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Abstract

One important category of non-ideal conditions for iris
recognition is off-angle iris images. Practically it is very dif-
ficult to get images captured with no offset. It then becomes
necessary to deal with this off angle information in order to
maintain robust performance. Bi-orthogonal wavelet based
iris recognition system, previously designed at our lab, is
modified and demonstrated to perform off-angle iris recog-
nition. A bi-orthogonal wavelet network (BWN) is designed
and trained for each class. The non-ideal factors are ad-
justed by repositioning the BWN. To test synthetic iris im-
ages are generated by using affine and geometric trans-
forms of0o, 10o and 20oexperimentally collected images
from 101 subjects. This approach is shown to perform bet-
ter than a transformation based iris recognition approach.
Iris images off-angle by up to42o are successfully recog-
nized.

1. Introduction and Background

Biometric identification is gaining popularity and accep-
tance 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 per-
sonal identification is required. Iris recognition is consid-
ered to be highly accurate and reliable. Iris is unique, stable
and easy to capture, and is classified as one of the better bio-
metric identifiers [12, 15].

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 unique iris structure from a digitized image of an eye
[5, 3, 10, 16]. This information is encoded to formulate a
“biometric template”, which is stored in a database. The
purpose of the template formation is to mathematically en-
code the iris pattern and match it with other similar repre-
sentations. Daugman developed an algorithm which most
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Figure 1. Bi-orthogonal wavelet based iris
recognition.

systems use commercially today [6, 5, 4]. This algorithm
uses Gabor based encoding scheme. Others have used1D
wavelets [3], Harr wavelet [9], and laplacian of gaussian fil-
ters [15] to encode the iris information.

Bi-orthogonal wavelet based iris recognition is demon-
strated in [2]. The designed system is shown capable of do-
ing iris recognition under ideal conditions. The complete al-
gorithm in snap shot is shown in Figure (1). Circular model
based segmentation, in-band noise removal, normalization,
followed by the bi-orthogonal wavelet based coding formu-
lates the main framework of this algorithm. Match scores
are calculated by the hamming distance. The wavelet based
iris recognition was compared with method similar to the
well known Daugman’s system [6, 5]. The designed sys-
tem shows comparable results and is capable of further im-
provements 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 recog-
nition in non-ideal settings. This paper focuses on off-angle



images. This paper presents two methods for non-ideal
adaptation. The first uses a traditional approach of trans-
forming the images using affine and projective transfor-
mations to match their angles before comparing. The sec-
ond approach uses a bi-orthogonal wavelet network (BWN)
to account for non-ideal conditions.

1.1. Effect of Angle on Iris Recognition

Before adapting the designed system to non-ideal con-
ditions, it is essential to study the effect of non-ideal pa-
rameters on the system performance without any enhance-
ments. This section discusses how the designed system re-
acts to off-angle iris images. The data needed to do the test-
ing for off-angle cases was collected at the WVU(West Vir-
ginia University) Eye Institute. The available data is given
in table (1),

No. of No. of No. of No. of images
subjects classes images(0o) (10o) and(20o)

101 202 404(2 for 202(1 for
each class) each class)

Table 1. Off angle data

For the first set of experiments, for each class,0o im-
age is used for enrollment and recognition is performed
for a second0o, 10o, and 20o images each. A total of
202 × 400 = 80800 inter-class and202 × 3 = 606 intra-
class combinations are exploited. Figure (2) gives the in-
ter and intra class distributions. As seen, there is no sepa-
ration between the two classes for10oand20o images. The
results indicate clearly that there is a need for improvement.

1.2. Problems in Segmentation

As the implemented segmentation methods use circular
intensity comparisons, it is not effective when it comes to
segmenting elliptical iris regions in the off-angle images.
This can be seen in figure (3).

Segmentation forms the most important part of the pro-
cess, since, if the non-ideal images are not segmented cor-
rectly, the information loss is irrecoverable. In this pa-
per this problem is handled using repositioning of the bi-
orthogonal wavelet network.

