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Abstract. The iris segmentation step is usually the most time consum-
ing stage of biometric systems when dealing with non ideal conditions,
which produce diverse noise factors during the acquisition. On the other
side, it also represents a crucial step since poor removal of noise leads
to degradation of recognition performance. In this work, a lightweight
fuzzy-based solution has been explored. The goal is to propose a fast but
reliable segmentation approach which preserves the original resolution of
the iris images. The preliminary results obtained on a subset of MICHE
dataset, confirmed both acceptable performance in terms of time con-
sumption and good quality of segmentation mask suitable for matching
purposes.
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1 Introduction

The recognition rate achieved by any biometric method has been widely accepted
as the reference metric to evaluate the performance of the proposed system.
However, the matching phase between biometric templates represents the final
stage of all biometric processing pipeline, whatever its complexity. On the oppo-
site side, the segmentation covers a significant initial set of operations useful to
extract the biometric features and the related template. Segmentation is a very
critical part in iris recognition systems, since errors in this initial stage are prop-
agated to subsequent processing of the pipeline [17], thus affecting the overall
performance of the proposed approach. In very controlled conditions, occlusions
by eyelids/eyelashes and environmental noise like reflections and refractions on
iris surface are quite limited. As a consequence, the constraints of the segmenta-
tion algorithm are negligible. When approaching at the problem of uncontrolled
or non-cooperative users, the factors affecting the acquired trait can sensibly
degrade the quality of the acquisition and, consequently, its suitability to the
purpose of biometric identification [5]. Images may also suffer from motion blur,
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camera diffusion, head rotation, gaze direction, camera angle, and problems due
to contraction and dilation [33]. Removing the portions affected by these factors
while preserving sufficient features for a reliable matching process is particu-
larly challenging. Iris segmentation is a very active field of research with lots of
approaches and techniques [7,19–21], even though less explored than iris recog-
nition. One of the first categories of techniques of iris segmentation relied on
the geometrical appearance of the iris, consisting of two quasi-concentric circles;
such group of techniques exploited this information to approximate two circum-
ferences [11,12,32], or two ellipses [14], in order to isolate the region of inter-
est. Besides the geometrical information, other methods exploited the texture
appearance and the local characteristics to segment the iris [28]. Another tech-
nique, often used in segmentation tasks, is based on the evolution of the active
contours, or snakes: this class of algorithms iteratively adapts the segmented
shape to the edges of the image [18,30,31]. Deep learning, which is a promis-
ing new algorithmic solution for several open problems, has been revealed to
be effective for image segmentation [10,23] while the circular integro-differential
operator by Daugman [13] was a pioneer of this kind of study. Among these
two (chronologically opposite) approaches there is a wide and diverse collec-
tion of solutions aimed at preserving significant pixels from images containing
a biometric trait. Most of them, however, quite often work on a strong down-
sampled resolution of the original image to meet the requirements of (near)
real-time processing. In this work, we explored a solution based on fuzzy logic
to the problem of segmenting iris images acquired in uncontrolled conditions.
The goal is that of achieving a fast but reliable segmentation without sacrificing
the resolution (two requirements which are in contrast to each other). In the
following sections, a clear description of the proposed method is provided, sup-
ported by preliminary results that highlight the potentials and the refinements
still needed. In particular, Sect. 2 describes the tools and algorithm involved in
the design of the solution. Particular attention is given to the localisation and
to decomposition of the iris in the acquired image and at the implementation
of the fuzzy controller used to automatically annotate “good” clusters of pixels.
Section 3 presents the first results obtained and Sect. 4 draws conclusions and
future improvements of the proposal.

2 The Proposed Algorithm

The process of segmenting the iris starts with the detection and extraction of the
iris from the image of a whole human eye. The detection is a simple localisation
of the circles in the images representing the iris and pupils. Several, and some-
times sophisticated, approaches to iris localisation in literature involve complex
formulas but also require high processing power. The proposed method aims at
reducing the computational demand so that it could be credibly implemented on
limited processing platforms, including mobile devices. The key is that of using
a lightweight processing for iris localisation to have a rough approximation of
the significant area of the image where iris features can be found. Once such
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Fig. 1. The processing pipeline of the proposed method for iris location and segmenta-
tion. After locating the iris in the image by the Hough transformation, the normalised
iris is processed by SLIC clustering to decompose the images in smaller uniform regions.
On each regions the value of skewness, kurtosis and entropy are computed and used as
input of a fuzzy controller. This one, according to the implemented membership func-
tions, labels iris features separating significant areas from noisy ones. The final stage is
a graph-based representation of the iris that discards areas of iris surface which might
degrade the performance of biometric recognition methods.

