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Abstract

In this paper, we present a novel face recognition algo-
rithm based on the Point Signature - a representation for
Jreeform surfaces. We treat the face recognition problem
as a non-rigid 3D object recognition problem, which en-
ables our algorithm to correctly recognize faces, despite
they having different facial expressions. The rigid region-
8 of the face of one person are extracted after registering
the range data sets of faces having different facial expres-
sions from the same person. These rigid regions are used
lo create a model library for efficient indexing. For a given
test face, models are indexed from the library and the most
appropriate models are ranked according to their similar-
ity with the test face. Verification of each model proceeds
according to their ranking. In this way, the correct model
face can be quickly and efficiently identified. Experimental
results with range data involving 18 human subjects, each
with five different fucial expressions, have demonstrated the
validity and effectiveness of our algorithm.

1 Introduction

Automatic identification of human faces is a very chal-
lenging research area, which has gained much attention dur-
ing the last few years. Most of this work, however, is fo-
cused on intensity or color images of faces [3]; only a few
approaches deal with range images [8, 9, 1, 7]. Howev-
er, there is evidence that range images have the potential
to overcome some problems of intensity and color images.
Some advantages of range images are the explicit represen-
tation of 3D shape, which is invariant under the change of
color and reflectance properties of the objects.

Many researchers have handled the 3D-face recognition
problem using differential geometry tools of computing of
curvatures [8, 9, 7]. Lee and Milios [8] extracted the con-
vex regions of human faces by segmenting the range im-
ages based on the signs of the mean and Gaussian curvature
at each point. These regions form the basic set of features
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of a face. For each of these convex regions the Extended
Gaussian Image is extracted which is then used to match
the facial features of the two face images. Gordon [7] pre-
sented a detailed study of face recognition based on depth
and curvature features. The curvatures on a face are cal-
culated to find face-specific descriptors (e.g. nose ridge and
eye features). Comparison between two faces is made based
on their relationship in the feature space. Hiromi et. al [9]
treated the face recognition problem as a 3D shape recog-
nition problem of rigid free-form surfaces. Each face in
both input images and model database, is represented as
an Extended Gaussian Image (EGI), constructed by map-
ping principal curvatures and their directions at each sur-
face points, onto two unit spheres, each of which represents
ridge and valley lines respectively. Individual faces are then
recognized by evaluating the similarities among others us-
ing Fisher’s spherical correlation on EGI’s of faces. Bernard
et. al [1] extended the two face recognition approaches,
which are based on grey level images, to deal with range
images. These two approaches are based on eigenfaces and
Markov models respectively.

However, all the research work focused on face surfaces
with neutral facial expression and thus is based on the as-
sumption that the shape of faces doesn’t change signifi-
cantly. Considering the fact that the shape of many parts
of the face will change considerably (see Figure 1) due to
some facial expressions, the face surface recognition prob-
lem should be treated as a 3D recognition problem of non-
rigid surfaces if the face surface showing expressions can be
correctly recognized. New methods are required to handle
this difficult problem. In this paper we propose the use of
Point Signature [6] to recognize non-rigid objects. This is
an extension of its use in [6], which uses Point Signature to
recognize 3D rigid objects. In particular, we are concerned
with the identification of faces, despite they having different
facial expressions.

While the face-shape of the same person may change,
sometimes greatly, due to different facial expressions, there
will still be regions, such as nose, eye socket region and
forehead, which will keep their shape and position or be



Figure 1. Rendered 3D faces of eight human
subjects, each with four facial expressions.

subjected to much less deformation between any different
expression. If these regions can be identified,the 3D non-
rigid face recognition problem can be reduced to the rigid
case. Based on this observation, our approach is to extract
the rigid parts of the face and utilize them to realize the task
of recognition. In this way, the greatly changing facial re-
gions can be rejected and thus will not affect the recognition
result. Moreover, only using the most stable and meaning-
ful parts of the face will compress the information stored
in the model library, which undoubtedly will improve the
speed of recognition considerably.

