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Abstract—Smartphones and tablet computers are being ac-
tively studied for the performance of biometric recognition in
visible spectrum. Owing to robust performance of iris recogni-
tion, many works have investigated the performance in visible
spectrum. Increasing popularity of iris recognition in the visible
spectrum has further resulted in using smartphones for the
same. The extraction of robust features for visible spectrum iris
recognition is vital to meet the expected accuracy of recognition.
In this work, we explore K − means clustering based feature
extraction to obtain robust features. K-means clustering is a
fast alternative training method that is not computationally
expensive and can easily be extended to large scale systems. The
robust features extracted serves best for the unconstrained iris
recognition on smartphones in visible spectrum. The proposed
feature extraction technique has been extensively evaluated on
publicly available smartphone iris database from BIPLab. The
best Equal Error Rate of 0.31% is achieved using the proposed
technique on images captured using iPhone in indoor scenario.
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I. INTRODUCTION

Smartphones are gaining prominence in the emerging era
of technology owing to numerous factors such as advanced
features at lower cost, high quality inbuilt cameras, ability
to duplex as a security device for various access control
applications. The major savings in cost when using Bring Your
Own Device (BYOD) concept for access control applications
has also sparked the interest in the corporate sector for
using smartphones as an authentication device [1]. With such
growing popularity of smartphones for access control, good
care has to be exercised to provide the most suitable approach
for secure applications. Biometric characteristics being known
for the robust performance in access control applications, there
have been many earlier works on using them for smartphone
based access control applications [2], [3], [4], [5], [6], [7].

Robustness provided by iris patterns as compared to other
biometric characteristics [8], [9], [10] has motivated the re-
searchers to exploit the iris pattern for the smartphone based
access control applications [11]. Although, iris recognition in
Near-Infra-Red (NIR) imaging is well addressed due to clear
visibility of the texture pattern, it still remains a challenge
in visible spectrum. Some of the main factors challenging
the visibility of an iris pattern in the visible spectrum are
reflections caused by environmental light as well as occlusions
due to eye lids and eye lashes. In order to address these
challenges to have accurate performance in iris recognition,

it is essential to extract robust features. In this work, we
present one such robust and novel feature extraction scheme
for unconstrained visible spectrum iris recognition specifically
tailored for the smartphone based iris recognition applications.
The feature extraction scheme presented in this work relies on
K − means clustering of the iris data followed by feature
encoding in a new domain. The feature data obtained from
K − means clustering provides unique and robust features
to obtain higher recognition rates.

The proposed technique is evaluated on the publicly avail-
able smartphone iris dataset from BIPLab1. We present an
extensive analysis of the proposed feature extraction method
with rest of the state-of-the-art iris recognition techniques.
Further, this work also explores the fusion schemes at score
level to improve the verification performance.

In the rest of the paper, we present the proposed iris
recognition scheme in Section II. Section II-A presents the
new feature extraction method proposed in this work. Section
III details the experiments and the results obtained. Finally,
Section V outlines the conclusion of this work along with the
possible future work.

II. PROPOSED SCHEME FOR IRIS RECOGNITION

The proposed scheme for smartphone based iris recognition
in the visible spectrum is depicted in Figure 1. Given an
eye image, the first task in the pipeline is to localize the
eye region. In order to achieve this, we employ the Haar
cascade based object detector from Matlab [12], [13]. Once
the eye is localized, we segment the iris region using OSIRIS
v4.1 [14] owing to the robust performance of OSIRIS v4.1
even in the visible spectrum [15]. The segmented iris is
further normalized to a fixed dimension of 512 × 64 pixels
using Daugman’s rubber sheet model [16]. The features are
extracted on the normalized image using the K-means based
clustering. The obtained features are classified using Sparse
Representation Classification (SRC) inspired by its success in
biometric applications [15]. The obtained scores are used in
the decision subsystem to aprove a verification claim.

