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Abstract—Iris segmentation is an essential module in iris recognition because it defines the effective image region used for
subsequent processing such as feature extraction. Traditional iris segmentation methods often involve an exhaustive search of a large
parameter space, which is time consuming and sensitive to noise. To address these problems, this paper presents a novel algorithm
for accurate and fast iris segmentation. After efficient reflection removal, an Adaboost-cascade iris detector is first built to extract a
rough position of the iris center. Edge points of iris boundaries are then detected, and an elastic model named pulling and pushing is
established. Under this model, the center and radius of the circular iris boundaries are iteratively refined in a way driven by the restoring
forces of Hooke’s law. Furthermore, a smoothing spline-based edge fitting scheme is presented to deal with noncircular iris
boundaries. After that, eyelids are localized via edge detection followed by curve fitting. The novelty here is the adoption of a rank filter
for noise elimination and a histogram filter for tackling the shape irregularity of eyelids. Finally, eyelashes and shadows are detected
via a learned prediction model. This model provides an adaptive threshold for eyelash and shadow detection by analyzing the intensity
distributions of different iris regions. Experimental results on three challenging iris image databases demonstrate that the proposed
algorithm outperforms state-of-the-art methods in both accuracy and speed.
Index Terms—Biometrics, iris segmentation, reflection removal, eyelid localization, eyelash and shadow detection, edge fitting.
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INTRODUCTION

W

the increasing demands of security in our daily
life, iris recognition has rapidly become a hot
research topic for its potential application values in
personal identification [1], [3], [8], [9], [12]. As shown in
Fig. 1, the iris of a human eye is the annular part between
the black pupil and white sclera. It displays rich texture
determined by many distinctive minutes (e.g., furrows,
rings, scripts, etc.). Such iris texture is commonly thought to
be highly discriminative between eyes and stable over
individuals’ lifetime, which makes iris particularly useful
for personal identification.
Iris segmentation is to locate the valid part of the iris for
iris biometrics [4], including finding the pupillary and
limbic boundaries of the iris, localizing its upper and lower
eyelids if they occlude, and detecting and excluding any
superimposed occlusions of eyelashes, shadows, or reflections, as illustrated in Fig. 1. Although state-of-the-art iris
features [3], [5], [6], [10] are very effective for iris
recognition, their performance is greatly affected by iris
segmentation. The reasons are given as follows:
.

ITH

Being the first step in iris recognition, iris segmentation defines the image contents used for feature
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extraction and matching, which is directly related to
the recognition accuracy. It is reported that most
failures to match in iris recognition result from
inaccurate iris segmentation [7].
. Speed is often a bottleneck in practical applications,
and iris segmentation is often found to be the most
time-consuming module in an iris recognition
system [3], [31].
However, several challenges are noted in practical iris
segmentation. For example, the iris is often partially occluded
by eyelids, eyelashes, and shadows (EES), especially for
oriental users. It can also be occluded by specular reflections
when the user wears glasses. Moreover, it is found that often,
the pupillary and limbic boundaries are noncircular and
therefore can lead to inaccuracy if fitted with simple shape
assumptions. Other challenges of iris segmentation include
defocusing, motion blur, poor contrast, oversaturation, etc.
(see Fig. 1 for illustrative examples). All of these challenges
make iris segmentation difficult; therefore, an accurate, fast,
and robust iris segmentation algorithm is highly desirable
and deserves more effort.

1.1 Related Work
The best known and thoroughly examined iris segmentation algorithm is perhaps due to the work of Daugman [2].
In [2], Daugman used the following integrodifferential
operator to find the circular boundaries of an iris:
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This operator serves as a circle finder which searches the
maximum angular integral of radial derivative over the
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k-means clustering algorithm on the position and intensity
feature vector of the iris image. Their results show that this
strategy significantly improves the robustness of edge mapbased segmentation methods for nonideal iris images. In
[22] and [23], Arvacheh and Tizhoosh and Abhyankar and
Schucker proposed using the active contour model to
accurately localize the pupillary and limbic boundaries.
Furthermore, Daugman [4] and Rakshit and Monro [25]
proposed to approximate both boundaries in terms of
Fourier series expansions (FSEs) of the contour data. In
detail, suppose fri gN1
i¼0 are N regularly spaced edge points.
The FSE method starts by calculating M discrete Fourier
coefficients fCk g of ri as follows:
Fig. 1. Examples of iris segmentation by the proposed methods on
various challenging iris images. Iris images with (a) severe eyelid
occlusion, (b) eyelash occlusion, (c) glass frame occlusion, (d) specular
reflections, (e) defocusing, (f) off-axis view angle, (g) motion ghost, and
(h) pupil deformation.

image domain. Another well-known iris segmentation algorithm is that proposed by Wildes [8]. In his work, iris
boundaries were localized via edge detection followed by
Hough transforms. Both algorithms achieve encouraging
performance. However, three inherent drawbacks remain
unsolved. First, they both need an exhaustive search over a
large N 3 parameter space, which makes the procedure time
consuming even if a coarse-to-fine strategy is applied.
Besides, both Hough transforms and the integrodifferential
operator are circle models and therefore may be trapped in
local maxima of noncircular iris boundaries. Most importantly, both [2] and [8] did not pay much attention on eyelid
localization (EL), and reflections, eyelashes, and shadows are
not considered at all. However, our practical experience
shows that the detection of reflections, eyelids, eyelashes, and
shadows should be a critical necessity, especially for oriental
users whose iris images suffer more from these occlusions.
In response to these challenges in iris segmentation and
drawbacks of the traditional algorithms, many new and
improved iris segmentation algorithms have been proposed. At the beginning, most researchers had focused on
improving circle-model-based methods [12], [13], [15], [16],
[14]. In [13], Liu et al. adopted a noise reduction scheme and
a hypothesis-and-verify scheme to improve the robustness
and accuracy of Wildes’ method. In [16], Trucco and Razeto
tried to find the optimal circle parameters of the iris
boundaries by a simulated annealing algorithm.
Soon, works on occlusion detection (e.g., eyelid and
eyelash detection) emerged in the literature [17], [18], [20],
[19]. In [17], Kong and Zhang developed an occlusion
detection model. In their model, eyelashes are detected and
verified based on three predefined criteria, and reflections
are detected via an iterative statistical test. Similar considerations are also taken by Huang et al. In [18], they
proposed to extract edges of eyelids, eyelashes, and
specular reflections by an analysis of the phase congruency.
More recently, the community have paid more and more
attention on the process of nonideal iris images [4], [21],
[22], [23], [24], [25], [26]. In [21], Proença and Alexandre
proposed a preprocessing method that applies the fuzzy

Ck ¼

N
1
X

ri e2Iki=N ; k ¼ 0; . . . ; M  1; I ¼

pﬃﬃﬃﬃﬃﬃﬃ
1:

ð2Þ

i¼0

Then, the iris boundary is approximated with N new edge
points:
r0i ¼

1
X
1M
Ck e2Iki=N ; i ¼ 0; . . . ; N  1;
N k¼0

ð3Þ

where M controls the trade-off between the smoothness and
the fidelity of the edge fitting (EF). In [4], Daugman also
presented a novel eyelash detection method based on the
statistical analysis of the image intensity.
From the above description, we can easily discover two
important issues in iris image segmentation. One is to
accurately localize the pupillary and limbic boundaries,
especially for nonideal iris images (e.g., the off-axis images).
The other is to deal with occlusions by reflections, eyelids,
eyelashes, etc. Although impressive segmentation accuracy
has been obtained by the above methods, many important
issues, however, have not yet been adequately addressed
and remain an open problem. Even in relatively cooperative
applications, iris segmentation is very challenging due to
various occlusions and large shape variations. In this paper,
we present a novel algorithm, aiming at accurate and fast
iris segmentation for iris biometrics. This algorithm consists
of four modules, as illustrated in Fig. 2, namely, reflection
removal and iris detection (RRID), pupillary and limbic
boundary localization (PLBL), eyelid localization (EL), and
eyelash and shadow detection (ESD).
The remainder of this paper is organized as follows: In
Section 2, the four modules are detailed step by step.
Experimental results on three challenging iris image
databases are given in Section 3. In Section 4, we present
the conclusions.

