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Abstract

The paper presents an incremental method for accu-
rate iris segmentation. Firstly, observing the character-
istics of iris images, we search for a square region that
contains pupil within or nearby which a specular high-
light lies. Means and standard deviations of both pupil
and specular highlight are employed for detection of
such a square, and Integral Images are used to acceler-
ate the detection procedure. Next Canny edge detection
followed by Hough transform are used for accurate lo-
calization of pupillary boundary. Secondly, by seeking
points with maximum gradient along two line segments
radiating from pupil center, the radius of outer, limbic
boundary can be coarsely determined. According to the
rough radius, two annulus sectors are found out within
which limbic boundary is finely localized by Canny edge
detection plus Hough transform as well. The incremen-
tal technique reduces region for edge detection and pa-
rameter space for Hough transform, facilitating accu-
rate and fast iris segmentation. Experiments on pub-
licly available UBIRIS database show that the proposed
method has encouraging performance.

1. Introduction

With an increasing emphasis on security nowadays,
biometric technologies are becoming much more im-
portant than ever. In particular, iris recognition in re-
cent years receives growing interests. In contrast to
other biometrics technologies, such as fingerprint, face
or voice recognition, iris recognition has several distinct
advantages [3]: iris pattern of an individual is unique
and consistently stable, it is noninvasive and enjoys very
high recognition rate, among others.

Accurate iris segmentation is an important, prereq-
uisite step for a successful iris recognition system.
Two well-known iris segmentation approaches are at-
tributed to Daugman [3] and Wildes [9] respectively. In
his pioneering paper [3], Daugman developed integro-

differential operator to find cicular pupil and limbus
boundaries. It can be interpreted as a circular edge de-
tector, which searches, in a smoothed image by Gaus-
sian filter, the parameters of a circular boundary along
which the integral derivative is maximal. Wildes pro-
poses a two-stage iris segmentation method [9]: a gra-
dient based binary edge map is first constructed from
the intensity image, and next the inner and outer bound-
aries are detected via Hough transform.

Daugman’s and Wildes’ methods are very influen-
tial and dominate the basic ideas for iris segmentation.
However, as pointed out by Wildes [9], both methods
are likely to get poor results if more clutter is involved
or the subjects are less cooperative. Modern biomet-
rics recognition systems are required to need as little
cooperation of the subject as possible and thus should
be able to deal with heterogeneous characteristics of
iris images. Proença et al. [7] introduced unsupervised
clustering algorithms to segment the original intensity
image and then a method similar to Wildes’ is applied.
That method has proven to be robust in the presence of
heterogeneous and noisy images. Liu et al. [5] proposed
an improved iris segmentation method, which concerns
localizing inner then outer boundaries, reducing edge
points that are not on the boundaries of pupil and lim-
bus, and improving Hough transform etc. In [4], Huang
et al. developed a method where edge and region infor-
mation are combined and noise is also removed. Other
related techniques are omitted here, and a comprehen-
sive review is referred to [1].

Despite diverse algorithms proposed, accurate and
robust iris segmentation still remains to be far from
perfectly resolved, especially in challenging conditions.
We contribute to this field by proposing an incremen-
tal method, which uses idea of focus of attention: first
pupillary and then limbic boundaries, in each stage, raw
localization is followed by fine positioning. The reason
we first localizing inner boundary is that the pupil to-
gether with specular highlight have approximately uni-
form gray-levels, and are spatially adjacent. The incre-
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mental strategy facilitates accurate edge detection in-
volved and also decrease parameter spaces of Hough
transform. This idea leads to a new method for a pro-
gressive, accurate iris segmentation approach.

The remainder of this paper is organized as follows.
Section 2 details the proposed method. Experimental
results are provided in Section 3. And finally section 4
gives conclusion.

2. The proposed method

Our iris segmentation approach mainly consists of
two steps: 1) roughly locating a square region that
contains pupil, followed by Canny edge detection plus
Hough transform for accurate pupillary boundary lo-
calization; 2) roughly localizing two annulus sectors in
which limbic boundary is finely positioned.

