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Abstract the forehead regions (semivigid regions) were separately

matched in a rigid fashion, then their scores were fused.

An automatic approach to the recognition of 3D face un- Matching multiple overlapping regions around the nose was
der any facial expression is presented. It has the capac-investigated by Chang et all][ In fact, the expression de-
ity to differentiate between expression deformations, thoseformations remain a source of error as all the regions of
which are caused by expressions, and interpersonal dispar-the human face deform with expressions. Another rigid ap-
ities that are essential for recognition. When two facial proach is to enroll multiple gallery scans under different fa-
scans are matched the expression deformations are mor<cial expressionsZ]. Since there is an unlimited number
phed out before similarity measure calculation while the of facial expressions, that approach is still prone to errors
interpersonal disparities are retained. A combination of when the expression of a probe matches that of a gallery
PCA and ICP is used in our system. The PCA subspacescan belonging to a different subject, adding to that the in-
is built in such a way it models the facial expressions while creased computational complexity of a larger gallery.
it does not model the human face. The approach was ap- Among the nonrigid approaches, the approach by Bron-
plied on the FRGC v2.0 dataset and superior recognition stein et al. §]. Textured 3D faces are attened such that the
performance was achieved. The veri cation rates at 0.001 geodesic surface distances are preserved then the texture is
FAR were 98.35% and 97.73% for scans under neutral and projected on a plane. However, their approach attens both
nonneutral expressions, respectively. the expression deformations and the interpersonal dispari-

ties. Thin Plate Spline (TPS) is used to learn expression de-

formations from a control group of neutral and nonneutral
1. Introduction scans {]. Then, the learned deformations along with ICP

[9, 8] are used iteratively to t probes to gallery scans. Im-

Facial expression has been the greatest challenge to 3proved performance over rigid ICP was reported. The de-
face recognition. The geometry of the human face can drasformations are learned actually from sparse landmarks on
tically deform under facial expressions in a complex way the face which do not cover the whole face. In the work
(as they are driven by highly complex muscle mechanism), by Kakadiaris et al.q], the 3D face is parameterized using
leading to deterioration in recognition accuracy. We believe the Annotated Face Model (AFM) then elastic deformations
that this challenge arises from the dif culty in differentiat- are performed on it. Signi cant recognition accuracy was
ing between expression deformations and the geometric atreported for that approach. However, the elastic deforma-
tributes that uniquely characterize a 3D face, interpersonaltions are expected to morph some interpersonal disparities
disparities. as well.

Approaches to 3D face recognition that address the ex- In our approach, expression deformations are learned
pression challenge can be classi ed into two broad classes;in a PCA subspace, called Expression Deformation Model
rigid [1, 2, 10] and nonigid [3, 4, 5]. The rigid approaches  (EDM). The PCA subspace is built from shape residues be-
treat the human face as a rigid object while the nonvigid ap- tween nonneutral and neutral scan pairs (training data),
proaches apply deformations to the 3D facial scans to coun-each pair belongs to the same subject. Initially, the scan
teract expression deformations or to reduce their in uence pairs are cropped and pose<corrected. Then the scans of
on the recognition performance. each pair are nely registered according to the semirigid

Rigid matching of subfacial regions with least expres- region of the face (the forehead and nose) to get more con-
sion deformations has shown higher recognition perfor- sistent registration over the various facial expressions. As
mance under expressions than when the whole face is conPCA is applied only on expression deformations, it models
sidered. In the work by Mian et al. 1{], the nose and the facial expression deformations while it lacks the capac-
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ity to model the human face itself. In the recognition stage, the ICP algorithm. The cropping and pose<orrection are
the shape residues between the probe and gallery scans aadso important for the coarse localization of facial regions
found in the same way. One of these shape residues iy means of xed binary mask images.

mainly expression deformations, the one from the matching

probe and gallery scans (same subject). The residues ar2.3. Expression Deformation Model (EDM)

minimized using the PCA subspace (expressions are mor-
phed out) then the similarity measures are extracted from
the minimized residues (see FiD).