A. K-means Clustering and Feature Learning

K-means clustering is one of the well established unsuper-
vised learning technique, which is well adopted in fields such
as computer vision, object recognition among many others.
The classic K-means clustering algorithm finds centroids of

1http://biplab.unisa.it/MICHE/index.html
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Fig. 1: Proposed scheme for smartphone based iris recognition in the visible spectrum

the clusters such that the distance between data points and the
nearest centroid is minimal. The simplicity of the K-means
lies in the fact that the raw input from images (pixel intensity
values) can be used by themselves. A more sophisticated way
of achieving K means clustering is by employing cascaded
layers or multi-layers for learning. However the key advantage
of a K-means based approach is that it does not require hyper-
parameter tuning, except for the number of centroids (K),
unlike many other machine learning approaches. The K-means
algorithm is a popular choice for learning features due to
its speed and scalabitity. Motivated by these facts, we have
explored K-means clustering for robust feature extraction in
visible spectrum iris recognition for smartphones in the current
work.
The specific details of using K-means clustering to train a set
of filters are presented in this section. In order to train a set of
filters, using K-means clustering, we have employed 100, 000
random image patches of dimension 16 × 16 pixels obtained
from grayscale natural scenic images [17]. To mitigate the
effect of redundant variations (noise) in the image that might
effect feature learning, we normalize the image patches by
subtracting the mean intensities and dividing the standard
deviation. It is a common observation in natural images that
the variation of frequency is quite small which implies high
correlations between pixels in neighbourhood [17], [18]. These
correlations leave the trails even after the brightness and con-
trast normalization are performed by subtracting the mean and
dividing the standard deviation [18]. In order to overcome such
an undesirable effect, we employ what is known as ”whitening
or sphering” [18]. Thus the normalized and whitened data is

used to obtain the K-means centroids. These centroids can
be considered as the units of learned dictionary. Many such
centroids can be put together with a fixed length to form a
dictionary unit, in other terms to form a filter [18]. Such n
number of filters can be combined together to form a filter
bank.

In our current work, we employ K = 256 to obtain 256
filters. Each of the filter obtained in the filter bank is of di-
mension 16×16 pixels which are treated as independent filters
to extract the features. Thus, the features from images are
extracted using 256 filters learned using K-means clustering.

B. Feature Extraction from Iris Images

The normalized iris images of dimension 64 × 512 pix-
els are convolved with the filters in the obtained K −
means clustered filter bank. If the iris image is represented
by I and the K −means filter bank is represented by K,
the K −means clustered features can be denoted as :

R = I ∗K (1)

where ∗ represents the convolution operation. Considering 256
filters in our filter bank, we can refine the Equation 1 as:

Ri=1:256 = I ∗Ki=1:256 (2)

Each of the response image R is thresholded and binarized
based on the pixel value. For a pixel at position (x, y) in
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Fig. 2: Illustration of responses from filters at various encoding scales (a) Normalized iris image (b)-(j) Encoded response images
with encoding scale starting from 3 till 10.



the response image, the thresholded value is represented by
T (x, y).

T (x, y) =

{

1, if R(x, y) > 0

0, otherwise
(3)

Further, to reduce the computational overhead, we project
the response values to another feature domain. Each of the
binarized images T (x, y) are pooled in group of various orders.
In our current work, the pooling of the images are in groups of
3 to 10. Although, one can continue the pooling up to a larger
size, practical limitations of computational resources prevents
to use larger group size.

P (x, y) =
k

∑

j=1

Tj(x, y)× (2(k−1)); k = 3, 4,... 10 (4)

Figure 2 presents the sample response image for a normal-
ized iris and corresponding encoded images at various scales.
The histogram for the encoded images are obtained as the
final feature vector. Histogram of each image is concatenated
to form a final feature vector.

C. Feature Classification

The extracted features from the final concatenated his-
togram are used for verification by employing a Sparse
Representation Classification (SRC). The choice of us-
ing SRC is motivated by its success in biometric appli-
cations [19]. The distinct features obtained using K −
means filtering are further strengthened using SRC with
L1 − minimization via SPGL1 solver based on spectral
gradient projection [19]. The residual errors from the SRC
correspond to the comparison scores (genuine and imposter
scores) that are in turn used to compute the False Match Rate
(FMR) and False Non-Match Rate (FNMR). Based on the
obtained scores, a the verification claim of a particular subject
is either accepted or rejected.

III. EXPERIMENTS AND RESULTS

All the experimental results in this work are reported using
the Equal Error Rate (EER), which is a metric defined as a
point for which the False Match Rate (FMR) equals the False
Non-Match Rate (FNMR) [20]. Seven well known feature
extraction techniques predominantly used for iris recognition
[16], [21], [22], [23], [24], [25], [15] have been considered for
a comparitive benchmark in this work. The proposed technique
is compared against these feature extraction techniques. Many
of the mentioned techniques [21], [22], [23], [24], [25] are
evaluated using the open source code - University of Salzburg
Iris Toolkit v1.0 (USIT) [26].

