
A Comparative Study of Robust Segmentation
Algorithms for Iris Verification System of High

Reliability

Mireya S. García-Vázquez1(&), Eduardo Garea-Llano2,
Juan M. Colores-Vargas3, Luis M. Zamudio-Fuentes1,

and Alejandro A. Ramírez-Acosta4

1 Instituto Politécnico Nacional - CITEDI, Tijuana, Mexico
{msarai,lzamudiof}@ipn.mx

2 Advanced Technologies Application Center - CENATAV, Habana, Cuba
egarea@cenatav.co.cu

3 Universidad Autónoma de Baja California - CITEC, Tijuana, Mexico
dr.jcolores@gmail.com

4 MIRAL R&D&I, Houston, CA, USA
ramacos10@hotmail.com

Abstract. Iris recognition is being widely used in different environments where
the identity of a person is necessary. Therefore, it is a challenging problem to
maintain high reliability and stability of this kind of systems in harsh envi-
ronments. Iris segmentation is one of the most important process in iris rec-
ognition to preserve the above-mentioned characteristics. Indeed, iris
segmentation may compromise the performance of the entire system. This paper
presents a comparative study of four segmentation algorithms in the frame of
the high reliability iris verification system. These segmentation approaches are
implemented, evaluated and compared based on their accuracy using three
unconstraint databases, one of them is a video iris database. The result shows
that, for an ultra-high security system on verification at FAR = 0.01 %, seg-
mentation 3 (Viterbi) presents the best results.
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1 Introduction

Nowadays, iris recognition is being widely used in different environments where the
identity of a person is necessary. So, it is a challenging problem to maintain a stable
and reliable iris recognition system which is effective in unconstrained environments.
Indeed, in difficult conditions, the person to recognize usually moves his head in
different ways giving rise to non-ideal images (with occlusion, off-angle, motion-blur
and defocus) for recognition [1, 2]. Most iris recognition systems achieve recognition
rates higher than 99 % under controlled conditions. These cases are well documented in
[3–6]. However, the iris recognition rates may significantly decrease in unconstrained
environments if the capabilities of the key processing stages are not developed
accordingly. For this reason in [7–9], some improvements have been incorporated on
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the acquisition module. As it is mentioned, iris segmentation is one of the most
important process in iris recognition to preserve a high reliable and stable iris verifi-
cation systems in harsh environments. It may compromise the performance of the entire
system. Thus, this paper presents a comparative study of four segmentation algorithms
in the frame of the high reliability iris verification system. These segmentation
approaches are implemented, evaluated and compared based on their accuracy using
three unconstraint databases, one of them is a video iris database. The remainder of this
paper is organized as follows. Section 2 presents the iris verification scheme and
segmentation approaches in the frame of the high reliability. Section 3 presents the
experimental results, and Sect. 4 gives the conclusion of this work.

2 Iris Verification Scheme and Segmentation Approaches

The iris verification scheme (Fig. 1) comprises the following steps. From capturing one
or more images of the iris of a person or persons either for the same type of sensor or
multiple sensors, preprocessing of the input image is performed. In this step the inner and
outer boundaries of the iris is extracted using at least one of the four previously selected
segmentation algorithms implemented [10, 17]. Once the iris segmentation was obtained,
the transformation of coordinates is performed to obtain the normalized iris image.

Finally, the characteristic extraction, matching and similarity degree steps [17] are
performed as it is shown in Fig. 1.

2.1 Viterbi-Based Segmentation Algorithm

The first step of this segmentation approach [10, 11] consists in a rough localization of
the pupil area. First, filling the white holes removes specular reflections due to illu-
minators. Then, a morphological opening removes dark areas smaller than the dis-
k-shaped structuring element. Then, the pupil area is almost the biggest dark area, and
is surrounded by the iris, which is darker than the sclera and the skin. Consequently the

