Published in: Pattern Recognition Letters Volume 57, 1 May 2015, Pages 43-51

© 2017 Elsevier B.V.

See https://s100.copyright.com/App/PaymentTermsAndConditions.jsp for more information.
The Version of Record is available online at: https://doi.org/10.1016/j.patrec.2014.10.017

BIRD: Watershed BasedIRis Detection for mobile devices™

Andrea F. Abate? Maria Frucci® Chiara Galdi? Daniel Riccio©*

2 Universitadegli Studi di Salerno, Fisciano, I-84084, Italy
b Istituto Calcolo e Reti ad Alte Prestazioni, CNR, Napoli, I-80131, Italy
©Universitadi Napoli Federico II, Napoli, I-80125, Italy

abstract

Communicationswith acentraliris databasesystem usingcommonwireless technologies,such astabletsand
smartphones,and iris acquisition out of the field areimportant functionalities and capabilities of a mobile iris
identification device. However, when images are acquired by means of mobile devices under uncontrolled
acquisition conditions, noisy images are produced and the effectiveness of the iris recognition system is
significantly conditioned. This paper proposesa technique basedon watershedtransformfor iris detectionin
noisy imagescaptured by mobile devices. The method exploits the information related to limbus to segment
the periocular region and mergesits score with the iris’ one to achieve greateraccuracy in the recognition

phase.

1. Introduction

Iris detection is one of the most powerful biometrics for secu-
rity applications, e.g., physical access control, as it is witnessed by
the wide literature in the field [2-4]. In fact, iris acquisition devices,
based on near infrared or visible light technology, are characterized
by non-invasiveness. Moreover, the iris of any individual subject is
characterized by uniqueness,external visibility andremainsthe same
duringthe entire life of the subject. Consequently,iris recognitionsys-
tems are generally preferablewith respectto systemsbasedon other
biometrics.

It is possible to use simple image processingtools during acquisi-
tion if you are able to control the lighting conditions and the distance
of the person whose iris must be recognized. Unfortunately, how-
ever, even in the case of a cooperative subject, the performanceof an
iris recognition system decays significantly, if the lighting conditions
areirregular, the acquisition is accomplished on the move or mobile
devices are used. Tan et al. [15] have shown that with regardto seg-
mentation of iris and periocular area, the process of localization and
transformation of objects of interest in images acquired with visible
light in an uncontrolled environment presents many more pitfalls.
This work, as well as [10], addressesthe problem in the context of
iris acquisition on the move, but differently from [10], this article
is specifically oriented to the case of acquisition done by means of
mobile devices.

Iris is delimited by sclera and pupil, which representthe lightest
and the darkest parts of the eye, respectively. A number of tasks have
to be accurately accomplished by an iris recognition system, such
as acquisition of the eye image, iris segmentation, iris coding and
recognition. In particular, accuracy is fundamental during iris seg-
mentation, to generatean iris code able to improve the performance
of the recognition system.

In this paper we introduce the watershed Based IRis Detection
(BIRD) technique for smart mobile devices, which is the follow up
of a technique we have recently suggested[7,8]. BIRD exploits the
use of the watershed transform to identify more precisely the iris
boundaryand, hence, to obtain a more accurately computed code for
iris recognition.

A positive feature of the watershed transformis that the contours
delimiting the regions into which an image is divided are mostly
placed where human observersperceive them. In fact, the watershed
transformationis a growing processperformedgenerally on the gra-
dientimage,where the edgesare enhanced.This featureshould allow
to correctly detect the limbus boundary.In turn, a negative featureis
over-segmentation,i.e., the image may be partitioned into a number
of parts that is remarkably larger than expected. Over-segmentation
is particularly evident when all the regional minima in the gradi-
ent image are considered as seeds for the growing process. A com-
mon strategy to overcome this drawback is to adopt region merging
and/or seed selection to reduce the number of watershed regions.
However, in the case of eye images, processesfor over-segmentation
reduction cannot be stressed.Otherwise, some weak boundaries be-
tween sclera and limbus (light eye case) or between eyelashes and
limbus (dark eye case) might be no longer presentin the segmented
image.



BIRD performs a binarization of the watershed transform to ob-
tain animagewhere large portions of the limbus boundaryare better
enhanced.In this way BIRD is able to exploit the positive features of
the watershed transform independently of over-segmentation prob-
lem. The boundaries of the foreground region are then inputted to
a circle detection process, which aims at finding the circle that best
approximatesthe limbus boundary (limbus circle).

To refine further the limbus boundary, the regions of the water-
shed transform overlapping the limbus circle are analyzed. Circle fit-
ting [16] is then applied within theiris boundaryto identify the pupil
boundary (pupil circle).

The information regardingposition and size of the iris (its center
and radius) constitute the starting point for the delimitation of the
periocular region.Recentstudies[11] showed how the latter could be
considered itself a biometrics. BIRD checks out the periocular region
and appliestoit atransformationfrom Cartesianto polar coordinates.
In this way, it is possible to apply to the periocular area a process
of extracting and matching characteristics similar to that used for
the iris. Iris and the periocular region are then fused at score level
through a simple sum criterion in order to increase the accuracy of
the recognition system.

BIRD has been tested on a databaseincluding 1500 eye images,
taken from 75 individual subjects. Eye images are the results of out-
doorandindoor acquisitions, accomplished by meansof three mobile
devices (tablet SamsungGalaxy, Apple iPhone 5, and SamsungGalaxy
S4 smartphone).Eye imagesin the databaseare rather different from
each other, due to the technical features characterizing each of the
three camerasand due to the uncontrolled acquisition conditions.

