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Abstract— This paper presents a novel 3D multi-

by weighted combination of these similarity scores.

regions face recognition algorithm that consists of

Experiments on the FRGC (Face Recognition Grand

new geometric summation invariant features, and an

Challenge) V2.0 dataset show that this new algorithm

optimal linear feature fusion method. A summation

improves the recognition performance significantly in

invariant, which captures local characteristics of a

the presence of facial expressions.

facial surface, is extracted from multiple sub-regions
of a 3D range image as the discriminative features.
Similarity scores between two range images are

Index Terms— Face recognition, 3D faces, Face
Recognition Grand Challenge (FRGC), information
fusion.

calculated from the selected sub-regions. A novel
fusion method based on linear discriminant analysis
(LDA) is developed to maximize the verification rate
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features which may be sensitive to lighting,

ence of expression variations. This observation

pose, distance, age (temporal) variations, and

prompts researchers to explore face recognition

can easily be altered through simple make-

methods that make use of multiple sub-regions

up efforts. On the other hand, if 3D facial

[6], [7]. However, these earlier results focus

surfaces are available, one may exploit features

only on 2D texture facial images, and do not

that are invariant to appearance variations. For

discuss the tolerance of their approaches to the

example, the facial surface around cheek bones

changes in facial expressions.

or the nose would remain unchanged under

In this work, we propose a novel multi-

varying lighting conditions, are less likely to

regions face recognition algorithm for 3D face

change due to aging, and are seldom covered

recognition. Specifically, we identify multiple

with hairs. Hence, in this research, we focus

sub-regions over a given range facial image,

on exploiting invariant features extracted from

and extract summation invariant features from

3D facial surfaces.

each sub-region. For each sub-region, and the

With 3D facial surfaces, the illumination

corresponding summation invariant feature, a

variation problem can be mostly alleviated;

matching score is calculated. Then, a linear

and the pose variations can be normalized suc-

fusion method is developed to combine the

cessfully [5] if the location of facial features,

matching scores of individual regions to arrive

such as nose tip, corners of eyes, ..., etc, are

at a final matching score. Earlier, in [8], [9]

given. Unfortunately, one issue remains due to

we presented the derivation of the summation

the non-rigid nature of human face. So far,

invariants and reported preliminary results of

performing face recognition in the presence of

applications of this new type of invariant fea-

facial expressions is still one of the most chal-

ture to single-region face recognition problems.

lenging problems in pattern recognition. One

In this paper, the key innovation is the develop-

simple method for handling this issue is to use

ment of the multi-regions 3D face recognition

the facial regions which will not change sig-

method that incorporates novel feature fusion

nificantly with varying expressions. However, if

and feature selection methods to significantly

we discard too much facial data, the recognition

enhance the performance.

performance will decrease accordingly. So, it

In pattern classification literatures, it is well

is important to choose a sub-region or several

known that combining multiple classifiers of-

sub-regions which will maintain recognition

ten leads to superior performance than that

performance and also be robust in the pres-

achieved by any individual classifier [10]–[12].
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There are two major categories of classifier

fusion classifier. For the given set of training

fusion architecture: stacked generalization [13],

samples, the BKS method is guaranteed to

also known as the committee machine [14]–

offer the best decision fusion results. However,

[17], or the ensemble method [18]–[23]; versus

with a finite number of training samples, the

mixture of experts [24]–[26].

BKS method does not necessarily yield the best

Previously, in [27], optimal data fusion is

generalization results.

presented under the constraint of a fixed k out

In our work, the 3D face recognition experi-

of n weighted threshold fusion architecture. In

ments are conducted by using Face Recognition

[28], a hierarchical model is used and Bayesian

Grand Challenge (FRGC) version 2.0 data set

Gibbs sampling method is used to design the

under the BEE (Biometric Experimental En-

fusion rule. Data fusion has also been studied

vironment) protocol. The experimental results

in the context of combining multiple classifiers.

