HD =

k (code A ⊗ code B) ∩ mask A ∩ mask B k
k mask A ∩ mask B k

(1)

The operation of “X-OR” (⊗) detects the dissimilarity between corresponding pair of bits, while “AND” (∩) operation with the mask makes sure that
the noisy or lesser significant portion of the image is not encoded. The (kk)
represents the norm of the vectors. The Hamming Distances are normalized
on the scale of a range from 0 to 1.
The whole algorithm in snap shot is given in Figure (6). (a) shows the original
image while (b) shows the segmented iris image. The area between two marked
circles is the significant iris information. The iris center is marked and used
for normalization process. The effect of in-band de-noising for the selective
iris area in shown in (c). For the selected value of radial resolution, iris area
is divided along the radial direction and the distinct division is shown in (d).
The normalized iris is shown in (e), while (f) shows the iris template. The
results of this algorithm on db1 along with quality analysis and its impact on
the segmentation is given in section (6).
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Original Iris Image (a)

Iris Template (f)

Segmented Iris (b)

Normalized Iris (e)

In−band noise removal (c)

Radial Resolution (d)

Fig. 6. Complete algorithm in snap shot. The different stages are shown. Segmentation, Normalization and Template formation is shown clearly.

4

Effect of Angle on Iris Recognition

One important category of non-ideal conditions for iris recognition is off-angle
iris images. Practically it is very difficult to get images captured exactly from
0o offset. It then becomes necessary to deal with this off-angle information to
perform iris recognition by maintaining reasonably good confidence interval.
Before adapting the designed system to non-ideal conditions, it is essential to
study the effect of non-ideal parameters on the system performance without
any enhancements. This section discusses how the system described in the last
section reacts to off-angle iris images. For this the test data for off-angle cases
collected at the WVU (West Virginia University) Eye Institute is used. This
data is described as db5 in Table 1.
For the first set of experiments, for each class, 0o image is used for enrollment
and recognition is done for 0o , 15o , and 30o images each. Total of 40 × 156 =
6240 inter-class and 40 × 3 = 120 intra-class combinations are exploited. The
results are given in subsection 6.2 and it is evident from the results that as
the degree by which the iris information is off-axis increases, the recognition
rate goes down.
The problems associated with individual steps are required to be tackled in
order to make the iris recognition system adaptive to the non-ideal conditions.
To understand this better the problems associated with individual steps can
be mapped as follows:
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4.0.5 Problems in segmentation
As the implemented segmentation method uses circular intensity comparisons,
it is not effective when it comes to segmenting elliptical iris regions in the offangle images. This can be seen in figure (7).

Fig. 7. Segmentation problems with off angle images.

Segmentation forms the most important part of the process, since, if the nonideal images are not segmented correctly, the information loss is irrecoverable.
Hence, it is desired to use an adaptive model, to take care of this irregularity.
4.0.6 Problems in normalization
For the ideal cases it was found that many of the times, the pupil is concentric
to the iris. If not, it was easy to match the centers of these two circular regions.
In non-ideal cases this problem becomes much harder to handle for following
reasons,
• Matching centers of pupil and iris regions is more difficult, as it is very
necessary to match longer and shorter radii first in order to avoid quadrant
wise miss-match while unfolding the significant iris region from (r, θ) domain
to (x, y) domain.
• It is not possible to use opposite quadrant (i.e. 3 for 1), for any nonconcentric information. A mapping function has to be used to decide which
quadrant the information goes into.
• As it would not be possible to fix radial resolution along all the directions,
the radial vector size has to be fixed separately for every direction. This
may be required to change for every data set processed.
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4.1 Segmentation of non-ideal images

The issue of segmenting off-angle images needs improvisation over the method
used for ideal images. The effective use of elliptical structures instead of circular ones for doing intensity thresholding is the significant change over the
previous method. Like the previous method the intensity threshold is done for
the whole image and pupil area is marked. This area gives the basic elliptical
structure whose smaller and longer diagonals are calculated and expansion of
same order is done along both the diagonals to ultimately find the iris region.
Sample results when this technique was applied to db5 are given in Fig. (8).

Elliptical Segmentation - successful cases

Elliptical Segmentation - Failed cases
Fig. 8. Sample off-angle iris segmentation using elliptical structures

The major drawback while using elliptical models is it’s inability to take into
account the variations in the shorter and longer diagonals due to varying
angles. Along with this the elliptical structures, like circular structures, suffer
with false segmentation due to illumination variations. Both these limitations
can be evidently seen by looking at the second row of Fig. (8).
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4.2 Comparative study of iris-representation methodologies
The most intuitive approach to handle the non-ideal iris images is to transform
them using basic tomography principles or by using simple projection based
transform. Before doing that it is very important to understand the best way of
representing the iris information. As described earlier wavelet transform is used
to transform and optimally represent iris information through deconvolution
and compaction of the energy. To further optimize this representation three
optimization schemes were tested and the scheme that gave best result was
chosen for further analysis.
4.2.1 Optimization strategies
• Principal Component Analysis (PCA): The method aims at computing the
principal components, which are efficient representation of highly correlated
information. For this study only first principal components are selected
which account for as much of the variability in the iris region. By doing
this we aim at improving the intra-class distribution using lesser dimension templates. The analysis uses the most meaningful variables using the
standard deviation as the thresholding measure. Also, system eigenvalues
near zero are neglected. Thus, the method tries to orthogonalize the the
components.
• Maxima energy extraction (MEE): As explained the wavelet filters are designed using lifting scheme, the sub-bands are not well distinguished. Thus,
process of ‘maxima energy extraction’ is performed globally. Only the most
significant coefficients are retained. The wavelet structure is already orthogonal and no further effort in that direction is needed.
• Multiresolution features based energy thresholding (MFT): This is similar to the previous method, except that the ‘maxima energy extraction’ is
performed locally at every sub-band. The sub-bands are formulated using
frequency re-ordering.
The results are described in section 6 and it can be observed that strategy
based on the multiresolution model performs best and hence used for further
analysis.
4.3 Iris transformations
Off-angle images are a major category of non-ideal iris images. In this section
we explore using affine and projective transformation to deal with non-ideal
images. The section gives the techniques used to transform the iris images in
order to,
14

