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Abstract. Using quantitative evaluation, we show that constrained
least-square �CLS�-based image restoration extends depth of capture
volume �DCV� significantly, and suggest that performance degradation
characteristics of a feature extractor by defocus blurring should be con-
sidered while developing unconstrained iris recognition systems. When
developing an unconstrained iris recognition system �assuming a rela-
tively cooperative user� the extension of the DCV clearly stands out as
one of the most important problems. Although it has already been re-
ported that CSL-based image restoration can improve recognition per-
formance by mitigating the effect of defocus blurring, until now there
have been no reports as to how much the DCV could be extended. This
work inspects the Hamming distance �HD� distribution and error rate
while changing the strength of defocus blurring with iris images of
CASIA-IrisV3-Interval. It is derived that the ratio of the maximum blurring
parameters satisfying a certain acceptable error rate is the ratio of the
DCV. Using this fact, experimental results show that CLS-based image
restoration extends the DCV by more than 70%. Additionally, it is ob-
served that a log-Gabor filter is superior to a Gabor filter as the feature
extractor. It should be noted that although these two feature extractors
show a relatively small performance gap when a focused image set is
used, the gap becomes significantly larger as the blurring becomes more
severe. This is thought to suggest an important principle that perfor-
mance characteristics should be considered with respect to defocus blur-
ring when selecting or developing the feature extractor of an uncon-
strained iris recognition system. © 2010 Society of Photo-Optical Instrumentation
Engineers. �DOI: 10.1117/1.3378026�
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Introduction

n unconstrained iris image acquisition system is regarded
s one of the most important core technologies for the
opularization of iris-based authentication, and therefore
as attracted a great deal of interest recently.1–3 Iris recog-
ition is one of the most accurate forms of biometric
dentification.4 However, current commercial off-the-shelf
ystems generally impose significant constraints on the
ubject.1–3 For iris recognition, the constraints of most in-
erest are standoff distance, capture volume, residence time,
ubject motion, subject gaze direction, and ambient
nvironment.1–3,5

Unconstrained iris image acquisition systems can be di-
ided into three categories: portal-based,6–8 pan-tilt-zoom
PTZ�-based,9–15 and surveillance system-based.16–20

ortal-based systems acquire an iris image when the subject
asses through the portal shape at a normal pace, and its
ain target is the enhancement of throughput. This ap-

roach was adopted in Sarnoff’s iris on the move �IOM�,6
Sarnoff Corporation, Princeton, New Jersey�, Global Rain-

091-3286/2010/$25.00 © 2010 SPIE
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makers’ HBOX,7 �Global Rainmakers, New York, New
York�, and Panasonic’s walk-through iris identification
gate.8 PTZ-based systems are targeted to reduce the con-
straints of the subject on standoff distance and direction by
installing a narrow field of view �NFOV� camera on a pan
tilt unit �PTU�. To control the NFOV camera, some imple-
mentations use a wide field of view �WFOV� camera,9,10

while others use a stereo camera.11–15 Sarnoff and Sensar’s
IrisIdent installed a mirror on the PTU instead of the NFOV
camera, and changed the NFOV camera’s optical path by
controlling the PTU. In this way, they could improve the
speed and compactness of the system.11–13 GE Global Re-
search developed a PTZ-based system using stereo vision.
They showed that by detecting a human face in each image,
the 3-D information related to the subject could be
acquired.15 The authors of this article also proposed a PTZ-
based system that is capable of detecting the user’s face and
capturing a full-face image enough for iris recognition, all
by using one high resolution camera. Additionally, they in-
tegrated light stripe projection �LSP� to detect the location
of the subject.21 Surveillance-system-based systems were
developed to treat multiple subjects simultaneously, or an
uncooperative subject by fusing a PTZ-based system with a
April 2010/Vol. 49�4�1
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urveillance system.16–20 Retica’s Eagle-Eye �Retica,
altham, Massachusetts� observes a wide area with a scene

amera, and detects multiple subjects by adopting computer
ision technologies used for surveillance systems.16–18 The
ystem detects and tracks multiple subjects, and acquires
he subjects’ iris images in the optimal sequence. Honey-
ell International’s combined face and iris recognition sys-

em �CFAIRS� can recognize irises even if people are gaz-
ng off axis or have their eyes partially closed.19,20