This paper is organized as follows. Section 2 discuss-
es the registration of two face-surfaces with different fa-
cial expressions using Point Signature. The optimal reg-
istration should be based only on the “rigid” regions of the
face, which are not known a priori. At the same time, it
is from this registration that the “rigid” regions of the face
are derived. This section will propose an algorithm to solve
this “catch-22” problem. Having established the approach
to optimally register face-surfaces, Section 3 presents the
methodology of recognizing a face from a library of face-
subjects. In this section, the build-up of the face-library and
the indexing of a candidate face is discussed. The efficiency

of the algorithm is verified with test results and this is pre-
sented in Section 4. The tests are based on real range data,
sampled from 18 different faces of human subjects.

2 Face-Surface Registration Using Point Sig-
nature

To extract the rigid regions of one person’s face surface,
we register the face surfaces with different expressions of
this person to the face surface with a neutral expression of
the same person, which is used as a reference face surface.
From the registration the rigid regions are identified as con-
taining range points with low registration errors. Converse-
ly, the non-rigid, or flexible, regions will have range points
of high registration errors. The non-rigid regions identified
from each registration are rejected from the reference face
surface. The remaining regions of the reference face sur-
face are identified as the rigid regions and used to build the
library of the face-surfaces which will be discussed in Sec-
tion 3. Compared with the feature extraction, this method
is more robust and reliable when dealing with the natural
objects, like human faces, in noisy images.

2.1 Definition of point signature

The definition of the Point Signature is summarized here
for completeness. For details, the reader may refer to [6].

For a given point p, we place a sphere of radius r, cen-
tered at p. The intersection of the sphere with the object
surface is a 3D space curve, C, whose orientation can be de-
fined by an orthonormal frame formed by a normal vector,
n;, a “reference” vector, ny, and the vector cross-product
of n; and ns. mn; is defined as the unit normal vector of a
plane fitted through the space curve C which need not be
planar; the planar fit is used as an approximation to provide
a vector direction. A new plane P’ is defined by translating
the fitted plane to the point p in a direction parallel to n;.
The perpendicular projection of C to P’ forms a new planar
curve C' with the projection distance of points on C’ form-
ing a signed distance profile. The reference direction, n, is
defined as the unit vector from p to the projected point on
C' which gives the largest positive distance.

Every point on C' may now be characterized by :

1. The signed distance from itself to the corresponding
pointon C.

2. A clockwise rotation angle 6 about n; from the refer-
ence direction ns.

We refer to this profile of distances, d(f), with 0 < 6 <
360 degrees, as the signature at point p. Practical consid-
eration, however, do not permit us to consider all points on
the space curve C but rather an angular sampling of points
starting from the reference direction n,. Depending on the
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resolution of the input range data, the angular sampling in-
terval, Af, may vary from 5 to 15 degrees. (In our imple-
mentation AG = 10 is used). Hence, the distance profile
may now be represented by a discrete set of values d(é;) for
i=1,...,n9,0 < 6; < 360, where ny is the number of
samples.

2.2 Matching of point signatures

The similarity matching between a given signature
dy(0;) and a candidate signature d,y, (6;) is as follows:

If the signature d(6;) has a global maximum that is
significantly different from the other local maximum, then
d,(0;) would be uniquely oriented by the reference vector
ny. In this case d,(6;) can be directly compared with the
candidate signature d,,, (6;) using the following constraint:

(M

where the tolerance band &;,;(6;) is used to handle the
errors in computing Point Signature and achieve a better
acceptance and rejection of candidate signatures.