• match the angles of an enrolled image and the image to be matched
• reduce the artifacts produced due to the non-circular nature of iris region.
• help equally distribute the radial resolution in all the quadrants.
30 degree off-angle iris image

transformed iris image

Fig. 9. Spatial transform - Iris images

Spatial domain projective transforms are used to transform the off-angle images in order to match them up with on-angle images. Multidimensional transforms are used where it is possible to decide which dimensions should be transform directions. The transform used in this particular study is a combination
of ‘affine’ and ‘projective’ transform. This is so, because ‘affine’ transform
takes into account translations, while ‘projective’ transform maps the off-angle
information using quadrilateral structure. Affine transforms are subsets of projective transforms. The transformation matrix is maintained thus making the
transform completely reversible.
30 degree off-angle image

transformed image

original on-axis image

Fig. 10. 30o off-angle image, transformed image and original image.

It can be seen from figure (10), that even visually the iris structure (marked
with a black square) is identical. This was confirmed after obtaining better
intra-class match scores of the transformed images as against unprocessed
off-angle images. The results for this method are given is section 6.
15

4.4 Summary
This section shows a significant decrease in the system performance for offangle iris images. A transformation based approach was presented to accommodate off-angle images. While reasonable EER (Equal Error Rate) was
achieved, the system suffers with following drawbacks,
• Prior knowledge of angle deformation is required
• System can not solve the quadrant mis-match problems.

5

Bi-orthogonal Wavelet Network Approach to Non-Ideal Iris Recognition

Impact of off-axis iris images on the system performance and different techniques, including iris transformation, were presented in last section. The drawbacks associated with these methods were also discussed in the last section.
This section presents template learning methods and biorthogonal wavelet
network (BWN) based methods for performing off-axis iris detection.
5.1 Wavelet based template learning
Due to presence of unknown interfering elements, e.g. unknown angle by which
iris image may be off-angle, it is necessary to make the iris recognition adaptive. Instead of using transformation technique, this section explores a hierarchial wavelet based framework, developed to model the complex iris structure. Hidden markov tree (HMT) is used to represent singularity points with
more separation. Given a trained model, it is possible to use this framework
to synthesize the observed patterns. The training is done through statistical
modelling. Minimum description length regularization is used to learn a template with a sparse representation in the wavelet domain. Image registration,
template learning and pattern classification are explained in the following subsections.
5.2 Hierarchial framework
It is difficult to model the information undergoing random transformations.
In case of iris images, the amount of non-ideal noise elements and the various
forms (like rotational, translational etc.) of these noise elements are unknown.
Modelling of such transformed data leads to distorted components, or even
16

components that model the transformations. This results in distortions in
the structure of the underlying templates. Further uncertainty in the pattern
can be caused by lighting sources, observation noise, and deformations in the
pattern itself (e.g. Iris elements getting hampered by heavily colored contact
lenses).
A hierarchial framework is used to separate out three different aspects from
the iris structure.
• significant information
• In-built noise, like eye-lashes, eyelids, reflections etc. This noise is easy to
model and can be filtered out partially or completely.
• Unknown noise, like off-axis iris images. This noise is difficult to model and
remove.
Template deformations are modelled with a finite set of linear transformations
Γ1 , ....., ΓL . Let random vector W = (W1 , ....., WN )T denote the wavelet coefficients. Bi-orthogonal 5/3 filters are used. N is the total number of wavelet
coefficients retained after maxima energy extraction. Large coefficients correspond to significant data, while small coefficients indicate noisy areas. Each
Wj is assigned a state vector sj and marginal pdf of the significant wavelet
coefficients is calculated as,
2
fWj |sj (wj |sj = 1) = ξ(wj |µj,1 , σj,1
)

(2)

Here, ξ(x|µ, σ 2 ) is a Gaussian density. µ is the mean and σ 2 is the variance.
Means and variances of significant as well as insignificant wavelet coefficients
form the parameter vector θ,
θ = {µ1 ,

X

, µ0 ,

1

where,

P

X

}

(3)

0

is the sum of only diagonal variances in n × n matrix of variances.

As a orthogonal mother wavelet generates an orthogonal filter family, wavelets
coefficients are assumed to be statistically independent. Also, wavelet basis
functions are orthogonal and spatially localized. So, the joint distributions of
the wavelet coefficients of the pattern template is specified by θ, together with
the configuration s = (s1 , ..., sN )T of state variables. To synthesize a pattern
observation from the template, wavelet coefficients are realized (ω) according
to the joint pdf,
fW |s (w|s) =

Y

fWj |sj (wj |sj )

(4)

This ω is transformed to obtain the spatial domain realization of the template
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as z = W −1 ω. The transformation ΓL is then started according to some prior
distribution (obtained as a result of template learning), and applied to the spatial template to generate transformed pattern op = ΓL z. Since, ΓL and W are
orthogonal, a covariance matrix can be built to obtain separate presentation
of the predictable noise components.