The rest of the paper develops as follows. Section 2 describes a
pre-processingphasethatimprovesthe quality ofthe input eye image
and reduces the computational cost of the whole process. Section 3
is concerned with computation and binarization of the watershed
transform. Section 4 describesthe detection of the limbus circle and
the refining process adopted to fit the real limbus boundary. Cir-
cle fitting is then accomplished also for pupil detection. The seg-
mentation of the periocular region is then addressedin Section 5.
Section 6 deals with iris recognition. Section 7 regards the exper-
imental setup. The interoperability of BIRD is also investigated by
performing cross-datasets experiments. Final remarks are given in
Section 8.

2. Pre-processing

Uncontrollediris acquisition may produceanimagewith local dis-
tortions due for example to shadows and different color temperature.
A color/illumination correctionis performedto reduce such local dis-
tortions, by processingseparately the three RGB components of the
eye image as gray level images.For each gray level image, a Gaussian
filtered version is computed.A new imageis built, where each pixel is
settotheratio betweenthevalue of the homologouspixels in the gray
level image and in its filtered version. This ratio has the side effect to
bringoutthe detailsin theimage,sothe kernel parametersof adopted
Gaussianfilter play afundamentalrole. The parametersarethe kernel
size gk, the averagemy and variance 0y (they are mainly related to
the resolution of the input image). In fact, a kernel too small exces-
sively flattens the distribution of the colors within the image, while
one that is too large will not produce any substantial correction on
lighting and color distortionsin it. Inorderto find aviable relationship
between Gaussian kernel parametersto be adopted and the resolu-
tion of theimage, was considereda set of pictures of irises at different
resolutions wy x hy where k= 1,2,...,n Wysq > Wy and hyeq > hy.
Theimageresolution was representedby consideringthe value of the
diagonal dy = wﬁ + hf. The optimal parameters for the Gaussian
kernel were determined in terms of segmentation and recognition
accuracy obtained on the set of images. It was observed that the re-
lationship between g, and dy is quadratic,i.e. g, = azdi + Qidg + Qo,

Fig. 1. An eye used as running example (left), and the result of color/illumination
correction (right).

Fig. 2. From top left to bottom right: resized and smoothed image, gradient image,
watershed transform, result of region merging.

while my = g and 0y = 0.1g 4. In this case, it was found that a, =
-0.0001, a; = 0.3064 and ap = 11.1351.

A normalization process of pixel values is performed to map the
values in the range [0, 255]. The combination of three obtained gray
level images originates the color/illumination corrected image. The
left imagein Fig. 1 shows the original image, while the right one cor-
respondsto the color/illumination correctedimage.As BIRD is able to
work even onlow resolutionimages,it is possibleto limit the compu-
tational cost of the method.The color/illumination correctedimageis
resized by using a linear interpolation method without changingthe
aspectratio, in orderto getanimageofthe eyein the foregroundwith
a horizontal resolution of 200 pixels (vertical resolution dependson
aspect ratio). As previously, the process of correcting lighting/color
enhancesthe details in the image and these details are irrelevant for
the segmentation. Thus a median filter is applied with a fixed-size
window 7 x 7. The window size can beregardedas fixed, becausethe
image is first broughtto a standard resolution by step resizing. The
resultingimagelis shown in Fig. 2 top left.

3. Watershedtransformand binarization

The effect of color/illumination correctionis to generatean almost
uniform image, independently of the acquisition conditions that are
highly uncontrolled. To extract the region of interest, i.e., the iris,
the watershed transformation is used to partition the image into
regions,basedon gradientinformation. As already pointed out, over-
segmentationis likely to affectthe obtained partition. Thus, a succes-
sive processis necessaryto mergeadjacentregions,characterized by
a certain homogeneity.Thoughthe watershed transformationis com-
putationally heavy, its use significantly reduces the processingtime
of the remaining steps, which will involve operations to be applied



to a small number of regions rather than to their individual pixels.
A color quantization processis also performedto associatea unique
color to all pixels of the sameregion.

3.1. Watershed transform, region merging and color quantization

The watershed transformation performs a partition of an image
into a number of disjoint regions; each of them is characterized by
a certain degree of homogeneity according to a specific uniformity
criterion. The partitioning processrelies on aregiongrowingstrategy,
where starting seeds are chosen as the regional local minima of the
gradientimage.

BIRD computes the gradient image from the color/illumination
corrected image I. It first decomposesthe color image I in its three
RGB componentsand then applies the 3 x 3 Sobel edgefilter to each
ofthem, separately. The final gradientimageis obtained by averaging
gradientscomputed on the three channels(Fig. 2 top right). Then, the
watershed transform W (Fig. 2 bottom left) is obtained by adopting
the topographicaldistance approach[13].

Due to the very large number of sub-regions in W produced by
the watershed transformation, a merging process is mandatory to
reduce significantly their number. To this aim, a representative color
is assigned to each watershed region and the merging criterion is
basedon the difference in representative color of adjacentregions.

Let R; be a region of W and let C; (r;, g;, b;) be the representative
color assigned to R;, which is computed as the arithmetic mean of
the colors of the pixels belongingto R;. In the following, the represen-
tative color of R; is denotedas ;.

Two adjacentregionsR; and R; are mergedif it results:

d(Ci/ Cj) < 5/

where d(C;, ;) representsthe Euclidian distance between C; and (.
Thankstothe processofcorrectingthe distortionsof color andlighting
applied during the preprocessingphase, the value for the threshold
6 can be set permanently for all images and, in this application, it
is experimentally set to 50. The result of mergingis shown in Fig. 2
bottom right.

