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Abstract—The performance of a biometric recognition algorithm is often evaluated by testing it on standard datasets. This
process, known as technology evaluation, is necessary to compare
the matching performance of different algorithms. In the case
of iris recognition, datasets such as ICE, MBGC, CASIA, NICE,
WVU, UBIRIS, etc. have been used for this purpose. However, iris
images in each of these datasets are impacted by the methodology
used to collect them. Factors such as external lighting, sensor
characteristics, acquisition protocol, subject composition, data
collection environment, nuances of the collection process, etc. are
dataset-specific and they leave a digital ’imprint’ on the associated
data. Therefore, iris images in different datasets may exhibit
different intricate characteristics that can potentially impact the
performance assessment process. In this work, we conduct an
experiment to determine if such dataset-specific attributes are
significant enough to be detected in the collected images. To this
end we formulate a classification problem where the goal is to
determine the dataset to which a given input iris image belongs
to. By extracting a set of statistical and Gabor-based features
from an iris image, we use a learning-based scheme to associate
the input iris image with a specific database. A 83% accuracy
is obtained on a set of 1536 images from 8 different datasets
collected using 6 different sensors.

I.

I NTRODUCTION

Biometrics is the science of recognizing individuals based
on their biological and behavioral attributes such as face,
fingerprints, iris, gait and voice [1]. The performance of a
biometric algorithm (e.g., feature extractor and matcher) is
often evaluated on a dataset consisting of labeled biometric
data pertaining to a large number of individuals. This process,
often known as technology evaluation, involves the acquisition
of biometric data (say, iris images) from a large number of
individuals. The resulting dataset is then used by researchers
to evaluate their algorithms thereby facilitating comparison of
different approaches (e.g., by using ROC or CMC curves).
The availability of datasets of varying size and quality
for different biometric modalities is critical for progress in
the biometric field. However, every dataset has its own characteristics. The methodology used to collect the data affects
the inherent characteristics of the acquired data. This includes
environmental and sensor artifacts which become an integral
part of images in a dataset. It also includes external factors
(such as illumination type, camera pose, optical setting and
acquisition protocol) which may not drastically perturb the
’identity’ information in the image but does contribute to
overall data characteristics.
Delineating such factors from identity information is nontrivial, realizing what is usually assumed to be noise in the
acquired image, may actually offer information about the
environment in which the iris was acquired. So the question is:

To what extent are these characteristics embedded in biometric
datasets? In this work, we use the iris modality to explore
whether it is possible to automatically process an iris image
and determine the dataset to which it belongs to. This would
be one way of showing that dataset-specific characteristics are
embedded in an iris image.
The iris modality was chosen in this work for various
reasons. Firstly, the iris trait has exhibited excellent performance in both operational and technological evaluations [2].
Secondly, there have been significant advancements in iris
image acquisition technology, image processing and analysis
during the last decade resulting in several datasets. Thirdly, iris
recognition systems are being increasingly deployed in wide
range of applications. Governments in many parts of the world,
such as Indonesia and India, have started adopting biometrics
for national ID card or social welfare schemes.
The rest of the paper is organized as follows: Section II
states the motivation and benefits of this research. Section III
details technique used to link an iris image with a specific
dataset. Section IV gives description of some of the iris
datasets available for iris recognition research and evaluation.
It also explains the classifier used and includes the results
and discussion of the experiments. Finally, the conclusion and
future work are in section V.
II.

M OTIVATION AND B ENEFITS

The target of this work is to investigate whether it is
possible to determine the dataset to which an iris image
belongs to. Such an analysis can be beneficial in many aspects.
First, it investigates if dataset characteristics introduce dataset
bias in existing publicly available iris datasets. Research groups
demonstrate the capability of their novel matching algorithms
on popular datasets by comparing it with existing benchmarks.
However, improved performance on a particular dataset may
be because of over-fitting on that particular dataset. It is
possible that the improved performance may be due to the
fact that the algorithm has learned the bias in the dataset.
This will cause the algorithm to fail to generalize when tested
using dataset other than the one used for training and testing.
Torralba and Efros [3] raised the issue of the bias in computer
vision image datasets. They investigated the existence of built
in bias in some of the popular object recognition datasets.
Their experiments demonstrated drop in performance of the
algorithms when tested using a different dataset than the one
used for training. Their results suggest that the algorithms
are learning characteristics of a specific dataset in addition
to solving the object recognition problem. This can be an
indication that bias occurs in datasets, regardless of the efforts
of the research community to avoid it. Second, by knowing
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Thus, a combined set of statistical and Gabor energy features are extracted from an iris (actually, an ocular) image. The
main modules of the proposed technique are: preprocessing,
feature extraction and classification. Figure 3 shows the preprocessing and feature extraction stages.
Fig. 1.
An iris image not only carries identity information, but also
information related to the sensor and environmental factors.