5.2.1 Template learning
Let X = (x1 , ...xn )T be a set of statistically independent training templates.
Let α = (f1 , ..., fT ) be the set of transformations only for the training data.
Maximum likelihood estimation of θ, s and α is performed.To maximize the
function,
F (θ, s, α) = logp (X|θ, s, α) + c(s)

(5)

Here, c(s) is a balancing term, used to trade-off between the fitting data and
model complexity. This is in light of learning a template with a ‘sparse’ wavelet
representation.
c(s) = −2k log(N )
is of minimum description length form. The total number of retained signifP
icant coefficients
sj decide the template size. 12 log2 (N ) bits are used to
encode mean as well as variance. Thus, total log 2 (N ) bits are required to
encode the information [22].
The process of maximization is continued till
F (θj , sj , αj ) = F (θj−1 , sj−1 , αj−1 )
. At the end of the algorithm, θ and s are the estimates for the templates,
and current value of α contains the best estimate of the transformations that
generated the training images from the learned template. The results are given
is section 6. As observed from the results this method is not capable of handling
larger angular deformations hence we propose BWN method which is described
in the next section.

5.3 Wavelet - neural network system
This approach uses bi-orthogonal wavelet network (BWN) instead of statistical
model presented in last section. In this section, a discrete iris template representation by linear combination of 2D bi-orthogonal wavelet functions, i.e.
bi-orthogonal wavelet network (BWN), is discussed. The weights and wavelet
parameters like scale, orientation, number of retained coefficients are deter18

mined optimally. Using this method, an effective iris recognition method is
achieved that is robust to various noise sources. This method is based on
wavelet networks developed theoretically in [23,24].
The automated iris recognition system is a fundamental problem of pattern
recognition. The potential of BWN iris template recognition is shown in this
study. This recognition is insensitive to the homogeneous noise and deformations. From the very basic nature of the processes, it can be seen that BWN
combines template-based and feature-based approaches. Wavelet coefficients
represent the model of iris features. The ‘multiresolution based thresholding’
is used to retain the most significant number of coefficients, since this method
outperforms PCA (results given in section 6). As the number increases the
presentation becomes more general, but more coefficients make the network
more complicated.
While the system designed for ideal iris recognition is a template-based approach, the approach described in the last section where statistical framework
is used to reinforce probabilities to evaluate the likelihood, the candidate is a
certain object. In this approach, the best of the both techniques is combined
and hence it becomes an object based approach, which is sparse and efficient.
5.3.1 System overview
The complete method for wavelet network based iris recognition is given in
figure (11). As shown, 20 representations of every iris class are generated using
affine and projective transformations of the iris images. Along with this synthetic data, 20 real iris images (db6) with angular deformations varying from
0o to 45o in a step size of 5o . After isolating the iris regions from iris images and
encoding them, a specific BWN is used to represent the most significant iris
information, thus forming the optimized weights. 7 representations are used
for training while remaining 13 are used for testing. To recognize a query that
particular class (yet unknown which class) is encoded using every BWN representation. The BWN corresponding to best representation is then repositioned
to formulate the new weights. The new and original weights determine the difference, which is calculated using Euclidean distance. The minimum Euclidean
distance generates the match score depending upon whether a match exists
(intra class) or not (inter class) for that query class. Sections (5.3.2-5.3.5) give
the background to the fundamental steps of the algorithm.
5.3.2 Function approximation
Neural networks have been intensively studied for function approximation.
It has been shown that a feedforward neural network with only one hidden
layer is sufficient to approximate any continuous function which is defined on
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Fig. 11. Wavelet Network based iris recognition - system overview

a hypercube with edges (0, 1) [25–28]. This can also be stated as: given any
continuous function f defined on [0, 1]n and any ε > 0, there is a sum f 0 (x) of
the form,
M

X
−
−
−
f 0 (→
x)=
$σ(→
ai T →
x + bi )

(6)

i=1

for which |f 0 (x) − f (x)| < ε for all x ∈ [0, 1]n . Function σ is non-linear continuous function. Parameters $i , bi ∈ R and ai ∈ Rn .

5.3.3 Wavelet network
Inspired by wavelet decomposition and neural networks, wavelet networks can
replace feedforward NN. The wavelet decomposition allows decomposition of
any function f (x) ∈ L2 (Rn ) using the filter family, obtained by dilating and
translating a single mother wavelet ψ : R2 → R. Traditional wavelet implementation is chosen over a lifting scheme in order to do sub-band oriented
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analysis from here on. Function f (x) may be expressed as linear combination of wavelets, where wavelet weights are estimated by the decomposition
process. The number of wavelet coefficients and parameters are optimized by
learning process, and the method which follows is maxima energy extraction.
The architecture of the wavelet network is shown in figure (12).

