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ABSTRACT

In this work, we study the possibility of indexing color iris images. In the proposed approach, a clustering scheme
on a training set of iris images is used to determine cluster centroids that capture the variations in chromaticity
of the iris texture. An input iris image is indexed by comparing its pixels against these centroids and determining
the dominant clusters - i.e., those clusters to which the majority of its pixels are assigned to. The cluster indices
serve as an index code for the input iris image and are used during the search process, when an input probe
has to be compared with a gallery of irides. Experiments using multiple color spaces convey the eﬃcacy of the
scheme on good quality images, with hit rates closes to 100% being achieved at low penetration rates.
Keywords: iris, classiﬁcation, clustering, K-means, color spaces

1. INTRODUCTION
Iris recognition refers to the process of recognizing individuals based on their iris pattern. The iris is the annular
region of the eye that is bounded by the pupil and the sclera. A typical iris recognition system captures frontal
images of the eye in the near-infrared (NIR) spectrum. However, recently, researchers have attempted to perform
iris recognition in the visible spectrum, in non-cooperative scenarios with relaxed constraints1–8 . Competitions
such as NICE I and II, have encouraged researchers to develop eﬀective algorithms for iris segmentation and
feature extraction in the visible spectrum.9 This increased attention in processing color (i.e., RGB) iris images has been driven by several factors: 1) An interest in performing iris recognition using the color camera
present in smart phones; 2) The advent of periocular biometrics, where color images of the periocular region
contain the iris also10–12 ; 3) Performing iris recognition from high-resolution RGB face images; 4) Performing
non-cooperative iris recognition at longer distances (4 to 8 m). Utilizing visible light can circumvent some of the
problems associated with NIR imaging that requires the LEDs to be in close proximity to the ocular region; 5)
The use of multispectral imagery (NIR + Visible) has been shown to improve iris recognition accuracy due to
the availability of additional information13 .
In spite of the aforementioned motivations, iris recognition in the visible spectrum is not an easy task. Darkcolored irides are less easily discerned in the visible spectrum due to the absorption characteristics of melanin.
Further, specular reﬂections can occlude portions of the iris and confound the segmentation process. Notwithstanding these concerns, iris recognition in the visible spectrum is an area of active research.
This work focuses on designing a scheme for classifying color iris patterns into multiple categories based on

Figure 1. An ocular RGB image showing the iris and surrounding structures.

their inherent chromaticity and texture. Diﬀerent color schemes are investigated to ﬁnd the most suitable color
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space that can characterize the irides. Such an exercise has several beneﬁts. Firstly, it provides an insight into
the variations in color and texture across diﬀerent irides in multiple color spaces. Secondly, in the context of
identiﬁcation - where an input probe image has to be compared against a database of labeled irides in order to
locate a match - iris classiﬁcation can help reduce the search space thereby improving the response time of the
identiﬁcation system.
Our proposed method of classiﬁcation clusters all the iris pixels in an image based on their intensity values
to reduce the number of colors, and then computes the dominant colors in the image. A dominant color is the
color associated with the highest number of pixels in the image. Furthermore, the algorithm considers solely
the chromaticity components of multiple color representation schemes for performance comparison. The study
is conducted on an agglomeration of images from three datasets, collected with diﬀerent cameras, resolutions,
and illuminations, thereby exhibiting large variations in colors and shades, in order to assess its applicability to
heterogeneous data sets. The experiments reported in this paper do not deal with periocular data or images of
the eye from high resolution face images. However, we intend to conduct such experiments in the future.
Related Work: Existing color iris indexing schemes are color-based, texture-based or a combination of
the two. Puhan and Sudha14 propose two color indices calculated using the chrominance components Cb and
Cr in the Y Cb Cr color space for iris classiﬁcation. Zhang et al.15 use a texton-based method for classifying
color irides. Color features from three color spaces, RGB, HSI and L∗ a∗ b, are used to deﬁne the texton. Sam
Sunder and Ross16 use color and texture features extracted from the inner half iris region of the normalized
iris for classiﬁcation. Jayaraman et al.17 search the iris database using two color indices calculated using the
chrominance components Cb and Cr of the Y Cb Cr color space, and the candidate list is further narrowed using
Speeded Up Robust Features (SURF) to only retrieve those iris images with maximum corresponding points.
The problem of classifying color irides is confounded by two primary factors: (a) the chromaticity of the
iris image is impacted by the nature of the illuminant used, the photometric characteristics of the camera and
the spatial resolution of the image; and (b) most irides are multichromatic and, therefore, a single color cannot
adequately represent it. Figure 2 provides an overview of the proposed method that will be discussed below. The
rest of the article is organized as follows: Section 2 presents the clustering and classiﬁcation algorithm, Section
3 describes the datasets used, and Section 4 discusses the results.