2

TECHNICAL DETAILS

2.1 Iris Detection after Reflection Removal
The objective of iris detection is not only to identify the
presence of an iris in input video sequences but also to
determine its position and scale. Iris detection, or object
detection in general, is a challenging problem in computer
vision due to the vast variations of appearances of the
object (e.g., illumination, occlusions, deformation, etc.).
Recently, the Adaboost-cascade detector proposed by Viola
and Jones [29] has been proven to be effective for detecting
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Fig. 2. The flowchart of the proposed iris segmentation algorithm. Four key modules are presented, namely, reflection removal and iris detection,
pupillary and limbic boundary localization, eyelid localization, and eyelash and shadow detection.

well-structured objects such as faces. Clearly, Adaboostcascade could be appropriate for iris detection since irises
from different individuals share a common structure, as
illustrated in Fig. 3g.
However, direct Adaboost-cascade learning on original
iris images tends to fail due to the specular reflections in iris
images. In order to get proper illumination, most iris cameras
use infrared illuminators, which introduce specular reflections in the iris images, as shown in Figs. 3a, 3b, and 3c. These
specular reflections will inevitably destroy the structure of
the iris, especially when the user wears glasses. To address
this problem, we propose a novel reflection removal method
before Adaboost-cascade learning.

o
, four
In order to interpolate the reflection point Pðx
o ;yo Þ
left
right
top
down
envelop points fPðx
; Pðx
; Pðx
; Pðx
g are defined
o ;yd Þ
l ;yo Þ
r ;yo Þ
o ;yt Þ

and calculated as follows:
(
xl ¼ max x :
x

(
xr ¼ min x :
x

Rðxþi;yo Þ ¼ 0; RðxþL;yo Þ ¼ 1; x < xo ; ð4:aÞ

L1
X

)
Rðxi;yo Þ ¼ 0; RðxL;yo Þ ¼ 1; x > xo ; ð4:bÞ

i¼0

(
yt ¼ max y :

L1
X

)
Rðxo ;yþiÞ ¼ 0; Rðxo ;yþLÞ ¼ 1; y < yo ; ð4:cÞ

i¼0

(
yd ¼ max y :
y

)

i¼0

y

2.1.1 Specular Reflection Removal
Usually, specular reflections appear as the brightest points
in the iris image Iðx;yÞ . In this work, we use a bilinear
interpolation method to fill the reflections. The method is
illustrated in Fig. 4. First, we use an adaptive threshold Tref
to calculate a binary “reflection” map Rðx;yÞ of Iðx;yÞ , as
shown in Fig. 4b.

L1
X

L1
X

)
Rðxo ;yiÞ ¼ 0; Rðxo ;yLÞ ¼ 1; y > yo ; ð4:dÞ

i¼0

where L controls the necessary separation between the
reflection points and their envelop points. L is set to 2 in
this work. Obviously, all of the neighbor points lying in the
same line share the same P l and P r , while all of the
neighbor points lying in the same column share the same P t
and P d , as shown in Fig. 4b. Once all of the envelop points
are obtained, the reflection point is filled by

Fig. 3. Illustrations of reflection removal, iris detection, and the common
iris structure. (a)-(c) Three original iris images with different specular
reflections. (d)-(f) The results of reflection removal and iris detection of
(a)-(c), where the reticle denotes the rough position of the iris center,
and the square is an indicator of the size of the iris. (g) The common iris
structure obtained by averaging 200 iris images in the ICE v1.0 iris
image database after reflection removal.

Fig. 4. Specular reflection removal. (a) An original iris image occluded by
reflections. (b) The reflection map and the envelop points, denoted with
bright and gray points, respectively. (c) The results of reflection removal.
Note that, even though several nonreflection points are mistaken as
reflection, little harm is made to the iris structure.
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ð5Þ

An interesting property of our method is its insensitivity
to the binary threshold Tref . Even though some nonreflection points (e.g., the bright eyelid region due to oversaturation) are detected, little or even no harm is done to the
iris structure because their envelop points are also bright.
This property allows us to choose a loose value for Tref .
However, more detected points mean more computation.
We adopt the top 5 percent brightest intensity in the iris
image as the adaptive value of Tref for the trade-off between
accuracy and computation efficiency. Moreover, we exclude
the candidate reflection regions of large size to avoid the
oversaturated eyelid region, and we detect and fill the
reflections on a downsampled image to accelerate the
computation.

2.1.2 Adaboost-Cascade Iris Detector
We adopt the Adaboost-cascade to train an iris detector.
Basically, Adaboost-cascade learns a small set of features
from a large feature pool by repeatedly calling the Adaboost
learning algorithm and combines them into a strong
cascade classifier [29].
In the training stage of the Adaboost-cascade iris detector,
10,000 positive samples and 28,939 negative images are
collected to serve as the training set. Here, each positive
sample is a resampled region of interest (ROI) of the iris image
with a size of 24  24, while negative samples can be any noniris images (see the boxed region in Figs. 3d, 3e, and 3f for
positive examples). Note that the specular reflections in each
iris image must be preremoved before training. Haar-like
features [28] are extracted to capture the structure information of the iris. In our experiments, Real-Adaboost [30] is
adopted to select and combine the most discriminative
features into a cascaded classifier. The learned iris detector
includes 5 layers and 346 Haar features.
At the execution stage, the learned iris detector searches
over subwindows of different scales and positions of the
input image (also after reflection removal). If there are any
subwindows that can pass all five layers’ validation, the
input image is considered to be an iris image and the
position and scale of the best subwindow are output or else
the input image is discarded as a non-iris image. Figs. 3d,
3e, and 3f show three examples of iris detection, where the
reticle denotes the rough position of the iris center and the
square is an indicator of the size of the iris. More details of
Adaboost may be found in [28], [29], [30].
The effect of iris detection is twofold: Non-iris images are
excluded before further processing so that unnecessary
computation is avoided; a rough position of the iris center is
obtained in iris images, which paves the way for PLBL, as
we will see in Section 2.2.
2.2 Pulpillary and Limbic Boundary Localization
In our previous work, the pupillary and limbic boundaries
are modeled as two nonconcentric circles, as usually done
in the iris community [2], [8]. Thanks to this particular
circular structure, a novel iterative pulling and pushing (PP)

Fig. 5. The basic idea of the PP method. Each “spring” will produce a
restoring force to resist its deformation. As a result, the current center is
pulled or pushed until it reaches the equilibrium position. A desirable
property is that theoretically only three edge points are required for the
PP method to determine the parameters of a circle, as illustrated in (d).

method had been proposed and elementarily described in
our earlier work [31]. In this section, several important
considerations involved in its effective implementation are
presented after a brief introduction. Furthermore, we
develop a novel EF method based on the PP method for
more precise iris localization. This method is useful for
dealing with noncircular iris images (e.g., the off-axis ones).