If an iris image acquisition system becomes uncon-
trained, degradation of the acquired iris image is
navoidable.22,23 Methods used to eliminate or mitigate the
egradation can be divided into three categories: image
uality measure-based,24–27 pixel quality
easure-based,27–31 and capture volume extension.32–35 As

he matching performance can be predicted by iris image
uality, the system can focus on the acquisition of a good
uality image while ignoring useless cases with severe
egradation.24–27 Pixel quality measure-based methods are
n extension of the masking out concept used by Daug-
an’s algorithm, known as iris2pi. This approach enhances

he recognition performance by ignoring unreliable pixels
nd taking into consideration various causes of image qual-
ty degradation.27–31 Because unconstrained iris recognition
ystems developed for future applications assume relatively
ooperative subjects, it ignores many factors that can dis-
urb iris recognition. For example, as the system assumes
hat the subject will stop and stare at the camera, it is also
ssumed that sunglasses, partially closed eyes, off-axis gaze
irection, and motion blurring can be ignored. Therefore,
he extension of the capture volume is one of the most
mportant technologies of unconstrained iris recognition
ystems, assuming a relatively cooperative subject.1–3

The capture volume of an iris image acquisition system
s the volume in which an iris image of sufficient quality
or iris recognition will be captured if the other constraints
re met.1 It is a space established simultaneously, so it is
ifferent from virtual capture volumes that are established
equentially using a PTZ system. In this work, the thick-
ess of the capture volume in the radial direction is defined
s the depth of capture volume �DCV�. The DCV is set by
ecognition performance, so it is different from the depth of
eld �DF�, which considers only whether the acquired im-
ge is in focus or not. Although the DF can be extended by
topping down the lens �reducing the effective diameter� or
y increasing the light impinging on the subject, such man-
gement has limitations. The reduction of camera iris diam-
ter decreases signal-noise ratio �SNR�, and too-bright
ighting is not available due to practical and safety related
easons.1

Besides the traditional methods, there are two ap-
roaches to DCV extension: wavefront coding-based32–34

nd image restoration-based.35 Wavefront coding consists
f an optical system and a postprocessing system. The op-
ical system is designed to make defocus blurring irrespec-
ive of distance and to be easily inversed. The postprocess-
ng outputs focused images by implementing inverse
ltering, which eliminates any distortion of the optical sys-

em. However, this approach has its drawbacks: it is exclu-
ively protected by patents and needs a specially designed
ptical system. Therefore, an image restoration-based
ptical Engineering 047004-
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method is supposed to be a more generally usable approach
to the DCV extension. The most significant drawback of
image restoration-based methods is that the approach is
generally implemented by an iterative loop and requires
tremendous computations. Park, one of the authors of this
work, and his team developed a noniterative iris image res-
toration method that consequently enabled iris image resto-
ration to run in real time.35 They precisely estimated the
defocus blurring parameter using a newly proposed focus
measure. Using the estimated defocus blurring parameter,
the inverse filtering function was established optimally.
Consequently, they showed that their proposed noniterative
method could restore a defocused iris image in real time
and reduced the equal error rate �EER� related to their test
samples. However, because they used iris images acquired
in defocused positions, they could not evaluate the image
restoration performance with respect to blurring strength.
Furthermore, they did not provide any information about
how much the proposed image restoration method extends
the DCV. Therefore it is difficult to estimate the effect of
the proposed method on an unconstrained iris recognition
system.

This work quantitatively evaluates how much the DCV
can be extended by the real-time iris image restoration
method proposed in Ref. 35. While increasing the strength
of blurring and applying it to all images of the CASIA-
IrisV3-Interval, intra- and interdistribution are observed.
Additionally, the error rate with respect to the blurring pa-
rameter is observed when the EER of the focused image set
is used as a discrimination threshold. By comparing the
maximum distance of two cases, with and without the ap-
plication of image restoration, and satisfying a certain error
rate, how much the DCV of the image restoration extends is
evaluated quantitatively. As a result, it is confirmed that the
proposed image restoration extends the DCV by 70 to
100%. Additionally, by comparing the results of the most
frequently used feature extractors �the Gabor filter and log-
Gabor filter�, it is confirmed that the log-Gabor filter shows
a superior performance. In particular, as the blurring be-
comes stronger, the performance gap between these two
feature extractors increases drastically. Such a result is sup-
posed to suggest that characteristic changes with respect to
blurring should be considered when selecting or developing
an iris feature extractor of an unconstrained iris recognition
system.

