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Abstract

In previous works of face recognition, similarity between
faces is measured by comparing corresponding face region-
s. That is to say, matching eyes with eyes and mouths with
mouths etc.. In this paper, we propose that face can be also
recognized by matching non-corresponding facial regions.
In another word face can be recognized by matching eye-
s with mouths, for example. Specifically, the problem we
study in this paper can be formulated as how to measure
the possibility whether two non-corresponding face region-
s belong to the same face. We propose that the possibility
can be measured via canonical correlation analysis. Exper-
imental results show that it is feasible to recognize face via
non-corresponding region matching. The proposed method
provides an alternative and more flexible way to recognize
Jaces.

1. Introduction

Automatic face recognition is a hot research topic in
computer vision and pattern recognition. In the past
decades, many methods have been proposed to study this
problem. Now the performance of automatic face recogni-
tion systems has been greatly improved. In some evaluation
tests, computer based face recognition systems even outper-
form humans [15]. However, advance in recognition perfor-
mance doesn’t mean that thorough understanding of human
face is achieved. Many mysteries of human face remain
unsolved. In this paper we study the relationship between
different parts of face by matching non-corresponding face
regions in a statistical way. Although seems incredible, in
this paper we will show that it is a feasible way to recognize
faces.

Statistical learning based methods are proved successful
in face recognition. Among these methods, the “eigenfaces”
proposed by Turk and Pentland [23] and “fisherfaces” pro-

posed by Belhumeur et al.[2] are the most important in the
literature. Besides them and their variants, many other sta-
tistical models are also successfully applied in face recogni-
tion. For example, recently Wright et al.[26] applied sparse
representation to face recognition. Besides the statistical
learning methods, visual feature descriptors are also very
successful in improving the performance of face recogni-
tion. Gabor wavelet[24] and the histogram sequences of
local binary patterns [ 1] are very effective to represent face
appearance.

In the methods described above, similarity between faces
is measured by comparing vectors or histograms. No matter
comparing vectors or histograms, they are all based on one
criterion: Matching Corresponding Regions on face. That is
to say, similarity is measured by comparing eyes with eyes
and nose with nose etc.. Although some approaches of face
recognition applied elastic matching [29, 25, 8], the range
of elastic is limited to local neighbor regions.

Figure 1. Half faces of Bill Clinton and George W. Bush.

Matching corresponding regions is effective, but it is not
the only way to recognize faces. Psychology researches
show that the relationship between different facial parts al-
so plays an important role in the process of human face
recognition. This phenomenon can be illustrated by the
experiment of naming the famous people depicted in half
faces[18, 28]. As shown in Figure 1, compared with rec-
ognizing single half faces (right image), it is much more
difficult to recognize faces when two half faces are aligned
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together (left image). The process of integrating differen-
t parts of face confuses the recognition. This phenomenon
gives a proof by contradiction that the relationship between
different parts of face is important to human in recognizing
faces. Thus, it also implies that the relationship between d-
ifferent face region may have similar influence in computer
based face recognition systems.
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Figure 2. Corresponding (a) and non-corresponding (b) face region
matching.

In this paper we study the relationship between different
parts of face in computer-based face recognition systems.
Specifically, the problem we focus on can be formulated as
the following questions. Given two different facial parts,
how to measure the possibility that they belong to the same
face? And is this possibility useful in face recognition? In
another word, as shown in Figure 2, what we study is not
how to match eyes with eyes but how to match eyes with
mouths, for example. In this paper, we propose that the
possibility mentioned above can be measured via Canonical
Correlation Analysis (CCA). We find it surprising that it is
feasible to recognize face by Matching Non-corresponding
Regions.

Besides CCA, other methods, such as the approach pro-
posed by Kumar et al.[10], also have capacity to perform
non-corresponding region matching. To our knowledge, the
work proposed in this paper is the first one explicitly studies
non-corresponding region matching in face recognition.

The remaining parts of this paper are organized as fol-
lows: Section 2 describes the method of matching non-
corresponding regions; In Section 3, we illustrate the ex-
perimental results. And lastly, we draw the conclusions in
Section 4.

2. Matching Non-Corresponding Face Regions
via Canonical Correlation Analysis

In this section, we first describe the feature extraction
method utilized in the proposed approach. Then we de-
scribe the canonical correlation analysis and its application
to matching non-corresponding face regions.

