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Abstract— Morphological shape of the human ear presents a
rich and stable information embedded on the curve@®D surface,
which has invited lot attention from the forensic ad engineer
scientists in order to differentiate and recogniz@eople. However,
recognizing identity from morphological shape of tle human ear
in unconstrained environments, with insufficient am incomplete
training data, dealing with strong person-specifidy, and high
within-range variance, can be very challenging. Incontinuation
to our previous works, we propose to use some emimipgical
inspirations of the human ear in order to find the autonomous
components and also their locations on which we caachieve
large inter-individual variations. This is especialy beneficial to
our research as it provides some advices on the idde changes
that can be observed in the external structure ofhte ear. We
experiment with two publicly available databases, wich are IIT
Delhi-1 and IIT Delhi-2, consisting of several ear énchmarks of
different natures under varying conditions and imagng qualities.
The experiments show excellent results beyond theag-of-the-
art.

Index Terms — Biometrics, Identity Recognition,
Embryology, Texture Analysis, BSIF.

Ear,

. INTRODUCTION

Biometrics is the science which makes it possible tq

recognize the identity of a person on the basiherf
physiological, chemical, or behavioral charactersstsuch as:
face, iris, fingerprint, odor, DNA, gait, or eleatic
signature...etc [01]. With the need for solid tegmes of
identity recognition in the critical applicatiorsjch as: secure
access control, passing of international bordersl kgal
applications, biometrics is positioned as a viaelehnology
that can be integrated into the large-scale idgstit
management systems. Biometric systems operate uhder
principle that most biological characteristics & thuman
beings are distinctive for each individual, canalequired in a
reliable manner using suitable sensors, and cargresented
in a digital format [02]. Thus, these systems carcbnsidered

as a pattern recognition engine and may be incatpedrin
various markets.

Several human characteristics were studied tastkd in
literature, these modalities can be further suldidi into
different sub-categories according to their respegbosition
in the human body, such as: (i) attributes of thachregion
(fingerprint, hand geometry,...), (i) attributes the facial
region (face and ear), (iii) attributes of the eggion (iris and
retina), (iv) behavioral attributes (gait, elecimnignature...),
and (v) chemical-medical attributes (bone, odor, ADN)
[03]. Although that DNA, iris, and fingerprint amonsidered
among the highly reliable modalities, they are utufoately
based on the cooperation of the subject-sensor Y@ithin the
framework of our research work, we concentratethleyfacial
attributes, namely: the face and the ear, sincg #ne often
effective and require no cooperation or prior krexlge of the
user. For example, the identification of criminalsd suspects
in the airports and in other public sectors by seillance
videos is a typical scenario in which appears tygorrtance of
the facial attributes. In addition, this model etognition is
the most accepted by humans due to its naturahctear[05].

Research in the field of facial recognitiomistivated not
only by the fundamental challenges of this problem also
by the several numbers of practical applicationenehthe
human identification is necessary. Face recognitienone of
the pilot biometric technologies, has become irgirgdy
significant due to the fast progress in technolegmich as:
internet, smart phones, and digital cameras; a$ agelthe
augmentation in the requirement of security. Fao®gnition
has several advantages compared to other modalitiés
natural, not-intrusive, and requires less coopenato6].
However, the conditions of acquisition, such assitian of
the face to the camera, lighting, resolution of ti@mera,
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partial occlusion, as well as natural aging, faeigbressions,
disguises, and spoofing attacks cause several elangthe
facial appearance; those challenges affect nedpative the
performances of recognition in a real world cormdtisi [07].

In the other hand, the human ear is considered aswa
viable class of biometrics with some additional atages
compared to the face. Indeed, the ear is rich imgeof
characteristics; it has a stable structure whiabsdwt change
significantly during aging and its form does notyay facial
expressions, it can be also captured from a disteand
without any cooperation of the user. It can be uasda
complementary part to the face in a multi biomesystem
[08]. Because of these qualities, the interestaofrecognition
systems has been developed significantly in the rasent
years. But, sometimes it can be hidden by hairdpleanes,
scarf, or loops [09]. Although researchers haveetiped
several techniques in last recent years which Isentnsity
ear images, unfortunately, their performances ansiderably
degraded with changes in the pose and the conslitérihe
image [10].