Fig. 1. Iris verification scheme.
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sum of intensity values in large windows in the image is computed, and the minimum
corresponds to the pupil area. The pupil being roughly located, a morphological
reconstruction allows estimating a first center, which is required for exploiting the
Viterbi algorithm. The second step consists in accurately extracting the pupil contour
and a well estimated pupil circle for normalization. Relying on the pupil center, the
Viterbi algorithm is used to extract the accurate pupil contour. This accurate contour
will be used to build the iris mask for recognition purposes. Viterbi algorithm is
exploited at two resolutions, corresponding to the number of points considered to
estimate the contour. At a high resolution (all pixels are considered), it allows finding
precise contours, while at a low resolution; it retrieves coarse contours that will be used
to improve the accuracy of normalization circles. One advantage of this approach is that
it can be easily generalized to elliptic normalization curves as well as to other para-
metric normalization curves in polar coordinates. Also, a clear interest of this approach
is that it does not require any threshold on the gradient map. Moreover, the Viterbi
algorithm implementation is generic (the system can be used on different databases
presenting various degradations, without any adaptation).

2.2 Contrast-Adjusted Hough Transform Segmentation Algorithm

Contrast-adjusted Hough Transform (CHT), is based on a Masek [10, 12] implemen-
tation of a Hough Transform approach using (database-specific). It is well known that
this method implies a high computational cost. To reduce this issue a Canny edge
detection method is used to detect boundary curves that help the iris and pupil
boundary localization, and enhancement techniques to remove unlikely edges.

2.3 Weighted Adaptive Hough and Ellipsopolar Transform
Segmentation Algorithm

Weighted Adaptive Hough and ellipsopolar Transforms (WHT) [10, 13], is the iris
segmentation algorithm implemented in the USIT toolbox. This algorithm applies
Gaussian weighting functions to incorporate model-specific prior knowledge. An
adaptive Hough transform is applied at multiple resolutions to estimate the approximate
position of the iris center. Subsequent polar transform detects the first elliptic limbic or
pupillary boundary, and an ellipsopolar transform finds the second boundary based on
the outcome of the first. This way, both iris images with clear limbic (typical for visible
wavelength) and with clear pupillary boundaries (typical for near infrared) can be
processed in a uniform manner.

2.4 Modified Hough Transform Segmentation Algorithm

Modified Hough Transform (MHT), uses the circular Hough transform initially
employed by Wildes et al. [14] combined with a Canny edge detector [15–17]. From
the edge map, votes are cast in Hough space for the parameters of circles passing
through each edge point. These parameters are the centre coordinates and the radius, for

158 M.S. García-Vázquez et al.



the iris and pupil outer boundaries. These parameters are the centre’s coordinates

ðxp; ypÞ; ðxi; yiÞ
h i

and radius rp; ri
� �

, for the iris and pupil outer boundaries

respectively.

3 Experimental Results

The aim of this research was oriented to explore the capacity of the robust methods at
level of segmentation stage for unconstrained environments to increase the recognition
rates, in the frame of the high reliability iris verification system.

3.1 Databases

To develop a robust iris image preprocessing, feature extraction and matching methods
in unconstrained environments, it is necessary to use a database collected with different
iris cameras and different capture conditions. We highlight the fact for this research is
been used two image still databases and one video database. CASIA-V3-INTERVAL
(images) [18] all iris images are 8 bit gray-level JPEG files, collected under near
infrared illumination, with 320 × 280 pixel resolution (2639 images, 395 classes).
Almost all subjects are Chinese. CASIA-V4-THOUSAND (images) [19], which were
contains 20,000 iris images from 1,000 subjects. The main sources of intra-class
variations in CASIA-Iris-Thousand are eyeglasses and specular reflections. The
MBGC-V2 (video) [20] database provided 986 near infrared eye videos. All videos
were acquired using an LG2200 EOU iris capture system [21]. This database presents
noise factors, especially those relative to reflections, contrast, luminosity, eyelid and
eyelash iris obstruction and focus characteristics. These facts make it the most
appropriate for the objectives of real iris systems for uncontrolled. A sample set of three
database images are shown in Fig. 2.

The Table 1 shows the used iris database with detailed specifications.

a) b) c)

Fig. 2. Examples of databases images (a) CASIA-V3-Interval, (b) CASIA-V4-Thousand, (c)
MBGC-V2.

Table 1. Iris database.