the most likely dataset from which an image comes from,
specific pre-processing schemes (e.g., enhancement) can be
used. Plenty of research has been conducted on various iris
datasets. Consequently, dataset specific pre-processing methods have been developed over the years. If an iris image is
deemed to be similar to images in a particular dataset, then
the associated pre-processing schemes can be invoked. Third,
this research has value in forensic and inter-operability applications. In some instances, it may be necessary to determine
the sensor or the environment in which a certain iris image
was obtained. Uhl and Holler [4] suggested using the photo
response non uniformity(PRNU) of different iris sensors to
determine the sensor that was used to acquire an iris image.
In addition, Kalka et al. [5], used the pixel non-uniformity
component of the PRNU noise to identify the sensor used
to capture an iris image in the context of iris sensor interoperability. Connaughton et al. [6] investigated the impact of
cross-sensor matching on iris recognition performance. They
conducted an experiment related to changes in the acquisition
environment. Their results suggested that even slight changes
in the environment can affect matching performance.
III.

A. Preprocessing
Preprocessing has three main steps: segmentation, normalization and enhancement. Most academic papers on iris
recognition use normalized irises for feature extraction.
1) Segmentation: In segmentation, the visible portion of
the iris in the image is determined. This is accomplished by
locating the inner (pupillary) iris boundary and outer (limbic)
iris boundary. Specular reflection and iris occlusion by eyelids
and/or eyelashes are also detected. A mask is used to denote
these non-iris pixels in the image.
2) Normalization: Normalization is performed to compensate the variation in pupil size due to dilation. It also compensates for the differences in iris size and imaging distance.
Normalization is accomplished by using Daugman’s rubber
sheet model [2]. The original iris in the cartesian coordinate
is projected to a dimensionless pseudo-polar coordinate grid.
This results in a normalized iris image of size 64*360. Figure
4 shows the iris images after segmentation and normalization.
3) Enhancement: The normalized iris images are enhanced
using the contrast-limited adaptive histogram equalization
(CLAHE) technique [7].

P ROPOSED T ECHNIQUE

The human iris consists of a rich texture pattern with
distinctive structures. These include radial furrows, concentric
furrows, ridges, crypts, pigment spots and collarette. These
structures within the iris are believed to be distinctive to each
eye as is evidenced by the large number of empirical studies,
including IREX. Our goal is to extract a set of features from the
iris image that can help in assessing the dataset it belongs to,
thereby offering information about the acquisition environment
and protocol associated with it. Our method is based on multiscale linear decomposition of an image into frequency and
orientation components. This allows us to utilize measures of
local phase, energy and spatial statistics of image gray levels
that are inherent in the iris image. Complex Steerable Pyramid
was used to decompose the iris into individual components.
In addition to the statistical features derived from the use
of a Complex Steerable Pyramid, the output of Gabor filters
is used to generate ”Gabor Energy Features”. The real and
imaginary components of a complex Gabor filter response,
which have the same orientation and spatial frequency but
are phase sensitive, are combined into a single quantity representing Gabor energy. The Gabor energy operator responds
to lines and edges at almost all orientations, including edges
from background texture. It capture’s underlying local image
structures and their salient tuning properties. These characteristics motivated us to use Gabor Energy features in this
work. Additionally, since Gabor features are used by most iris
recognition systems, it is essential to utilize Gabor features in
studying the presence of bias in iris recognition data sets.

Fig. 4. Normalized iris image samples from different iris datasets: CASIA
V3, UBIRIS, ICE, UOPL, IITD and WVU

B. Feature Extraction
Hollingsworth et al. [8] and Gentile et al. [9] suggested
that the middle region of the iris has more discriminatory
information. Youmaran and Adler [10] stated that the biometric
information (discriminating bits) is increased in the iris region
closer to the pupil. Further, the outer part of the iris is more
likely to be corrupted with eyelashes and eyelids. Hence, only
the inner half of the normalized iris was used for feature
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Fig. 2.