are stored in a 4007 by 4007 matrix, called

In [29], three types of classifier combination

the similarity matrix. The (i, j)th entry of this

methods, namely, averaged Bayes classifiers,

similarity matrix represents a measure of how

voting principals, and Dempster-Shafer fuzzy

close the feature vector extracted from the ith

combinations have been reviewed. Some exper-

gallery 3D face range image is to the j th probe

iments have been conducted but no conclusive

3D face range image. A similarity score is

comparison results are available. In [30], the

often a real number between 0 and 1 after

accuracy of individual classifiers are estimated,

normalization. With ten sub-regions and hence

and classifiers are selected dynamically based

ten feature vectors extracted from one face

on which classifier will yield best performance

image, the objective of fusion is to combine the

in specific local region. Ji and Ma [31] pro-

ten corresponding similarity scores into a single

posed to use a structure consisting of randomly

similarity score. Toward this goal, we propose

generated linear local classifiers with a voting

an linearly optimal fusion method based on

fusion mechanism to perform pattern classifica-

the classical linear discriminant analysis (LDA)

tion tasks. Petrakos et al. [32] discussed the ef-

method to estimate the set of optimal weights.

fect of correlations between classifiers and their

We compare our results with that of other

impacts on fusion performance. The behavior

decision fusion methods using linear support

knowledge space (BKS) method [33] is a non-

vector machines and found the performance

parametric decision fusion method that uses a

is comparable while the LDA based approach

look-up-table (LUT) to implement the decision

requires much less computation.
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The rest of our paper is organized as follows:

be found in [34]. The early work of apply-

In section II, we give a brief review of previous

ing invariant functions on 3D face recognition

works on 3D face recognition and illustrate

was done over a decade ago. At that time,

the face recognition technique being employed.

people began with the geometrical properties

Section III presents the experimental setup and

introduced in differential geometry, such as

results of three fusion schemes, namely sum

principal curvatures, Gaussian curvature, ...,

rule, Linear discriminant Analysis and Linear

etc. Cartoux et al. [35] proposed a face recog-

Support Vector Machine. Finally, we make

nition algorithm based on Gaussian curvature

some conclusive remarks in section IV.

of the face surface. Their approach yields a
100% verification rate on a small dataset (5

II. 3D FACE R ECOGNITION

subjects and 18 range images). Lee and Milios

The majority of face recognition research

[36] presented an algorithm for establishing a

focuses on using intensity images of the face.

correspondence between features of two faces.

However, 3D images of the face have several

Facial features are obtained by a segmentation

advantages over the intensity-based features. In

of the range image based on the sign of the

particular, 3D data provide a better represen-

mean and Gaussian curvatures at each point.

tation for describing properties of the face in

Gordon [37] identifies the nose region, ridge

areas such as the cheeks, forehead, and chin,

and valley lines by using mean and Gaussian

and are illumination invariant. In the following

curvatures. Tanaka et al. [38] also perform

sections, we will briefly review the previous

curvature-based segmentation and represent the

work on 3D face recognition and then illustrate

face surface using an Extended Gaussian Im-

our 3D face recognition system.

age (EGI). Basically, these approaches use the
invariant functions, e.g. Gaussian curvature is

A. Previous Work in 3D Face Recognition

invariant under Euclidean transformations, to

With the advance in 3D sensor technologies,

extract information from the face surface and

face recognition based on 3D information has

then perform classification based on extracted

become an active research area in the recent

information. Although different methods have

years. 3D shape information has some inherent

been used to address recognition based on in-

advantages over 2D texture information, such

variant features, most of these invariant features

as invariance to illumination changes. A com-

belong to the category called differential invari-

prehensive survey on 3D face recognition can

ants which rely on derivative operations. The

May 9, 2007
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numerical computation of differential invariants

utilizing three different regions around a nose,

is not reliable because of the quantization error

as being relatively rigid areas across different

in discretized data. This fundamental issue lim-

facial expressions. Passalis et al. [44] propose a

its their potential to achieve high recognition

fully automatic 3D face recognition algorithm

performance in a large dataset.