2.2.1 The Pulling and Pushing Method
The inspiration of the PP method stems from Hooke’s law
[31], [32]. Its mechanics are illustrated in Figs. 5a and 5b,
where fSi gN1
i¼0 denotes N identical massless springs with the
equilibrium length R and spring constant k. One end of the
springs is attached to a circle whose radius is R and the other
end joins at point O. At the beginning, all of the springs are
relaxed, and O is the equilibrium position, as shown in Fig. 5a.
Then, an appended force is exerted on O to make it move to O0
slowly. As a result, each spring produces a restoring force to
resist the introduced deformation:
!
fi ¼ kðR  ri Þ!
ei ; i ¼ 0; 1; . . . ; N  1;

ð6Þ

where ri is the current length of Si and !
ei is its direction
radiating from O0 . As illustrated in Fig. 5b, the composition
!
0
of ffi gN1
i¼0 will push O back to its equilibrium position O
after the appended force is removed. Here, the composition
!
force F is obtained by

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on October 14, 2009 at 20:39 from IEEE Xplore. Restrictions apply.

1674

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE,

VOL. 31,

NO. 9,

SEPTEMBER 2009

Fig. 6. The flowchart of the PP method with an illustration. (a) The result of iris detection (see Section 2.1). (b) Edge detection in polar coordinates.
(c) The PP forces in Cartesian coordinates. (d) The new estimation driven by the forces in (c).

X!
! N1
F ¼
fi :

ð7Þ

i¼0

Based on such mechanics, the PP method is developed.
Let us take the localization of the pupillary boundary as an
example (the limbic boundary can be similarly located).
Suppose O0P is the rough position of the pupil center
obtained by iris detection in Section 2.1, the PP method then
works as follows:
1.

2.

Transform the original iris image into polar coordinates (centered by O0P ) and perform vertical edge
detection on it. Only one edge point along each
column is preserved to avoid most of the noisy edge
points, as shown in Fig. 6b. In addition, only the
½3=4; 9=4 sector is used to avoid the influence of
the upper eyelid occlusion.
Join each resulted edge point fPi gN1
i¼0 and the center
point O0P with an imaginary spring-like line in the
Cartesian coordinates. As a result, we get N identical
“springs” attached to a circle and meeting at O0P , as
shown in Fig. 5c. The equilibrium length and the
spring constant of these “springs” are set to
R ¼ 1=N 

N1
X

O0p Pi ;

ð8Þ

i¼0

kpp ¼ 1=N:

ð9Þ

Then, the same situation appears as in Fig. 5b, i.e., each
!
“spring” produces a restoring force fi to resist the
introduced deformation along their radial direction:
!
ei ; i ¼ 0; 1; . . . ; N  1:
fi ¼ kpp ðR  ri Þ !

The PP method has several advantages over traditional
circle-model-based iris segmentation methods (e.g., the
integrodifferential operator [2] and Hough transforms [8]).
First, it is more accurate, especially when pupil distortion
occurs. As we will demonstrate in Section 3, only the points
that locate on a circle will be considered and calculated by
the integrodifferential operator and Hough transforms (i.e.,
the distortion part will not be taken into consideration).
That implies a local optimum. In contrast, under the PP
model, all of the edge points will contribute a “force,”
whether it locates on a circle or not, resulting in a more
globally optimal iris center and radius. Second, it is more
robust and insensitive to noise (e.g., occlusions) than [2] and
[8]. On one hand, the edge points used in the PP method are
detected in the polar coordinates, which is only a simple
line detection problem. On the other hand, theoretically,
only three points are required for the PP method to
determine the parameters of a circle (see Fig. 5d). This
allows us to apply strict criteria to guarantee the validness
of each edge point. Finally, the PP method is more efficient
in computation. As an iterative algorithm, the PP method
can take advantage of previous iterations. And, under
proper configuration, this iteration process can converge
quickly and stably. In other words, an optimal path can be
found by the PP method, while [2] and [8] have to perform a
brute-force search over a large N 3 space.

2.2.2 Special Considerations
As we will see in Section 3, the PP method achieves
impressive performance. In this section, we address some
practical problems involved in its effective implementation.
1.

ð10Þ

Similarly, the resultant force is obtained by (7), and O0p is
then pulled and pushed closer to Op , as shown in Fig. 5c.
The above process is repeated until Op and R converge to
the genuine position. The flowchart of the PP method is
depicted in Fig. 6 with an illustration. Note that the edge
points involved in the PP method are not necessarily equally
spaced since each of them is individually tuned by !
ei .

The initial position of the pupil center. In this work, the
initial position is provided by iris detection (see
Section 2.1). An attractive property of the PP method
is that it can be initialized from significantly farfrom-target states and still reaches the genuine
position quickly. The least essential requirement is
that the initial position must be located within the
pupil region, which is usually not a problem for
state-of-the-art iris detection methods. We will
further discuss this issue in Section 3.2.
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2.

3.

Edge point detection. The more accurate the edge
points are, the faster and more accurate the localization will be. We use two strategies to suppress noisy
edge points. First, detecting edge points in polar
coordinates transforms the complicated circular
edge detection problem to a simpler line detection
one. Second, only one point is reserved in each radial
direction, which excludes most noisy edge points.
The setting of the “spring” constant kpp . A small kpp will
slow down the convergence, while a large kpp can
induce divergence. A possible solution of increasing
the rate of convergence yet avoiding the danger of
instability is to modify (7) by including a so-called
momentum term as in the standard Back-Propagation (BP) algorithm in neural computing [33]:
1
X
!
!ðk1Þ
!ðkÞ N
fi þ   F
;
F ¼

ð11Þ

i¼0

4.

1675

where  is commonly referred to as a forgetting
factor and is typically chosen in interval (0, 1). The
insight of such a modification is that if the resultant
!
force F is in the same direction on consecutive
!
iterations, F grows in magnitude and vice versa.
Convergence criteria. The PP method iterates until
ðkÞ
either of the two criteria is satisfied: a) OðkÞ
p and Rp
converge and b) the number of iterations exceeds a
predefined threshold Imax . Criterion 2 avoids the PP
method being trapped in an infinite cycle.

