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Abstract—Iris masks play an important role in iris recognition. They indicate which part of the iris texture map is useful and which part

is occluded or contaminated by noisy image artifacts such as eyelashes, eyelids, eyeglasses frames, and specular reflections. The

accuracy of the iris mask is extremely important. The performance of the iris recognition system will decrease dramatically when the

iris mask is inaccurate, even when the best recognition algorithm is used. Traditionally, people used the rule-based algorithms to

estimate iris masks from iris images. However, the accuracy of the iris masks generated this way is questionable. In this work, we

propose to use Figueiredo and Jain’s Gaussian Mixture Models (FJ-GMMs) to model the underlying probabilistic distributions of both

valid and invalid regions on iris images. We also explored possible features and found that Gabor Filter Bank (GFB) provides the most

discriminative information for our goal. Finally, we applied Simulated Annealing (SA) technique to optimize the parameters of GFB in

order to achieve the best recognition rate. Experimental results show that the masks generated by the proposed algorithm increase the

iris recognition rate on both ICE2 and UBIRIS dataset, verifying the effectiveness and importance of our proposed method for iris

occlusion estimation.

Index Terms—Gaussian mixture models, iris mask, iris recognition, iris occlusion estimation, biometrics recognition, simulated

annealing

Ç

1 INTRODUCTION

MOST iris recognition systems consist of four stages:
image acquisition, iris segmentation, iris normaliza-

tion, and recognition. In most cases, in the iris normalization
stage, iris images are transformed from the Cartesian
coordinate system to the polar coordinate system, as
suggested by Daugman [1], [2], [3], [4], [5]. There are two
main advantages of this coordinate transformation. First, it
normalizes the texture variation caused by changes in
environmental illumination which lead to pupil dilation
and contraction. Without such transformation, it is extre-
mely difficult to compare two irises of different pupil sizes
due to misalignment of iris features. The second advantage
of this coordinate transformation is that it translates the
rotational shift, i.e., eyeball inplane rotation due to head tilt,
in the Cartesian coordinate system into a pure translational
shift in horizontal direction in the polar domain. It also
simplifies the problem in the matching stage because it is
much more difficult and error-prone to perform pattern
matching with rotational variation than translational varia-
tion. This effectively is handled by bit-shifting the whole iris
code left/right by several bit columns to account for
�15 degrees of head rotation. Due to these two significant

advantages, most iris recognition systems adopt this type of
iris texture normalization in their implementation.

In most cases, after transforming iris texture from the
Cartesian coordinate to the polar coordinate, one has to
create a mask for the iris map in the polar coordinate. The
goal of this mask is to indicate which part in the iris map is
truly iris texture and which part is noise. The occlusion
artifacts of the iris map may consist of eyelids, eyelashes,
shadows, or specular reflections. Fig. 1 shows example
images of an iris texture map and its accurate mask. Note
that in the iris texture, the noisy regions consist of artifacts
created by eyelids, eyelashes, and specular reflections. All
of these noise artifacts have to be indicated in the mask in
order to be ignored in the spatial feature match process in
order to achieve the highest performance of iris recognition.

The accuracy of the iris masks has a great impact on the
recognition accuracy of the iris recognition systems.
Traditionally, the main focus of iris recognition research
addresses the power of the matching algorithm and the
feature extraction. Most researchers emphasize the novelty
and effectiveness of their iris feature extraction and
matching algorithms. While these are important issues that
play a major role in iris recognition, we have found that the
accuracy of the iris masks contributes much more than what
researchers thought in the past. Accurate iris masks,
combined with good features and effective recognition
schemes, make the iris recognition systems more successful.
However, if the iris masks are inaccurate, the best feature
extraction and recognition algorithms cannot compensate
for such flaws. The overall recognition rate will decrease
dramatically because the region of the invalid iris is used
during feature extraction and matching. This has been
observed empirically in our experiments, and we present it
in the later sections.
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Because researchers have traditionally focused their
attention on the matching algorithm, the algorithm for
automatic generation of the iris mask has not been given
significant attention. In this paper, we propose to use
Figueiredo and Jain’s Gaussian Mixture Model (FJ-GMM)
to model the underlying probability distributions of both
valid and invalid iris texture in the image space domain.
The appropriate GMM models can be learned by a set of
training images and their corresponding iris masks. On
the other hand, when we talk about modeling and
learning, what feature to use is a critical question. After
performing experiments of feature exploration (as de-
scribed in Section 4.4), we found that Gabor filters provide
the best discriminant ability for separating valid and
invalid iris texture. Therefore, we further optimize the
parameters of Gabor Filter Banks (GFBs) in order to
achieve the best discrimination for the purpose of
automatic iris mask generation.

The rest of the paper is organized as follows: We review
previous work about iris mask generation in Section 2. Our
proposed algorithm will be illustrated in Section 3. In
Section 4, we show our experimental settings and results. In
Sections 5 and 6, we discuss discoveries in our experiments
and conclude with the contribution of our proposed
algorithm, followed by information about our future work.

