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Abstract – Many research and algorithms have been
developed for iris recognition in recent years due to
advances in imaging acquisition and processing and
renewed emphasis in biometric based security measure,
given that iris recognition is still the most accurate
biometrics used in security identification. The
advances in imaging acquisition enabled more
accurate and realistic iris images, while introducing
new challenges for iris recognition due to reflection,
which negatively affected the performance of the
traditional segmentation methods used for iris
recognition. In this paper, we present a new iris
segmentation and pattern extraction algorithm that
achieves high performance with or without reflection.
The segmentation based iris recognition system
developed in the paper streamlined while set of
analysis algorithms for iris recognition from image
preprocessing, feature extraction, enrollment, to
recognition. The system achieved perfect recognition
rate when tested on well-known iris recognition
databases CASIA-IrisV1 and CASIA-IrisV3, provided
by the Chinese Academy of Sciences.
Key Words – iris recognition, iris segmentation,
normalization, 2D Gabor filter bank, texture feature
extraction.
I.

Introduction

Reliable and automatic recognition of
individuals(a.k.a., personal identification) has long
been a goal in law enforcement and security
applications. As in other pattern recognition systems,
the key challenge remains as to be able to model the
relationship between interclass and intra-class
variability accurately so that objects can be reliably
classified with low error rate [1, 2].
Iris patterns became attractive as an alternative
approach for reliable visual identification of a person
with the advances in imaging acquisition. Using iris
pattern as a biometric security measure has several
advantages over other biometric measures such as face,
finger-prints, voice-prints, or gait signature. First of all,
the iris pattern variability among different person is
enormous, thus satisfies the unique identification
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requirement. Secondly, as an internal, yet externally
visible organ of the eye, the iris is well protected from
the environment and stable over time. The
extraordinary structure of the human iris provides
abundant texture and spatial patterns that are unique to
each individual. All these remain remarkably stable
over many decades, making the iris pattern more
reliable for personal identification [3]. Thirdly, from
analysis perspective, as a planar object, the iris image
is relatively insensitive to angle of illumination.
Furthermore, changes in viewing angle cause only
affine transformations. Even the non-affine pattern
distortion caused by pupillary dilation is readily
reversible [4]. Lastly, it is relatively easy to localize
eyes in faces. The distinctive annular shape of the iris
further facilitates reliable and precise isolation of it
from the eye [5]. All these features make the iris
recognition as personal identification more accurate
and reliable as compared with using other biometric
measures.
Furthermore, with advances in imaging
acquisition, accurate iris images can be captured
rapidly from a distance of about one meter nowadays,
with ongoing research to increase that distance so that
iris recognition can be extended to applications such as
airport security monitoring from access security
screening. Moreover, faster and efficient storage
mechanism and search algorithms enabled searching
for a match of a specific iris pattern in very large
databases (and getting bigger) without incurring any
false matches despite a huge number of possibilities. It
is no surprise that given the increasing demand of
more security and the advances in image acquisition
and analysis iris recognition is getting renewed
attention.
In this paper, we present our new segmentation
method based iris recognition system that can deal
with traditional iris image as well as more realistic iris
image. Section II presents the framework of our iris
recognition system that incorporates functions from
image preprocessing, iris segmentation, feature
extraction, enrollment, to recognition. Section III
presents our segmentation method that extracts irispupil and iris-sclera boundary. Section IV describes
the details of texture feature extraction based on two1
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dimensional (2D) Gabor filter bank, including the
normalization and image enhancement processes that
ensure features extracted from iris images taken from
different condition are comparable. Section V presents
the iris database we use, the experiment setup and
results. Conclusions will be drawn in Section VI with
directions for future work.
II.