based on the elastically adapted deformable

More recently, Medioni et al. [39] perform

model framework. Their algorithm can fit an

3D face recognition using iterative closest point

Annotated Face Model (AFM) to an input

(ICP) matching. Hesher et al. [40] perform

3D facial surface in the presence of facial

principal component analysis (PCA) of range

expressions. A 3D face recognition approach

images. Similarly, Chang et al. [5] use a PCA-

based on geometric invariants was introduced

based method separately on 2D texture and

by Bronstein et al. [45]. The key idea of their

3D range images. The proposed multi-modal

algorithm is to approximate facial expressions

2D+3D face recognition scheme can achieve

as isometric transformations, i.e. length pre-

significant improvement over those using single

serving transformations. Their experiments are

modality. Further investigation into the 3D-

performed on a dataset containing 220 faces

PCA approach has been reported by Heseltine

of 30 subjects and 1.9% equal error rate is

et al. [41]. A 3D face recognition algorithm

reported. Their system can distinguish between

based on fitting a deformable model to an

two identical twins based on 3D images of their

input range image is proposed by Kakadiaris

faces.

et al. [42]. They perform experiments on the
FRGC v1.0 dataset and report a 97% verifi-

B. Summation Invariant

cation rate measured at a 0.1% false accept

In 3D face recognition, there are two re-

rate (FAR). In our previous work [9], we intro-

quirements for extracting features from facial

duce a novel family of geometrically invariant

surfaces. First, the extracted feature should be

features, called summation invariants, for 3D

able to represent the local characteristics of

face recognition. Our algorithm achieves the

a surface. Second, the computation of such a

verification rate of 97.2% at 0.1% FAR on the

feature should be reliable in the presence of

FRGC v1.0 dataset.

perturbation, such as sensor noise, quantization

Expression is a relatively unaddressed issue

error, ..., etc. In differential geometry [46],

in face recognition literature. Chang et al.

many geometric features, such as principal cur-

[43] tackle the issue of expression changes by

vatures, Gaussian curvature, ..., etc, can capture
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local properties of a surface. Unfortunately,
the curvatures rely on differentiation which

η1,1 = P1,1 ((x1 − xN )2 − (y1 − yN )2 )

will amplify the effect of noise. Hence, their

+P1,0 (y13 + 2x1 xN yN − 2yN x21

numerical computation is neither accurate nor

2
+x21 y1 − 2y12 yN + y1 yN
− x2N y1 )

reliable.

−P0,1 (x31 + 2y1 yN xN − 2xN y12

Lin et al. [8], [9] introduce a novel family
of geometrically invariant features called sum-

2
+y12 x1 − 2x21 xN + x1 x2N − yN
x1 )

mation invariants. The summation invariants

+(P0,2 − P2,0 )(x1 − xN )(y1 − yN )

are obtained by the method of moving frames

+N (xN y1 − x1 yN )

[47], [48], originally introduced by Élie Car-

(x1 (xN − x1 ) + y1 (yN − y1 ))

tan, which is a powerful tool for constructing
invariants under group actions. In our system,

where

features are computed by using ηi,j , the Euclidean summation invariants of curves . Given
a curve segment sampled at points (xn , yn ), its
Euclidean summation invariants are given by

(2)

Pi,j =

N
X

xin ynj

(3)

n=1

A high value of η1,1 represents a concave
shape while low value represents a convex
shape, see Fig. 1. Note that the values of
summation invariants ηi,j do not depend on the
choice of world coordinate system and, there-

ηi,j =

N
X

x̄in ȳnj

(1)

n=1

fore, they are useful features for comparing
facial surfaces with different poses.
C. 3D Face Recognition Using Single Region

where x̄, ȳ denote the x, y coordinates trans-

The single-region algorithm, which is the

formed by a moving frame and N denote the

building block of the proposed multi-regions

length of a curve. The first order and second

face recognition system, consists of the follow-

order ηi,j are explicitly derived by Lin et al. in

ing stages:

[9]. Among them, η1,1 (see Eq. (2)) yields the

1) Use only the shape information in a

highest face recognition performance on FRGC

3D image: The 3D images provided by

v1.0 dataset.

current 3D sensors usually contain two

May 9, 2007
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range data directly, i.e. the depth values,
we compute the summation invariant η1,1
0
η1,1 = −36

1

semi-locally from a normalized range
image and use the results as an invariant feature. In particular, the summation
invariant is computed from a local win-

η

1,1

0
= 252

1

Geometrical meaning of summation invariant η1,1 .

