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Abstract

Iris biometric for personal identification is based on capturing an eye image and obtaining
features that will help in identifying a human being. However, captured images may not
be of good quality due to variety of reasons e.g. occlusion, blurred images etc. Thus, it is
important to assess image quality before applying feature extraction algorithm in order to
avoid insufficient results. Poor quality images may affect the recognition as they have few
sufficient feature information. Moreover, existing quality measures focuses on parame-
ters or factors than feature information. In this paper, iris quality assessment research is
extended by analysing the effect of entropy, contrast, area ratio, occlusion, blur, dilation
and sharpness of an iris image which determines the iris size, amount of information and
clearness of the features. A weighting method based on principal component analysis
(PCA) is proposed to determine the influence each parameter has on the quality score. To
test the proposed technique; Chinese Academy of Science Institute of Automation (CA-
SIA), Internal Collection (IC) and University of Beira Interior (UBIRIS) databases are
used. A conclusion is drawn that the combination of blur, dilation and sharpness parame-
ters have the most influence in the quality of the image as they weighed more than other

parameters

1 Introduction

Iris recognition is an automated method of bio-
metric identification that analyses patterns of the
iris to identify an individual [1]. It is said to have
high reliability in identification because each in-
dividual has unique iris patterns [2], [3]. How-
ever, due to the limited effectiveness of imaging,
it is important that image of high-quality are se-
lected in order to improve iris recognition perfor-
mance. Some advanced preprocessing algorithms
can process poor quality images and produce ade-
quate results, however they are computationally ex-
pensive and add extra burden on the recognition
system time. Therefore quality determination is
necessary in order to determine which algorithm to
use for preprocessing. For example, if it is known
that the acquired image does not meet the desired
quality it can be subjected to stricter preprocessing

algorithms selectively. Various quality assessment
methods have been developed to ensure quality of
the sample acquisition process for online systems
[4]. These approaches are good for quick elimina-
tion of poor quality images and even images from
which an accurate segmentation may be produced
are eliminated. A more discriminative approach
to quality, images can be assigned quality levels,
which will provide an indication as to whether fur-
ther processing can enhance them.

In this paper, the focus is on character compo-
nent of a biometric sample quality due to the ob-
servation that available algorithms utilise and fo-
cus on fidelity and utility components [4], [5], [6].
There are various quality parameters that may af-
fect iris images; these include defocus, motion blur,
entropy, contrast, occlusion and dilation. Several
authors have proposed algorithms that address in-
dividually the following parameters: defocus blur,
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motion blur and occlusion[6] or pair them with
other quality parameters [4], [5]. A complete as-
sessment of iris image quality is still a challenge
because the overall iris image quality score is deter-
mined by multiple quality parameters and there is
currently no well-defined standard for determining
the weight of each individual quality parameter.

This paper proposes an algorithm that assesses
the quality of an iris image based on multiple qual-
ity parameters. Firstly, image quality parameters
are estimated, i.e. mean contrast, sharpness, blur,
dilation, area ratio, entropy and occlusion. There-
after, a fusion technique based on principal com-
ponent analysis is used to weight each quality pa-
rameter and obtain a quality score for each image.
The remainder of this paper is organised as follows.
Section 2 describes the overview of the proposed
method. Section 3 provides the estimations of in-
dividual quality parameters and discusses the im-
plementation of the proposed fusion method. Last
sections provides experimental results and a conclu-
sion.

2 Iris image quality overview

The approach taken in this paper is to estimate
individual quality parameters and fuse them using
principal component analysis to obtain a quality
score. Fig. 1 illustrates the overview of the iris as-

sessment plan.
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Figure 1. The framework of the proposed scheme

3 Estimation of quality parameters

The proposed algorithm for quality assessment
is intended to be used during the acquisition pro-

cess. The objective is to assess the defined qual-
ity parameters and determine which quality mea-
sure mostly affect the quality score. Implemen-
tation of assessment algorithm is carried out two
steps: namely, segmentation of iris samples and es-
timation of quality parameters. The subsections be-
low details how this is done.

