
824 IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY, VOL. 4, NO. 4, DECEMBER 2009

Iris Segmentation Using Geodesic Active Contours
Samir Shah and Arun Ross, Member, IEEE

Abstract—The richness and apparent stability of the iris texture
make it a robust biometric trait for personal authentication. The
performance of an automated iris recognition system is affected by
the accuracy of the segmentation process used to localize the iris
structure. Most segmentation models in the literature assume that
the pupillary, limbic, and eyelid boundaries are circular or ellip-
tical in shape. Hence, they focus on determining model parame-
ters that best fit these hypotheses. However, it is difficult to seg-
ment iris images acquired under nonideal conditions using such
conic models. In this paper, we describe a novel iris segmentation
scheme employing geodesic active contours (GACs) to extract the
iris from the surrounding structures. Since active contours can 1)
assume any shape and 2) segment multiple objects simultaneously,
they mitigate some of the concerns associated with traditional iris
segmentation models. The proposed scheme elicits the iris texture
in an iterative fashion and is guided by both local and global prop-
erties of the image. The matching accuracy of an iris recognition
system is observed to improve upon application of the proposed
segmentation algorithm. Experimental results on the CASIA v3.0
and WVU nonideal iris databases indicate the efficacy of the pro-
posed technique.

Index Terms—Geodesic active contours (GACs), iriscodes, iris
recognition, iris segmentation, level sets, snakes.

I. INTRODUCTION

T HE iris is an internal organ of the eye that is located just
behind the cornea and in front of the lens. Its function is to

control the size of the pupil, which in turn regulates the amount
of light entering the pupil and impinging the retina. Flom and
Safir [1] have postulated that “the basic, significant features of
the iris remain extremely stable and do not change over a period
of many years” (this claim has been challenged in the recent
literature). They state that every iris is unique and no two indi-
viduals have the same iris compositions. Indeed, the two irides
of an individual have been observed to be different in their intri-
cate texture structure. 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 no-
tion further underscoring the relevance of this biometric trait in
distinguishing individuals [2], [3].
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Fig. 1. Block diagram of an iris recognition system.

Fig. 2. Salient features in the anterior portion of the iris.

The function of an iris recognition system is to extract, rep-
resent and compare the textural intricacy present on the surface
of the iris. Such a system comprises of modules for iris segmen-
tation, enhancement, feature extraction (encoding) and feature
matching (Fig. 1). The first and, perhaps, the most important
step in an iris recognition system is iris segmentation or local-
ization. Segmentation involves detecting and isolating the iris
structure from an image of the eye. As seen in Fig. 2, the iris
projected onto a 2-D plane appears to be located in the vicinity
of the sclera, pupil, and eyelids. Thus, the segmentation process
has to accurately detect boundaries separating the iris from these
components. Apart from estimating the actual shape of the iris,
the segmentation routine should detect occlusions due to eye-
lashes that can confound the extracted features. Errors in seg-
mentation may result in inferior recognition performance due
to inaccurate encoding of the textural content of the iris.

Several iris recognition algorithms have been proposed in the
literature. Daugman [4], [5] uses a texture-based method to en-
code irides. Multiscale 2-D Gabor-Wavelet transform is used to
generate a 256-byte iriscode. Hamming distance is then used
as a measure to determine the proximity of two iriscodes. The

1556-6013/$26.00 © 2009 IEEE



SHAH AND ROSS: IRIS SEGMENTATION USING GEODESIC ACTIVE CONTOURS 825

TABLE I
EXAMPLES OF A FEW IRIS SEGMENTATION, ENCODING AND MATCHING TECHNIQUES PROPOSED IN THE LITERATURE. OTHER EXAMPLES CAN BE FOUND IN [2]