2 Depth of Capture Volume Ratio
This section summarizes the basic principles of iris recog-
nition and constrained least-squares �CLS�-based image
restoration, and then derives a new relation that allows the
ratio of the DCV to be calculated using the ratio of the
maximum blurring parameter satisfying a certain perfor-
mance criterion. Using this relation, this work estimates the
ratio of the DCV between instances when image restoration
is applied and when it is not applied. Consequently, the
effect of image restoration on the DCV is evaluated quan-
titatively.

2.1 Iris Recognition
Iris recognition consists of four steps: segmentation, nor-
malization, feature encoding, and matching.3 The segmen-
April 2010/Vol. 49�4�2
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ation step detects the iris region from an acquired iris im-
ge. The iris can be segmented by two circular boundaries
s shown in Fig. 1�a�. The inner circle is the boundary
etween the iris and the pupil, and the outer circle is the
oundary between the iris and the sclera. Additionally, if
he eyelid occludes the iris region, the boundary between
he eyelid and the iris is also detected, and matching is
imited to the uncovered iris region. To compare the iris
egions with different sizes due to optical magnification and
upil dilation, the normalization step converts the detected
ris region into a rectangular image with a fixed size. As
hown in Fig. 1�b�, the region converted into a rectangular
mage can be occluded by eyelid, which is excluded during
he matching step by masking out. The mask shown in Fig.
�d� can be made by applying the same coordinate conver-
ion, applied during the normalization step, to detected eye-
id boundaries. In the mask, the region shown in black rep-
esents the available iris region. By applying a low
requency-centered bandpass filter to the normalized iris
mage and quantizing the pixel-wise output’s phase, an iris
emplate is constructed, as shown in Fig. 1�c�. Various
andpass filters have been tested for iris recognition, and
abor and log-Gabor filters show promising
erformances.36 Equation �1� represents a Gabor filter in a
requency domain, and Eq. �2� represents a log-Gabor filter

(a)

(b)

(c)

(d)

ig. 1 Iris recognition procedure: �a� segmentation result, �b� nor-
alization result, �c� encoding result, and �d� mask for valid pixels.
ptical Engineering 047004-
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in the frequency domain.36 The matching step recognizes
the owner of the iris image by comparing the iris template
represented by a binary bit matrix with already enrolled
templates. The similarity between iris templates is repre-
sented by the Hamming distance �HD�, which is from 0 to
1, and relates to the portion of the unmatched bit. In other
words, 0 means a totally matched case, and 1 means a
totally unmatched case.

Gabor �f� =
1

�2��
exp�−

�f − f0�2

2�2 � , �1�

log-Gabor �f� = exp�−
�log� f

f0
��2

2�log� �

f0
��2	 . �2�

As the same person’s iris images are not exactly the
same due to environmental and pose variations, it is rare
that all bits of the iris template remain unchanged. When
two iris images come from different persons, there is no
correlation between them and the HD will be 0.5 in the
ideal case.4 However, template shifting compensating for
the rotation of the iris image decreases the HD slightly, and
the HD distribution contains some deviation because of
various noises. Therefore, if many iris images are collected
from a variety of individuals and are matched to each other,
two modes will form in the HD distribution, as shown in
Fig. 2: one for the HD between the same identity and the
other for the HD between different identities. The first is
called intradistribution, and the second interdistribution. To
determine whether any two iris images belong to a single
identity or not, the HD between the images is calculated
and the decision is made by comparing the HD with a
threshold: identical if below the threshold and not identical
if above the threshold. In this way, if one of two distribu-
tion instances it belongs to is determined by comparison
with a threshold, a false decision is inevitable. The prob-
ability of intradistribution above the threshold is defined as
the false reject rate �FRR�, and the probability of interdis-
tribution below the threshold is defined as the false accept

Fig. 2 Intra- and interdistribution of the Hamming distance between
iris templates.
April 2010/Vol. 49�4�3
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ate �FAR�. When the FRR and FAR are the same, the error
s defined as EER.3 When a certain threshold is applied, the
verage of the FAR and FRR can represent the performance
f an iris recognition system. In this work, the average is
efined as the gross error rate �GER�.