Databasea Type Size Format image Format video Iris sensor

Db1 NIR 320 × 280 JPG – Casia-CAM
Db2 NIR 640 × 480 JPG – IrisKing IKEMB-100
Db3 NIR 640 × 480 – MP4 LG2200 EOU
aDb1 - Casia-V3-Interval, Db2 - Casia-V4-Thousand, Db3 - MBGC-V2.
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3.2 Quality for Segmented Images

In this part we considered two categories of quality for segmented images: good
segmented and bad segmented images. Good segmented images contain more than
60 % of the iris texture and less than 40 % of eyelids or eyelashes or elements that do
not belong to the eye (noise elements). Bad segmented images contain more than 40 %
of noise elements (see Fig. 3).

Table 2 shows the obtained segmentation results on the analyzed databases. The
process of evaluation was manually assessed by comparing the segmented iris images.
As measure of segmentation performance we computed the percentage of good seg-
mented images for each evaluated database by the expression 1:

PGI ¼ NGSI
NTI

� 100 ð1Þ

where: NGSI, is the number of good segmented images in the database; NTI is the total
number of images in the database.

To choose the best segmentation methods we evaluated the mean value of PGI for
each segmentation method in all databases by expression 2:

MS ¼
P3

i¼1 PGIi
3

ð2Þ

From Table 2 it is possible to see that taking into account the MS values obtained
for each segmentation method the first two best performances were obtained by Viterbi
and Weighted Adaptive Hough transform. These methods obtained stable results on the
three evaluated databases.

Fig. 3. Some examples of segmented images. Above: good segmented, below: bad segmented.
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3.3 Experimental Results in Verification Task

The recognition tests were conducted using the experimental design presented in Fig. 1.
All these processes were implemented in C language.

The matching probes generate two distributions: Inter-Class and Intra-Class
(Hamming distances for Clients and Impostors) useful to compare the performance of
segmentation algorithms. To evaluate any identity verification system, it is necessary to
determine the point in which the FAR (false accept rate) and FRR (false reject rate)
have the same value, which is called EER (equal error rate), because it allows the user
to determine the appropriate threshold Th, for a given application. The Table 3 contains
the above mentioned values for the verification scheme (Fig. 1).

3.3.1 ROC Curve Analysis
The receiver operating characteristics (ROC) curve was used to obtain the optimal
threshold decision. In a ROC curve the false accept rate is plotted in function of the
false reject rate for different threshold points. With this type of curve, we assure that the
high security systems are interested in not allow unauthorized users to access restricted
places. Otherwise, the system would allow a false accepted user to access. Therefore,
these biometric systems work at low FAR/high FRR values. In this scene, the system

Table 2. Quality for segmentation images, WHT: Weighted adaptive Hough Transform;
CHT: Contrast adjusted Hough Transform; MHT: Modified Hough Transform.

Viterbi WHT CHT MHT

CASIA V3- Interval
NGSI 2639 2639 2639 2600
PGI % 100 100 100 98.5
CASIA V4-Thousands
NGSI 3196 3704 2639 2365
PGI % 80.7 93.5 66.6 59.7
MBGC
NGSI 1736 1663 1747 1764
PGI % 86.8 83.1 87.3 88.2
MS % 89.2 92.2 84.6 82.1

Table 3. Results in verification task at EER (FAR = FRR).

Viterbi WHT CHT MHT

CASIA V3- Interval
EER 7.4 6.45 7.59 8.48
CASIA V4-Thousands
EER 10.73 7.34 10.81 8.44
MBGC
EER 3.73 3.74 3.56 13.47
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have better to reject a valid user than allow an unauthorized user to access. The FAR
and FRR evaluation measurements are the most common indicators of recognition
accuracy when the biometric system is meant for verification mode, see Fig. 4.

The Table 4 contains the obtained results that choose the optimal decision threshold
for discrimination between classes (Intra-Class and Inter-Class). This improvement was
described using ROC curves; FAR and GAR (GAR = 1-FRR) [22].

Under conditions of CASIA-V3-Interval which is the database that was captured in
more controlled conditions, the best performance is obtained for WHT segmentation
method with GAR = 92.47 % at FAR = 2.39 % (see Fig. 3A).

Under conditions of CASIA4-V4-Thousands database, also the highest rating was
obtained by WHT segmentation method with GAR = 91.6 % at FAR = 4.85 % (see
Fig. 3B). For MBGC database the CHT segmentation method obtained the best results
with GAR = 95.83 % at FAR = 1.21 % (see Fig. 3C). Overall the results demonstrate
that WHT method behaves stable for the three databases.