However, if d.(6;) has more than one local maximum
which are similar, then for each position of local maximum,
dy(6;) is phase shifted before comparison is carried out at
that position:

lds(0:) — din (0:)] < €10(0:) Vi=1,... ,mp

Ids(f)i—ﬁj) *dm(97)| SEtol(ai) Yii= 1‘ , g, D)

0; € position of local discrete maximum @
2.3 Registering two face-surfaces with d-

ifferent expressions

Given two face surface data sets, S = fsison =
Loonyand M = {m; : j = 1,...,n,,}, the task of
3D registration is to discover the transformation (translation
and rotation) which will optimally align the rigid regions of
S with those of M. The two face shapes need not be i-
dentical, which makes this registration different from the
traditional one [2, 5, 10, 6, 4].

First, we select three points s,, s3 and sy in S. Next,
three points m.,, mg and m., in M are hypothesized to cor-
respondto s, 53 and s.,. If the hypothesis is acceptable, the
transformation from the 3-tuple (s,, s3,5,) in S to the 3-
tuple (m,,mg, m.,) in M represents a possible registration
solution. If this registration meets the need of certain cri-
feria, registration is achieved with measurable quality. The
details are discussed below.

A) Selecting s, sp and Sy

Our purpose is to register the rigid regions of surface S
and surface M. So s,, s and s., should be chosen on the
rigid regions of surface S. If any one of them is on the
deforming regions, the transformation produced will defi-
nitely be incorrect.
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From the definition of Point Signature we can scc that
the signature of one point describes the local underlying
surface structure in the neighborhood of this point. With
the assumption that the local surface structure of the points
on the deforming regions will not change into that of the
points on the rigid regions, the points on the rigid regions of
S can be identified as points which will find points with the
same signature on M, because their corresponding points
on M will have similar local underlying surface structure
and signature. However, due to the complexity of the de-
formation, this assumption cannot be completely assured.
We can only expect that most of the points identified in this
way will be on the rigid regions. Based on this observa-
tion, we pick up all the points on S, which can find points
with the same signature on M, to form a point set, namely
S". Selecting sq, sg and s, from S”, we can make it more
likely that they will produce correct registration and avoid
unnecessary computation.

From S”, many 3-tuples of (s,, sg,5,) can be formed.
If the triangle formed by s., sz and s, is too small, the
computed transformation will be very sensitive to noise [4].
To prune this redundant set of S”, we select only those 3-
tuples where the lengths of all three sides of (s,, 53, S-)
exceed a predefined threshold. Also, we do not allow close
neighbours to be included once a particular point is cho-
sen. The results of all valid selections consist of a set
8ti= {{ses 8Bt =1, .. %}, from which the
needed s, 53 and s,, can be chosen.

B) Selecting mq, mg and m.,

Having chosen s,, sg and s, on S, the next step is to
find all the possible m,, mg and m., on M, that may cor-
respond to s, sg and s,. To select any set of three model
points as possible correspondents is not only computation-
ally expensive but also unnecessary. Correspondence can
be established based on the following constraints:

1. Point Signature constraint

Let d;,(6;) and d,,, (6;) denote the Point Signature of
point s, and m,,. According to section 2.2, for correspon-
dence they should match with each other within an error
tolerance band £,,;(6).

2. Distance Constraint

Let d(s;,s;) represent the Euclidean distance between
range points s; and s; . For correspondence, the distance
between any two points of s,, sg and s, should match,
within an error of tolerance, €4, to the corresponding two
points of m,, mg and m.,.

3. Direction Constraint

Let n1(-), n2(-) and n3(-) denote finding, at the point of
interest, the unit vectors representing the directions of the
normal vector, reference vector and the vector cross-product
of normal vector and reference vector. Let p; and p» repre-
sent the unit vectors from s, to sg and s.,. Similarly, let q;
and Q> represent the unit vectors from m,, to mg and My .



To provide a tolerance for error, €, for correspondence (see
Figure2):
Aby| = |arccos @1(sa) - P1) — arccos @1(meq) - di)| < €¢

3
ABy = | arccos fa2(sq) - P1) — arccos @a2(me) - di)| < e

(O]
Af;5 = | arccos fi3(sqe) - P1) — arccos @a(me) - di)| < e

(%)

The same condition applies for p» and g».
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Figure 2. The direction constraints for co rre-
spondence.