integro-differential operator, which acts as a circular edge de-
tector, is employed for determining the inner and outer bound-
aries of the iris as well as the upper and lower eyelids. Wildes
[6] uses Laplacian-of-a-Gaussian (LOG) filter to extract features
from the iris image. A Hough transform-based method is used
to segment the iris. Also, the upper and lower boundaries of
the eyelid are approximated using parabolic curves. Matching
is done using the normalized correlation between the test and
training images. Masek and Kovesi [7] employ weighted gradi-
ents using a combination of Kovesi’s modified canny edge de-
tector and the circular Hough-transform to segment the iris. Sev-
eral other segmentation schemes proposed in the literature are
also based on the Hough-transform (see, for example, [8]–[14]).
Huang et al. [15] first coarsely segment the iris using edge de-
tection filters and Hough transform before normalizing it. The
noise due to eyelids is then localized by the edge information
based on phase congruency. Abhyankar and Schuckers [16] use
training based Active Shape Models to segment the iris from
the sclera. The nonlinear shape of the iris is learned using a few
training images. More recently, Daugman [3] designed novel
segmentation and encoding schemes for processing nonideal
irides. Hollingsworth [17] illustrated that every iriscode (iris
template) has some fragile bits. A bit is fragile if it has a signif-
icant probability of being a 0 for some images of the iris and 1
for other images of the same iris. If the fragile bits were masked,
the performance of the iris recognition system was observed to
increase. Table I summarizes the segmentation, encoding (i.e.,
representation) and matching techniques of a few algorithms de-
scribed in the literature.

Most segmentation models in the literature assume that the
pupillary, the limbic, and the eyelid boundaries are circular or
elliptical in shape. Hence, they focus on determining model pa-
rameters that best fit these hypotheses ([4], [6], [10]). Only very
few algorithms in the literature do not assume circular or ellip-
tical boundaries (e.g., see Abhyankar and Schuckers [16] and
Daugman [3]). In this paper, a novel geodesic active contour
(GAC)-based scheme is employed to accurately determine the
boundary of the iris thereby eliciting the shape of its boundary.
As the boundary of the iris is not approximated using a circle

or an ellipse in the proposed scheme, the localized iris region
is expected to contain very few noniris pixels. Active Contours
have been extensively used in the field of medical image anal-
ysis for segmenting various images like brain MRI images [23]
and abdominal CT images [24]. They have also been used in the
field of machine vision [25]. In this paper, their significance in
the context of efficient iris segmentation is demonstrated.

The remainder of the paper is organized as follows. A base-
line segmentation, encoding and matching method is described
in Section II. Section III provides an overview of the proposed
segmentation technique based on GACs. The matching per-
formance due to this novel scheme is reported in Section IV.
Section V concludes the paper.

II. BASELINE IRIS SEGMENTATION, ENCODING,
AND MATCHING TECHNIQUE

In order to demonstrate the performance improvement
obtained using the proposed algorithm, a baseline segmen-
tation, encoding and matching algorithm is first defined.
Integro-differential operators, which are a variation of the
Hough transform, act as circular edge detectors and have
been previously used to determine the inner and the outer
boundaries of the iris. They also have been used to deter-
mine the elliptical boundaries of the lower and the upper
eyelids. An integro-differential operator can be defined as

where is the image, is the radius of the pupil or
iris, its center and is the Gaussian smoothing
function with scale . Thus, the integro-differential operator
searches for a circular boundary with radius and center

such that the change in radial pixel intensity across the
boundary is maximum. The eyelids can be detected in a similar
fashion by performing the integration on an elliptical boundary
rather than a circular one. The output of the segmentation
process is a binary mask that indicates the iris and noniris
pixels in the image.

Iris segmentation is followed by a normalization scheme to
generate a fixed dimension feature vector that lends itself to
matching. Each point in the domain is mapped to a pair
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Fig. 3. Real part of 2-D Gabor wavelet filters.

of polar coordinates (like the rubber sheet model pro-
posed by Daugman [4]). This results in a fixed size unwrapped
rectangular iris image. Gabor filters are then used to extract the
textural information from the unwrapped iris (encoding). A 2-D
Gabor filter over an image domain is given by

where
specifies the center of the Gaussian filter, and

are the width and length of the filter, specify the
modulation with frequency and orientation

.1 The prominence of the iris texture
changes as one moves away from the pupil. Hence, a set of
three Gabor filters with different scales and frequency but the
same orientation are applied to different regions of the
“normalized” iris as shown in Fig. 3. The filtering results in
complex-valued phase information. This phase information is
quantized into four quadrants in the complex plane resulting
in two bits denoting the real and complex parts of the phasor
response at a pixel. 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 different bits between the two iriscodes. The
Hamming distance is a dissimilarity score and is calculated
using the bits corresponding to the iris pixels by utilizing the
binary masks generated in the segmentation process. Let and

be the two iriscodes to be compared, and and be their
respective masks. The Hamming distance (HD) is calculated as
follows:

where the XOR operator, , detects the disagreement between
the corresponding bits in the iriscodes, the AND operator, , en-
sures that the Hamming distance is calculated using only the
bits generated from the true iris region and the operator
computes the norm of the bit vector. Ideally, the Hamming dis-
tance between two images of the same iris will be 0 (genuine
score) and that between two images of different irides will be
(0.5) (impostor score).