The evaluation of accuracy for an ultra-high security system on verification at
FAR = 0.01 % was estimated by ROC curves; False Reject Rate versus False
Acceptance Rate. Table 5 reports the results of the GAR for each of automatic seg-
mentation results.

A)                   B) C)

Fig. 4. ROC curves together with EER threshold value. (A) CASIA-V3- Interval. WHT
segmentatidson, (B) CASIA-V4-Thousands. WHT segmentation, (C) MBGC-V2. CHT
segmentation.

Table 4. Results in verification task with optimal threshold for security system applications.

Algorithm Masek

GAR FAR FRR GAR FAR FRR GAR FAR FRR
CASIA V3- Interval CASIA V4-Thousands MBGCv2

CHT 91.36 3.21 8.63 86.82 5.03 13.17 95.83 1.21 4.16
WHT 92.47 2.39 7.52 91.6 4.85 8.39 95.63 1.27 4.36
MHT 90.03 4.29 9.96 90.29 5.04 9.70 84.57 3.67 15.42
Viterbi 91.63 3.96 8.36 87.42 6.48 12.57 95.71 1.83 4.28
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Under conditions of CASIA-V3-Interval database, the four experimented seg-
mentation algorithms have very similar performance with GAR = 87.9–93.2 %,
showing the best performance for Viterbi method at FAR ≤ 0.01 %. This shows that
when image capture conditions are controlled, segmentation methods generally per-
form well.

Under conditions of CASIA4-V4-Thousands database, also the highest rating was
obtained by Viterbi segmentation method with GAR = 90.2 % at FAR ≤ 0.01 %, but in
general the three algorithms based on Hough Transform obtained stable results.

For MBGCv2 database the CHT and WHT segmentation method obtained the best
results with GAR = 95.6 and 95.5 % respectively at FAR ≤ 0.01 %, the Viterbi
Algorithm also obtained wood results with GAR = 95,1 % at FAR ≤ 0.01 %.

Overall the results demonstrate that Viterbi method behaves stable for the three
databases. The other three methods do not achieved the best results. This fact also
corresponds with the results of the evaluation of segmentation, although the Viterbi
method misses the best results in terms of MS, it maintains a constant stability for the
three databases evaluated with a PGI of 100, 80 and 86 %.

4 Conclusions

In this paper, we have presented a comparative study of four segmentation algorithms
in the frame of the high reliability iris verification system. These segmentation
approaches were implemented, evaluated and compared based on their accuracy using
three unconstraint databases, one of them is a video iris database. The ability of the
system to work with non-ideal iris images has a significant importance because is a
common realistic scenario.

The first results test show that based on Table 2, the best segmentation method was
WHT. On the other hand, based on Table 4, for optimal threshold the GAR average is
for WHT 93.23 %, CHT 91.34 %, Viterbi 91.59 % and MHT 88.30 %. This shows that
WHT method presents the best performance under a normal behavior of the system.
However, if we raise the robustness of the system working at low FAR/ high FRR
values (FAR ≤ 0.01 %), based on Table 5 the GAR average is for Viterbi 92.83 %,
CHT 91.43 %, WHT 90.90 % and MHT 85.50 %. These differences could be possible
due the segmentation method accuracy.

Table 5. Results in verification task at FAR ≤ 0.01 %.

Algorithm Masek

GAR
CASIA V3- Interval CASIA V4-Thousands MBGC

CHT 92.5 86.2 95.6
WHT 89.7 87.5 95.5
MHT 87.9 85.7 82.9
Viterbi 93.2 90.2 95.1
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It was demonstrated that the Viterbi segmentation method has the most stable
performance segmenting images taken under different conditions since the features
extracted from images segmented by it contain more information than the images
segmented by the others methods. It can be used in a real iris recognition system for
ultra-high security. Combining this method with a set preprocessing technics to
improve the image quality can produce a significant increase in the effectiveness of the
recognition rates.

We believe that this problem can be also faced using combination of clustering
algorithms. In particular, an algorithm of this kind may be able to face the possible high
dimensionality of the image and use the existing geospatial relationship between the
pixels to obtain better results.

The problem of computational cost is another line that we will continue investi-
gating since it has to perform at least two segmentations methods, in consequence they
will increase the computational time depending on the nature of the simultaneously
used methods.
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