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ABSTRACT
Iris recognition has been demonstrated to be an efficient technology for doing personal identification. Performance
of iris recognition system depends on the isolation of the iris region from rest of the eye image. In this work,
effective use of active shape models (ASMs) for doing iris segmentation is demonstrated. A method for building
flexible model by learning patterns of iris invariability from a well organized training set is described. The
specific approach taken in the work sacrifices generality, in order to accommodate better iris segmentation. The
algorithm was initially applied on the on-angle, noise free CASIA data base and then was extended to the off-axis
iris images collected at WVU eye center. A direct comparison with canny iris segmentation in terms of error
rates, demonstrate effectiveness of ASM segmentation. For the selected threshold value of 0.4, FAR and FRR
values were 0.13% and 0.09% using canny detectors and 0% each using the proposed ASM based method.
Keywords: Active shape models (ASM), active contour models (ACM), Iris segmentation, non-linear ASM,
non-linear shape learning, principal component analysis, multiresolution analysis

1. INTRODUCTION
Among all the biometric identifiers, iris has been shown to be one of the most accurate. Daugman, et.al.
has successfully demonstrated the uniqueness and certainty associated with the iris-based recognition systems. 1
Segmentation formulates the most significant part of the iris recognition framework. If not segmented correctly,
the system will not be able to encode and verify valid iris information. By default the iris images are non-ideal,
non-stationary and noisy. Often it is very difficult to segment the iris region with precision, particularly in
the case of noisy, occluded, and non-ideal iris images, i.e.off-axis images. Previous methods are based on rigid
models, e.g.canny transform,1–3 which are not appropriate, especially for the off-axis images. The drawbacks of
the current approaches are model specificity and inability to learn underlying patterns.
To account for these non-idealities, application of ASMs is proposed, so as to learn the patterns of variability
within the training iris images.4, 5 In this paper, we have used active shape models to learn non-linear shape
distributions for effective isolation of iris information. The effect of improved iris segmentation on the system
performance is presented with improvement in the system error rates, i.e. false accept rate (FAR) and false
reject rate (FRR) using the previously developed algorithm.6 It is important to test the designed algorithm on
sufficiently large and diverse data set. The next subsection presents the data used for this work.

1.1. Data management
A data set of gray scale iris digital images provided by the Chinese Academy of Sciences (CASIA) is used for
testing. The database consists of 756 gray scale images coming out of 108 distinct classes and 7 images of each
eye. The data was collected from 80 subjects in two sessions with a one month gap between the two sessions. 7
Also, the data was collected at ‘eye center’ at West Virginia University. This data was collected from 101
subjects in one session with 4 images (two on-angle and two 10o and 20o off-angle) of the left and right eye for
each subject. Thus a total of 808 images coming from 202 classes are used for further testing of the algorithm.
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The CASIA data set predominantly has iris data from asians, while the data collected at the eye center mostly
contains iris images of caucasians. Standard institutional review board procedures were utilized.
The available data can be tabulated as follows:
Table 1. Iris datasets used for testing segmentation

Data
set
CASIA
Eye center

No. of
images
756
808

No. of
classes
108
202

Exploited intraclass combinations
4,536
606

Exploited interclass combinations
566,244
80,800

The given iris data was segmented using conventional canny detectors as well as proposed ASM based method.
To assess the impact of the segmentation method on the system performance, further inter and intra class testing
was performed using the bi-orthogonal wavelet based algorithm given in. 6
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Figure 1. Effect of ξ1 , ξ2 , ξ3 , M on WIMQ (y-axis)

2. IRIS SEGMENTATION
Iris segmentation is a critical step in iris recognition and needs to be designed carefully. This section discusses
the effects of various factors, which degrade iris image quality, on the iris isolation process.