Iris Recognition System Architecture

As shown in Figure 1, two main stages are
necessary for any iris recognition system to function
properly after iris images are acquired: enrollment and
recognition. Each stage shares some common
functions such as image pre-processing, iris
segmentation, image enhancement, and feature pattern
extraction. After extracting iris feature pattern,
different actions are taken for enrollment and
recognition stages. For enrollment, the extracted
feature pattern is saved into the database, with pointers
established to link to its corresponding raw iris image.
For recognition, the extracted iris feature pattern will
be compared to the pattern stored in the database using
Euclidian distance, resulting in a similarity value.
These similarity values will be ranked and the iris
image with maximum similarity value or a set of iris
images with similarity values above user defined
threshold will be returned as the matched results. If all
similarity values between the incoming iris image and
those in the database are less than the threshold, the
system will return “no match” result, and trigger the
enrollment process automatically.

Fig. 1 Iris recognition system architecture

III. Image Preprocessing and Iris Segmentation
There are many pre-processing steps that are
needed for any iris recognition system given that most
iris images are acquired in the RGB color space, with
little or none light and noise control. These include
color mapping from RGB (red, green, and blue) to HIS
(hue, saturation, and intensity) color space, noise

reduction and artifacts (such as dense and intrusive
eyelashes) removing.
Figure 2 shows iris images from the CASIA-IrisV1
database (left) and the CASIA-IrisV3 database (right).
The iris locates between the sclera and the pupil. In
order to extract iris feature pattern, iris needs to be
segmented out by identifying the boundaries between
iris-pupil and iris-sclera, which is not trivial. As shown
in Figure 2, the iris images from CASIA-IrisV3 dataset
(right) have light reflection in the pupil, making them
more realistic; while the iris images from CASIAIrisV1 dataset (left) have the light refection removed
beforehand. The technical challenge lies in answering
the question of “how can we accurately and efficiently
localize the iris boundary without additional preprocessing step to remove the light reflection in the
pupil?”[14] An efficient and accurate iris segmentation
algorithm or mechanism for CASIA-IrisV3 dataset can
be easily adapted for other realistic iris database such
as UBIRIS-V2 and Iris Challenge Evaluation dataset
used in 2005 (ICE2005) and 2006 (ICE2006).
As shown in Figure 2, iris segmentation requires
identification of boundaries between the iris and pupil
(inner boundary) and iris and sclera (outer boundary).
In the next subsections, we will present in detail both
boundary localization and illustrate the difference
between CASIA-IrisV1 and CASIA-IrisV3.
3.1 Iris-Pupil Boundary Localization
For iris image from the CASIA-IrisV1 dataset,
the boundary between iris and pupil can be identified
simple by applying any edge detection algorithm since
the pupil area has homogenous low intensity value
(usually the lowest intensity value in the whole image).
Figure 3 shows the process of iris-pupil boundary
localization with a sample iris image from CASIAIrisV1.
Using I(x,y) to represent the pixel intensity in
the image, in which x and y are the Cartesian
coordination of the pixel, we identify the minimum
intensity value (min(I(x,y)) and its location in the iris
image. For iris images from CASIA-IrisV1dataset,
such a pixel always locates in the pupil. Figure 3 (b)
shows the heat-map of each pixel based on its intensity
value for the sample iris image. Using the location of
the pixel with minimum intensity value as the new
origins (as pointed by arrows in Figure 3 (c)), a
threshold value of (min (I(x,y))+N) is then used to
identify the boundary between the iris-pupil based on
the histogram in the x- and y- direction respectively. N
is empirically chosen. Note that instead of counting.
2
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Fig. 2 Iris Image examples from CASIA-IrisV1 (left) and CASIA-IrisV3 (right) databases

Fig. 3 Iris-Pupil Boundary Localization: CASIA-IrisV1

Fig. 4 Iris-Pupil Boundary Localization: CASIA-IrisV3

based on the pixel intensity directly, Figure 3 (c)
shows the percentage of the pixels below the threshold

