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ABSTRACT

The richness and the apparent stability of the iris texture makes
it a robust biometric trait for personal authentication. The per-
formance of an automated iris recognition system is affected
by the accuracy of the segmentation process used to isolate
the iris structure from the other components in its vicinity,
viz., the sclera, pupil, eyelids and eyelashes. Most segmen-
tation models in the literature assume that the pupillary, the
limbic and the eyelid boundaries are circular or ellipticalin
shape. Hence, they focus on determining model parameters
that best fit these hypotheses. In this paper, we describe a
novel iris segmentation scheme that employs Geodesic Active
Contours to extract the iris from the surrounding structures.
The proposed scheme elicits the iris texture in an iterative
fashion depending upon both the local and global conditions
in the image. The performance of an iris recognition system
based on multiple Gabor filters is observed to improve upon
application of the proposed segmentation algorithm. Exper-
imental results on the WVU and CASIA v1.0 iris databases
indicate the efficacy of the proposed technique.

1. INTRODUCTION

The iris is an internal organ of the eye that is located just be-
hind the cornea and in front of the lens. The functionality
of the iris is to control the size of the pupil, which in turn
regulates the amount of light entering the pupil and imping-
ing the retina. Flom et al. [2] postulate that the textural con-
tent of the iris is stable throughout an individual’s lifespan.
They state that every iris is unique and no two individuals
(even those possessing the same genetic genotype) have sim-
ilar irises. Hence, the iris is considered to be a robust and
unique biometric with a very low False Accept Rate (FAR).
Large-scale authentication experiments have confirmed this
notion further underscoring the relevance of this biometric
trait in distinguishing individuals.

The function of an iris recognition system is to extract,
represent and compare the textural intricacy present on the
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surface of the iris. Such a system comprises of modules for
iris segmentation, enhancement, feature extraction (encoding)
and feature matching. The first and, perhaps, the most impor-
tant step in an iris recognition system is iris segmentationor
localization. Segmentation involves detecting and isolating
the iris structure from an image of the eye. In a 2D image
of the eye, the iris appears to be located in the vicinity of the
sclera, the pupil, the eyelids and the eyelashes. Thus, the seg-
mentation process has to accurately detect the boundaries sep-
arating the iris from these other components. Apart from es-
timating the actual shape of the iris, the segmentation routine
should detect occlusions due to eyelashes. Errors in segmen-
tation can result in inferior recognition performance since the
textural content of the iris can be incorrectly encoded. Most
segmentation models in the literature assume that the pupil-
lary, the limbic and the eyelid boundaries are circular or el-
liptical in shape. Hence, they focus on determining model
parameters that best fit these hypotheses ( [3], [4]). Only very
few algorithms in the literature do not assume circular or el-
liptical boundaries (e.g., see Abhyankar and Schuckers [5]).

In this paper, geodesic active contour (GAC) models are
used to accurately localize the structure of the iris present in
an image of the eye. The use of a GAC model obviates the
need to approximate the boundary using conics; this aids in
fitting a tight boundary around the iris. The remainder of the
paper is organized as follows. A baseline segmentation, en-
coding and matching method is first described in Section 2.
Section 3 provides a brief overview of the segmentation ap-
proach based on geodesic active contours. The matching per-
formance due to this scheme is reported in Section 4. Section
5 concludes the paper.

2. BASELINE IRIS SEGMENTATION, ENCODING
AND MATCHING ALGORITHM

In order to demonstrate the performance improvement ob-
tained using the proposed algorithm, a baseline segmenta-
tion, encoding and matching algorithm is first defined. In-
tegro differential operators, which are a variant of the Hough
Transform, act as circular edge detectors and have been used
to determine the inner and the outer boundaries of the iris
[3]. They also have been used to determine the elliptical
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boundaries of the lower and the upper eyelids. An integro-
differential operator can be defined asmax(r,x0,y0)|Gσ(r) ∗
∂
∂r

∮
r,x0,y0

I(x,y)
2πr ds| whereI(x, y) is the image,r is the ra-

dius of the pupil or iris,(x0, y0) its center andGσ(r) is the
Gaussian smoothing function with scaleσ. Thus, the integro-
differential operator searches for a maximum partial deriva-
tive of the image over a circular boundary by varying the ra-
dius r and center(x0, y0). The eyelids can be detected in a
similar fashion by performing the integration over an ellip-
tical boundary rather than a circular one. The output of the
segmentation process is a binary mask that indicates the iris
and non-iris pixels in the image.