3.1 Segmentation

This stage involves segmenting the iris image,
which is carried out by invoking Masek’s [2] pub-
licly available automatic segmentation method. It
is based on the Hough transform, and is able to lo-
calise the circular iris and pupil region, occluding
iris-lids, iris-lashes and reflections. Hough Trans-
form is an extraction technique that uses the radius
values to detect circles in an image. The circu-
lar Hough transform was used for detecting the iris
and pupil boundaries. This involves first employ-
ing canny edge detection to generate an edge map.
The Canny edge detector is an operator that uses
a multi-stage algorithm to detect a wide range of
edges in images. The range of radius values was set
manually, depending on the database used. For CA-
SIA and IC databases the values of the iris radius
range from 80 to 150 pixels, while the pupil radius
ranges from 28 to 75 pixels. For UBIRIS database
the range for pupil radius is 5 to 11 pixels and for
the iris radius it ranges from 39 to 49 pixels. The
Hough transform determines the iris boundary first,
and then determines the pupil boundary within the
iris region. After getting the iris and pupil bound-
aries, the iris and pupil image is displayed with ev-
erything beyond the iris radius masked out. Fig. 2
illustrates the segmented image of CASIA.

Figure 2. The framework of the proposed scheme
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3.2 Estimation of predefined quality pa-
rameters

The following are the quality parameters that
are estimated for the proposed algorithm:

3.2.1 Contrast

The term contrast refers to the representation
of colour and difference in luminance that makes
a feature noticeable within an image [7]. How-
ever human vision is more sensitive to difference in
colour representation than difference in luminance.
According to human visual, contrast is the differ-
ence in colour and brightness of various objects
within the same filed of view.

Contrast determines the clearness of the features
within an image. High contrast means the more
clearer the iris features and making easier for fea-
ture extraction. Assessing contrast is important to
ensure sufficient and clear features are extracted. In
measuring contrast a window of 8 x 8 pixels is de-
fined, of which the Fast Fourier Transform (FFT)
of the 2-Dimensional image is computed for each
sub-window. FFT transforms the signal from time
domain into a frequency domain and is defined as
(8]

H(u,v)=

M—-1M—-1 v u
=) Z(exp[—2m'yM]exp[—2ﬂixﬁ]h(x,y)) (1)
x=0 y=0

where u,v = —%% The squared magnitude

of the Fourier Series coefficients which indicates
power at corresponding frequencies is computed by
Parseval’s Theorem [9]

P(u,u) = [H(u,v)|* = Re(u,v) +Im(u,v)* ()

The fundamental frequency (dcpower), the to-
tal power (totpower) and the non-zero power
(acpower) of the spectrum is computed which are

[9]

dcpower = P(0,0) = |[H(0,0)|? @)
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In equation 5, I, , is the gray level of pixel (x,y) and
I is the average gray level of the k' region. The av-
erage intensity or contrast is computed as follows

M = Sstp %
avgGray

3.2.2 Area Ratio

The representation of pattern recognition
should be invariant to the change in size, position
and orientation of the iris image. If the captured
iris was far from the capturing device, the image
might be small, which means fewer features will
be resolvable for extraction. Also, if the subject is
too close to the capturing device that may cause the
captured image to be blurry. Thus, it is of utmost
importance to assess the iris area ratio; which is de-
fined as:

Ap
=— 8
A 3)
where A; is the area of the iris and Ag is the area of
the entire image.

My

3.2.3 Entropy

Entropy is a statistical measure of randomness
that can be used to characterize the texture of the
input image. It is the quantity of information con-
tained in the image. It’s also given as the uncer-
tainty associated with random variables. Entropy is
defined as

255
Mg = —) pilogp; )
i=0
where N
pi= (10)

In 10 A; is the number of pixels with grey level and
N is the total number of pixels in the image. p; is the
probability of occurrence of grey level intensities.