.2 Constrained Least-Square Based Image
Restoration

n general, image degradation by defocus blurring is mod-
led as a 2-D Gaussian point spread function �PSF�, as seen
n Eq. �3�.37 The standard deviation of the Gaussian func-
ion � is proportional to the blurring strength: a larger �
alue means stronger blurring. In other words, as an object
eviates from the focused position, blurring of the acquired
mage becomes severe and � increases.

�x,y� =
1

2��2 exp�−
x2 + y2

2�2 � . �3�

We denote the input image with f , blurring PSF with h,
nd the acquired image with g. Because of noise during the
mage acquisition procedure, the input image cannot be re-
onstructed from the acquired image just by deconvolution
f the blurring PSF. Finding an input image minimizing the
ifference between the predicted image h* f and the ac-
uired image g, and satisfying the smoothness constraint, is
CLS optimization problem,38 that is, the problem can be

ormulated as in Eq. �5�: finding the input image estimate
inimizing error E�f� as defined in Eq. �4�, where � repre-

ents the weight value of noise regularization, and w repre-
ents the high-pass filter.

�f� = 
g − h � f
2 + �
w � f
2, �4�

f̂ = arg min
f

�E�f�� . �5�

In this case, the solution in the frequency domain
ˆ �u ,v�, which is the Fourier transform of f̂ , is acquired as
n Eq. �6�, where W�u ,v� and G�u ,v� denote the Fourier
ransform of a high-pass filter h and the acquired image g,
espectively. H�u ,v� and H*�u ,v� denotes the Fourier
ransform of a blurring PSF and its complex conjugate,
espectively.39

ˆ �u,v� = � H*�u,v�
H�u,v�2 + �W�u,v�2�G�u,v� . �6�

To apply deblurring in a practical situation, three kinds
f information are required: � representing the blurring
trength, the high-pass filter W, and the regularization pa-
ameter �. Reference 35 proposed an improved spatial filter
or the focus measure, and showed that it was possible to
recisely estimate the blurring parameter � using the result
the estimate error is 0.00075�. Additionally, it also pro-
osed a method establishing the regularization parameter �
ith the blurring parameter � as formulated in Eq. �7�.
alue l is determined by finding a case where the EER is
inimized while applying the image restoration algorithm

o the learning database, l=2. Value � established in such a
ptical Engineering 047004-
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way has little difference �=0.00085� from the optimal value
with respect to the test database. A Laplacian filter is used
for the high-pass filter, constantly.

f��,�� = � − l�2. �7�

2.3 Depth of Capture Volume Ratio from Maximum
Blurring Parameter Ratio

As the blurring parameter � increases, image degradation
becomes more severe. The maximum � satisfying an
application-specific criterion corresponds to the maximum
allowable distance from the focused position. From the per-
spective of iris recognition, the maximum distance corre-
sponds to the DCV, that is, the range where the recognition
error is below a certain threshold. The DCV is influenced
by a variety of factors of the image acquisition and iris
recognition procedures. If all other conditions are the same
and ignored, the ratio of the DCV can be estimated by the
ratio of the blurring parameter ratio.

Figure 3 is a camera optical model used for blurring.
The relationship between p in the scene and the focused
position p� is obtained by the lens formula in Eq. �8�.