in each direction. Figure 3 (d) shows the extracted
pupil area using the simple thresholding methods
based on the threshold identified. Figure 3 (e)
illustrated the iris-pupil boundary in green circle after
mapping the identified boundary back to the original
iris image
For iris images from the CASIA–IrisV3 dataset,
even though the iris pattern remains clear, the irispupil boundary localization is much more difficult due
to the light reflection within the pupil. Figure 4 shows
the results when applying the same algorithm to iris
image from CASIA-IrisV3 dataset. Because of the
reflection captured in the pupil area, it does not
provide homogenous low intensity area. Hence, the
accuracy of identifying the iris-pupil boundary using
histogram decreases, as shown in Figure 4(d) and (e).
To address these issues, we introduced two basic
mathematical morphology (MM) operations: dilation
and erosion, before threshold identification step. MM
theory and techniques are used in the analysis and
processing of geometrical spatial structures based on
set theory, lattice theory and topology. Used in
imaging processing, the MM operations consider the
image as a set of pixel values (primary set), and apply
pre-defined shape (secondary set) to see whether it fits
or misses the region of interest (object) in the primary
set. The advantage of basic MM operations is that they
are translation invariant.
The dilation operation of a secondary set B on a
primary set A is defined by
. In
Matlab, the dilation operation is implemented so that
the value of the output pixel is the maximum value of
all the pixels in the input pixel's neighborhood,
resulting in expanded boundary.
Similarly, the erosion operation is defined by
where Bz is the
translation of B by the vector z, i.e.,
. In Matlab, the erosion
operation is implemented so that the value of the
output pixel is the minimum value of all the pixels in
3
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the input pixel's neighborhood, resulting in shrank
boundary.
To address the light reflection in the pupil, we
first applied the dilation operation with the secondary
set B chosen as an open disk with radius of 3, with its
center moved around the identified boundary as shown
in Figure 5(a). Result is shown in Figure 5(b),
including the resulting binary image and the resulting
image after the boundary is mapped back to the
original iris image. Afterwards, erosion operation is
applied to shrink the boundary with the radium of the
open disk representing the secondary set B chosen as 2,
with results shown in Figure 5 (c). Figure 5 also
compares the histogram from original algorithm with
that after the dilation and erosion operations. The
resulting histogram shows smooth region within the
pupil, indicating intensity homogeneity. The histogram
is used to identify the accurate iris-pupil boundary as
before, with resulting boundary shown in Figure 5 (c).

complexity, resulting in more computation time and
memory space.
In our iris recognition system, we identify the
iris-sclera boundary by applying the Sobel operator. A
discrete differentiation operator, the Sobel operator
convolving the image with a small, separable, and
integer valued filter in horizontal and vertical direction
to approximate the gradient of the image intensity
function. Compared with other edge detection
algorithms, it is computationally inexpensive. The
gradient approximation Sobel operator produces is
crude, i.e., the identified edge or boundary is not
precise. However, it is good enough for iris-sclera
boundary identification since even high-noised
imperfect iris images do not have high- frequency
variations. Figure 6 shows the iris-sclera boundary
identification result, with identified iris-pupil
boundary, for a sample iris image from CASIA-IrisV3
dataset.

3.2 Iris-Sclera Boundary Localization

IV.

After identifying the boundary between the irispupil, boundary between the iris and sclera needs to be
identified. It is generally agreed that the iris-sclera
boundary localization is more difficult than iris-pupil
boundary identification [6] because of the low contrast
between iris and sclera and intensity heterogeneity of
iris. Various segmentation algorithms [7], including
active contour and Hough transform, have been
applied to iris-sclera boundary detection. The main
drawback of these algorithms is their computational

4.1 Iris Normalization and Image Enhancement

Image Enhancement and Feature Extraction

Iris images are increasingly acquired without
strict constraints, resulting in more intra-class
variations caused by illumination (camera gain,
contrast settings), position and pose, and other external
noise. To enable comparison of iris images taken
under different conditions, the iris normalization
process tries to minimize intra-class variance without
compromise inter-class variance (difference from