The expression deformations of the human face is mod-
eled by PCA subspace. PCA is chosen for modeling ex-
pression deformations of the human face for two reasons.
. - .. The expression deformations have similar patterns, conse-
2. Details of Non-rigid 3D Face Recognition quently they are expected to reside in a lower dimensional
As PCA is used for modeling the expression deforma- PCA subspace. Deforming a 3D face using PCA is com-
tions, the 3D facial scans need to be converted into a suit-Putationally ef cient as it can be achieved using a closed
able range image representation. In addition, PCA requiresform solution (see Sectiof.4). The Expression Deforma-
that the 3D scans are posecorrected and Cropped_ In Con_tion Model is chosen to be generic to the human face so the
trast, the pointcloud representation suits the ICP. At differ- @Pproach can perform nonvigid face recognition based on
ent stages, the approach switches between the two repre@nly a single gallery enroliment per subject.
sentations. This section details the two main modules of the ~ The generic Expression Deformation Model is trained
approach, the Expression Deformation Model and the non-Using nonneutral scans of different people. Each non-
rigid face matching. It also describes the preprocessing of neutral scan is paired with a neutral scan of the same sub-
the data and the automatic posecorrection and cropping ofi€ct. The training data may contain multiple nonteutral

the 3D facial scans. scans per subject but one neutral scan per subject is suf -
cient. Ideally, it should contain a wide range of facial ex-
2.1. Data Pre-processing pressions and suf cient number of subjects with balanced

] gender and race ratios.

The dense pointclouds of the FRGC datasgt(pave The training scan pairs are used to generate the Expres-
spikes and holes) aren the form Pf three matrlx_:e;a and sion Deformation Model according to the following steps.
z, the three coordinates of the poiniclouds are in mm. The 1o 4aining scan pairs are cropped and posecorrected as
spikes are _removed by dropping th? °_““'er points fr_om the described in Sectiof.2. Then the scan pairs are nely reg-
three matrices baged on local statlst]cs. The matrices ar8gtared using the ICP algorithm according to the forehead
then smoothed using a mean lIter which averages the noN-nd nose region. Next, the shape residues of the nely reg-
missing points in the local neighborhood (neglects the miss'istered scan pairs are computed, each scan pair produces
ing points). The three matrices are bicubically interpolated a shape residue. Finally, PCA is applied on the shape
at the holes. The bicubic interpolation is used here becauseresidues.

it can accurately Il in the holes_ which are to some extent .o registration step is needed here mainly for the

large such as the eyebrows which are occasionally missing . 1, tation of accurate shape residues. As the scan pairs

in the pomtclo.uds. . . are posecorrected with respect to the principal directions
The range image is then computed from the three matri- ¢ y,0 \yhole cropped face, the scan pairs can have pose er-

c;as.by |trr1]terpolat|ng aa.the mteg.nalatndy c;}ordmates. and rors due to the fact that the principal directions can slightly
storing the correspondingcoordinates in the range image vary with expression variations. Pose<orrection errors in

;natr|$#5|n?x asl a r(ljorlgonttal |rt|r(;iex aryl asa verncilrllm- . tthe rangeof 2, 6 and 1:66 respectively around,y
ex. This step also decimates he range image as the pointy 4, gyes of the principal direction method are reported in

become equally spaceq ata Imm d's.‘?me alomydy [7]. Such error ranges can affect the accuracy of the shape
axes as opposed to the irregular submillimeter accuracy of residues. However, their projections on the plane are

the raw data. Finally, the range image is smoothed using ot largely affected in such error ranges. Fine registration

Gaussian lter. according to the forehead and nose region can produce ac-
curate shape residues as this region is the least affected by
facial expressions.