2 PREVIOUS WORK

Daugman’s work is one of the earliest in iris recognition
[1]. In 1993, he described the normalization scheme for iris
texture, calling it the “Doubly Dimensionless Projected
Polar Coordinate System.” However, when considering
which part of the iris texture in the polar coordinate
system is the valid iris texture, he proposed a very simple
method which assumes the top part of the image and
the 45 degree notch at the 6 o’clock position are occluded
for every iris image, which is clearly not accurate enough
for practical situations.

Ma et al. proposed a full framework for an iris
recognition system [6]. Although it addressed many issues
in the iris recognition process, it did not mention any
specific solution for iris occlusion estimation. They merely
stated that they discarded the lower part of the normalized
iris texture and focused only on the more discriminative
regions. This scheme is equivalent to assuming that the
lower part of iris texture is occluded. A similar assumption
was proposed in the work of Tisse et al. [7].

Daugman, in a later work, proposed a more sophisti-
cated algorithm for finding occluded regions in the iris

images [5]. He proposed to locate the boundary of the
eyelids at the segmentation stage. By replacing the circular
integration operator (for finding iris and pupil boundary)
with the spline parameter, one can approximately locate the
eyelid boundaries. Furthermore, in his latest work [8], he
proposed a new method which uses active contours to find
the boundary of the eyelids.

Kong and Zhang proposed a model for detecting
eyelashes and specular reflections [9]. They proposed
using Gabor filters to detect separable eyelashes and used
the variance of intensity in the local window to locate
clusters of multiple eyelashes. After that, the connectivity
criterion is enforced to enhance the robustness of the
algorithm. For strong specular reflections, they used a hard
threshold on pixel intensity to identify them. For weak
specular reflections, they used mean and standard devia-
tion of the local window as an adaptive threshold for pixel
intensity to classify.

Zou et al. proposed a procedure for iris occlusion
estimation [10]. It consisted of four stages: First, they
detected the horizontal edges of the eyelids. Second, they
performed morphological operations on those edges to
enhance them. Third, they used the segmentation result to
localize valid edge candidates. Finally, they used connec-
tivity information to refine the mask. Although this method
looks simple and easy to implement, it may not work well
for eyelashes because they are usually vertically oriented.
Also, the edge-detection-based algorithm may incorrectly
classify some part of the iris texture into the occluded
region when the contrast within the iris texture is large.

In [11], Krichen et al. proposed a probabilistic approach
for iris quality measure. They compared the performance of
the Gaussian Mixture Model with Fourier-based methods,
wavelet-based methods, and active-contour-based methods.
The iris masks estimated by their method seem to be local
patch-based, not pixel-based. In [12], Thornton proposed
using a discriminative learning method based on Fisher
Linear Discriminant Analysis (FLDA) to estimate iris masks
in the polar domain.

In the computer vision research community, Gabor
filters have been widely used in feature extraction.
However, since there are five free parameters in a Gabor
filter, how to design or recover the optimized parameters
for Gabor filters is the core question for the researchers
who used Gabor filters in their interested domain. In [13]
and [14], Sun et al. applied integrating Genetic Algorithms
(GAs) on Gabor filter optimization for vehicle detection. In
[15] and [16], different research groups were trying
optimizing Gabor filters for the purpose of unsupervised
texture recognition. Gabor filters are also used in bio-
metrics applications. In [17] and [18], Gabor filters are used
for feature extraction for the purpose of face recognition,
and the authors were trying to optimize the parameters of
Gabor filters in order to maximize the face recognition rate.
In [19], Tsai et al. perform Gabor filter optimization with
particle swarm technique for the purpose of iris recogni-
tion. In [20], Thornton et al. optimized Gabor filters using
Nelder-Mead and gradient descent method for the purpose
of iris recognition.
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Fig. 1. Normalized iris texture map (upper picture) and its accurate mask
(lower picture), with white color indicating occluded area. In this iris map,
there are noises caused by 1) eyelids, 2) eyelashes, and 3) specular
reflections, as indicated in the picture. All of these artifacts have to be
indicated in the mask in order to achieve high recognition performance.



3 PROPOSED METHOD

All of the previous works related to iris mask generation
have some limitations. The methods described by Daugman
[1], Ma et al. [6], or Tisse et al. [7] are either inaccurate or
cannot handle iris images taken in real time. The method
described by Kong and Zhang [9] is basically a rule-based
approach, and while this approach may work well for
specific settings or environments, it may not work when the
environment, e.g., illumination, changes. The parameter-
tuning of the rule-based approach is also important to the
performance of the iris mask generation, thus making the
rule-based approach very sensitive to the environmental
setting for any specific database. The method proposed by
Zou et al. [10] may incorrectly classify the iris texture (with
strong texture contrast) to occlusion artifacts. The method
proposed by Krichen et al. [11] would generate a patchy iris
mask, which may not be accurate enough in most practical
iris recognition scenario.

To overcome the shortcomings of previous methods, we
propose a novel method for automatic iris mask generation.
The proposed method has to be flexible for all possible sizes
of iris images. It should be device-independent, which
means it should be capable of coworking with various iris
acquisition devices across different optical sensors. Existing
methods like rule-based type would definitely not be able to
achieve such a goal. Therefore, we propose a learning-based
approach to solve this problem, which is a new perspective
to looking at the problem.