In order to evaluate the applicability and robustness of
the proposed feature extraction scheme for smartphone based
visible spectrum iris recognition, we have considered the
publicly available smartphone iris database provided by BI-
PLab [27]. BIPLab [27] is a publicly available iris database
captured using iPhone 5 and Samsung Galaxy S4 in the
visible spectrum. The images are captured using both frontal
and rear camera in indoor and outdoor conditions. We have
employed a subset consisting of 50 unique iris instances
which is present in all acquisition conditions to maintain the

consistency in reporting the results. Thus, a total of 1600
(50 unique irisinstances × 8 conditions × 4 samples)
images are employed in the evaluation of the proposed scheme
for iris recognition.

Each unique iris instance is accompanied by 4 samples
leading us to adopt the leave-one-out approach. In this work,
we have divided the sample iris data in 1 : 3 ratio representing
the reference : probe with 1 sample as reference and 3 as
probe samples. The minimum score from three comparisons
is used as the comparison score for a pair of probe and
reference. The partition is continuously swapped to interchange
iris sample as reference and probe for different instances. The
partitioning of reference and probe is changed m times with
m = 10 under the leave-one-out cross-validation strategy. The
final results disclosed in this work are obtained by averaging
the results obtained from all 10 iterations. The results thus
represent the mean value of all the 10 different iterations.

Table I presents the results of the proposed feature extrac-
tion technique applied on the BIPLab database for encoding
level in the groups of 3 to 10 images. It can be observed
that the proposed technique performs well on all the different
datasets with different encoding levels.

IV. EXPLORING INFORMATION FUSION

Analyzing comparison scores using the encoded images at
various scales starting from 3 to 10 can yield a higher verifi-
cation performance. In order to obtain a higher performance,
we propose to employ various score level fusion schemes. The
genuine and imposter scores obtained by the employing sparse
reconstruction classifier (SRC) from various encoding scales
are used for the fusion process. The obtained comparison
scores are fused at the score level using the fusion rules as
described in the following subsections.

A. Min Score Fusion Rule

The first scheme corresponds to the minimum score fusion
approach, for which the genuine and the imposter score
for the computation of final score is chosen based on the
minimum rule criteria. If the genuine score from different
scale levels is given by Gl for the scales l = 3, 4, ...10 and
the imposter score is given by Il for the scales l = 3, 4, ...10,
the best values for genuine and imposter score is selected
according to the condition given below in 6.

Gl:sel = argmin
j=3:10

{Gj} (5)

Il:sel = argmin
j=3:10

{Ij} (6)

The obtained scores are used to compute the EER. Table II
presents the results from the mentioned min score fusion rule.

B. Max Score Fusion Rule

In the max score fusion scheme, the genuine and the
imposter score obtained from various encoding scale is chosen
based on the maximum rule criteria. If the genuine score
from different encoding scale level is given by Gl for the



TABLE I: EER (%) obtained using proposed feature extraction scheme using various encoding level.

Encoding Level

Samsung iPhone

Indoor Outdoor Indoor Outdoor

Rear Front Rear Front Rear Front Rear Front

3 4.16 4.14 2.19 6.40 8.33 3.87 10.41 4.16

4 3.98 4.01 2.08 7.95 6.69 1.8617 8.33 4.1888

5 4.16 2.57 2.08 6.27 6.25 1.97 9.92 4.1667

6 2.08 4.16 2.08 6.25 6.25 2.08 9.92 4.05

7 2.19 3.85 2.08 8.33 6.25 1.61 10.41 4.16

8 3.96 2.23 2.08 8.35 6.25 1.8839 10.03 3.7899

9 3.65 2.30 4.16 8.39 4.69 2.26 8.33 4.16

10 4.16 2.14 2.10 8.33 4.16 0.50 6.49 2.32

TABLE II: EER (%) obtained from score level fusion

Fusion Rule

Samsung iPhone

Indoor Outdoor Indoor Outdoor

Rear Front Rear Front Rear Front Rear Front

Min 2.13 2.46 2.08 8.33 6.25 2.19 8.24 3.72

Max 4.16 2.10 2.08 6.25 6.25 1.62 10.08 4.16

Weighted Fusion 1.79 1.97 1.48 5.25 3.92 0.31 6.18 1.99

scales l = 3, 4, ...10 and the imposter score is given by Il for
the scales l = 3, 4, ...10, the best values for both genuine and
imposter score is selected according to:

Gl:sel = argmax
j=3:10

{Gj} (7)

Il:sel = argmax
j=3:10

{Ij} (8)

EER is computed from the selected genuine and imposter
scores. Table II presents the results obtained from the max
score fusion rule. The superior performance can be observed
from the given table.

