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Abstract

The face is an easily collectible and non-intrusive biomet-
ric used for the authentication and identification of indi-
viduals. 2D face recognition techniques are sensitive to
changes in illumination, makeup and pose. We present a
fully automatic 3D face recognition algorithm that over-
comes these limitations. During the enrollment, 3D faces
in the gallery are represented by third order tensors which
are indexed by a 4D hash table. During online recognition,
tensors are computed for a probe and are used to cast votes
to the tensors in the gallery using the hash table. Gallery
faces are ranked according to their votes and a similarity
measure based on a linear correlation coefficient and reg-
istration error is calculated only for the high ranked faces.
The face with the highest similarity is declared as the rec-
ognized face. Experiments were performed on a database
of 277 subjects and a rank one recognition rate of 86.4%
was achieved. Our results also show that our algorithm’s
execution time is insensitive to the gallery size.

1. Introduction
The science of biometrics is defined as the automated use
of physiological and behavioral characteristics to determine
or verify an identity [2]. Verification (also known as au-
thentication) is a one-to-one matching process whereby an
individual’s biometric signature is matched with the tem-
plate of the identity claimed. The output is a binary decision
(accept or reject). Identification on the other hand is a one-
to-many matching process whereby an identity is associated
with an individual by matching the biometric signature with
the template of every identity in the database. The result in
this case is a list of candidate identities sorted according to
their degree of match. In this paper, our main focus will be
on the more challenging problem of identification.

The face is an attractive biometric because of its univer-
sality, ease of collectability and the non-intrusive nature of
measurement [10]. 2D face recognition has been around for
a while in the research community however 3D face recog-
nition is a relatively niche area and has gained popularity
only recently. Many of the limitations of 2D face recogni-

tion, for example its sensitivity to illumination, makeup and
pose, can be overcome using 3D face recognition. More-
over, 3D face recognition algorithms can be combined with
2D face recognition algorithms to achieve multimodal face
recognition for higher accuracy (see Section 2 for a brief
literature review).

In this paper, we propose a novel pose invariant 3D face
recognition algorithm. Our algorithm is fully automatic and
does not require any prior normalization or registration of
the probe or gallery faces as opposed to our prior work [17].
As a matter of fact, registration of the probe comes as a by
product of our recognition algorithm. Briefly our algorithm
proceeds as follows. During enrollment, the gallery1 is built
by representing each face with multiple third order tensors
[15] (approximately 400 tensors per face). These tensors
are then indexed by a 4D hash table for quick referencing.
During recognition, tensors are computed for the probe and
are used to cast votes to the tensors in the gallery using the
hash table. A similarity measure is then calculated between
each probe tensor and with only those gallery tensors which
receive votes above a certain threshold. The top 10 faces
with the highest similarity are then registered to the probe
face by aligning their matching pair of tensors. This regis-
tration is refined with the ICP algorithm [1] and the gallery
faces are rearranged by fusing the registration error with the
similarity measure. We performed experiments on the bio-
metrics database of the University of Notre Dame [5][9][18]
comprising 3D probe and gallery faces of 277 subjects and
achieved a rank one recognition rate of 86.4%.

2. Previous Work

Related work in the area of 3D face recognition includes
the following. Chua et al. [7] extracted point signatures [6]
of the rigid parts of the face for expression invariant face
recognition. However, they only performed experiments on
a small database of 6 subjects and reported a 100% recog-
nition rate. Blanz and Vetter [3] estimated the 3D shape of
a face from its 2D images using morphable models. The

1The database of enrolled faces is referred to as “gallery” and the face
to be matched during online recognition is referred to as “probe”.
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Figure 1: (a) A shaded view of a 3D face (24000 triangles).
(b) After simplification (400 triangles).

3D faces were then used for pose and illumination invari-
ant recognition and a recognition rate of 95% was reported.
However their algorithm requires the manual identification
of approximately seven feature points each on the front, side
and profile views of a subject. Xu et al. [20] combined
global geometric features with local shape variation to per-
form automatic 3D face recognition. They report 96.1% and
72.6% recognition rates when using a gallery of 30 and 120
subjects respectively2. Lu et al. [13][14] used feature de-
tection and registration with the ICP [1] algorithm for 3D
face recognition. In [14], they reported a recognition rate
of 96.5% but with a manual identification of control points
and on a small gallery size of only 18 subjects. In [13], they
reported a recognition rate of 90% with automatic feature
point extraction but on a smaller gallery size of 10 subjects.
Lao et al. [12] used stereo vision to acquire range images
of faces and performed pose invariant 3D face recognition.
They achieved a maximum of 96% recognition rate on a
gallery size of 10 subjects.