1

f
=

1

u
+

1

v
, �8�

where u represents the distance between the lens and object
p in the scene, and v represents the distance between the
lens and the focused position p�. f denotes the focal length
of the camera’s optical system.37 If the focused position is
not in the image plane as shown in Fig. 3, p in the scene is
projected into p� on the image plane. As p� has the same
shape as the camera aperture, it is generally circular. For
this reason, p� is called the blur circle and its radius R can
be calculated as in the example next.35

D

2
:v = R:s − v ,

R =
D

2
� s − v

v
� =

Ds

2
�1

v
−

1

s
� ,

where D represents the diameter of the lens aperture and s
represents the distance between the lens and the image

Fig. 3 Camera optical model used for blurring.
April 2010/Vol. 49�4�4
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lane.37 If the lens formula in Eq. �8� is inserted into the
quation,

=
Ds

2
�1

f
−

1

u
−

1

s
� .

If it is arranged about u,

=
1

1

f
−

1

s
−

2R

Ds

.

f the distance between a lens and an object when the image
s in focus is denoted by u0 �in this case, blur circle radius
=0�,

0 50 100 150 200 250
0

0.2

0.4

0.6

0.8

1

1.2

1.4

radius (pixel)
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pl
itu
de

(a)

0 50 100 150 200
0

0.2
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0.6

0.8

1
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(b)

ig. 4 Used feature extractor filters: �a� Gabor filter and �b� log-
abor filter.
ptical Engineering 047004-
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u0 =
1

1

f
−

1

s

.

If the maximum distance between a lens and an object sat-
isfying arbitrary criteria 1 and 2 is denoted by u1 and u2,
respectively, and the corresponding blur circle radius is R1
and R2, respectively, then

u1 =
1

1

f
−

1

s
−

2R1

Ds

,

u2 =
1

1

f
−

1

s
−

2R2

Ds

.

By subtracting u0 from u1 and u2, the DCV of criteria 1 and
2 can be calculated. If these DCVs are denoted by d1 and
d2, respectively,

d1 = u1 − u0 =
1

1

f
−

1

s
−

2R1

Ds

−
1

1

f
−

1

s

,

d2 = u2 − u0 =
1

1

f
−

1

s
−

2R2

Ds

−
1

1

f
−

1

s

.

Therefore, the ratio of DCV of criteria 1 and 2 can be
calculated by the method shown below:

Fig. 5 Acquired and restored images �SNR=40 dB�.
April 2010/Vol. 49�4�5
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d2

d1
=

1

1

f
−

1

s
−

2R2

Ds

−
1

1

f
−

1

s

1

1

f
−

1

s
−

2R1

Ds

−
1

1

f
−

1

s

=
R2��s − f�D − 2R1f�
R1��s − f�D − 2R2f�

.

In general, it can be assumed that �s− f�D�2R · f ,

d2

d1
�

R2

R1
.

dditionally, utilizing the relation between the blurring pa-
ameter � and the blur circle radius R37 is described as:

= kR, k � 0.

he ratio of the DCV of criteria 1 and 2 can be rearranged
s shown:

d2

d1
�

R2

R1
=

�2

�1
. �9�

onsequently, if we know the maximum standard deviation
1 and �2 of the blurring Gaussian function satisfying cri-

eria 1 and 2, respectively, we can estimate the ratio of the
CV by the ratio of the standard deviation.
Using the author’s iris recognition system at a distance

hown in Ref. 21 as an example, the hypothesis �s− f�D
2R · f can be proven valid. The lens used is Nikon’s AF

oom-Nikkor 70 to 300 mm f/4-5.5G �4.3� �, of which the

Fig. 6 HD distribution with respect
ptical Engineering 047004-
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focal length f can be varied from 70 to 300 mm and the
diameter is 62 mm. As the camera iris is half open, the
effective diameter D is 31 mm. The maximum blur radius
R can be calculated by using �=kR. As the cell size of the
used image sensor is 74�74 �m and the maximum blur-
ring parameter � in the pixel unit is 7.5 in our experiments,
� in a metric unit is 7.5�74 �m=5.55�10−6. The con-
stant k can be approximated by 1 /�2 according to Ref. 37.
Therefore, R=� /k=�2�5.55�10−6=7.8489�10−4. For
the worst case analysis, v is used instead of s, even when
the blur radius R is the maximum value. The ratio of
�s− f�D to 2Rf is calculated by a simulation, in which s is
varied in the range of the DCV of Ref. 21, from
1.5 to 3.0 m, and f is varied in the full range of the lens,
from 70 to 300 mm. The resultant ratio is between 155.79
and 3916.4. Consequently, as �s− f�D is much bigger than
2Rf over the operation range, the hypothesis is proven to be
valid.