3.1 A Recognition Perspective to the Problem

Let us review this problem from a pattern-recognition
perspective. The problem of generating a mask for an iris
map can be seen as a two-class classification problem.
Given an input of an iris texture map in normalized form
(denoted by I, and we assume the size of the iris map is
M �N), the output should be another binary image
(denoted by Mask) of the same size on which every pixel
is either of value 0 or 1. A binary value 0 appearing on
Maskði; jÞmeans that the pixel at the location Iði; jÞ belongs
to the “valid” iris region (authentic iris texture), and 1 the
occluded region (eyelash, eye, specular reflection, etc.).
Therefore, given an input iris image I of size M �N , the iris
occlusion estimation problem can be treated as a two-class
classification problem, and the classification needs to be
performed MN times if we want to have a precise occlusion
map whose precision is down to pixel level.

For each pixel on the iris map, we need to extract robust
features that contain discriminative information about
whether each pixel belongs to the valid iris region or to
the occluded region. We can then train a classifier by using
some training data, and later use the trained classifier to
perform classification on unseen data.

For the choices of the classifier, we propose the use of a
Gaussian Mixture Modeling (GMM) to model the posterior
probability distribution of both iris texture and occlusion
regions. GMMs have been widely used in all kinds of
pattern recognition problems, including speech processing
[21], human skin detection [22], real-time tracking [23],
hazardous chemical agents detection [24], and bearing
damage detection for induction motors [25]. The advantage
of GMM is its modeling ability. As long as the number of

Gaussians is large enough, GMM can model virtually any
distribution. Another advantage of GMM is that its
mathematical equation is easy to evaluate; thus the
classification speed is very high during the test stage. This
is an important consideration when dealing with problems
like automatic mask generation because we have to perform
pixel-wise classifications for every iris image. Suppose the
size of the normalized iris texture map is 30� 180 pixels;
the total number of pixels in this map is 30� 180 ¼ 5;400.
Our classifier has to perform classification 5,400 times to
create a single mask for an iris image. Therefore, the speed
of the classifier is extremely important to our problem.

The training of GMM uses Expectation-Maximization
(EM) to optimize the parameters for Gaussian mixtures.
EM-based parameter estimation for GMM training has a
few drawbacks. First, the number of Gaussian mixtures has
to be manually chosen. Therefore, a wrong estimate for the
number of Gaussian mixtures may hurt the accuracy of the
overall trained GMM. Second, the initialization of the mean
of each Gaussian mixture is crucial. Similarly to the K-
means algorithm, if the initial position of the mean of each
Gaussian is not initialized appropriately, the EM algorithm
may not be able to converge to the appropriate location of
the mean of each Gaussian. Due to these two major
drawbacks in the EM training algorithm, we decided to
use an alternative training approach. Figueiredo and Jain
proposed an unsupervised learning method for training
GMMs [26]. This method can estimate the number of
Gaussian mixtures without human intervention, and can
avoid the boundary of the parameter space during the
converging stage. The basic idea of Figueiredo-Jain’s
extension for GMM training (FJ-GMM algorithm) is that it
dynamically adjusts the number of Gaussians by eliminat-
ing Gaussians which are not supported by the observation.
Also, during the mixture elimination process, it chooses to
eliminate the Gaussian mixtures that are close to becoming
singular. This process can avoid converging to small
Gaussians on the boundary of parameter space. The details
of FJ-GMM training can be found in [26].

3.2 Feature Set Exploration

In the second stage, we focus on fine-tuning the feature set
used for classification. As we know, GMM can model data
distribution in high-dimensional space. Therefore, for each
pixel on the input iris image we can extract a feature vector
to describe the local characteristics around that pixel. Each
element on this feature vector should reveal some useful
information which can be used to classify which class that
pixel belongs to. We proposed using a few basic features
which are very popular in image processing.

1. The X and Y coordinate of the pixel: Since the way of
normalizing an iris image from Cartesian coordinate
to polar coordinate is consistent, we expect that the
location where the eyelid and eyelashes appeared in
the training set should be very close to (if not exactly
the same) the location of eyelid and eyelashes in the
test set.

2. The pixel value (denoted by I).
3. The mean and the standard deviation in a local 3� 3

neighborhood, denoted by M and S, respectively.
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4. Response intensity after the image is filtered by the
Sobel edge filter. The Sobel filter can detect image
intensity variation in either the X or Y direction.
Therefore, we use Sx and Sy to denote them,
respectively.

5. Response intensity after the image is filtered by
Laplacian of Gaussian (LoG), denoted by L.

6. Response intensity after the image is filtered by
Gabor filter, denoted by G.

Fig. 2 gives a visual illustration of all of the feature sets
we used.

Each of the above features contains some free parameters,
for example, the parameters that create Sobel, LoG, or Gabor
filters. Different parameters create different filters of
different kinds, and the feature extracted will vary accord-
ingly. During the feature set optimization process, we first
try a different feature vector which consists of combinations
from the feature mentioned above. After we are sure which
combination of features is the best to our problem, we
further optimize the parameter of the chosen filters. The
detailed experimental results are shown in Section 4.4.