III. IRIS SEGMENTATION USING GACS

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

1One could use a ��� Gabor filter instead of a ��� Gabor filter since the
the iris information does not change radially as much as it does angularly [26].

Fig. 4. Pupil binarization. (a) Image of an eye with dark eyelashes. (b) Thresh-
olded binary iris image.

Fig. 5. Pupil Segmentation. (a) 2-D Median filtered binary iris image. (b)
Traced boundaries of all the remaining objects in the binary image (shown in
gray color). (c) Fitting circle on all potential regions where the pupil might be
present (shown in gray).

A. Pupil Segmentation

To detect the pupillary boundary, the eye image is first
smoothed using a 2-D median filter and the minimum pixel
value is determined. The iris is then binarized using a
threshold value . Fig. 4(b) shows an iris image after
binarization. As expected, apart from the pupil, other dark
regions of the eye (e.g., eyelashes) fall below this threshold
value. A 2-D median filter is then applied on the binary image
to discard the relatively smaller regions associated with the
eyelashes. This reduces the number of candidate iris pixels
detected as a consequence of thresholding as seen in Fig. 5(a).
Based on the median-filtered binary image, the exterior bound-
aries of all the remaining objects are traced as shown in
Fig. 5(b). Generally, the largest boundary of the remaining
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Fig. 6. Pupil segmentation. (a) Image of an eye with dark eyelashes. (b) Seg-
mented pupil (shown in blue).

regions of the eye corresponds to the pupil. However, when
the pupil is constricted, it is very likely that the boundary of
the detected region corresponding to the eyelashes is larger
than that of the pupil. So a circle-fitting procedure is executed
on all detected regions. The equation of a circle is given by

where represent the co-
ordinates of a point on the circle. The coordinates of the center
can be computed as and the radius
as . Let be

points traversed by the circle, and let

Then the equation of the circle may be written as .
Thus, to estimate the radius and the center of the circle, the ex-
pression needs to be solved. Since is not a
square matrix, its inverse is computed using the least squares
criterion.2 Fig. 5(c) demonstrates the circles fitted through all
the 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. Fig. 6 shows an iris image con-
taining dark eyelashes and the correctly segmented pupil using
the aforementioned algorithm. Sometimes, specular reflections
can occur near the boundary of the pupil that may confound
the pupil segmentation procedure. For example, in Fig. 7, it
is obvious that the pupil is under-segmented due to the pres-
ence of the specular reflection near the pupil boundary. Hence,
if specular reflection (bright spots in an image) is detected in the
vicinity of the pupil, it is “inpainted” using the surrounding in-
formation [27]. Inpainting is a process to fill in the missing por-
tions of am image (in our case specular reflections) to improve
its integrity [28]. Fig. 8(f) demonstrates that the pupil detection
procedure is made more robust by inpainting those specular re-
flections in the iris image that occur near the pupil boundary.
Since the specular reflections are detected by a simple image
thresholding technique, other regions of the eye that are over-
exposed to light may also be incorrectly detected. However, in-

2[Online]. Available: http://www.mathworks.com/moler/leastsquares.pdf

painting such regions with the surrounding information will be
beneficial.

Fig. 9 presents other results of the pupil segmentation
process.

B. Iris Segmentation

To detect the limbic boundary of the iris, a novel scheme
based on a level sets representation [29], [25] of the GAC model
is employed. This approach is based on the relation between ac-
tive contours and the computation of geodesics (minimal length
curves) [30]. The technique is to evolve the contour from in-
side the iris under the influence of geometric measures of the
iris image. GACs combine the energy minimization approach of
the classical “snakes” and the geometric active contours based
on curve evolution.