Figure 2. Determining dominant colors in an iris image.

2. CLUSTERING AND INDEXING
A color model is an abstract mathematical model to represent colors, usually as a combination of three numbers,
or three components. Example of color models are RGB and CM Y K. The RGB is an additive color model in
which the primary colors red, green, and blue are added together in various proportions to create a broad array
of colors. The combination of the primary colors in equal intensities results in the white color. The CM Y K is
a subtractive color model in which the large variety of colors are obtained by subtracting from the white color
the primary colors of pigment yellow, cyan, magenta and black. A color space is a speciﬁc organization of colors.
Example of color spaces are L∗ a∗ b, HSV , Y Cb Cr , HSI, etc. In L∗ a∗ b color space, the entire gamut of colors
is represented by three parameters, namely, the luminance L with values that range from 0 to 100, and the
chromaticity components ∗ a and ∗ b. Along the ∗ a component the colors vary between magenta (positive ∗ a) and
green (negative ∗ a). Along the ∗ b component the colors vary between blue (positive ∗ b) and yellow (negative
∗
b). Compared to other color spaces, L∗ a∗ b is perceptually linear, meaning that for a change in color there is an
equivalent important change in visual perception of the color. In HSI color space, parameters are the intensity
I, chromaticity hue H and saturation S. HSI approximates the way in which humans perceive and interpret
2
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colors. It is easy to manipulate colors in the HSI color space since it uses a double hexcone with the highest
value of I = 1 (white) and the lowest value I = 0 (black). The hue is the angle around the vertical axis (I) with
the color red located at 0 degrees. The complementary colors are 180 degrees apart on the hexcone. Saturation
is represented by the distance from the vertical axis I to the hexcone surface. It varies from 0 to 1, and signiﬁes
the purity of the color. Another popular color space is Y Cb Cr used mostly in image and video compression.
The luminance Y is separated from chroma blue Cb and chroma red Cr. This color space is based on the idea
that the human eye is more sensitive to luminance than colors. Therefore, the chromaticity is encoded using
fewer bits through a sub-sampling process that results in various Y Cb Cr formats. Figure 3 visualizes an iris
when various color spaces are used. Our proposed indexing method partitions the color pixels pertaining to the

(a)

(b)

(c)

(d)

