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Abstract—with advances in sensor technology, the three-
dimensional (3-D) face has become an emerging biotrie
modality, which is a particular technique, uses 3Dsensors to
capture the information about  shape of the fee preferred
especially in high security applications. How ®ans in a
particular situation when occlusion occurring on fae that time
and in non cooperative scenarios identification offace is a
challenging work. So for that purpose we should béandled to
Identify distinctive feature of a face with fully automatic security
systems. We use a 3-D face recognition system. Wasically
consider two problems: 1) Using a surface registteon to handle
an occlusion and 2) subspace analysis techniquhich is use
for a to handle a missing data problem, we usingnother
adaptively-selected-model-based registration techaile, where it
is use for an identify the occlusion occurred on th face model.
After registering to the model, occlusions are detged and
removed. In the classification stage, then after thave using a
masking technique which we call masked projectionechnique
are used to based on subspace analysis techniquesthw
incomplete data. Then afterwards use a mapping tecligue such
as masked projection technique to remove the occlien from the
face and turn the object on the face
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variations can be better handled. Occlusion wvariat still
complicate the task of identification. For that msp we
propose a 3-D face recognition system that is rolbmsler
realistic occlusions. In our approach, occlusiomdiiag is
considered in the registration and the classificasiages.For
alignment of occluded surfaces, we use a registrattheme
for which adaptively selects an alignment modelmadel
including the probable non occluded facial parBy
adaptively selecting a model, it is possible tadid the effect
of occluding surfaces on registration. Aftergalinent
,occluded regions are discarded. Occlusion-removeticial
surfaces con- tain missing data points, so for pleapose we
propose a masked projection technique that can eafe
missing data. Then finally we utilize a regionapegach to
improve the classification performance, where déffer
regions serve as separate classiffiers.
I. RELATED WORK

In this face recognition system. Developments i 3-
sensor technologies have increased interest in fa®
recognition. In [31], it is shown that by using 3f&ce, it is
possible to obtain competitive results when congbangth
other modalities such as iris and high-resolutieD 2acial
images. A thorough survey of previously proposed &ace
recognition systems can be found in [1], [9], [8BH de- tailed

In Biometric systems, human beings are identified b fundamental analysis of concepts are given in[], [28]. In

different features of face, such as physiological behavioral
characteristics. As a biometric modality, the hunface is
widely preferred because of several

advantages: Due to
sometimes its non cooperative and uncontrolled aien
happened, then recognizing individuals from thaaek is a

challenging task. So that's why The particular tdes that
degrade the performance of a face recognizer fardifit ways
such as include presence of illumination diffeesdn-depth
pose variations, facial expression variations, tnedpresence
of occlusions. In the three dimensional (3-D) damai
challenges caused by illumination, pose, and eses
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this section, we focus on the recent face recagmapproaches
dealing with realistic occlusion variations, bath2-D and 3-D

A .2-D TECHNIQUE

its contactless acquisition,

In 2D Technique variations caused by pose and
expression have attracted and increased rese#imh the
problem of handling occlusions has not been digzisin the
2-D face recognition studies, there has been aafgwoaches
considering occlusion variations. In most of these
approaches,1) occlusion handling for recognitiod aj the
registration problem is not considered: Experimentsults
are usually reported on databases where the faeessaumed
to be accurately registered to recognition. Somediass are
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based on subspace analysis methods, where thesaither
occlusion-robust projection or missing data compéas. In
[30], Park et al. consider occlusions caused oglgyeglasses
and propose a method to compensate for the misita,
Initially, the glasses region is extracted usinipc@and edge
information. Occlusion variations are handled byentifying
the facial parts where occlusions are occur. Sdwebsets of
images are created through masking facial regiasth In
training and test faces. Using masked training i&sag
different face projection spaces are created thrdRigncipal

difference from a mean face, and Gappy PCA iszetilito
discriminate between face and no face images.
experimental results indicate performance improvgrbg the
part-based system, both for expression and occlusio
variations. In [6], the authors have proposed aetissed
registration scheme for better handling of occludades.
Curvature information is utilized for automatic eetion of
the nose area, and an average nose model is usdihdo
alignment via lterative Closest Point (ICP) aldgumit On the
registered surfaces, occlusions are detected blyzamg the