3.2.4 Blur

Blur may result from many sources, but in gen-
eral it occurs when the focal point is outside the
depth of field of the captured object. The further the
object is from the focal point of the capturing de-
vice, the higher degree of blur in the output image
[6]. On the databases used there is no significant
blur, so a low-pass Gaussian filter was convolved to
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the iris input image in order to estimate blur. First,
the intensity variations between neighbouring pix-
els of the input image and blurred image are com-
puted. Then, the intensity variations of these two
images are compared; the results obtained are used
as the estimation of blur. This blur estimation is
based on Crete et al [10] approach. The blur esti-
mation procedure is illustrated in Fig. 3.

Gaussian

Filter

Input Blurred
L
Image Image

Compute variation intensity Compute variation

of neighbouring pixels for

input image pixels for blurred image

Comparison
Module

Estimating
Blur

Figure 3. The flowchart of the blur estimation [10]

3.2.5 Dilation

The variation in pupil dilation between the en-
rolment image and the image to be recognised or
verified may affect the accuracy of iris recognition
system. A degree of dilation was measured for each
iris image. The segmentation results provided the
radius of the pupil and of the iris. To measure dila-
tion, a ratio of radius of pupil to radius of iris was
calculated. Since the pupil radius is always less than
the radius of iris, the ratio will fall between O and 1.
The dilation measure Mp is calculated by

Mn =
D IR

(1D
where Py is the pupil radius and Iy is the iris radius.

3.2.6 Sharpness

Images are usually affected by distortions dur-
ing acquisition and processing, which may result
in loss of visual quality. Therefore, image focus
assessment is useful in such applications. Sharp-
ness is arguably the most important quality param-
eter because it determines the amount of readable

intensity of neighbouring

information an image may hold. Sharpness gener-
ally attenuates high frequencies. Due to that factor,
sharpness can be assessed by measuring high fre-
quencies in the image. Daugman illustrated this in
[4] by proposing a (8 X 8) convolution kernel. To
assess the appearance of the blur effect, a sharpness
metric is proposed in the literature. Sharpness is es-
timated based on the gradient of the image to deter-
mine whether the image is in focus or not, because
the gradient of an image is the directional change in
the intensity of an image. The gradient of the image

is given by:
oG oG
VG=|—=—1% —39
o= (59 (%)
G

where 26 and % are the gradients in the x and y
) © ox dy
direction respectively.

12)

The sharpness (My) is calculated by dividing the
sum of gradient amplitude (S) by the number of el-
ements of the gradient (T).

Ms=Y(S)/T (13)
The gradient amplitude (S) is given by
S:1/G§+G§ (14)

where G, and G, in 14 are the horizontal and verti-
cal change in intensity.

3.2.7 Occlusion

The occlusion measure (M) is the amount of
iris region that is invalid due to obstruction by eye-
lids and eyelashes. Eyelid and eyelashes occlusion
problem is a primary cause of bad quality in iris
image [11]. Compared with the edge of iris texture,
the edge of iris-lid and iris-lash is much sharper and
usually considered to contain high pixel values. To
estimate the amount of occlusion at each level an
occlusion is measured by calculating the total grey
value of the image[12]. It is defined as

5)

where A; and Ag in are the area of the iris and Area
of iris-lids. The higher the metric value the greater
is the chance for occlusion by iris lid.
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4 Fusion Technique

A unique quality score is of value to the pre-
diction step of iris recognition system. To ob-
tain this quality score, a fusion technique based on
Principal Component Analysis (PCA) is proposed.
PCA is a widely used tool which is proficient in
reducing dimensions and determining factor rela-
tionships amongst datasets just like Factor Analysis
(FA) [13]. However, FA evaluates the linear rela-
tionship between the number of variables of inter-
estY),Ys,....Y;, and a smaller number of unobserved
factors F1,F3, ..., Fy, whereas, PCA is a technique
that determines the factor loadings of the dataset by
calculating the eigenvectors and eigenvalues of the
covariance matrix [14]. In this research PCA has
been used over FA since the interest is in determin-
ing the factor loading of the dataset. Factor loadings
are the weights of each variable and correlations be-
tween each factor [15].