an information is extracted (a normalised representation of iris pixels), a lattice
structure is built above the pixels and adapted to clusters obtained by running
SLIC clustering [4] on them. On each cluster, the triad SKE (Skewness, Kurtosis
and Entropy) is computed considering all pixels in it. The selection of noisy areas
is automatically performed by the fuzzy controller. The defuzzification applied
to clusters of pixels allows to discard the regions in the normalised iris, which are
affected by noise and which could impact on recognition performance. By remov-
ing disturbing factors like light spots, reflections of eyelashes, portion of sclera
and so on, the final result is a representation of the iris where only significant
pixels for a reliable iris matching are preserved. A graph-based representation of
the clusters and their relationships is obtained. Vertices represent the centroids
of the clusters and edges are preserved among all pairs of centroids if they are
similar regions according to the SKE values. A schematic view of the processing
pipeline is shown in Fig. 1. Details of the method are provided in the following
subsections.

2.1 Iris Detection and Decomposition

The existing iris detection and segmentation algorithms need much time to
extract the region of interest from the input image. Many of them are really
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effective, capable of segmenting the iris region with a high level of precision,
so excluding eyelids, eyelashes and all those elements that degrade the qual-
ity of the area [16]. The accomplishment of such tasks, unfortunately, needs a
high computing time, so making them unsuitable for both real-time and on-
the-move purposes. Therefore, we preferred exploiting a more rough approach
needing lower computing time, rather than using one more precise but heavier
in terms of time consumption: the Hough transform method for the detection of
circles into an image suited our needs. Once the circles surrounding the iris and
the pupil are found, the normalised representation is built and SLIC clustering
performed on it (see Fig. 2).

Fig. 2. From left to right, the iris detection process achieved by Hough. The first image
shows the image to be processed. The method looks for circles in the image, in order
to correctly detect the region of interest related to the iris (middle). The rightmost
images show the polarised and normalised iris together with the SLIC decomposition.

SLIC is a simple and efficient method that aims at decomposing an image
in a fixed number of region, according to their inner homogeneity. It starts
by dividing the entire image into M tiles (hereafter called superpixels), each
containing about the same number of pixels. For each superpixel, the centroid
C is computed. SLIC adjusts iteratively both the size and the shape of the
superpixels, by following three simple steps:

– K-means clustering is executed over Ci, the centroid of the superpixel Si; this
operation is done for I = 1, . . . ,M ;

– For each of the regions generated, new centroids are computed;
– The superpixel is no longer expanded when the residual error of the

Manhattan distance on new and previously-computed centroids is less than
a threshold.

2.2 The SKE Values

Texture quality assessment of human irises has always been one of the most
challenging practises in the biometric field [9,24] The assessment policies here
adopted exploit three measurements, each one describing a different aspect of the
human iris texture: Skewness, Kurtosis and Entropy, the SKE triad. The effec-
tiveness of skewness and kurtosis in analysing the quality of an image, have been
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extensively demonstrated through the years, especially for segmenting purposes
[1–3,15]. All three measurements get a float number that can vary in different
range of values. The Skewness measures the asymmetry of the probability dis-
tribution and it is centred in zero (Fig. 3). It can be greater or smaller than its
centre according to the following rules:

1. Skewness > 0: right skewed distribution - most values are concentrated on
left of the mean, with extreme values to the right.

2. Skewness < 0: left skewed distribution - most values are concentrated on
the right of the mean, with extreme values to the left.

3. Skewness = 0: mean = median, the distribution is symmetrical around the
mean.

In a similar way to the concept of skewness, kurtosis is a descriptor of the
shape of a probability distribution. More specifically, it represents the degree of
peakedness of a distribution or, in alternative way, it is a measure of the tailed-
ness of the probability distribution (see Fig. 5). The kurtosis is defined as the
fourth standardized moment of a variable and it values 3 when the distribution
is normal. To centre it in zero, often the excess kurtosis is used, which is the

Fig. 3. The interpretation of skewness. The image on the left shows a negative skewed
curve and how the values of x and x′ changes with respect to the normal distribution.
On the right the positively skewed distribution. Picture is from [34].