2.2.3 Edge Fitting Based on the PP Method
Although higher tolerance to pupil distortion has been
achieved by the PP method, it remains an inherent problem
for all circle-model-based iris localization methods when
encountering noncircular iris boundaries. To address this
problem, more disciplined edge fitting methods (e.g.,
snakes [4]) should be a good choice. Fortunately, the PP
method possesses a natural capability to achieve this goal.
From the above description, we can see that the PP method
consists of a set of edge detection plus circle fitting
iterations (see Figs. 6b and 6c for illustration), which means
that the PP method itself is developed based on edge fitting.
In other words, in order to get the exact edge positions, one
only needs a next edge detection step after the PP procedure
converges. However, the originally detected edge data often
contain interruptions due to occlusions of eyelids, reflections, etc.; it is therefore necessary to mend the interruptions to continue the trajectory. Furthermore, the edge
points are generally imperfectly detected (i.e., with deviations); therefore, it is also necessary to impose a constraint
on the smoothness of the EF.
Let us start from N detected edge points fi ; ri gN1
i¼0 by
the PP method. Here, fi gN1
are
typically
but
not
i¼0
necessarily regularly spaced. Moreover, fri gN1
are
geni¼0
erally imperfectly detected with a confidence interval
½ri  ; ri þ . Our goal is to calculate an approximation
of the iris boundary fRj gL1
j¼0 while satisfying both the
continuity and smoothness criteria above. An excellent way
to achieve this goal is to approximate the iris boundary with
a cubic smoothing spline. A cubic spline is a piecewise

Fig. 7. The approximation of the pupillary and limbic boundaries via
cubic smoothing spline. The red cross points show the original detected
edge points by the PP method (with interruptions and deviations). The
superimposed white lines in the box and on the iris are the
approximation results via a cubic smoothing spline of p ¼ 0:85 for
pupillary boundary and p ¼ 0:5 for limbic boundary, respectively.

continuous curve. For each interval ½i ; iþ1 , there is a
separate cubic polynomial:
Si ðÞ ¼ ai ð  i Þ3 þ bi ð  i Þ2 þ ci ð  i Þ þ di
for  2 ½i ; iþ1 :

ð12Þ

Together, these polynomial segments are denoted by SðÞ,
the spline [34]. A cubic smoothing spline is a spline that
looks for the minimum of the function:


N
1
X
i¼0

½ri  Sði Þ2
þ
2

Z

2

jS 00 ðÞj d:

ð13Þ

After simplification, (13) can be rewritten as
p

N
1
X

½ri  Sði Þ2 þð1  pÞ

Z

2

jS 00 ðÞj d;

ð14Þ

i¼0

where the first item measures how close the spline comes to
the edge data and the second item measures the roughness
of the fitting. Accordingly, the smoothing parameter p
determines the relative weight on having SðÞ close to the
data versus having SðÞ smooth. For example, putting p ¼ 0
allows SðÞ to be the least squares straight line, whereas
putting p ¼ 1 forces SðÞ to interpolate without regard to
curvature. Experimental results show that p ¼ 0:85 is a good
choice for pupillary boundary, whereas p ¼ 0:5 seems more
proper for limbic boundary.
Given p, (14) becomes a standard linear system of
fai ; bi ; ci ; di gN1
i¼0 and can be easily solved with the EulerLagrange methods [34], [35]. As a result, the approximation
L1
fRj gj¼0
are calculated by Rj ¼ Sðj Þ. Fig. 7 illustrates the
approximation to the iris boundaries via the smoothing
spline method. The red cross points in Fig. 7 show the
originally detected edge points by the PP method (with
interruptions and deviations). The superimposed white
lines in the box and on the iris are the approximation results
with a cubic smoothing spline of p ¼ 0:85 for the pupillary
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Fig. 8. The flowchart of eyelid localization with an illustration. (a) The
ROI (Region of Interest) of the original iris image, on which a horizontal
rank filter with L ¼ 7 and p ¼ 2 is illustrated. (b) Result of rank filtering.
(c) Result of vertical edge detection. (d) Result of histogram filtering.
(e) Result of curve fitting.

boundary and a cubic smoothing spline of p ¼ 0:5 for the
limbic boundary. We can see that the approximation is
satisfying.
One advantage of the smoothing spline is that it operates in
the polar coordinates, taking advantage of the circle-like
geometry of the iris boundaries. More importantly, it has
natural capability to interruptions (i.e., irregular i ) and is
highly tolerant to inaccurate edge points ri via  in (13). Note
that the cubic smoothing spline is just one of the candidates
for iris boundary fitting. Other curve fitting methods can also
be easily applied under the PP framework.

2.3 Eyelid Localization
An even harder problem involved in iris segmentation is to
locate the upper and lower eyelids. The shape of eyelids is
so irregular that it is impossible to fit them with simple
shape assumptions. In addition, the upper eyelid tends to
be partially covered with eyelashes, making the localization
more difficult. Fortunately, these problems can be solved by
a 1D rank filter and a histogram filter. The 1D rank filter
removes the eyelashes, while the histogram filter addresses
the shape irregularity.
2.3.1 Eyelid Models
To tackle the shape irregularity of eyelids, three typical
models of upper eyelid (M1  M3 in Fig. 9a) are statistically
established by clustering the manually labeled eyelids in a
training set. The idea is that, given a probe upper eyelid, its
shape similarity with M1  M3 is calculated and the model
with the highest similarity score is taken as an initial guess
of its shape. Although it is inaccurate, this initial guess
provides cues for noise elimination.
2.3.2 Implementation of Eyelid Localization
The flowchart of the proposed EL method is depicted in
Fig. 8. Let us take the localization of upper eyelid as an
example, the method works as follows:
1.

2.

Crop the image ROI. As shown in Fig. 8a, the
ROI ðIROI Þ of the iris image is cropped based on the
localization results in Section 2.2.
Filter IROI with a 1D horizontal rank filter. With the
observation that the eyelashes are mostly vertical
thin and dark lines, IROI is horizontally filtered with
a 1D rank filter. A rank (or order-statistic) filter is a

Fig. 9. Histogram filtering. (a) A plot of the learned upper eyelid models
M1  M3 with a test eyelid Eraw of (d). (b) The subtractions between
M1  M3 and Eraw . (c) The histogram representations of (b). (d) A set of
candidate eyelid points ðEraw Þ. (e) The genuine eyelid points after
histogram filtering. (f) The eyelid obtained by parabolic curve fitting.

nonlinear filter whose response is based on ranking
(ordering) the pixels contained in the image area
encompassed by the filter. For example, the rank-p
filter will replace the value of a pixel by the pth gray
level in the neighborhood of that pixel encompassed
by the rank filter. Fig. 8a shows the pixel values of a
local block encompassed by a 1D horizontal rank
filter with its length L ¼ 7 and its rank p ¼ 2. The
center pixel is reset to 104 in this case. Clearly, L
controls the smoothness of the filtered image and the
rank p determines the intensity level one wants to
reserve. In our experiments, we found that L ¼ 7 is a
good choice for the length of the rank filter, and we
chose p ¼ 2 in order to remove the dark eyelashes.
After horizontal rank filtering, most eyelashes will
be weakened or even eliminated in the resultant
image ðIranked Þ depending on their width, leading to
a clearer eyelid boundary (see Fig. 8b).
3. Calculate a raw eyelid edge map. Edge detection is
then performed on the upper region of Iranked along
the vertical direction, resulting in a raw eyelid edge
map Eraw (see Fig. 8c). Note that only one edge point
is reserved along each column so that most noisy
edges are avoided.
4. Eliminate noisy edge points via shape similarity
calculation. Eraw ’s shape similarity with M1  M3 is
calculated. The model with the highest similarity
score is taken as a guess of Eraw ’s shape. Only the
points in accordance with the candidate shape
model are reserved as genuine eyelid points, while
other points are excluded, as shown in Fig. 8d.
5. Fit the eyelid with a parabola curve. The exact shape
of the eyelid is obtained by parabolic curve fitting
(see Fig. 8e).
A novelty of this eyelid localization method is that
histograms are adopted to measure the shape similarity
between Eraw and M1  M3 . The motivation is that if Eraw is
similar to one of the three models in terms of shape, their
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Fig. 10. Eyelash and eyeshadow detection via the learned prediction
model. (a) Adaptive iris division and the ES detection results. (b) The
prediction model for ES detection. The candidate iris region is divided
into two parts, ESfree and EScandidate , and an adaptive eyelash&eyeshadow detection threshold is obtained via the prediction model by
calculating the histogram dissimilarity of the ESfree region and the
EScandidate region.