The PCA is calculated by defining the eigenvec-
tors and eigenvalues of the covariance matrix. The
covariance matrix measures the variation of the di-
mensions from the mean with respect to each other.
Prior to applying the PCA, quality parameters need
to be normalised. The quality parameters is stan-
dardized using the Z; before obtaining the first
PCA, which is
x—p

c

Z, =

(16)

where u is the mean and ¢ is the standard deviation
of the estimated measures of the entire database.
Suppose n independent observation are given on
X1,X>, ..., Xk, where the covariance X; and X; is

Cov(Xi,X;) =Y ij (17)

fori,j=1,2,....k in equation 17. Then the eigen-
values and eigenvectors of the covariance matrix are
calculated. Since the observations are normalised
then

vivi=1 (18)

where v is the eigenvectors of the covariance matrix.
Then W is defined to be the first principal compo-
nent. It is the linear combination of the X’s with the
largest variance:

W =alX; (19)

where i = 1,2, ...k and a is the eigenvector of the co-
variance which also implies that ajT-a ;= 1. Then the

quality score is obtained by multiplying normalised
measures of parameters with weights for each qual-
ity parameter of the image. The fusion quality index

is given as
N

;=Y 0,W, (20)
i=1
where Q; is the quality score, Q) is the estimated
quality parameter and W), is the amount of influ-
ence each parameter has on the quality score. The
scores represent the global quality score of the iris
segmented images.

S Dataset Used For Analysis

In this paper, the CASIA and UBIRIS databases
which are available free online and Internal Collec-
tion (IC), database were used, to estimate the qual-
ity parameters and their scores. For CASIA a subset
of images called ’interval’ was used. It contained
525 images which were captured at a resolution of
320 x 280 pixels. UBIRIS consists of 917 images
captured at a resolution of 200 x 150 pixels. IC con-
sists of 116 images captured at a resolution of 640
x 480 pixels.

6 Image Description

For UBIRIS database images were captured
on two different sessions. For the first session
noise factors like reflection, luminosity and con-
trast were minimized by capturing images inside a
dark room. In the second session capturing location
was changed to introduce noisy images. This in-
troduced diverse images with respect to reflection,
contrast, focus and luminosity problems [16].

For CASIA database images were captured by
a closed up iris camera with circular NIR Light-
Emitting Diode (LED) array which had suitable
luminous flux for iris imaging. The camera cap-
tures very clear iris images [17].

The IC iris database which was also used for
testing the algorithm is a new database its images
were collected in the Council of Scientific and In-
dustrial Research (CSIR) campus in Pretoria. A
Vista EY2 iris camera was used to collect these im-
ages.
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7 Quality Parameter Distribution

This section discusses the distribution of each
quality parameter, also the histograms of the esti-
mated quality parameters for UBIRIS, IC and CA-
SIA databases are presented. The x — axis for all
plots represents the strength of the estimated param-
eters.

Fig. 4 shows a histogram plots of contrast esti-
mates for all the databases. All three databases have
a wide range of contrast scores ranging above 0.5,
with UBIRIS database having the highest contrast
scores for all the databases. The reason for high
scores of UBIRIS is because images were captured
in a controlled room where noise factors relative to
reflection, luminosity and contrast were minimized.
Image acquisition for this database was done in a
dark room to eliminate ambient light which has a
negative effect on contrast of the image.
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Figure 4. Contrast Distribution of (a) UBIRIS, (b)
IC and (c) CASIA Databases respectively

