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Abstract

Faceis animportant biometric for the identi cation and authentication of individuals. 2D facerecognition
techniqueshave beeninvestigatedfor a long time. Howewver, 3D facerecognition is a relatively niche area
of researti. We proposea novel algorithm for 3D facerecognition. A gallery of 3D facesis generatedand
saved along with their tensor represenation (shape descriptors) during an o ine phase. During online
recognition, a tensor is generatedfor the range image of a probe face and matched with the tensors of
gallery facesusing a weighted linear correlation coe cien t as the matching criterion. The gallery face
with the maximum correlation is declaredto be the recognizedface. Preliminary experiments on a gallery
of 20 faceshas shawvn that our algorithm has a recognition rate of 95%.

Keywords: Biometrics, authentication, 3D face recognition, 3D represenation, shape descriptor.

1 Introduction

Facerecognition using 2D imageshas beeninvesti-
gated by many researters [1][2][3] becauseof the
relative easeand econony of 2D image acquisi-
tion. Howewver, a major limitation of 2D imagesis
their sensitivity to the changesin illumination and
pose. In addition to theselimitations, makeup (in-
cluding jewelery and glasses)can also signi cantly
changethe 2D appearanceof faces. To overcome
these limitations, 3D face recognition has gained
increasing popularity over the last decade. The
invariant properties of 3D images (range images)
to the changesin illumination, poseand makeup
hasmadethem more attractiv e for facerecognition
comparedto their 2D courterpart. Moreover, 3D
imagescan now be obtained relatively faster and
cheaper than ever [4][5][6].

We propose a novel algorithm for 3D face recog-
nition. Preliminary tests have been performed on
a gallery of 3D facesobtained from the Princeton
bend mark [7] and probe facesgeneratedsynthet-
ically from the gallery faces. Limited tests have
alsobeenperformedon 3D facesacquired using our
range image acquisition system. Our preliminary
results show that our algorithm yields a recognition
rate of 95%. We aim to perform a more rigor-
ous testing of our algorithm by building a large
databaseof in housesubjects.

2 Related Work

Related work in the area of 3D face recognition
includes the following. Chua et al [8] extracted
point signatures[9] of the rigid parts of the facefor
expressioninvariant face recognition. Blanz and

Vetter [10] estimated the 3D shape of a face from
its single image using morphable models. The 3D
faceswere then usedfor poseand illumination in-
variant recognition. Xu et al [11] combined global
geometric features with local shape variation for
3D face recognition. Lu et al [12] used feature
detection and registration with the ICP [13] al-
gorithm for 3D face recognition. Lao et al [14]
performed 3D face recognition using stereovision.

In addition to the individual 2D and 3D facerecog-
nition approades, hybrid approacdes also exist.
Sud approaces generally perform matching on
the basis of 2D imagesand 3D imagesseparately
and the results are then fused. Examplesof hybrid
approadesinclude the following. Chang et al [15]
used a PCA-based approad for separate 2D and
3D face recognition and fused the results using a
certainty-weighted sum-of-distance. Their experi-
merts indicated that the fused results were better
comparedto the individual recognition rates [15].
Wang et al [16] used Gabor Wavelet Iter in the
2D domain and the point signatures[9] in the 3D
domain for feature extraction. The results of the
2D and 3D feature matching were fused using a
support vector machine (SVM). The results of [16]
are alsoin favour of the hybrid approad.

This paper focuseson the 3D face recognition
alone. We aim to achieve a high recognition rate
using only the 3D face imagesand without using
any texture information. Our algorithm however
can be combined with any 2D feature matching
algorithm for improved results.



Figure 1: (a) Binary coded light stripesare projected on a face. (b) A 3D cloud of points of the face has
beengenerated. (c) The 3D points are triangulated for form a mesh. (d) A shadedview of the 3D face.

3 Range Image Acquisition

Weimplemerted a structured light rangeimageac-
quisition systemusing a commercial projector and
a digital camera. The camerawas rst calibrated
using a 3D calibration target! (details in Section
3.1). Next, the projector was calibrated by pro-
jecting 2° (b= 7;8, the number of encaling bits)
stripeson the calibration target (details in Section
3.2). Thesestrip es,whenprojected onto a face(see
Fig. 1(a)), bend accordingto the 3D shape of the
face. The stripes are captured from an angle by
the camera. Each stripe is then identied from its
binary code (seeFig. 2) and the 3D coordinates of
the faceare calculated by triangulation. Details of
the strip e identi cation and 3D coordinate calcu-
lation are givenin Section 3.3.