Constraint 1 is first used to find a set of points on M:
Mygi,i = 1,... ,p whose signatures match with that of s,,.
For each association of s, and m,;, the directional frame
for s, can be aligned with that of m,; by a rigid trans-
formation [5]. Using this transformation, we can transfor-
m s and s, to the space of M. The positions of these
two transformed points indicate the approximate regions in
which m; and m.,; should be searched with the above three
constraints as the corresponding points to sz and 5.

Repeating the above procedure, we obtain a set of n;
3-tuples (mak, mpr, M), k = 1,... ,n,. For each asso-
ciation of (s4, sg, sy) and (mqg, Mgk, Myx) a transforma-
tion is computed using the method in [5]. For the set of
n; 3-tuples, a set of n; transformations, 7 = {7} : k =
1,...,mn},is formed.

C) Selecting the optimal trans fermation and veri fying

A set of n; possible transformations 7 = {T} : k =
1,...,n.} have been found based on the correspondences
between the 3-tuple < s,, sg, sy, > and the 3-tuples
< Mk, Mgk, M~yr >. The problem here is to single
out the optimal transformation and determine if it is good
enough to be an accepted solution for the registration task.
To attenuate the disturbance of the points on the non-rigid
regions, we only apply the transformation to the points in
S", from which we select s, sg and s,. When the optimal
transformation is applied to the points of S7, it will closely
register most of the points on S” with the points on M.

Let ¢ be the estimation of the maximum distance be-
tween one point on S and its closest points on M for a good
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estimate of the best registration (it depends on the noise lev-
el of the range data). With the transformation 7}, all the
points s; : ¢ = 1,...,ng in S” can be brought to new
positions s : ¢ = 1,...,n,.. We count the number of oc-
currences, namely n,, that the distance between s; and its
nearest point on M is smaller than ©J. We call the ratio of
n, to ng, the registration rate. The transformation in 7
with the highest registration rate is selected as the opti-
mal one. If the registration rate of the optimal transfor-
mation is greater than a threshold, this transformation will
be verified as one accepted solution to the registration task.
Otherwise, another s,, sz and s, will be picked up from
S* to repeat the process.

The registration provided by our method is very good
and accurate to some extent. This result can be further re-
fined by some well-known iterative procedures [2, 10]. In
our method, the ICP method in [10] is used for refinement
with two improvements:

1.Since the two given surface are not globally rigid, it
does not make sense to register based on the whole point-
set of S, as was originally done in [2, 10]. In our case, we
only make use of points in S”, which can be considered as
"locally rigid”.

2. In ICP, ”pseudo-correspondences” must be estab-
lished between points on S and M. For a particular trans-
formation, 7} and a given point s on S, the corresponding
point on M is hypothesized as 'n € M which is closest (in
Euclidean 3D space) from the transformed point of s € S
(that is Tk s). However, due to the non-rigidity of S and
M, this measure used in ICP is no longer valid. In many
cases, the closest point on M may not have the same struc-
ture (i.e. the point signature) as the transformed point 7%s.
To ensure the conformity of the underlying structure, we p-
reselect the points on M having similar point signature as
s, and from these choose the nearest point on M for the
”pseudo-correspondence”.

The registration result is shown in Figure 3.

1l

Figure 3. Registration of tw o face-surfaces. (a),
(b) rendered surfaces of tw ofacial expression-
s. (c) registration of surface (a) (wire-frame)
onto (b) (rendered). (d) side-view of the reg-
istration.



2.4 Finding the rigid parts of the face sur-
face

After registering two different face surfaces, it is cru-
cial to separate the rigid parts from the non-rigid parts. Al-
though the rigid parts of two face surfaces will be nearer
to each other than the non-rigid parts after registration, it is
difficult to define a constant threshold to discriminate this
difference. To handle this, we model the point distances
between two registered face surfaces as a Gaussian Distri-
bution:

1 _(e—w)?