After merging,the representative colors of the so obtained water-
shed regions are updated originating a new version, Q, of the color-
quantized image (Fig. 3 top left).

3.2. Binarization of watershed transform

It is worth to notice that, in general, the color of pupil and iris are
darker than that of scleraand eyelids in an eye image.More precisely,

Fig. 3. From top left to bottom right: color quantized image, binarized image, fore-
ground contours, best fitting circle (red). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

the former two show colors closer to black, while the latter a color
closer to white. BIRD strongly relies on this property to derive the
binary image BW from the watershed transform.Indeed, all regions
R; whose representative color C; is closer to black could be tentatively
ascribedto the foreground,while regionswith a representative color
closer to white could be tentatively associatedto the background.To
this aim, information on the differences of the representative colors
with respectto black and white should be properly taken into account
to fix the threshold value able to cause the correct assignmentof the
regionsto foregroundor background.

In the RGB space, black is represented by (0, 0, 0) and white by
(255,255,255), respectively. The Euclidean distancesdb; and dw; of all
the representative colors C; from black and white arethen computed,
as well as their arithmetic means, db and dw. Finally, the distance
between black and white, dbw, is also computed.

Inprinciple, if db; db, R; might beascribedthe foregroundstatus.
Inturn, if dw; dw, R; might be associatedto the background.How-
ever, a decision on the status of R; cannot be taken in the following
two cases:

(a) db; > dbanddw; > dw
(b) db; <db anddw; <dw

The former caseoccursif it resultsdb + dw < dbw, while the latter
casewhen it resultsdb+ dw dbw. Thus, there are casesin which R;
would remain unassigned(case a), or R; might be ascribed both the
foregroundand backgroundstatus (case b).

To overcome the above problems, a binarization threshold T is
used whose value is set to db xdbw /(db + dw), where the ratio
dbw/(db + dw) is a multiplicative weight for the arithmetic mean
db. Thus, any region R; of W such that db; T (db; > T) is tentatively
assignedto the foreground(background).

Let F and B be the sets of the regions tentatively ascribed the
foregroundstatusandthe backgroundstatus,respectively. Any region
belongingto Bis definitely consideredasbelongingto the background
of BW, while regionsbelongingto F are further processedto take the
final decision on their status.In particular, any region R; belongingto
F changesits status from foregroundto backgroundif it results:

d(C, cg) <d (G, cF)

where ¢ and cg, are the average foreground color and the average
backgroundcolor, respectively. The values ¢ and cg are computed as
the arithmetic means of the colors associatedto the regions of F and
B, respectively. The final binary image BW is shown in Fig. 3 top right.

4, Iris detection

Circle fitting is accomplishedonly on smooth contour components
of the foregroundF of BW. The obtained circles undergoa voting pro-
cedure, and the one getting the highest score s identified as the raw
approximation of the limbus boundary. The boundary is refined by
using information derived from the regions of W at least partially
overlapping the circle. In order to locate the pupil region, circle fit-
ting is applied again and circles found are scored according to two
criteria, namely homogeneity and separability. Once again, the circle
obtaining the best score is identified as the pupil boundary. Iris is
then represented by the annular region enclosed by the limbus and
the pupil circle.

4.1. Circle detection

The circle fitting procedure [10] searchesfor circumferences fit-
ting the contourof the foregroundregionin BW. As it can be observed
in Fig. 3 bottom left, the limbus representsonly a small portion of the
whole foreground.Thus, before performing the circle fitting proce-
dure, a split operatoris applied to the whole contour to partition it in
smaller components.It is worth to notice that limbus boundary has



a very smooth circular shape,whose end points are characterized by
a very high curvature. It comes out that curvature analysis may rep-
resents a suitable tool to detect end points of the limbus boundary,
so as to isolate it from the whole contour just by breakingit at those
points.In other words, the whole contour is divided into parts having
avery smoothcurvature (yellow partsin Fig. 3 bottomleft), which are
delimited by parts characterized by strong curvature changes(blue
partsin Fig. 3 bottom left).

To estimate the curvature of a contour component CC, the se-
quencesS = py, p, ..., p|sjof pixels of CC, detected by contour tracing,
is considered.For each pixel p; of S, a pixel pj.¢, with t = 4 x Jog 5(|S)
is selected. Let py be the contour point midway alongthe contourarc
delimited by p; and pjs¢, and let py, be the mid-point of the straight
line segmentjoining p; and p;.¢. The curvature at p; is estimated by di-
viding the distance d(py, pm) by the greatestof all distancescomputed
for the pixels of CC.In this way the curvature values are normalized in
therange[0,1], sothat the points p;, whose curvature value is greater
than 0.5, are considered to be points of separation of two smooth
contour componentsof CC.

For circle fitting, we follow the strategy described in [10] taking
into account only contour components representing smooth curves
andwhose dimensionis atleast 5%of the whole contour.Many circles
are generated,but only those included for at least 80%in the image
are taken into account for the selection of the best fitting circle. A
voting process that assignsa score to any generatedcircle identifies
the bestlimbus approximation.

Let CL be a circle with radius r and let CL7 and CL2 be two addi-
tional circles having the same center as CL and radii 0.9r and 1.1r,
respectively. For each point in CL having polar coordinates(p,0), two
pixels, p7 and p2, located at the sameangle 8 on CL7 and CL2 are con-
sidered. The score for CL is computed as the sum of the differences
between each pair of pixels correspondingto p7 and p2 in the binary
image BW. The best fitting circle is representedby the circle with the
maximal score, shown in red in Fig. 3 bottom right.