Fig. 4. A visual perception of how the superpixels are classified as good or bad.
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kurtosis value minus 3 [22]. According to its value, the excess kurtosis of a curve
defines tree different entities:

1. mesokurtic: zero kurtosis of the normal distribution,
2. platykurtic: kurtosis < 0, the levels of frequency in the distribution are close

to be equal. It indicates a relatively flat curve.
3. leptokurtic: kurtosis > 0, high frequencies are concentrated in a small por-

tion of the distribution. It indicates a relatively peaked curve.

Fig. 5. The interpretation of kurtosis. The image on the left shows a leptokurtic curve
(dotted line) and how the values of x and x′ changes with respect to the normal
distribution. On the right the platykurtic curve (positive kurtosis). Picture is from
[34].

Finally, the entropy, even though considered a statistical measure capable of
indicating the randomness of a variable, it is demonstrated to be very useful in
the computer vision for the evaluation of the smoothness of the region of an image
[6,29]. The entropy h of a grayscale image is given by

∑n
i=1 pi × log2pi, where

pi is the probability of the occurrence of the gray level i (for i = 0, . . . , 255).
It is bounded from above by 8, which indicates that all gray levels has the
same probability. This property has been revealed particularly useful to detect
light spots on iris surface which are characterised by a high levels of entropy.
Figure 4 shows some examples of combinations of SKE values that discriminate
good superpixels from bad ones.

2.3 The Fuzzy Rules

Fuzzy theory has been widely explored in the literature to the problem of image
processing, and particularly studied was the segmentation by it in the past [27].
In biometrics, fuzzy logic has been mostly used as an approach to template
matching and encryption while only few research studies focus on segmentation.
In this work, a simple Mamdani fuzzy controller [25] has been built. It consists of
twelve fuzzy rules, defined by observing the behaviour of skewness, kurtosis and
entropy when detected among clusters of pixels of a training set of iris images.
These rules are listed in Table 1. Each SKE triad is marked as good or bad
based on the possible combinations of values assigned to each indicator (i.e.,
skewness, kurtosis and entropy) separately. The Fig. 6 shows the relationships
between pairs of SKE values which define the output of the controller on each
cluster of pixels.
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Table 1. The fuzzy rules used to discriminate among good and bad clusters of pixels.

# 1 2 3 4 5 6 7 8 9 10 11 12

Skewness Low High High Low Medium Medium Medium Low Low High High High

Kurtosis Low High Low Low High Low Low High High Low High Low

Entropy Low High High High Low High Low Low High Low Low Low

Output Good Bad Bad Bad Bad Bad Good Bad Bad Bad Bad Bad

Fig. 6. The three-dimensional curves that represent the mapping from pairs of SKE
values to the quality of the cluster

3 Preliminary Results

In order to evaluate the proposed method, a subset of images from MICHE
dataset [26] was used; it can be downloaded from the BIPLab site biplab.unisa.it.
It consists of 90 subjects whose images have been acquired under different light
condition, in both outdoor and indoor environment and by using two differ-
ent mobile devices, an iPhone5 and a Galaxy S4. The heterogeneous nature
of such dataset helped to assess the overall quality of the method; on a side,
the indoor acquired images allowed to evaluate its strength in controlled con-
dition; on the other side, we were also able to test its reliability, by exploiting
the images acquired in uncostrained conditions. We attempted a comparison
against the method of Haindl and Krupička [16], whose segmentation algorithm
ranked in first place in the MICHE-I challenge [26] and, at a later time, used
as reference for the iris recognition challenge MICHE-II [8]. The comparison has
been carried out by executing SKIPSOM [3] classifier over the segmentations
produced by our method versus that of Haindl and Krupička. The experiments
showed that the results between the two methods are quite similar in terms of
Recognition Rate (RR), Area Under Curve (AUC), Equal Error Rate (EER)
and Decidability (DEC), but they vary significantly in time consumption. On
full resolution images of 800×600 the proposed method takes about 1/5th of the
time required to the segmentation algorithm by Haindl. The curves are depicted
in Fig. fig:roccurves, and detailed in Table 2.

