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Abstract

Since iris recognition is proving to be one of the most reliable
biometric authentication systems, there is need to optimize
its computational and storage complexities by creating a
reliable specimen iris template per user rather than maintaining
multiple templates. In this paper, we have validated our new
algorithm that detects the largest non-occluded rectangular
part of the iris as region of interest (ROI) by implementing a
novel technique for iris template creation. An algorithm based
on cumulative-sums grey change analysis is applied to the
detected ROI to extract texture features for the template cre-
ation. Thereafter, a majority vote strategy is used to calculate
the prototype code as the representative iris template. The ex-
perimental results carried on a CASIA iris database, show that
the approach is effective and efficient, with a success of 99.84%.
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1. Introduction
The recent advances of information technology and the increas-
ing requirement for security have led to a rapid development of
intelligent personal identification systems based on biometrics.
Biometrics employs physiological or behavioral characteristics
to accurately identify an individual [8], [16]. Biometric systems
have been developed based on various features, such as finger-
print, facial image, voice, hand geometry, handwriting, iris and
retina. Among them, iris has proved to be one of the most sta-
ble, reliable and accurate biometric traits because it is formed
during gestation and the structures of its patterns are invariant.
Its texture is very distinctive and does not correlate with genetic
determination. Iris is well protected by aqueous humor, and it is
almost impossible to modify it surgically without risk [2], [3],
[16], [17].

Most of the biometric authentication systems store multiple
templates per user to account for variations in biometric data.
Therefore, these systems suffer from storage space and compu-
tational overheads. In order to address these issues, a majority
vote-based strategy is used to calculate a string prototype iris
feature code as the reliable specimen template.

1.1. Related Work

The idea of iris identification trace back to the Paris prison in
eighteenth century, where police discriminated criminal by in-
specting their irises color [3]. The fundamental algorithm for
iris recognition systems was developed by Daugman [1], [4],

the 2-D Gabor wavelet approach which extracts discriminating
information.

Other recent approaches to iris pattern recognition include:
the Laplacian parameter approach by Wildes [6]; the zero-
crossing of the 1-D wavelet transform at various resolution lev-
els by Boles et al [11]; the independent component analysis
(ICA) approach by Huang [3]; the texture analysis using multi-
channel Gabor filtering and wavelet transform by Zhu et al [14];
the circular symmetric filter approach by Ma et al [8]; the self-
organizing neural network approach by Liam et al [7]; and the
use of a partial iris for recognition using one-dimensional ap-
proach by Du [13]. These methods calculate the enrollment iris
template by averaging various iris signatures for each iris pat-
tern.

In this paper, a new iris recognition approach is proposed,
which adopts the largest area axis-parallel rectangle to extract
part of the iris without occlusions from (the eye-lashes, skin,
pupil and scaler), and which calculates the iris specimen tem-
plate for enrollment by using a majority vote strategy.

The rest of the paper is structured as follows:Section 2de-
scribes an overall iris recognition system, including the detec-
tion of the ROI, features extraction, template creation and iris
matching;Section 3presents experimental results; andSection
4 draws the conclusions and future work.

2. Iris Recognition System
The basic modules for an iris recognition system:iris localiza-
tion, normalization, feature extraction, template creation, and
matchingare presented in the following subsections.

2.1. Iris Localization

We localize the iris using the following method [8].

1. Project the image in the vertical and horizontal direc-
tion to approximately estimate the center coordinates
(xp, yp) of the pupil. Since the pupil is generally darker
than its surroundings, the coordinates corresponding to
the minima of the two projection profiles are considered
as the center coordinates of the pupil.

2. Binarize a region centered at the point(xp, yp) by adap-
tively selecting a reasonable threshold using the gray-
level histogram of this region. The centroid of the re-
sulting binary region is considered as a more accurate
estimate of the pupil coordinates.

3. Calculate the exact(xp0, yp0) centre andrp radius of the
pupil, and the exact(xi0, yi0) centre andri radius of the
iris using Canny edge detection and Hough transform.



Figure 1: Detected Regions of Interest.(Largest area axis-
parallel rectangular ROI without occlusions.)

2.2. Iris Normalization

Daugman solved this problem by projecting the original iris in a
Cartesian coordinate system into a doubly dimensionless pseu-
dopolar coordinate system [1]. The iris in the new coordinate
system can be represented in a fixed parameter interval. This
method normalizes irises of different sizes to the same size by
unwrapping anticlockwise the iris ring to a rectangular block
with a fixed size. The dimensionless polar system assigns anr
andθ value to each coordinate in the iris that will remain invari-
ant to the possible stretching and skewing of the image.