3.3 Parameter Optimization for Gabor Filters

Observing the experimental results shown in Section 4.4,
we conclude that among the most popular image and
feature extraction filters used in the general field of image
processing, the Gabor filter is the best to extract the salient
features for the goal of classification between iris texture
and occlusion artifacts. However, we had to decide which
Gabor filter to use, i.e., what modulation frequency,
orientation, and scale. In this section, we detail how we
optimize the Gabor filter banks so the accuracy of the iris
masks can be further enhanced. To achieve this goal, we
employed an iterative nonlinear optimization approach.

3.3.1 Optimization for Single Gabor Filter

The mathematical equation of the generic Gabor filter is
given below:

gðx; y;�; �;  ; �; �Þ ¼ e�
x02þ�2y02

2�2 cos 2�
x0

�
þ  

� �
; ð1Þ

where x0 ¼ xcos�þ ysin� and y0 ¼ �xsin�þ ycos�. In this
equation, � represents the wavelength of the wavelet, � is
the in-plane rotational angle of the filter,  is the phase
offset between the peak and the valley of the wavelet, � is
the aspect ratio between the horizontal and vertical
direction before the in-plane rotation, and it specifies the
ellipticity of the support of the Gabor function; � specifies
the variance of the global envelope (which corresponds to
the frequency bandwidth of the bandpass in the frequency
domain). Fig. 3 shows the appearance of the Gabor filter in
both the 2D and 3D view.

The Gabor filters have five parameters that need to be
optimally selected to achieve the best discrimination for
the goal of generating most accurate iris masks. Thus, we
formulate this selection task into an optimization problem.
Intuitively, our goal should be discovering ĝ so that

ĝ ¼ arg min
f�;�; ;�;�g

AERðgðx; y;�; �;  ; �; �ÞÞ; ð2Þ

where AERðÞ is a function that returns the Average Error
Rate (AER) of the iris mask, given that we use the Gabor
filter gðÞ to extract features. The detailed definition of AER
can be found at (5)

However, because the final goal of automatic iris mask
estimation is to generate an accurate mask in order to
“improve iris recognition rate,” we choose to use iris
recognition performance as our objective function that we
want to maximize. That means we are not using (2) as our
objective function. Instead, we are using this formula:

ĝ ¼ arg min
f�;�; ;�;�g

FRR0:1ðgðx; y;�; �;  ; �; �ÞÞ; ð3Þ

where FRR0:1 stands for the False Reject Rate (FRR) when
the False Accept Rate (FAR) equals 0.1 percent.

The step to compute ĝ is as follows:

1. Given a specific set of Gabor parameter ðx; y;�; �;
 ; �; �Þ, use the corresponding Gabor filter to extract
a feature from the iris images of training set.

2. Use the feature set (consisting of pixel location, pixel
intensity, and response from Gabor) to train GMM,
with FJ-GMM training algorithm.

3. Estimate the iris occlusion map for every image in the
test set.

4. Perform large-scale iris recognition using iris images
and estimated occlusion map in the test set, then
compute FRR at FAR ¼ 0:1 percent.

5. Use the result in step 4 as the output of cost function,
then go back to step 1 to select a new Gabor
parameter. Continue such loop until the best para-
meter ĝ is found.

In step 4, when performing large-scale iris recognition, we
basically follow Daugman’s framework [3], [4], except that
we used Haar wavelet for feature extraction. We choose to
use Simulated Annealing (SA) method as our optimization
algorithm. SA is a stochastic global optimization method
which can

1. process cost functions which have an arbitrary
degree of nonlinearities and discontinuities;
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Fig. 2. The feature sets (textons) used in the experiment of feature set
exploration.

Fig. 3. Example of a Gabor filter. (a) 2D view. (b) 3D view.



2. process arbitrary boundary conditions and con-
straints imposed on those cost functions;

3. be implemented quite easily with minimal effort of
coding compared to other nonlinear optimization
methods; and

4. statistically guarantee the finding of an optimal
solution [27], [28], [29], [30], [31], [32].

3.3.2 Optimization for Gabor Filter Banks

Our goal is not simply to find the single best Gabor filter.
Instead, we would like to discover a group of Gabor filters,
or Gabor Filter Banks, that maximizes the performance of
our proposed algorithm. GFB can be defined as

GFBN ¼ fĝ1; ĝ2; . . . ; ĝNg; ð4Þ

where N denotes how many Gabor filters we want for
the GFB.

We use an iterative procedure to discover the optimal
GFB, and expand it one at a time. Our training procedure
can be described as follows:

1. Estimate ĝ1 by using (3), and set GFB1 ¼ fĝ1g.
2. Set N as the maximal number of Gabor filter we

would like to discover.
3. When i < N , repeat the following steps:

a. Estimate ĝiþ1 by ĝiþ1 ¼ arg mingj FRR0:1ðgjðx;
y;�; �;  ; �; �ÞjGFBiÞ. This optimization process
is achieved by simulated annealing method, as
described in Section 3.3.1.

b. Set GFBiþ1 ¼ GFBi [ ĝiþ1 ¼ fĝ1; ĝ2; . . . ; ĝiþ1g.
4. Return GFBN .