4.2. Limbus detection

The bestfitting circle might not coincide completely with the lim-
bus, becauseit has been generatedstarting from only a part of the
limbus boundary. Moreover, the limbus is not always characterized
by circular shape. Thus, the selected circle might include parts ex-
ternal with respect to the limbus (sclera, eyelashes and eyelids). To
correctly identify the pixels actually belongingto iris and pupil, all
the regions of W at least partially overlapping the circle (shown in
purple in Fig. 4 left) are again taken into account to achieve a new
segmentation BW’ of W, where the foreground of BW’ will include
only iris and pupil. The remaining regions of W will be no more an-
alyzed and assume the backgroundstatus in BW’. The regions of W
overlapping the limbus circle are divided in two different subsetsRT
and RP. RT is the set of regions of W totally overlappingthe circle (red
and blue regionsin Fig. 4 middle), while RP is the set of regions of W
only partially overlapping the circle (green regionsin Fig. 4 middle).
Note that not all the regions of RT and RP belong to the foreground

Fig. 4. From left to right: circle detected by circle fitting (purple) superimposed on the
watershed transform, watershed regions totally overlapping the circle (red and blue)
and partially overlapping the circle (green), red and green curves denote limbus and
pupil boundaries. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

of BW; for example the blue regionsand some greenregionsin Fig. 4
middle belongto the backgroundof BW.

To compute BW’, the following featuresof the regionsof RT and RP
are taken into account: statusin BW, representative color, and (total
or partial) degreeof overlapping with the circle.

Let H be the set of pixels within the circle and belongingto fore-
ground of BW. Let K be the set of pixels that are outside the circle
and have been assignedto the backgroundin BW. Let ¢jimpus and Cpack
be the arithmetic means of the colors that the pixels of H and of K
assumein the quantized image Q, respectively. The values ¢jmp,s and
Cpack are taken as representingthe averagecolors of limbus (iris and
pupil) and of the background,respectively.

The first step of segmentationimplies the analysis of the regions
belongingto RT.In particular, any regionR; belongingto RT is ascribed
to the foreground of BW' if at least one of the following conditions
holds:

() d(Ci, chack) > d(Civ Climpus)-

(2) R; belongsto the foregroundin BW, and at least one of its ad-
jacent regionsbelongsto RT, while no adjacent region belongs
to RP.

Any region R; belonging to RT and that is not yet been ascribed
a status in BW', is analyzed again.In particular, R; is ascribed to the
foregroundof BW’ if the following condition is satisfied:

(3) It exists at least one adjacent region R; assignedto the fore-
groundof BW’ suchthat d(Cj, Cpaer) (G, C).

Otherwise, R; assumesthe status of backgroundin BW'.

The second step of segmentationinvolves a change of W in cor-
respondenceof the regions belongingto RP. Any region R; belonging
to RP is divided into two sub-regions, respectively including pixels
within the circle, and pixels outside the circle. The former sub-region
replaces R; in RP and the latter sub-region is ascribed to the back-
ground of BW'. Since W has been modified, the quantized image Q
and BW are updated, in order to update also the values ¢jnp,s and
Chack- ANy region R; belongingto RP is assignedto the foregroundif
at least one of its adjacent regions has already been assignedto the
foregroundin BW’, and the above condition (1) or condition (3) holds.
Otherwise, the region R; is assignedto the backgroundin BW'. The
boundary of the foregroundin BW’ is shown in Fig. 4 right as a red
curve superimposedon L.

4.3. Pupil detection

Pupil detection is performed by applying a circle detection pro-
cess similar to that adopted for limbus detection and described in
Section 4.1. However, for pupil detection only the part of the eye im-
agel delimited by the limbus boundaryis taken into account.In fact,
beingthe pupil always inside the iris, only the portion of Icorrespond-
ing to foregroundof BW' is considered as region of interest (ROI) for
pupil detection.

The color ROIimageis transformedinto a gray level imageand the
Canny filter is applied to detect the edge pixels. Actually ten Canny
filtered images are computed by adopting ten different thresholds
{0.05, 0.10, 0.15, ... , 0.55}. In each Canny filtered image, circle fit-
ting is accomplishedfor the connected componentsof extracted edge
pixels including enoughpixels (more than 5%of the pixels contained
into the filtered image). The circle better fitting the pupil is found by
takinginto accountonly the circles entirely included in the ROlimage.
Two criteria areadoptedto assignascoreto acircle: homogeneityand
separability. Homogeneity is evaluated in terms of the histogram of
theregionincluded by thecircle. Separability is evaluated by adopting
the same voting processdescribedin Section 4.1. The score assigned
to each circle is the sum of the scores on homogeneity and on sep-
arability. The best fitting circle is represented by the circle with the



Fig. 5. Red and green curves denote limbus and pupil boundaries detected by BIRD.

(For interpretation of the references to color in this figure legend, the reader is referred Fig- 6. The green grid denotes the periocular area delimited by ellipses E1 and E2 (red

to the web version of this article.)

maximal score, and it is shown, for the running example, as a green
curve in Fig. 4 right.

In Fig. 5, some examples of the performance of BIRD are shown,
where red and green curves delimit the limbus boundary and the
pupil boundary, respectively.

5. Periocularregion segmentation

When dealing with eye images captured at a distance, the quality
of the iris texture is very poor due to noise, defocus and/or specu-
lar reflections. These image distortions represent a crucial problem
as imagesacquired in visible spectrum are more affected by pooril-
lumination conditions than those captured in infra-red. It has been
demonstratedthat features detected in the periocular region can be
used as a soft-biometric to authenticate people [17] and significantly
improve the recognition accuracy of iris recognition systems when
dealing with iris imagesacquired in visible light [1,18]. By following
this researchline, BIRD also segmentsthe periocular areaand mapsit
to arectangularregionthat undergoesa feature extraction procedure
that is similar to the one adoptedfor the iris texture.

