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Abstract. Popularity of iris biometric grew considerably over the past 2-3 
years. It resulted in development of a large number of new iris encoding and 
processing algorithms. Since there are no publicly available large scale and 
even medium size databases, neither of the algorithms has undergone extensive 
testing. With the lack of data, two major solutions to the problem of algorithm 
testing are possible: (i) physically collecting a large number of iris images or 
(ii) synthetically generating a large scale database of iris images. In this work, 
we describe a model based/anatomy based method to synthesize iris images and 
evaluate the performance of synthetic irises by using a traditional Gabor filter 
based system and by comparing local independent components extracted from 
synthetic iris images with those from real iris images.  The issue of security and 
privacy is another argument in favor of generation of synthetic data. 

1   Introduction 

Popularity of iris biometric grew considerably over the past 2-3 years.  It resulted in 
development of a large number of new iris encoding and processing algorithms.  Most 
of developed systems and algorithms are claimed to have exclusively high perform-
ance.  However, since there are no publicly available large scale and even medium 
size datasets, neither of the algorithms has undergone extensive testing. The largest 
dataset of frontal view infrared iris images presently available for public use is 
CASIA-I dataset [1].  It consists of 108 classes, 7 images per class.   With the lack of 
data, two major solutions to the problem of algorithm testing are possible: (i) physi-
cally collecting a large number of iris images or (ii) synthetically generating a large 
scale dataset of iris images. In this work, we describe a model based, anatomy based 
method to synthesize iris images and evaluate the performance of synthetic irises by 
using a traditional Gabor filter based system. The issue of security and privacy is 
another argument in favor of generation of synthetic data.   

The first methodology for generating synthetic irises has been proposed by Cui et 
al. [2], where a sequence of small patches from a set of iris images was collected and 
encoded by applying Principle Component Analysis (PCA) method.  Principle com-
ponents were further used to generate a number of low resolution iris images from the 
same iris class.  The low resolution images were combined in a single high resolution 
iris image using a superresolution method. A small set of random parameters was 
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used for generation of images belonging to different iris classes.  Another method for 
generation of synthetic irises based on application of Markov Random Field has been 
recently developed at WVU [3] and offered as an alternative to the model based, anat-
omy based method described in this paper.   

When generating synthetic iris images, the problem that one faces is to define a 
measure of “realism.”  What is the set of requirements that synthetic iris has to satisfy 
to be recognized and treated as a physically collected iris image?  The conclusion 
could be: (i) it should look like a real iris; (ii) it should have the statistical characteris-
tics of a real iris.   

We have conducted extensive anatomical studies of the iris including study of ul-
tra-structure images and high-resolution images [4, 5], structure and classification of 
irises due to iridology [6], and models available for the iris.  As a result, a few obser-
vations on common visual characteristics of irises have been made: (i) most iris im-
ages used in biometrics research are infrared images;  (ii) the information about iris 
texture is mainly contained in the structure, not in the color; (iii) radial fibers consti-
tute the basis for the iris tissue; (iv) a large part of iris is covered by a semitransparent 
layer with a bumpy look and a  few furrows; (v)  the collaret part is raised;   (vi) the 
top layer edge contributes to the iris pattern.  

Thus, the main frame of the iris pattern is formed by radial fibers, raised collaret, 
and partially covered semitransparent layer with irregular edge. The difference of 
pixel values in an infrared iris image is not only the result of the iris structure infor-
mation. It is related to the material that the iris is composed of, surface color, and 
lighting conditions. 

2   Methodology 

In this work, the generation of iris image can be subdivided into five major steps: 

1. Generate continuous fibers in cylindrical coordinates (Z, R, and  Θ ), where 

the axis Z is the depth of the iris, R is the radial distance, and  Θ  is the ro-
tational angle measured in degrees with a 0 value corresponding to the 3 
o’clock position and values increasing in the counter-clockwise direction. 
Each fiber is a continuous 3D curve in this cylindrical coordinates. Cur-
rently 13 random parameters are used for generation of each continuous fi-
ber. The curve is further sampled in R direction to obtain matrices of Z and 
Θ coordinates.  

2. Project 3D fibers into a 2D flat image space.  Then shape the pupil and iris. 
Generated 3D fibers are projected into a 2D polar space to form a 2D frontal 
view fiber image.  Only the top layer of fibers can be seen. The gray value of 
each pixel in 2D space is determined by the Z value of the top layer at that 
point in the 3D cylindrical space. A set of basic B-spline functions in the po-
lar coordinate system (R, Θ ) is used to model shapes of the pupil and iris, 
that is, their deviation from a circular shape.   