ψn1

x1

x2

ψn2

xn

ψnM

W1

f

W2

f’

WM

Fig. 12. Wavelet Network

Mathematically it can be expressed as,
0

f (x) =

M
X
i=1

Wi ψ−
→
n (x) + f

(7)

i

where wi ∈ R, ψni is a wavelet function and ni is the parameter vector e.g.
dilation, orientation, position.
For this application, the iris template is represented by a wavelet network
where the mother wavelet is a 5/3 bi-orthogonal tap. For an iris image f an
energy (error) function is specified which is minimized by the means of learning
process that respects the desired wavelet network parameters [29,28,27].
E = min kf − (
→
−
ni ,wi ,∀i

X

2
wi ψ−
→
n + f )k2
i

(8)

Gradient descent method is used for minimizing error, but the method may
get stuck in local minima, and hence initial parameters are selected carefully
by setting up a dynamic threshold and monitoring the error at every iteration.
As seen from figure (12), two optimized vectors ψ = {ψn1 , ψn2 , ...ψnM } and
w = {w1 , w2 , ..., wM } constitute an optimized BWN. The reconstruction formula is as given in equation (7).
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Pyramidal scheme is used to optimize BWN and gets distributed at every
layer. First, 4×4 coarse wavelets are equidistantly positioned in the iris region.
These form the first pyramid layer. They are roughly initialized and optimized
with respect to the energy function. The result is BW N16 representing image
0
.
I16
After that difference between the original image and its reconstruction D = I−
0
, which is approximated by 12 × 12 finer wavelets is calculated. These form
I16
the second layer of pyramid. Both layers merged together define BW N160 and
0
. So, iris template is described by the distribution
the reconstructed image I160
of 160 wavelet coefficients. Thus, proceeding from coarser wavelets to finer
ones, the process is stopped when number of coefficients reaches a pre-defined
M value. The initial orientations are random and initial dilations are constant
in each layer. Their values are obtained from respective distances with the
neighboring wavelet [29].

5.3.4 Weights calculations
Unlike other parameters, wavelet network weights are not calculated using
gradient descent method. Instead, a direct method to calculate the weights is
used [30]. The approach is based on the principles of biorthogonality and dual
wavelets. Let’s say we have ψ = {ψi } for decomposition and ψ 0 = {ψi0 } for
reconstruction. ψ and ψ 0 are bi-orthogonal as for all i, j they satisfy,
< ψi , ψi0 >= δi,j

(9)

where, δi,j is a dirac function and < ψ, ψ 0 > indicate the inner product. The
wavelet ψ 0 is called dual of ψ if,
0
ψ→
−
n =
i

N
X

j=1

(Ψi,j )−1 ψ−
→
n

(10)

i

where,
Ψi,j =< ψ−
→
→
ni , ψ−
nj >

(11)

Using duality of wavelets and orthogonality, weights are directly calculated
as,
0
wi =< ψ→
−
ni , f >

(12)
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5.3.5 Repositioning of BWN
The BWN repositioning consists of determination of correct parameters if the
iris undergoes any transformations. As shwon in figure (12), BWN is described
by two vectors ψ = {ψn1 , ψn2 , ...ψnM } and w = {w1 , w2 , ..., wM }. Biorthogonal
superwavelet is defined as a linear combination of ψni such that,
Ψn (x) =

X
i

wi ψ−
→
n (SR(x − C) + C + T )
i

(13)

where vector n of parameters of the superwavelet Ψn determines the dilation
matrix S, the rotation matrix R, the translation vector T , and the vector C
that contains the co-ordinates of the iris center.




Sx 0 
S=


0 Sy


R=


(14)


cos θ − sin θ 
sin θ cos θ

(15)



T = (tx , ty )

(16)

C = (cx , cy )

(17)

For the new presentation superwavelet parameters are optimized using the
energy function as before. In order to include the correction factor for affine
transforms along with translation, dilation and rotation, S parameter is modified as,


S0 = 




Sx 0 

Sxy Sy

(18)



The energy function has to be minimized in order to find the optimal parameters. The essential property of wavelet representation, the ability to generalize
the iris template using the optimum of wavelet coefficients, remain valid and
the wavelet presentation using the ANN architecture worked well for different
individuals.
5.3.6 Iris recognition using BWN
The overall description of an algorithm is shown in Figure (11). The basic idea
behind matching using BWNs is that a BW N (ψ, w), which is optimized for a
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Fig. 13. Wavelet network training phase. 20 representations are created for every
user by using affine and geometric transforms on the raw 0o image and then formulating the template. Out of available 20 representations, 7 are used for training
and remaining 13 are used for testing. 7 sets of weights are generated and stored
corresponding to the 7 templates used for training.

particular class of an iris appears to be specific for that particular class only.
Any other class is not well represented by the same BWN, and in a way each
representation gets uniquely trained.
After isolating the iris regions from iris images and encoding them with using
wavelet filters, a specific BWN is used to represent the most significant iris
information. The training phase is shown in Figure (13). A on-angle enrollment
image is transformed to seven off-angle images and weights are generated for
each angle. 7 representations are used for training per class. All of the 7 BWN
representation formulate the template. The sets from all the classes formulate
the training gallery.
24

30 degree
30o off angle image
off-angle
Image

Authentication

Wavelet template
Wavelet
Template

Since 7 templates were used for
training, there are 7 templates

MEE
MFT

For every subject

00 o
o

55 o
o

o
25
25o

30oo
30

o
40
40o

10oo
10

o
55
55o

weights weights weights weights weights weights weights

Euclidean Distance
(ED)
Euclidean
Distance
(ED)

Minimum EDED
Minimum

Testing / Evaluation
Match score
Match
Score

Fig. 14. Wavelet network based iris recognition. 8 bits are used for coefficients
and 1 for weights. To maintain template size the representation length is fixed
to 160. Thus 1440 bits are encoded per angle. Euclidean distances are calculated
and minimum distance is stored as the match score. Maxima Energy Extraction
(MEE) is performed so as make the matching process more efficient. A single case
of authentication of 30o off-angle image is showed as an example.

