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Abstract—In this paper we present a novel algorithm suitable
to improve the accuracy of 3D face recognition. In the proposed
algorithm, we represent the 3D points by Point signatures and
partition the facial data into fifteen regions according to ”three
courtyards and five eyes” theory in pencil sketch on facial
image in Chinese traditional art. Then in each partition we
use ICA getting eigenvalues of feature and structure character
and depth information to represent the 3D facial data. We
assign different weightiness to each sub-image according to the
result of sub-image variety. In order to match incomplete data
under structural constraints, we proposed a reformative robust
Structural Hausdorff Distance to handle these possible cases.
Experiments on FRGC v2.0 data set show that the proposed
algorithm is robust and effective to 3D face with expression,
lighting and expression variance.

Index Terms —3D face recognition, image partition, Structural
Hausdorff Distance

I. INTRODUCTION

Face recognition is one of the most important applications
of computer vision, particularly with the increasing security
concerns in the last decade. In the past years, major advances
are focused on 2D intensity images[1][2][3][4][5][6][7],but
there are still considerable challenges in uncontrolled environ-
ments due to the pose, illumination and expression variations.
With the recent availability of accurate 3D sensors , which are
capable of sensing both 3D face shape and texture, it is widely
considered that some of the inherent problems of 2D intensity-
based recognizers can be overcome, because that 3D images
can compensate for the depth information which is absent in a
2D image. 3D Facial image includes much information, such
as eyes, nose, mouth, depth, the distance between two eyes, the
distance between eyes and mouth and their relative positions.
We can classify these information into two categories, feature
information(FI) including such as eyes, nose, mouth, depth,
et al. and structure information(SI) including the distance
between two eyes, the distance between eyes and mouth and
their relative positions and so on.

Bowyer et al. proposed a thorough survey of 3D face
recognition algorithms in[8]. Pan[9] design a pose-invariant
recognition system by projecting the pre-registered 3-D point-
cloud data to a plane parallel to the face plane. Russ et
al.[10]. brought forward an approach for matching 2D depth
image( range images), using the original measured data and
not their subspace projection. They apply the partial-shape
Hausdorff distance metric to range images. The motivation
behind using the Hausdorff distance is its partial invariance to
inconsistencies such as noise, holes, and occlusions in the 3-D
facial data.

Koudelka[11] et al. locate automatically several facial land-
marks such as nose tip, sellion, inner eye corners, and mouth
center and then sample 150 random points in their neigh-
borhood based on the iterative closest point(ICP) algorithm.
The matching of two facial surfaces is then accomplished
via a mixture of ICP and Hausdorff algorithms. Irfanoglu et
al.[12]use the thin-plate-spline (TPS)-warping algorithm. First,
several facial landmarks are located automatically, and a given
face image is then warped to an average face model (AFM)
using TPS. A similar method is also proposed in[13], where
a generic face model is fitted to a given face, and the related
displacement information forms a separate deformation image.
Finally, the biometric signature is obtained from the wavelet
analysis of this deformation image.

Although warping-based registration algorithms may have
a potential of establishing better correspondences around the
dynamic facial regions, they may have the side effect of
suppressing characteristic differences between faces[14]. In
order to avoid inefficient effect, Lu and Jain[15] suggested
using person-specific deformable models. Approaches on 2D
or 3D face recognition may be classified into two main
categories. The first relies on the extraction and match-
ing of salient surface features usually based on curvature
information[16][17][18], this approach makes facial recogni-
tion by FI. In the second approach, the face surface is rep-
resented and image classification techniques are applied, the
second one [19][20] is absorbed in find the general information
mainly including SI to recognize persons. Experiments show
that recognition accuracy leads to degraded if only using FI
or SI in facial recognition.

In this paper, we propose a novel method to recognition 3D
facial images using both FI and SI to improve the recognition
accuracy. In the proposed method, we partition the facial
images into fifteen subimages based on point signature[21],
which are with the same size, then in each subimage we get the
all eigenvalues found by LDA to represent the subimage. And
we use Structural Hausdorff Distance (SHD) to distinguish
each vector representing the facial image. Experimental results
show that the proposed method achieves higher facial images
recognition accuracy.

