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Abstract-Iris detection depending on local features like SIFT 
(Scale Invariant Feature Transform) and SURF (Speeded up 
Robust Features) exhibits high accuracy though the approaches 
leave behind further scope for improvement due to the lack of 
proper choice of score generating function and score fusion. 
Usually the score of a matching algorithm is taken to be number 
of matches. However a properly chosen function of number of 
matches can also be considered as a score. The proposed 
approach in this paper performs a classification operation on the 
detected keypoints. Each set of the keypoints of the query image is 
subjected to nearest neighbour match with respective set of 
keypoints of the database image. Hence there are two scores 
generated by the matching of two classes. This paper also 
proposes a mathematical monotonic function on these two scores 
to generate a single score such that the final score value gives rise 
to better disjunction between genuine and imposter scores than 
conventional SIFT. 

I. INTRODUCTION 

Uniqueness and permanence makes iris one of the strong 
candidates for biometric authentication. There are two 
approaches to verify the genuineness of a probe iris image 
against a gallery iris image stored in the database. Global 
feature matching approach shows less accuracy due to its 
inefficiency to handle rotation, scaling, and/or a combination 
of both. Local feature approaches like SIFT (Scale Invariant 
Feature Transform) [1] and SURF (Speeded up Robust 
Features) are invariant against affine transformations like 
rotation and scaling, hence they exhibit higher matching 
accuracy compared to global matching techniques. SIFT uses 
band-pass filtering approach of finding Difference of Gaussian 
at different scale spaces to localize keypoints. SURF uses 
Hessian matrix for localizing keypoints in iris image. If the 
keypoints detected by SIFT and SURF on the same iris image 
are observed, it would be seen that some of the keypoints are 
common to both the approaches. Hence there are three types of 
keypoints found: keypoints detected by SIFT and SURF both, 
keypoints detected exclusively by SIFT but not by SURF, and 
keypoints exclusively detected by SURF but not by SIFT. The 
paper classifies the keypoints of probe and gallery iris image in 
this way. The corresponding classes of keypoints are subjected 
to nearest neighbour matching technique. Three number of 
matching would be obtained as a result. The paper proposes a 
quadratic order combination of these three numbers of matches 
to generate the final score of matching of the probe and gallery 

image. The proposed score level fusion approach shows higher 
accuracy than SIFT or SURF applied separately. 

II. IRIS FEATURE EXTRACTION USING SIFT 

Due to expansion and contraction of pupil as a natural 
phenomenon, the texture pattern of iris undergoes linear 
deformation. Thus, enhanced keypoint descriptor is required 
that performs for variation in scale along with other 
transformations. In this chapter, a local feature descriptor 
coined Scale Invariant Feature Transform (SIFT) [1] is used 
that provides stable set of features while being less sensitive to 
local image distortions. For robust feature extraction, the input 
iris image is localized for inner and outer boundary using 
image morphology [2]. The annular region between the iris 
circles is considered for feature extraction. The steps involved 
in feature extraction using SIFT are explained as follows: 

A. Scale Space Extrema Detection 
The keypoints are detected from annular iris image using 

cascade filtering approach. This is done to search stable 
features across all possible scales. To defme the scale space, 
input iris image (I) is convolved with Gaussian kernel G(x,y,o) 
as defmed here. 

L(x,y,u) = G(x,y,u)* I(x,y) 

where * is the convolution operation and (J defines the width 
of Gaussian filter. The Difference of Gaussian (DOG) images 
are computed from two nearby scales differentiated by constant 
multiplicative factor k. 

D(x,y,u) = L(x,y, ku) - L(x,y,u) 

The scale space generation on /h and (i+ I yh octave is shown 
in Figure 1. 

B. Keypoint Localization 
DOG images are used to detect interest points with the help 

of local maxima and minima across different scales. Each pixel 
in DOG image is compared to 8 neighbors in the same scale 
and 9 neighbors in the scale above and below. The pixel is 
selected as a candidate keypoint if it is local maxima or 
minima in 3x3x3 region. 