In addition to the individual 2D and 3D face recognition
approaches, some researchers have also investigated fusion
of these two approaches. Such approaches generally per-
form matching on the basis of 2D images and 3D range im-
ages separately and the results are then fused. Some exam-
ple techniques which use this hybrid approach include the
following. Chang et al. [5] used a PCA-based approach for
separate 2D and 3D face recognition and fused the results
using a certainty-weighted sum-of-distance. They achieved
a recognition rate of 93% using 3D facial data alone and
a recognition rate of 99% for multimodal face recognition
using 2D and 3D facial data. Their algorithm however re-
quires the manual identification of control points for reg-
istering the faces. Wang et al. [19] used Gabor Wavelet
filters in the 2D domain and point signatures [6] in the 3D
domain for feature extraction. The results of the 2D and
3D feature matching were fused using a support vector ma-
chine (SVM). They report a recognition rate of above 90%
on a gallery of 50 subjects and conclude that the integrated
features (2D and 3D) perform better than the individual fea-

2Notice the significant effect of gallery size on the recognition rate.

tures alone. Bowyer et al. [4] give a detailed survey of 3D
face recognition algorithms and conclude that there is still
a need for the development of an improved face recognition
algorithm.

In this paper, we focus on the automatic 3D face recog-
nition problem. We perform face recognition using the 3D
faces only and without using any texture information. Our
algorithm however can be fused with any 2D recognition
algorithm for improved multimodal recognition.

3. 3D Face Representation
In this section, we shall briefly explain our tensor represen-
tation. For a more elaborate explanation of the represen-
tation the reader is referred to [15]. The range image of a
face (in the form of a point cloud) is first triangulated and
then decimated using Garland’s algorithm [8] to 400 trian-
gles per face. Note that this is an extremely low resolution
compared to the original resolution of the database of the
University of Notre Dame [18]. Normals are then calculated
for each vertex of the mesh. The vertices are then paired ac-
cording to a distance and angle constraint. According to the
distance constraint the distance between two vertices in a
pair should be within 75mm and 110mm. According to the
angle constraint the angle θd between the vertices in a pair
should be within 5o and 60o. Since the number of possible
vertex pairs is still likely to be large, only 400 valid vertex
pairs are randomly selected.

Each valid vertex pair is then used to define a 3D basis
with origin at the center of the two vertices. The average
of the vertex normals defines the z-axis, their cross product
defines the x-axis and the cross product of the z-axis with
the x-axis defines the y-axis. This coordinate basis is then
used to define a 15 × 15 × 15 grid centered at the origin.
Next, the surface area of the face crossing each bin of the
grid is recorded in a third order tensor. Each element of the
tensor is the face surface area that intersects the bin which
corresponds to that tensor element. Since most of the bins of
the grid are likely to be empty, the resultant tensor will have
many zero elements. Therefore, the tensors are compressed
into a sparse form to cut down on memory utilization.

The tensors of gallery faces are indexed by a 4D hash
table. Three dimensions of the hash table correspond to the
i, j, k indices of the tensor elements whereas the fourth di-
mension corresponds to θd. θd is quantized into bins of 5o.
For each tensor of each gallery face, the tuple (face number,
tensor number) entry is made in all the bins of the hash table
corresponding to the i, j, k indices of the non-zero elements
of the tensor and θd of the tensor.

4. 3D Face Recognition
During recognition, tensors are calculated for the probe face
as described in Section 3. The i, j, k indices of the non-
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Figure 2: Illustration of the tensor. A 10× 10× 10 grid de-
fined over the face. The surface area of the face intersecting
each bin of the grid is the value of the tensor element corre-
sponding to the bin. (This figure is best viewed in colour.)

zero elements of each tensor and its θd are then used to cast
votes to the tuples (face number, tensor number) which are
present at the corresponding index positions (i, j, k, θd) in
the hash table. The tensors (not the faces) that receive fewer
than 0.7nt votes are discarded (nt is the number of non-zero
elements of the probe tensor). Next, the similarity measure
between the remaining pairs of tensors is calculated. To
cater for holes (missing data as in the bottom right image of
Fig. 4) in the probe and gallery, the two tensors are matched
only in their overlapping regions (i.e. index positions where
both tensors have nonzero elements). A vector is extracted
from each tensor which comprises only the overlapping in-
dex elements of the respective tensor. We denote these vec-
tors by pi for probe and gi for gallery (where i = 1, . . . , np

and np is the number of overlapping nonzero indices of the
two tensors). The linear correlation coefficient Cc of pi and
gi is then calculated using Eqn. 1. Cc is then weighted by
the number of tensor elements np used to calculate it using
Eqn. 2 to calculate the similarity between the probe and the
gallery face.