Figure 3. Normalized iris in various color spaces: (a) RGB. (b) HSI. (c) Y Cb Cr . (d) L∗ a∗ b
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Figure 4. Classified iris images using 5 clusters and 2 dominant colors, combined collections, ∗ a∗ b components. (a) Clusters
1,4. (b) Clusters 2,5. (c) Clusters 3,4 (d) Clusters 4,3. (e) Clusters 5,2. First row, unwrapped and labeled iris pixels.
Second row, histogram - number of pixels per cluster.
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iris region in clusters based on their intensity value. K-means algorithm is chosen to partition the pixels into
clusters. Compared with other clustering methods, such as hierarchical clustering, K-means creates a single level
of clusters, therefore being suitable for fast indexing and retrieval from the database. Euclidean distance was
used to minimize the sum of point-to-centroid distances. The output depends on the selection of starting points
and the number of iterations. In the search for the global minima, the clustering may be replicated multiple
times with diﬀerent initial values of the cluster centroids with the best solution chosen in the end. K-means is
sensible to outliers, therefore an initial outlier removal process may improve the stability of the learned centroids.
Our proposed method has three steps:
Training. In this step the cluster centers that correspond to the color information of the iris region are found.
Given M images Im×p×3 , and k clusters, the RGB images are converted to L∗ a∗ b, Y Cb Cr or HSI color scheme.
The input of the K-means algorithm is a feature vector that gathers information from all M images, with rows
corresponding to each pixel data and columns corresponding to the three components of the converted image.
The output of the algorithm comprises k mutually exclusive clusters, the color dataset C = {ci |i = 1 · · · k} that
represents the iris color information and forms the index space. Experiments are conducted with 5, 10, 15, 20
and 25 clusters.
Testing. a) Gallery indexing: After learning the clusters, each pixel in a gallery image is assigned a color
cluster index based on its proximity to the cluster centers using a minimum distance rule, see Figure 4. Assign
pixel (x, y) to cluster ck if k = arg min{L2 (I(x, y), cei ), i ∈ [1, k]}, where cei is the centroid of cluster ci and
L2 is the Euclidean distance. The output is a labeled image Il = {I(x, y) = ci |x ∈ [1, m], y ∈ [1, p], ci ∈ C}.
Further,
∑ the histogram of the labeled image Il is found, resulting in a vector n = {n1 , n2 , · · · nk } , where
ni =
occurrence(ci ) within the labeled image, see Figure 4. The dominant colors are represented by the
cluster indices with the highest number of occurrences. Denote the index string of an image as SI = {cj |cj ∈
C, j ∈ [1, N ], nj ∈ n, nj ≥ nj+1 } where k is the number of clusters, and N ∈ {2, 3, 4} is the number of dominant
colors considered and C is the color or cluster dataset. According to N , the template size, the length of the index
string is reduced to 2, 3 or 4 integer values. Therefore, the classiﬁcation scheme consists of creating C tables, one
table for each cluster (dominant color). The table corresponding to a cluster contains the identiﬁcation numbers
of those irides that are associated with that dominant color or cluster from the index string.
b) Searching based on Probe: Similar to the indexing procedure applied to gallery images, each pixel of the
probe image is assigned a color cluster, the number of occurrences of each cluster is calculated and the indices
(clusters with the highest occurrences) are associated with the probe image. These indices are used to determine
a match. Speciﬁcally, only those gallery identities in the tables corresponding to the dominant colors of the
probe image are retrieved and compared against the probe images.
Figure 6 shows the distribution of the ﬁrst two dominant clusters for one of the probes and all the gallery images,
when chromaticity components of the L∗ a∗ b color space are used, with 5 clusters. As observed, the distribution
of the dominant colors is almost the same.
The performance of the algorithm depends on the number of training samples and the diversity of the eye
colors. Diverse eye colors results in clusters with a larger distance between the centroids. Larger distances
between centroids allows for a larger variance of the colors within the clusters, Figure 5. It is also important how
the irides are distributed across the clusters. A reasonably equal distribution of irides across clusters denotes a
good classiﬁcation scheme. However, it is likely that some clusters may be unique and host only a few identities
due to the rarity of the chromaticity. It may also happen that some irides will be represented by fewer dominant
colors. This shows that besides the diversity in chromaticity of eyes, irides greatly diﬀer in the number of colors
and shades observed on their surface (e.g., 5 clusters used for classiﬁcation but only 2 color clusters observed on
the iris surface).

3. IRIS DATABASES
In our work we used three color iris datasets:
1) UPOL dataset18 , displayed in Figure 7 (a). The database contains 384 high resolution RGB frontal iris
images, collected from 64 subjects with 3 images/eye/subject. The images are 24-bit depth with a size of 576 x
768 pixels in PNG ﬁle format. The images were obtained using a TOPCON TRC50IA optical device connected
to a SONY DXC-950P 3CCD camera.
2) UBIRIS.v1 dataset19 , displayed in Figure 7 (c). The database contains 1877 high resolution frontal iris
4
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Figure 5. The distribution of the centroids for dark colored irides subset (red) vs. the entire dataset (blue) when chromaticity ∗ a∗ b is considered. (a) k = 10. (b) k = 15
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Figure 6. The distribution of the dominant colors (∗ a∗ b components, 5 clusters, 2 dominant colors) on the combined
dataset. (a) Gallery. (b) Probe.

images, collected from 241 subjects with 4 images/right eye/subject. The images are 24-bit depth with a size of
800 x 600 in JPEG format and are collected using a Nikon E5700 camera.
3) MS WVU dataset20 , displayed in Figure 7 (b). The database contains 496 frontal iris images, collected from
31 subjects, with 4 images/eye/subject. The images are of size 1035 x 1373 x 3, BMP format and are collected
using a DuncanTech MS 3100 multispectral camera. The R, G,and B components are extracted from the color
near-infrared images using a demosaicing algorithm applied to the Bayer pattern.
The proposed algorithm is evaluated on each individual dataset, as well as on images from all three datasets
combined into a single larger dataset, in order to assess its applicability to heterogeneous datasets. Since images in
these datasets are captured using cameras with diﬀerent photometric characteristics, merging the three datasets
results in a database exhibiting a higher variation in colors and shades. Across these three collections, iris images
are captured in diﬀerent illumination conditions, and have diﬀerent capture resolutions. Further, the UBIRIS
database exhibits several noise factors related to reﬂections, luminosity, contrast, and focus.
Iris regions in the UPOL and UBIRIS datasets are manually segmented. Iris regions from the MS WVU
dataset are segmented using a modiﬁed version of the algorithm discussed by Crihalmeanu and Ross20 . After
segmentation, each iris is geometrically normalized to a 64 x 360 radial and angular resolution by a process
termed as unwrapping1 .
The classiﬁcation algorithm is applied to multiple color spaces, viz., RGB, L∗ a∗ b, HSI and Y Cb Cr . Table 1
presents the training and testing datasets used for the three protocols. In protocol #1, the training set contains
all the left eye images (L) from UPOL and MS WVU datasets and half of the right eyes of UBIRIS v1 dataset
5
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Figure 7. Example of iris images. (a) MSWVU collection. (b) UBIRIS collection.(c) UPOL collection.