The larger η1,1 , the smaller the area under the curve.

dow surrounding each pixel. We compute
the semi-local summation invariants from
both a horizontal window and a vertical
window. The summation invariant η0,1 [9]
computed by using a horizontal window
and a vertical window are shown in Fig-

channels, namely texture and shape. The

ure 2 (b) and (c), respectively. The win-

texture channel means the intensity im-

dow size L is experimentally determined,

ages. In the shape channel, each pixel

L = 21 in our experiments.

represents the depth value of the scene.

4) Specify the region of interest: Instead of

In this work, we focus on the pure 3D

using the entire 3D range image as the

face recognition technology, hence the

FRGC baseline algorithm does, we crop

2D texture information is not utilized in

invariant features from the 81 × 81 sub-

our experiments.

region centered at the nose tip, shown in

2) Arc-length resampling : Before comput-

Figure 2.

ing the summation invariant, range data

5) Alignment refinement: The location of

are resampled uniformly with respect to

the selected region is refined by minimiz-

arc-length. Specifically, for the first row

ing the SSD (sum of squared differences)

on the range data, we first compute its

with the averaged invariant features of

arc-length and resample it uniformly with

the same region. We compute the av-

respect to the arc-length. Then, we per-

eraged invariant features of that region

form the same arc-length resampling on

during the training stage.

the following rows.

6) Dimension reduction : In order to reduce

3) Semi-local summation invariants: While

the dimensionality of the feature vec-

the FRGC baseline algorithm uses 3D

tors, we use principal component analysis

May 9, 2007
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(PCA) to compute their subspace repre-
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40

sentation. The PCA basis, i.e. eigenfaces,

60
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80

80

is computed by using the training set

100

100

120

120

containing 943 range images.

140

7) Similarity metric : During the classifi-

140

20

40

(a)

60

80

100

120

(b)

20

40

60

80

100

120

(c)

cation, we use Mahalanobis cosine as a
similarity metric. Note that in our experiments, the similarity metric is the same

Fig. 2. (a) Normalized range image and a selected sub-region;
(b) The computed result of η0,1 using a horizontal window;
and (c) The computed result of η0,1 using a vertical window.

as the one in FRGC baseline algorithm.

The red color represents higher value and blue color represents

Please refer to [5] for more details.

lower value.

The single-region algorithm works very well
on the FRGC v1.0 dataset [9] which contains
only neutral expressions. Unfortunately, we observe a significant performance drop when it
was applied to the FRGC v2.0 dataset where
expression changes exist. The main reason is
that it is difficult to find a single region which is
rigid across expressions and also large enough
to provide good discriminating power. An intuitive method to overcome this limitation is
to utilize multiple regions. In the multi-regions

multiple summation invariants will be limited.
On the other hand, it is reasonable to assume
that the feature vectors extracted from different
sub-regions on a facial surface are statistically
independent. This suggests that different facial
sub-regions provide complementary information about the face to be classified. In this
work, we will address the fusion of different
facial regions rather than the fusion of different
summation invariants.

algorithm, each region should be relatively
small compared to the one used in single-region
algorithm so that it is relatively rigid across

III. M ULTI -R EGIONS FACE R ECOGNITION
A LGORITHM

expressions. Also, the multi-regions algorithm

Our goal is to achieve the best possible

is expected to perform better than combining

recognition performance by combing informa-

multiple summation invariants [9]. If we com-

tion at hand. Information obtained from multi-

pute different summation invariants from a sin-

ple resources could be fused by using a number

gle region, the extracted features will be highly

of approaches, at different levels. In general,

correlated. Hence, the benefits of integrating

there are four possible levels of fusion [49]: (1)

May 9, 2007
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sensor level, (2) feature level, (3) opinion/score

images. We will discuss three approaches for

level, (4) decision level. Figure 3 shows an

information fusion. We demonstrate that infor-

example of fusion at opinion/score level.

mation fusion results in significant performance

There might be a strong correlation between

improvements in all of these three cases.

the information resources (e.g., different feature vectors extracted from the same data)