Cc =
np

∑
pigi −

∑
pi

∑
gi√

np

∑
p2

i − (
∑

pi)2
√

np

∑
g2

i − (
∑

gi)2
(1)

S =
np

nt
Cc (2)

In Eqn. 1, all summations are performed from i =
1, . . . , np. In Eqn. 2, S is the similarity measure between
the two tensors. The top 10 gallery faces (not tensors) with
the highest individual similarity measures and highest av-
erage similarity measures are then registered one by one to

the probe face. This is performed by transforming the coor-
dinate basis of the gallery tensor to the coordinate basis of
its matching probe tensor (see Eqn. 3 and 4).

R = B�
g Bp (3)

t = Op − OgR (4)

In Eqn. 3, Bg and Bp are the 3×3 matrix of x, y, z coor-
dinate vectors of the gallery and probe tensors respectively.
In Eqn. 4, Og and Op are the 1×3 vectors of coordinates of
the origins of the gallery and probe tensors respectively. R
and t are the 3×3 rotation matrix and 1×3 translation vec-
tor that align the two coordinate bases and hence the gallery
with the probe. This transformation provides a coarse reg-
istration of the probe and gallery face which is refined with
the ICP algorithm [1]. The registration error between the
probe and the gallery face is then calculated using Eqn. 5
and fused with the similarity measure S using Eqn. 6.

e =
1
n

n∑

i=1

‖GiR + t − Pi‖ (5)

Sr =
Sdr

e
(6)

In Eqn. 5, Gi and Pi are the corresponding points of
the gallery and probe respectively. R and t are the rotation
matrix and translation vector (after refinement with the ICP
algorithm) that align the gallery face to the probe. n is the
total number of corresponding points between the two faces
and e is the average error. In Eqn. 6, dr is the resolution
(mean edge length of the mesh) of the gallery face. The
gallery faces are finally ranked according to the fused simi-
larity measure Sr and the face with the highest value of Sr

is declared as the recognized face.

5. Experiments
We performed our experiments on the 3D face database of
the University of Notre Dame [5][18]. This database con-
sists of multiple facial range images (and their correspond-
ing 2D images) of 277 subjects acquired at different times.
For details of the database the reader is referred to [5]. The
resolution of this database is very high (480 × 640); there-
fore we down sampled it to 240×320 in order to gain mem-
ory efficiency. Although each subject in this database was
asked to look directly into the camera and have a normal
expression [5], the database still contains variations in pose
and expression. Moreover, the database also has variations
in the spatial resolution of the faces and illumination con-
ditions. Fig. 3 shows an example of pose variation in the
database. The pose variation is small, however it is still sig-
nificant for 3D face recognition and would require a prior
normalization of the pose unless a pose invariant 3D face
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Figure 3: Example of pose variation in the database. The
pose variation is small however it is still significant for 3D
face recognition.

recognition algorithm is used. Fig. 4 shows an example of
expression variation in the database (the left face has nor-
mal expression while the right one is smiling). Notice that
there is a significant change in the 3D facial surface as a
result of the expression change (Fig. 4 second row).

Fig. 5 shows an example of spatial resolution variation
in the database. The left face in Fig. 5 has a point cloud of
9,760 points (resolution = 2.81mm) whereas the right one
has a point cloud of 24,704 points (resolution = 1.46mm).
The 3D faces corresponding to the 2D faces of Fig. 5 are not
shown because it is not possible to visually differentiate be-
tween the two resolutions (as both of them are high). Fig. 6
shows an example of illumination variation in the database.
Notice that despite the significant illumination variation in
the 2D images (Fig. 6 first row), there is virtually no varia-
tion in their corresponding 3D images (Fig. 6 second row)
except for a few holes in the right 3D image.

6. Results
We tested 242 probes in our experiments and did not per-
form any normalization of the probes or the gallery and
nor did we register the faces by manually identifying fea-
ture points on the faces. Our gallery comprised a single 3D
face for each of the 277 subjects. Recognition was also per-
formed on the basis of a single probe per trial. Fig. 7 shows
our recognition results. We achieved a rank one recognition
of 86.4% which is less than the rank one recognition rate
reported in [5]. However, it should be noted that our algo-
rithm is pose invariant and does not require any prior regis-

Figure 4: Example of expression variation in the database.

tration of the faces which was performed by manual selec-
tion of feature points in [5]. Moreover, we did not process
the range images to remove spikes and interpolate holes as
our algorithm is robust to such anomalies in the range data.