2.1. Effect of image quality
This subsection shows the connection between iris image quality and iris segmentation method. A wavelet based
quality measure (WIMQ) is used to assess the quality of iris images. The image quality is deliberately distorted
using sub-band down sampling, to study its effect on the process of segmentation.
The digital image denoted by s, when convolved with highpass and lowpass analysis filters and downsampled
by 2, results in transformed signals sH and sL . Signal sL can be further processed in a similar way. The number
of repetitions defines the decomposition level, called as a ‘scale’ λ. For (λ, θ) subband, at scale λ, θ represents
orientational index for every sub-band. The wavelet image quality index is given as, 8
PM
S(v, xn ).|c(xn )|Q(xn )
W IM Q = n=1
(1)
PM
n=1 S(v, xn ).|c(xn )|

In this equation, M is the number of wavelet coefficients retained after maxima energy extraction. c(x n ) represents the wavelet coefficient of the original image at the specified location x n . S is the sensitivity factor and Q
is the quality factor as given in.9 The quality index is modelled using following three factors:
• mean distortion (ξ1 )
• degree of discontinuity in correlation (ξ2 )
• variance distortion (ξ3 )
Following table (2) summarizes the effect of these parameters and M on the wavelet quality index.
Table 2. Effect of ξ1 , ξ2 , ξ3 , M on wavelet quality matrix

ξ1
1
1
1
1
1.8

ξ2
2
2
2
2
2.2

ξ3
5
5
5
5
6.2

M
100
500
1000
10000
10000

WIMQ
45
62
77
86
97.2

WIMQ value ranges from to 0 to 100, where higher numbers indicate higher quality. The values chosen for
the three factors which determine the quality index ware 1.8, 2.2 and 6.2.
The following table (3) clearly shows that better quality images produce better segmentation results.
Table 3. Effect of quality of an image on segmentation

Average
WIMQ
55
65
75
85
95

Successful CASIA
Segmentation (%)
78.2
82.1
86.5
89.22
99.60

Successful Eye
center Segmentation (%)
66.4
79.2
80
84
96.25

Figure (1) shows, for selected value of M = 10000, high average WIMQ is obtained, which results in high
percentage of successful segmentation, as can be seen from Fig.(2).
Thus, in general, as can be seen by this experiment, better image quality results in better segmentation
results. In practical situations, the iris capture quality may not be always high.

2.2. Effect of off-axis iris images
While previous subsection discusses the effects of iris image quality on the segmentation, this subsection presents
effects of off-axis iris images on the traditional iris isolation techniques. Practically it is very difficult to get onaxis i.e. 0o offset iris images. When iris is captured with an angle deformation, the iris region is more elliptical
than circular. As the conventional segmentation methods use circular intensity comparisons, it is not effective
when it comes to segmenting elliptical iris regions in the off-angle images. This can be seen in figure (3).
Apart from off-axis iris images, other types of non-ideal conditions include partly occluded and noisy images.
Noise elements could be in the forms of eyelashes, eyelids, reflection and so forth. Hence, it is desired to use an
adaptive model, to account for these irregularities.

100

95

CASIA data

Successful Segmentation (%)

90

85

80

Eye Center data

75

70

65
55

60

65

70

75

Average WIMQ

80

85

90

95

Figure 2. Effect of quality (x-axis) of an image on percent segmentation (y-axis)