The

Component Analysis (PCA), an approach for combiningdifference from the average face model, and thdusim-

discriminative and reconstructive methods is prepog$or
better handling of images with outlier pixels. Qthelistic

approaches can be considered as model-based metinods

[16], De Smet et al. proposed an iterative apprdachthe

removed surfaces are completed PCA method.

M. PROPOSED SYSTEM

parameter estimation of 3-D morph able model fitting This proposed system which consist of 3 difiemodules

procedure. Concurrently, a visibility map definindpet

as shown in below figure(1), such as an.

occlusions are modeled by Markov Random Fields (MRF1) Processing module

accounts for spatial coherence of occlusions. Aagoth
approach for occlusion handling considers the fatigface as
a combination of partitions. When local patchescanesidered
separately, the areas where occlusions occur can
compensated for, in the classifier fusion phase[2#j, the
facial surface is divided into local regions. Eaggion is
modeled individually by a mixture of Gaussian digitions,
and fusion is achieved by probabilistic evaluatifrregional
matches. In [23], Kim et al. propose a part-basedall

2) Training module

3) Classification module

The processing module includes the registrationcaatlision
emoval process. For alignment, the adaptive negish
module is utilized in processing module which regts the
occluded surfaces. By adaptively selecting the rhadwl
identify the faces where occlusion occurred on ee fthen
after know the occluded area it is possible to nesrthe effect
of occluding surfaces on registration. The occlusicare

representation approach based on Independent Ce@mpondetected on the registered surfaces by adaptivellgcting

Analysis (ICA). ICA representations are constructedlocal
regions corresponding to salient parts such as mysg, and
lip areas. Conservation of discriminative featuseathieved
by reordering of basis images. In[38],a face image
represented by applying multiscale and multiorisoteGabor
filters and obtaining the Local Binary Pattern (LBRpap.
Recognition is achieved by matching regional hisiots.
Recently, there has been increasing interest inatlea of
sparse representation techniques. For robust fsaggnition
against occlusions and corruptions, Wright et3] proposed
an identification technique, where the occlusionusbbess is
obtained by sparsely representing corrupted pixels.

B. 3-D TECHNIQUE

In 3-D technique using 3-D facial data, for
occlusion detection, removal, restoration, and imissdata
handling. The occlusion detection shows the diffeee
between the original face and occluded face, regdetected
as occlusions are removed and the locations ofrlssing
parts are employed in the restoration process,wikibandled
by Gappy PCA [17]. Identification was performed ke t
Fisherfaces approach. In [12], they have refinedbtiwdusion
detection method by including the difference of thgut
image from the mean face. In the experiments, & we@orted
that restoration does not offer improvement foefoccluded
by more than 30%. In [13], the authors have empmlotfe
occlusion detection and restoration idea to the f@etection
problem. Occlusions are detected roughly by thriekiig the
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model using ICP algorithm.

The training module introduces offline to learn prejection
matrices. Uses with preliminary experiments onlih¢B-DB
database.

The classification module uses the occlusion maskhe
probe image to compute the masked projection, aopgis
the probe image to the adaptive subspace. Theifidation is
handled in the subspace by 1-nearest neighbor (1-NN
classifier. The proposed system is evaluated onntaim 3-D
face databases that contain realistic occlusiod3: The
Bosporus, and (2) the UMB-DB databases. the nottilen,
registration and the subsequent occlusion detegt@ses are
given. The proposed system introduces a new teahriglled
masked projection for subspace analysis with indetaata.

A. REGISTRATION AND OCCLUSION REMOVAL

In this approaches remove the occlusion from which
occurs on face, means to register the occludedardsing
adaptive register module.