= 952
(27ro')1/2

filc) = , —00 < x < +00

(6)

where 7 is the distance between any point on S and its near-
est point on M after registration, p is the mean of the dis-
tance distribution and o is the standard deviation. For each
registration, we compute an adaptive threshold as (1 + o)
o distinguish between rigid and non-rigid parts. Figure 4
shows the rigid parts extracted after registration for each of
the first three candidates shown in Figure 1.

geps

Figure 4. The extracted rigid face regions of
each of the first three persons in Figure 1. (a)
person 1. (b) person 2. (c) person 3.

3 Face Recognition
3.1 Creating the model library

Prior to recognition, the model library must be built
up. This is done by computing the point signature for
every point on the rigid regions of each model, and for
every model in the library. Due to the symmetry of the
human face surface, there are many different points in a
same model having the same point signature. Moreover,
due to the different similarity between different face sur-
faces, there are also many different points in different mod-
els having the same point signature. We can group al-
| the different points with a same point signature d, from
these two sources together and represents them by a set
(ps, (model;, num) - - -), in which the ps represents the
point signature d and (model;, num) denotes that model

49

i contains num points whose signature is the same as d;. In
such a way, we can store only one (ps, (model;, num) - - -)
in the model library to represent all the points with a same
point signature. This will considerably reduce the time
needed by the voting process which will be discussed lat-
er.

For fast retrieval of every point signature in each set
(ps, (model;, num) - - -), a three dimensional indexing ta-
ble indexed by the number of peaks (the local maximum and
minimum values), maximum, minimum of the point signa-
tures is tabulated for all signatures. Each entry of the table
serves as a quick reference to the group of sets in which
the ps satisfies the peak number, maximum, and minimum
constraints. Because the library doesn’t contain all the in-
formation of the model faces, but only the most stable and
meaningful regions, this considerably deduces the complex-
ity of the indexing table and thus the time complexity of in-
dexing process. The indexing table is illustrated in Figure
5.

) {ps,(modeiy, rmmim) )

<ps1,2), (2.3)..2,2ps1,2),(23)..>

<ps{1.2),(23)..> <ps,
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= Ps1.2),(23). ==ps,(1
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=ps(12),(2.3)..» =ps (1
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24

<ps,(1,3), (2,3). > 2ps(1,2),(22)..>.....

Figure 5. The index table used for fast retrival
of every point signature.

3.2 Selecting the most lik ely model

For a given range image of a test face, we want to select a
suitable set of scene points that can be used to hypothesize
and “vote” for likely model faces. The scene data is pre-
processed by computing the point signature of each range
point and selecting only those points with different point
signatures. This reduced set of scene points, S, are used
to ”vote” for the model faces. By voting, we mean that a
scene point is used to index into the model library (Section
3.1) and every point with the similar signature of each mod-
el will be marked as “voted”. This is repeated for the other
points in S,. Due to the fact that the correct model contains
the rigid regions of the face it represents, all the points in



it will be ”voted” assuming that (1) both the test and model
face are in similar orientation, and (2) negligible errors in
both source range data, computation and matching of point
signatures.

However, the above cannot be assured and usually even
the points of the most appropriate model will not entirely be
»voted”. Nevertheless, the models can be ranked according
to their similarity with the test scene. For each model, we
term the ratio of number of the ”voted” points, say Tyoted,
to the total number of points, 71,4, as the voting rate. The
voting rate represents the likelihood of each model being
correctly matched with the scene. Using the voting rate for
each model, inappropriate models with low voting rate are
rejected. The remaining candidate models are ordered ac-
cording to the voting rate. With this ordering, verification
can be carried out starting with the most likely candidate. It
may happen that another similar face model has higher vot-
ing rate than the correct one, but such cases seldom occur
as can be seen from the experimental results. Even then,
the rejection of the incorrect model can be quite fast in the
verifying process.