A. Description of Experiments

and such a scenario is referred to as tightly

We perform face recognition experiments on

coupled integration [50]. On the other hand, the

the FRGC v2.0 dataset [52]. In the FRGC

loosely coupled system means little correlation

dataset, 3D images with a resolution 640 × 480

between information resources (e.g., feature

consist of both shape and textures channels.

vectors extracted from multiple modality) and

The two disjoint data partitions, training and

fusion occurs at the output of independent clas-

validation partitions, contains 943 and 4007

sifiers. It has been shown that the independence

3D images respectively. Among the challenge

of classifiers plays an important role in perfor-

problems defined in FRGC v2.0, we focus

mance improvement [51]. Hence, the emphasis

on experiment 3s which utilizes only shape

of our work will be placed on the design

channel in a 3D image. Performance will be

and analysis of a loosely coupled system. The

reported on a Receiver Operator Characteristic

scenario of fusion is as following: Each single-

(ROC) that shows the trade-off between verifi-

region sub-system matches an image pair in-

cation and false accept rate. In the FRGC proto-

dependently and generates the corresponding

col, three masks are defined over the similarity

matching score. The matching scores of indi-

matrix where each entry contains the matching

vidual single-region sub-systems are combined

score of an image pair. Each mask collects its

by different fusion schemes. Each sub-system

own set of entries in the similarity matrix, thus

is based on one of the 10 facial regions shown

generating three ROC curves which will be

in Fig. 4. These regions are located on the

referred to as ROC I, II and III. The images

normalized range images provided by FRGC

within an image pair are called gallery and

baseline algorithm. Note that the location of

probe. In ROC I, gallery and probe are from

nose tip and the pixel distance between eye cor-

the same semester. In ROC II, gallery and probe

ners are normalized during the preprocessing

are from the same year. In ROC III, gallery and

stage. Interesting readers may refer to [5] for

probe are from different semesters. In average,

the details on the preprocessing of 3D range

ROC III has the longest time lapse between
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gallery and probe and therefore is the most

training partition. For example, PCA-based al-

challenge experiment.

gorithms should construct eigenfaces from the
training set. Here, we use Linear Discrimi-

B. Sum Rule

nant Analysis (LDA) [53] to obtain an optimal

The simplest way of fusion is to add the

weighting vector from the training partition. In

scores from multiple regions. Equal weights are

FRGC v2.0 dataset, there are a total of 943 3D

assigned on each region since we don’t know

images in the training partition.

the relative importance of each region. Figure 5

Let S = (s1 , s2 , . . . , sn )T denote a score

shows the results of sum rule on the FRGC v2.0

vector, where n is the number of facial regions,

dataset. Note that the verification performance

n ≤ 10 in our experiments. Each si is the

of single-region algorithm is better than that of

matching score of i-th region, generated from

FRGC baseline. This, once again, confirms the

a pair of images. The LDA finds the optimal

fact that summation invariants provide a better

projection which transforms the original score

discriminating capability than depth value does.

vector S ∈ Rn to the final matching score
Se ∈ R.

But, the performance improvement is limited
in the presence of facial expressions. This lim-

T
Se = WLDA
S

itation can be overcome by utilizing multiple
regions. By combining relatively small regions
which are relatively unaffected by expressions,

(4)

where WLDA is a n × 1 weighting vector
obtained by solving

we observe a significant improvement in verification rate.
C. Linear Discriminant Analysis
In the FRGC protocol, there are two non-

WLDA

W T SB W
= arg max T
W W SW W

(5)

where SB is the between-class scatter matrix
and SW is the within-class scatter matrix.

overlapping data partitions: training and validation. During algorithm development, experiments are conducted on the data in the validation partition. This allows researchers to tune

SB = (m1 − m2 )(m1 − m2 )T
SW =

2 X
X

(6)

(Sk − mi )(Sk − mi )T (7)

i=1 Sk ∈Si

the parameters of their approaches. However,

In Eq. (6) and (7), mi is the mean score

finding a subspace representation and classifier

vector of samples belonging to class i, Si

training are required to be conducted on the

denotes the set of samples belonging to class i.

May 9, 2007
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The solution for the criterion function Eq. (5)

I. From the table, we observe that LDA puts

is given by

the highest weight on nose region and second
highest one on forehead region. It indicates that

WLDA = S−1
W (m1 − m2 )

(8)

nose and forehead are the two most important
features in 3D face recognition.