For the transformation, ther value ranges in[0, 1] and the
angular valueθ spans the interval[0, 2π]. The remapping of
the iris image,I(x, y) from raw Cartesian coordinates(x, y)
to dimensionless non-concentric polar coordinate system(ρ, θ)
can be represented as [15]:

I(x(ρ, θ), y(ρ, θ)) → I(ρ, θ) (1)

which is implemented according to the following formulae:

{
x(ρ, θ) = (1− ρ)xρ(θ) + ρxi(θ)

y(ρ, θ) = (1− ρ)yρ(θ) + ρyi(θ)
(2)

where {
xρ(θ) = xρ0(θ) + rρcos(θ)

yρ(θ) = yρ0(θ) + rρsin(θ)
(3)

and {
xi(θ) = xi0(θ) + ricos(θ)

yi(θ) = yi0(θ) + risin(θ)
(4)

The center of the pupil is denoted by(xρ0, yρ0) and(xi0, yi0) is
the center of the iris;rρ is the radius of the pupil andri is the ra-
dius of the iris; and(xρ, yρ) and(xi, yi) are the coordinates of
points bordering the pupil’s radius and iris’ radius respectively.

2.3. Feature Extraction

2.3.1. Region of Interest (ROI)

The algorithm of extracting the biggest possible region of inter-
est with minimum noise scans the binarized normalized-image
horizontally and vertically to determine the length and width

respectively [12] of the largest possible axis-parallel rectangu-
lar region of iris without occlusions from the eye-lashes, skin,
pupil, scaler, etc. The algorithm is sequenced as follows:

1. The normalized image,Imn with m rows andn columns
is binarized as defined in equation (5):

Bmn = {Bij : 0 ≤ i ≤ m− 1, 0 ≤ j ≤ n− 1} (5)

whereBij is defined as follows:

Bij =

{
255 if xij > τ ,
0 otherwise.

(6)

whereτ , is the threshold calculated as follows:

τ = k1σ + k2µ (7)

whereσ andµ denote the standard deviation and mean of
the original noramlized image,Imn, respectively,k1 and
k2 are real numbers chosen between 0 and 2, depending
on the resolution quality [15].

2. The components on the foreground and the background
of the binarized image,Bmn are viewed as a set
of classes of connected and similar pixels. The 4-
connectivity algorithm is applied to find the connected
components ofBmn as classes of related pixels result-
ing in the imageCmn which is defined in equation (8).

Cmn =

k−1⋃
i=0

ci (8)

wherec0, c1, ..., ck−1, arek connected components. All
small components with total pixels less than a suitable
threshold,τ are regarded as irrelevant components, and
their labels are set to the pixel of the foreground com-
ponent, thereby removing any tiny dots from the fore-
ground.

3. The foreground component of the image,Bmn is
scanned horizontally from right to left resulting in matrix
HOR, filled with the distance of each pixel contained in
a foreground component to the right border of that fore-
ground component.

4. V ER, compares the values in the columns ofHOR, i.e.
V ER[i, j] is the length of the vertical segment ofHOR
in columnj and within the successive neighborhood ofi
that has all its value greater or equal toHOR[i, j].

5. HOR[i, j], V ER[i, j], is the pair of elements which
represent the segments of an axis-parallel rectangleRij ,
which is defined as:

Rij = HOR[i, j]× V ER[i, j] (9)

whereHOR[i, j] andV ER[i, j] denote the length and
width of Rij respectively. The rectangle,Rij with the
maximum area is the largest area axis-parallel rectangle,
LRij , which is defined in equation (10):

LRij = max(HOR[i, j]× V ER[i, j]) (10)

6. LRi,j , denotes the largest area axis-parallel rectangle
with top left coordinates(i-c , j) , and bottom right coor-
dinates(i + V ER[i, j]-(c+1) , j + HOR[i, j]-1), where
c is total number of neighbouring rows to rowi in col-
umn j whereHOR[i, j] ≤ HOR[k, j], whenk = [i-1,
i-2,...,0].
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Figure 2: True Positive Rate of 25 people with a specimen template with 1 instance, 3 instances, and 5 instances each iris, (CASIA).

2.3.2. Feature Coding

A cumulative-sum-based [9] analysis method is used to extract
features from the extracted rectangular region of interest. The
different sized ROIs shown in Figure 1 are resized by averaging
pixel values to25(row) × 100(col) pixels size. According to
experimental results, better performance is achieved when the
resized ROI is divided into basic cell regions of3(row)×7(col)
pixels size. An average or median grey value is used as a repre-
sentative value of a basic cell region.

The basic cell regions are grouped horizontally and verti-
cally as described in [9], the cumulative sum is then calculated
over each group. Two iris feature codes are generated for each
iris image by analyzing the cumulative sums which describe the
variations in the grey values of iris patterns horizontally and
vertically. An upward slope of cumulative sums means that the
iris pattern changes from darkness to brightness, and a down-
ward slope means that it changes from brightness to darkness.
This cumulative-sum-based feature extraction method is more
efficient than other feature extraction methods in terms of com-
putational complexity, since the cumulative sums are basically
calculated by addition.

