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Abstract. Iris recognition has gained a lot of popularity for the last decades. 
Mainly a method based on binary iris templates found its way to real world use 
due to its simplicity, stability and reliability. The principle is that the unique iris 
structure is encoded to the bit code templates that are sufficient for high accura-
cy recognition. Encoding is performed by filtering a preprocessed iris image 
and storing only the phase information of the response to the filters. For years 
researchers used the 2D Gabor filters or their modifications, because these fil-
ters proved to provide the most reliable features. Despite the high recognition 
accuracy, the use of 2D Gabor filters faces a problem of spoofing. Recent stu-
dies show that the encoding process can be reverted and a spoofed iris can be 
obtained only based on the iris code. In this paper, we propose an efficient fea-
ture extraction method for iris recognition based on convolution kernels, 
learned from a database of irises. We show that the proposed method reaches 
state-of-the-art performance and can prohibit attackers from generating spoofed 
irises if the optimized convolution kernel is safely stored. 
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1 Introduction 

An iris is a popular biometric trait used for recognizing humans. Its unique texture, 
stability over time, accessibility and the possibility of touchless scanning determine 
its suitability for biometric recognition. John Daugman proposed a method which 
reaches nearly 100 % recognition accuracy even in large-scale scenarios with millions 
of subjects [1], [2]. His method uses 2D extensions of Gabor wavelets and their im-
plementation through band-pass filters a.k.a. 2D Gabor filters [3]. They belong to the 
best features used for recognition tasks not only in biometrics.  Recent research in 
iris recognition is focusing on methods for learning the optimal parameters of the 
Gabor kernels from limited data and on methods to minimize the number of features 
used in the recognition process. It was shown that 2D Gabor filters are an approxima-
tion of the visual system of mammals [3] and this is the main argument of many  
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researchers for their use. It is not clear if the Gabor filters are the best filters for  
encoding the iris texture or even better solutions can be found. The visual system of 
mammals performs many other tasks besides recognition; so the similarity to it does 
not guarantee the best solution for recognition tasks. The popularity of Gabor features 
exceeds the iris recognition area and we believe that any improvement will hence also 
find its place in the broader image processing domain. 

In this paper, we propose an efficient feature extraction method for iris recognition 
based on optimized convolution kernels. Rather than optimizing the parameters of a 
specific kernel type, we start from a randomly initialized convolution kernel and we 
optimize this kernel with the simulated annealing algorithm. This approach is not 
biased by any imposed mathematical properties of the kernel, at the price of a much 
larger search space. Our experiments show that the proposed method of feature ex-
traction in iris recognition can reach comparable results to the state-of-the-art method 
proposed by J. Daugman and in some cases can even outperform his method. In addi-
tion, we found out that our approach can evolve an entire class of different convolu-
tion kernels, all resulting in very high iris recognition rates. This paper argues that the 
existence of such a class of (optimal) kernels can be a huge benefit for iris encoding 
and can prevent iris spoofing as there are recent studies that show the possibility of 
spoofing when Daugman’s method based on 2D Gabor wavelets is used [4]. 

1.1 A Short Review of Iris Recognition and Related Work 

Any image based biometric process begins with an image acquisition, its preprocess-
ing and segmentation. In case of iris recognition, we need to localize the iris bounda-
ries, eyelids and eyelashes. Then the image is segmented and the iris texture is  
transformed from Cartesian coordinates to the polar coordinate system. The circular 
band is divided into subbands of equal thickness. These subbands are averaged over a 
patch of pixels uniformly in radius r. From this unwrapped representation, features are 
extracted using Gabor filters and the result is encoded to a binary template (Figure 1). 
For matching two different irises the Hamming distance is used. 

The most popular method for iris recognition, proposed by John Daugman [1], uses 
2D Gabor wavelets for feature extraction. In iris recognition, 2D Gabor wavelets are 
implemented as a band-pass filter bank, because filters are more computationally 
efficient than computation of bi-orthogonal wavelets. Although  variations of Daug-
man’s method have been proposed, the most accurate ones are still based on the varia-
tions of Gabor filters [5] (e.g. log-Gabor filters [6, 7]).  