3. ACTIVE SHAPE MODELS (ASMS)
While the nature of off-axis iris images poses many challenges for a robust algorithm, in a limited domain it
is possible to provide information pertaining to prior knowledge of the shape, and in some cases appearance
of the iris portion of interest. Early in the literature, shape modeling based on the rule-based reasoning was
very popular methodology.10 However, recent approaches have shown that statistical learning of the shapes
through training data is a more efficient technique to constraint the search. 4 Active Shape Model (ASM) is
such a successful segmentation method that uses linear shape and appearance models extracted by principle
component analysis (PCA). The main drawback associated with the linear models is that for non-linear shape
distribution they compute invalid shapes and therefore multiple models are necessary to span that non-linear
shape distribution.
Multiple models may require longer time to converge, thus making the complete system slow. Hence, an
approach taken in this work incorporates non-linear shape constraints while performing segmentation. The
models work well for the multiple subclasses without needing to separate models. For this specific problem of
off-axis iris segmentation it is desired that the algorithm starts with a fixed initial shape and automatically adapt
and converge to the correct shape, without any model selection in advance, e.g., whether it is a right eye or a
left eye, by how much degrees the eye is off-axis, and so forth.
Prior to this work non-linear shapes have been used in ASM11 and with variational image statistics,12 but
not in the context of iris identification. These models have been shown to be very strong in model building and
hence successful in segmenting objects with non-linear shape variations. However, they suffer a major drawback
in case of iris images, in designing a search strategy that balances the use of shape prior constraints and use
of actual image structures to find a globally optimal solution. To find the optimal balance Cremers et. al. 12
suggested the use of Kernel Space Density Estimation (KSDE). However this shape energy term makes it difficult
to minimize the energy function globally.
Prior to this work, no shape modelling approach has been applied to segment iris information. In this work,
the approach is adopted from4 to address the problem of not minimizing a single energy function. Instead the
search iterates between two steps. In one step, ASM searches for the best landmarks, which is equivalent to
minimizing an image energy term. In the other step, the contour is regularized to the space of training shapes,
which can be viewed as minimizing a shape energy term. Although this alternating process provides certain
capabilities for the algorithm to jump out of a local minimum and find a better solution, the lack of a global

Figure 3. Segmentation problems with off angle images.

energy function may introduce oscillations when trying to minimize two separate targets. For such cases local
shape regularization is used to help feed the shape information from local optimization. Thus the method aims
at combining advantages of both local as well as global energy minimization based search.

4. NON-LINEAR ASM
The model is formulated based on non-linear shape distance term instead of smoothness term used in the case
of conventional active contour models. In particular, we are interested in a discrete formulation so that efficient
combinatorial search methods can be applied.
traditional
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Figure 4. Contour modelling using iris deformation map

4.1. Discretized Energy Formulation
Similar to the conventional Active Contour, our method tries to find a contour c that minimizes an energy
function I(c), which is the weighted sum of two terms,
I(c) = Ish (c) + ωIim (c)

(2)

where, Iim (c) is the image energy and Ish (c) is the shape energy. The shape energy is one to one correspondence of how the contour c is varying with reference to the training shapes. The distance measure based on
(KSDE) is given in12 as,
m
n X
X
−1
−1 0
αji k 0 (cj , c))2 (λ−1
(
Ish (c) =
i − λ⊥ ) + λ⊥ k (c, c)

(3)

i=1 j=1

where, cj is the j th of m total training samples, and k 0 (., .) is the centered kernel function. αji formulates the ith
eigenvector. λi is the ith eigenvalue of the centered kernel, and λ⊥ is a constant value.
Let he (.) be the local edge strength along the contour, then the image energy is defined as follows: 13
R
he [v(s)]ds
Iim (c) =
L(c)

(4)

where, v(s) is the parametric representation of points on the iris or pupil boundary contour. L(c) being length of
the contour is a normalizing term. The main reason behind defining the image energy in terms of the intensity
difference on two sides of contour, is because most of the iris images do not have homogeneous intensities. The
term he is computed as the absolute intensity difference on the two sides of the contour.
Active contour modelling is performed for estimating the the deformation characteristic map. The deformation map is shown in figure (4), while figure (5) demonstrates the actual iris deformation.
In the optimization procedure, the contour energy is taken as the base energy. Let the contour be represented
as a set of single contour points c = {vi |i = 1...N } sequentially connected as lines. Then, equation (4) can be
written as,
Pm−1
→
−
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(5)
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5. NON-LINEAR SHAPE LEARNING AND SEGMENTATION
The designed system is tested using two data sets, as described earlier.
Training phase is used to introduce the landmark points of the images to the system. The landmarks are
studied from the point of view of shape regulations, as well as pixel variations. Selected N = 264 images are
used for training, by specifying the significant information points manually. After formulating a set of N aligned
shapes, the mean shape x (the center of the ellipsoidal Allowable Shape Domain), is calculated using,

x=

N
1 X
xi
N i=1

(7)
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Figure 5. Iris deformation