In order to recognize a specific iris class in the testing data set, that particular
class is encoded using every BWN representation of the templates. If a BWN
exists, which allows a good representation of the probe input, that BWN
identifies that class. In order to represent that class using BWN, we need to
reposition BWN and then directly calculate the new optimum weights. The
new and original weights determine the difference. We use Euclidean distance
to calculate the difference. The nearest training BWN is then identified as
that particular iris class in the testing data. The evaluation phase is shown in
Figure (14).
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6

Results

This section presents the results obtained for various approaches described in
this paper.
6.1 Results of Biorthogonal wavelet based iris detection
This subsection discusses about the results of the biorthogonal wavelet based
iris detection algorithm when applied to CASIA database (db1).
Automatic segmentations mechanism segments 753 out of 756 iris images accurately for CASIA data set and 77 out of 80 iris images for eye-center data set.
The images with inaccurately segmented iris region are not used for further
analysis and they are not considered while calculating the error rates.
If the digital image is denoted by s, when convolved with highpass and lowpass
analysis filters and downsampled by 2, results in transformed signals sH and
sL . Signal sL can be further processed in a similar way and the number of
repetitions define the decomposition level, called as a ‘scale’ λ of the analysis.
For (λ, θ) subband, at scale λ, θ represents orientational index for every subband. The wavelet image quality index is given as [31],
W IM Q =

PM

n=1 S(v, xn ).|c(xn )|Q(xn )
PM
n=1 S(v, xn ).|c(xn )|

(19)

In this equation, M is the number of wavelet coefficients retained after maxima
energy extraction. c(xn ) represents the wavelet coefficient of the original image
at the specified location xn . S is the sensitivity factor and Q is the quality
factor as given in [32]. The quality index is modelled using following three
factors:
• mean distortion (ξ1 )
• degree of discontinuity in correlation (ξ2 )
• variance distortion (ξ3 )
Following table (2) summarizes the effect of these parameters and M on the
wavelet quality index.
WIMQ value ranges from to 0 to 100. Optimized values of three factors deciding quality index were found out to be 1.8, 2.2 and 6.2.
The following table (3) clearly shows that better quality images produce better
segmentation results. As seen, better the average quality index associated with
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Table 2
Effect of ξ1 , ξ2 , ξ3 , M on wavelet quality matrix

ξ1

ξ2

ξ3

M

WIMQ

1

2

5

100

45

1

2

5

500

62

1

2

5

1000

77

1

2

5

10000

86

1.8

2.2

6.2

10000

97.2

100

Normalized wavelet image quality factor

Optimized ξ1=1.8, ξ2=2.2, ξ3=6.2
90

80

ξ1=1, ξ2=2, ξ3=5
70
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Number of wavelet coefficients (M)
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Fig. 15. Effect of ξ1 , ξ2 , ξ3 , M on wavelet quality matrix

the images, better is the segmentation rate.
Figure (15) shows, for selected value of M = 10000, high Average WIMQ is
obtained, which results in high percentages of successful segmentations. Figure
(16) shows effect of iris image quality on segmentation.
The matching scores are divided into interclass and intra-class matching. The
distributions for both the classes are plotted and FAR (False Acceptance Rate)
and FRR (False Rejection Rate) for different threshold values is calculated.
Table (4) gives the FRR and FAR values for information encoded using biorthogonal wavelets as well as Gabor filter. Match scores are calculated using hamming distance method. After calculating Hamming distances for the selected
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Table 3
Effect of quality of an image on segmentation

Average

Successful CASIA

Successful Eye

WIMQ

Segmentation (%) center Segmentation (%)

55

78.2

66.4

65

82.1

79.2

75

86.5

80

85

89.22

84

95

99.60

96.25

100

95

CASIA data

Successful Segmentation (%)

90

85

80

Eye Center data

75

70

65
55

60

65

70

75

Average WIMQ

80

85

90

95

Fig. 16. Effect of quality of an image on segmentation

threshold values FRR and FAR values are given. A threshold of 0.4 results in
FRR and FAR respectively ,of 13.6% and 0.6% using Gabor filter and 0% and
0.03% using the biorthogonal tap.
Figure (17) gives the results in detail. The hamming distance distributions are
plotted for both type of filters for the entire data. To calculate the exact FRR
and FAR values, the distributions of the hamming distances are calculated.
The threshold value gives the classifier boundary. The intra class values above
the boundary are treated as FRR values and the inter class below the boundary
are treated as FAR values.
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Table 4
Results: FRR and FAR values for the selected threshold values and for selected filter
type.

Biorthogonal wavelets

Gabor filters

Threshold FRR(%) FAR(%)

Threshold FRR(%) FAR(%)

0.25

4.2

0.0

0.35

NA

NA

0.30

1.3

0.001

0.40

13.6

0.6

0.35

0.09

0.009

0.45

9.2

1.2

0.40

0.0

0.03

0.50

4.3

5.2

0.45

0.0

3.3

0.55

0.1

11.2
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Fig. 17. Results. (a) gives inter and intra class Hamming distance distributions for
biorthogonal filter and (b) gives inter and intra class Hamming distance distributions
for Gabor filter.