2.1. Face Feature Extraction and Corresponding
Region Matching

Low-level visual feature extraction is the first and very
important step in face recognition. Since local Gabor fea-
ture is successful and widely used in face recognition, we

applied it for visual feature extraction. Similar to the ap-
proach in [13], we extract Gabor magnitude features of 5
scales and 8 orientations from the face images.

Gabor magnitude features
Original image

Figure 3. The patch division and process of feature extraction.

As shown in Figure 3, we divide face images into sever-
al non-overlapping regions for illustrating the relationship
between different parts of face. Gabor features are sampled
from each region. To enhance the representation power and
reduce the dimension of feature vector principle component
analysis(PCA)[23] is performed on each patch. After that
we perform Fishers linear discriminant analysis (FLD)[2]
for further enhancement.

After visual and statistical feature extraction, a face
can be represented as a set of feature vectors according
to the patch division. Denote two faces and their corre-
sponding patch vectors as ¢ = {21,%2,...,2,} and y =
{y1,92, ..., Ym}. Here m is the number of non-overlapping
patches. For matching corresponding face regions, the sim-
ilarity between two faces (x, y) can be simply computed by
summing the similarities of each corresponding patch pair.
Using correlation as the metric, the total similarity Si,;q; 1S
given by

Lo~ (i,u)
Stotal = — Y T, )]
m ; llzill - [yl

where the (a, b) denotes the dot product of a and b.

2.2. Matching Non-Corresponding Face Regions via
Canonical Correlation Analysis

In this paper we propose a novel method in which faces
are recognized by matching non-corresponding regions. As
shown in Figure 4 the method include two steps, i.e., the
training step and the testing step respectively. First, we con-
struct a series of coupled training sets, each for one pair of
non-corresponding regions, by sampling one pair of patches
on each face image. Then, CCA is performed on each train-
ing set for learning two sets of basis vectors. Each set of
vectors correspond to one face region. In the testing phase,
patch vectors are projected onto corresponding basis vec-
tors. Similarity between two non-corresponding patches is
measured by comparing their projections. In other words,
the basis vectors obtained by CCA can transform vectors
of two non-corresponding regions into a unified latent sub-
space. Non-corresponding region matching is performed in
this latent subspace.
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Figure 4. The process of non-corresponding region matching.

As can be seen, the key step in the proposed method is
the canonical correlation analysis. Canonical correlation
analysis is proposed by H. Hotelling in 1936 [7]. Itis a
classical technique in statistical learning [6]. CCA has been
widely used in computer vision, and in recent years it also
has been applied to face analysis. Sun and Chen [20, 21]
modified the CCA model with soft label and local preserv-
ing projection. Ma et al. [14] improved the CCA model by
maximizing the differences between the within class corre-
lations and between class correlations. Their methods are
all applied to image based face recognition. Kim et al. [9]
also embedded discriminant analysis into the CCA model,
but they applied their model to face video analysis. Zheng
et al. [30] used kernel CCA for recognizing facial expres-
sion. Reiter et al. [17] and Lei et al. [11] used CCA to
reconstruct 3D facial shape. Yang et al. [27] applied C-
CA to 2D-3D face matching. Different from all the method
mentioned above, we apply CCA to non-corresponding face
region matching in this paper.

“Canonical correlation analysis can be seen as the prob-
lem of finding basis vectors for two sets of variables such
that the correlation between the projections of the variables
onto these basis vectors are mutually maximized.” [5]. The
reason why we use CCA is that it can maximize the corre-
lations between non-corresponding regions. And more im-
portant thing is that only the patches from the same face are
coupled in the training set. That is to say, only the intra-
personal correlations are maximized. The correlation val-
ues given by CCA are positively correlated to the possibil-
ity that two patches belong to the same face. Therefore, it
can be used as a metric for matching two non-corresponding
face regions.

In Figure 5, we give the correlation distributions of the
same and different identity in the original feature space
and the latent subspace obtained by CCA. As can be seen,
the correlations between two non-corresponding regions are
confused in the original feature space while in the latent
subspaces the distributions are well-separated.

I Different Identity
|| ||| Same Identity '

1] . ___..l||| ............
-0.4 -0.2 0 02 04 -04 -02 0 02 04
Correlation Correlation

(@) (b)
Figure 5. Distribution of correlation value between two non-
corresponding face regions. In the original feature space (a), the
correlation distribution of same and different identities are con-
fused. In the latent subspace given by CCA (b) they are well-
separated.