In LDA-based face recognition such as [54],
the number of classes is the number of sub-

D. Linear Support Vector Machine

jects. Here, we apply LDA on a two classes

Linear support vector machine (LSVM) is

problem, namely match class and non-match

the simplest kind of SVM. It is a linear clas-

class. Match class contains the score vectors

sifier with the maximized margin. The margin

from image pairs of the same person while

means the width that a decision boundary can

non-match class is generated by image pairs

be increased by without contacting a data point.

of the different persons. The LDA provides

By maximizing margin, it gives us the least

the optimal projection direction that maximizes

chance of making a misclassification. Consider

the separation between two classes. The result

a set of d-dimensional training data belonging

of weighted combination by using LDA is

to two classes, the decision hyperplane and

shown in Figure 6(a). We observe a signifi-

margins are given by

cant improvement over sum rule. The results
suggest that the distribution of training data
is an important knowledge available for us to
construct a better classifier. We should also
mention the fact that the training partition contains only neutral expression while validation
partition contains different expressions. Hence,
the distribution of training samples is expected
to be different from the distribution of validation data in FRGC v2.0 protocol. This also
points out a future direction that one could

T
Plus plane = {x : WLSV
M x + b = 1}
T
Decision plane = {x : WLSV
M x + b = 0}
T
Minus plane = {x : WLSV
M x + b = −1}

where x, WLSV M ∈ Rd and b ∈ R. The margin
width M is defined as the shortest Euclidean
distance between plus and minus plane.

M=

2
kWLSV M k

(9)

expect performance improvement by including

So, we just need to search for the WLSV M

expression changes in the training samples. The

and b with the widest margin. This can be for-

weights obtained by LDA are shown in Table

mulated as an optimization problem as follows:
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given the training data with labels {xk , yk }, k =
{1, . . . , N }, yk ∈ {−1, 1}, xk ∈ Rd ,
min kWLSV M k

T
Se = WLSV
MS

(10)

(12)

Figure 6(b) shows the ROC curves of fusion
by LSVM. We observe that the LSVM classifi-

subject to

cation yields similar performance as LDA does.

T
yk (WLSV
M xk + b) ≥ 1

∀k

(11)

Note that this formulation considers the
cases where data is linearly separable. It can be
extended to linear nonseparable cases which is
assumed in our research by taking classification

lection is considered as a challenging problem.
In the FRGC v2.0 dataset, the training partition
contains 9432 samples. It takes a long time
for linear SVM training. On the other hand,
the time complexity of LDA grows linearly

errors into account.
min kWLSV M k + C

N
X

with the number of training samples. Note that
²k

k=1

computing the inverse of Sw is not a dominant
factor since the largest size of Sw is 10 × 10.

subject to
T
WLSV
M xk + b ≥ 1 − ²k
T
WLSV
M xk

However, training a SVM on a large data col-

+ b ≤ −1 + ²k
²k ≥ 0,

if yk = 1
if yk = −1

∀k

where C is the penalty factor assigned by user
and ²k is the classification error. For the data
points which have been classified correctly,
their ²k are zero. The details about how to

Hence, the LDA is a more efficient method for
combining multiple regions than the LSVM.
The weights obtained by LSVM are shown in
Table II. Similar to LDA results, we observe
that LSVM puts the highest weight on nose
region and the second highest one on forehead
region. It confirms the importance of these two
regions in the context of 3D face recognition.

solve this optimization problem is beyond the
scope of this paper. Readers may refer to [55]
for more detailed discussion on solving the
optimization problem.

E. Discussion
The experiments described above suggest
that the LDA perform better than the sum rule.

We use the software package LIBSVM [56]

For ROC III, the Verification rate of LDA and

to perform support vector classification. Similar

sum rule are 90.04% and 87.96% respectively

to LDA, the score vector S is projected along

(at FAR = 0.1%). The LDA takes the distribu-

the direction WLSV M to yield the final score.

tion of training data into account so that we
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can construct a better classifier. By fusion at

head. Note that the combination of nose and

score level, the FAR can be fixed and then

forehead can achieve a verification rate of 84%

compute verification rate in both cases. For

at false accept rate of 0.1%. This is striking

FRGC experiment 3s, the proposed algorithm

new evidence since psychological experiments

achieves similar performance as the best results

typically indicate that eyes are the most impor-

in the recent FRGC report [57].

tant followed by mouth and the nose [58].