subtraction should resemble a horizontal line, which means
a peak in its histogram representation. And the higher the
peak, the more similarity between the pair. For instance,
Fig. 9a shows the learned upper eyelid models M1  M3
and a test eyelid Eraw (see Fig. 9d). The subtractions
between M1  M3 and Eraw are calculated and shown in
Fig. 9b. The corresponding histograms of these subtractions
are shown in Fig. 9c (Gaussian smoothness can be applied
to these histograms to get a more smooth representation). In
this case, M2 is the most similar one with Eraw in terms of
shape. We can see that their subtraction resembles a
horizontal line very well except for several noisy points.
This “horizontal line” results in a highest peak in the
histogram representations; therefore, M2 is adopted as a
coarse estimation of the shape of Eraw . Based on this
estimation, the points that are consistent with the shape of
M2 (i.e., the points whose subtraction value is around the
peak value) are reserved as genuine eyelid points, while
other points are excluded, as shown in Fig. 9e. We call this
noise elimination scheme histogram filtering for it is based
on histogram operations.
Here, the histogram filtering step is useful because it
improves the localization accuracy compared to direct
parabolic curve fitting on Eraw . One can apply other noise
elimination strategies to achieve the same goal. A similar
approach is used to locate the lower eyelid, with another
three models of lower eyelid.

2.4 Eyelash and Shadow Detection
Eyelashes and shadows (ES) are another source of occlusion
that challenges iris segmentation. The basic idea of our
solution is to extract an appropriate threshold for ES
detection via a statistically established prediction model.
The most visible property of ES is that they are generally
darker than their backgrounds (eyelids or iris); a straightforward detection strategy is therefore thresholding. However, it usually fails to get a proper threshold due to the
large variations of the intensity and amount of ES between
individual iris images. Inspired by the work of Daugman
[4], we have developed a new method to get a proper
threshold by analyzing the intensity distributions of
different iris regions [19]. As shown in Fig. 10a, our
approach begins with dividing the candidate iris region
into two parts: ESfree and EScandidate . Then, the intensity
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histograms of both regions are calculated, respectively (e.g.,
the ones imposed on the upper-left box of Fig. 10b).
Obviously, if the EScandidate region is occluded by eyelashes
or shadows, its histogram should be different from that of
the ESfree region. In a further step, the more occlusion, the
bigger difference between them. Therefore, we can predict
the amount of the ES occlusion according to the level of
difference between the two histograms. And considering
that ES are usually the darkest points in the candidate iris
region, we can easily get a proper detection threshold.
Fig. 10 shows how ES are detected. The circles in Fig. 10b
shows the relationship between the amount of ES occlusion
and the histogram dissimilarity of ESfree and EScandidate
(manually estimated on the CASIA-IrisV3-Lamp iris image
database). Here, 2 distance is adopted to measure the
dissimilarity between two considered histograms h1 and h2
as follows:
2 ¼

255
X
ðh1i  h2i Þ2
i¼0

h1i þ h2i

:

ð15Þ

The solid line in Fig. 10b is the prediction model learned by
fitting these raw data points with a cubic polynomial curve.
According to this prediction model, we can get an
appropriate threshold for ES detection. For example, if the
2 distance of the histograms of ESfree and EScandidate is
1.05, we can say that the amount of the ES occlusion is about
22 percent. Accordingly, we set the detection threshold to
the intensity up to which the sum of the histogram of
EScandidate is above 22 percent. Thus, an adaptive ES
detection threshold is obtained which results in an
impressive detection result, as shown in Fig. 10a.
Finally, we refine the detection result by checking the
connectivity of the candidate points to the upper eyelid. The
idea is that most eyelashes and shadows appear near the
upper eyelid [17]. This refinement is necessary because it
relaxes the burden of selecting the detection threshold. It
allows us to not spend too much effort trying to find an
optimal threshold but just a moderately good and loose one.

3

EXPERIMENTAL RESULTS

Experiments are carried out to evaluate the efficiency of the
proposed methods. Three iris image databases are adopted:
UBIRIS v1.0, CASIA-IrisV3-Lamp, and ICE v1.0. All of these
iris image databases are challenging. The UBIRIS v1.0 iris
image database is released by University of Beira, Portugal.
It includes 1,877 images captured from 241 subjects in two
distinct sessions [37]. Several noise factors (e.g., reflections,
luminosity, occlusions, and defocus) were introduced in the
second session, simulating a noncooperative imaging
environment. This subset is usually thought to be difficult
for iris segmentation [21]. The CASIA-IrisV3-Lamp iris
image database [38] is released by the Institute of Automation, Chinese Academy of Sciences. It contains 16,213 iris
images from 819 eyes and all of the subjects are Chinese. It
was collected in an indoor environment with illumination
change and contains many poor images with heavy
occlusion, poor contrast, pupil deformation, etc. To the best
of our knowledge, this is the largest iris image database in
the public domain. The ICE v1.0 iris image database was
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Fig. 12. The detection accuracy of the learned Adaboost-cascade iris
detector on the ICE v1.0 iris image database. (a) The relative distance in
terms of the pupil center and radius. (b) and (c) The detection accuracy
before and after specular reflection removal, where the x axis denotes
the detection accuracy jOID OP P j and the y axis denotes the number of
images. We can see that the detection accuracy is significantly improved
with reflection removal.

Fig. 11. Specular reflection removal on UBIRIS v1.0 iris image database.
(a) and (b) The original iris images with two typical reflection patterns.
(c) and (d) The results of reflection removal on (a) and (b).

released by the National Institute of Standards and
Technology (NIST) for “Iris Challenge Evaluation” [13],
[39] in 2005. It includes two subsets: ICE-Left and ICERight. ICE-Left contains 1,5271 iris images from 119 left
eyes, while ICE-Right contains 1,426 iris images from
124 right eyes. Most of the subjects are occidental. Some
of its images are of poor quality due to defocus, occlusion,
and oblique view angles. The images from UBIRIS v1.0 are
24-bit color images with a resolution of 400  300, while
those from both CASIA-IrisV3-Lamp and ICE v1.0 are 8-bit
intensity images with a resolution of 640  480.
It is interesting to compare our method with several
conventional iris segmentation methods, so Daugman’s
integrodifferential operator [2], Wildes’s edge detection plus
Hough transforms method [8], Daugman’s latest EF method
(i.e., the FSEs), and Daugman’s statistical inference-based
eyelash detection (SIED) method [4] are also implemented
and tested for comparison. These methods are chosen
because of the great success they have achieved. All of the
experiments were performed using V C on a Pentium IV
3.0 GHz processor with 1 Gbyte RAM.