Beside the very reduced processing time, the method offers the possibility to
be executed over images represented in cartesian coordinates, and not only over
those in polar coordinates. This leads to a twofold advantage: first of all, the
polarisation process introduces sampled information in the iris image, in order
to let the pixels on the outer bound of the iris (near the sclera) match with

http://www.biplab.unisa.it/
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Fig. 7. The CMS and ROC curves obtained on using SKIPSOM algorithm in com-
bination with the segmentation provided by Haindl & Krupička and the proposed
algorithms.

Fig. 8. The figure shows the output from each stage of the pipeline process: in the
leftmost branch, the iris is transformed from the cartesian coordinates to the polar
ones; in the rightmost, this transformation is not applied.

Table 2. The results obtained in terms of Recognition Rate (RR), Area Under Curve
(AUC), Equal Error Rate (EER), Decidability (DEC) and processing time. Decidability
formula can be found at http://nice2.di.ubi.pt/evaluation.htm

Method RR AUC EER DEC Segmentation time+Noise removal

Proposed method 77% 79% 0.27 1.14 ∼11.3 s+∼0.7 s=∼12.0 s

Haindl and Krupička 79% 78% 0.28 1.15 ∼1min 6 s

http://nice2.di.ubi.pt/evaluation.htm
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those on the inner bound (near the pupil); this sampling process can affect the
recognition stage. The second advantage regards the processing time: the nor-
malisation process can take many seconds to be accomplished, especially whean
dealing with high-resolution images. In the Fig. 8, the twofold application of the
method is shown: on the leftmost branch of the figure, the segmentation and noise
removal processes are executed over the polarised version of the iris, whereas in
the rightmost one, the image is not further processed, and no polarisation phase
takes place.

4 Conclusions

Segmentation is a very critical step in iris recognition since errors at this stage
propagates to subsequent operations of the processing pipeline, thus potentially
degrading the achievable performance rates. In iris recognition systems under
uncontrolled conditions, the amount of disturbing factors that the segmenta-
tion algorithm should detect and remove is particularly wide and heterogeneous.
When dealing with them, the execution flow of segmentation algorithm becomes
progressively complex and, as direct consequence, more and more time demand-
ing. In this paper a lightweight fuzzy controller has been proposed as a solution
for iris segmentation. It explores the SLIC decomposition to provide a quick
clustering of iris pixels which are then processed by computing the SKE values.
The fuzzy controller processes the tree-values representation of the clusters to
discard all those might not be contribute significantly to the matching phase.

The proposed algorithm has been compared to the segmentation algorithm
by Haindl and Krupička, which won the MICHE-I competition. The quality of
the segmentation has been tested by comparing the recognition performance of
SKIPSOM algorithm when using the masks produced by both algorithms. The
results obtained showed that the difference in terms of recognition performance
achieved is negligible. Rather, a significant difference in time demand has been
observed between the two segmentation algorithms.

The preliminary results looked encouraging and will be used to drive a deeper
refinement and optimisation of the method with the aim of reducing the time
demand while improving the accuracy of the detection and removal of noise in
iris images.
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els compared to state-of-the-art superpixel methods. IEEE Trans. Pattern Anal.
Mach. Intell. 34(11), 2274–2282 (2012)

5. Barra, S., Casanova, A., Narducci, F., Ricciardi, S.: Ubiquitous iris recognition
by means of mobile devices. Pattern Recogn. Lett. 57, 66–73 (2015). Mobile Iris
CHallenge Evaluation part I (MICHE I)

6. Barra, S., De Marsico, M., Cantoni, V., Riccio, D.: Using mutual information for
multi-anchor tracking of human beings. In: Cantoni, V., Dimov, D., Tistarelli, M.
(eds.) BIOMET 2014. LNCS, vol. 8897, pp. 28–39. Springer, Cham (2014). doi:10.
1007/978-3-319-13386-7 3

7. Bowyer, K.W., Hollingsworth, K.P., Flynn, P.J.: A survey of iris biomet-
rics research: 2008–2010. In: Bowyer, K.W., Burge, M.J. (eds.) Handbook of
Iris Recognition. ACVPR, pp. 23–61. Springer, London (2016). doi:10.1007/
978-1-4471-6784-6 2

8. Castrillón-Santana, M., De Marsico, M., Nappi, M., Narducci, F., Proença, H.:
Mobile iris challenge evaluation ii: results from the ICPR competition. In: Inter-
national Conference on Pattern Recognition (2016)