Iris segmentation is followed by a normalization scheme
to generate a fixed dimension feature vector that lends itself
to matching. The rubber sheet model proposed by Daugman
maps each point in the(x, y) domain to a pair of polar coordi-
nates(r, θ). This results in a fixed size unwrapped rectangular
iris image [3]. Gabor filters are then used to extract the tex-
tural information (encoding) from the unwrapped iris. The
prominence of the iris texture changes as one moves away
from the pupil. Hence, a set of three Gabor filters with dif-
ferent scales and frequency but the same orientation (0o) are
applied to different regions of the rectangular iris. The filter-
ing results in complex valued phase information at each pixel
in the image. This phase information is quantized into four
quadrants in the complex plane resulting in a complex value
whose real and imaginary parts can be either0 or 1. The
resulting binary feature vector is called an “iriscode”. The
difference between two such iriscodes is measured using the
Hamming distance which is a measure of the number of dif-
ferent bits between the two iriscodes. The Hamming distance
is a dissimilarity score and is calculated using the bits corre-
sponding to the iris pixels by utilizing the binary masks.

3. IRIS SEGMENTATION USING GEODESIC
ACTIVE CONTOURS

The iris localization procedure can be divided broadly into
two stages: (a) pupil segmentation and (b) iris segmentation.

3.1. Pupil Segmentation

To detect the pupillary boundary, the iris image is first smoothed
using a 2-D median filter and the minimum pixel value,Imin,
is determined. The iris is then binarized using a threshold
value25 + Imin. Figure 1 (b) shows an iris image after bina-
rization.

As expected, apart from the pupil, other dark regions of
the eye (e.g., eyelashes) are expected to fall below this inten-
sity value. A 2-D median filter is then applied on the binary
image to discard the relatively smaller regions associatedwith
the eyelashes. This reduces the number of candidate regions
detected as a consequence of thresholding as shown in Figure
2 (a). Based on the median-filtered binary image, the exterior

(a) (b)

Fig. 1. Pupil binarization. (a) Image of an eye with dark eye-
lashes (WVU database); (b) Thresholded binary iris image.

boundaries of all the remaining objects are traced as shown in
Figure 2 (b).

Fig. 2. (a) 2-D Median filtered binary iris image; (b) Traced
boundaries of all the remaining objects in the binary image.

Generally, the largest boundary of the remaining regions
of the eye corresponds to the pupil. However, when the pupil
is constricted, it is very likely that the boundary of the de-
tected region corresponding to the eyelashes is larger than
that of the pupil. So a circle-fitting procedure is executed on
all detected regions. Finally, the circle whose circumference
contains the maximum number of black pixels is deemed to
be the detected pupil. Regions with diameters more than half
the image size are not considered. Figure 3 shows an eye
image from the WVU dataset1 containing dark eyelashes and
the correctly segmented pupil using the aforementioned algo-
rithm.

(a) (b)

Fig. 3. Pupil segmentation. (a) An eye image with dark eye-
lashes; (b) Segmented pupil.

1Note that detecting the pupil in the CASIA v1.0 dataset is trivial since
this entity has been set to a constant intensity.
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3.2. Iris Segmentation

To detect the limbic boundary of the iris, an evolution scheme
based on a level sets representation ( [6], [7]) of the geodesic
active contour (GAC) model is employed. Letγ(t) represent
the curve to be evolved toward the boundary of an arbitrary
object (the parametert indicates the evolution step). Letψ
be defined as a signed distance function from the curveγ(t).
Thus,|ψ(x, y)| = distance of point(x, y) to the curveγ(t). ψ
is of the same dimension as that of the imageI(x, y) that is
to be segmented. The curveγ(t) is a level set of the function
ψ. Level sets are the set of all points inψ whereψ = some
constant. Thusψ = 0 is the zeroth level set,ψ = 1 is the
first level set and so on.ψ is the implicit representation of
the curveγ(t) and is called as the embedding function since
it embeds the evolution ofγ(t). The embedding function
evolves under the influence of image gradients and regions
characteristics so that the curveγ(t) approaches the boundary
of the object. Thus, instead of evolving the parametric curve
γ(t) (e.g., the Lagrangian approach used in snakes), the em-
bedding function itself is evolved. In our algorithm, the initial
curveγ(t) is assumed to be a circle of radiusr just beyond the
pupillary boundary. Let the curveγ(t) be the zeroth-level set
of the embedding function for allt. Thus, the evolution equa-
tion forψt so thatγ(t) remains the zero level set is given by