Starting from the approximating circle detected during the iris
segmentation process, BIRD exploits the center coordinates Cp;s(Xc,
¥¢) and radius r of the circle to construct two concentric ellipses E;
and E;, that enclose part of the areaaroundthe iris. Both £; and £, are
centered in Cys, but they are characterized by different parameters
(major and minor axes,a and b), which arerespectively (a,b) = 2xr,
r) forE; and(a, b) = (3 xr, 2.5 xr) for E, (see Fig. 6).

The areaenclosedby E; and E; is mapped by BIRD to a rectangular
region Iperiocuiar Py @dopting a procedure that is similar to the Daug-
man’ s rubber sheet model [5]. For each angle 6 (ranging between 0
and 21T), two homologouspoints P;(8) and P,(6) areconsideredon £,
and E; respectively, and pixels lying onthe line p joining these points
are mappedon the Bth column of Ipejpcuiar- The rectangularregionre-
sulting from this remapping procedureshows a resolution (256 x 32
pixel in this case), which dependson the granularity (discretization)
chosenfor 8 and P (seeFig. 7).

6. Irisrecognition

A further purpose of this paper is to investigate the interoper-
ability of such an iris segmentationapproachamongdifferent mobile
devices.

To this aim, BIRD also implements an iris recognition tech-
nique that exploits both color and textural features to evaluate the

and blue curves) constructed around the circle detected during iris segmentation. The
same color is used to show the ellipse £ ; (symmetrically £ ;) and its corresponding
parameters (semi-axis a and b ). (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

)

Fig. 7. The periocular region extracted by BIRD after applying the remapping
procedure.

similarity between two iris images. BIRD applies the rubber sheet
model [5] to map the annular iris texture to a rectangular region.
By passing from the Cartesian space to the polar space, the rubber
sheet model is able to compensatefor low off-axis effects and small
displacements of the pupil circle. To remap the original annular iris
region also offers the further advantage of simplifying the feature
extraction process. BIRD extracts two kinds of features from the re-
shaped region, which characterize both the iris color and texture.
First, it performsa color conversion from the RGB color spaceto HSV,
with the aim of separatingcolor information from that regardinglu-
minance, which are then treated separately. Indeed, the cumulative
sums (CSUM) [12] technique is applied to create an iris code for the
structural pattern containedinto the luminance channel, while a his-
togram based approach s used for color channels. As there are two
color channels, BIRD combines them through a pixel by pixel prod-
uct, so to obtain a single channel. A 64-bits histogram is computed
on this channel and it is used as a color feature vector. The distance
between two color vectors is computed by using the cosine dissimi-
larity, while textural featurevectors producedby the CSUM approach
are compared by means of the Hamming distance.

Theremappingprocedureis applied to the periocular regionto ex-
tract from Ipgriocuiar the samekind of color and textural features,which
are compared according to the same distance measures.In order to
assess the contribution of the periocular region to the recognition
task, we consideredtwo different scenarios.In the first one, only iris
features are exploited by BIRD to match two irises, while in the sec-
ond one it fuses both iris and periocular biometrics at a score level,
by implementing a simple sum approach.

7. Experimentalresults

The experiments have been conducted on the MICHE dataset[19],
which includes 3132 images of irises captured from 75 persons.The



Table 1

Segmentation accuracy measured in terms of percentage of error with respect to manual segmentation for the
three tested approaches (ISIS, NICE-I, and BIRD) on probe/gallery images without color/illumination correction.

Device  Method IrisCX  IrisCY  Irisrad.  Pupil CX  Pupil CY  Pupil rad.
1P5 ISIS out 33% out 3.16 5.05 5.09 3.21 4 .47 2.81
nout 0.62 1.77 0.79 0.70 1.24 0.67
NICE-I out 10%  out 1.033 3.1 1.89 1.26 2.07 1.03
nout  0.32 2.77 0.98 0.55 1.46 0.57
BIRD out 12% out 3.30 4.82 2.76 3.54 4 .66 1.14
nout  0.61 1.91 1.21 1.50 1.56 0.87
SG4 ISIS out 13% out 4 .51 5.33 6.26 4 .61 5.49 3.57
nout  0.92 2.06 1.28 0.75 1.37 0.75
NICE-Iout33%  out 1.27 3.18 2.03 1.51 2.26 1.13
nout 0.33 2.61 0.93 0.62 1.53 0.65
BIRD out 36% out 4.09 4.93 2.79 4.32 4.87 1.16
nout 2.52 2.85 2.14 1.48 2.62 0.94
SGT ISIS out 54% out 5.91 7.57 10.76 6.02 7.39 5.94
nout  3.28 5.69 5.50 3.46 5.20 2 .47
NICE-Iout21%  out 1.60 3.67 2.71 1.79 3.47 1.36
nout  0.36 2.57 1.12 0.61 2.00 0.66
BIRD out 34% out 3.54 4.16 2.55 4.04 4.36 1.24
nout 2.86 2.70 2.22 2.19 2.60 0.97
Table 2

Segmentation accuracy measured in terms of percentage of error with respect to manual segmentation for the
three tested approaches (ISIS, NICE-I, and BIRD) on probe/gallery images with color/illumination correction.