C. Orientation Assignment 
Orientation is assigned to each keypoint location to achieve 

invariance to image rotations as descriptor can be represented 
relative to orientation. To determine keypoint orientation, a 
gradient orientation histogram is computed in the 
neighbourhood of the keypoint. The scale of keypoint is used 
to select Gaussian smoothed image L. For each Gaussian 
smoothed image L(x,y), magnitude (m(x,y)) and orientation 
(8(x,y)) are computed as 

(L(x + l,y) - L(x _1, y)) 2 

m(x,y) = 
2 + (L(x,y + 1) - L(x,y -1)) 

B( ) -I 
[L(X,y + 1) -L(x,y -1) ] x,y = tan 
L(x + l,y) -L(x -1,y) 

Orientation histogram is then formed for gradient orientation 
around each keypoint. The histogram has 36 bins for 360 
degree range of orientations and each sample is weighted by 
gradient magnitude and Gaussian weighted circular window 
with (J of 1.5 times of scale of keypoint before adding it to 
histogram. Peaks in the histogram correspond to orientation 
and any other local peak within 80% of largest peak is used to 
create keypoint with the computed orientation. This is done to 
increase stability during matching [1]. The detected keypoints 
with change in scale and orientation is shown in Figure 2 (a). 

D. Keypoint Descriptor Computation 
Once orientation has been selected, the feature descriptor is 

computed as a set of orientation histograms on 4x4 pixel 
neighborhoods. The orientation histograms are relative to the 
keypoint orientation as shown in Figure 2 (b). These histograms 
contain 8 bins each and each descriptor contains an array of 16 
histograms around the keypoint. This generates SIFT feature 
descriptor of 4x4x8=128 elements. The descriptor vector is 
invariant to rotation, scaling and illumination. 
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Fig. I. Scale space for i and i+ I octave using annular iris image 

III. FEATURE EXTRACTION USING SURF 

Speeded Up Robust Features (SURF) detector and descriptor 
are not only faster, but far more repeatable and distinctive [3] 
compared to state-of-the-art approaches [1,4,5]. The essential 
requirement is to apply feature descriptor that, in comparison 
to existing keypoint approaches, are fast to compute while not 
sacrificing performance. This can be achieved by simplifying 
the detection scheme while keeping it accurate, and reducing 
the descriptor's size while keeping it sufficiently distinctive 
[6]. SURF is more robust compared to existing keypoint 
detectors because Hessian based detectors are more stable and 
repeatable than their Harris-based counterparts. Further, due to 
descriptor's low dimensionality, any matching algorithm is 
bound to perform faster. 

SURF has two significant advantages over SIFT. Firstly, 
SURF uses sign of Laplacian to have sharp distinction between 
background and foreground features. Secondly, SURF uses 
only 64 dimensions compared to SIFT using 128 dimensional 
vector. This reduces feature computation time and allows quick 
matching with increased robustness simultaneously [7]. SURF 
has been applied to iris recognition for the first time in 
literature. The operator extracts keypoints using Hessian matrix 
and describes a distribution of Haar Wavelet responses from a 
window around the interest point as descriptors. There are two 
steps involved to determine local descriptor vector and they are 
A. Detection of keypoints, B. Keypoint descriptor. The above 
mentioned steps are explained as follows: 
A. Detection of Keypoints 

For interest point detection SURF uses Hessian Matrix 
approximation. For faster computation of interest points 
integral images are used as proposed in [9]. Integral images 
uses the concepts of box lets as proposed by Simard et al. [10]. 

Hessian matrix based detection is used because of its 
increased performance. For detection of keypoints determinant 
of Hessian matrix is used for selecting location and scale. 
Given a point P = (x,y)in an image I , the Hessian matrix 

H = (P, 0-) in P at scale (J is defmed as follows: 

_ [Ljp,a) Lxy (p, a)] H(P,a) - L (p ) L (p a) xy ,u yy ' 
where Lxx (p, a) is the convolution of the Gaussian second 

a2 
order derivative --2 g((J) with the image 1 at point P and 

ax 
similarly L (p a) and L (p a) are obtained. Approximate 

xy , yy ' 

Gaussian second order derivatives can be evaluated at a very 
low computational cost using integral images. The calculation 
time therefore is independent of the filter size. The 9x9 box 
filters are approximations of a Gaussian at (J = 1.2. These are 
denoted by D , D , and D [8]. By choosing the weights 

xx xy yy 

for the box filters adequately, the approximations for the 
Hessian's determinant are computed using 

Det{HapprJ = DxxDyy - (O .9Dx) 



B. Keypoint Descriptor 

For description of every interest point, Haar wavelet 
responses are obtained in x and y direction. The descriptor is 
obtained using integral images with only 64 dimensions for 
speed. The fIrst step consists of fInding orientation using 
circular window around the interest point. Then, a square 
region aligned to the selected orientation is considered to 
extract the SURF descriptor. 