3.3 Verifying

Noting that each model contains the rigid parts of the
face, if it is correctly matched with the scene, a transforma-
tion with a very small registration error can be found using
the approach of Section 2.3. We first put all the points of
the model into S” and find an initial transformation with
a registration rate larger than a high threshold 7's,. (90% in
our experiment). So we can verify that the current candidate
model is the correct one by testing if its registration error of
the refined registration with the scene is small enough.

If another similar face model has a higher voting rate
than the correct one, it can be rejected fast because an ini-
tial registration with a registration rate larger than T's, can-
not be obtained. This is because, even though there may be
many model points having similar point signatures as the
scene points, they are at the different relative positions. Of
the few possible 3-tuples of < m,, mg, m, > that will
be found to correspond to the selected < so, S5, Sy >,
none will produce the transformation with a registration rate
higher than T's,.. In this way, the incorrect model can be re-
jected fast, which can be seen from the experimental results
(discussed below).

4 Experimental Results

We have implemented the 3D Point Signature-Based
face recognition algorithm on a Pentium IIT 450. We have
tested the algorithm for 18 face range images extracted from
a range finder with a resolution of 1 part in 7500 of the field
of view. Four face range images with different expressions

are captured for each of the 18 persons (the range images
of the first eight persons shown in Figure 1). These range
images are used to extract the rigid parts and subsequent-
ly to build the model library. Another range image is ex-
tracted for each person to represent the test scene (Figure 6
shows the test scenes extracted from the first eight persons
). While our experiments in this paper are restricted to only
frontal views, future work is currently conducted to handle
non-front views as well.

Two test cases are examined. The first test case is to il-
lustrate the fast ranking of the candidate models using point
signature. The second one shows the ability to reject incor-
rect models.

Test case 1

In this test case, we show the discriminating power of
point signatures in ordering the candidate models in the li-
brary according to the likelihood of being in the scene and
the efficiency of the index table. For a given test face, the
recognition algorithm has to identify the correct model from
the library of 18 models. The different point signatures of
the test face is computed and indexed into the index table of
point signature. The voting rate is obtained after collecting
all the “voted” points of each model. The test is repeated
by using a different face in the scene, for each of the 18 test
faces. The voting results (shown as the voting rate) for the
18 test faces are shown in Table 1. For each test face, the
correct model is identified. The approximate execution time
for each test face scene are listed in Table 2.

Test case 2

We have mentioned earlier that even if a similar but in-
correct model is ordered first, our algorithm would still be
able to reject the incorrect model quickly. To demonstrate
this fact, we intently deleted the correct model from the li-
brary in testing each of the 18 test faces and test the time
taken for the algorithm to detect the absence of the correct
model in the library. For example, in testing the first test
face, we deleted the model of this face from the library, etc.
Although we could reject the inappropriate models with too
low a voting rate (e.g., less than 50%), we have not done so
for this experiment in order to test the rejection ability of
our algorithm. The registration rate used to reject every
incorrect model in the library for each test face is illustrated
in Table 3. The computation time required to reject all the
incorrect library models for each test face is illustrated in
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Table 4.