The proposed technique is significantly different from the one
proposed by Daugman [3]. In [3], the active contour is defined
as a Fourier boundary approximated using the coefficients of the
Fourier series. The technique relies on the order of the Fourier
series to approximate the inner and outer boundaries of the iris.
Further, the order of the two boundaries is likely to be different
(as pointed out in the paper). Thus, selecting the order of the
Fourier series is an important task.

1) GACs: Let be the curve, that has to gravitate toward
the boundary of any object, at a particular time as shown in
Fig. 10. The time corresponds to the iteration number. Let be
a function defined as a signed distance function from the curve

. Thus, distance of point to the curve .

if is on the curve
if is inside the curve
if is outside the curve

(1)

is of the same dimension as that of the image that
is to be segmented. The curve is a level set of the func-
tion . Level sets are the set of all points in where
some constant. Thus, is the zeroth level set, is
the first level set and so on. is the implicit representation of
the curve and is called as the embedding function since it
embeds the evolution of . The embedding function evolves
under the influence of image gradients and regions characteris-
tics so that the curve approaches the boundary of the ob-
ject. Thus, instead of evolving the parametric curve (e.g.,
the Lagrangian approach used in snakes), the embedding func-
tion itself is evolved. In our algorithm, the initial curve
is assumed to be a circle of radius just beyond the pupillary
boundary. Let the curve be the zeroth-level set of the em-
bedding function. This implies that

By the chain rule

i.e.,
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Fig. 7. Result of pupil segmentation when inpainting is not used to remove specular reflections. (a) Eye image. (b) Smoothed image. (c) Thresholded binary
image. (d) 2-D Median filtered image. (e) Undersegmented pupil (shown using blue-colored contour).

Fig. 8. Result of pupil segmentation when inpainting is used to remove specular reflections in the vicinity of the pupil. (a) Eye image. (b) Smoothed image.
(c) Inpainted specular reflection in the vicinity of the pupil. (d) Thresholded binary image. (e) 2-D Median filtered image. (f) Segmented pupil (shown using
blue-colored contour).

Fig. 9. Pupil segmentation. (a) Iris image. (b) Thresholded binary image. (c) 2-D Median filtered image. (d) Segmented pupil (shown using blue-colored contour).



SHAH AND ROSS: IRIS SEGMENTATION USING GEODESIC ACTIVE CONTOURS 829

Fig. 10. Curve � evolving towards the boundary of the object.

Splitting the in the normal and tangential
directions,

Now, since is perpendicular to the tangent to

(2)

The normal component is given by

Substituting this in (2)

Let be a function of the curvature of the curve , stopping
function (to stop the evolution of the curve) and the inflation
force (to evolve the curve in the outward direction) such that,

Thus, the evolution equation for such that remains the
zeroth level set is given by

(3)

where , the stopping term for the evolution, is an image de-
pendant force and is used to decelerate the evolution near the
boundaries; is the velocity of the evolution; indicates the de-
gree of smoothness of the level sets; and is the curvature of
the level sets computed as

where is the gradient of the image in the direction; is
the gradient in the direction; is the second-order gradient
in the direction; is the second-order gradient in the
direction; and is the second-order gradient, first in the
direction and then in the direction. Equation (3) is the level set
representation of the GAC model. This means that the level-set

of is evolving according to

(4)

Fig. 11. Stopping function for the GACs. (a) Original iris image. (b) Stopping
function � . (c) Modified stopping function � .

where is the normal to the curve. The first term provides
the smoothing constraints on the level sets by reducing the total
curvature of the level sets. The second term acts like a bal-
loon force [31] and it pushes the curve outward towards the ob-
ject boundary. The goal of the stopping function is to slow down
the evolution when it reaches the boundaries. However, the evo-
lution of the curve will terminate only when , i.e., near an
ideal edge. In most images, the gradient values will be different
along the edge, thus, necessitating different K values. In order to
circumvent this issue, the third geodesic term is nec-
essary so that the curve is attracted toward the boundaries (
points toward the middle of the boundary). This term makes it
possible to terminate the evolution process even if (a) the stop-
ping function has different values along the edges, and (b) gaps
are present in the stopping function.

The stopping term used for the evolution of level sets is given
by

(5)

where is the image to be segmented, and and are
constants. As can be seen, this term is not a function of
.