Device  Method IrisCX  IrisCY  Irisrad.  Pupil CX  PupilCY  Pupil rad.
1P5 ISIS out 33% out 2.85 3.98 4 .31 3.03 3.79 2.04
nout  0.62 1.75 0.88 0.71 1.43 0.70
NICE-I out46%  out 4.84 6.73 10.93 4.84 6.99 5.49
nout 3.27 4 .11 2.51 3.39 3.34 1.07
BIRD out 25% out 3.33 3.69 1.43 3.51 3.46 0.82
nout  0.43 1.58 0.54 0.58 1.15 0.59
SG4 ISIS out 32% out 4.12 5.00 4.39 4.19 4.77 1.92
nout  0.62 1.87 0.83 0.77 1.35 0.63
NICE-Iout50%  out 5.89 6.69 12.78 5.76 6.71 6.46
nout  3.23 5.22 2.74 3.15 4 .66 1.27
BIRD out 30% out 3.58 4.07 1.68 3.70 4.01 0.81
nout 0.46 1.69 0.61 0.68 1.61 0.58
SGT ISIS out 54% out 6.03 7 .89 9.46 6.13 7.92 5.23
nout 2.67 4 .67 3.69 2.96 4.59 1.81
NICE-I out39%  out 7,45 6.90 7 .86 7 .50 7 .62 3.57
nout  2.90 4 .60 2.40 3.04 3.97 0.93
BIRD out 32% out 3.25 4.18 2.28 4 .40 6.30 1.09
nout 1.05 2.06 0.92 1.30 2.17 0.83

images containing either the left or the right iris have beenacquired
by means of three mobile devices: (i) a Samsung Galaxy S4 (SG4),
(ii) an iPhone 5 (IP5) and a Samsung Galaxy Tablet (SGT). Both the
frontal and the rear camera were used with the two smartphones,
whereas only the frontal camerawas used with the tablet. At least 40
images per subject have been acquired during a unique session that
correspondsto 4 snapshotsper each of the 10 acquisition settings: (i)
indoor/outdoor,(ii) frontal/rear,(iii) mobile device.

BIRD has been tested on a subset of MICHE (we refer to as MICH-
Esub), which includes the first two imagesper subjectin all 10 acqui-
sition conditions, resulting in a total of 1500 iris snapshots.A manual
segmentationof the whole MICHEsub datasethas been performed,in
order to create a ground truth, which has been used for comparing
BIRD performanceswith those of two state of the art methods,which
are ISIS [6] and our re-implementation of that proposedby Tan et al.
[15] that will be referred as NICE-I from now on. Experiments have
been carried out to assessperformancesin terms of both segmenta-
tion precision and recognition accuracy.

To evaluate the segmentationprecision, the segmentediris masks
provided by the automatic methods ISIS, NICE-I and BIRD are com-
pared with those provided by the manual segmentation into the
ground truth, in terms of percentage of errors measured in pixels.

In more details, circle fitting is applied to the binary masks in or-
der to approximate the center and radius of both iris and pupil. The
discrepancyin pixels is then computed between homologousparam-
eters (centers and radii) extracted from each ground truth mask and
the correspondingones obtained by the testing approaches.A global
estimation is obtained by averagingthe discrepancy values over all
images, after they have normalized with respect to the image reso-
lution and multiplied by 100. There are casesin which the detection
is completely wrong, so we can consider them as outliers when com-
puting the global segmentationprecision. Outliers can be detected as
they generally provide a segmentationerror higher than a threshold
Eout, Which is computed as Eoyc= 6m 4, where my is the median value
computed over all the errors in the subset of tested images. Since
the process of color/lighting correction plays an important role for
the subsequentstages of segmentation, precision was evaluated in
two cases,in which it is included or not in the processof preprocess-
ing. Tables 1 and 2 show the results obtained in terms of accuracy
of the three methods of segmentation (ISIS, NICE-I and BIRD) with
three different devices (IP5, SG4 and SGT), excluding or including the
color/lighting correction process from the pipeline. In both Tables 1
and 2, we provide results accounting for both cases,in which outliers
have beenconsideredor notin the evaluation.It comesoutfromthese



Table 3

Recognition accuracy measured in terms of decidability, EER and AUC for the three tested approaches
(ISIS, NICE-I and BIRD) on probe/gallery images acquired by the same mobile device.

Method Device
IP5 SG4 SGT
Dec. EER AUC Dec. EER AUC Dec. EER AUC
ISIS 1 0.562 0.393  0.651 0.938 0335 0.742 0.692 0.388 0.664
P 0.626 0414 0.637 0.894 0349 0.707 0.681 0.402 0.671
F 0.634 0446 0.632 1.039 033 0.729 0.765 0.378 0.673
NICE-I I 0.787 0386 0.6674 0.869 0409 0.714 0.672 0.413 0.681
P 0.366 0470 0.581 1.087 0334 0.753 0.829 0.334 0.715
F 0.366 0470 0.581 1.086 0334 0.753 0.829 0.334 0.715
BIRD I 1.151 0.266 0.784 1.083 0.314 0.778 0.880 0.326 0.707
P 0.949 0295 0.736 1.340 0278 0.798 1.159 0.342 0.789
F 1.156 0260 0.764 1.290 0322 0.775 1.103 0.277 0.765

results that color correction improves the segmentationaccuracy of
both ISIS and BIRD almost always. There are only few casesin which
avery low decreasein precision is registered after color correction of
the input image. In particular this mostly happensfor ISIS on images
acquired by SGT, and can be ascribed to the lower resolution of the
cameramounted on this device. Indeed,on low resolutionimages af-
ter color correctionISISundergoesmoredifficulties to correctly locate
the pupil, so undermining all the subsequentsteps. On the contrary,
color correction seemsto negatively affect the performanceof NICE-I.
This can be explained by considering that the first step in the NICE-I
pipeline consistsin a coarse clustering of pixels with low brightness
to be consideredas iris candidates. The color/illumination correction
producessignificantchangesin the histogramoftheiris image,sothat
clustering fails even jeopardizing subsequentstepsin the remaining
pipeline. Indeed, by inspectingimagesfor which NICE-I fails, it comes
out that the method do not output any circle neither for the iris nor
for the pupil. This is also the motivation for which the number of out-
liers producedby NICE-I increasewhen color/illumination correction
is included.