voting rate of each model (%)
Scenel Scene? Scenc3 Scened Scene3 Scenct Scene7 SceneB Scened Scenel0O] SceneIT| SceneI2] SceneI3 | Scenel4| Scencl3 | Scenel6] Scenel7| ScenclB
Model I 9258 60.61 36.36 46.21 34.09 28.79 80.14 62.03 66.67 40.12 73.16 53.03 43.71 67.83 63.48 74.35 79.01 43.86
Model 2 57.02 93.97 23.97 48.76 37.19 28.93 71.25 52.14 56.43 63.17 63.29 65.08 74.02 69.43 79.01 80.01 5032 7435
Model 3 73.74 70.42 93.57 31.03 56.25 46.37 67.40 67.34 67.87 60.79 79.05 57.08 61.74 7783 68.63 75.62 69.73 74.05
Model 4 40.78 63.54 20.71 9035 41.43 33.57 46.79 69.30 67.94 65.09 64.07 67.11 5347 65.44 74.13 56.97 67.81 59.43
Model 5 60.14 76.08 47.55 6294 90.21 49.65 5830 78.35 57.67 70.23 76.17 69.03 70.23 67.04 66.32 60.71 69.22 67.99
Model 6 76.92 60.19 4231 70.19 7115 88.85 63.47 80.12 64.12 70.22 63.45 73.73 60.74 59.67 74.06 71.39 64.91 59.82
Model 7 8258 60.61 36.36 46.21 34.09 28.79 90.14 40.32 63.67 70.12 7329 64.05 78.21 77.63 74.82 67.54 59.14 73.49
Model § 57.02 83.97 2397 48.76 37.19 28.93 72.04 92.03 66.67 30.92 74.32 7891 63.06 76.13 73.38 64.75 59.01 54.12
Model 9 T3.44 70.94 83.75 61.25 56.25 46.88 76.39 70.21 96.67 7221 79.36 67.21 72.03 80.12 73.07 69.38 72.04 68.09
Model 10 4025 63.57 20.71 80.12 41.52 33.57 78.46 70.29 70.06 90.12 63.76 63.94 53.32 67.93 73.68 64.95 69.91 53.86
Model 11 60.14 76.08 47.55 62.94 80.21 49.65 69.28 49.36 69.07 68.09 93.16 67.03 70.19 39:97, 63.49 65.38 80.14 64.43
Model 12 76.92 60.19 4231 70.19 7115 78.85 37.09 68.39 70.23 60.34 63.34 93.03 63.82 44.37 66.13 63.12 67.22 46.73
Model 13 72.58 60.61 36.36 46.21 34.09 28.79 54.03 74.06 78.09 59.67 49.83 67.01 93.71 58.09 65.30 56.72 78.91 65.73
Model 14 57.02 7397 2397 48.76 37.19 28.93 59.29 68.03 49.78 50.72 78.13 63.93 73.61 97.83 53.78 69.35 80.01 75.46
Model 15 7344 70.94 73.75 31.25 56.37 46.26 79.46 66.47 65.49 73.24 70.12 49.86 50.12 49.30 93.48 53.20 7824 69.43
Model 16 40.32 63.57 20.71 80.45 4143 3357 73.09 50.34 68.71 50.31 25 67.28 54.37 67.36 60.38 9435 79.01 67.03
Model 17 60.14 76.08 47.55 62.94 80.21 49.65 68.23 79.90 69.93 74.39 67.07 70.10 57.36 68.09 65.37 79.80 89.01 5834
Model 18 76.92 60.19 4231 70.98 71.15 78.23 76.71 63.89 35.08 48.39 70.24 68.49 64.57 64.30 53.68 76.36 54.12 93.86

Table 1. voting rate of each model for every
scene

Time taken (seconds)
Ordering models Verifying Total
Face Scene 1 3 10 13
Face Scene 2 1 11 12
Face Scene 3 3 10 13
Face Scene 4 1 7 8
Face Scene 5 1 8 9
Face Scene 6 2 10 12;
Face Scene 7 3 12 15
Face Scene § 2 13 15
Face Scene 9 3 10 13
Face Scene 10 4 9 13
Face Scene 11 4 11 15
Face Scene 12 1 10 11
Face Scene 13 2 12 14
Face Scene 14 2 13 15
Face Scene 15 5 15 18
Face Scene 16 3 13 16
Face Scene 17 4 14 18
Face Scene 18 4 16 20

Table 2. Approximation recognition time for
Test case 1.