2) Iris Segmentation Using GACs: Consider an iris image to
be segmented as shown in Fig. 11(a). The stopping function

obtained from this image is shown in Fig. 11(b) (In
our implementation, for WVU nonideal images, and

). As the pupil segmentation is done prior to segmenting
the iris, the stopping function is modified by deleting the
circular edges because of the pupillary boundary, resulting in
a new stopping function . This ensures that the evolving
level set is not terminated by the edges of the pupillary
boundary [Fig. 11(c)].

A contour is first initialized near the pupil [Fig. 12(a)]. The
embedding function is initialized as a signed distance function
to which looks like a cone [Fig. 12(b)]. Discretizing
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Fig. 12. Contour initialization for iris segmentation. (a) Zeroth level set (initial
contour). (b) Mesh plot of the signed distance function �.

(3) leads to the following equation:

(6)

where is the time step. In our implementation, is set to
0.05. The first term on the right-hand side of the
above equation is the velocity term (advection term) and in the
case of iris segmentation, acts as an inflation force. This term
can lead to singularities and, hence, is discretized using upwind
finite differences [32]. The upwind scheme for approximating

is given by

where is the first-order backward difference of in the
x-direction; is the first-order forward difference of in
the x-direction; is the first-order backward difference of
in the y-direction; and is the first-order forward difference
of in the y-direction. The second term is
a curvature based smoothing term and can be discretized using
central differences. In our implementation, and
for all iris images. The third geodesic term is
also discretized using the central differences.

After evolving the embedding function according to (6),
the curve starts to grow until it satisfies the stopping criterion de-
fined by the stopping function . But at times, the contour con-
tinues to evolve in a local region of the iris where the stopping
criterion is not strong. This leads to overevolution of the con-
tour. To avoid it, we minimize the Thin Plate Spline energy of
the contours. Thin Plate Spline [33] is an interpolation method
that finds the minimal “bending energy” to pass a smooth sur-
face though a set of given points. The name “Thin Plate Splines”
can be thought of as a simulation of how a thin metal plate would
bend if it was forced through some fixed control points. Thus,
the thin plate spline energy to pass a smooth surface though
coplanar points will be zero where as if the points are nonplanar,
the thin plate spline energy will increase with the distance be-
tween these points. In this work, Thin Plate Splines are used
for minimizing the energy of the contour so as to prevent the

contour from evolving in a highly nonuniform manner. Here,
the evolving contour can be thought of as the smooth surface
which needs to be fitted through the points on the iris boundary.
Thus, if all points on the contour lie on a circle, then the thin
plate spline energy will be zero; however, if the contour starts
evolving nonuniformly, the thin plate spline energy to fit the
contour through these points will start increasing. By computing
the difference in energy between two successive contours, the
evolution scheme can be regulated. If the difference between
the contours is less than a threshold (indicating that the contour
evolution has stopped at most places), then the contour evolu-
tion process is stopped. In our implementation, this threshold is
set to 1. The evolution of the curve and the corresponding em-
bedding functions are illustrated in Fig. 13.

If the Thin Plate Spline energy of the level sets is not mini-
mized, the contour might continue evolving if the stopping func-
tion does not have a high magnitude. In such cases, the contour
will incorrectly encompass some portion of the sclera inside the
final contour as shown in Fig. 14(a). Minimizing the thin plate
spline energy of level sets yields a more precise contour of the
iris boundary [Fig. 14(b)].

One important feature of GACs is their ability to handle
“splitting and merging” boundaries. This is especially impor-
tant in the case of iris segmentation since the radial fibers may
be thick in some portions of the iris, or the crypts present in
the ciliary region may be unusually dark, leading to prominent
edges in the stopping function. If the segmentation technique
is based on parametric curves (e.g., the snakes segmentation
technique [34]), then the evolution of the curve might terminate
at these local minima. However, GACs are able to split at such
local minima and merge again. Thus, they are able to effectively
deal with the problems of local minima thereby ensuring that
the final contour corresponds to the true iris boundary (Fig. 15).

Since, during the evolution process, the primary interest is
only in the zeroth level set of , the embedding function can
be evolved only in a narrow band around the zeroth level set
[25]. This accelerates the evolution procedure dramatically and,
hence, the whole localization and normalization process takes
less than a second in a C environment. During the evolu-
tion process, the contour is evolved around a small narrow band
around the contour. The evolution process is not uniform across
the contour but can vary due to obstacles such as specular reflec-
tions, eyelashes, etc. Thus, after a few iterations the embedding
function may not remain a signed distance function and will be-
come “badly conditioned.” So after every few iterations the em-
bedding function is reinitialized by recomputing the embedding
function as a signed distance function from the new contour.