It is worth to notice that the amount of outliers produced by a
testingapproachis in itself a measureofits effectiveness.From results
in Table 2, we observe that BIRD always outperformsISIS in terms
of both segmentation precision and number of outliers. From both
tables, it is also noted that in most cases,when outliers are kept out of
the computation, the increment in segmentation precision observed
for BIRD is higher than that obtained by ISIS.However, BIRD produces
more outliers than NICE-I. This happens because after the merging
operation the iris boundary presents some cuts, which mislead the
curvature analysis processand result in a mislocated iris/pupil circle.
Furthermore, BIRD provides a higheraccuracyin locating the iris than
the pupil; this is becausepupil is smaller than iris and then it is more
affected by noise factorslike badillumination and specularreflection.
This can also explain why BIRD outperformsISIS. Indeed, BIRD first
locates iris and then searches for pupil by restricting the region of
interest (for the pupil) to the area included into the iris circle. On
the contrary, ISIS performsin the real oppositeway by first searching
for pupil and then extending its searching window to neighboring
regions. This jeopardizes the performances of ISIS, since for several
images into the dataset the pupil is not completely visible, due to
large occluded areas or severe out of focus conditions, which are
causedby user holding the mobile device in his/her handsduring the
acquisition.

Results in Tables 1 and 2 show that NICE-I provide better perfor-
mance when color/illumination correction is notincluded in the seg-
mentation process.In this case, it also outperformsBIRD in terms of
segmentation accuracy. Conversely, color/illumination significantly
improves the performanceof BIRD, so it must be consideredas a fun-
damental part of the segmentation process implemented by BIRD.
Indeed, by comparing results obtained by BIRD in Table 2 (its best

performance)with thoseof NICE-Iin Table 1 (its best performance)it
is worth to notice that in most cases BIRD outperformsNICE-I.

Several experiments have also been conducted to assessrecogni-
tion performances of testing approaches (ISIS, NICE-I and BIRD). In
each test, two images per subject have been considered to build a
gallery set (used to enroll subjects) and a probe set (used to test the
recognition system). System performancewas measuredin terms of
decidability, equal error rate (EER) and area under curve (AUC), the
former being calculated accordingto the definition given by Proenca
and Alexandre [10].

More specifically, given a set of user templates V, an “all-against-
all” comparison provides a set of dissimilarity intra-class measures
D;= {Dpy, D, ..., Dy} andinter-class measuresDg = {Dgq, D>, ...,
Dem}, depending on whether templates belong to the same class or
not. The decidability d(Dj, Dg) of the set V is computed as:

lavg(D1) - avg (Dé) |
a0+ 0 0:P)

where the value of d(D;, Dg) rangesinto [0, ). Both EER and AUC
are single descriptions related to the receiving operating character-
istic curve (ROC), which is a graphical plot that characterizes the
performance of a biometric verification system as its discrimination
threshold is varied. The EER representsthe value where false accept
rate and falsereject rate equal and can be consideredsuch as a steady
state point for the system. While ROCis a two-dimensional represen-
tation of a model’'s performance,the AUC distils this information into
a single scalar and represents the probability that a classifier ranks
a randomly chosen positive instance higher than a randomly chosen
negative one.

In the first experiment, both gallery and probe images have been
acquired with the same mobile device using the rear camera.The re-
sults were produced for iris recognition, for periocular region recog-
nition and for merging of both. In Table 3, we report the numeric
values for the various performancemeasures.

From the obtainedresults, it comesout that the segmentationap-
proachimplemented by BIRD induces a higher performancethan ISIS
in all cases.The reasonunderlying the largerincrease in recognition
accuracy produced by BIRD is that the precision it offersin segment-
ing the iris boundary (limbus) is generally higher than that provided
by ISIS.Indeed,ISIS only approximatesbothiris and pupil boundaries
by circles, while circle fitting representsonly a preliminary step for
the segmentation procedureimplemented by BIRD. Moreover, BIRD
further refines the representation of the limbus by considering sub-
regions,which crossthe iris circle and re-assigningthem to the fore-
ground/backgrounddepending on the classification of neighboring
regions. Since results provided by BIRD outperform those obtained
by ISIS, only the former has been consideredin the following experi-
ments, whose main goalis to assessalso the robustnessof BIRD with

d(D[, DE) =




Table 4

Recognition accuracy measured in terms of decidability, EER and AUC for the BIRD approach (without
periocular information) on probe/gallery images acquired by different mobile devices.

Method Gallery
IP5 SG4 SGT
Dec. EER AUC Dec. EER AUC Dec. EER AUC
Probe IP5 1151 0.266 0784 0.834 0.333 0745 0.016 0.485 0.525
SG4 0.255 0.414 0.601 1.083 0.314 0778 0.887 0.729 0.248
SGT 0.213 0.534 0451 0317 0430 0593 0.880 0.326 0.707
Table 5

Recognition accuracy measured in terms of decidability, EER and AUC for the BIRD approach (with peri-
ocular information) on probe/gallery images acquired by different mobile devices.