(henceforth referred as UB1) and is used to ﬁnd the clusters and the corresponding centroids, while the test set
contains the right eyes (R) from UPOL and MS WVU datasets and the other half of the right eyes of UBIRIS v1
dataset (henceforth referred as UB2 ∗ ). For each eye in the test set, the ﬁrst image is used as the gallery and the
second, third and fourth images are used as probes. In protocol #2, the training set contains the right eyes (R)
from UPOL and MS WVU datasets and half of the right eyes of UBIRIS v1 dataset (UB2), while the test set
contains the left eyes (L) from UPOL and MS WVU datasets and the other half of the right eyes of UBIRIS v1
dataset (UB1). In both protocols, #1 and #2, it is very likely that the dominant color centroids in the training
set capture the color distribution of the test set, based on the reasonably similar chromatic composition of both
eyes. To avoid this bias, we consider a third protocol, where, the left eye image dataset (L) of each collection
in the database is further divided in two equal subsets, labeled L1 and L2, and the right eye image dataset (R)
of all collections in the database is similarly divided in two equal subsets, R1 and R2. We further consider four
cross-validation scenarios as seen in Table 1.
Table 1. The use of left and right eye datasets by protocol #
Dataset Protocol #1 Protocol #2
Protocol #3
Training
L
R
L1
L2 R1 R2
Testing
R
L
R2 R1 L2
L1

4. RESULTS
The performance of the iris indexing algorithm is assessed using the hit and penetration rates14,21 . In our case,
the hit rate is deﬁned as the probability that the correct cluster or dominant color is retrieved. The penetration
rate is deﬁned as the fraction of the identities retrieved from the database when a probe is submitted. A high
value of the hit rate and a low value of the penetration rate indicate a good indexing method. The results obtained
are categorized based on color schemes, number of dominant colors used and number of clusters generated, and
presented in Tables 2 and 3. Results suggest that the proposed scheme results in very high hit rates and very
low penetration rates. In protocol #3, the performance is slightly lower compared with the ﬁrst two protocols
when the entire set of left or right eye images are used to ﬁnd the clusters. This is explained by the similar
chromatic composition in both eyes as mentioned in Section 2, where the dominant color centroids in the training
set capture the color distribution of the test set. This underscores the importance of the training set, the number
of training samples used and the diversity of color composition. Overall, according to the color scheme used,
the hit rate either remains constant or slightly decreases by 1% to 3% when the number of clusters is increased
and it is slightly higher by 1% to 2% when the number of dominant colors is increased. An analysis of the
results on the combined dataset for diﬀerent values of N and k, as displayed in Figure 8, shows that the hit rate
∗