Let (X1, X5) be a set of patch pairs for two non-
corresponding regions, where X1 = {x11,%21...,%n1},
Xo = {x12,222 ..., 2,2} Here n is the number of faces.
Both X; and X5 are normalized to zero mean. The opti-
mization goal of CCA is to find two sets of basis vectors,
each for one region, such that the correlations between the
projections of variables onto them are mutually maximized.

Denote the basis vectors as Wia = {wi?, wi? ... wi?}
and Wy = {w?',w3l,... ,wi'}. Here k corresponds to

the dimension of the latent subspace. For a pair of basis
vectors (w'? w?!), the correlation p between the projec-

tions w'2” X, and w2 X, is
. Ew2” X, XTw?!]
\/E[w12TX1X1Tw12]E[w21TX2X§w21]

(@)

Here, E[f(z,y)] is the empirical expectation of function
f(@,y).

Considering the means of X; and X5 are zero, the total
covariance matrix of (X7, X2) can be written as:

T
_(Ci1 Ci2\ _ X1 X1
Ctotal - <021 022 - E )(2 X2 (3)
where C7; and Coe are the within-patch covariance ma-
trices of X; and X, respectively and C15 = CQTl is
the within-individual covariance matrix between two non-

corresponding regions. Therefore, the object function can
be described as:

WLC12W-
Wig, Wa1 = arg max F 12012 ;1
Wi2,Way \/W12011W12W21022W21

“)
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The solution of W15 and Ws; can be found by solving
the following eigenvalue equations [3]:

C C12Co0t Coy Whg = p? Wiy

_ - )
Cayt Co1 C1 C1aWoy = p* Wy

Only one of the equations needs to be solved, because
the solutions are related by

C12Wa1 = pA12C11 Wi
C21Wia = pA21Ca2Way,

_ W CooWay
A2 = Ay = . 7
12 21 ngCnWm ( )

Assuming that each face is divided into m patches. Then
there are total m(m — 1) non-corresponding patch pairs.
For each pair we learn two sets of basis vectors (W, Wj;),
where ¢ # j and i,j € 1,...,m. Denote a pair of
gallery and probe faces as x = {x1,%2,...,%m} and y =
{y1,y2,...,ym} respectively. For a non-corresponding
patch pair (z;,y;), their projection onto corresponding ba-
sis vectors are:

(6)

where

.fi = WlT(LI?Z - m;nean)

®

yj = Wiy, — e
Here 27"“*" and 2’/*“*" are the mean vector of i-th and j-
th patch respectively. The similarity between x; and y; is
measured by the correlation between the projections &; and
1J;. Consequently, the total similarity S, ,; between face x
and y can be computed by summing the similarity of all the
non-corresponding patch pairs.

total mx(mfl)

— s.t. 1 #£j.
2 2 s
)

In the recognition, we simply used the nearest neighbor
classifier. A probe face is identified to the gallery face with
highest S} ,,; value.

Similar to the Fisher’s linear discriminant analysis, sin-
gularity problem also exists in CCA. The covariance matrix
C11 and C5 in equation (4) may be not invertible. There
are two methods to solve this problem. In the first, covari-
ance matrix can be regularized by adding a small value to
the diagonal elements. Denote the small value as «. By re-
placing C'11 and C55 with the regularized covariance matrix
C11 + ol and Cy; + ol respectively in equation (4), the
singularity problem could be avoid. The second method is
to perform PCA before CCA, which is similar to the fisher-
faces method[2]. In this paper, we perform PCA and FLD
on the original Gabor features. Thus, the singularity prob-
lem is solved. However, we also perform CCA directly on
the original Gabor features in the following experiments. In
this case, the first method is used.

3. Experiments

In order to validate the proposed method, we performe
experiments on the FRGC version 2.0 data set under the
protocol of Experiment 4. The FRGC provides 6 experi-
mental protocols [16]. Among these experiments, Exper-
iment 4 is considered the most challenging for still image
based face recognition. In Experiment 4, face images are
divided into three data sets, i.e., the training set, the target
set and the query set respectively. The training set consists
of 12,776 images of 222 individuals. In the target set, there
are 16,028 face images taken under controlled illumination.
And in the query set there are 8,014 images taken under
uncontrolled illumination.

(b) (c)
Figure 6. The patch division (a) and example face images taken
under controlled illumination (b) and uncontrolled illumination (c)
in the FRGC version 2.