Examples of iris images from different datasets.

Fig. 3.

Illustration of the pre-processing and feature extraction stages of the proposed approach.

extraction in this work. The inner half of the normalized iris
is divided into a set of over lapping blocks of size 32 × 2i ,
where 6 ≤ i ≤ 9. For each block, a set of statistical and Gabor
energy features are extracted as described below.
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1) Statistical Features: Iris blocks are decomposed using
complex steerable pyramid at N = 2 scales and K = 4
orientations. The steerable pyramid responses are implemented
by first decomposing an iris block into high pass (H) and low
pass bands. The low pass band is then recursively decomposed
into orientation (Bk ) and low pass residual bands (L).
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Here, (r, θ) are polar frequency coordinates and αK =
2k−1 √ (K−1)! .
K[2(K−1)]

The features that measure the spatial distribution of gray
scale values within the image are calculated from the original
iris image as well as from the low pass bands at each scale
of the decomposed pyramid of the iris. These features include
minimum, maximum, mean, variance, skewness and kurtosis.
Further, at each level in the pyramid decomposition, the
local autocorrelation of the low-pass residuals are computed
to model the spectral features which represent periodicity
(spectral peaks) and ridges (globally oriented structures). The
high contrast regions oriented at each scale, such as edges,
bars and corners, are captured using the cross correlation of
sub-band magnitudes with all orientations at the same scale.
For each iris block, all these statistical features are
computed, resulting in 68 statistical features corresponding
to pixel intensity distribution (9 features), autocorrelation
2
((N+1)( K 2+1 )=39 features)and cross correlation (N K(K+1)
=
2
20 features).
2) Gabor Energy Features: The Gabor wavelet consists
of a complex sinusoidal carrier of certain frequency and
orientation modulated by a Gaussian envelope, which can be
written as:
g(x, y) = Wv (x, y) ∗ S(x, y).
Here, S(x, y) is the sinusoidal carrier and Wv (x, y) is the
2-D Gaussian envelope. The bank of Gabor filters used is
represented by:


x0
−(x02 +γ 2 y 02 )/2σ 2
gλ,Θ,φ (x, y) = exp
∗ cos 2π + φ
λ
x02 = x cos Θ + y sin Θ,
y 02 = −x sin Θ + y cos Θ,
where (x, y) is a point in the input image, Θ(Θ ∈ [0, π]) is the
orientation of the sinusoidal wave, γ1 is the spatial frequency of
the sinusoidal wave, φ(φ ∈ [−π, π]) is the phase offset of the
sinusoidal wave, σ is the standard deviation of the Gaussian
envelop which is equal to 0.56λ, and γ is the spatial aspect
ratio that was set to 0.5.
The filter bank used symmetric kernels with (φ = 0), three
spatial frequencies of (4, 8, 12 cycles) and eight orientations
[Θ = k(π/8), k = 0, 1, ...., 7)]. The application of such a
filter bank to an input image results in a 24-dimensional
feature vector for each point of the input image. The real
and imaginary components of each response are squared and
summed. The square root of the sum is the response magnitude
of the output which represents the Gabor energy.
p
eλ,Θ,φ (x, y) = re(g(x, y))2 + im(g(x, y))2 .
The iris mask is applied to each energy response to remove
the non-iris pixels and the response is normalized by min-max
normalization as follows:
em (x, y) − min(em (x, y))
em (x, y) =
.
max(em (x, y)) − min(em (x, y))

Here, m = 1, 2, 3,..., 24. Pixel-wise maximum superposition
(the L∞ norm) of all the normalized energy responses at
each pixel is performed. The blocks that were used to extract
statistical features are also used for generating the final energy
map. The histogram of the energy response is calculated using
different number of bins. Bins of sizes (50, 100, 150 and 200)
were explored but increasing the number of bins did not result
in enhanced performance. Hence, we used 50 bins for the
energy histogram which is equivalent to 50 energy features.
The 50 energy features were added to the 68 statistical features
resulting in a feature vector of 118 features.
IV.