So the goal of our research work is simply to fanduitable
descriptor or an effective approach to represedttanmodel
the human ear in a real context, in other wordssesarch to
improve the performances of recognition in the unst@ined
conditions. The rest of the paper is organizedHlagvis: in the
next section, we describe the anatomy of the huesanand
some embryological studies. In Section 3, our psepo
approach is presented. In Section 4, we present 0
experimental results by applying the proposed aqgron IIT
Delhi-1 and IIT Delhi-2 databases. Finally, a casgn
related to this work is given in Section 5.

1. EAR ANATOMY & EMBRYOLOGY

The human ear is characterized by a rich structdrieh
provides important information to differentiate Wween
people; we can visualize 10 features and 37 sulwfesfrom
2D ear image. The terminology of the human earésgnted
in Fig.1; this terminology is made up of standaedtfires. It
includes an outer rim (helix) and ridges (antihefparallel to
the helix, the concha (hollow part of ear), thedadnd the
tragus (small prominence of cartilage) [11].

The ability to identify people by using the outar shape
was discovered for the first time by the Frencimanblogist
Alphonse Bertillon [12] and confirmed by the US ipel
officer Alfred lannarelli [13]. This latter has grosed the first
automatic system of ear identification, based amtyseven
characteristics. The detailed structure of the isamot only
unique, but also stable because the appearanbe efr does
not change during the life of the human being.ddition, the

Instrunentation (1CESTI'16), Annaba, Algeria, Cctober, 24-26, 2016

acquisition of ear pictures does not require human
cooperation, it is considered by most researchera aon-
invasive modality.

> e Ascending Helix

Superior Crus
of Antihelix Foseta
Inferior Crus

. of Antihelix
t1 b:
ntiheclix Crus of Helix

Concha Tragus

AntiTragns — U

Fig. 1. Anatomy of the Human Ear.

— Incisura

Lobe

The formation of the ear in the human embryo isallgu
taken as an individual development of its separate
components. The identification of the componentd thake
up the complex structure of the human ear is censitias a
main concern in embryological studies of the eadekd, the
premise of local and independent structures inatwecular
pavilion takes a great interest in the identifieatapproaches.
While embryologists assume and argue the exactifdation
of the hillock (component) which forms a specifleraent of
the auricular pavilion, our concern is simply temtify the
autonomous components and also their locationstochwve
can achieve large inter-individual variation. Indén, the

ur

study of malformations of the outer ear shape isitiered as
one of the main approaches to understanding their
embryology. This is especially beneficial to ousearch as it
also provides some advices on the possible chathgeéscan

be observed in the external structure of the ear.

The lobule was considered by most embryoldgica
researchers as the only component of the ear cadpbg
grease rather than cartilage. The shape of thddotan be
changed from natural to an attached form, and mesears,
the lobule is almost nonexistent. In addition, iaymbe, in
some cases, very discriminant. However, the lokalems to
be like the only part of the ear that continuesdbeelopment
and the deformation during aging of the human heing

Based on the anatomical and embryological inspinatiof
the ear, performed in this Section, in order tantie all the
autonomous components and also their locationstochwve
can reach a large inter-individual variation, wggested that
the form the ear’s lobe is considered as the coepothat
changes significantly with aging, increasingly, tlobule is
frequently found occluded or cluttered by earrirgs, we did
not lend much attention to this unstable auricelamponent
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and we considered this part as a semi-rigid regios rest of
the ear’s regions was considered as a rigid redimn2 shows
an example of separation between the rigid and -sigii
regions.

Fig. 2. Example of separation between Rigid and Semi-RRgdions.