ψt = −K(c+ ǫκ)‖∇ψ‖ + ∇ψ.∇K (1)

where,K, the stopping term for the evolution, is an image
dependant force and is used to slow the evolution near the
boundaries;c is the velocity of the evolution;ǫ indicates the
degree of smoothness of the level sets; andκ is the curvature
of the level sets computed as

κ = −
ψxxψ

2
y−2ψxψyψxy+ψyyψ

2
x

(ψ2
x+ψ2

y)
3
2

, whereψx is the gradient of

the image in thex direction;ψy is the gradient in they direc-
tion; ψxx is the2nd order gradient in thex direction;ψyy is
the2nd order gradient in they direction; andψxy is the2nd

order gradient, first in thex direction and then in they direc-
tion. Equation 1 is the level set representation of the geodesic
active contour model. This means that the level-setC of ψ is
evolving according toCt = K(c+ǫκ) ~N−(∇K. ~N) ~N where
~N is the normal to the curve. The first term (κ ~N ) provides the
smoothing constraints on the level sets by reducing the total
curvature of the level sets. The second term (c ~N ) acts like a
balloon force [8] and it pushes the curve outward towards the
object boundary. The goal of the stopping function is to slow
down the evolution when it reaches the (potential) boundary.
However, the evolution of the curve will terminate only when
K = 0, i.e., near an ideal edge. In most images, the gradi-
ent values will be different along the edge, thus necessitating
different K values. In order to circumvent this issue, the third
geodesic term ((∇K. ~N)) is necessary so that the curve is at-
tracted towards the boundaries (∇K points toward the middle
of the boundary). This term makes it possible to terminate the

evolution process even if (a) the stopping function has dif-
ferent values along the edges, and (b) gaps are present in the
stopping function. The stopping term used for the evolutionof
level sets is given byK(x, y) = 1

1+( ‖∇(G(x,y)⋆I(x,y))‖
k

)α
where

I(x, y) is the iris image andk andα are constants. As can be
seen, this termK(x, y) is not a function oft.

Consider an iris image as shown in Figure 4 (a). The stop-
ping functionK obtained from this image is shown in Figure
4 (b). (In our implementation, for CASIA images,k = 1.6 and
α = 10 and for WVU non-ideal images,k = 2.8 andα = 8).
As the pupil segmentation is done prior to segmenting the iris,
the stopping functionK is modified by deleting the circular
edges due to the pupillary boundary, resulting in a new stop-
ping functionK ′. This ensures that the evolving level set is
not terminated by the edges of the pupillary boundary (Figure
4 (c)).

(a) (b) (c)

Fig. 4. Stopping function for the geodesic active contours: (a)
Example iris image from CASIA user 5; (b) Stopping func-
tionK; (c) Modified stopping functionK ′.

A contour is first initialized near the pupil (Figure 5 (a))
and the embedding function,ψ, over the image domain is ini-
tialized to a signed distance function fromγ(t = 0) (Figure
5 (b)). Discretizing equation 1 leads to the following expres-
sion:

ψt+1
i,j − ψti,j

∆t
= −cK ′

i,j‖∇ψ
t‖−K ′

i,j(ǫκ
t
i,j‖∇ψ

t‖)+∇ψti,j .∇K
′t
i,j

(2)
where∆t is the time step. In our implementation,∆t is 0.05.
The first term (cK ′

i,j‖∇ψ
t‖) on the right hand side of the

above equation is the velocity term (advection term) and in
the case of limbic boundary segmentation, acts as an inflation
force. This term can lead to singularities and hence is dis-
cretized using upwind finite differences [9]. The second term
(K ′

i,j(ǫκ
t
i,j‖∇ψ

t‖)) is a curvature based smoothing term and
can be discretized using central differences. In our implemen-
tation,c = 0.65 andǫ = 1 for all iris images. The third geodesic
term (∇ψti,j .∇K