2. Iris Recognition Using Projective and
Affine Transformation

Off-angle images are a major category of non-ideal iris
images. In this section we explore use of affine and projec-

Figure 2. Off-angle inter and intra class dis-
tributions. Left top graph is for the complete
data set.

tive transformation to deal with non-ideal images. The sec-
tion gives the techniques used to transform the iris images
in order to: 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, and help equally dis-
tribute the radial resolution in all the quadrants.

Figure 3. Segmentation problems with off an-
gle images.

Spatial domain projective transforms are used to trans-
form the off-angle images in order to match them up with
on-angle images. To match the angles the methods assumes
the angles are known. The transform used in this particu-
lar study is a combination of ‘affine’ and ‘projective’ trans-
form. The ‘affine’ transform takes into account translations,
while ‘projective’ transform maps the off-angle information
using quadrilateral structure. Affine transforms are subsets
of projective transforms.
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Figure 4. 20o off-angle image, transformed
image and original on-axis image.

Two combinations of transforming the images were car-
ried out. Off-angle images were transformed to match
on-angle representation or on-angle images were trans-
formed to match off-angle images. The bi-orthogonal
wavelet method described in [2] was used to perform
iris recognition after transformation. In addition ‘mul-
tiresolution features based energy thresholding’ was
performed, to select only the most significant of the coeffi-
cients.

Out of available 101 images, for each angle class, 40 im-
ages were used for training the separation threshold, and 61
were used for testing. It was found that transforming the
on-angle images to match with the off-angle images pro-
duced better results. EER value of 0.038 was obtained. Re-
sults are summarized in table (2).

Hamming Distance
Distribution Mean Range

Intra class 0.39 0.12 - 0.44
Inter class 0.53 0.42 - 0.67

Table 2. Transform based iris classification
performance for inter and intra class

While reasonable EER is achieved, more exploration is
desired to further improve the classification. The transfor-
mation methodologies suffer with some serious drawbacks
like blurring of the iris outer boundaries, thus experiencing
an irrecoverable loss of information and eventually poorer
classificaion. Also, this method requires a priori knowledge
of the angle.

3. Wavelet - Neural Network system

In this section a novel approach is described which
uses bi-orthogonal wavelet network (BWN). A discrete
iris template representation by linear combination of2D

bi-orthogonal wavelet functions, i.e. bi-orthogonal wavelet
network (BWN), is discussed. This method is based on
wavelet networks developed theoretically in [8, 11]. The
weights and wavelet parameters like scale, orientation, and
number of retained coefficients is determined optimally.

This recognition is insensitive to the homogeneous noise
and deformations. From the very basic nature of the pro-
cesses itself, it can be seen that BWN combines template-
based and feature-based approaches. Using this method, an
effective iris recognition method is achieved that is robust
to various noise sources.

The complete method for wavelet network based iris
recognition is given in figure (6). This method consists of
several steps. First, segmentation and noise removal was
performed as in [2]. After transforming the iris informa-
tion from x, y to r, θ domain, the wavelet template is cre-
ated. Wavelet coefficients represent the model of iris fea-
tures. ‘Multiresolution based thresholding’ is used to retain
the most significant coefficients. As the number increases
the presentation becomes more general, but more coeffi-
cients make the network more complicated. With an enroll-
ment image, a wavelet network is created for the0o enroll-
ment image and images at multiple other angles. The sig-
nificant coefficients and a set of weights for each angle rep-
resents the iris template. For an authentication image the
process is repeated, where the optimal wavelet template is
created and then compared to the template stored for the
various angles. The minimum Euclidean Distance (ED) de-
termines the match score. The next section describes the
method in detail.