The feature extraction from a preprocessed iris texture is done simply by filtering 
with 2D Gabor filters. The 2D Gabor filter can be understood as a Gaussian function 
modulated by a complex harmonic function: 
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We consider that filtering is represented as a convolution in the image domain and 
thus from equation 1 we get two convolution kernels – one for the real part and a 
second one for the imaginary part. By convolving the iris image with the kernels we 
obtain responses to the 2D Gabor filters (a.k.a. Gabor features). Gabor features are 
encoded by quantizing the phase information into four levels for each quadrant in the 
complex plane. The phase information contains the most significant information [8] 
and is most relevant for the iris recognition. In terms of single response (either for the 
real or imaginary part) the pixel value in the response is encoded as 1, if the value is 
positive and 0 otherwise. 

a)  

b)  

c)  

Fig. 1. An example of an unwrapped version of an iris and its corresponding iris code for the 
real (b) and the imaginary (c) part of the 2D Gabor filter  

Despite the success of the 2D Gabor filters in the iris recognition, it is a complex 
task to design a good set of filters due to the large number of parameters. Tsai, Taur, 
& Tao proposed to use particle swarm optimization to estimate the best parameters of 
Gabor filters [9]. They improved the equal error rate on the CASIA-IrisV3-Interval 
database in comparison to Daugman’s method and reduced the length of the template 
by 21.9 %. Z. Lin & B. Lu [10] optimized multi-directional Gabor filters based on the 
knowledge from neurophysiological research to separate the filters for each sub-block 
in the effective iris area.  H. Zheng and F. Su [11] used only the imaginary part of 
complex 2D Gabor filters to make the code shorter. They report no performance drop 
in the recognition accuracy. 

2 Method (Algorithm Overview) 

As we described in the previous section, the feature extraction from a preprocessed 
iris is done by filtering. In our work we assume that filtering is implemented through 
convolution and we intend to improve the recognition by replacing the Gabor kernel 
by a kernel optimized with the simulated annealing algorithm. Simulated annealing is 
a generic optimization algorithm locating the global optimum that works in a 
straightforward manner. We have chosen this algorithm mainly for the visibility of the 
optimization process to demonstrate the concept of optimizing the convolution kernel. 
However, other evolutionary algorithms can be applied to this problem as well and 
might reach even better results. We consider it to be a strength of our approach that 
even by using naïve optimization methods, we can in some cases outperform the Ga-
bor based kernels. To be able to assess a single kernel, we simplified the feature ex-
traction in the iris recognition method and used only a single convolution kernel for 
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iris encoding; the rest of the recognition method remains the same as described in the 
previous section.  

2.1 Simulated Annealing Based Optimization of the Convolution Kernel 

Stochastic optimization and evolutionary algorithms are important optimization tech-
niques, especially when no analytical solution is available. Simulated annealing [12] 
is a neighborhood search algorithm similar to simple local search, e.g., Hill Climbing, 
but with modified acceptance criteria permitting occasional worse solution during the 
computation. The main procedure is defined as follows: first, a stochastic solution is 
initialized randomly; then its neighbor, i.e. a new solution, is iteratively constructed. 
The occasional worse solution can save the algorithm from getting trapped in local 
optima. The simulated annealing algorithm hence requires the modeling of the prob-
lem in such a way that it is possible to move the partial solution from one state to 
another one (called a neighborhood state) which is generated randomly.  

For the simulated annealing we must define several parameters. The first is an 
energy function E(K) which evaluates the quality of the generated kernel solution K. 
In order to increase the overall recognition rate, we evaluate the recognition accuracy. 
The second parameter is the configuration space with the neighborhood function. In 
our case the configuration space is formed by the elements in the convolution kernel 
and the allowed intervals for these elements. The neighborhood function generates a 
new convolution kernel in each iteration. Third, the temperature and cooling schedule 
are adjusted empirically. In this work we explore 3 different energy functions: 
Energy function 1: In this scenario we maximize the iris recognition accuracy P(K). 
Thus, the energy function has only one component and is defined as follows: 

 )()(1 KPKE =  (2) 

Energy function 2: In the second scenario we also maximize the iris recognition accu-
racy, but once the accuracy reaches high values we continue the search process max-
imizing the distance between the genuine and the impostor distributions D(K). We 
define the energy function as follows: 
 

 (3) 

 
where P(K) is function providing iris recognition accuracy for the convolution kernel 
K on the training set. D(K) is defined as a distance between the genuine and the im-
postor distributions. 

 )()()( genuinegenuineimpostorimpostorKD σμσμ +−−=  (4) 

where impostorμ , genuineμ  are means and genuineσ , genuineσ  are standard deviations of the 

distributions. 

E2 (K ) =
P(K ),                          if  P(K ) < t

P(K )+ D(K ),                  otherwise
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Energy Function 3: In the third scenario we maximize the iris recognition accuracy 
and also the distance between the genuine and the impostor distributions at the same 
time. We define the energy function as a sum of both parts – the recognition accuracy 
and distance between the genuine and the impostor distributions: 

 )()()(3 KDKPKE +=  (5) 

At each temperature, our algorithm generates a modified convolution kernel by 
choosing two random points in the kernel and adding a random value in the range 

>−< 1,1  to both of them. If the recognition accuracy increases over the previous 

convolution kernel, the new kernel is accepted in the j -th iteration (similar to the 

gradient method). Otherwise, when similarity is equal or decreases, a new kernel is 
accepted if  
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where ξ  is randomly chosen from the interval  ]1,0[ . )( jKE  is the energy of the 

convolution kernel generated in the  j -th iteration. 
jT  is the temperature in the  

j -th iteration. We use an exponential cooling scheme where α1−= jj TT . α  is a 

constant defining the speed of cooling ( 99.0=α ). 