E XPERIMENTS AND R ESULTS

In our experiments we used eight iris datasets. The iris
images in each of these datasets were preprocessed and each
iris was represented by a feature vector consisting of 118
features.
A. Iris Datasets
In our experiments we used the CASIA V2, CASIA V3,
UPOL, IITD, UBIRIS, ICE, WVU and MBGC iris datasets.
Table I summarizes information on these iris datasets.
1. CASIA V2 device 1: Several datasets were collected by the Chinese
Academy of Sciences Institute of Automation(CASIA). The second version
of CASIA iris image dataset (CASIA-IrisV2) includes two subsets: CASIA
V2 device 1 and CASIA V2 device 2. Each subset was captured using
a different sensor. The first subset was captured using Irispass-h sensor,
developed by OKI. The second subset was captured using CASIA-IrisCamV2,
a self-developed sensor. Each subset includes 1200 images from 60 classes.
We used iris images from the first subset.
2. CASIA V3 Interval: The third version of CASIA iris image dataset (CASIAIrisV3) consists of three subsets: CASIA-Iris-Interval, CASIA-Iris-Lamp and
CASIA-Iris-Twins. Most of the CASIA-Iris-Interval images were collected
on two different sessions, while the CASIA-Iris-Lamp images were collected
under different illumination conditions. CASIA-Iris-Twins contain iris images
of pairs of twins. We used iris images from CASIA V3 Interval. This subset
was captured using CASIA-IrisCamV2. This sensor uses a circular NIR LED
array, with suitable luminous flux for iris imaging.
3. UPOL: The UPOL iris dataset was collected at Palacky University of
Olomouc. The iris images were captured by TOPCON TRC-50IA optical
device, connected to a Sony DXC-950P 3CCD camera, with flash light. Iris
images are acquired at a distance of 0.15m between the camera and the eye..
Iris images are saved as 24-bit RGB of size 576*768 pixels. The database
contains three images of each iris (right and left eyes) of 64 subjects resulting
in total of 384 iris images. All images were converted to grayscale in this
work.
4. ICE 2005: The Iris Challenge Evaluation (ICE) was a series of contests
conducted by the National Institute of Standards and Technology (NIST). The
ICE 2005 images were collected at the University of Notre Dame with the
LG EOU 2200 acquisition system. The dataset creators wanted to include iris
images with a large variation in image quality compared to the consistently
good quality images observed in other datasets. The dataset includes low
quality images such as poorly focused images and partially rotated iris images.
The iris images are stored in the 8-bit format at a resolution of 480*640. It
consists of 2,953 iris images for 132 individuals with varying number of
images per subject.
5. WVU: This dataset is part of a Multi Biometric dataset that was collected
at West Virginia University. The iris dataset was intentionally collected with
a range of quality variations (defocus, motion, non-uniform illumination, and
occlusion). It was collected with a hand held OKI Irispass-h device. The iris
images are of 480*640 resolution. The dataset has 2,424 iris images pertaining
to 354 classes.
6. UBIRIS: The UBIRIS dataset includes noisy iris images. Iris images were
collected with minimum user cooperation using a Nikon E5700 camera.
Image resolution was 2560*1704 pixels with 300 dpi horizontal and vertical
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TABLE I.

ATTRIBUTES OF THE IRIS DATASETS USED IN THIS WORK .

Dataset

No.
images

No. iris
classes

Sensor

Illumination

Resolution

Format

Demographics

MBGC

59,558

240

LG EOU 2200
Iris camera

near-infrared

8-bit intensity level,
480*640

BMP

—

CASIA V3

2639

395

CASIA Iris
camera

near infrared

8-bit gray level, 320*280

JPEG

Mostly Chinese

UPOL

384

128

SONY
DXC-950P
3CCD camera

camera flash light

RGB, 768*576

PNG

Mostly Europeans

UBIRIS

1877

241

Nikon E5700

natural lighting

RGB, 1704*2560

JPEG

European

WVU

1852

380

OKI IrisPass-H

near-infrared

gray level, 480*640

BMP

—

IITD

1120

448

JIRIS, JPC1000
camera

near-infrared

240*320

BMP

Indians

ICE 2005

2953

132

LG EOU 2200
iris camera

near-infrared

8-bit intensity level,
480*640

TIFF

—

CASIA V2

1200

60

OKI IRISPASS-h

near infrared

gray level,480*640

BMP

Mostly Chinese

Iris classes = number of distinct eyes

resolution and 24 bit depth. The dataset consists of 1877 images collected from
241 persons in two distinct sessions corresponding to two different locations.
Images are converted to grayscale.
7. IITD: This dataset was collected at the Biometrics Research Laboratory in
the Indian Institute of Technology Delhi (IITD). It was collected using JIRIS,
JPC1000, digital CMOS camera. This dataset contains 1120 iris images from
224 users. Iris images are in bitmap format with 240*320 resolution.