To evaluate the performance of our algorithm when used
for authentication purposes, we calculated the probability
distributions of the genuine and impostor probes (see Fig.
8). The genuine probes are the ones that are matched with
their corresponding gallery faces. The impostor probes are
the ones that are matched with a different gallery face that
has the highest similarity measure. These two distributions
can be used to select a threshold and then calculate the false
acceptance and false rejection rates or vice versa [11]. Se-
lecting a threshold of Sr = 1.3 (where the two curves
cross), the false acceptance and false rejection rates each
become approximately equal to 0.84%. It may be noted that
the distributions of Fig. 8 have been calculated on the basis
of the top 10 matches only.

Fig. 9 shows the performance of our recognition (iden-
tification) algorithm as a function of the gallery size. The
gallery size was varied from 25 to 277 in steps of 25 and the
matching time of our algorithm was recorded. The imple-
mentation of our algorithm was in Matlab 6.5 on a Pentium
4 PC with 1.2 GB RAM. The upper straight line in Fig. 9
shows the matching time as a linear function of the size of
the gallery for comparison purposes. The lower curve in
Fig. 9 shows the matching time of our algorithm. Note that
this curve is almost flat. When the gallery size increases
11 times (from 25 to 277) the matching time increases only
2.7 times (30.0 to 82.4 seconds). This is mainly because
our algorithm uses a simultaneous one-to-many matching
approach (i.e. the hash table based voting scheme). On this
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Figure 5: Example of spatial resolution variation in the
database. The left face has a point cloud of 9,760 points
whereas the right one has a point cloud of 24,704 points.

Figure 6: Example of illumination variation in the database.

Figure 7: Recognition rate up to rank 10. Note that the
recognition beyond rank 10 was not considered.

Figure 8: Probability distributions of the similarity mea-
sures of the genuine and impostor probes. The shaded areas
show the false rejection and false acceptance rates.

Figure 9: Matching time as a function of gallery size. The
upper line shows the matching time as a linear function of
the size of the gallery. The matching time (lower curve) of
our algorithm is almost flat.

basis, we can conclude that our algorithm is not sensitive
to the size of the gallery and can be scaled to even greater
gallery sizes.

7. Discussion
Registration or pose normalization has seemingly been a
prerequisite of most 3D face recognition algorithms. How-
ever, accurate registration of 3D faces is a challenging task
mainly because the identity of the probe is unknown and
there is no accurate matching template to which the face can
be registered. This is in contrast to 3D modeling in which
case one range image is registered to another overlapping
range image of the same object. The pose invariant 3D face
registration problem resembles the classic chicken and egg
problem i.e. recognition requires registration and registra-
tion requires recognition. Chang et al. [5] performed regis-
tration of 3D faces by manually identifying feature points.
However, the results of Lu et al. [13] show that even with
manual identification of feature points, the 3D face recog-
nition rate on a small gallery size of 10 subjects was 90%.
Without manual identification of feature points, the 3D face
recognition rate of [13] was 79%. This also indicates that
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the recognition rates generally drop once the manual idenfit-
ication of feature points is replaced with an automatic fea-
ture identification algorithm. This is not surprising as no
current feature identification algorithm has yet reached an
accuracy comparable to the capability of humans.

Excluding [5] and [3], most of the work cited in Sec-
tion 2 performed experiments on very small gallery sizes.
It should be noted that recognition rates tend to drop when
the gallery size is increased. The results of Xu et al. [20]
support this fact. The face recognition algorithms cited in
Section 2 also do not consider the effect of increasing galley
size on the performance of the algorithm. This is a very im-
portant criterion as in practical biometric applications, the
gallery size is expected to be very large. From that per-
spective, our algorithm is unique in the sense that its per-
formance is relatively insensitive to the gallery size. The
performance of our algorithm can be further improved by
reducing the number of tensors to be calculated (and hence
matched) for each face. This can be done by using an au-
tomatic feature identification algorithm with our approach
and calculating tensors for these identified feature points
only. In the ideal case, if three feature points can be reli-
ably identified on the faces, then our algorithm can repre-
sent each face with a single tensor and achieve a realtime
performance independent of the gallery size. To validate
our claim, we performed a limited number of experiments
using a small gallery size. We used our tensor matching
algorithm after manually registering the probes to their re-
spective gallery faces and achieved 100% recognition rate.
An important point to be noted is that our automatic 3D face
recognition results reported in this paper are not as good as
our automatic 3D object recognition results [16] because
face is a non-rigid object.

8. Conclusion
We presented a 3D face recognition algorithm capable of
recognizing faces from arbitrary pose. Our algorithm does
not require the manual identification of feature points on
the faces for their registration or any preprocessing of the
3D faces to remove spikes and interpolate between holes.
The algorithm was tested on a large gallery consisting of
277 subjects and a recognition rate of 86.4% was acheived.
In the future, we intend to reduce the number of tensors re-
quired per face and fuse 2D recognition with our algorithm
for multimodal face recognition.
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