6.1.1 Summary
From the distributions and the FAR and FRR values it can easily seen that
biorthogonal tap gives better results than Gabor filter. To model this mathe0
matically, decidability index d suggested by Daugman [7] is calculated to find
out how well separated the inter and intra class distributions are. If µ1 and
µ2 are the means and σ1b and σ2b the standard deviations of the distributions,
29

0

then d is calculated as,
0

d =q

|µ1 − µ2 |

(20)

(σ12 + σ22 )/2

If for biorthogonal tap µ1b and µ2b are the means and σ1b and σ2b are standard
deviations of the distributions; and for Gabor filter µ1g and µ2g are the means
and σ1g and σ2g are standard deviations of the distributions then the index
0
d is calculated using Equation (20). We observed µ1b = 0.16, µ2b = 0.51,
σ1b = 0.0567, σ2b = 0.0323, µ1g = 0.38, µ2b = 0.54, σ1b = 0.0632, σ2b = 0.0483.
0
0
So, for biorthogonal tap d = 7.5852 and for Gabor filter it is d = 2.8446. The
index value relies heavily on the filter parameters. The filter parameters can
be fine tuned to further increase the separation between the two distributions
and thus to improve the system accuracy.
The designed biorthogonal wavelet based iris recognition system is capable
of doing the personal identification with high confidence. A good separation
between inter and intra class Hamming distances is observed for biorthogonal
0
case from figure (17). Although d value is 7.5 against Daugman’s 14.1 [7] the
dimensionality has also been reduced from 9600 to 8000. Unlike Daugman’s
fixed dimensionality, this dimensionality is adaptive and helps in finding the
optimum dimension for the specific data set under consideration. Local maxima extraction is used to select the most significant image information, thus
producing good segmentation results. The designed system is capable of doing
the iris based personal identification.
The iris images considered in this section are on-angle iris images and hence
segmenting the iris region is easier. Even so, 6 out of 836 images were inaccurately segmented which will drive up the false reject rate of the system. The
next section deals with the impact of off-axis iris data on the system described
in this section.

6.2 Results of off-angle data processed by Biorthogonal wavelet based iris detection
Figure (18) gives the inter and intra class distributions for the whole data set.
For each class there are two 0o images and one 10o image and one 20o image.
One of the 0o image is used for enrollment and recognition is performed for
10o , 20o , and other 0o image. As seen, there is no separation between the two
classes and the results indicate clearly that there is a need for improvisation.
To study the relation between amount of overlap and degree by which the iris
images are off-angle, the data set is divided into three recognition categories,
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Fig. 18. Off-angle inter and intra class distributions.

for three angles i.e. 0o , 15o , and 30o respectively. Results are plotted for all the
three categories. As seen, there is complete separation for 0o images, which are
essentially ideal images. This is shown in Figure (19).As the angle increases
amount of overlap also increases. This can be seen from figures (20-21). Thus,
the more off-angle the images are, the more the information is lost and the
more difficult it becomes to do the recognition.
The inter-class distribution remains randomly distributed as in case of ideal
conditions. This can be verified by observing the hamming distance distribution clustered around 0.5 on the scale extending from 0 to 1. It is the intra-class
distribution that changes for the non-ideal case and indicates a clear inefficiency of the system to maintain the similarity scores between the images of
the same class. Table (5) shows the intra-class distribution trend. The sixth
column of ‘intra-class distribution mean’ for non-ideal cases emphasizes similar relation between the angle and the i.e. as angle of iris capture increases, it
further detors the inability of the system to perform personal recognition.

6.3 Results of optimization strategies for iris representation

As described earlier three optimization strategies namely principal component
analysis, maxima energy extraction and multiresolution feature based energy
thresholding are used for iris representation. Their significance is studied from
the point of view of system efficiency.
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Fig. 19. 0o off-angle (Ideal) inter and intra class distributions.
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Fig. 20. 15o off-angle inter and intra class distributions.

In the first set of experiments the training is performed using enrollment of
on-axis and different off-axis images. The recognition is also performed for onaxis and different off-axis images. Receiver Operating Characteristic (ROC)
curves are plotted to analyze the results.
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Table 5
Intra class distribution trends. Enrollment is done with 0o images only.

Sample

6071989

6071989

2071327

2071327

Mean

Standard

subject no

Left

Right

Left

Right

00 HD

0.2867

0.2645

0.2231

0.3510

0.2781

0.0485

100 HD

0.3783

0.3551

0.3320

0.3423

0.3992

0.0533

200 HD

0.4217

0.4290

0.4628

0.4838

0.4678

0.0589

Deviation

Figure (22) gives the ROC plotted using PCA method. The ROC curves for
‘maxima energy extraction’ strategy and ‘multiresolution based’ strategy are
also plotted as given in figure (23)-(24).
It can be seen that the strategy based on the multiresolution model performs
best. For further study this model is selected for analyzing the transformed
images. The transformation results are discussed in next subsection.

6.4 Results for Iris Transformations

This method was tested using db6, as this is the only database that has angular
cases for 20 different variations from 0o to 45o .
33

Iris recognition using Principal Component Analysis
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Fig. 22. Receiver Operating Curve
Iris recognition using Maxima Energy Extraction
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Fig. 23. Receiver Operating Curve

To test the method two combinations of transforming the images were carried
out. Either off-angle images were transformed back to near on-angle representation or on-angle images were transformed to match off-angle images. The
third combination of transforming both images for the maximum possible
match was not tested and is treated as a future work. For both the transfor34
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Fig. 24. Receiver Operating Curve

mations ‘multiresolution features based energy thresholding’ was performed.
Out of available 20 images, for each angle class, 10 images were used for training and 10 were used for testing. It was found that transforming the on-angle
images to match with the off-angle images produced better results. Figure
(25) shows the ROC for this method. EER (Equal Error Rate) of 0.045 was
obtained.