3 Experimental Results

3.1 Specifications of Experiments
The experiments conducted in this work used CASIA-
IrisV3-Interval, a subset of CASIA Iris Image Database
Version 3.040 collected by the Chinese Academy of Sci-
ences’ Institute of Automation �CASIA�, and does not con-
sider the recently published service note.41 The CASIA-
IrisV3-Interval consists of 2655 images from 394 eyes and
249 persons. Each image is a gray image sized 320�280.

Iris recognition in these experiments used a modified
version of Libor Masek’s open algorithm,36 which was re-

re extractor �SNR=40 dB, �=2.5�.
to featu
April 2010/Vol. 49�4�6
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ently reported to be used in a significant amount of
esearch.15,22,29,42 To focus on the blurring effect, iris seg-
entations are inputted manually. The pupil-iris and iris-

clera boundary is approximated by a circle, respectively,
nd the upper eyelid-iris and lower eyelid-iris boundary is
pproximated by an ellipse, respectively. To eliminate the
ffect of an eyelash detector’s performance, the masking
ut of each eyelash is not applied. Normalization is imple-
ented based on a rubber sheet model, and the resultant

Fig. 7 Mode g
ptical Engineering 047004-
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image is rectangular with a size of 20�240. Two feature
extractors are used: the Gabor filter and log-Gabor filter,
and they are used in only one scale.36 The parameters of the
Gabor filter are established to minimize the EER by the
experiments. In Eq. �1�, �=� /10, and f0=� /3. Figure 4�a�
depicts the Gabor filter used in the frequency domain. The
parameters of the log-Gabor filter are set according to Ref.
36. In Eq. �2�, �=0.5, and f0=1 /18. Figure 4�b� depicts the
used log-Gabor filter in the frequency domain. As the result

f Gabor filter.
raph o
April 2010/Vol. 49�4�7
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f the feature extractor is quantized to four levels and is
epresented by 2 bits, the iris template size is 20�480. The
aximum bit shifting used to compensate iris rotation dur-

ng the matching procedure is set to eight.
As intra- and interdistribution of the HD are observed

hile changing the blurring strength, blurring parameter �
s copied and used. Considering that the blurring parameter
stimator proposed by Ref. 35 has little error �0.00075�, it
s assumed that � can be estimated precisely in general
ases. The parameter l of Eq. �7�, defining the relation be-
ween blurring parameter � and regularization parameter �,

Fig. 8 Mode gra
ptical Engineering 047004-
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is established by experiments. With 128 images randomly
selected, while changing � from 0 to 3.6 and applying the
image restoration, optimal l is searched to minimize EER:
l=0.0121.

3.2 Hamming Distance Distributions with Respect to
Blurring Parameter

The image acquisition procedure is modeled by defocus
blurring and white Gaussian noise �WGN�. All images of
the database are used as an input image, and it is assumed

log-Gabor filter.
ph of
April 2010/Vol. 49�4�8
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hey are in focus and free of noise. The strength of defocus
lurring is changed by changing blurring parameter �: in
he case of the Gabor filter from 0 to 5.0 by 0.1, and in the
ase of the log-Gabor filter from 0 to 7.5 by 0.1. Consider-
ng that the International Organization for Standardization
ISO� suggests the SNR of an iris camera should be better
han 40 dB,2 WGN is added to make the SNR equal to 40,
0, and 60 dB. Figure 5 shows an input image, and ac-
uired and restored images corresponding to �=2.5, 5.0,
nd 7.5, where SNR is 40 dB.

After making acquired and restored images of all input
mages with a specific SNR and �, three kinds of HD are
alculated: the HD between the input and the input image,
he HD between the input and the acquired image, and the
D between the input and the restored image. Each case

ncludes 7,046,370�=2655� �2655−1�� HD values. When
epicting the distribution of HD values, there are two
odes, intra- and interdistribution, in each case, as shown

n Fig. 6. Because the input image is assumed to be in focus
nd free of noise, it is called original. Figure 6�a� shows the
istributions when a Gabor filter is used as the feature ex-
ractor, and Fig. 6�b� is for a log-Gabor filter.