The extracted contour is employed to create the binary mask
that is used during the matching of the iriscodes (II). To nor-
malize the iris and convert it to a rectangular entity, its radius
and the corresponding center coordinates have to be estimated.
If the occlusion due to the upper or lower eyelids is substantial,
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 center of the iris. To ensure this, six points at
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Fig. 13. Evolution of the GAC during iris segmentation. (a) Iris image with
initial contour. (b) Embedding function � (X and Y axis correspond to the size
of the iris image and the Z axis represents different level sets). (c), (d), (e),
(f) Contours after 600 and 1400 iterations, and their corresponding embedding
functions. (g), (h) Final contour after 1800 iterations and the corresponding em-
bedding function (contours shown in white).

angles of with respect to the
horizontal axis are selected from the extracted contour and their
mean distance from the center of the pupil is computed. This
value is used as the approximate radius of the iris . A circle
is next fitted through all the points on the contour that are within
a distance of pixels from the center of the pupil. The
center and radius of such a circle is the center and the

Fig. 14. Effect of minimizing the thin plate energy of the level sets on the evo-
lution of the GAC. (a) Contour without minimizing the thin plate energy of the
level sets. (b) Contour obtained by minimizing the thin plate energy of the level
sets (contours shown in white).

Fig. 15. Final contour segmenting the iris. (a) Geodesic contour splitting at
various local minima. (b) Final contour (contours shown in white).

Fig. 16. Robust estimation of the radius and center of the iris using GAC. (a)
and (b) Iris center and radius estimated using Masek’s algorithm. (c) and (d) Iris
center and radius estimated using GACs (iris radius shown in white).

radius of the iris. Fig. 16 illustrates the radius of the iris de-
tected by our approach along with the radius of the iris detected
using the classical integro-differential operators.

When the iris is detected in the corner of the eye, all six points
chosen to estimate the approximate iris radius may not lie on the
iris boundary; instead some may lie on the eyelid. As the eyelid
boundary is closer to the center of the pupil, the approximate iris
radius is skewed and is smaller than the actual radius [as shown
in Fig. 17(a) and (b)].

As can be seen from Fig. 17(c), the area under the segmented
iris curve on either side of the vertical axis passing through the
pupil is not equal. The region with smaller area corresponds to
the portion where the iris is heavily occluded by the eyelids.
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Fig. 17. Iris radius estimation. (a) Iris segmented using GACs; the points used
to estimate the iris radius are shown in blue. (b) Estimated iris radius. (c) The
area under the curve on either side of the vertical axis passing through the pupil
center. (d) Estimated iris radius using only three points lying on the contour
corresponding to the larger area.

Hence, whenever the difference between the two areas is more
than 10%, only three points lying on the contour corresponding
to the larger area are selected to estimate the iris radius. This
yields a better estimate of the iris radius and improves the ac-
curacy when the iris is off axis with respect to the camera and
relegated to the corner of the eye.

The iris is then normalized using the standard pro-
cedure as described in [4] and preprocessed using the
Perona–Malik [35] anisotropic nonlinear diffusion algorithm.
The anisotropic diffusion equation of an image can be written
as where, the edge descriptor
controls the degree of smoothing at each point in the image
and is given by

Here and are constants.3 From the above equation,
it is clear that whenever there is no edge in the image, the

function will approach unity and will act as an isotropic
heat diffusion equation, whereas at the locations where edges
are present the value of value will be large and the

function will be nearly zero causing the edge infor-
mation to be retained. By applying the anisotropic diffusion
algorithm, the noise in the image is expected to be reduced.
The enhanced output image is then subjected to histogram
equalization. Fig. 18(c) shows the normalized image after
applying Perona–Malik anisotropic diffusion and histogram
equalization.

IV. EXPERIMENTAL RESULTS

The matching performance of our segmentation algorithm
was evaluated on the WVU nonideal and CASIA -Interval
[36] iris image database. The WVU nonideal iris database has

3In our experiments, � is dynamically found such that 90% of the pixels have
gradient magnitude less than �, and � � �.