3.1 Camera Calibration

With cameracalibration, the light rays assaiated
with the pixels of the camera can be estimated.
Eqgn. 1 describesa linear transformation of the 3D
world points to the 2D retinal plane coordinates of
the camera.
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In Eqn. 1, u;v are the cameraimage coordinates
of a 3D point in spacewith coordinates X;y;z.
Q is the cameras projective transformation ma-
trix. The u; v coordinates of some3D points with
known X; y; z coordinates on the calibration target
are identied manually in the 2D image of the
calibration target and Q is calculated using a least-
squares approach. Let u; and v; be the image
coordinates of a point i and M = [x; v 7]
be its 3D world coordinates. Egn. 1 can then be
reducedto Egn. 2 and Egn. 3.
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1The calibration target was made of three orthogonal
planes having marked points with known 3D coordinates

Figure 2: There are 7

The stripe pattern.
rows/bits and 128 columns/strip es.

In Egn. 2and Eqn. 3,9, = [¢1 G2 3] where
G1;G2; o3 arethe elemens of row r of Q. To avoid
the trivial solution of g = 0, Egn. 2 and Eqgn. 3
are subjected to the following two constraints.
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With the above constraints, the solution to Eqgn.
2 and Eqn. 3 becomesgzs = 1and Ag = 0. A
isa 2N 11 matrix where N is the number of
referencepoints speci ed for calibration. At least6
points arerequired however in practice more points
are specied for a more accurate solution of the
parametersof the matrix Q.

3.2 Projector Calibration

The projected light stripesarein fact 3D planesof
light which form stripeson any object they strike.
In projector calibration, we nd the equation of
ead of these 3D planes. The generalform of an
equation of a planeis given by Eqn. 6.

ax+ by+ cz+d=0 (6)

To nd the equation of a 3D plane assaiated with
ead stripe, the stripesare rst located. Next, eath
stripe is identied from its unique binary code.
Fig. 2 shows the binary stripe pattern of 7 bits
applied over a sequenceof 7 images. The details
of strip e localization and identi cation are givenin
Section 3.3. Oncethe strip eshave beenidenti ed,

we can calculate the equation of the 3D planes
assaiated with ead stripe using Eqn. 7.
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In Eqn. 7, g ¢ (wherer standsfor row and c for col-
umn) are the coe cien ts of the matrix Q (seeEqn.
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Figure 3: The dotted line is the intensity of a single
pixel column. The full line isits rst derivative.

1). a;b;c;d are the coe cien ts of the equations of
the 3D planesof the calibration target. u andv are
the pixel coordinates along the identied stripes.
X;y;z are the 3D world coordinates of the stripe
from which the equation of the assaiated plane is
calculated using RANSAC (Random Sample Con-
sensus)[17]. Egn. 7 along with RANSAC is used
to calculate the equation of the planes assaiated
with ead of the 2° stripes.

3.3 3D Face Acquisition

During acquisition, the stripe patterns are pro-
jected onto the face and an image is captured for
ead projected pattern (b images are captured).
Additionally, an ambient image and two images
with all stripesturned 'ON' are alsoacquired. The
ambient imageis subtracted from all other images
to remove the e ects of ambient light. We will call
the latter two imagesas HWAS (Half Width All

Strip e) imagesbecausethe strip esin theseimages
have half the width (measuredin projector pixels)
comparedto the strip esin the rest of the projected
pattern. Moreover, there is a one projector pixel
shift in betweenthe strip esof the two HWAS im-
ages. The HWAS images are used to locate the
center of the strip esin the projected pattern at sub
pixel accuracy The ideais to locatethe rising edge
of eadh stripe in one HWAS image and the falling

edge of their corresponding stripes in the other
HWAS imageand then take their mean. This gives
us the certer of the stripe in the 7 imagesof the
projected pattern which is twice aswide compared
to the HWAS image strip esand spatially occupies
their combined location.