It is observable that HD distributions in every step are
ifferent according to the type of feature extractor used. In
articular, it is noticeable that if a Gabor filter is used, the

Fig. 9 GER graphs
ptical Engineering 047004-
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overlap between the two modes in the original-acquired
comparison is significantly larger than that of a log-Gabor
filter. For quantitative comparison, decidability d�, which
uses the means and variances of two distributions such as in
Eq. �10�,36 is calculated and displayed, where �1 and �2
denote the mean of two distributions, and �1 and �2 denote
standard deviations. In the case of the original-captured
comparison of the Gabor filter, d� shows a definitely
smaller value than all other cases. It means that the separa-
tion between the two modes is degraded most severely.

d� =
�1 − �2

��1
2 + �2

2

2
�1/2 . �10�

We define a new term, the mode graph, which shows
two modes of HD distribution with respect to blurring pa-
rameter �: the center of the two modes is depicted by a
solid line, and two points distant from the center by its
standard deviation is depicted by a dotted line. Figure 7
shows the mode graphs of a Gabor filter, and Figure 8
shows the mode graphs of a log-Gabor filter. The left col-
umn is the mode graphs of the original-captured HD distri-
bution, and the right is the mode graphs of the original-

40, 50, and 60 dB�.
�SNR=
April 2010/Vol. 49�4�9
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estored HD distribution. These two modes are separated
ore widely in the original-restored mode graphs than in

he original-captured mode graphs. It shows that the image
estoration increases the separation between intra- and in-

Fig. 10 DCV ratio from maximum sigma ratio.

Fig. 11 DCV extension effect of the
ptical Engineering 047004-1

Downloaded from SPIE Digital Library on 01 May 2010 to 1
terdistributions. Irrespective of the kind of feature extractor,
the variation of mode graph is ignorable if the SNR is
above 40 dB. Additionally, it is observed that in the case of
the Gabor filter, two modes are overlapped from a smaller
� value than the log-Gabor filter case.

3.3 Depth of Capture Volume Ratio with Respect to
Blurring Parameter

The GER is the average of the FAR and FRR, so it is
supposed to represent the performance of iris recognition if
a certain threshold is applied. If the HD corresponding to
the EER of a focused image set ��=0� is used as the thresh-
old, the GER graph is depicted as in Fig. 9. Figure 9�a� is
for the Gabor filter and Fig. 9�b� is for the log-Gabor filter.
The left column is the original-captured HD distribution
and the right is the original-restored HD distribution. Each
figure contains three GER graphs corresponding to three
SNR values, 40, 50, and 60 dB. As with the result of the
mode graph analysis, there is no significant difference be-
tween the three GER graphs of each figure. It can also be
observed that the log-Gabor filter shows a much smaller
GER than the Gabor filter over all � values.

To quantitatively evaluate the effect of image restoration
on the DCV, the ratio of the DCV is calculated by Eq. �9�.

restoration method �SNR=50 dB�.
image
April 2010/Vol. 49�4�0
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nce image degradation occurs because of defocus blur-
ing, the GER cannot help being larger than the GER of the
ocused image set, that is, the EER. As shown in Fig. 10, if
he GER is larger than the EER by �GER set as the accept-
ble GER, the maximum blurring parameter satisfying this
riterion can be found and denoted by �1 and �2, respec-
ively. Then, using the fact that the ratio between �1 and �2
s the ratio of the DCV as formulated by Eq. �9�, the DCV
xtension effect by image restoration can be evaluated
uantitatively.