Principle component analysis (PCA) is applied to calculate principal axis of the d-dimensional data for all
of the possible angles. In the training, deviations of the individual points from the mean point formulate the
basis for the shape contour analysis. Any point in our allowable shape domain can be recovered by calculating
the mean and adding the eigenvectors in a linear or non-linear way. Any shape in the training set can be
approximated using the mean shape and the weighted sum of the deviations obtained from the first modes. 4
The non-linear learning is shown is figure (6).
The designed ASM algorithm uses an iterative approach to minimize energy function given in equation (6).
In the first step, ASM searches for the best landmarks, similar to minimizing image energy. In the next step,
contour is regularized to the space of the training shapes, minimizing the shape energy. The covariance matrix
of the Mean Normalized Derivative Profiles accounts for the overall variations. Intensity profile statistics is
calculated for all the training images. Aligned training shapes formulate the projection plane for the non-linear
search of iris regions.
The segmentation process is performed using moving derivatives. For fixed modes of variations, derivative
values can move the points in all the possible degrees of freedom, such that orthogonal approximation of the
deformation is achieved.5 The pose and shape parameters are consistently updated using the weight values
found during training to minimize effect of noisy elements like eyelashes. Re-scaling of the points to make a
closest guess within the volume space is performed. This procedure is carried from coarser to finer scale. Simple
Haar transform is implemented to simulate the multiresolution effect.

6. RESULTS
Figure (7) shows the stepwise segmentation process.
Out of 1564 images, 264 images were selected for training. When testing the algorithm 1297 out of 1300
iris images were segmented accurately. The ASM algorithm did not converge for three images. The probable
reason could be lack of minimum contour energy. These 3 images were processed using the traditional canny
circular detectors. For the traditional canny method only 1122 out of 1300 iris images were segmented moderately
correctly.

Figure 6. Iris segmentation non-linear learning phase

The segmentation algorithm was also assessed using performance. A biorthogonal wavelet algorithm developed in XX was used as the iris recognition algorithm. The circular canny method of segmentation was used, as
is typical in many algorithms, with projections used to account for off-angle images. For off-angle images, the
image was projected to an on-angle image using projective and affine transforms before performing standard segmentation.For the canny approach only correctly segmented images were considered for calculating error rates.
As against that, in case of ASM method, only 3 out of 1300 images were not segmented correctly, and were
included while calculating error rates.
Results given in terms of FAR and FRR values for selected threshold values compare traditional canny edge
method with the ASM approach in Table (4). For a threshold value of 0.3, perfect separation of inter and intra
class distributions was obtained using the improved method of iris segmentation.
Table 4. Comparison of performance result at different matcher thresholds for Canny and ASM segmentation

Threshold
0.25
0.3
0.35
0.4
0.45

F ARcanny (%)
3.1
0.13
0.08
0.0
0.0

F RRcanny (%)
0.0
0.09
2.1
6.4
12.5

F ARasm (%)
0.2
0.0
0.0
0.0
0.0

F RRasm (%)
0.0
0.0
0.5
3.2
11.6

7. CONCLUSION
Segmentation of non-stationary biomedical structures has always been a critical component of the complete
system. In iris recognition, researchers have developed numerous methods for segmenting the most critical iris
portion. However, given the 3D projective nature of the iris structure, off-axis iris captures make the iris images
complicated and challenging, for the recognition purposes. The critical importance of the segmentation of the

iris structure continues to drive researches on developing robust segmentation algorithms to assist and improve
automated means of iris based authentication.
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Figure 7. ASM based iris region search

Active Shape Models scheme for iris recognition is implemented successfully. Training and testing methods
at multiple resolutions are implemented and are shown capable of searching iris regions from noisy images. The
point distributions are modelled, which represent their mean positions and variation modes, to account for the
change in the shapes of the iris regions. Significant improvement in the matching performance is observed, when
ASMs are used for iris segmentation over traditional circular canny detectors.
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