The strip e edgesin eadr HWAS image are located
by taking the rst derivative of ead individual

column in the intensity image. Fig. 3 shows the
intensity image of a single pixel column of a HWAS
image along with its rst derivative. The edges
of the stripesare identi ed by locating the peaks
of their rst derivatives. Next, the certroid of
the derivative peaksare calculated in order to nd

the stripe edgeswith sub pixel accuracy This
processis repeated for the second HWAS image
and their corresponding strip e edgelocations are
averagedout for better accuracy Fig. 4 shows the
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Figure 4: Intensity proles of a single column of
two HWAS images,one shawn in full line and the
other with dotted line.

intensity pro les of a single column of two HWAS
images. Note that the falling edgeof a stripein one
HWAS image coincideswith the rising edgeof the
corresponding stripe in the other HWAS image.

Oncethe u and v of the strip e pixels in the image
are located, the sequencenumber of ead stripe
is identied from its unique binary code (seeFig.
2). The "ON' or "OFF' status of a stripe pixel is
determined using two di erent thresholds. Pixels
which are above the upper threshold are consid-
ered "ON' and those which are below the lower
threshold are considered as "OFF'. Pixels which
fall in betweenthe two thresholds are considered
to be ambiguous and are therefore discarded. This
binary code of the strip e pixels tells us the stripe
number. Since we know the equation of the 3D
plane (a;b;c;d coe cien ts) assaiated with eadh
strip e and the equation of light rays (coe cien ts of
Q) assaiated with ead pixel of the camera(Eqgn.
1), we can calculate the 3D location (x; y; z) of the
point corresponding to ead strip e pixel (u; v) using
Egn. 7. Fig. 1 illustrates the processof 3D face
acquisition.

4 3D Face Representation

We useour tensor represettation [18][19] for repre-
serting the 3D gallery and probe faces. A tensors
is basically a three dimensional shape descriptor of
a 3D surface. In [18][19], we used multiple tensors
(approx. 400) to represen a single range image.
Multiple tensors were used to represen dierent
local surface patches of the model and scenein
order to facilitated recognition (or correspondence)
in the presenceof occlusions. However, in the face
recognition scenario,the gallery facesare complete
and there is no object occluding the probe face.
Therefore, we usea singlethird order tensorto rep-
resert ead individual gallery or probe face. The
tensor is the global represertation of the facei.e.
it coversthe ertire surface of the face as opposed
to a local surfacepatch.

A tensor is constructed from the range image of a
face (seeFig. 1(b)) by corverting it into a trian-
gular mesh (seeFig. 1(c)) and then de ning a 3D
grid over the meshsuch that it completely encloses



Figure 5: lllustration of our 3D facerepresenation.
A 10 10 10grid de ned over the triangular mesh
of a 3D face. (This gure is bestviewed in colour).

the face. Fig. 5 shovsa 10 10 10 3D grid
de ned over the meshof a 3D face. To de ne the
3D grid, we need a coordinate basisto which the
3D grid should be aligned. This coordinate basis
must be de ned in a way sud that it is consisten
over all the gallery and probe images. We solve this
problem by registering all the gallery and probe
imagesto a referencemask. We used the range
image of face 1 (seeFig. 6) asthe referencemask
for our preliminary experimerts. The registration
is performedin two steps. First, the tip of the nose
is located in the face range image using a simple
depth criteria at the certral region of the face. This
approach works ne for small rotations between
the probe and mask. The faceis then translated
to the mask by aligning their nosetips. In the
secondstep, the faceis registeredto the maskusing
the ICP algorithm [13]. We useda coarseto ne
approad in establishing correspondencesin our
implemertation of the ICP algorithm to ensure
that the faceswith greater initial rotation error
are also accurately registeredto the mask.

Once the 3D faceis registeredto the mask, a 3D
grid is de ned over it. Next, the surfaceareainter-
sectingead bin of the 3D grid is recordedin athird

order tensor. Each elemen of the tensoris the face
surface area intersecting the bin corresponding to
that tensor elemen in the 3D grid. Two parame-
ters needto be selectedat this stage namely, the
number of bins in the grid and the sizeof ead bin.
Weuseda 30 30 30grid and a bin sizeof 7mm.
Since most of the bins of the 3D grid are likely to
be empty, the resulting tensor will have many zero
ertries. Therefore, ead tensor is compressednto
a sparseform in order to save memory utilization.