2.2 Software Optimizations 

By the definition of our energy function, it is necessary to recompute the recognition 
accuracy at each iteration. By proposing two key optimizations we reduced the  
computation time from several months to days or even hours:  

Optimized Hamming Distance Implementation. Computation of the Hamming 
distance is the most frequent operation required for computing the recognition accura-
cy. The distance is computed for each template comparison where each testing tem-
plate is compared with all trained templates stored in the database. Inputs for the 
Hamming distance operation are 2 iris templates. The computation consists of two 
main operations: 

- Exclusive-OR (XOR) to check which bits are different in the templates. 
- Sum of ones in the result of the XOR. 

The result of the convolution is a matrix containing floating point values. These 
values are then encoded to zeros and ones. A natural and faster way of encoding is to 
modify this matrix directly to contain only zeros and ones. We decided to encode each 
column (containing 20 values in our case) of the matrix to a single 32bit value, allow-
ing us to compare two template columns with a single XOR instruction. Using SSE 
instructions, 4 columns can be processed simultaneously. 
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Iterative Convolution Computation. Since we defined the neighborhood functions 
as a limited change of the selected elements in the convolution kernel, it is necessary 
to also recompute the iris codes for all the irises in the database. By using dynamic 
programming principles we can reduce the computation time of the convolution in 
following way:  Let f  be an iris image and g  the convolution kernel generated in 

the iteration. Then the convolution is defined as follows: 

 
−

=
−=∗

1

0

][][])[(
N

m
ii mgmnfngf  (8) 

If we define the neighborhood function as a change of a single element k  in the 
convolution kernel by value δ  then 
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where ])[( ngf i∗  is the convolution from the iteration i . This means that we can 

reduce the summation over N elements to the summation over two elements if we use 
the result of the convolution from the previous iteration. In case of a squared kernel 
containing 14 14=196 elements, we can avoid 194 of the 195 matrix additions.   

3 Experimental Results 

The proposed algorithm was tested on the Casia v1.0 [13] iris database. This database 
contains 756 grayscale images of 108 irises. The size of these images is 320x240 
pixels. All images from the database were automatically preprocessed and segmented 
using existing software packages [6]. The preprocessing of an iris is not an easy task 
and can fail for a variety of reasons. The rate, at which creating a template from an 
input is unsuccessful, is called failure to enroll rate (FTE). This is usually caused by 
low quality input images. The rate at which the system fails to detect an iris when the 
image is correctly presented is called failure to capture rate (FTC). Although the 
CASIA v1.0 database contains 756 images, only 631 images were successfully pre-
processed by the automatic preprocessing algorithm. In all our experiments we use 
only the 631 correctly enrolled images. 

We split our database in two parts, each containing 54 irises and 315.5 images on 
average. We use the first half for learning the kernel. The second half is used for test-
ing purposes. It is important to note that the training and the testing set should not 
contain images of the same irises even if these images are different. We do the re-
peated random sub-sampling cross-validation, i.e. we repeat experiments 10 times to 
obtain meaningful results that are not based on a specific set of images. The average 
recognition accuracy of the 10 repetitions for each energy function is listed in the 
Table 1. 
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a)  

b)  

Fig. 4. Two iris codes generated for the same iris image, (a) an iris code generated with imagi-
nary part of the 2D Gabor filter, (b) an iris code generated with randomly initialized and  
optimized convolution kernel 

5 Conclusion 

In this paper, we propose a novel feature extraction method for iris recognition based 
on binary templates. We improve the feature extraction by replacing the 2D Gabor 
kernel by a kernel optimized with the simulated annealing algorithm. The algorithm is 
simple and can find a global solution (if it exists). Our experiments with simulated 
annealing show that the proposed feature extraction method can reach comparable 
results to the state-of-the-art method [1]. In addition, our experiments reveal that there 
is a class of convolution kernels suitable for feature extraction from the iris texture 
that can perform at least as good as 2D Gabor kernels when a single convolution ker-
nel is used. Systems based on our approach are more difficult to spoof, as the current 
spoofing techniques require the use of Gabor features. To the best of our knowledge, 
no similar work currently exists that uses a stochastic evolution algorithm to optimize 
convolution kernels for the iris feature extraction. As future work, we will verify our 
results on different larger iris databases.  
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