Fig. 5 shows histogram plots of entropy esti-
mates. For all three databases, there are high val-
ues of entropy. All three database have high mean
values and moderate values of standard deviation
meaning that the quality value do not deviate from
the mean. The results here indicate significant con-
trast values for each database as contrast determines
how clear the details of the images are.
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Figure 5. Entropy Distribution of (a) UBIRIS, (b)

IC and (c) CASIA Databases respectively

Fig. 6 shows histogram plots of sharpness es-
timates. All three databases are negatively influ-
enced by sharpness scores, with UBIRIS being af-
fected more by sharpness than the other databases.
The main cause of this negative influence is the ex-
ternal environmental conditions which the images
were captured in. The image capturing process for
UBIRIS was done in two sessions. One session im-
ages were captured in a location that had natural
luminosity which caused images to have contrast,
luminosity and focus problems. These problems
caused most images to have low scores of sharp-
ness. In the other session images were captured
in a controlled environment where noise relative to
luminosity, contrast and reflection was minimized.
Images captured in this session have high sharpness
values. For the IC database, images were captured
in an uncontrolled environment which caused a high
amount of images to have low scores of sharpness.
However there are some images with high sharp-
ness which were captured in the afternoon.
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Fig. 7 illustrates the histogram plots of occlu-
sion estimates. For all databases the amount of oc-
clusion is sensible, however the CASIA database
contains the highest occlusion scores, with mean
of 0.2948 and standard deviation of 0.2140. For
UBIRIS there are many images with occlusion
scores ranging from 0.1 to 0.5 meaning there is sig-
nificant evidence that this database is not highly
affected by occlusion. The results presented here
imply that during iris acquisition most individuals
eyelashes did not occlude their iris. For the IC
database, individuals were instructed to open their
eyes widely to eliminate occlusion during iris ac-
quisition. However some iris images were occluded
due to the fact that some individuals have small eyes
and long eyelashes. Their images acquired dur-
ing data collection were either significantly good or
highly occluded. This resulted in very few iris im-
ages being highly occluded with their values rang-
ing from 0.9 to 1. For CASIA itis visually clear that
most individuals had long eyelashes which caused
the database to contain the highest occlusion scores
for the three databases.
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Figure 7. Occlusion Distribution of (a) UBIRIS,
(b) IC and (c) CASIA Databases respectively

Fig. 8 shows the histogram plots of the area
ratio estimates. The histograms shows that none
of these databases are negatively influenced by this
parameter as most images have an adequate score
of area ratio ranging from 0.8 to 1. In rating the
databases UBIRIS has the highest amount of im-
ages having high area ratio scores followed by the
IC database and then the CASIA database with
some amount of images with low area ratio score
which is caused by occlusion and failed segmenta-
tion. For all databases there are images having low
scores of area ratio ranging from 0 to 0.2. This is
due to failed segmentation and pupil dilation which
resulted in very low score of area ratio. An example
of these images is illustrated in Fig. 9, 10 and 11.
UBIRIS database contains a high amount of images
with sufficient area ratio. As the scores increase
from 0.4 to 1 the frequency also increases. These
results indicates that the UBIRIS database contains
iris images with very small iris size and also im-
ages of sufficient iris size. This also applies to the
IC and CASIA databases, however, most images for
these databases have area ratio scores between 0.8
and 0.9.
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Figure 8. Area Ratio Distribution of (a) UBIRIS,
(b) IC and (c) CASIA Databases respectively

Figure 9. Failed segmentation for UBIRIS
database

Figure 10. Failed segmentation for CASIA
database

Figure 11. Failed segmentation and dilated iris
images for IC database

Fig. 12 shows the histogram plots of dilation es-
timates. UBIRIS has the highest amount of images
which are dilated compared to the other databases,
with mean of 0.5462 and standard deviation of
0.0323, which implies that an average of over 50 %
are images that are dilated in this database. On the
other hand CASIA has the lowest values of dilation
scores, with mean of 0.4516 and standard deviation
of 0.1124.