Method Gallery
IP5 SG4 SGT
Dec. EER AUC Dec. EER AUC Dec. EER AUC
Probe IP5 1.156 0.260 0.764 0.858 0.309 0.738 0.374 0.397 0.614
SG4 0.375 0.397 0.630 1.290 0.322 0.775 0.296 0.565 0.406
SGT 0.124 0584 0466 0.502 0.367 0.642 1.103 0.277 0.765
Table 6

Recognition accuracy measured in terms of decidability, EER and AUC for the BIRD approach on
probe/gallery images captured in different acquisition settings (outdoor/indoor).

Method Device
1P5 SG4 SGT
Dec. EER AUC Dec. EER AUC Dec. EER AUC
BIRD I 0.529 0.401 0.652 0583 0.38 0.665 0.078 0.472 0.535
P 0246 0470 0.581 0633 0.373 0.672 0.596 0.391 0.658
F 0506 0.399 0.646 0.647 0.367 0.689 0.432 0.430 0.619

respectto adverse acquisition conditions as well as its interoperabil-
ity amongdifferent mobile devices. It can be observedthat, in many
cases,the results provided by iris and periocular areaare comparable,
with regardto the other measuresof performance.Moreover, it can
be observedthat while in some casesthe fusion leads to animprove-
ment in othersit remains, albeit slightly, below the better of the two,
when it is considered individually. This result can be explained by
considering that a simple sum has been adopted for the score fusion
step.However, resortingto a more refined approach[14] or postpon-
ing the fusion process to the decision level [9] could lead to larger
improvements.

In the second experiment, the probe and gallery sets come from
different devices, which show significant variation in image resolu-
tion, as they are equipped with very different sensors.Results when
only the iris region is considered are reported in Table 4, while
those obtained including also periocular information are reported in
Table 5.

From results in Tables 4 and 5, it emergesthat testing on cross-
datasetsis particularly difficult when images captured with an IP5
mobile device are used as probe. This can be explained by visually
inspecting images acquired by different devices. Indeed, before the
lighting/color correction, IP5 iris imagesshow a higher sharpnessand
brightnessthan those acquired by both SG4 and SGT, independently
of the used camera (either frontal or rear). Even so, BIRD achieves a
better accuracy than ISIS further confirming that a higher precision
in segmentingiris images greatly affects the recognition process.

Thelastexperimentis devotedto assessperformancesof bothtest-
ing approacheswith respect to the capturing settings. In particular,
images acquired indoor constitute the gallery, while those captured
outdoor (probe images) are used to test the methods. This scenario
is more plausible than the opposite one, since one can assume that
the enrollment of a person is rarely performed (may be just once

and in very controlled conditions), while testing occurs more often
either in controlled or adverse conditions. Numerical resultsin terms
of decidability, EER and AUC are reportedin Table 6.

When only iris features are used to recognize people, there is no
appreciablegapin performanceof BIRD when using different device.
However, when periocular features are also integrated, the accuracy
obtainedwith IP5 remains almostthe same,while that achieved with
SG4 and SGT slightly improves.

Another important aspect in the evaluation of the performance
of BIRD is the execution time given by the sum of the time needed
to carry out the various stagesof processing.In order to provide an
estimate of the impact that each one has on the total time, the time
necessaryto accomplish each stageis reported as a percentageof the
weight that it has on the entire running time:

(i) color/illumination correction (20%)
(i) imageresizing (4%)

(iii) median filtering (1%)

(iv) watershed (11%)

(v) merging(6%)

(vi) binarization (2%)

(vii) iris detection (40%)

(viii) pupil detection (16%)

The tests were carried out on a 64-bit system with GenuineIntel"
processorU7300 1.3 GHz, with 4 GB of RAM and the total time was
about1.2's, which is comparablewith that required by ISISwhile it is
of an order of magnitudesmaller than that required by NICE-L

8. Conclusionsand futurework

This paper presents a new technique, named BIRD for segment-
ing iris images, which is based on the watershed transform. It is



principally devised for mobile devices, as it is designedto be robust
with respect to many kinds of image distortions that typically occur
when the useris holding a smartphone/tabletin his/her handsto per-
form acquisition (out of focus, occlusions, motion blur, non-uniform
illumination, off-axis angles). BIRD exploits the watershed transform
at two different levels. First it applies the watershed transform to
binarize the image and then it further analyze the sub-regions pro-
duced during the first application of the watershed in order to refine
their classification as either foregroundor background.Starting from
a circle fitting of the iris boundary, BIRD also segmentsthe periocular
region and polarizes it in a way that is similar to the rubber sheet
model commonly adoptedfor the iris annular region, but specifically
devised for this aim.

Bothtextural and color information are extracted fromiris, as well
as from the periocular region, in order to match biometric features,
with the aim of quantitatively assessingthe improvement that a bet-
ter segmentationcan induce in terms of decidability. BIRD has been
tested oniris imagescontainedin the MICHE dataset,which hasbeen
captured with three different mobile devices both in indoor and in
outdoor settings. Results have been compared with those provided
by two state of the art techniques, namely ISIS and NICE-I, showing
that iris detection/recognitionon mobile device is a challenging task,
but also underlining the high potential of the proposedtechnique.

Given the high variability of the images captured by mobile de-
vices, the segmentation process implemented by BIRD leaves room,
however, for further improvement, especially for what concernsthe
periocular area. In particular, a future development of this method
will aim to refine the segmentationtechnique of the periocular area,
explicitly addressingthe identification of the reflections and the re-
gionoccupiedby the eyelids. Anotherimportant pointis the reduction
of the number of outliers BIRD produces.
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