C. Weighted Scale Fusion

Apart from the two previously mentioned fusion schemes,
we also propose to use a weighted fusion scheme with dynamic
weighting of the genuine and imposter score obtained from

different encoding scales ranging from 3 to 10 such that the
sum over all weights equals to 1. The underlying rule for
computing the weights are inspired by the method proposed in
[28]. Figure 3 depicts the scheme for the weighted score level
fusion at various encoding scales. If the weights are given by
w = {w1, w2, ...w8} and the comparison scores from each
scale are given by Cl, then the fused verification score v can
be given as:

v =
8

∑

l=1

wn × Cl (9)

where

8
∑

n=1

wn = 1

The obtained scores from the weighted fusion can be seen
in the Table II. The obtained scores depict high and robust
performance of proposed scheme along with the weighted
scheme.

D. Proposed Scheme vs State-of-art Techniques

The proposed technique is also compared to other well
known state-of-art schemes and the results on the BIPlab
database [27] is presented in the Table III. It can be observed
that the proposed scheme has consistently out-performed all of
the state-of-art techniques. Figure 4 and Figure 5 present the
Detection Error Trade-off (DET) curves for images captured
using both Samsung and iPhone. It can be observed that the
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Fig. 3: Block diagram of weighted patch based fusion
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(a) DET curve for Samsung indoor images captured using rear camera
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(b) DET curve for Samsung indoor images captured using front camera
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(c) DET curve for Samsung outdoor images captured using rear camera
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(d) DET curve for Samsung outdoor images captured using front camera

Fig. 4: Plots of DET curves for Samsung images
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(a) DET curve for iPhone indoor images captured using rear camera
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(b) DET curve for iPhone indoor images captured using front camera
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(c) DET curve for iPhone outdoor images captured using rear camera
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Fig. 5: Plots of DET curves for iPhone images



TABLE III: EER (%) obtained for various schemes on BIPLab database [27] (* Scores obtained using USIT v1.0 [26]

Feature Encoding

Samsung iPhone

Indoor Outdoor Indoor Outdoor

Rear Front Rear Front Rear Front Rear Front

Daugman 6.16 8.399 10.52 12.45 8.35 3.74 6.78 10.41

Masek & Kovesi 17.26 18.83 20.83 21.22 13.90 17.01 21.86 24.01

Ma et al. * 18.68 17.10 20.63 20.60 12.84 17.01 22.01 29.98

Ko et al. * 14.68 14.06 18.05 17.70 11.29 14.58 18.11 21.78

Rathgeb & Uhl (a) * 25.68 21.13 24.39 27.30 20.83 21.05 27.43 28.12

Rathgeb & Uhl (b) * 33.17 30.43 26.04 31.09 26.31 26.84 26.76 30.39

LBP-SRC 4.18 4.23 6.29 8.11 0.48 2.07 7.82 8.57

Proposed Scheme 1.79 1.97 1.48 5.25 3.92 0.31 6.18 1.99

proposed scheme based on the weighted fusion approach has
performed consistently well in all scenarios as compared to
the well-known state-of-the-art techniques. An average gain
of around 2% in terms of EER is obtained using the proposed
technique.

V. CONCLUSIONS

This work has proposed a novel feature extraction tech-
nique based on the well known feature learning technique -
K−means clustering. The filterbank employed in this work
is trained using natural scenic images removing the necessity to
synthetically design the filters. Further, the response of images
on the filterbank is encoded in various scales ranging from 3
to 10 in a unique way to obtain robust features. These fea-
tures have provided very high verification performance when
used in conjunction with the sparse reconstruction classifier.
The proposed technique is evaluated on a publicly available
database obtained from BIPLab. A best EER of 0.51% is
obtained on the images acquired using the iPhone in indoor
illumination. The average gain of around 2% is reached in the
benchmark with state of art techniques. This work has also
explored different schemes for score level fusion to improve
the verification performance using the proposed technique.
All the proposed fusion schemes along with the proposed
technique have performed consistently well. Possible future
work expand the promising feature extraction scheme to iris
images acquired from different sensors in the visible spectrum.
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