4 EXPERIMENTS AND RESULTS

4.1 Database Description

We used two databases in our experiments: 1) the Iris
Challenge Evaluation (ICE) database, published by NIST in
2005, as described in [33]. We used the second part of it,
which is the ICE2 database. 2) The UBIRIS database, which
consists of 1,205 images from 241 people, as described in
[34]. The details of the ICE2 and UBIRIS database are given
in Table 1.

4.2 Iris Mask Ground Truth

We made an iris mask creation tool using Matlab to allow
users to inspect an iris image in Cartesian coordinates and
annotate all visible occlusion components using mouse
clicks. After opening an iris image in this tool, the users can
use the mouse clicks to mark the following regions of
interest:

1. the pupillary boundary,
2. the limbic boundary,
3. the upper and lower eyelids,
4. eyelashes boundaries, and
5. specular reflections.

The users can immediately see the unwrapped images of
that input image in three forms: 1) the original iris image in
polar coordinates (a gray-scale image), 2) the user-created
iris mask (a binary image), and 3) a composite image which
shows the iris image and the iris mask at the same frame (a
color image). For 3), the valid iris region is plotted with dark
green color and the invalid iris region (occluded region)
with red color, just like the example figures in Fig. 12. Fig. 4
shows a runtime example of this tool. All the ground truth
data for ICE2 and UBIRIS is created using this tool.

4.3 GMM Trained on Single Image

We first tried our proposed method on a single iris image to
see how the trained GMM would fit into the training data.
We took the image 245241.giff from the ICE2 database to be
our training sample. After manually segmenting the iris and
performing iris normalization, we got Fig. 5a. Because we
used the intensity value of every pixel as the Z coordinate of
each pixel in three-dimensional space, we were able to plot
the iris texture map in Fig. 5a in a 3D perspective, as shown
in Fig. 5b. We also manually created a mask for Fig. 5a to
indicate which part was valid iris texture to use this
information (valid iris versus occlusion) as the class labels
for each pixel. After manually creating the iris masks, we
assign the class label to each pixel. These pixels, together
with their labels, form the training dataset, which was then
used to train two GMM models; the first one modeled the
distribution of the valid iris texture, and the second one the
occluded regions. We plotted the trained GMMs in Fig. 5c.
In Fig. 5c, GMMs with the red color represent GMMs
trained for occlusion, and GMMs with the green color are
models for iris texture. The brighter the color, the higher the
prior probability it has among all GMMs.

In Figs. 5d, 5e, and 5f, we plotted the trained GMMs
together with all pixel values in 3D space, shown in three
different perspectives. We can see that the trained GMMs
approximate the original distribution of points in 3D space
very well. The red GMMs modeled the noisy parts, while
the green GMMs modeled the valid iris texture area. This
confirmed that the GMMs were able to fit for a single image.
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TABLE 1
Statistics about ICE2 and UBIRIS

Fig. 4. The iris mask creation tool used for generating iris mask ground
truth.



If we use Fig. 5a as our test image and use the trained
GMM to perform the classification for every pixel on this
image, plotting the results of the classification back into a
two-dimensional array, with 0 indicating the valid iris and
1 indicating the occlusion region, we can visualize the
mask generated by the GMM. We show the comparison of
the iris mask estimated by different algorithms in Fig. 6.
The input iris texture image in the polar coordinate is
shown in Fig. 6a, while the ground truth of the mask,
shown in Fig. 6b, is manually labeled. The mask generated
by the proposed method is shown in Fig. 6d, compared
with another mask generated by a rule-based method,

shown in Fig. 6c. As we can see, the result generated by the
proposed algorithm is much better than what we can get
using the rule-based method.

4.4 Feature Set Exploration

As described in Section 3.2, we would like to further explore
which feature is the most discriminative in terms of iris
mask estimation. The basic feature sets are listed in
Section 3.2. In order to organize the experimental process
and results, we gave a code name to each experiment in
order to better distinguish what we tried in each experi-
ment. The code names and the features are listed below.
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Fig. 5. Visualization of GMM trained on single iris texture. (a) Example image for training. (b) Example iris texture viewed in 3D, where the
z-coordinate is the pixel intensity value. (c) 3D GMMs trained with the FJ algorithm. Mixtures with red color represent GMMs for occlusion; mixtures
with green color represent GMMs for valid iris texture. (d), (e), and (f) Plotting original iris texture data together with trained GMM, in 3D view, with
three different perspectives. From (d), (e), and (f), we can see that trained GMMs fit the training data very well.



1. SxSyL: Response intensity after the image is filtered
by Sobel edge filter (both horizontally and vertically)
and by Laplacian of Gaussian.

2. IG: Intensity of the pixel and response intensity after
the image is filtered by Gabor filter.

3. IMSSxSyLG: Combination of all of the above three.

Note that all of the above experiments included the ðX;Y Þ
coordinates of pixel locations as their features because we
assume they are essential features for the given problem.