3.1

Accuracy of Reflection Removal and Iris
Detection
In this section, we evaluate the efficiency of the proposed
reflection removal method on the UBIRIS v1.0 iris image
database and the accuracy of the Adaboost-cascade iris
detector on the ICE v1.0 iris image database. All of the iris
images in UBIRIS v1.0 Session-2 are processed by the
proposed reflection removal method. Manual evaluation
shows that more than 96 percent specular reflections can be
successfully detected and properly filled. Two typical
examples are given in Fig. 11, where Figs. 11a and 11b
correspond to the original iris images, while Figs. 11c and
11d show the results of reflection removal. We can see that
most reflection points are properly filled. Moreover, thanks
1. Note that the mislabeled iris image is corrected in our experiment.

to the bilinear interpolation strategy, the iris structure is
perfectly preserved even though several nonreflection
points are mistaken and filled as reflection points.
Efficient reflection removal paves the way for accurate
iris detection. In this work, the accuracy of iris detection is
measured by the distance between the pupil center obtained
by the iris detector (i.e., OID ) and that obtained by fine iris
localization (i.e., the PP method, OP P ). A smaller distance of
jOID OP P j means higher detection accuracy. The detection
results of our iris detector on the ICE v1.0 iris image
database are shown in Fig. 12, where Figs. 12b and 12c are
the detection accuracy before and after reflection removal,
respectively. In Figs. 12b and 12c, the center distance
jOID OP P j is normalized by the pupil radius for size and
dilation to be invariant, as illustrated in Fig. 12a. So, a
distance larger than one means a failure to detect (i.e., out of
the pupil). We can see that the detection accuracy is
significantly improved with reflection removal. In addition,
most detection results locate around the pupil center
ðjOID OP P j < 1:0Þ, which obviously meets the requirement
of the coming PP module.
A problem in the Adaboost detector is the false-alarm
rate. Fortunately, this problem is not serious in our
particular iris detection application because of 1) the
simplicity of the iris structure and 2) the relatively small
scale and position variation of iris in the iris images. Note
that, even if some non-iris images can pass the validation of
the iris detector, they can still be excluded since it is almost
impossible for non-iris images to converge during the
PP procedure.

3.2 Convergence Capability of the PP Method
In this section, we test the convergence capability of the PP
method with respect to the initial positions, the “spring”
constant ðkpp Þ, and the number of edge points (i.e., the number
of springs, N). One hundred images are randomly selected
from the ICE v1.0 iris image database as the test set. Different
initial positions, different kpp values, and different numbers of
edge points are fed into the PP method to evaluate its
convergence capability. The test results are depicted in
Fig. 13, where the x axis represents the distance between the
initial position and the iris center (normalized by the pupil
radius, as illustrated in Fig. 12a), and the y axis represents the
average number of iterations before convergence. Fig. 13a
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Fig. 13. The convergence capability of the PP method. (a) The number
of iterations with respect to different initial positions and spring constant
kpp . (b) The number of iterations with respect to different initial positions
and the number of edge points N.

shows the convergence capability of the PP method with
respect to the initial positions and the spring constant kpp (N
is fixed to 32), while Fig. 13b shows that of the PP method
with respect to the initial positions and the number of edge
points N (kpp is fixed to 1=N). In Fig. 13, we can see the
following:
.

.

.

The PP method almost always converges in a
relatively constant speed (e.g., around 4.7 PP rounds
on average when N ¼ 32 and kpp ¼ 1=N) once the
initial position is located within the pupil region
ðx < 1:0RP Þ. This requirement on the initial position
is not a problem for most state-of-the-art coarse iris
localization methods.
The larger kpp is, the faster the convergence.
However, a too large kpp can induce instability in
the PP method and hence slow down its convergence. Empirical analysis shows that kpp ¼ 1=N is a
good trade-off between the convergence speed and
stability.
More edge points (larger N) can increase the
convergence capability of the PP method (at the cost
of more computation for edge detection). However,
when N exceeds 32, the increment becomes smaller
and smaller. It has been found that a good choice of
N for ensuring the convergence with appropriate
computation efficiency is N ¼ 32.

3.3 Accuracy Illustrations and Explanations
In this section, we compare the segmentation accuracy of
the proposed methods with the three well-known iris
segmentation methods proposed by Daugman [2], [4] and
that by Wildes [8]. Hereafter, we use the symbol
SGAuthor:Methods to denote different method configurations
of different authors’ algorithms. For example, SGW il:Hough
means localizing the circular iris boundaries and the eyelids
with Wildes’s edge detection plus Hough transforms
method [8], SGDau:ItgDiffþF SEþSIED means first localizing
the circular iris boundaries and the eyelids with Daugman’s
integrodifferential (ItgDiff) operator [2] and then refining
the segmentation with his latest FSE-based EF method and
his SIED method, SGP ro:P P þEF þELþESD means the iris
segmentation via the proposed PP method, the smoothing-spline-based EF method, the EL method and the ESD
method.
Fig. 14 shows the segmentation results of a challenging iris image whose pupillary boundary is significantly

Fig. 14. Segmentation results by different algorithms on one challenging
iris image. (a) The original iris image. (b) and (c) Edge fitting and eyelash
detection results by SGDau:ItgDiffþF SEþSIED and SGP ro:P P þEF þELþESD ,
respectively. (d)-(f) The circle fitting and eyelid localization results by
SGDau:ItgDiff , SGW il:Hough , and SGP ro:P P þEL , respectively.