Fig. 25. Receiver operating characteristics for multiresolution feature based energy
thresholding. In this case on-angle (enrolled) images were transformed to match
off-angle images.
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6.5 Results for statistical template learning for iris recognition
Out of available 20 templates per class (for each off-angle variation), 7 are
used for training/learning and 13 are used for testing. 5/3 bi-orthogonal decomposition was applied to the training data, which was followed by ΓL transformations. W −1 µ(j) indicates the template mean in spatial domain for each
iteration.
1

Template Learning − Off−angle Iris Recognition

0.9
0.8

o

10 off−axis images

0.7

GAR

0.6
0.5

o

20 off−axis images
0.4
0.3
0.2
0.1
0

101

102

FAR

Fig. 26. Template learning based non-ideal iris recognition ROCs. 1.56% EER was
observed for 10o angles. From there on, as the angle increases the EER increases as
well. The 20o angle recognition is shown.

As observed from figure (26), this method gives good compensation for smaller
angles, as EER of 1.56% was obtained for 10o off-axis angles. As can be seen
from the plotted ROC, the EER significantly increases with even small increment in the angular deformation. Hence it is required to design more distortion
tolerant system. Next section presents BWN system to take into account ever
larger angular deformations, more efficiently.

6.6 Results for the BWN method
The complete method for wavelet network based iris recognition is given in
figure (11). There are 101 subjects; each subject has 20 synthetic representations generated from the 0o on-angle image as well as 2 off-angle experimental
images (15o , 30o ) collected from subjects at WVU Eye Institute. These 20 rep36

resentations are synthetically generated angles 0o , 5o , 10o , 15o , 20o , 25o , 30o ,
35o , 40o , 42o , 44o , 45o , 46o , 48o , 50o , 52o , 54o , 55o , 58o , 60o . Along with this
iris images from db6 where angular deformation varies from 0o to 45o with
an angular variation of 5o , thus generating 20 images per class is used. Out
of available 20 representations (for each off-angle variation), 7 were randomly
selected and used for training/learning and 13 are used for testing. 5/3 biorthogonal decomposition was applied to the training data, which forms the
BWN representation. Results for the real data with training using on-angle
images and tested with 30o off-angle images are shown in figure (27). Perfect
separation is achieved for intra and inter-class distributions.
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Fig. 27. Euclidean Distance distribution for training with on-angle images and testing with 30o off-angle images.

Instead of using 0o on-angle image for training, it is possible to use an off-angle
image for enrollment. This procedure was repeated using 20o experimental
image to generate the 20 representations. Results using both synthetic and
experimental 10o test images are shown in figure (28).
After successfully implementing iris recognition of experimentally collected
data, to further probe into the method, a synthetic data base of iris images
with up to 50o angular variations was developed. Training of these images is
simpler as the transformation parameters are already known. All the templates
give perfect match for all the possible variations up to 42o . A sudden drop in
the system performance, defined by correct classification sets, was observed
for iris images off-angle by more than 42o as given in Fig. (30). The reason
behind this sudden drop could be the synthetic nature of the iris images. When
tested for real images from db6, the degradation in the system performance is
37
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Fig. 28. Euclidean Distance distribution for training with 30o off-angle images and
testing with 15o off-angle images.

gradual and after 45o angular deformation point, system performance degrades
drastically. To understand this phenomenon better more real images were
captured for angular deformation in the range 45o to 60o . The resultant system
curve for real data is shown in Fig. (30).
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Fig. 29. Euclidean Distance distribution for training with 20o off-angle synthetic
images and testing with 40o off-angle synthetic images.
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Fig. 30. Performance of the designed system degrades when images are off-angle by
more than 42o .

Results showing capability of the system to perform recognition is demonstrated in figures (27)-(29). As can be seen in Figure (29), inter and intra-class
distributions have moved closer together due to non-ideal training. Figure (30)
shows the system limitation for real and synthetic data. The system fails to
perform well for synthetic iris images off-angle by more than 42o and for real
iris images off-angle by more than 45o . This may be because of insufficient data
left in the image after being off-angle by angle more than 42o or 45o . Human
iris is a 3D structure and after angular deformation in excess of 45o , majority
of the iris information is not visible to the capturing device, thus loosing out
most of the iris information. The receiver operating curves (ROCs) of the system for synthetic data are shown in Figure (31). Up to 42o the system achieves
0% equal error rate (EER), thus achieving 0% false accept rate (FAR) and
100% genuine accept rate (GAR), which is represented by the top left corner
of the ROC. As the angle deformation increases, EER increases as well, as can
be seen from Figure (31).
The receiver operating curves (ROCs) of the system for real iris data are
shown in Figure (32). Up to 14o the system achieves 0% equal error rate
(EER), thus achieving 0% false accept rate (FAR) and 100% genuine accept
rate (GAR), which is represented by the top left corner of the ROC. As the
angle deformation increases, EER increases as well, as can be seen from Figure
(32). Eight different curves corresponding to eight angles are shown in Figure
(32).
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as well.