In addition to the proposed method, we also used two
existing methods which are very popular in the iris
research community to create iris masks. The results from
these two methods serve as the baseline for comparison
purposes. By comparing the baseline results with our
proposed method, we can verify the effectiveness and
accuracy gained by the proposed approach. The first
baseline method we used is the rule-based method, which
is similar to what is described in Kong and Zhang’s work
[9]. It basically detects whether there is a strong variance of
pixel intensity in a local window and uses it as a feature
for classification.

In order to perform a fair comparison, the second
baseline method that we tested is also a pattern-recogni-
tion-based method. This method used the discriminative
approach (Fisher Linear Discriminant Analysis) to perform
classification, as opposed to our generative approach
(GMM). In this method, the feature set includes:

1. local mean,
2. Local Standard Deviation (LSD),
3. a ratio that tells the percentage of the pixel in a local

window for which the LSD is greater than the global
mean, and

4. the position of the pixel.

The details of this method are described in [12].
We performed our experiments on both the ICE2 and

UBIRIS database. As stated in Section 4.2, all ground truth
of the iris occlusion mask has been established by human
labor. For each iris class in ICE2 and UBIRIS, we picked one
image as training data and left all the other images as test
data. For each testing image, we computed the Average
Error Rate of the masks estimated by different algorithms.
AER can be computed as

AER ¼
PN

i¼1 ei
N

; ð5Þ

ei ¼
NP ðmaskalg �maskgtÞ

W �H ; ð6Þ

where ðW;HÞ is the size of the mask, maskalg and maskgt are

the masks generated by specified algorithm and human

labor, respectively, N is the total number of test images, � is

the pixel-wise XOR operator that can be used to compute

the difference between two occlusion masks, NP ðÞ is the

function that counts the number of pixels in an image which

are not zeros. The results are shown in Fig. 7.
From the results shown in Fig. 7, we can see that our

proposed method outperforms the two baseline methods.

For the feature set selection, we found that the feature set IG

performs better than other combinations. Therefore, the

image response generated by Gabor filtering is much more

discriminative than those generated by other filters (Sobel,

Gaussian, and Laplacian of Gaussian).

4.5 Gabor Filter Banks Optimization by Simulated
Annealing

Figs. 8 and 9 show the progressive results of the Gabor Filter

Bank optimization, for thr ICE2 and UBIRIS databases,

respectively. In subfigure (a), the x-axis shows the number

of Gabor filters in the GFB and the y-axis shows the
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Fig. 6. Comparison of the iris mask estimated by different algorithms. (a) The input iris texture image in the polar coordinate. (b) The “perfect” mask,

generated by manual labor. (c) The mask generated by a rule-based method. (d) The mask generated by FJ-GMM algorithm.

Fig. 7. The average error rate for the mask estimated by different
algorithms in the feature set exploration experiment. The algorithms
compared are 1) FLDA-based, 2) rule-based, and 3) the proposed
algorithm. For the proposed algorithm, results based on different feature
sets are presented, which includes: 1) SxSyL, 2) IMSSxSyLG, and 3) IG.



corresponding iris recognition performance (measured by
the FRR at a fixed FAR of 0.1 percent). Subfigure (b) shows
the 10 optimized Gabor filters that we obtained in each
database after the optimization step.

In order to show more details about the process of GFB
optimization, we also plotted the ROC curves for each of
these 10 experiments for both ICE2 and UBIRIS. Fig. 10a
shows the ROC curves of the large-scale iris recognition
performance for the UBIRIS database, when we use the best
one, two, three, and four Gabor filters that we obtained as
the feature set. Figs. 10b and 10c show the same result
when we use four to seven Gabors, and then seven to
10 Gabors, respectively.

Finally, in order to compare the results of GFB optimiza-
tion with the baseline system as well as the perfect system
(which uses manually created masks), we show the ROC
curves for all above cases in Fig. 10d.

Fig. 11 shows the same results for the ICE2 database.

5 DISCUSSION

5.1 Average Error Rate for Occlusion Estimation

In terms of the accuracy of the generated iris mask, Fig. 7
shows that in both the ICE2 and UBIRIS database, our
proposed method, no matter which feature set we use, is
better than the two baseline methods (the rule-based method
and the FLDA-based method). This result shows that the
proposed approach is useful and able to create iris masks
which are much more similar to manually created masks.

From Fig. 7 we found that feature IG seems to give the
best result among all the feature combinations. Therefore, in
Section 4.5, we start a series of experiments of GFB
optimization. Using this GFB, our model can learn more

discriminative information and estimate iris mask even
more accurately. Fig. 12 shows the example iris masks
estimated by the proposed algorithm with optimized GFB,
for both the ICE2 and UBIRIS databases.