2.1. Localizing pupillary boundary

In an iris image, a pupil region and a specular high-
light region have approximately uniform low and high
gray-levels respectively, and one neighbors the other.
The means and standard deviations (STDs) of both re-
gions are compactly distributed. Some iris images are
chosen from UBIRIS database [6] and their statistics are
learned. Figures 1(a), 1(b), 1(c) and 1(d) show respec-
tively the histograms of the mean and standard devia-
tion (STD) of pupil regions, and those of specular high-
lights. We can determine the ranges of means and STDs
of pupil and specular highlight, denoted respectively as
[T lPM , ThPM ], [T lPV , ThPV ], [T lHM , ThHM ] and
[T lHV , ThHV ]. Take the mean of pupil as an exam-
ple, using a univariate Gaussian G(µ, σ) to fit its distri-
bution, we can select T lPM = µ − 4σ and ThPM =
µ + 4σ.

For the purpose of rough localization of pupil, we
start to scan the whole iris image using varying-size
squares, searching for a set of candidate regions Sp =
{sp1, sp2, ..., spn} that may contain pupil, as shown in
Figure 2(a), whose means and STDs are in the inter-
vals [T lPM , ThPM ] and [T lPV , ThPV ]. For each of
the candidate regions, we scan further to look for pos-
sible existence of a sub-region with much smaller size,
whose means and STDs are respectively in the intervals
[T lHM , ThHM ] and [T lHV , ThHV ]. The regions that
do not satisfy this criterion are eliminated from the set
Sp, and we hence obtain a much smaller subset Sh of
Sp in which each contains a specular highlight. Please
refer to Figure 2(b) for the set Sh. Finally the posi-
tion of these candidate regions is averaged to get a final
square, as shown in 2(c), which is enlarged 50% in size
to obtain the raw region that contains pupil.
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Figure 1: Statistics of pupil and specular highlight. Top
row: histograms of pupil mean (a) and STD (b). Bot-
tom row: histograms of mean (c) and STD (d) specular
highlight.

It is obvious when searching for the set Sp and then
Sh, we need to calculate the mean and STD of ev-
ery square under consideration, which has high com-
putational cost. Fortunately, by the concept of Integral
Images [8], we can leverage greatly the computational
load. We construct the Integral Images of mean and
variance in one pass of the original iris image, through
which the mean and variance (and thus standard devia-
tion) can be computed by four array references respec-
tively. In addition, we can further restrict the searching
scales of both “pupil square” and “specular highlight
square”. As a result of these strategies the rough local-
ization process is time efficient.

It is straightforward to locate the inner circle that de-
scribes pupillary boundary accurately after getting the
rough location of the pupil. First, Canny edge detec-
tion [2] is used to generate an edge map of the sub-
image that contains pupil. Then Hough transform is
applied to the edge map for obtaining the parameters
of the inner circle. Figures 2(d) and 2(e) give respec-
tively edge map of the sub-image and fine localization
of the pupil.

2.2. Locating limbic boundary

On the basis of the inner circle center, we can esti-
mate roughly the outer circle radius along two line seg-
ments slightly below the horizontal line, as shown in
Figure 3(a). Figure 3(b) plots a 1D signal filtered with
Gaussian along the right line segment. After the 1D
signal is filtered, the first derivative of the filtered signal
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Figure 2: Pupillary boundary localization. Top row: the
set Sp (a) and Sh (b). Bottom row: the final square
containing pupil (c), edge map (d) after Canny edge de-
tection and inner circle (e) after Hough transform.

is computed discretely with central difference, as illus-
trated in Figure 3(c). It can be clearly seen that the point
with the maximum derivative is on the limbic boundary.