3. Transform the basis image to include the effect of collaret. Add a semitrans-
parent top layer with an irregular edge.  The edge of the top layer is modeled 
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using cosine functions.  The top layer is then blurred to make it semitranspar-
ent.  The area of collaret is brightened to create the effect of a lifted portion of 
the iris.  

4. Blur the iris root and add a random bumpy pattern to the top layer. Blur the 
root of the iris to make the area look continuous.  Then add a smoothed Gaus-
sian noise layer.   

5. Add the eyelids at a certain degree of opening and randomly generated eye-
lashes. Based on a required degree of eyelid opening, draw two low frequency 
cosine curves for eyelids. Then randomly generate eyelashes.  

 
 

  

Fig. 1. Shown are the steps of iris image synthesis 

Iris 1 Iris 2 Iris 3 Iris 4

Iris 5 Iris 6 Iris 7 Iris 8  

Fig. 2. A gallery of synthetic iris images generated using model based, anatomy based ap-
proach. Iris 4 is a real iris image borrowed from CASIA dataset  
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The generation of iris images is based on other 40 controllable random parameters 
including fiber size, pupil size, iris thickness, top layer thickness, fiber cluster degree, 
iris root blur range, the location of the collaret, the amplitude of the collaret, the range 
of the collaret, top layer transparency parameter, net structure parameter, eye angle, 
eye size, eye horizontal location, number of crypts, number of eyelashes. If we also 
account for the random variables used in the calculation of the fiber shape, the result-
ing number of random parameters is of the order of several thousands. Most of the 
parameters are uniformly distributed on a prescribed interval. The range of intervals is 
selected to ensure the appearance close to the appearance of real irises.  Fig. 1 demon-
strates our generation procedure.  Other effects influencing the quality of iris image 
including noise, off-angle, blur, specula reflections, etc. can be easily incorporated. 

3   Real and Synthetic Iris Images: Similarity Measures 

We identified three levels at which similarity of synthetic and real iris images can be 
quantified. They are as follows: (i) global layout, (ii) features of fine iris texture, and 
(iii) recognition performance. 

3.1   Visual Evaluation 

A gallery of synthetic iris images generated using our model based approach is shown 
in Fig. 2.  To ensure that generated irises look like real irises, we borrowed a few 
eyelids from CASIA dataset.  Note that only one image in Fig. 2 is a real iris image, a 
sample from CASIA dataset.  It is placed among synthetic irises for the purpose of 
comparison.  To further demonstrate that our synthetic iris images look similar to real 
iris images, we displayed three normalized enhanced iris images in Fig. 3.  The sam-
ples on the upper and middle panels are unwrapped images from CASIA and WVU 
non-ideal iris datasets.  The sample on the lower panel is an unwrapped image from 
our dataset of synthetic irises.  Although it looks slightly oversmoothed on the bottom 
portion of the image, the unwrapped synthetic iris image has all major features of real 
iris images.  

(a)

(b)

(c)

 

Fig. 3. Shown are three segmented unwrapped and enhanced iris images.  The images are sam-
ples from (a) CASIA dataset, (b) WVU non-ideal iris dataset, and (c) dataset of synthetic irises 
generated using our model based approach.   
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3.2   Comparison of Local ICA Functions 

To evaluate similarity of iris images at a fine feature level, we encode iris images 
using local Independent Component Analysis (ICA) [7, 8, 9] and compare local ICA 
functions extracted from synthetic iris images with the ICA functions extracted from 
real iris images. We find the best matching pairs of local ICA functions using normal-
ized Euclidean distance.  ICA functions are obtained using FastICA MATLAB pack-
age [10]. 