2.4. Template Creation

After extracting string features from various instances of the
same iris taken in different contexts such as light intensity,
distance, etc, a prototype code or a representative iris feature
code is calculated using the majority vote strategy. The mean
could not be used as centroid feature since the iris features
extracted are in the string format.

Let S = {0, 1, 2}, represents the gradient direction of the
grey level. Each iris instance is represented by a string feature
codes = s1s2...sl, wheresi ∈ S and i = 1, ..., l, which
describes the variations in the grey values of that iris instance
extracted using cumulative-sums as explained in [9]. Fromr
samples of irises of the same eye, we calculate the prototype
code for the class of the given iris using the majority vote strat-
egy. Letsi represents theith instance of a particular iris such
thatsi = si

1s
i
2...s

i
l , wheresi

j represents thejth character of the
ith instance of an iris.Pk, defined in equation (11), is a func-

tion which is the projection on thekth character of each string
feature code ofr samples.

Pk : Sl × Sl × ...× Sl

︸ ︷︷ ︸
r

−→ S × S × ...× S︸ ︷︷ ︸
r

(11)

Such that for allα = (s1, s2, ..., sr) ∈ Sl × Sl × ...× Sl

Pk(α) = (s1
k, s2

k, ..., sr
k) (12)

Let ω = (a1, a2, ..., ar) be the element ofS × S ×
... × S. We definefa(ω) as the frequency ofa in the tuple
(a1, a2, ..., ar). We can define a function,ϕ, as follows:

ϕ(ω) =





argmax
a∈{0,1,2}

fa(ω) if ∀ b ∈ S
b6=a

, fa(ω) > fb(ω),

0 otherwise.
(13)

Then,ψ, defined in equation (14), calculates the prototype code
of the iris.

ψ : Sl × Sl × ...× Sl

︸ ︷︷ ︸
r

−→ Sl (14)

Such that for allβ ∈ Sl × Sl × ...× Sl

︸ ︷︷ ︸
r

ψ(β) = q (15)

whereq = q1...qk...ql, (1 ≤ k ≤ l), with qk = ϕ(Pk(β)).
Thenq represents the prototype code of the given iris.

2.5. Iris Matching

To verify the similarity of two iris codes, Hamming Distance
(HD) based on the matching algorithm [1], [9] is used. The
smaller the HD, the higher the similarity of the compared iris
codes.

HD =
1

2N
[(

N∑
i=1

Ah(i)⊕Bh(i))+(

N∑
i=1

Av(i)⊕Bv(i))] (16)

only whenAh(i) 6= 0 ∧Bh(i) 6= 0, Av(i) 6= 0 ∧Bv(i) 6= 0,



where Ah(i) and Av(i) denote the enrolled iris code
over horizontal and vertical directions respectively,Bh(i) and
Bv(i) denote the new input iris code over the horizontal and
vertical directions respectively.N is the total number of cells,
and⊕ is the XOR operator.

Table 1:Comparative Table of Recognition Rates.

Method Recognition Rate (%)
J.G. Daugman [1] 99.37
J-G. Ko [9] 98.21
Y. Wang [10] 97.25
L. Ma [8] 94.33
WW. Boles [11] 92.61
S. Viriri [16] 98.37
Our Approach 99.84

3. Experimental Results and Discussions

The experiments were carried out using eye images obtained
from the CASIA iris database [5], which has data from 108 peo-
ple, with seven iris instances per person. The algorithm man-
aged to extract the largest possible axis-parallel rectangular iris
region from all the images tested as shown in Figure 1. The ROI
with a size less than 25(row) x 100(col) pixels size is rejected
since more than 80% of the valid iris patterns are hidden mainly
by eyelids and eyelashes.

The iris recognition system based on the cumulative-sum
[9] and the prototype template created, showed a higher recog-
nition performance rate of 99.84% as compared to other ap-
proaches as shown in Table 1. As a result, the algorithm of de-
tecting only non-occluded iris patterns improves the iris identifi-
cation computational efficiency. Furthermore, the experimental
results show that the cumulative-sum-based change analysis ap-
proach is an efficiently effective method in iris recognition, es-
pecially when performed on a region of interest with less noise.
Figure 2 shows that a prototype feature code calculated from
five instances of the same iris of an individual has an optimum
true positive rate of 99.84%.

4. Conclusions

In this paper, an efficient approach of detecting the region of
interest on a normalized iris image was presented. The pro-
posed algorithm extracts the largest axis-parallel rectangular re-
gion of the normalized iris image without occlusions from the
eyelashes, pupil, scaler, skin, etc. The iris features codes are ex-
tracted from the detected region of interest using a cumulative-
sum-based change analysis method. Then a novel technique
based on majority vote was implemented to create a specimen
iris template. Experimental results show that the proposed ap-
proach has a good success rate of 99.84%. Further investigation
of the effect of the proposed approach with other different iris
databases is underway.
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