The crude radius R of the outer circle is adopted
as an average of those obtained from the left and
right line segments. Subsequently two symmetric an-
nulus sectors are determined ranging within the inter-
val [−26.5◦, 45◦], [135◦, 206.5◦], with the inner radius
0.8R and outer radius 1.2R respectively. Canny edge
detection plus Hough transform are applied to both an-
nulus sectors. In this way, we avoid possible occlusions
of eyelids or eyelashes, besides, Canny edge detector
is more accurate constrained in these annulus sectors.
Note that only vertical edge is considered. The two an-
nulus sectors and the edge detection results are respec-
tively shown in Figures 3(d) and 3(e).

As we have already obtained the center and radius of
pupil, it is possible to restrict both the center and radius
of outer circle characterizing limbic boundary to small
ranges. This can greatly reduce computational cost of
Hough transform. An example of iris segmentation can
be seen in Figure 3(f).

3. Experiments

Among some Iris databases public available,
UBIRIS database [6] is employed in which iris images
have much more heterogeneous characteristics involv-
ing large illumination changes, bad focus, severe image
noises etc. UBIRIS database consists of two sessions,
in which session 1 comprises 1214 iris images, and ses-
sion 2 is more challenging, comprising 663 images.
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Figure 3: Limbic boundary localization. Top row: the
left and right line segments (a) and filtered 1D signal (b)
along the right one. Middle row: gradient of 1D signal
(c) and the annulus sectors (d). Bottom row: edge map
(e) and outer circle (f).

200 iris images selected from Session 1 are used for
training to obtain the ranges of means and STDs of pupil
and specular highlight, and the remaining 1014 images
are used for testing. Note that the parameters learned
are applied directly to Session 2 without any adjust-
ment.

For the purpose of comparison, Wildes’ algorithm is
implemented with Matlab and tested in this database.
Cases of segmentation failure are determined visually.
Table 1 lists accurate rates of iris segmentation using
both algorithms.

Table 1: Accurate rate of iris segmentation

Method Session 1 Session 2 Time (s)
Proposed 98.13% 87.48% 0.65 (C++)
Wildes 86.64% 73.26% 3.60 (Matlab)

The failure of Wildes’ method is mainly because it is
difficult to determine appropriate threshold when edge
detection is done in the whole iris image. There are
roughly three reasons accounting for failure of our ap-
proach: one is that the eyes are completely or almost



completely closed; the second is poor quality of im-
ages due to illumination change, bad focus or noise;
and the third is inaccurate rough localization of pupil-
lary boundary. Figures 4(a) and 4(b) show respectively
results (18 out of 19) of inaccurate iris segmentation in
session 1, and those (81 out of 83) in session 2.

(a) Inaccurate iris segmentation in Session 1

(b) Inaccurate iris segmentation in Session 2

Figure 4: Inaccurate segmentation in UBIRIS database

To testify the robustness of the proposed method to
ranges learned, as discussed in section 2.1, we enlarge
all the four intervals by 20%, and run the program again.
Table 2 shows results, from which we can see when en-
larging the ranges, accurate rate decreases slightly, less
than 1% in Session 1 and less than 0.5% in Session 2.

Table 2: Accurate rate vs ranges of mean and STD

Interval Session 1 Session 2 Time (s)

Original 98.13% 87.48% 0.65 (C++)

Enlarge 20% 97.40% 87.16% 0.67 (C++)

4. Conclusion
The paper proposed an incremental iris segmenta-

tion method. According to mean and STD of pupil and
specular highlight and their spatial relationship, pupil
position is crudely localized, followed by Canny edge
detection and Hough transform for accurate position-
ing of iris boundary. After that, we roughly determine
two annulus sectors which contain parts of iris bound-
ary. In these two annulus sections we perform similar

edge detection plus Hough transform for fine localiza-
tion. The strategy of incremental focus of attention from
rawness to fineness not only reduces computations, but
also make localization more accurate. Experiments on
UBIRIS database show encouraging results. Future re-
search is to develop methods for localizing eyelids and
for eliminating eyelashes.
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