5 3D Face Recognition

During online face recognition, a single range im-
ageof the faceto be recognized(probe) is acquired
and a tensor is calculated for the rangeimage after
registering it to the mask as described in Section
4. This tensor is then matched with the tensors

of the complete gallery faces. To cater for occlu-
sions in the probe, the two tensors are matched
in their overlapping regions (i.e. index positions
where both tensors have nonzero elemens) only.
The matching of two tensors proceedsas follows.
First the overlapping indices of the two tensorsare
identied. Next, a vector is extracted from ead
tensor which comprisesonly the overlapping index
elemerts of the respective tensor. We denotethese
vectors by p; for probe and g; for gallery (where
i = 1;:::;np the number of overlapping nonzero
indices of the two tensors). The linear correlation
coe cient C; of p; and g; is then calculated using
Egn. 8. C. is then weighted by the number of
tensor elements n, usedto calculate it using Eqn.
9to calculate the similarity betweenthe probe and
gallery face.
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In Eqn. 8, all summationsare from i = 1;:::;n,
In Egn. 9, S is the similarity measure between

the probe and gallery faceand n; is the total num-
ber of nonzeroelemerts of the tensor of the probe
face. The greater the value of S, the higher is the
similarity between the two faces. S is calculated
between the probe face and all the gallery faces.
The gallery face which has the maximum value of
S is declared as the recognizedface.

6 Results

We generatedour gallery by downloading 3D faces
from the Internet and by acquiring 3D faceswith

our structured light rangeimageacquisition system
(Section 3). Fig. 6 shaws our complete gallery
of 20 three dimensional faces. Note that some of
the facesin Fig. 6 are very noisy and some are
synthetic. Moreover, the resolution of the gallery
facesis alsonot xed. Usingsuc agalleryisin fact
the test of robustnessof our recognition algorithm.

The probeswere generatedsynthetically from the

gallery facesusing VripPadk [21] and a small ro-

tation error was introduced into them. Next, our
algorithm wasusedto recognizeead probe. Fig. 7
shows our results asa matrix of similarity measures
betweenthe probesand gallery. The probes have
a comparatively very high value of similarity with

their corresponding gallery faces. Only probe 15
has a low similarity with its corresponding gallery
face. If we chosea similarity threshold of 0.5, the

recognition rate becomes95%.

In another experiment, we simulated sensornoise
and variations in surfacesampling by adding Gaus-
sian noiseinto ead of the synthetic probesalong



Figure 6: Gallery of 3D faces. From left to right and top to bottom: The rst 16 faceswere downloaded
from [7], the next two faceswere obtained from [20] and the last two faceswere acquired with our
acquisition system. Notice that somefacesare very noisy (face 2 and 14) and someare syrthetic (face

13to 16).

Figure 7: Matrix of similarity measuresbetween
the probe and gallery faces.

Figure 8: Probes corresponding to gallery face 1,
9 and 20 after adding Gaussiannoise( = 1mm).

the sensorviewing direction. Fig. 8 shows three
examplesof noisy probe facescorresponding to face
1, 9 and 20 in the gallery (seeFig. 6). Fig. 9
shows the matrix of similarity measuresfor the 20
noisy probe faces. The similarity between faces
has decreasedby only 0.1 however the recognition
rate remains 95%. We further increasedthe level
of noiseto = 2mm which resulted in the drop
of recognition rate to 80%. Note that in all our
experimerts there was not a single false alarm.

In addition to the synthetically generatedprobes,
we also acquired real probe facesof the last two
gallery subjects (Fig. 6) using our acquisition sys-
tem. A time dierence of 8 days was kept be-
tween acquiring their facesfor usein the gallery
and acquiring their facesfor use as probes. The
acquisition systemwas moved and re-calibrated to
enforce changed conditions. Moreover, to consider

Figure 9: Recognition results after adding noise
with = 1mm in the probes.

Figure 10: In houseacquired probes.

further testing scenarios,the probes(seeFig. 10)
were acquired at a lower resolution compared to
the gallery faces(seeFig. 1 and Fig. 6) which
resultedin alot of holesin the probes. The probes
of Fig. 10 were both correctly recognizedby our
algorithm.

7 Conclusion

We preserted a preliminary version of our novel
3D face recognition algorithm along with results
using synthetic and real data. While only two in
houseacquired probeswere tested, the results are
quite promising. In the future we plan to test
our algorithm on a larger gallery size and with
greater number of real probes acquired with our
structured light system. We also plan to fuse 2D
recognition with our 3D recognition algorithm in
order to further improve the recognition rate.
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