Fig. 5 Iris-Pupil Boundary Localization after MM operations: (a) original, (b) dilation, and (c) erosion
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Fig. 6 Iris-Sclera boundary identification result of a sample iris image from
CASIA-IrisV3 dataset

person to person) and outputs a normalized iris sheet
with the same constant dimensions. The normalization
step ensures that the characteristic features of iris
pattern extracted will be the same at the same spatial
location regardless of how the original iris images
were acquired.
In our iris recognition system, we use Daugman
model [5] for the normalization process. The Daugman
model maps each pixel within the segmented iris
region to a pair of polar coordinates (r, ), in which r
 [0,1] and [0,2]. The mapping process and
equation are shown in Figure 7, in which the
normalized iris sheet is displayed as a rectangular
image with size M*N, with the radial coordinate on
the vertical axis, and the angular coordinate on the
horizontal axis [9].
By taking the pupil dilation and size
inconsistence (intra-class variation) into consideration,
the Daugman method models the iris region as a
flexible rubber sheet anchored at the iris boundary
with the pupil center as the reference point, resulting
in a normalized representation of iris with constant
dimensions. In our experiment, we quantize the radius
in the range of [1, 64] and the orientation  in the
range of [1-512], resulting in normalized iris sheet
with constant dimension of 512 X 64. Figure 8 shows
an example of the normalized iris sheet of the sample
iris image from CASIA-IrisV3 dataset.
After mapping the extracted iris region from
Cartesian representation I(x,y) to polar representation
I(r, ), a low pass Gaussian filter with window size of
MxM is applied to the normalized iris sheet first. The
intensity of the central pixel within the window of the
Gaussian filter is replaced by the mean intensity of the
pixels within the window, resulting in the iris
background bias sheet (Figure 8 (b)). Then, the
enhanced iris sheet is obtained by subtracting the iris
background bias sheet from the normalized iris sheet
(Figure 8 (c)).
4.2 Iris Texture Feature Pattern Extraction
Many feature extraction algorithms have been
proposed to extract unique and invariant features from

the iris patterns, including variations of Gabor, wavelet
filter [10-13] extracting texture and spatial features.
Gabor filters are well known as texture feature
extraction method that produces feature invariant to
scaling, shift, and rotation [8]. Equation (1) is used to
compute Gabor filter response of a two-dimension (2D) image in the Cartesian domain.
(1)
in which
and
, and f is the frequency and  is the orientation
of the filter.
Gabor filter responses can be divided into two
parts: the real part and the imaginary part, as shown in
Equation (2)-(4).
(2)
g ( x, y)  g e ( x, y)  jxg o ( x, y)
g e ( x, y) 

y2
1 x2
exp[ ( 1 2  1 2 )]cos 2 Fx1 )
2 y x
2 y y

g 0 ( x, y) 

1

y2
1 x2
exp[ ( 1 2  1 2 )]sin 2 Fx)
2 y x
2 y y
1

(3)

(4)

In our iris recognition system, we use 2-D Gabor
filter with five central radial frequencies f: ([0.157,
0.346, 0.691, 1.414, 2.827]) and four orientations ϑ:
([0 45 90 135]). Each enhanced normalized iris sheet
is divided into eight equal sized patches (32x64). Each
patch then is fed into the Gabor filter bank and
produces 20 filter responses with the same size. For
the filter response of each patch, the average absolute
deviation (AAD) defined in Equation (3) is used to
represent its texture feature:
(5)
in which N is the size of the patch and its filter
response, µ is mean filter response of the patch, and
G(x,y) is the Gabor filter response coefficient at pixel
(x, y).
For one iris image, we get a feature vector with
160 ADD values, representing the texture pattern of
the enhanced normalized iris sheet. Figure 10 shows
the Gabor filter bank based texture feature extraction
and a sample feature vector with length of 160 and
ADD values ranges from 0 to 0.03. The extracted
feature vector for the iris image will be stored into the
database for enrollment or compared to the texture
feature vectors for iris images already in the database
for matching and recognition.
5
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Fig. 7 Daugman Model based normalization process and equations

Fig. 8 (a) Normalized iris sheet from Daugman normalization of a sample iris image from CASIA-IrisV3 dataset;
(b) iris background bias sheet; and (c) enhanced iris sheet

Fig. 10 2D Gabor filter bank based texture feature extraction: (a) Enhanced Normalized Iris Sheet divided into 8 patches;
(b) 20 2D Gabor Filters; and (c) Texture feature vector with 160 average absolute deviation (ADD) values
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V.