B. Automatic Nose Detection

Iterative Closest Point (ICP) algorithmuised to remove
the occlusion occurs on nose. Which is the mostelyid
preferred methods for rigid registration of 3-Dfages. The
nose detection algorithm [6] is based curvaturdonmation
,which is advantageous due to its rotation and stedion
invariance. Initially, two curvature maps are comagufor a
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given surface, namely the shape index map anduthvednes:
map. The shape index value at surface poin be computed

from principal curvatures f‘/’m ax(t) and 2 kmind)

1) SId)=yz-ymtan 1 kmaz(iy/skmin(iykmin(i) - kmax(iy

As the scaledependent counterpart of shape inc
curvedness measures the rate of curvature at edat:

_ V kmax(i
Cay=vKmini) +
2

This is weighted with curvedss to integrate scedependent
and scale-independent components are

WS = ST - Cd

Here, denotes the curvednessighted convex shape inc
V. EXPERIMENTAL RESULT?

A. Databases

Three databases are employed in this work: (1) FR@C(2)
Bosporus, and (3) UMB}B. The FRGC v.2 [32] neutr
subset, containing a total of 2365 images of 46bjests,
serves as a separate training set for: (i) thetoast®n of the
average face & patch models, (i) the training gha$ the
Fisher faces method, and (iii) thetdrmination of threshol
values

B. The Bosporus DB

Four occlusion types in the Bosporus database awrshin
fig(2) occlusion of the eye area by eyeglasseslusion of
the eye area by hand, occlusion of the mouth ayehalnd,
and occlusion caused by hair

C. UMB- DB Database

The Bosporus and UMBB databases, containing occlus
variations, are utilized to evaluate the systenigperance a:
shown in figure (3) Sample faces from the U-DB.The
Bosporus and UMBEBB databases, containing occlus
variatons, are utilized to evaluate the system perfoadfig.
3. Sample faces from the UMBB. Bosporus databa:
includes a total of 4666 scans collected from 10Bjexcts,
including expression, pose, and occlusion variatiomhe
database contains a total2§9 neutral scans. Tifirst neutral
scan of each subject is used to construct thergadiet (10=
scans). The images with occlusion variations, ctimgj of
381 images, form the probe set 1) Standard Fistesf§-F
on restored images (blue squares), Basked Fisherfact
where regional projection matrices are obtainedrdgional
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training (green circles), and 3) masked Fisherfastere
regional projection matrices are also obtained lbgking (rec
triangles)as shown in figure(.

V. CONCLUSION

3-D face recognition which shows the emerging bioint
technique. However, especially in non cooperatieenarios
are occurs then it's a complicated task of idetifysubject:
from their face images. We present a fully automé-D face
recognizer, wlth is robust to facial occlusions. For i
alignment of occluded surfaces, we utilized a m- based
registration scheme, where the model is selectagtaely to
the facial occlusion. The alignment model is formey
automatically checking patches tvalidity and including only
non occluded facial patches. By registering thelusizxd
surface to the adaptively selected model, a-to-one
correspondence is obtained between the model andadh
occluded facial points. Hence, occlusion in sewsitfacid
registration can be achieved. From approach foh kbe
Bosporus and the UMBB databases. Following ti
occlusion detection stage, the facial parts detieaseocclude
are removed to obtain occlus-free surfaces. Classiffication
is handled on thesecdusior-free faces. In this work, we
propose masked projection, which incorporates akimg:
scheme into a subspace analysis technique, namellishe
faces, to enable applicability to incomplete d&at- space
training is handled offline and at tlclassification stage, the
occlusion mask of the probe face is applied toph@gection
matrix. Then using a subspace analysis techniquertmves
the occlusion with missing data so that's why agaiused i
particular technique called as masked prcon to removes
complete occlusion from the face. So finally we cade thai
using masked projection to express the facial esgioa unde
occlusionin  3-D.
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