In the experiments original images are converted to gray
scale. The face images is normalized to 128 x 160 ac-
cording to the positions of eyes. Each image is divided in-
to 20 non-overlapping patches for corresponding and non-
corresponding region matching. Independent PCA and FLD
models are trained on each patch using the images in the
training set. Then patches are represented as low dimension
feature vectors obtained by PCA and FLD. Figure 6 illus-
trates the patch division and some examples of normalized
face images used in our experiments.

In Experiment 4 face verification is performed by com-
paring 8,014 uncontrolled query images with 16,028 con-
trolled target images. The performance is measured by three
Receiving Operator Characteristic (ROC) curves generated
by BEE system. ROC 1 is corresponding to the images col-
lected within semesters, ROC 2 within a year, and ROC 3
between semesters. Algorithms are typically compared in
terms of the verification rate at 0.1% false acceptance rate,
which is considered the security requirement for real-world
applications.

3.1. Experiment A: Face Verification Based on Non-
Corresponding Region Matching

We first conducted experiments of face verification based
on Non-Corresponding Region Matching (NCRM) under the
protocol of FRGC experiment 4. For comparison, we also
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Figure 7. Performance comparison between Corresponding Region Matching(CRM) and Non-Corresponding Region Matching(NCRM)
based on original Gabor feature (top row), PCA feature (middle row) and FLD feature (bottom row).

give experimental results of Corresponding Region Match-
ing (CRM). In the experiments each face is divided into 20
patches. Therefore, there are totally 400 patch pairs. A-
mong them 20 pairs are corresponding to the same position
on face. And the position of the rest 380 patch pairs are
non-corresponding. For corresponding pairs, we compute
the similarity between a target and a query face according
to equation (1). For each non-corresponding pair we train
a CCA model using the image in the training set. Then the
similarity of NCRM is obtained according to equation (9)
for comparing a target and a query face.

Three kinds of features are used in the experiments, i.e.,
the original Gabor features, PCA features and FLD features.
The detailed performance comparison between CRM and
NCRM are shown in Figure 7 and Table 1. As can be seen,
it is surprising that NCRM outperforms the CRM when o-
riginal Gabor features and PCA features are used. However,
the performances of both CRM and NCRM are very poor
using Gabor and PCA features. When FLD feature is used,
the performance is considerably improved. In this case, the
CRM outperforms the NCRM.

Although the performance based on FLD feature is
not as high as the corresponding region matching, non-
corresponding region matching achieves 54% verification
rate at 0.1% false acceptance rate (ROC 3). Recognizing
faces by matching eyes with nose seems incredible. But
the experimental results show that it is feasible to recognize
face via non-corresponding region matching.

3.2. Experiment B: Face verification with different
training sets

According to the experiment protocol of FRGC, the C-
CA models are trained on the training set in Experiment A.
The models can give a general possibility whether a pair of
non-corresponding patches belongs to the same face. Under
this condition, one point is overlooked. Giving a target face
image, there is natural prior knowledge: the patches in this
image belong to the same face. In Experiment A this in-
formation is ignored. To make use this prior knowledge we
train the CCA models on the target set instead of the train-
ing set. Then the probability given by these models is not
the general probability but the probability for the specific
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Table 1. Comparison of verification rates at FAR=0.1% on FRGC
Experiment 4.

Work ROC1 ROC2 ROC3
C. Liu[12] - - 76%
Tan and Triggs [22] - - 88.1%
Suetal. [19] - - 89%
Deng et al.[4] 9391% 93.55% 93.12%
CRM 73.72%  74.19%  75.710%
NCRM-target 67.16% 70.74%  73.85%
NCRM-training 46.56% 50.65% 54.52%
NCRM-half face 43.06% 4593% 49.27%

subjects in the target set. The PCA and FLD models used
in this experiment are still trained on the training set.

To some extent using the target set breaks the FRGC pro-
tocol, since in face verification information of other target
faces is assumed unknown. However, it must be pointed
that we do not use any information of identity label of the
target set. More importantly, the purpose of this paper is
not to compete with other methods under the protocol of
FRGC. This experiment could help us to further explore the
potentialities of non-corresponding region matching in face
recognition.

The experimental results based on FLD feature are illus-
trated in Figure 8 and Table 1 . We can see that the perfor-
mance is greatly enhanced using the CCA models trained on
the target set. The ROC curves of NCRM are much closer
to that of CRM. The verification rate at 0.1% false accep-
tance rate (ROC 3) is improved to 73.85%. It is impressive
that the performance of NCRM is comparable to the CRM.