The facial scans are cropped around the nose tip and The shape residues are computed from the nely regis-
their poses are corrected to frontal view according to the tered scan pairs simply by taking the difference between
principal directions using the approach by Mian et all. [  the nonfneutral and the neutral scans. Because each train-
That approach gives suf cient cropping and pose<orrection ing scan pair belongs to the same subject, the shape residues
accuracy such that it can be used for modeling expressionare expected to be rich in information that is relevant to ex-
deformations using PCA and initial coarse registration for pression deformations while they are low in personspeci ¢

2.2. Automatic Cropping and Pose-Correction
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Figure 1. Block diagram showing how the expression deformation model is built.

facial shape information. Although the shape residues of
a given facial expression are generally similar for different
people, variations can take place. For that reason the train-
ing data has scan pairs belonging to a suf ciently large num-
ber of people with diversity in gender and race. Based on
these properties of the training data, the application of PCA
on the shape residues models generic expression deforma-
tions of the human face while it lacks the capacity to model
the shape of the human face itself. Consequently, when the
model is used in face matching (Sectignr), the expres-
sion deformations can be removed (morphed out) without
over-tting the 3D facial scans of different people.

2.3.1 Fine Registration of Scan Pairs

The region of the forehead and nose in one scan of the pair
is determined using the binary mask shown in Fig(top

left). Given that the scan pair is cropped, posecorrected rig e 2. 3D facial scan pairs registered according to the forehead
and the nose tip is brought to the center of the range imageyng nose region of the face (semitigid region). The Lst row shows
(Section2.2), the shape of that mask covers substantial partsthe binary masks which were used to detect the region in the pose
of the forehead and the whole nose of every face. As thecorrected range images and an example range image. The solid
two facial scans are registered according to a subregion,regions in the scan pairs are registered using ICP and the same
the points which are far away from the reference region arerigid transformations are applied to the other regions of the face.
considered to be redundant. The redundancy is removed bybetter seen in color)
applying a dilated version of the rst mask to the other scan.

Then the two masked regions are converted from the
range image to the pointcloud representation (list of 3D tu- range at the crack is linearly interpolated. This conversion
ples),P andQ (the one with the extended mask). ICP is approach is computationally cheap. The rounding errors are
then used to register them. In the ICP algorithm the clos- intangible if the approach is not used iteratively (which is
est point search is performed for the pointsFin(i.e. the the case).

searched pointcloud Q) to avoid improper closestpoints Fig. 2 shows examples of scan pairs nely registered ac-
at the mask borders. The total rigid transformations pre- cording to the forehead and nose region. It is noticed from

formed by ICP orP is then applied on the remaining un- the gure that the registration is consistent despite expres-
masked pointsP?= RP2+ t. Note that the second facial  jon variations.

scan did not undergo transformations and it already exists
in the range image representation.

The pointcloud of the whole face (combined masked and
unmasked) is converted to a range image representation ag.3.2 PCA of Shape Residues
follows. Thex andy coordinates of the pointcloud tuples
are rounded to the nearest integers. Then theaioordi- Letle andl,, denote respectively the nely registered non-
nates are stored in the pixels of the range image indexed byneutral and neutral range images of fHl training scan
the roundedk andy coordinates. If a pixel is indexed by pair. Theith shape residue is the difference between the
more than one tuple the one with the maximaris stored two range imageRR; = l¢, |n,. PCA[11] is applied on
in the pixel (deemed selfoccluded). Since the scan pairs arethe shape residues and a lower dimensional PCA subspace
initially pose<corrected, the ne registration is not expected is found. The shape residu&s are vectorized inton

missing data in the range image (crack) might appear. Theeigenvalues of the covariance matrix(Eqn. 1) are found,
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Figure 3. Some eigenvectors which span the shape residue PCA
subspace (our Expression Deformation Model).The images in the
top row are the 1st, 2nd, 3rd and 9th eigenvectors, respectively
from the left. The 10th, 11th, 25th and 26th are in the bottom row.
Notice that the top eigenvectors are more relevant to the largely
deformable regions (e.g. the mouth) and the deformations in the
other regions gradually appear in the lower eigenvectors.