′t
i,j) is also discretized using the central dif-

ferences.
After evolving the embedding functionψ according to

equation 2, the curve starts to grow until it encounters the
stopping criterion defined by the stopping functionK ′. The
difference between successive zeroth level sets after every 50
iterations is calculated. If this difference is less than a thresh-
old, then the evolution is terminated. This criterion minimizes
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the thin plate spline energy (square of the curvature) of the
level sets. It stops the level sets from evolving only in a par-
ticular region of the iris. In our implementation, this threshold
is set to1. The evolution of the curve and the corresponding
embedding functions are illustrated in Figure 5.

(a) (b)

(c) (d)

(e) (f)

Fig. 5. Evolution of the geodesic active contour during iris
segmentation. (a) Iris image from CASIA user 5 with initial
contour; (b) Embedding functionψ (X and Y axis correspond
to the size of the iris image and the Z axis represents different
level sets); (c), (d) Contour after the400th iteration and its
corresponding embedding functions; (f) Final contour after
600 iterations (contour shown using white curves).

One important feature of geodesic active contours is their
ability to handle splitting and merging boundaries. This phe-
nomenon is especially important in the case of iris segmen-
tation because (a) the radial fibers may be thick at certain lo-
cations, (b) the specular reflections may be pronounced, (c)
or the crypts present in the ciliary region of the iris may be
very dark leading to prominent edges in the stopping func-
tion. If the segmentation technique being used is a parametric
curve-based technique like snakes [10], then the evolutionof
the curve might terminate at these local minima. However,

(a) (b)

Fig. 6. Robust detection of the radius and co-ordinates of the
iris using geodesic active contours: (a) Iris radius as detected
using circular gradient operators; (b) Iris radius as detected
using geodesic active contours.

geodesic active contours split at such local minima and merge
again. Thus, they are able to effectively deal with problems
of local minima.

Since we are primarily interested only in the zeroth level
set ofψ, we can evolve the embedding function in a narrow
band around the zeroth level set [7]. This accelerates the evo-
lution procedure dramatically and, hence, the whole localiza-
tion and normalization process takes less than20 seconds (in
a MATLAB environment). To avoid the resulting embedding
function from being badly conditioned, the level sets are pe-
riodically reinitialized to a signed distance function.

The extracted contour is used to create the binary mask
that is necessary for matching a pair of iriscodes. To normal-
ize the segmented iris and convert it to a rectangular entity,
its radius and the corresponding center coordinates have to
be reliably estimated. If the occlusion due to the upper or
lower eyelids is large, then a circle that fits all the points on
the extracted contour will lie inside the actual boundary of
the iris. Thus, only those points on the contour lying on the
boundary of the iris and sclera (as opposed to the iris and
the eyelids) should be used to estimate the radius and cen-
ter of the iris. To ensure this, five points, lying in an arc of
[−300, 300] and [−1500, 1500] with respect to the horizon-
tal axis are randomly selected from the extracted contour and
their mean distance from the center of the pupil is computed.
This value,R, is used as the approximate radius of the iris.
A circle is next fitted through all the points on the contour
which are within a distance ofR ± 10 pixels from the center
of the pupil. Figure 6 illustrates the radius of the iris detected
by our approach along with the radius of the iris detected us-
ing integro-differential operators. The normalized iris is then
pre-processed using the Perona-Malik [11] anisotropic diffu-
sion algorithm. This reduces the noise in the iris image. The
enhanced output image is then subjected to histogram equal-
ization.

4. EXPERIMENTAL RESULTS

The matching performance of our segmentation algorithm was
evaluated on the CASIA and WVU non-ideal iris image datasets.
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Fig. 7. Histogram of available iris texture information in the
normalized images of CASIA.