Fig. 18. Perona–Malik anisotropic diffusion. (a) Normalized iris image. (b)
Normalized iris image enhanced using histogram equalization. (c) Normalized
iris image enhanced using anisotropic diffusion and histogram equalization.

the left (“ ”) and right (‘ ”) irides of 207 individuals.4 There
are between 4–15 images of the left and right irides of each
individual. The total number of images in the WVU nonideal
iris database is 2 678. Each image is of size 640 480 pixels.
The performance of GACs was compared with two other iris
segmentation techniques: the integro-differential operator and
Masek’s segmentation technique [37]. The encoding and nor-
malization of the iris was then carried out using the algorithm
as described in Section II.

The Receiver Operating Characteristic (ROC) curves for the
WVU nonideal right-iris database [Fig. 19(a)] indicate that per-
formance does not improve by segmenting irides using GACs
(when compared against Masek’s segmentation). But a signifi-
cant performance gain is achieved by segmenting the WVU non-
ideal left-iris database using GACs [Fig. 19(b)]. For example,
the GAR at a fixed FAR of 0.001% using the GAC technique is
58% while that using Masek’s segmentation is 1% and using
integro-differential operators is 3%. The phenomenon of one
eye performing better than the other has been observed even in
the ICE 2005/2006 database. While many reasons have been of-
fered for this discrepancy, researchers are still investigating this
phenomenon. In the case of the WVU database, we speculate
that the image acquisition protocol has a role to play. If the left
iris is captured first, the subject may get used to the acquisition
process and thus be able to present the right eye in a fashion that
results in better image quality (or vice-versa). However, it must
be noted that the proposed technique demonstrates consistent
performance across both the eyes unlike Masek’s method.

The CASIA -Interval iris database has the left (“ ”) and
right (“ ”) irides of 249 individuals and 396 eyes. The iris im-
ages are of size 320 280 and have approximately 220 pixels
across the iris diameter. Most of the images were captured in
two sessions, with at least one month interval between the two
sessions. There are between 0–20 images of both the left and
right irides of each individual. The total number of images in the
iris database is 2 655. Three techniques, viz., GACs, integro-dif-
ferential operators, and Masek’s segmentation technique [37]
were used to segment the iris. The normalization and encoding
of the iris was then carried out using the technique described in
Section II. An additional experiment was performed where the

4This is an actively expanding database and, hence, the number of classes is
dynamic.
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Fig. 19. Receiver Operating Characteristics of iris recognition on the WVU
nonideal iris database. (a) Right iris. (b) Left iris.

pupil was segmented using integro-differential operators and the
iris was segmented using the GAC.

The ROC curves for CASIA -Interval left and right iris
database [Fig. 20(a) and (b)] indicate that significant perfor-
mance improvement is achieved at low FARs by segmenting the
irides using GACs. The results are compared against integro-dif-
ferential operators and Masek’s segmentation technique. For ex-
ample, in the CASIA -Interval left iris database, the GAR at
a FAR of 0.001% using GACs is 94% while that using Masek’s
segmentation is 69% and using integro-differential operators is
65%. Also, for the CASIA -Interval right iris database, the
GAR at a FAR of 0.001% using GACs is 93% while that using
Masek’s segmentation is 90% and using integro-differential op-
erators is 77%. Note that the iris segmentation algorithm devel-
oped by He et al. [38] results in a GAR of 98.5% at a FAR of
0.001% on this database.

We notice that in the case of both databases, the performance
using Masek’s segmentation is substantially different between

Fig. 20. Receiver Operating Characteristics of iris recognition on the CASIA
V3 Interval iris database. (a) Right iris. (b) Left iris.

the left and right irides while the GAC scheme is relatively ro-
bust and yields the best performance. We also note that (in the
case of CASIA -Interval database) the iris recognition per-
formance was better when both the pupil and the iris were seg-
mented using our technique (compared to when the pupil was
segmented using the integro-differential operators and iris seg-
mentation was done using GAC). In our experiments, the per-
formance of the integro-differential operators is poor compared
to Masek’s method and the GAC technique. Even though the
Daugman implementation of integro-differential operators and
active contours is expected to perform much better, we do not
have access to these codes and hence could not compare them
against our technique. The CASIA algorithm [38] seems to per-
form better than the GAC. But since the purpose of this paper
was to propose a new iris segmentation scheme, we used a rela-
tively simple encoding technique as described in Section II and
this may be one of the reasons for the difference between the
performances.
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Fig. 21. Segmenting WVU off-angle irides using GAC.