B. Classification
The goal for the classification is to determine the dataset
that a new iris image, not seen before by the classifier,
originates from?
Each dataset was randomly split into a training and a
testing subsets. Since UPOL consists of 384 iris images only,
it was split into two subsets consisting of 192 iris images each.
Consequently, for all the other datasets 192 iris images were
randomly chosen for each of the training and testing subsets.
The training and testing subsets were selected knowing that
the iris images in each set belongs to different subjects. For
each iris image a set of 118 features were extracted.

Fig. 5.

The architecture of the Neural Network that was used.

The iris features were used for classification by an artificial
neural network similar to the one proposed in [11]. While other
classifiers were also tested, the neural network resulted in the
best performance. The labeled samples of the training subset
were used to train the neural network classifier shown in Figure
5. Also, the back-propagation network used one hidden layer
consisting of 70 nodes. The classifier was tested with 5-fold
cross validation with a random selection for the training and
testing subsets for all the datasets.
C. Results and Discussion
The classifier was tested on individual blocks of the
normalized iris. The performance of the classifier ranged
from 75.5% to 83%, depending on the block that is used,
which is high compared to random chance (1/8 = 12.5%).
Figure 6 reports the classification accuracy for individual
blocks corresponding to multiple block sizes (10 blocks of
size 64*32, 4 blocks of size 128*32 and 2 blocks of size
256*32) corresponding to different locations of the iris. The

Fig. 6.
The average classification performance of different iris blocks
corresponding to different block sizes

classification results for the different iris blocks are overall
comparable. We can see that the blocks of 128-pixel width
perform slightly better in classification. In the future, we will
design block level fusion schemes for improving classification
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TABLE II.

C ONFUSION MATRIX DEPICTING CLASSIFICATION PERFORMANCE OF A BLOCK SIZE 128*32. T HIS MATRIX CORRESPONDS TO ONE
VALIDATION RUN .
Dataset
MBGC
CASIA V3
UPOL
UBIRIS
WVU
IITD
ICE
CASIA V2

MBGC
174
0
3
5
4
0
26
23

CASIA V3
0
185
1
0
5
0
0
5

UPOL
0
0
164
19
5
0
25
0

accuracy.
Table II shows confusion matrix for one of the iris blocks
of size 128*32. Looking at the table, we find that all iris
images from IITD iris dataset are correctly classified. CASIA
V3 had high classification rate (96.4%) followed by MBGC
(90.6%). On the other hand, ICE dataset had the highest
misclassification rate. About 13% of the ICE iris images
were classified as images from the UPOL dataset and another
13.5% were classified as images from MBGC iris dataset. The
misclassification between the ICE and the MBGC samples
is perhaps due to the fact that both datasets have the same
acquisition sensor. 54.6% of the ICE iris images were classified
correctly. Figure 7 shows some of the MBGC samples that
were misclassified. Despite the misclassification of some samples in the different datasets, the high accuracy classification
rate for most of the samples, suggests that each data set has its
own and unique signature that distinguishes it from the other
datasets.

UBIRIS
7
0
18
162
2
0
13
7

[1]

[2]

[4]

MBGC sample misclassified as WVU

[5]

MBGC sample misclassified as IITD

[6]

[7]
[8]

Fig. 7.

[9]

Examples of misclassified iris images from the MBGC dataset.
[10]

V.

C ONCLUSION

The target of our work was to explore whether the methodology for assembling datasets results in a distinct signature
for each dataset. This signature can be used to determine
the dataset that a sample biometric data belongs to. Our
experiments were done in the context of the iris biometric trait.
We used eight iris datasets to conduct classification experiments. Each normalized iris image was represented by a set of
statistical and Gabor energy features. The neural network based
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1
3
4
6
0
105
1
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4
5
2
0
9
0
1
120
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