Fig. 7 shows the distributions of matching

How could we reasonably explain this find-

scores for the selected regions before score-

ing? One possibility is that the human visual

level fusion. The score distributions of com-

system relies on the projection of a face , i.e.

bining 10 regions by sum rule and LDA are

2D texture image, rather than the face itself,

shown in fig (8). It can be seen from this figure

which is a 3D object, in identifying a face.

that the separability of two classes has been

This new evidence might also explain why and

improved as compared to that of the classifiers

how 3D face recognition can help improve the

based on single-region. The result indicates that

performance of 2D face recognition system.

the multi-regions system performs better than

That is, the outputs of 2D face recognition and

any of the single-region systems.

3D face recognition may not agree with each

Intuitively, facial features are different in

other when classifying a face because they are

terms of their importance in face recognition.

dominated by different facial regions. Hence,

To explore the relative importance of each re-

the error made by one of them might possibly

gion, we began with 10 regions and then leave

be covered by the other.

one region out at each experimental run. After
removing one region, we compute the optimal

F. Sensitivity to Facial Expressions

weights on remaining regions by LDA/LSVM.

In general, facial expressions could be clas-

Table I and II contains the weights obtained

sified by types (smile, angry, etc.) or strength

by LDA and LSVM respectively. We first ob-

(neutral, weak, strong). For the purpose of

serve that using overlapped regions does not

recognition, we are concerned about the per-

improve performance, i.e. region 9 and 10 do

formance at different levels of expression

not have significant contribution. These tables

strengths, not the types. In this experiment,

show a clear difference in the values assigned

facial expressions are classified into 3 cate-

to each region. The results suggest that nose

gories: neutral, small and large. The neutral

has the highest contribution followed by fore-

category includes the face postures without
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obvious expressions, while small means natural expressions such as moderate smiles. The
large category contains the faces with extreme
expressions. In many verification/identification
scenarios, it is reasonable to assume cooperation from subjects. If a subject is making a
weird expression, we can ask him/her to be
more cooperative.
The validation partition of FRGC v2.0
dataset, containing 4007 images, is manually
classified into these three categories. The manual labeling of images is performed by Geometrix Inc. [59] and labeling results are avail-

Fig. 3.

Example of opinion fusion. The scores from mouth

region and nose are combined to yield a final score.

able for research community. The percentage of
neutral, small and large expressions are 60%,
20% and 20% respectively. Fig. (9) shows the

mance that can be expected with cooperative

ROC curves of following experimental settings

subjects, i.e. natural expressions are allowable

(from top to bottom): First, neutral images are

but not exaggerated ones. The lower two curves

matched with neutral images (60% vs 60%).

show significant performance degradation due

Second, neutral images are matched with the

to extreme expressions.

union of neutral and small categories (60% vs
80%). Third, neutral images are matched with

IV. C ONCLUSION

all 4007 images (60% vs 100%). Fourth, all

We have developed a 3D face recognition

4007 images are matched with all 4007 images

system which integrates multiple regions of

(100% vs 100%).

a facial surface. The proposed system over-

From these experiments, we observe that

comes the limitations of the single-region al-

performance degradation is related to the

gorithm. The performance improvement is due

strength of expressions. With neutral and small

to the combination schemes which generate

expressions, our algorithm can achieve verifi-

the final matching score with a higher quality

cation rate of 96.90% at 0.1% false accept rate

than those based on single region. Experiments

(the second curve from top). This is the perfor-

indicate that the LDA performs better than
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Region 1

Region 2

Region 3

Region 4

Region 5

Region 6

Region 7

Region 8

Region 9

Region 10

We specify 10 regions on facial surface. Matching scores obtained from each region are combined to yield the final

matching score.