Fig. 22. Segmenting UBIRIS irides using GAC.

The proposed pupil and iris segmentation algorithms were
also used to segment the irides present in other databases such
as the UBIRIS database [39] and the MMU1 iris database [40].
The UBIRIS database (session one) was assembled in two sepa-
rate sessions. A Nikon camera was used to capture RGB
color images. Each image is of size 800 600 pixels. 241 sub-
jects participated in the first session when 5 images per eye were
taken. Only 132 of the 241 subjects participated in the second
session and again 5 images per eye were obtained. Thus, the
database consists of a total of 1 877 iris images. The MMU1 iris
database was captured using a LG IrisAccess®2200 camera. It
consists of iris images of 45 subjects. 5 images each of the left
and the right eyes were taken for every individual resulting in a
total of 450 iris images corresponding to 90 classes. The dimen-
sions of each image is 320 280 pixels.

All the images in the UBIRIS dataset (session one) were sub-
jected to the GAC segmentation routine and the results were
visually evaluated to determine the accuracy of segmentation.
The technique correctly segmented 56.6% of the images (682
images), was slightly off on 7.6% of images (92 images) and
could not segment 35.8% of the images (431 images).5 The seg-
mentation results on samples from the WVU off-angle, UBIRIS
and MMU1 databases can be seen in Figs. 21, 22 and 23, respec-
tively.

V. SUMMARY AND FUTURE WORK

The process of segmenting the iris plays a crucial role
in iris recognition systems. Traditionally, iris 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 GAC for iris segmentation, has been discussed.
The GAC scheme is an evolution procedure that attempts to
elicit the limbic boundary of the iris as well as the contour

5UBIRIS.v2 (session 2) iris images were captured in the visible spectrum un-
like irides in other databases which were captured in the near-infrared spectrum.
We are still working to make the segmentation scheme suitable for iris images
captured in the visible spectrum.

Fig. 23. Segmenting MMU1 irides using GAC.

Fig. 24. Over segmented iris images using GAC.

of the eyelid in order to isolate the iris texture from its sur-
roundings. Experimental results on the WVU nonideal and
the CASIA -Interval datasets indicate the benefits of the
proposed algorithm. The algorithm also aids in accurately
estimating the radius of the iris and its center. Since active
contours can assume any shape and can segment multiple
objects simultaneously, the proposed approach mitigates some
of the concerns associated with the traditional models. In the
literature, the integro-differential operators (Hough transforms)
are believed to be more robust for pupil segmentation. How-
ever, it must be noted that the technique used in this paper for
segmenting the pupil is suitable for operating on the iris images
of different databases (CASIA V3, WVU nonideal, UBIRIS,
etc.). Integro-differential operators for pupil segmentation are
also inherently slower than the approach used in this paper
due to the need for fitting circles with varying radii and center
coordinates on the image.

The stopping criterion for the evolution of GACs is image in-
dependent and does not take into account the amount of edge de-
tails present in an image. Thus, if the iris edge details are weak,
the contour evolution may not stop at the desired iris boundary
leading to an oversegmentation of the iris as shown in Fig. 24.
Oversegmentation can be avoided by developing an adaptive
stopping criterion for the evolution of the GACs.

In the future, the center of the iris and its radius can be
coarsely estimated using a faster technique and the GAC may
be initialized near the estimated iris boundary to determine
the exact shape of the iris. This will make the current imple-
mentation much faster and, therefore, suitable in operational
environments. The segmentation process can also be acceler-
ated by using a multiresolution approach. The evolution process
can be first initiated on a low-resolution image and an approx-
imate boundary determined. This boundary can be refined by
using higher resolution images. This will significantly increase
the segmentation speed and will be computationally efficient.
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Currently, we are looking at ways to enhance recognition per-
formance in the presence of noise. Specifically, the structure of
noise in an iris image could be indicative of the reflective prop-
erties of the various components of the iris. We hope to exploit
this property during the feature extraction and matching phases
of the iris recognition algorithm.
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