The CASIA iris database has756 iris images corresponding
to 108 different irises (7 images per iris:I1, I2, . . . I7). Each
image is of size320× 280. The WVU non-ideal iris database
has the left and right irises of207 individuals (this is an ac-
tively expanding database). There are between4− 15 images
of both the left and right irises of each individual. The to-
tal number of images in the WVU non-ideal iris database is
2, 678. Each image is of size640 × 480. Three techniques,
viz., geodesic active contours, integro-differential operators
and Masek’s segmentation technique [12] were used to seg-
ment the iris. The encoding and normalization of the iris
was then carried out using the baseline algorithm described
in Section 2. From the ROC curves for the CASIA database
(Figure 8), it is clear that the matching performance of the iris
recognition system significantly improves when geodesic ac-
tive contour is used for segmentation. For example, the GAR
(Genuine Acceptance Rate), at a fixed FAR (False Acceptance
Rate) of0.01% is (a)94% using geodesic active contours for
segmentation; (b)91.5% using Masek’s [12] code; and (c)
88% using integro-differential operators.

Upon analyzing the performance, it was found that many
irises in the CASIA database were severely occluded by the
presence of eyelids and eyelashes. Thus the irises, which are
occluded to a large extent, do not have sufficient iris informa-
tion. To determine the amount of iris information present in
the normalized iris images compared to the non-iris regions
(like eyelids, eyelashes and sclera), a histogram of the per-
centage of iris texture (unmasked regions) present in the CA-
SIA images was plotted (Figure 7). It is evident from this
histogram that some irises in the CASIA database have very
less iris content revealed. In fact, approximately11% of all
the iris images have iris content less than67% of the total nor-
malized image. Figure 8 also shows the performance of the

iris recognition system when such irises are rejected by the
system.

The ROC curves for the WVU non-idealleft iris database
(Figure 9 (a)) indicate that the performance does not change
when geodesic active contour is used (relative to Masek’s seg-
mentation). But a significant performance gain is achieved
by segmenting the WVU non-idealright iris database using
geodesic active contours (Figure 9 (b)). For example, the
GAR at a fixed FAR of0.001% using geodesic active con-
tours for segmentation is58% while that using Masek’s seg-
mentation is1% and that using integro-differential operators
is 3%.
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GAC + reject 11% highly occluded
images (EER = 1.82)

Fig. 8. ROC indicating the performance improvement when
CASIA iris images (11%) with very large occlusion are re-
jected.

The proposed pupil and iris segmentation algorithms were
tested on other databases also. The segmentation results on
WVU off-angle iris images can be seen in Figure 10 (a) and
(b), on the UBIRIS (http://iris.di.ubi.pt) images
can be seen in Figure 10 (c) and (d) and on the MMU1 (http:
//pesona.mmu.edu.my/∼ccteo/) iris images can be
seen in Figure 10 (e) and (f).

5. SUMMARY AND FUTURE WORK

The process of segmenting the iris from an eye image plays a
pivotal role in iris recognition systems. Traditionally, systems
have employed the integro-differential operator or its variants
to localize the spatial extent of the iris. In this paper, a novel
scheme using geodesic active contours (GAC) has been pro-
posed for iris segmentation. The GAC scheme is an evolution
procedure that attempts to elicit the limbic boundary of the
iris as well as the contour of the eyelid in order to isolate the
iris texture from its surroundings. Experimental results on the
CASIA and the WVU non-ideal datasets clearly indicate the
benefits of the proposed algorithm. The algorithm also aids in
accurately estimating the radius of the iris and its center.An
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Fig. 9. ROC curves depicting performance on the WVU non-
ideal database. (a) Left iris; (b) Right iris.

(a) (b) (c)

(d) (e) (f)

Fig. 10. Segmentation results on other datasets. (a) and (b)
WVU off-angle; (c) and (d) UBIRIS; (e) and (f) MMU1.

anisotropic diffusion method was used to enhance the iris im-
age prior to extracting its iriscode. Currently, we are looking
at ways to enhance recognition performance in the presence
of noise. Specifically, the structure of noise in an iris im-
age could be an indication of the reflective properties of the
various components of the iris. We hope to exploit this prop-
erty during the feature extraction and matching stages of iris
recognition.
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