Figure 11 shows the DCV ratio with respect to blurring
arameter �. The left column contains two GER graphs of
riginal-captured and original-restored, and the right de-
icts the ratio of the blurring parameter satisfying a certain
ER. The horizontal axis denotes how much �GER will be

dded to the EER of the focused image set to define the
llowable GER, and the vertical axis denotes the ratio of
he blurring parameters. As explained previously, according
o Eq. �9�, the vertical axis also denotes the ratio of DCV:
he restored image set DCV over the captured image set
CV. It is confirmed that as the effect of image restoration,

he DCV increases by 120% in the case of the Gabor filter,
nd by 70 to 100% in the case of the log-Gabor filter. As
entioned previously, the influence of SNR on the GER

raph is not significant and only one representative case,
NR=50 dB, is shown here.

Figure 12 explicitly shows the performance difference

Fig. 12 GER graph comparison betwe
ptical Engineering 047004-1
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between two feature extractors: a Gabor filter and a log-
Gabor filter. The left section of Fig. 12�a� depicts the
original-captured GER graphs of both feature extractors to-
gether, and the right section depicts the original-restored
GER graphs. Commonly, the log-Gabor filter shows better
performance. To quantitatively evaluate the DCV ratio of
two feature extractors, the DCV ratio is calculated from the
blurring parameter ratio using Eq. �9�. Figure 12�b� shows
the resultant DCV ratio graphs: the left side shows the
original-captured and the right side the original-restored.
The horizontal axis denotes the GER, and the vertical axis
denotes the blurring parameter ratio and simultaneously the
DCV ratio, which is acquired by dividing the log-Gabor
filter’s � by the Gabor filter’s �, satisfying the GER. The
range of the GER is from the Gabor filter’s minimum
�1.03%� to the log-Gabor filter’s maximum of the original-
restored case �1.99%�. It is confirmed that the log-Gabor
filter guarantees a 400% wider DCV than the Gabor filter.
In particular, the most noticeable is that the two filters have
little performance gap when there is no blurring ��=0�, but
the gap grows rapidly as the strength of blurring becomes
stronger. Therefore, we can deduce that performance supe-
riority with respect to blurring cannot be predicted by a
simple comparison of the EER in a focus image set. Con-
sequently, when trying to select or develop the feature ex-

or and log-Gabor filter �SNR=50 dB�.
en Gab
April 2010/Vol. 49�4�1
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ractor of an unconstrained iris recognition system, one
ore characteristic, performance degradation with respect

o blurring, should be considered.

Conclusion
his work quantitatively evaluates the effect of CLS-based

mage restoration on a DCV extension by observing HD
istribution and GER variation while blurring and restoring
mages of CASIA-IrisV3-Interval. The contributions of this
ork can be summarized as follows.
1. This work derives that the ratio of the DCV of two iris

ecognition systems can be estimated by the ratio of the
aximum blurring parameter satisfying certain perfor-
ance criterion. Using this, we show that the CLS-based

mage restoration of Ref. 35 can extend the DCV by more
han 70%. Considering that CLS-based image restoration
oes not use specialized hardware such as a wavefront cod-
ng method and is not iterative, this result implies that rela-
ively simple and light software can significantly extend the
CV of an unconstrained iris recognition system.
2. This work suggests that while selecting or developing

he feature extractor of an unconstrained iris recognition
ystem, not just the performance with a focused image but
lso HD distribution variation by blurring should be con-
idered. By checking the HD distribution variation by the
lurring of two feature extractors, the Gabor filter and the
og-Gabor filter, it is confirmed that HD distribution varia-
ion by blurring cannot be predicted by HD distribution
ith a focused image set. Although there is little EER dif-

erence with a focused image set, the gap grows drastically
s the blurring becomes stronger. Among the two filters, the
og-Gabor filter shows superior performance. Even though
his result is insufficient to provide a generalized compari-
on between the Gabor and the log-Gabor filter, it is be-
ieved to be sufficient to show that performance degrada-
ion by blurring deeply depends on the kind of feature
xtractor, and cannot be predicted by in-focus performance.

This work suggests the following future works.
1. To apply CLS-based image restoration to practical

ituations, error factors ignored in this work should be con-
idered. These include segmentation error, eyelash detec-
ion performance, and error of blurring parameter estima-
ion.

2. Mathematical proof is needed about the performance
ifference between feature extractors. In particular, if a
easure that can predict performance degradation by blur-

ing is devised, it will help with the development of uncon-
trained iris recognition systems.
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