deformed and interrupted. In particular, Fig. 14a shows
the original iris image. Figs. 14d, 14e, and 14f show the
localization results of the circular iris boundaries and the
eyelids with three circle-model-based methods, namely,
SGDau:ItgDiff , SGW il:Hough , and SGP ro:P P þEL . Figs. 14b and
14c show the segmentation results of two EF and
eyelash detection methods, SGDau:ItgDiffþF SEþSIED and
SGP ro:P P þEF þELþESD , respectively.
Let us begin with the comparison between the three
circle-model-based iris localization methods shown in
Figs. 14d, 14e, and 14f. We can see that SGP ro:P P clearly
outperforms the other two methods. This is because, under
the framework of SGDau:ItgDiff and SGW il:Hough , only the
points that locate on a circle will be taken into account,
which leads to a local optimum when pupil deformation
occurs. On the contrary, under the PP model, every edge
point will contribute a “force” whether it locates on a circle
or not, which ensures a more global solution in such cases.
In particular, although both SGP ro:P P and SGW il:Hough
involve edge detection plus circle fitting operations,
SGP ro:P P can be more robust than SGW il:Hough thanks to
the noise reduction schemes. First, the edge points in the PP
method are detected in the polar coordinates, which is only
a simple line detection problem. Second, only one edge
point is reserved in each radial direction, which excludes
most of the noise. Our practical experience indicates that the
elimination of noisy edge points can significantly improve
the segmentation accuracy during both iris localization and
eylid localization.
Next, let us come to the comparison between the two
edge fitting methods shown in Figs. 14b and 14c. We can see
that SGDau:ItgDiffþF SE produces slightly less satisfying
fitting result to the iris boundaries. This is mainly due to
the interruptions in the edge data. It has been observed that
SGDau:ItgDiffþF SE and SGP ro:P P þEF give almost the same
fitting results when there are no interruptions in the iris
trajectories. However, when the trajectory interrupts (e.g.,
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due to occlusions), SGP ro:P P þEF usually shows more
robustness. This is not surprising since the FSE method
are
requires regularly spaced ri in (2). When fi gN1
i¼0
irregularly spaced, the FSE method will fail without proper
remedies [25]. Besides, the FSE method does not take into
consideration the deviations of ri . In contrast, the proposed
smoothing spline is not only naturally tolerant to irregular
i but also takes full consideration of the deviations  of ri
(see (13)), resulting in a more robust and accurate fitting to
these difficult iris boundaries.
In terms of the accuracy of EL, as shown in Figs. 14d,
14e, and 14f, we can observe that all three methods
achieve almost the same localization result. One reason is
that the example iris image has a relatively simple eyelid
for localization. When dealing with more challenging
eyelids (e.g., those shown in Fig. 1), SGP ro:EL outperforms
SGDau:ItgDiff and SGW il:Hough . This is because, when
localizing the eyelids, the integrodifferential operator in
SGDau:ItgDiff tends to be sensitive to local intensity changes,
while the Hough transforms in SGW il:Hough can be brittle to
noisy edge points (e.g., those due to eyelashes). These
drawbacks of SGDau:ItgDiff and SGW il:Hough often lead to
inferior optima while localizing the eyelids. In contrast,
under the proposed eyelid localization framework, the 1D
rank filter removes most of the eyelash noise and the
histogram filter deals with the shape irregularity very well,
which together guarantee the accuracy of our eyelid
localization results.
In terms of eyelash and shadow detection, we can
observe that the proposed method achieves encouraging
detection accuracy. This is because 1) a refined division of
the candidate iris region is used, as depicted in Fig. 10a, and
2) the prediction model is efficient in determining an
appropriate ESD threshold. In particular, shadow detection
for the first time acts as an independent module in iris
segmentation, which enables more precise labeling of the
invalid iris region for subsequent encoding and matching
modules.
More segmentation results by the proposed methods on
several challenging iris images are shown in Fig. 1 (note that
the reflections in these images are also superimposed for
clear illustration). Some of these images were collected
during the practical application of our iris recognition
system. In Fig. 1, we can see that successful iris segmentations are achieved in the presence of eyelids, eyelashes,
glass frame, specular reflections, defocusing, off-axis view
angle, motion ghost, and pupil deformation. This clearly
demonstrates the accuracy and robustness of our methods
to typical iris noise in practical applications.
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(i.e., reflection removal and a rough iris center) are also
provided for SGDau:ItgDiffþF SEþSIED and SGW il:Hough since
these methods did not provide an iris detection module. One
must note that this will somewhat improve their accuracy and
increase their execution speed. For example, it accelerates
them by minimizing their search space and reduces the
possibility of them being trapped in local optima.
After segmentation, the iris images are processed with
identical unwrapping and encoding modules. In our
experiments, ordinal measure (OM) filters [6] are adopted
to encode the iris texture. Accordingly, the Hamming
Distance (HD) is adopted as the metric of dissimilarity
between two considered OM codes codeA and codeB:
N
T
T
kðcodeA codeBÞ maskA maskBk
T
;
ð16Þ
HD ¼
kmaskA maskBk
where maskA and maskB are the masks of codeA and
codeB, respectively. A mask signifies whether any iris
region is occluded by eyelids, eyelashes, shadows (EES), so
it reflects the EES detection results. HD is therefore a
fractional measure of dissimilarity after EES regions are
discounted.
Once all of the iris images are encoded, identical
template matching is performed to generate the genuine
and imposter matching distributions, based on which the
Receiver Operating Characteristic (ROC) curves (i.e., a plot
of False Reject Rate (F RR) versus False Accept Rate (F AR))
of each algorithm are plotted to give an intuitive comparison between them. Moreover, the Equal Error Rate (EER),
the discriminative index (d0 ), and the Logarithmic Area
Under the ROC Curve (Log-AUC [27]) are used to give
quantitative evaluations of recognition accuracy. EER is a
point in the ROC curve when F AR is equal to F RR, and the
smaller it is, the better. d0 measures how well separated the
genuine and imposter matching distributions are, and the
larger it is, the better. It is defined as
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
 ﬃ
ð17Þ
d0 ¼ j1  2 j= 21 þ 22 =2;
where 1 , 1 , 2 , and 2 are the means and standard
deviations of the imposter and genuine matching distributions. Log-AUC corresponds to the log-based summed error
rate of a considered algorithm, and the smaller it is, the
better. It is defined as follows:
Z 1
Z 1
F RR
dF AR; ð18Þ
F RR d logðF ARÞ ¼
Log-AUC ¼
0þ
0þ F AR

3.4 Performance Evaluation
In this section, we demonstrate the efficiency and usefulness of the proposed methods via iris recognition accuracy
and the execution speed. Intuitively, the more accurate the
segmentation is, the higher the recognition accuracy will be.

where ðF AR; F RRÞ is a point on the ROC curve. Log-AUC
assigns higher weights on low F AR points of the ROC
curve and hence gives more preference on algorithms with
less false-accepting danger. This is appropriate since, in our
particular biometric applications, a false accept is more
dangerous than a false reject and hence deserves more
concern.

3.4.1 Evaluation Protocol
During the test, each iris image in the considered test database
is segmented by SGDau:ItgDiffþF SEþSIED , SGW il:Hough , and the
proposed methods, respectively. The experiments are done
under the setting that the same results obtained in Section 2.1

3.4.2 Results on the ICE v1.0 Iris Image Database
For the simplicity of description, only the result on the ICELeft iris image database is discussed in this paper. After
segmentation with different segmentation algorithms, all of
the 1,527 iris images in the ICE-Left iris image database are
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TABLE 1
Performance Comparison on the ICE-Left Iris Image Database

Fig. 15. ROC curves on the ICE-Left iris image database. With more
modules added in, the proposed methods become more and more
accurate. More interestingly, it indicates that the performance gain
obtained by the eyelash&shadow detection module is even greater than
that by the edge fitting module.