. METHODOLOGY

The proposed biometric system requires two operatio
phases. The first is a training phase: it congistecording the
ear features of each individual in order to crehi® own
biometric template; this is then stored in the base. The
second is the test phase: it consists in recordlirg same
features and comparing them to the biometric teteplatored
in the database. If the recorded data match a bianemplate
from the database, the individual in such caseoissidered
identified. The proposed biometric system basecdexternal
shape of 2D ear imaging is described in the folfmainodules:

A. Preprocessing

The objective of the pre-processing moduléoigrepare
the source image representation in order to fatélithe task
of the following steps and to improve the recogmiti
performances. First, the ear imaging is converteéd gray-
scale image. Next, every gray-scale image is étleby
median filter to reduce noise. This filtered imaigethen
adjusted to improve the image’s contrast.

B. Feature Extraction

The choice of visual features to be extractieom
normalized ear images and sent for classificatitaysp an
important role on the resulting recognition accyraa this
paper, we have selected a number of recent loodliree
descriptors that are distinctive, do not requirgnsentation,
and robust to occlusion, illumination variation, damveak
lighting. In contrast to global image descriptotsieth compute
features directly from the entire image, local dipgsors
representing the features in small local image hgstchave
proven to be more effective in real-world condiorin our
previous work [14], we have tested and considenegktrecent
local texture descriptors, namely LBP, LPQ, andBSI

Annaba, Al geria, Cctober, 24-26, 2016

The Local Binary Patterns (LBP) [15] is a texture
analysis operator, introduced Byjala et al.[16], is defined as
a gray-scale invariant texture measure, and derfvach a
general definition of texture in a local neighbastio It is a
powerful mean of texture description and amongpitgperties
in real-world applications are its discriminativeower,
computational simplicity, and tolerance against atonic
gray-scale changes. In the original LBP operatbe local
patterns are extracted by thresholding the 3x3hfeidhood of
the eight neighbors of each pixel, from the originage, with
the central value. All the neighbors are assighedvialue 1 if
they are greater than or equal to the current alerand O
otherwise, which represents a binary code of thetrak
element. This binary code is converted into a datiwalue by
multiplying it with the given corresponding weightsd is
summed to obtain the LBP code for the central valtle
histogram of thes@® = 256 different labels can then be used
as a texture descriptor for further analysis. Régethe LBP
operator has been extended to use neighborhoodsferfent
sizes in order to capture the large-scale strustwiéch can be
considered as the dominant patterns in the image.

The Local Phase Quantization (LPQJ17] was proposed
in order to tackle the relative sensitivity of LB® blur, based
on quantizing the Fourier transform phase in local
neighborhoods. The phase can be shown to be anbtaniant
property under certain commonly fulfiled condit®nin
texture analysis, histograms of LPQ labels compuwtédin
local regions are used as a texture descriptoriasignito the
LBP methodology. The LPQ descriptor has recentbeireed
wide interest in blur-invariant texture recognitiobPQ is
insensitive to image blurring, and it is has proverbe very
efficient descriptor in pattern recognition fronmubkd as well
as from sharp images.

The Binarized Statistical Images Features (BE) [18]
was recently proposed for texture classificatiamspired by
LBP and LPQ, the idea behind BSIF is to automdsidahrn a
fixed set of filters from a small set of naturakiges, instead of
using hand-crafted filters such as LBP and LPQ.FB&iplies
learning, instead of manual tuning, to obtain statlly
meaningful representation of the images, which ksab
efficient information encoding using simple elemaige
quantization. Learning provides also an easy aexitile way
to adjust the descriptor length and to adapt apfitins with
unusual image characteristics. To characterize téhaure
properties within each image sub-region, the histog of
pixels’ BSIF code values are then used. The valueagh
element (i.e. bit) in the BSIF binary code strisgomputed by
binarizing the response of a linear filter with faeshold at
zero. Each bit is associated with a different ffilend the
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desired length of the bit string determines the lpeinof filters B. Settings
used. The set of filters is learnt from a traingey of ntural
image patches by maximizing the statistical indelpece o
the filter responses.