In Table 1 we also give the verification rates of some
state-of-the-art methods on FRGC experiment 4. Although
it is not proper to compare these methods under different
experimental settings. It can give an empirical comparison.
From the table we can see that the performance of NCR-
M is close to the results reported in [12], but lower than
other state-of-the-art methods. It should be pointed that our
method and the approach in [12] only use the Gabor feature,
while methods in [19, 22, 4] integrating Gabor features with
other kind of visual features. For example, Tan and Triggs
enhance the performance by combining Gabor features with
local binary patterns[22]. Therefore, the performance of the
proposed method could be further enhanced by integrating
Gabor features with other visual features.

3.3. Experiment C: “Half face verification”

In previous experiments we show the effectiveness of
non-corresponding region matching in face recognition.
The best performance of non-corresponding region match-
ing is not as good as that of the corresponding region match-
ing. But non-corresponding region matching provides a al-
ternative and more flexible way for recognizing faces. For
example, corresponding region matching can not recognize

the incomplete faces in Figure 1. Since the two faces don’t
have any overlapping region. But non-corresponding re-
gion matching can recognize them. To show the advantage
of non-corresponding region matching we perform experi-
ments of face verification based on “half faces”. As shown
in Figure 9, in this experiment we only use the top-half of
query face and the bottom-half target face. For a pair of tar-
get and query face, there is no overlapping region. Thus,
it is impossible to perform corresponding region matching.
But non-corresponding region matching can deal with this
situation.

| \
- R

Figure 9. The examples of incomplete and non-overlapping faces
in target (right) and query set (left).

Based on the patch division in Figure 6, a top-half of
query face has 12 patches and a bottom-half target face has
8 patches. Thus, there is 96 non-corresponding patch pairs
in total. They are a subset of the 380 pairs in the “full face”
verification. In the experiment we use FLD features. The
experiments are performed strictly under the under the pro-
tocol of FRGC experiment 4. In other words, the CCA mod-
els are obtained from the FRGC training set.

The experimental results are illustrated in Figure 10 and
Table 1. From the figure, we can see that performance is
degraded compared with the “full face” verification. But
the ROC curves of “half face” are still convex. At 0.1%
false acceptance rate, “half face” achieves 49.27% verifica-
tion rate. The performance of “half face” identification is
not that good, but it is still effective. Considering the cor-
responding region matching can not work in this extreme
case, these results clearly demonstrate the advantage of non-
corresponding region matching. Besides that these results
also suggest that the proposed method has the potentiality
in recognizing degraded faces, such as faces with serious
occlusion, expression changes etc..

4. Conclusions and Discussions

In this paper we propose a novel face recognition ap-
proach based on non-corresponding region matching. The
problem we study can be formulated as how to measure the
possibility that whether two non-corresponding regions on
the face image belong to the same face. In this paper we
propose that canonical correlation analysis is an effective
method to match non-corresponding regions on face.

Compared with corresponding region matching, non-
corresponding region matching, such as matching eye-
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Figure 10. Experimental results of "half face” verification in linear
(top) and log (bottom) coordinate.

s with mouth, seems incredible. However in this paper
we show that it is feasible to recognize faces via non-
corresponding region matching. Although the performance
of non-corresponding region matching is not as good as that
of corresponding region matching, it is effective enough for
recognizing faces.

The principle behind the proposed method might be the
constancy of skin texture characteristics. In other words, the
texture information is unrelated to the position and constant
for different face regions. So, in the future, we will expand
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Figure 8. Performance comparison for different training sets.
the implication by exploring more texture primitives to fur-
1 o ther prove its feasibility for face recognition.
0.9 _e” - The proposed method provides an alternative and more
o 08 ¢ flexible way to recognize faces. It can even effectively rec-
© o7, Full face — ROC 1 ognize faces without overlapping regions. Thus, it has po-
é g:z h - Full face - ROC 2 tentiality in recognizing degraded face images, such as im-
S o4 Full face - ROC 3 ages with serious occlusion. Besides that it also demon-
S 03 = = = Half face - ROC 1 strates a special property of human face that local regions of
> 02 Half face - ROC 2 face are highly correlated. Canonical correlation analysis is
01 = = = Halfface - ROC 3 not the only way to study this property. How to effectively
%0 010203040506070809 1 represent and make use of this property in face analysis is

still a problem worthy of further study.
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