wherek  m.
= (ri r)(ri r)y (1)

Wherer is the average shape residue and their number.
The subspace spanned by theigenvectors is represented
by a matrixE in which the columns are the eigenvectors.
Some of the eigenvectors of the matrixare shown in  Figure 4. The images in the rst row are shape residues (each from
Fig. 3. From their shapes, the relevance to facial expres-the same subject) followed by their projections on the PCA sub-
sions can be perceived to some extent. The eigenvectorspace (second row). Their projection on the PCA subspace retains
with higher eigenvalues are largely related to the large ex-most of the shape residues. When the residues are found from
pression deformations. For example, it can be seen in thescans belonging to different subjects (3rd row), their projections
gure that the rst eigenvectors are largely relevant to the ©n the PCA subspace lost more of the shape residue (4th row).
open mouth expression and those which involve large cheekThe last row shows that the projections pf thg faglal scans are not
deformations. As the eigenvalue decreases, smaller expresg;gt%?tlgg by the PCA subspace as their projections are severely
sion deformations appears in the eigenvector. For example, '
the deformations at the eyebrows, eyes, nose and forehead
appear clearly in the eigenvectors with the 9th eigenvaluethe residues of the same subjects. The average ratio of re-
and beyond. tained shape (computed as the squared sum)in the
To test how the expression model can model unseen fa-two cases is about 4:1. The projections of facial scans on the

cial expressions, novel shape residugs (, ) are projected  subspace are severely distorted, indicating that the subspace

on the subspacdeé according to the following equation models the expression deformations but not the human face.
S 1es We conclude that simply the projection of shape residues on
rp, = E(ETE) "E7rp, (2)  the subspace can be used for nonrigid face matching (model

N . tting), see Section2.4. The projection is computationally
The projection of unseen shape residues on the subspace re- . . . - - TR
. ) . Cheap in comparison to the iterative numerical minimization
tains most of the shape residues if they are computed from . : .
: S ; techniques used in model tting.
the same subject. When projecting shape residues com-
puted from facial scans that belong to different people (i.e. .
the difference between two different faces), the residues in2'4' Face Matching
this case are not merely expression deformations. These Nonyigid 3D face matching of a probP to a number
shape residues are expression deformations plus other shape gallery 3D facial scan& ..., is performed as follows.
disparities between the subjects. The projection of suchThe probep and the gallery scans are pose<corrected and

shape residues on the subspace lose much more shape thanopped as described in Sectigr?. ThenP is nely reg-
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istered to each gallery sc&;, in a similar way to the reg-
istration of the training scan pairs (Secti@r3.1). From
each registered probe and gallery, a shape restiués
computed. One of these shape residues represent purely
expression deformations, the one in which the probe and
the gallery scans belong to the same subject. The shape
residues are then vectorizedand they are projected on the
expression deformation subspagg according Eqn2, ex-

cept that the projection is modi ed to avoid the effects of
the borders and the outliers in the data and also the projec-
tion is restricted to the portions of the subsp&ci which
realistic expression residues can exist (see Segtibiand
2.4.2). Negative similarity measures are extracted from the
error vectore; between the shape residues and their projec-
tions on the expression deformation subspacaccording

to Eqn. 3 and4. The gallery scan with the minimum value

of s; is considered to be the probe's match. The elements
of the error vector are checked against a threskepldnd
those which exceed are truncated. This truncation helps

in mitigating the effects of outliers (which might be caused

by hair or any other error source) & as thes; will not be Figure 5. These are examples of morphing expressions from non-
overpenalized when the identity of the probe is matching neutral 3D facial scans (left column) to different nonneutral ex-
the gallery. A value oBmm is chosen for the threshod. pressions in other scans (middle column). The 3D scans on the

left are deformed according to the expression deformation model

Lete! denote thg th element of the vectoe; .
: § ' so that they better tthe middle scans (shown in the right column).