Subjects in UB1 and UB2 are mutually exclusive
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is in the interval between 96.5% and 100% with a majority of the instances higher than 99.6%. As presented
in Figure 8, the performances of HSI, and Y Cb Cr are lower when compared with the performances of L∗ a∗ b,
∗ ∗
a b, HS, and Cb Cr . Overall, we recommend using L∗ a∗ b, ∗ a∗ b, HS, and Cb Cr for improved performance.
The best performances are obtained with 2 dominant colors and 25 clusters. As observed in Tables 2 and 3,
the penetration rate increases with the number of dominant colors. However, for the same number of dominant
colors, the penetration rate rapidly decreases as the number of clusters is increased from 5 to 25. The penetration
rate observed across the color schemes, regardless of the number of colors or the number of clusters, is presented
in Figure 9. Most of the rates are between 10% and 30%. The lowest values for the penetration rate are obtained
when a higher number of clusters (20,25) is used. The best results when considering both the hit and penetration
rates are obtained when using L∗ a∗ b color scheme, or ∗ a∗ b or Cb Cr chromaticity components corresponding to
25 clusters and 2 dominant colors.
To verify the robustness of the classiﬁcation scheme to noisy images, two experiments were conducted.
Table 2. Hit rate (H) and penetration rate (P) for the combined dataset when K clusters are used.
L ∗a ∗b
∗a ∗b
HSI
HS
K
H(%)
P(%)
H(%)
P(%)
H(%)
P(%)
H(%)
P(%)
Two Dominant Colors
5
99.6-100 44.5-53.8 99.3-100 41.6-49.2 99.6-100 42.1-67.2 98.9-100 46.7-53.1
15
98.6-100 16.7-22.6 98.9-99.6 16.6-20.9 99.3-100
17.9-23
98.6-100 17.1-29.6
25
98.6-100 10.9-13.9 97.9-99.3 10.1-14.2 97.2-99.6 11.9-14.4 98.6-99.5 11.5-14.4
Three Dominant Colors
5
100
62.8-68.4
100
62.7-71
100
61-76.9
100
67.7-72.2
15
98.9-100
23.6-30
100
24.5-28.5 99.3-100
26-29.3
99.6-100 25.9-40.4
25
99.6-100 15.2-19.3 98.9-100
15.2-19
98.9-100 16.7-19.8 98.9-100 16.4-19.9
Four Dominant Colors
5
100
75.4-82.8
100
80.6-83.7
100
78.1-89.3
100
84.6-88.4
15
100
30.6-35.7
100
33.1-37.2
100
34.2-37
100
36.1-49.9
25
99.6-100 19.2-23.7
100
20.2-24.3 98.9-100 21.5-24.8 99.6-100
21.4-25

Table 3. Hit rate (H) and penetration rate (P) for the combined dataset when K clusters are used.
RGB
YCbCr
CbCr
K
H(%)
P(%)
H(%)
P(%)
H(%)
P(%)
Two Dominant Colors
5
99.3-100 49.4-53.7 99.3-100 45.7-53.4
100
48.8-52.8
15
98.6-100
18-22.1
98.2-100
18-23.3
98.9-100 17.6-20.9
25
97.2-99.3 11.6-15.8 96.5-99.6 11.7-14.6 97.9-99.6 10.7-15.2
Three Dominant Colors
5
100
69.1-71.5
100
68.7-70.5
100
62.8-66.2
15
98.9-100 26.1-30.7 98.9-100 26.8-30.5
100
25.2-28.6
25
98.9-100 16.4-21.5 98.9-100 17.1-21.1 99.6-100 15.4-19.9
Four Dominant Colors
5
100
80-85.4
100
80.3-85.5
100
80-81.9
15
99.3-100 33.5-37.3 99.3-100 32.8-37.6
100
32.3-37.7
25
98.9-100 21.1-26.8 99.3-100 21.5-25.5
100
20-24.5

In the ﬁrst experiment, multiplicative noise was added to each R, G, B channel of the probe images, after
normalization process. Further, the images were converted to HSI, Y Cb Cr and L∗ a∗ b color schemes and the
classiﬁcation performance was evaluated. Given an input image Iin , the noisy image is obtained as follows:
Iout = Iin + n × Iin where n is a uniform distribution with mean 0 and variance v. The investigation is conducted
for left eyes, using multiple values of variance v ∈ {0.01, 0.02, 0.03, 0.04} for all the scenarios mentioned in Table
7
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Figure 8. Hit rate distribution across color schemes. The results obtained for 2, 3 or 4 dominant colors and 5 to 25 clusters
are pooled together.

Figure 9. Penetration rate distribution across color schemes. The results obtained for 2, 3 or 4 dominant colors and 5 to
25 clusters are pooled together.