In the first protocol (“experiments using two imagper
person as training set”), two ear images from gasfson ir
the databaswere used as the “training set” and the remai

Fig.3shows an example of normalized eaage and their ear images of the same person (i.e., frorr to four images)
corresponding LBP LPQ, and BSI representations, were used as the “test set.” Since most of the kmip the
respectively. two databases have three images, we conducted
permutations and report the average ri(This is the most
widely used protocol in literatureln the second protocol
(“experiments using single image per person as traisat),
only one image from each person was used as thaifig
set” and the remaining images of the same persom(fwo
to five images) were used as the “test set.” We dld three
permutations andeport the average rat

C. Experiments

In our experiments, we tested the several paramefethe
local texture descriptor i.e., the LBP was testadan severe
scale sizes (P,R), the LPQ descriptor was impleetemtith
different radius, and the BSldescriptor was implemented
with several filter parameters (filter size and #iting: [ and
n). Two types of SVM classifier were compared anddutor
classification: SVM with linear kernel and SVM witRBF

Regarding the learning algorithm, several approsti@e  yeorne| we selected the two most widely useernel functions,
been proposed, including, among others, neuralaT&svanc o jinear and RBF. The parameter in the RBF defunction
their invariant, Support Vector Machines (SVM) /pport empirically selected in this papsr< 0.0001). Table
Vector Regressors (SVR), Random Forests (RF),  compares the rank-recognition results using two images
projection techniques such aar@nical Correlation Analys  q training set and the two classifiers cited @bayplied to
(CCA)... From the wide variety of learning schemessente( o T Delhi-1 and IIT Delh databases. Table 2 compares
in the literature, Support Vector Machines (SVM)daits e ranka recognition results using single image per pefs
derivations have recently obtained stafe¢he-art results in 1o training set and the two classifiers appliedtie two

Fig. 3.(a) Example of normalized ear images and their cormedipg (b)
LBP, (c) LPQ, andd) BSIFrepresentation

C. Classification

challenging large databases. databases.
IV.  EXPERIMENTAL ANALY SIS The best results of the LPQ descriptor were givéth &
A. Dataset radius= 3 and the best results of the BSIF descriptore

obtained with a window size of 15x15 pixels andhli®. As
can be seen from Tables 1 and 2, the best recog
performances on both datasets are obtained with_ithear
Kernel of the SVM classifie The LBP descriptor seems to
work better with large scale sizes than with smmafieale
sizes. The results obtained indicate that LPQ ofdpas LBP
under different settings and BSIF gives the bedopmances
In addition, surprising and very intereqg results appeared
with the BSIF descriptor using only single image a
reference in the training set (> 90

The IIT Delhi database [19§onsists of ear imags
collected from students and staff at IIT Delhi, Né&velhi
(India). It was acquired on the IIT Delhi campusnfr Octobel
2006 to June 2007 using a simple imaging setup.ti#dl
images were acquired from a distance in an in
environment. The currently available database has
versions: the first version contains 493 image$2¥ different
subjects (IIT Delhit) and the second version contains
images of 221 different subjects (IIT Del)- Each subject i
the database has laetist three ear images. The subjects a
the age range of 14 to 58 years. Tésolution of the images
272 x 204 pixels. In addition to the original imagehis
database also comes with automatically normalized
cropped ear images of 50 x 188els in size
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Table 1. Best of Rank-1 Recognition Rates in tfeStenario

. IIT Delhi-1 IIT Delhi-2
Descriptor
Linear kernel | RBF kernel Linear kernel | RBF kernel
LBP (8,1) 77.50 73.94 74.74 7151
LBP (8,2) 80.38 67.82 79.2 67.88
LBP (8,3) 81.62 62.55 80.53 64.96
LBP (16,2) 71.68 66.26 78.16 68.00
LPQ 79.84 79.79 79.77 79.87
BSIF 96.68 96.68 97.31 97.31