. Y Y
J = riorh forrorh e

‘ & for rl 1l >e )
s = e e 4)

2.4.1 Ouitlier Tolerant Projection

The solution of Egn. 5 is the least square minimization

In theory neither the probe scan nor the gallery oneswhich can be sensitive to the outliersrin To avoid intro-
need be neutral. In fact, the projection of the shape residueducing outliers at nonoverlapping regions at the borders,
on the expression deformation subspace can morph out exthose elements are removed framand their correspond-
pression deformations between any two nonfeutral expres-ing elements in all the columns & are also removed (or
sions. The projection (Eqr) is split into the following two simply they can be set to a value of zero). Also the arti-
Eqgns. facts at the borders of the eigenvectors which are caused by
(E*E) E>1, ®) the same reason (border_s) are sim_ilarly removed and their

! corresponding elements im, producing a residue, and

rm, = Ec; (6) matrix Ep. Any other elements which can be deemed as
outliers such as those which unrealistically have high shape
residue values are also removed, produgipg and Eye.

Ci

Wherec; is a vector of eigencoef cients. Eqn5 is the

solution to the overdetermined system, = Ec;. Then Then th action i ted using E dthe si
the projected shape is reconstructed according to Eqn. en the projection 1s computed using gran € sim-
arity measure is extracted fromy, andry according to

Let r 4 denote the shape residue between two scans undeE 3 andd
nonneutral expressiona andb. Suppose that there is a qnss ands.
hypothetical neutral scan. Then morphing the facial expres- _ > 1>

; . . . . rop, = En(EfE E{ofbo 8
sion from expressio@ to b is equivalent to morphing the bp: b(EboEo) “Epolbo (®)
facial expression from the neutral face to expressidtcy, o o
minus the morph from the neutral expression to expression2-4.2 Restrictive Projection

a, Eca. The projection described in Eqn.8 has shown a high
E(E*E) 'E>rap= E(Cp Ca) (7 recognition performance. However, by imposing restric-
tions on the eigen<oef cients of the projection to their nat-
Fig. 5 shows examples of 3D facial scans with ex- yral ranges, it was shown that the performance can be fur-
pression morphing between nonneutral probes and galleryther improved. This is because not all the combinations
scansg + rap. of the eigenvectors represent realistic expression deforma-
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tions. Consequently, the restriction reduces the chance ofabout 2410 neutral scans and about 1597 that have various
over-tting the 3D faces belonging to different people. facial expressions.

To learn what are the natural ranges of each eigen- The FRGC dataset was augmented by 3006 scans that
coef cient ¢, the training residues are projected oito were acquired using a Minolta vivid scanner in our labora-
Then, the mean and the standard deviations of the eigentory. The 3006 scans belong only to three subjects (1000
coef cients are computed,; and ;, respectively. An ad- nonneutral scans and 2 neutral per subject). The non-
ditional cost proportional to the deviations fromand in- neutral scans were acquired while the subject was talking
versely proportional to; is added to the implied objective or reading loudly and with the intention to produce as di-
function of the projection (sum of least squares). It turned verse facial expressions as possible. The FRGC dataset
out that the mean values are close to zero, considering theihave scans for a large number of subjects but we also need
corresponding standard deviations. For simplicity, we as-a large number of nonneutral scans per subject for exper-

sumed they are zeros. iment no. 3 (Sectior3.5). In addition, some of them are
A k k diagonal matrix with these elements used in modeltraining (Sectidh?) as it turned out that the

f%; N %g on the diagonalN! ) is concatenated to the expression deformation model requires large training data.