In order to specifically measure the effect of EF, EL, and
ESD on the recognition performance, four different configurations of the proposed methods are compared in the same
experiments. Each of the configurations is described as
follows:

encoded to perform a total of 14,653 intraclass comparisons
and 1,150,448 interclass comparisons. The ROC curves are
then drawn in Fig. 15. The computation cost and accuracy
measures of each algorithm are compared in Table 1.
In Fig. 15 and Table 1, we can see that the
proposed SGP ro:P P þEF þELþESD outperforms SGW il:Hough
and SGDau:ItgDiffþF SEþSIED in both accuracy and speed. It
obtains the highest recognition scores (smallest EER,
Log-AUC, and largest d0 ) on the ICE-Left iris image
database. In our opinion, several points contribute to this.
First, reflection removal paves the way for accurate iris
detection and iris localization. Second, the PP method
allows efficient circle fitting to the iris boundaries. That is
partly because the “one-radial-direction, one-edge-point”
strategy excludes most of the noisy edge points and partly
because every edge point contributes its force, which results
in a more globally optimal circle. Third, the cubic smoothing spline provides excellent approximation to the iris
boundaries. The smoothing spline is not only naturally
tolerant to interruptions but also tolerant to deviations of
the detected edge points. Fourth, during eyelid localization,
the rank filter excludes the annoying eyelashes, and the
histogram filter deals well with the shape irregularity.
Together, they guarantee the accuracy of eyelid localization.
Finally, the statistical prediction model enables an effective
way for obtaining a proper threshold for eyelash and
shadow detection. All of these desirable properties result in
more robust and more accurate iris segmentation results
and, hence, higher iris recognition accuracy. Please recall
Section 3.3 for more specific explanations of each module.
More encouragingly, the computation cost of the proposed
methods is also much lower than that of the others. Four
techniques guarantee the fast execution of the proposed
methods. First, the Adaboost-cascade allows fast iris detection. Second, the PP method takes advantage of previous
iterations and achieves convergence along a shortest search
path very quickly. Third, the learned eyelid models and the
histogram filter limit the eyelid shape within three candidates, which obviously is much faster than exhaustive search
methods. Finally, the eyelash&shadow prediction model
only involves histogram calculation operations and therefore can be performed very efficiently.

SGP ro:P P . Only the circular iris boundaries are
localized with the PP method, i.e., no mask is used
during template matching in (16).
. SGP ro:P P þEF . Smoothing spline fitting is applied to
the iris boundaries based on the PP method.
Similarly to SGP ro:P P , no mask is used during
template matching.
. SGP ro:P P þEF þEL . Smoothing spline fitting is applied
based on the PP method. Besides, a mask generated
from eyelid localization is used during template
matching.
. SGP ro:P P þEF þELþESD . Smoothing spline fitting is
applied based on the PP method. And a mask
generated from both eyelid localization and eyelash&shadow detection is used during template
matching.
Intuitively, the recognition performance is expected to
become better and better with more modules added in.
By comparing the above four configurations via Fig. 15
and Table 1, three observations are obtained. First, edge
fitting can improve the recognition performance to some
extent. The EER decreased from 0.79 percent of SGP ro:P P
to 0.73 percent of SGP ro:P P þEF after edge fitting. Second,
eyelid localization greatly improves the recognition
performance. This is not surprising since occlusion
removal can decrease the danger of both false acceptance
and false rejection, especially after score normalization [4].
Finally, eyelash and shadow detection can significantly
improve the recognition performance. The performance
gain of ES detection is even greater than that of edge
fitting. For example, ES detection (SGP ro:P P þEF þEL versus
SGP ro:P P þEF þELþESD ) provides an 11.8 percent decrement in
Log-AUC, compared to 4.17 percent decrement of Log-AUC
by edge fitting (SGP ro:P P versus SGP ro:P P þEF ). We believe
that ESD can be more important if more eyelash&shadow
occlusions appear in the iris images (e.g., in an unconstrained imaging environment). The above observations
suggest that edge fitting and EES detection are essential
steps in iris segmentation.
.
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TABLE 2
Performance Comparison on the CASIA-IrisV3-Lamp
Iris Image Database

Fig. 16. ROC curves on the CASIA-IrisV3-Lamp iris image database.
The detection of eyelids, eyelashes, and shadows greatly improves the
recognition performance, while edge fitting obtains slightly less
performance gain.

3.4.3 Results on the CASIA-IrisV3-Lamp Iris Image
Database
After iris segmentation, encoding, and template matching,
the ROC curves of each algorithm are calculated and shown
in Fig. 16. In addition, the computation cost and accuracy
measures of each algorithm are compared in Table 2.
In Fig. 16 and Table 2, we can see that the proposed
methods outperform others again, showing their robustness across different imaging platforms. Similarly, the
detection of eyelids, eyelashes, and shadows brings great
improvements in EER, d0 , and Log-AUC, which indicates
that EES detection is indeed indispensable, especially for
oriental users. EES detection (SGP ro:P P þEF þELþESD versus
SGP ro:P P þEF ) achieves 44.9 percent decrement of Log-AUC
on the CASIA-IrisV3-Lamp iris image database compared
to 34.8 percent decrement on the ICE-Left iris image
database. That is because oriental iris images suffer more
from eyelid and eyelash occlusions. In addition, edge fitting
(SGP ro:P P þEF versus SGP ro:P P ) provides 2.0 percent decrement of Log-AUC on the CASIA-IrisV3-Lamp iris image
database compared to 4.17 percent decrement on the ICELeft iris image database. This indicates that the ICE-Left iris
image database suffers more from pupil deformation and is
more appropriate for evaluating the capability of different
methods to pupil distortion. Finally, by comparing Tables 1
and 2, we note that all algorithms perform much worse on
the CASIA-IrisV3-Lamp iris image database than on the
ICE-Left iris image database. This is due to the large
database size and the poorer image quality in the former
database. As its name indicates, a lamp in front of the
subjects was intentionally turned on/off to introduce more
intraclass variations when CASIA-IrisV3-Lamp was collected. Many of its images have severe eyelid and eyelash
occlusions, very poor limbic contrast, or oblique view
angles, which makes it difficult for accurate segmentation.

4

CONCLUSIONS

In this paper, we have presented an accurate and fast iris
segmentation algorithm for iris biometrics. There are five
major contributions. First, we develop a novel reflection
removal method to exclude specularities in the input
images and an Adaboost-cascade iris detector to detect

the iris in them. Four envelop points are calculated to
bilinearly interpolate specular reflections, paving the way
for efficient iris detection. With the learned Adaboostcascade iris detector, non-iris images are excluded before
further processing so that unnecessary computation is
avoided. In addition, a rough iris center is extracted in iris
images, which provides important cues for subsequent
processing.
Second, starting from the rough iris center, the novel
PP procedure is developed to accurately localize the
circular iris boundaries. By taking full advantages of
previous iterations, the PP method directly finds the
shortest path to the genuine parameters. More importantly,
during the PP procedure, each edge point (whether they
locate on a circle or not) will contribute a “force” to vote for
a more global optimum. These desirable properties make
the PP method advantageous from the viewpoints of both
accuracy and speed.
Third, a cubic smoothing spline is adopted to deal with
noncircular iris boundaries. The smoothing spline not only
has a natural capability to trajectory interruptions but also
has high tolerance to inaccurate edge points. It also allows
feasible control over the fidelity and smoothness of edge
fitting by tuning the smoothing parameter p.
Fourth, we develop an efficient method to localize the
eyelids. The main difficulties of eyelid localization are the
sharp irregularity of eyelids and the noise due to eyelashes.
These problems are efficiently addressed by a rank filter
and a histogram filter. The rank filter eliminates most of the
eyelashes, while the histogram filter deals well with the
shape irregularity. Here, the histogram filter, with the help
of the learned eyelid models, serves as majority voting and
can be regarded as a more computationally efficient
modification of Hough transforms.
Finally, the eyelashes and shadows are detected via a
statistically learned prediction model. Under this model, an
adaptive threshold for eyelash and shadow detection is
obtained by analyzing the intensity distributions of different iris regions.
Extensive experimental results on three challenging iris
image databases show that the proposed method achieves
state-of-the-art iris segmentation accuracy, while being
computationally much more efficient.
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