• Orientat ion Assignment 
To achieve invariance to image rotation the orientation is 

identifIed for each keypoint. For this purpose, Haar wavelet 
responses are calculated in x and y direction within a circular 
neighbourhood of radius 6s around the interest point, with s 

the scale at which the interest point was detected. The size of 
wavelets are scale dependent and set to side length of 4s. 

Once the wavelet responses are calculated and weighted with 
a Gaussian (0- = 2s) , the dominant orientation is obtained by 

calculating sum of all responses within a sliding orientation 
window of size J[ /3. The horizontal and vertical responses 
within the window are summed. The longest such vector 
over all windows defInes the orientation. 

• Descriptor Generat ion 

The descriptor vector is obtained around every detected 
keypoint by taking a square window of size 20s centered 
around the interest point and aligned relative to the direction 
of orientation. The region is split into smaller 4x4 sub
regions to preserve spatial information. For each sub region, 
Haar Wavelet responses are obtained in horizontal (dx) and 
vertical direction (dy). To increase the robustness towards 
geometric deformations and localization errors, the 
responses dx and dy are fIrst weighted with a Gaussian 
(0- = 3.3 s) centered at the interest point. 

Finally the descriptor vector is summed up for each sub
region to form elements of feature vector. To bring in 
information about the polarity of the intensity changes, the 
sum of the absolute values of the responses are obtained ( Idxl 
and Idyl). Thus, each sub-region is a 40 feature vector 
comprising of 

v = { L d x' L d y' L Idx I, L Idyl} 
For a homogeneous sub-region, all of these values are 

relatively low. For the presence of frequencies in x direction, 
the value of Idx is high but all others are low. If intensity is 
gradually decreasing in x direction, both the values of Idx 
and Ildxl are high. 

C. Nearest Neighbor SIFT Keypoint Pairing 

The matching algorithm plays a signifIcant role in any 
biometric system. In local feature matching, the total number 
of paired keypoints is used to fmd the authenticity of an 
individual. Let I be the set of all images available in the iris 
database. For understanding, 1m be a gallery iris image and In 

be a probe iris image where Im'!n E 1. Let Km be the set of p 

keypoints found in 1m, and Kn be the set of q keypoints found 
in In by applying SIFT detector. Let Dm and Dn denote the set 
containing keypoint descriptors for each keypoint in Km and Kn 

respectively. In SIFT matching, for each element in Dm, the 
Euclidean distances are measured with every element in Dn. 

Fig. 2. (a) SIFT detected keypoints with change in scale (up) 
and (b) oriented descriptor windows (down) 

The nearest neighbor approach pairs the /h element in Dm 

with /h element in Dn , iff the descriptor distance between the 
two (after multiplying with a threshold) is minimum [1]. The 
detail of the algorithm is explained in Algorithm 1. Let R be 
the ordered set containing the matches between Dm and Dn by 
SIFT matching. Let '7 be the number of matches found, where, 
'7 E [0, min(p, q)]. 

IV. PROPOSED KEYPOINT CLASSIFICATION 

Both the probe image, and the gallery image against which 
the probe is to be authenticated, are subjected to two keypoint 
detection methods - band pass Difference of Gaussian (DoG) 
keypoint localization by SIFT, and Hessian matrix keypoint 
detection as prescribed in SURF. Fig. 3 (a) depicts keypoints 
detected by SIFT on a sample iris image from CASIA v3 



database. Fig. 3 (b) shows keypoints detected by SURF on the 
same image. Finally it is observed from Fig. 3 (c) that some of 
the keypoints detected by SIFT are overlapping or very close to 
some SURF keypoints (shown by red dots), i.e. there are some 
regions which are detected by both SIFT and SURF. From the 
method discussed above, three classes of keypoints are 
generated from any iris image at the keypoint localization 
stage: 

class SIFTuSURF : keypoints detected by SIFT and SURF both, 

classslFT-suRF : keypoints detected by SIFT but not by SURF, 

class SURF-SIFT :keypoints detected by SURF but not by SIFT. 