Experiment Setup and Results

In this section, we describe the iris databases used
to evaluate the performance of our iris recognition
system, including both enrollment and matching.
Then we summarize the parameters used and present
the results for matching.

enroll or find matching. This function simulates the
real world security scenario where iris images are
taken from new individuals that have never been
registered in any databases. Figure 11 also shows the
iris image acquired directly from a volunteer in the lab
using an embedded webcam on a laptop, and the
prompt asking the user to “Enter Iris Owner Identity”.

5.1 Iris Datasets

Table 1 Parameters used in the Evaluation of Our Iris Recognition System

To evaluate the performance of our iris
recognition system, we selected two iris databases,
namely CASIA-IrisV1 and CASIA-IrisV3 [5]. They
are chosen because the iris images in these databases
encompass most of the irregularities caused by
different acquisition instruments specification and
various acquisition conditions. The databases also
contain iris images captured from different ethnicity.
5.2 Experiment Setup and Results
Table1 summarizes the experiment setup we used
in the evaluation. These values are used in the
evaluation of our iris recognition system, including
both enrollment and matching. All parameters were
chosen empirically to best fit for iris images from both
CASIA-Iris databases. Both the enrollment and
matching process use the same iris segmentation and
texture feature extraction mechanism described. For
enrollment process, after the texture-based feature
vector with 160 ADD values is extracted, it will be
saved into the database with the original iris image
with iris owner identity information. For the matching
process, the feature vector will be extracted from the
incoming new iris image before similarity value based
on Euclidean distance is calculated between the new
iris and the feature vector of each of the iris image
already in the database. Only the iris image with the
highest similarity value will be returned as the
matching one.
Figure 11 shows a simple user interface we
designed in Matlab to enroll and match the iris. After
the iris image files are read into the system, both the
enrollment and matching process take little time. Two
additional functions are also included in the Matlab
application. First, when there is no matching found,
enrollment process will be triggered and the user will
be prompted to input the iris owner identify
information. Secondly, image acquisition capability is
included so that in addition to reading iris image from
the available database, new iris image can be acquired
directly and fed into the iris recognition system to

Para.

Value

N

35

RD
RE

3
2

r

64



512

M

16

m x
n

32x64
[0 45 90 135]

f

[0.157, 0.346,
0.691, 1.414,
2.827]

Description
Iris-pupil boundary identification, used in
threshold min (I(x,y))+N
Secondary disk radius for dilation operator
Secondary disk radius for erosion operator
Radius range of radial coordination for
normalized iris sheet
Angle range of radial coordination for
normalized iris sheet
Window size of low pass Gaussian filter used
in image enhancement
Patch size on which 2D Gabor filter bank is
applied
Four orientations used in 2D Gabor filter
bank
Five central radial frequencies used in 2D
Gabor filter bank

Using the dataset chosen from CASIA-IrisVx, our
algorithms achieved 100% recognition rate. When the
system is tested against iris images acquired directly
from volunteers, the recognition rate hovers around
90%, after enrolling the first iris image for the
individual. We believe the reduction in the success rate
is mainly due to the uncertainty introduced by image
quality decline caused by camera settings of embedded
webcam on laptop, no control of the ambient lighting
and no strict requirements for the pose of the
volunteers.

Figure 11 Iris Recognition Implementation in Matlab: IrisScan
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VI.

Conclusion

In this paper, we presented an iris recognition
system based on improved iris segmentation and
feature extraction algorithms. Details of iris
localization, normalization, enhancement, and texture
based feature extraction are presented. Our iris
segmentation algorithm shows comparable accuracy as
those computationally more intensive algorithms such
as Hough and active contour. Our iris recognition
system implementation in Matlab, IrisScan, achieved
high accuracy with minimum computational time.
A future direction for the iris recognition is to develop
algorithms that can provide descent recognition
success rate in a timely manner when dealing with iris
images taken from moving subjects such as those from
security surveillance video.
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