don’t assume limiting assumptions of rigid (or ap-
proximately rigid) surfaces but have demonstrated with
faces having widely different facial expressions for each
human subject. Four different facial expressions are used.
The extracted range data sets are registered together, the
registration being defined by the rigid parts of the face. In
this way, a library of faces can be built up. Recognition
of a test face is relative fast with the efficient indexing
into the model library. The most appropriate models are
ranked according to their similarity with the test scene.
Verification of each model proceeds according to their
ranking. In this way, the correct model face can be quickly
and efficiently identified. Experimental results involving 18
human subjects, each with five different facial expressions,
have demonstrated the validity and effectiveness of our
algorithm.

regisiration rate of each incorrect model (%)

Scenel Scenel Scene3’ Scened Scene? Sceneb Scene7 Scene8 Scened Scenel0 | Scenell| Scenel2| Scenel3 | Scencl4| Scenel5| Scemel6| Scenel7 Scenel8
Model | 60.61 56.36 4621 34.09 28.79 36.84 56.19 75.16 43.71 74.35 63.48 43.86 64.13 32.58 54.10 45.08 63.16
Model 2 67.02 23.97 48.76 37.19 28.93 64.06 70.32 26.72 33.13 49.04 4333 43.17 44.93 52.67 64.25 5538 70.23
Model 3 7344 70.94 31.25 56.25 46.88 3342 36.98 63.06 53.29 70.37 23.25 33.27 54.57 65.03 74.91 68.08 45.34
Model 4 4034 63.57 20.71 41.43 33.57 4337 45.34 73.59 3112 79.78 64.39 74.07 56.09 43.25 40.36 54.87 3341
Model § 60.14 76.02 47.55 62.94 49.65 4483 39.09 69.78 56.01 37.34 40.82 33.19 2213 58.03 54.67 5532 49.89
Model 6 76.92 60.19 4231 70.19 71.15 46.73 66.08 3734 41.29 34.68 61.27 45.65 69.11 37.54 56.13 55.06 2245
Model 7 82.58 60.61 36.36 4621 34.09 28.79 30.29 73.01 73.92 57.93 36.18 62.03 69.74 37.01 43.21 3345 23.03
Model 8 57.02 83.97 23.97 48.76 37.19 28.93 4329 69.83 49.29 70.39 34.61 46.38 54.03 51.32 39.45 5893 29.82
Model 9 73.44 70.94 83.75 3125 56.25 46.88 39.33 49.11 45.09 69.47 71.03 69.37 46.01 69.74 46.07 55.69 53.02
Model 10 40.19 63.57 20.71 80.22 41.34 33.57 63.04 65.18 73.14 70.72 3451 45.69 46.71 3031 36.25 36.44 45.27
Model 11 60.14 76.08 47.55 62.94 80.21 49.65 36.18 54.96 3721 71.03 39.12 21.09 24.56 60.31 49.01 60.83 73.05
Model 12 76.92 60.19 4231 70.19 71.15 78.85 72.39 65.34 49.23 36.09 34.12 70.46 55.34 50.13 36.01 33.24 63.07
Model 13 82.58 60.61 36.36 46.21 34.09 28.79 39.51 50.93 7091 35.64 49.82 3345 79.08 3347 45.92 5091 29.03
Model 14 57.02 83.97 2397 48.76 37.19 28.93 56.04 53.12 70.23 49.78 64.57 67.01 33.67 43.22 57.09 24.57 80.24
Model 15 7344 70.94 93.75 31.25 56.25 46.88 47.26 65.24 78.01 49.79 73.21 60.79 44.05 34.12 20.98 5192 70.45
Madel 16 4034 63.57 20.71 80.54 41.43 33.57 39.08 69.77 49.03 30.59 64.59 59.37 30.49 60.42 4323 39.03 7047
Modei 17 60.14 76.08 47.55 62.94 80.21 49.65 49.08 48.91 36.29 50.71 64.56 59.44 23.94 42.03 72.05 75.09 56.73
Model |8 78.97 60.19 4231 70.19 50.54 78.85 45.87 68.03 74.05 47.91 49.08 57.98 33.47 34.01 55.67 37.04 64.09
Table 3. registration rate of each incorrect
model for every scene
: :
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