Algorithm 1 SIFT Matching 

Require: Dm: Keypoint descriptors for 1m, 
Dn: Keypoint descriptors for In . 

Ensure: R: Keypoint pairs from SIFT. 

1. w <-- Threshold for pairing 

2. while i:::: I Dm I and IDnl i- 0 do 
Ej <-- 0 

for j : = 1 to IDnl do 
3 .  

4. 

5. 

6. 

7. 

Ej � Ej + (Dmi - Dnj)2 

end for 

Ej �.,JE; 
8. 

9. 

[min_value new_index] <-- minimum(E) 

if index = new index then 

10. 

11. 

12. 

13. end if 
14. end while 
15. return R 

R; +-- (i, index) 
Dm +-- Dm -Dmj 

Dn +-- Dn -Dn J 

V. MATCHING ApPROACH 

The matching approach used to pair the three classes of 
keypoints is the most commonly used approach called nearest 
neighbor approach. Keypoints of class SIFTuSURF of probe 

image is subjected to match with keypoints of class SIFTuSURF of 

gallery image using 128-0 keypoint descriptor as prescribed by 
SIFT, and the score generated is scoreSlFfuSURF' Keypoints of 

classSlFf_SURF of probe image is subjected to match with 

keypoints of class SIFT-SURF of gallery image using 128-0 

keypoint descriptor as prescribed by SIFT, and the score 
generated is scoreSlFf_SURF' Keypoints of clasSSURF_SlFr of 

probe image is subjected to match with keypoints of 

class SURF-SIFT of gallery image using 64-0 keypoint descriptor 

as prescribed by SURF, and the score generated is 
scoreSURF_SlFf' 

(a) Keypoints detected by SIFT 

(b) Keypoints detected by SURF 

(c) SIFT keypoints with overlapping SURF keypoints 

Fig. 3. Keypoint classification 



VI. PROPOSED SCORE LEVEL FUSION 

After matching, the most significant job is to fuse the scores 
obtained from three matching modules to generate a single 
score of matching. More specifically a single score is to be 
generated from the following three scores: scoreSIFTuSURF' 

scoreSIFT_SURF' and scoreSUJIF_SIFT' The proposed fusing 

algorithm objects to derive a function 

I( scoreSIFTuSURF' scoreSIFT -SURF' score SURF-SIFT ) to generate an 

output which is considered to be the fused score of matching. 
The function should be (a) monotonically increasing, and (b) 
should be able to separate the genuine and imposter schemes. 
Any linear combination of scoreSIFTuSURF' scoreSIFT_SURF' and 

scoreSUlIF_SlFf with positive coefficients conforms to the first 

property, but fails to reflect the second property. Hence in the 
proposed approach a quadratic order combination of the three 
match scores are used to fuse them to produce a single match 
score. The score-level fusion model is defined by the function: 

f{score SIFTuSURF , score SIFT -SURF' score SURF -SIFT) 
= 2 x score �/FTUSURF + score SIFT -SURF + score SURF -SIFT 

The steps are detailed in the block diagram shown in Fig. 4. 

Cropped Probe 
Iris Image 

Fig. 4. Block diagram of key point classification and score-level fusion 

VII. EXPERIMENTAL RESULTS 

The approach proposed in this paper is tested on a randomly 
chosen subset of two available large iris databases, viz. BATH 

[11] and CASIAv3 [12]. The approach is experimented on 50 
images from both the databases, which created 50C2=1225 
instances of genuine and imposter matching. 
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The accuracy obtained by this approach is numerically 
shown in Table I. It is also observed from the values of d' 

index has the highest value for the proposed approach. 

VIII. CONCLUSION 

The matching approach uses two ways of detecting keypoints 
in an iris image, and hence is robust against missing out any 
keypoint. The proposed matching approach uses three matcher 
modules and the matching process can be executed in parallel 
with added cost of hardware of the extra matcher modules. The 
fusion module effectively fuses the scores generated by three 
individual matchers. The recognition accuracy increases due to 
application of this approach. 
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