To extract ICA basis functions for each of three datasets, within each dataset we 
randomly selected 50,000 patches from 100 iris classes, with 3 segmented unwrapped 
and enhanced iris images per class in CASIA dataset, with one segmented unwrapped 
and enhanced iris image per class in synthetic dataset and with 2 segmented un-
wrapped and enhanced iris images per class in WVU non-ideal iris dataset.  We en-
sured that patches contain no occlusions (eyelids and eyelashes).  Each segmented 
unwrapped image has the size 36064×   pixels. The selected patch size is 55× .  
We repeated this procedure 20 times, which resulted in the total 480 local ICA func-
tions.   We found the best matching pairs of local ICA basis functions, based on the 
minimum Euclidean distance between two local ICA functions, for the following 
pairs of datasets: CASIA-synthetic, WVU-synthetic, and CASIA-WVU. To summa-
rize the results of comparison, Fig. 4 and Fig. 5 show distributions of the minimum 
Euclidean distance for best matching pairs of ICA functions.  The left panel in Fig. 4 
is the distribution of the minimum Euclidean distance when local ICA functions ex-
tracted from CASIA and synthetic datasets are compared.  The right panel in Fig. 4 is 
the distribution of the minimum Euclidean distance when local ICA functions ex-
tracted from WVU and synthetic datasets are compared.  The left panel in Fig. 5 
shows the results when local ICA functions extracted from CASIA and WVU data-
sets are compared.   To provide a baseline, we also plot the distribution of the mini-
mum Euclidean distance for best matching pairs of ICA functions extracted for two 
non-overlapping sets of iris images from CASIA dataset . This  distribution  is  shown 
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Fig. 4. The left and the right panels show the distributions of the minimum Euclidean distance 
scores when local ICA functions extracted from CASIA dataset and synthetic dataset are com-
pared and when ICA functions are extracted from WVU and synthetic datasets, respectively  



 A Model Based, Anatomy Based Method for Synthesizing Iris Images 433 

0 0.01 0.02 0.03 0.04
0

0.1

0.2

0.3

0.4

0.5

MINIMUM NORMALIZED EUCLIDEAN DISTANCE

D
IS

T
R

IB
U

T
IO

N
CASIA-WVU

0 0.01 0.02 0.03 0.04
0

0.1

0.2

0.3

0.4

0.5

MINIMUM NORMALIZED EUCLIDEAN DISTANCE

D
IS

T
R

IB
U

T
IO

N

CASIA-CASIA

mean = 0.0126 mean = 0.0036

 

Fig. 5. The left and the right panels show the distributions of the minimum Euclidean distance 
scores when local ICA functions extracted from CASIA dataset and WVU datasets are com-
pared and when ICA functions are extracted from two different subsets of CASIA dataset 
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Fig. 6. The left and the right panels show the distributions of the minimum Euclidean distance 
scores when local ICA functions extracted from CASIA dataset and natural images are com-
pared and when ICA functions are extracted from synthetic dataset and natural images,  
respectively.  
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Fig. 7. Verification performance 

on the right panel in Fig. 5. Note that the score distributions in Fig. 4 (CASIA – syn-
thetic) and (WVU – synthetic) and Fig. 5 (CASIA – WVU) look and perform similar.  
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In comparison with distributions in Fig. 4 and 5, the distributions of the minimum 
Euclidean distances between local ICA functions extracted from natural images [11] 
and compared against local ICA functions extracted from synthetic or real iris images 
have a compact support and do not achieve 0.005 of the minimum distance (see  
Fig. 6).  

When the patch size is increased (for instance, to the size 12-by-12 pixels) the 
similarity between the ICA basis functions extracted from images in CASIA dataset 
and from synthetic iris images will decrease while the similarity between the ICA 
basis functions extracted from images in CASIA dataset and natural images will in-
crease. We conjecture that the major reason for this is the absence of multi-level tex-
ture (results from tissues having fibers of different size and thickness) in synthetic 
irises.  We are currently enhancing our generator to incorporate this feature into syn-
thetic iris images. 

3.3   Verification Performance 

To evaluate the performance of synthetic iris images from recognition perspective, we 
used a Gabor filter based encoding technique (our interpretation of Daugman’s algo-
rithm [12]).  We generated iris images that could belong to 204 individuals, 2 eyes per 
individual, 6 iris images per iris class including one frontal view, two rotated, and 
three blurred and rotated. No False Acceptance and False Rejection are reported, that 
is, the genuine score and imposter score histograms do not overlap. D-prime, a meas-
ure of separation between genuine and imposter matching score distributions, is equal 
to 11.11.  Fig. 7 shows the plot of two distributions, genuine and imposter. 

4   Summary 

We proposed a model based, anatomy based method for synthesizing iris images with 
the major purpose to provide the academia and industry with a large database of gen-
erated iris images to test newly designed iris recognition algorithms. Since synthetic 
data are known to introduce a bias that is impossible to predict [13, 14], the data have 
to be used with caution.  We believe, however, that the generated data provide an 
option to compare efficiency, limitations, and capabilities of newly designed iris rec-
ognition algorithms through their testing on a large scale dataset of generated irises.  
We anticipate that synthetic data because of their excessive randomness and limited 
number of degrees of freedom compared to real iris images will provide overoptimis-
tic bound on recognition performance. 
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