3.1. Wavelet Network

Inspired by wavelet decomposition and neural networks,
wavelet networks can replace a feedforward NN. The
wavelet decomposition allows decomposition of any func-
tion f(x) ∈ L2(Rn) using the filter family, obtained by di-
lating and translating a single mother waveletψ : R2 → R.
Traditional wavelet implementation is chosen over a lift-
ing scheme in order to do sub-band oriented analysis
from here on. Functionf(x) may be expressed as lin-
ear combination of wavelets, where wavelet weights
are estimated by the decomposition process. The num-
ber of wavelet coefficients and parameters are optimized by
the learning process. The method which follows is multires-
olution features based energy thresholding [7, 18, 17, 1].
The architecture of the wavelet network is shown in fig-
ure (5).

Mathematically it can be expressed as,

f
′
(x) =

M∑

i=1

Wiψ−→ni
(x) + f (1)
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Figure 5. Wavelet Network

whereWi ∈ R, ψni is a wavelet function andni 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 a5/3 bi-
orthogonal tap. For an iris imagef an energy (error) func-
tion is specified which is minimized by the means of learn-
ing process that respects the desired wavelet network pa-
rameters [14, 1, 17].

E = min−→ni ,wi,∀i

‖f − (
∑

wiψ−→ni
+ f)‖22 (2)

Gradient descent method is used for minimizing error,
but the method may get stuck in local minima, and hence
initial parameters are selected carefully.

As seen from figure (5), two optimized vectorsψ =
{ψn1, ψn2, ...ψnM} andw = {w1, w2, ..., wM} constitute
an optimized BWN. The reconstruction formula is as given
in equation (1).

A 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 op-
timized with respect to the energy function. The result is
BWN16 representing imageI ′16.

The difference between the original image and its recon-
structionD = I − I ′16, which is approximated by12 × 12
finer wavelets is calculated. These form the second layer of
pyramid. Both layers merged together defineBWN160 and
the reconstructed imageI ′160. Therefore, the iris template is
described by the160 wavelet coefficients. Thus, proceeding
from coarser wavelets to finer ones, the process is stopped
when number of coefficients reaches a pre-definedM value,
whereM = 160 in this implementation. The initial orien-
tations are random and initial dilations are constant in each
layer. Their values are obtained from respective distances
with the neighboring wavelet [14].

3.2. Weights calculations

Unlike other parameters, wavelet network weights are
not calculated using gradient descent method. Instead, a di-
rect method to calculate the weights is used [13]. The ap-
proach is based on the principles of biorthogonality and
dual wavelets. Let’s say we haveψ = {ψi} for decom-
position andψ′ = {ψ′i} for reconstruction.ψ andψ′ are
bi-orthogonal as for alli, j if they satisfy,

< ψi, ψ
′
i >= δi,j (3)

where,δi,j is a dirac function and< ψ, ψ′ > indicate the
inner product. The waveletψ′ is called dual ofψ if,

ψ′−→ni
=

N∑

j=1

(Ψi,j)−1ψ−→ni
(4)

where,
Ψi,j =< ψ′−→ni

, ψ−→ni
> (5)

Using duality of wavelets and orthogonality, weights are
directly calculated as,

wi =< ψ′−→ni
, f > (6)

The combination of wavelet coefficients and weights
from the template. This template is stored for each desired
angle, as in figure (6).

3.3. Repositioning of BWN

For authentication, the process is repeated, the wavelet
transform calculated and multiresolution feature based en-
ergy thresholding performed. Repositioning is performed
for each angle of the template to account for non-ideal con-
ditions and allow the best possible match between the stored
and unknown template. Once repositioned, euclidian dis-
tance (ED) is calculated for each angle and the minimum
ED becomes the match score.

The BWN repositioning consists of determination of cor-
rect parameters if the iris undergoes any transformations.
As shown in figure (5), BWN is described by two vec-
torsψ = {ψn1, ψn2, ...ψnM} andw = {w1, w2, ..., wM}.
Biorthogonal superwavelet is defined as a linear combina-
tion of ψni such that,

Ψn(x) =
∑

i

wiψ−→ni
(P1P2(x− P3) + P3 + P4) (7)

where vectorn of parameters of the superwaveletΨn de-
termines the dilation matrixS, the rotation matrixR, the
translation vectorT , and the vectorC that contains the co-
ordinates of the iris center.