5.2 Insight from Gabor Filter Bank Optimization

There are some insights we can draw from the optimiza-
tion process of the GFB features. For the UBIRIS database,
as the number of Gabor filters increases, we find that
the recognition performance also increases. However, the
improvement of performance seems to saturate at the
point when seven Gabor filters are used. When more than
seven Gabor filters are used, the ROC curve begins to
drop down, as shown in Fig. 10c. We thus conclude that,
though multiple Gabor filters can give the most discrimi-
native feature for occlusion estimation, there is a limit.
When the number of features exceeds the optimal value,
the less effective feature will confuse the generative model
and degrade the performance. Only the good features can
train better generative models. This same phenomenon
can be observed in the case of the ICE2 database, as
shown in Fig. 11. For ICE2, the optimal number of Gabor
filters is six; thus our observations and conclusions are
correlated on different datasets.

5.3 Gabor Filters that are Learned in Experiments

Figs. 8b and 9b show the Gabor filters that are learned
during the optimization process. The two sets of Gabor
filters look different, which is truly reasonable because
they reflect the image characteristics of the corresponding
iris database. For the ICE2 database, the quality of images
is very good; therefore most iris texture regions are sharp
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Fig. 8. Progressive results for GFB optimization for ICE2. (a) Large-
scale iris recognition performance measured with false reject rate at
0.1 percent false accept rate when using different numbers of Gabor
filters (from one to 10) for feature extraction. (b) The discovered
10 Gabor filters.

Fig. 9. Progressive results for GFB optimization for UBIRIS. (a) Large-
scale iris recognition performance measured with false reject rate at
0.1 percent false accept rate when using different numbers of Gabor
filters (from one to 10) for feature extraction. (b) The discovered
10 Gabor filters.



and clear. The appearance of learned Gabor is close to the
primitive form. The textons, in general, are smaller,
without complicated variation in magnitude. It seems like
FJ-GMM is doing more work of learning texton about the
valid iris region.

The Gabor filters learned for UBIRIS look a bit different.
Since images in UBIRIS are noisy and occlusion artifacts
consist of dense distribution of curved eyelashes, the shape
of the learned Gabor filter looks very complex. Some of
them demonstrate the shape of strong ripples of periodicity
which match the texture distribution of dense eyelashes. In
this case, FJ-GMM is doing more work of learning texton
about an invalid iris region.

5.4 Performance Enhancement Shown in ROC
Curves

We can see how much the recognition performance is
enhanced by our proposed algorithm, with the best feature
set obtained through the SA optimization process, in
Figs. 10d and 11d. In these two figures, there are ROC
curves that are based on five different masks. The ROC
based on the masks that are generated from FLDA and rule-
based methods shows the baseline with which to compare.
The ROC based on the masks that are generated by
the proposed algorithm, with the IMS feature set, is the
performance with our proposed algorithm before we
perform GFB optimization. The ROC based on the manually

labeled iris masks gave the best achievable performance if
we manually identified the regions of occlusion. The ROC
based on the masks that are estimated by the proposed
algorithm, with GFB optimization, is the ultimate perfor-
mance we can get by the process of optimization.

From both Figs. 10d and 11d, we can see that without the
optimization process and only using simplistic features
(image intensity, mean, and standard deviation), we
already can greatly enhance the recognition performance.
For UBIRIS, after GFB optimization, we can improve the
recognition performance to a level that is very close to the
manually created mask.

For ICE2, the results are even more encouraging. After
GFB optimization, the recognition performance can exceed
the performance based on manually created masks. This
observed result suggests two things: 1) The masks
generated by the proposed algorithm must be different
from the manually created masks (if they are almost the
same, both ROC curves should be very similar); 2) in
order to have higher recognition performance, the masks
generated by the proposed algorithm must mask out
some regions which contain less discriminative features
for iris matching.

This observation and implication can be observed from
Fig. 13. In this figure, we show three examples of how iris
masks “evolve” or “improve” with different algorithms.
Each column represents the same input iris image being
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Fig. 10. ROC curves that show how the recognition rate changes with the number of filters in GFB with the UBIRIS database. (a) ROC curves of one
to four Gabor filters. (b) ROC curves of four to seven Gabor filters. (c) ROC curves of seven to 10 Gabor filters. (d) ROC curves comparison of the
baseline, manual, and the proposed method. The two baselines are the FLDA and Rule-based method. The best performance of the proposed
method is when using seven Gabor filters.



processed by different algorithms. The five algorithms we

compared are

1. rule-based,
2. FLDA,
3. proposed method with IMS feature,
4. manually labeled ground-truth data, and
5. the proposed method with GFB optimization

We can see that the proposed method with the IMS

feature greatly improves the accuracy of the masks com-

pared to the two baseline methods. However, masks created

manually are slightly better than the proposed method with

IMS features, which explains the gap between the two ROC

curves. Finally, the proposed method with GFB optimization

further modifies the manual masks by eliminating the iris

regions that have little or no discriminative information, e.g.,

the regions at the top of the images. If we wrap the polar

domain iris image back to the Cartesian domain, the top

region of the polar domain image corresponds to the

boundary between the sclera and the iris. Slightly inaccurate

iris segmentation will include the sclera region into the polar

domain image, causing decrease of the recognition perfor-

mance. Therefore, by masking out this region, the recogni-

tion rate can be further enhanced.