Image capturing in the dark causes the pupil to di-
late and with light the pupil contracts. As stated in
section 6 some iris images of UBIRIS and IC were
captured in the dark causing high amount of iris im-
ages with pupil dilation scores ranging from 0.4 to
0.75.
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Figure 12. Dilation Distribution of (a) UBIRIS,
(b) IC and (c) CASIA Databases respectively

Figure 13. An example of blurred images of
UBIRIS Database

Fig. 14 shows the histogram of blur esti-
mates. IC and UBIRIS databases are more af-
fected by this parameter. During iris capturing
for UBIRIS database the environment introduced
diverse imaging problems with respect to reflec-
tion, contrast, focus and luminosity which caused
the high blur scores. It is also visually clear that
UBIRIS database is affected by blur as shown in
fig. 13.
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8 Overall Quality Distribution

For prediction of performance of the iris recog-
nition system a unique quality score is desirable. A
fusion technique based on PCA is employed as ex-
plained in section 4 to obtain the weights. In table
1 the weight of each quality parameter is illustrated.

The overall quality distribution for CASIA,
UBIRIS and IC databases are illustrated in Fig.
15 CASIA has the highest quality distribution, fol-
lowed by IC and then UBIRIS.

IC suffers quality degrading with respect to
sharpness, dilation and blur, which is visually ev-
ident. These parameters have high weight on the
quality score of IC which results in low quality. The
reason for this problem is the mere fact that the iris
capturing session for this database was done in an
environment with light which caused reflections, re-
sulting in the images being less clear. Moreover, in-
dividuals were required to focus their eyes to a mir-
ror for a certain period which caused their pupil to
dilate. Also, the camera captured iris images auto-
matically and required individuals to be still which
caused some discomfort and as the individual be-
came tired and moved, which resulted in the camera
capturing blurred images.

As stated in Section 6 iris images for the
UBIRIS database were captured in an environment
that introduced noisy images affected by diverse
problems with respect to reflection, contrast, fo-

cus and luminosity. The results of individual pa-
rameters also indicates that this database is affected
by sharpness, dilation, area ratio and blur which is
caused by the environment condition. That is why
there are more low quality scores for this database.

When grading these data sets in terms of qual-
ity scores obtained on the plots, CASIA scores the
highest, followed by IC and then UBIRIS.

B

Figure 15. Overall Quality Distribution of CASIA,
UBIRIS and IC Databases

9 Conclusion

The main aim of this research was to propose a
novel iris quality assessment for an online biometric
system based on quality components. Moreover,the
research aimed to assess the effect of quality char-
acter components on online biometric systems.

The proposed assessment algorithm was as-
sessed using the collected database- IC, and pub-
licly available databases CASIA and UBIRIS.

To evaluate iris sample quality, seven quality
parameters, namely, entropy, blur, contrast, area ra-
tio, dilation, sharpness and occlusion were assessed
individually and combined to form a quality score.
From the quality parameters defined, a conclusion
has been drawn that the combination of blur, dila-
tion and sharpness parameters have the most influ-
ence in the quality of the image.

The proposed algorithm is open for new iris
quality parameters that may emerge through future
research or through further sources of acquisition
constraints e.g. distance where the iris image is cap-
tured, uniform lighting. Development of a robust
segmentation that will correctly localize the iris im-
age may improve the performance of iris quality as-
sessment metrics.
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Table 1. The weight each parameter has on quality score for each database

DATABASE Mc Mg Mo Mg N Mp Mp
CASIA -0.3426 | 0.4235 | -0.4953 | -0.3159 | 0.5066 | 0.4122 | 0.1481
UBIRIS 0.5766 | 0.4608 | -0.3099 | -0.5 -0.16666 | -0.3764 | - 0.1577
IC 0.5050 | 0.5747 | 0.4028 | -0.4073 | -0.2051 | -0.0392 | -0.0780
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