P1 =
(

P1x 0
0 P1y

)
(8)



P2 =
(

cos θ − sin θ
sin θ cos θ

)
(9)

P4 = (p4x, p4y) (10)

p3 = (p3x, p3y) (11)

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,P1 parameter is mod-
ified as,

P ′1 =
(

P1x 0
P1xy P1y

)
(12)

The energy function has to be minimized in order to find
the optimal parameters.

Verification of 30o off−angle image using wavelet network

30o off−angle image

Wavelet template

       MEE
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minimum ED
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since 7 representations were used for
training, there are 7 sets of weights

for every subject

Figure 6. Wavelet network based iris recogni-
tion. 8 bits are used for coefficients and 1 for
weights. To maintain template size the rep-
resentation length is fixed to 160. Thus 1440
bits are getting encoded per angle.

4. Results

The complete method for wavelet network based iris
recognition is given in figure (6). There are101 subjects
collected at WVU Eye Institute. Each subject has20 repre-
sentations generated from the0o on-angle image. These 20
representations are synthetically generated at angles0o, 5o,
10o, 15o, 20o, 25o, 30o, 35o, 40o, 42o, 44o, 45o, 46o, 48o,
50o, 52o, 54o, 55o, 58o, 60o. Out of available20 represen-
tations (for each off-angle variation),7 were randomly se-
lected and used for training/learning and13 were used for
testing. In addition, two experimentally collected images at
10o and20o were used for testing. The simulations are per-
formed usingMATLAB7.0.

Euclidean Distance
Distribution Mean Range

Intra class 7.93 3.1 - 17.2
Inter class 71.31 24.2 - 100

Table 3. Iris classification performance of the
BWN for inter and intra class (only up to 42o)

Up to42o angle offset all the templates were recognized
correctly, without a single failure. As shown in Table (3),
there was complete separation of inter and intra class for
both synthetic and experimental images.

To further probe into the method, a synthetic data base of
iris images with up to50o translational variations was devel-
oped. Training of these images is simpler as the transforma-
tion parameters are already known. All the templates give
perfect match for all the possible variations up to42o. A
sudden drop in the system performance, defined by correct
classification sets, was observed for iris images off-angle by
more than42o.

Results showing capability of the system to perform
recognition is demonstrated in figure (7). Figure also shows
the system limitation. The system fails to perform well for
iris images off-angle by more than42o. This may be be-
cause of insufficient data left in the image after being off-
angle by angle as big as or more than42o.

5. Discussion and Conclusion

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 gen-
erated data. The essential property of wavelet representa-
tion, the ability to generalize the iris template using the op-
timum of wavelet coefficients, remain valid and the wavelet
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Figure 7. Performance of the designed sys-
tem degrades when images are off-angle by
more than 42o.

presentation using the NN architecture worked well for dif-
ferent individuals.

A bank of neural networks is designed, each with its own
specific set of weights, specialized for each angle with a res-
olution of5o. Since only0o, 10o, 20o images were available,
synthetic images were generated by projective and affine
transformations from0o image. Seven images at different
angles were used to generate euclidian score for the stored
template. It is unknown what this minimum number needed
to achieve robust performance. Seven was sufficient for this
small data set. The size of the template is directly dependent
on the number of angles represented. One wavelet represen-
tation is160 coefficients, with8 bits for each wavelet coef-
ficient plus one for the weights, resulting in1440 bits. For
seven angles, that totals10, 080 bits, comparable to Daug-
man’s algorithm which uses9600 bits. Further exploration
is needed to determine size versus performance characteris-
tics.

The system recognizes all the classes efficiently. This
method has the advantage that advance knowledge of the
angles is not needed, unlike simpler transformation meth-
ods. In addition, this methods may also be useful in account-
ing 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.
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