1, for 2, 3 and 4 dominant colors. In the second experiment, “salt and pepper noise” is added to the R, G, B
components of the probe images, with various noise densities sp ∈ {0.04, 0.05, 0.07, 0.1, 0.15}. Results for both
experiments are presented in Table 4 and Table 5. Although the values of hit rate slightly decrease, the results
demonstrate the robustness of the method to the added noise types.
In order to understand why some color spaces perform better than others, it is necessary to look at their
structure. RGB is an additive color model that was designed to match an intuitive human perception of the
colors. A vast array of colors is obtained by adding in various proportions red, green and blue light. It is
device-dependent, meaning that a set of R, G, and B values do not deﬁne the same color across devices, and
hence manufacturers, without considering the usage of color management. The information in all three channels
is correlated. Compared with RGB, L∗ a∗ b22 is a device-independent color space (obtained from XY Z). This
explains the better performance compared with RGB (the three datasets mixed together are collected with
diﬀerent cameras). Moreover, L∗ a∗ b’s gamut exceeds that of the RGB model, since it includes all perceivable
colors. Luminance L is separated from the chrominance ∗ a (red-green) and ∗ b (blue-yellow) components. Using
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Table 4. The hit rate and the penetration rate when multiplicative noise is added to the R, G, B channels of the probe
image.
v = 0.01
v = 0.02
v = 0.03
v = 0.04
K H(%) P(%) H(%) P(%) H(%) P(%) H(%) P(%)
2 dominant colors
5
99.65 53.00 99.65 51.66 99.65 51.10 99.65 50.58
15 97.54 20.91 94.89 20.74 92.25 20.67 90.14 20.74
25 97.18 16.78 95.25 16.91 88.73 16.67 80.99 16.12
3 dominant colors
5
100
71.66
100
71.72
100
71.34
100
71.51
15 99.30 28.15 98.94 27.27 98.59 26.54 98.24 25.89
25 99.65 20.33 98.77 19.74 98.42 19.35 95.42 19.01
4 dominant colors
5
100
86.92
100
86.96
100
86.68
100
86.44
15
100
35.66
100
34.82
100
33.70
100
32.54
25
100
24.49 99.65 23.81 99.65 23.13 94.37 22.19
Table 5. The hit rate and the penetration rate when “salt and pepper” noise is added to the R, G, B channels of the
probe image.
k
sp = 0.05
sp = 0.07
sp = 0.1
sp = 0.15
H(%) P(%) H(%) P(%) H(%) P(%) H(%) P(%)
2 dominant colors
5
99.65 52.74 99.65 52.46 99.65 51.61 99.65 50.15
15 97.71 21.08 97.71 20.97 97.71 20.80 96.65 19.76
25 97.89 16.28 97.89 16.29 97.71 16.23 96.48 15.89
3 dominant colors
5
100
71.08
100
70.89
100
70.64
100
70.35
15 99.30 28.36 99.30 28.13 99.30 27.54 99.12 25.54
25 99.82 20.41 99.65 20.37 99.65 20.09 98.94 18.49
4 dominant colors
5
100
87.96
100
88.27
100
88.25
100
88.33
15
100
35.71
100
35.19
100
34.17
100
31.90
25 99.82 24.87 99.82 24.79 99.82
24
99.82 21.60

only the chrominance components of the color schemes (∗ a∗ b or HS or Cb Cr ) further improves the results since
the variation in illumination is largely reduced. All these attributes explain the performance and suggest the use
of L∗ a∗ b for classiﬁcation. Another color scheme studied in this work is Y Cb Cr . Y component represents the
intensity of the light and Cb and Cr components specify the intensities of the blue and red components relative
to the green component. It is based on the human perception of luminance and chrominance. Speciﬁcally the
human eye is more sensitive to changes in luminance and less sensitive to changes in chrominance. Hence when
converting to Y Cb Cr less bits are allocated to chrominance than to luminance, favoring the use of this color
scheme in computing (compression and encoding). The fourth color space used for classiﬁcation is HSI (hue,
saturation,intensity)23 . Humans tend to describe a color by its hue, the pure color (ex. red or orange etc.).
Saturation is a measure of the degree of dilution of the pure color with white. Therefore HSI is practical
for human interpretation of colors. Intensity is decoupled from the hue and saturation that carry the chromatic
information. Both Y Cb Cr and HSI are device-dependent. An insight into each one of these color spaces suggests
that the color schemes in which the luminance, brightness or light intensity is separated from the chrominance, so
that only the chrominance is used for classiﬁcation, will perform the best. Being device-independent is another
attribute that results in better performance on heterogenous datasets.

5. CONCLUSIONS
In this work we explored the possibility of using the dominant colors in the iris region to classify RGB eye images.
The proposed method is fast and reliable with hit rates in the interval 96.5% and 100% and penetration rates in
9
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the interval 10% and 30%. The best results based on both the hit and penetration rates are obtained when using
L∗ a∗ b color scheme, or ∗ a∗ b and Cb Cr chromaticity components, for 25 clusters and 2 dominant colors. The
results suggest further investigation into the spatial distribution of the colors within the iris region to classify
irides.
In the future, we plan to apply the classiﬁcation algorithm to a larger dataset acquired with diﬀerent photo
cameras, with the same subjects across cameras, and with images of the eye re-scaled at diﬀerent sizes.
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