Table 2. Best of Rank-1 Recognition Rates in tf&Qcenario

. IIT Delhi-1 IIT Delhi-2
Descriptor
Linear kernel | RBF kernel Linear kernel | RBF kernel
LBP (8,1) 63.32 63.32 57.28 57.23
LBP (8,2) 67.12 67.12 62.94 62.94
LBP (8,3) 68.21 68.21 64.63 64.63
LBP (16,2) 67.03 67.03 63.40 63.46
LPQ 73.82 73.82 715 715
BSIF 91.26 91.26 90.29 90.29

The previous results were obtained using théree ear
images, in other words, these results were obtamedhe
combination of the rigid and the semi-rigid regiolmsorder to
justify our suggestion presented in Section Thg form the
ear's lobe is considered as the component that gbsn
significantly with aging, increasingly, the lobuke frequently
found occluded or cluttered by earrings. So, we rtid lend
much attention to this unstable auricular componand we
considered this part as a semi-rigid region, thetref the
ear's regions was considered as a rigid regiowe have
tested the performances of our approach by using e
components of the rigid region and eliminating
components of the semi-rigid region. Also, we heempared
the new results with our previous results presemtetiables
1-2 (combination of rigid and semi-rigid regiong)able 3
compares the rank-1 recognition results using idjid region
and the combination between the rigid and seméniggions.

Table 3. Best of Rank-1 Recognition Rates using the rigidomregi
and the combination between the rigid and semétniggions

Two images per person Single image per
person
) . nr T
IIT Delhi-1 IIT Delhi-2 Delhi-1 Delhi-2
R|g|q and seml- 96.68 97.31 91.26 90.29
Rigid Regions
Rigid Region 08 97,49 95,34 94,22
Only

Annaba, Al geria, Cctober,

We can see from Table 3 that the new ratetagkification
obtained by the use of the rigid information ongvé been
improved proportionally in comparison the resulisained by
the use of the entire image (rigid + semi rigidoimhation).
So, with our embryological suggestion, we have gmed
some improvements on ear recognition by the illation of
the lobule component, this latter was consideredhasnot
stable component which changes significantly wiging and
some additional factors.

D. Comparison

For a comprehensive analysis, we also comparerkHudts
obtained against those of state-of-the-art aut@magar
recognition. Table 4 shows and compares the aveagel
recognition rate of the proposed method with soralt kmown
and recent feature extraction approaches under stme
conditions and protocol of evaluation (the mostelydused
protocol in literature is “two images per person tesning
set”), to ear recognition using 2-D imaging. As b&nseen, our
proposed approach based on the BSIF descriptor taad
introduce of the embryological inspirations showrye
competitive performance, outperforming other apphes
under the same conditions.

Table 4. Rank-1 Comparison to Some Recent Works

24-26, 2016

Method Delhi-1 Delhi-2
Force Field Trnasform [20] 74.93 66.67
Orthogonal log-Gabor filter pair [10] 96.27 95.93
2D quadratures filter [21] 96.53 96.08
Local principal independent components [22] 97.60 7.20
Non Linear Curvelet Transform [23] 97.77 96.22
Our Approach 98 97.49

the

V. CONCLUSION

In our investigation, we have successfully impletadna
feature extraction approach for automated 2D eacri#ion
and recognition. We have introduced the use of |tual
texture descriptors, which are inspired from thatistics of
natural images and produce binary codes. In cdnivaglobal
approaches which compute features directly from eéhtre
image, local descriptors representing the featuresnall local
image patches have proven to be more effectiveahkworld
conditions. In addition, we have proposed to useneso
embryological inspirations of the human ear in otddind the
autonomous components and also their locations lachvwve
can achieve large inter-individual variation. Besmuthis is
especially beneficial to our research as it pravid®me
advices on the possible changes that can be olsarvthe
external structure of the ear. A series of expeniale
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evaluations on IIT Delhi-and IIT Delhi-2 databases show that [11] S. Prakash and P. Gupta: “Ear Biometrics ina2id 3D". Eds.,

this implemented approach of feature extractiorsedaon
BSIF descriptor and the embryological inspiratiagisen very
significant improvements in the recognition perfares.
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