end of the matrixEp, in Eqn. 8, giving a new matrix o

Er = > M . Sin the matrix is called the stiff- 3.2. Mode! Training Data

ness factor. The vectar,, is padded withk zeros at the The training partition of the FRGC was not suf cient for

end, givingr, (k is the lower dimension). The residue is training our Deformation Expression Model. Insuf cient

then projected using Eqg®. training data can result in noisy eigenvectors (of the model,

Section2.3), especially those with lower eigenvalues. Also,

rmp, = En(E7 Er) 'Efr, (9) a smaller training data may lack enough instances of facial

expressions of different people. Consequently, the model

The t(BaI cost incurred by the restrictiéhis expressed as may not perform optimally during face recognition.
c= (£c)?, wherec is theith eigencoef cient To test how the size of the training data affects the per-
(See Eqns5 and6). formance of the deformation model, three Expression De-

The eigenvalues equivalently can be used instead of theformation Models were trained using training data of 400,
standard deviations;. However, using the standard de- 800 and 1700 scan pairs. Then, they were used in nonrigid
viations gives us some intuition about the determination face recognition of 400 unseen probes under nonneutral ex-
of an appropriate value of the stiffness factor. Knowing pressions with an appropriate subspace dimension of the de-
that an average tting cost (least square sum) of matchedformation model (the dimension is 55, see Secfid). The
(same subject) probes and galleries is roughly about 15000identi cation rates in the three cases were 89%, 93%, and
The stiffness factos which makes the restriction coét 95%, respectively. The rates have increased for larger train-
for eigencoef cients ¢i-; ..k that are deviated from their  ning data sizes.
means (zeros in our case) by one standard deviakieng(s- In the following experiments, the Expression Deforma-
sumed about 50) sums up to one third of the nontestricted tion Model which gave best results (the one which is trained
average cost is about 10. By performing recognition using by 1700 pairs) was used as the generic deformation model.
S=125,5, 10, 20 and 4f) it was shown empirically that  The 1700 pairs were formed from the training partition of

S = 20 achieves the best performance. the FRGC dataset plus 597 nonneutral scans from the eval-
uation partition (leaving about 1000 nonfeutral scans for
3. Experiments testing) and 500 scans from the data we acquired. Although

) we had 2500 more nonneutral scans in our dataset, we used
A number of experiments were conducted on the pro- onjy 500 of them so that the deformation model is not bi-

posed approach. This section describes the experimentsased toward the expressions of the 3 people in our dataset.
the dataset on which the experiments were conducted and

presents their results. 3.3. Experimentl: Optimal Subspace Dimension

This experiment aims at nding empirically the most ap-
propriate dimension of the subspace of the Expression De-
The FRGC v2.0 is currently the largest publicly avail- formation Model. The dimension of the deformation model

able 3D face dataset. It contains about 5000 3D facial scansn uences the recognition performance positively in one
under neutral and nonneutral expressions. The dataset setvay and negatively in another way. On one hand the higher
is composed of two partitions: the training partition (943 the dimension of the subspace is, the more it is expected to
scans) and the evaluation partition (4007 scans). The evalimodel ne deformations (as it appears from the eigenvec-
uation partition scans belong to 466 subjects and containstors shown in Fig.3 in Section2.3.2. This factor pushes

3.1. Dataset Description
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Figure 6. Identi cation rate versus the dimension of the subspace
in the deformation model.

for a higher recognition performance. On the other hand,
at higher dimensions there are more chances for over-tting
probe and gallery scans which belong to different subjects.

NonRigid 3D face matching was applied on 500 un-
seen probes under nonneutral expressions using deforma-
tion models that have subspace dimensions ranging from 15
to 85. Their rst rank recognition rate (as shown in Fig).
has noticeably increased at the very low dimensions. Then
it is almost leveled at its best performance at the range ofFigure 7. The ROC and CMC curves of the non+igid recognition
dimensions from 35 to 65. For dimensions more than that, approach on the FRGC dataset when restricted projection is used
minor performance degradations are noticed when the di-(toP) and when it is not used (middle). Our approach gave signif-
mension increases. In the following experiments, we useicantly higher recognltlon_ perfor_mance in comparison to the rigid
the deformation model with a dimension of 55. ICP approach (bottom), in particular for facial scans under non-

neutral expression.