5.5 Computational Complexity

The major bottleneck of the proposed algorithm lies in the
part when we have to compute (3) (the cost function) as
described in Section 3.3.1. When computing (3), we have to
1) estimate iris masks for all images in the test set and
2) perform a large-scale iris recognition on the training set
of the database, using the estimated iris masks. Every time
when we change the parameters of the Gabor filters, the
estimated GMM changes, the estimated iris masks change,
and therefore the final recognition rate changes too.

The computational complexity of the cost function can
be expressed as OðN2Þ, where N is the cardinality of
training image set. According to [32], when the search
space of the parameter belongs to kM , if the temperature is
suitably chosen as a function of M, the expected first
hitting time of the global minimum grows polynomially
with M. Therefore, if the cardinality of the search space is S
and the cardinality of training image set is N , the
computational complexity of the proposed algorithm
should be OðN2logðSÞÞ.

5.6 Comparison with Previous Works

In Section 2, we surveyed and listed previous works about
GFB optimization. Except for the work in [18], which used
an exhaustive search scheme (brute-force searching) to
optimize the Gabor filter parameter for face recognition, all
other works used Genetic Algorithm, or its extended
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Fig. 11. ROC curves that show how the recognition rate changes with the number of filters in GFB with the ICE2 database. (a) ROC curves of one to
four Gabor filters. (b) ROC curves of four to seven Gabor filters. (c) ROC curves of seven to 10 Gabor filters. (d) ROC curves comparison of the
baseline, manual, and the proposed method. The two baselines are the FLDA and Rule-based methods. The best performance of the proposed
method is when using six Gabor filters.



version, to perform global optimization when searching for

the best parameters of GFB.
Although the terminology of GA and SA is quite

different, theoretically SA and GA are somewhat similar to

each other. Basically, SA can be thought as GA where the

population size is only one. The current solution is the only

individual in the population. Since there is only one

individual, there is no crossover, but only mutation. This

is in fact the key difference between SA and GA. SA creates

a new solution by randomly choosing a new candidate in

the neighborhood, but GA creates solutions by combining

two different solutions. Whether this actually makes the

algorithm better or worse is not straightforward, but

depends on the problem and the representation. Both of

them assume that good solutions should be found near

already known good solutions rather than by randomly

picking from the whole parameter space. Where GA differs

from SA is that it treats combinations of two known
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Fig. 12. Iris occlusion estimated by the proposed algorithm. The red region denotes the estimated occlusion and the dark green region denotes the
estimated iris texture. Rows 1-4 show the results from UBIRIS (seven optimized Gabor filters were used) and Rows 5-8 show the results from ICE2
(six optimized Gabor filters were used).

Fig. 13. Comparison of the iris masks that are estimated by different algorithms. Each column shows the iris masks that are generated by 1) rule-
based, 2) FLDA, 3) the proposed method with IMS feature, 4) manual, and 5) the proposed method with GFB optimization. From these three
examples we can see that GMM trained with optimal GFB can mask out the regions that contain less discriminative information for iris recognition.



solutions as being “near” and assumes that such combina-
tions (children or offspring) share “good” characteristics of
their parents, so a child of two good solutions is probably
better than a random solution.

Practically speaking, in our problem the bottleneck of
computation is related to evaluating the cost function. Thus,
the philosophy of GA, which includes picking up many
candidates to form “population” and gradually evolving
better solutions by crossing-over and natural selection, is
obviously a disadvantage in our case. If we use GA to
optimize GFB in our problem, the number that we have to
evaluate the cost function would increase exponentially,
which dramatically slows down the training process.

In the literature, it seems that SA can converge to a better
solution in a shorter time compared to GA, as demonstrated
in [35], [36], [37], and [38]. Therefore, in our proposed
method, using SA for Gabor filter optimization is an
appropriate choice.

6 CONCLUSIONS

Robustly estimating iris masks is one of the key factors to
achieve high iris recognition rates. In this work, we have
five contributions. First, we formulated the problem with a
pattern-recognition framework and proposed using a
generative model to solve it. Second, we searched for the
feature set that is the best combination of visual features
used for the purpose of iris mask estimation, and we found
the combination of image intensity and the response of
Gabor filters is the best feature set. Third, we sequentially
optimized the parameters for GFB in order to recover the
10 Gabor filters that are best suited for our goal. The
experimental results show that our proposed method can
detect the occluded regions in an iris in polar form, and the
detection result (the iris mask) is very similar to a manually
created mask. Fourth, the proposed method only needs to
use one training image from each class to get such a
satisfactory result for estimating iris masks. This is one of
the very useful features when we consider that, in a
practical scenario, we might only have a few training
images. Of course, if we have more training samples, the
accuracy of the estimated iris masks will be enhanced
accordingly. Fifth, due to the easy evaluation of the
Gaussian function, our proposed method is very efficient
in the test stage, which is another important advantage
when being used in a practical online recognition system.

One possible direction for future work is that we can try to
combine the proposed method with another existing method
to see if we can further improve the iris recognition accuracy.
Also, we can try to use the proposed framework directly on
iris images in Cartesian form to see if it also works.
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