6.6.1 Summary
A bank of neural networks has been designed, each with its own specific set
of weights, specialized for each angle with a resolution of 5o . Since only one
database (db6) of experimental images was available, synthetic images were
generated by projective and affine transformations from 0o image. All combinations of iris images were tested from 13 test angles. In addition from test
subjects, 5o , 10o , 20o , 25o , 35o , 40o , 45o , 50o , 55o , 60o synthetic images were
also tested. Some example results are shown in figures (27)-(29). The system
limitation for angles greater than or equal to 45o is shown in figures (30) and
(32). For those angles the synthetic iris images were generated and real images
were captured with a resolution as small as 1o .

7

Discussion

Daugman [7,3,8,33] system is the most successful and most accepted method
that uses 2D Gabor demodulation and Hamming distance. This system is the
most fundamental, and has proven to be the most popular among all.
Different approaches have been tried out to perform iris recognition successfully. Newer and better methodologies are still needed to be found out to
40

Fig. 32. Non-ideal iris recognition ROCs for real off-angle data. ROCs along with
EERs are shown for various angles. Till 15o off-angle iris information system has
EER of 0.09%, from there onwards system performance degrades as angle increases.
System performance degrades drastically after iris information gets off-angle by 45 o .

make iris recognition ubiquitous [34] and also to make the system more secured against the newer challenges.
In 1991, Johnson reported to actually realize a personal identification system
based on iris recognition [7]. Subsequently, a prototype iris recognition system was documented by Daugman in 1993 [8]. Wildes described a system for
personal verification based on automatic iris recognition in 1996 [2]. In 1998,
Boles proposed an algorithm for iris feature extraction using zero-crossing
representation of 1-D wavelet transform [4]. Li Ma et.al. demonstrated multichannel Gabor filtering for iris recognition in [5]. In other research Boles
et al. [4] exploit 1D wavelet transform approach and Zhu et al. [15] use the
multiresolution approach. Although the system by Zhu et al. is faster due to
smaller template size, it is the least accurate method. Wavelets with adaptive
learning is presented in [9]. This method aims at both speed and accuracy and
provides a golden trade-off. Tisse et al. [14] uses pure frequency analysis, Noh
et al. [1] performs ICA.
Our work, presented in section (3) uses bi-orthogonal wavelets to encode iris
information [11]. The algorithm is based on gray images, and color information is not used. The main reason is that a gray iris image can provide enough
information to identify different individuals. Compared with zero-crossing rep41

resentation of 1 − D wavelet transform as used by Boles [4] which employed
only the information along the circle, our method explores the underlying
2 − D texture analysis that can process much more useful information. In our
work presented in section (3) [11], we concentrate on unwrapping the rectangular block of iris information and extract global as well as local features from
filtered texture image, using the compact bi-orthogonal wavelet filters.
While the wavelet method in section (3) is effective for normal iris images,
experimental results in section (6) show that global and local features alone
cannot represent an off-angle iris well, thus increasing FRRs. We therefore
modify our original algorithm from feature extraction to feature training in
section (5). The algorithm can train both local and global details in an iris and
obtain much better results for off-angle iris images, where every piece of information is significant. In related work, Daugman makes use of a deformable
model and Wildes uses a histogram-based model-fitting method. Compared
with their methods, our scheme is dedicated for the recognition in off-axis iris
cases. The prototype of Wildes relies on image registration and image matching, which is computationally very demanding. Both systems of Daugman and
Wildes are sensitive to illumination variations. In our method, Bi-orthogonal
Wavelet Network (BWN) system is developed to account for the inherent deformations present in the iris images like scaling, rotation and translation.
Along with the real iris data, synthetically generated iris templates are used
to train the network and for every subject a bank of weights is obtained. As
the network gets uniquely trained for every class, direct calculation of the minimum of the Euclidean Distances (EDs) gives the match score. All of these
steps make our method tolerant to illumination and angle variations.

8

Conclusion and Future Work

A robust BWN based method is designed to perform non-ideal iris recognition.
The designed system is tested for experimentally collected data as well as
synthetically generated data. The essential property of wavelet representation,
the ability to generalize the iris template using an optimum number, remain
valid and the wavelet presentation using the NN architecture worked well for
different individuals.
To form the template, along with real data, synthetic images were generated
by projective and affine transformations from the 0o image. The template is a
bank of neural networks, each with its own specific set of weights, specialized
for each angle. Seven angles were selected for this small data set; however, it
is unknown what the minimum number should be while still achieving robust
performance. The size of the template is directly dependent on the number of
angles represented. One wavelet representation is 160 coefficients, with 8 bits
42

for each wavelet coefficient plus one for the weights, resulting in 1440 bits.
For seven angles, that totals 10, 080 bits, comparable to Daugman’s algorithm
which uses 9600 bits. Further exploration is needed to determine size versus
performance characteristics.
The system recognizes all the classes efficiently up to an angular deformation
of less than 45o . This method has the advantage that advance knowledge of
the angles is not needed, unlike simpler transformation methods. In addition,
this method may also be useful in accounting for other non-ideal conditions,
like noise, rotation, and other angular positions.
One potential drawback is the computational complexity of the method which
will need to be studied. Few of the miscellaneous problems which need to be
addressed in near future are:
• For most of the ideal iris images, during the capture, the focus is on or near
iris region. In case of non-ideal images, in many cases it is observed that the
camera focus may not be around the iris region. This issue needs further
attention.
• The size of the templates vary due to the varying resolution along the radial
vector direction.
• It is still an open ended problem whether to treat an eye structure as 2D or
3D. While 3D shows potential to enhance system performance, the hardware
and software requirements increase.
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