3.4. Experiment2: Performance on FRGC Dataset

One neutral scan per subject is enrolled in the gallery than that with nonsestricted projection. Another aspect of
dataset (466 subjects). Then the remaining FRGC valida-the results is that the performance of the two non¥igid ap-
tion scans are used as probes. Nontigid recognition is per-proaches does not deteriorate with facial expressions as it is
formed using both restricteds(= 20) and nonvestricted  the case with the rigid approach.
projections (the model dimension is 55). The recognition = The veri cation rates at 0.001 FAR in the case of the
performance for the unseen nonneutral probes and thosenonsigid approach with restricted projection are 97.8%
which were used to augment the training data are foundand 98.35% for the unseen nonneutral probes and neutral
separately. The results in both cases are compared to thosprobes, respectively. For the probes which are used to aug-
when nonfigid recognition is used (plain ICP, faces are reg- ment the training data, the veri cation rate was 97.68%.
istered according to the semirigid region of the face). At that FAR, the training probes seem to have no advan-

The scores in the similarity matrices are normalized row- tage over the unseen ones. The veri cation rate for all
wise to range from zero to one according to the following the nonneutral probes is 97.73%. A veri cation rate of
formula (Eqn.10). 98.14% was achieved for all the probes (neutral and non-

s s neutral). Its rst rank identi cations are 94.8%, 95.95%
o- 2 T (10) and 95.2% respectively for the unseen, training and com-
Smax  Smin bined nonneutral probes. The neutral versus neutral iden-
where spin  and syax  are the minimum and maximum ti cation rate is 97.58%. The identi cation rate for all the
scores in the row of the similarity matrix arsgd ands? are probes is 96.52%.
theith nonnormalized and normalized scores in the matrix In comparison to that, the nonestricted projection
row, respectively. achieved veri cation rate at 0.001 FAR of 96.8% for the

Fig. 7 shows the ROC and Cumulative Matching Charac- case of nonneutral probes and 97.94% for the neutral ones.
teristic (CMC) curves for the three cases. The two non+igid As shown in Fig. 7 at lower FAR the restricted approach
approaches gave a signi cantly higher recognition perfor- maintains high veri cation rates even better than the the
mance in comparison to the rigid approach in both identi - non+estricted approach. Its rst rank recognition rate is
cation and veri cation. Also, the performance of the non- 94.07% for the nonneutral probes and 95.63% for the neu-
rigid approach with restricted projection is noticeably better tral ones. The CMC curves of the restricted approach rise

S
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and settle more quickly than the non+estricted approach.
The rigid ICP approach achieved reasonable performance
on the neutral scans (93.3% rst rank identi cation) but low
peformance for the nonneutral scans (about 54%).

3.5. Experiment3: Person-specic Deformation
Model

This experiment aims at measuring the performance of':Igljlre 8 Personspeci ¢ deformation models gave very high
recognition performance (all the probes are under facial expres-

the nontigid approach when a personspeci ¢ deformation sions)

model is used instead of the generic one. In this case the '

gallery contains a neutral image per subject and a deforma- ] )

tion model per subject as well. The personspeci ¢ defor- N the FRGC dataset is the best 3D (unimodal) face recog-

mation models are generated from training data belonging”ition performance in the literature. In addition, the system
to the same subject. can further improve the recognition performance by adapt-

ing personspeci ¢ deformation models during the deploy-

This approach requires model training data for every > .
ment stage of the system as shown in one of our experi-

personspeci ¢ model. However, there are practical ap-
plication scenarios for this approach. For example, the MeNts. _ _
recognition system can start with a generic model then as  ACknowledgementsThanks to F. Enezi and S. Harbi for
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