9. Chaskar, U.M., Sutaone, M.S., Shah, N.S.: Iris image quality assessment for bio-
metric application. IJCSI Int. J. Comput. Sci. Issues 9(3(3)) (2012). ISSN (Online):
1694-0814. https://www.ijcsi.org/papers/IJCSI-9-3-3-474-478.pdf

10. Chen, L.C., Papandreou, G., Kokkinos, I., Murphy, K., Yuille, A.L.: Semantic
image segmentation with deep convolutional nets and fully connected CRFs. arXiv
preprint arXiv:1412.7062 (2014)

11. Daugman, J.: Statistical richness of visual phase information: update on recogniz-
ing persons by iris patterns. Int. J. Comput. Vis. 45(1), 25–38 (2001)

12. Daugman, J.: How iris recognition works. IEEE Trans. Circ. Syst. Video Technol.
14(1), 21–30 (2004). doi:10.1109/TCSVT.2003.818350

13. Daugman, J.G.: High confidence visual recognition of persons by a test of statistical
independence. IEEE Trans. Pattern Anal. Mach. Intell. 15(11), 1148–1161 (1993)

14. Du, Y., Arslanturk, E., Zhou, Z., Belcher, C.: Video-based noncooperative iris
image segmentation. IEEE Trans. Syst. Man Cybern. Part B (Cybern.) 41(1),
64–74 (2011)

15. El-Zaart, A.: Skin images segmentation. J. Comput. Sci. 6(2), 217–223 (2010)
16. Haindl, M., Krupika, M.: Unsupervised detection of non-iris occlusions. Pattern

Recogn. Lett. 57, 60–65 (2015). Mobile Iris CHallenge Evaluation part I (MICHE I)
17. Hofbauer, H., Alonso-Fernandez, F., Wild, P., Bigun, J., Uhl, A.: A ground

truth for iris segmentation. In: 2014 22nd International Conference on Pattern
Recognition, pp. 527–532, August 2014

18. Jarjes, A.A., Wang, K., Mohammed, G.J.: Improved greedy snake model for
detecting accurate pupil contour. In: 2011 3rd International Conference on
Advanced Computer Control, pp. 515–519, January 2011

19. Jayalakshmi, S., Sundaresan, M.: A survey on iris segmentation methods. In:
2013 International Conference on Pattern Recognition, Informatics and Mobile
Engineering, pp. 418–423, February 2013

20. Jeong, D.S., Hwang, J.W., Kang, B.J., Park, K.R., Won, C.S., Park, D.K.,
Kim, J.: A new iris segmentation method for non-ideal iris images. Image Vis.
Comput. 28(2), 254–260 (2010). http://www.sciencedirect.com/science/article/
pii/S0262885609000638. Segmentation of Visible Wavelength Iris Images Captured
At-a-distance and On-the-move

http://dx.doi.org/10.1007/978-3-319-13386-7_3
http://dx.doi.org/10.1007/978-3-319-13386-7_3
http://dx.doi.org/10.1007/978-1-4471-6784-6_2
http://dx.doi.org/10.1007/978-1-4471-6784-6_2
https://www.ijcsi.org/papers/IJCSI-9-3-3-474-478.pdf
http://arxiv.org/abs/1412.7062
http://dx.doi.org/10.1109/TCSVT.2003.818350
http://www.sciencedirect.com/science/article/pii/S0262885609000638
http://www.sciencedirect.com/science/article/pii/S0262885609000638


A Lightweight Mamdani Fuzzy Controller for Noise Removal on Iris Images 103

21. Labati, R., Genovese, A., Piuri, V., Scotti, F.: Iris segmentation: state of the art
and innovative methods. Intell. Syst. Ref. Libr. 37, 151–182 (2012)

22. Liang, Z., Wei, J., Zhao, J., Liu, H., Li, B., Shen, J., Zheng, C.: The statistical
meaning of kurtosis and its new application to identification of persons based on
seismic signals. Sensors 8(8), 5106–5119 (2008)

23. Liu, Z., Li, X., Luo, P., Loy, C.C., Tang, X.: Semantic image segmentation via
deep parsing network. In: Proceedings of the IEEE International Conference on
Computer Vision, pp. 1377–1385 (2015)

24. Makinana, S., Malumedzha, T., Nelwamondo, F.V.: Iris image quality assessment
based on quality parameters. In: Nguyen, N.T., Attachoo, B., Trawiński, B.,
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