FRGC 2.0 Experiment 3s : Multi−Regions vs. Single Region
1

0.9

0.95
Verification Rate

Verification Rate

FRGC 2.0 Experiment 3s : Multi−Regions
1

0.8
ROC I : multi−regions
ROC II : multi−regions
ROC III : multi−regions
ROC I : baseline
ROC II : baseline
ROC III : baseline

0.7
0.6
0.5
0.4 −3
10

−2

10

−1

10
False Accept Rate

0.85

ROC I : multi−regions
ROC II : multi−regions
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0.8
0.75

0

10

(a)
Fig. 5.

0.9

0.7 −3
10

−2

10

−1

10
False Accept Rate

0

10

(b)

ROC performance obtained by using sum rule for information fusion. (a) Comparison with BEE baseline algorithm

and (b) Comparison with single-region algorithm

the sum rule. The reason is that the single-

not have equal performance, we should assign

region sub-systems do not have the similar

weights to them. The LDA provides optimal

performance. If the individual classifiers do

weights for combining multiple classifiers so
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FRGC 2.0 Experiment 3s
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that it outperforms the sum rule. LSVM profusion. The fusion by LSVM achieves similar
recognition performance as by LDA while the
LSVM is computationally more intensive. Results on the FRGC v2.0 dataset demonstrate

95
Verification Rate in %

vides another optimal solution for information
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that our multiple-regions algorithm is robust in
the presence of facial expressions.
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TABLE I
T HE W EIGHTS ON S ELECTED R EGIONS O BTAINED BY LDA

Number of

Weights on the selected regions

VR @ FAR = 0.1%

selected regions

#1

#2

#3

#4

#5

#6

#7

#8

#9

ROC-I

ROC-II

ROC-III

9 regions

.3586

.3222

.2665

.3661

.4849

.4008

.2396

.2749

.1831

.9185

.9120

.9045

8 regions

.3630

.3162

.2675

.3784

.4958

.4067

.2564

.2763

0

.9065

.8992

.8910

7 regions

.3708

.3125

.2709

.3759

.6225

0

.2881

.2819

0

.8867

.8751

.8614

6 regions

.3922

.3400

0

.3906

.6289

0

.2994

.3044

0

.9046

.8984

.8918

5 regions

.3980

.3736

0

.3923

.6679

0

0

.3192

0

.9086

.9034

.8983

4 regions

.4052

.3754

0

.3950

.7339

0

0

0

0

.8863

.8771

.8663

3 regions

.4692

0

0

.4374

.7671

0

0

0

0

.8450

.8302

.8133

2 regions

.5367

0

0

0

.8437

0

0

0

0

.8630

.8536

.8414

1 region

1.000

0

0

0

0

0

0

0

0

.7591

.7429

.7242

TABLE II
T HE W EIGHTS ON S ELECTED R EGIONS O BTAINED BY LSVM

Number of

Weights on the selected regions

VR @ FAR = 0.1%

selected regions

#1

#2

#3

#4

#5

#6

#7

#8

#9

#10

ROC-I

ROC-II

ROC-III

10 regions

2.534

1.293

1.423

1.991

2.792

1.889

1.444

1.501

.8265

1.032

.9145

.9080

.9014

9 regions

2.518

1.298

1.498

1.815

2.809

2.103

1.567

1.666

0

1.206

.9138

.9081

.9014

8 regions

2.288

1.259

1.654

1.896

3.100

2.179

1.879

1.789

0

0

.9152

.9096

.9028

7 regions

2.457

0

1.780

2.012

3.077

2.298

1.996

1.747

0

0

.9132

.9077

.9012

6 regions

2.609

0

1.904

1.973

3.700

2.347

2.244

0

0

0

.9136

.9084

.9030

5 regions

3.048

0

0

2.321

3.963

2.513

2.258

0

0

0

.9123

.9054

.8978

4 regions

3.683

0

0

0

4.376

2.519

2.313

0

0

0

.8861

.8797

.8715

3 regions

3.961

0

0

0

5.246

2.822

0

0

0

0

.8820

.8738

.8656

2 regions

4.317

0

0

0

6.917

0

0

0

0

0

.8594

.8525

.8439

1 region

0

0

0

0

1

0

0

0

0

0
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.7429

.7242
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