This paper is organized as follows. SectionII introduces
the partition model of facial image. SectionIII gives facial
image similarity with weighted index and we introduce facial
feature extraction and classification. SectionIV discuses our
experimental results and compares them to other published
results on FRGC v2.0 database. Finally, SectionV provides
the conclusion.
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Fig. 1. The geometry description of ” three courtyards and five eyes” theory

II. PARTITION FOR FACIAL IMAGE

There is a ”three courtyards and five eyes” theory in pencil
sketch on facial image in Chinese traditional art[22]. We
draw a vertical line from forehead to chin and pass through
nasoscope and philtrum firstly, and then draw a horizontal
line pass through glabella, draw another horizontal line pass
through the bottom of nosewing. Thus the two horizontal
lines will divide the face image into three parts, which are
called ”three courtyards” and the height of each courtyards
are uniform. The ”five eyes” are that the distance from the
outboard of the canthus to the verge of the same side bob is
a ”eye”, and the distance of the two eyes is a ”eye”. Because
of symmetry of face image, we will get ”five eyes”. This
theory defines that the facial image of normal person satisfy
” three courtyards and five eyes”, where ”courtyard” means
a region of face and ”eye” means a length of one eye. So
the ”three courtyards and five eyes” shows that the person
facial image can be partition into three courtyards with same
height in vertical direction, and partition five eyes-length in
horizontal direction, as shown in fig.1. From Fig.1. we can
draw a conclusion that ” three courtyards and five eyes” theory
partition the facial image into three and five same distance
regions in vertical and horizontal respectively. These partitions
include the FI and SI, in others words, these partitions include
the objects information such as eyes, mouth, nose, eyebrow
etc, and the information of object relative position namely
topological information. So we partition the facial image into
fifteen regions, as shown in Fig.2. Let S be facial image, and
the sub-images are encoded as Si from left to right and upper
to down,i = 1, 2, · · · , 15, and Sim(Sk

i , Sk
j )denote the similar

of two sub-images Sk
i and Sk

j of two different global facial
images Si and Sj .

Lemma 1 Let Sk
i ∈ Si , and Sk

j ∈ Sj (i �= j), then m ≤
Sim(Si, Sj) ≤ M , where m = min

{
Sim(Sk

i , Sk
j )

}
, M =

max
{
Sim(Sk

i , Sk
j )

}
,k = 1, 2, · · · , 15.

In practical, we usually confirm two facial images as the
same person’s or not with some distinct features such as eyes,
nose, although some others features are not so similar. That
is to say that the corresponding features on the two facial
images have not the same similar degree. The similar degree
of two facial image S(Si, Sj) is less than the similar degree

Fig. 2. Partition the facial image into fifteen regions and the corresponding
encodings

of distinct features and larger than the other features.
Lemma 2 Let Sk

i ∈ Si , and Sk
j , Sl

j ∈ Sj ,(k �= l, i �= j)
, then Sim(Sk

i , Sk
j ) ≥ Sim(Sk

i , Sl
j). Sk

i and Sl
j (k �= l) are

the different partition of two facial images.
In our partition, each partition usually has different feature

of face. So Sim(Sk
i , Sk

j ) ≥ Sim(Sk
i , Sl

j). From the above
lemmas we can deduce that Sim(Sk

i , Sk
j ) of the two sub-

images Sk
i and Sk

j in the same position of the arbitrary two
facial images should be larger than Sim(Sk

i , Sl
j) (k �= l). Be-

cause the corresponding position sub-images include the same
objects in two facial images, which reflects the topological
information namely structure information(SI). Now, we have
partition a facial image into fifteen sub-images in sequence,and
we can draw a conclusion that our partition method preserves
the SI comparing to other partition methods.

III. FACIAL IMAGE SIMILARITY COMPUTING

From the Lemma 1, it is obvious that the facial image
recognition rely on the similarity of sub-images. That is to
say, if each similarity of the two facial sub-images is small,
then the similarity of the two global facial images will be
small. Considering that the facial images we get perhaps imply
pose invariance, lighting condition and expression, so some
similarities of the sub-image pairs are more than the global
similarity and the others are less than the global similarity.
But is the sub-image has the same contribution to the global
similarity?

There are fifteen sub-images in Fig.2, but each sub-image
contains different objects, such as S7 and S9 containing
left eye and eyebrow, right eye and eyebrow respectively,
S8 containing mainly part of the nose, and S12, S13, S14

containing part of the mouth. And the other contain nearly
no features. As we known that the eye, eye brow, nose, mouth
are most important objects to facial recognition. So a novel
idea comes into being, that is the sub-images have different
contribution to the similarity of facial images. In order to
enhance the accuracy, We should evaluate different weight-
iness to similarity of sub-images. On the other hand, as we
know, the same person’s face images in different expressions
are widely different. So when we assign weightiness to each
sub-image, we should take expression variety into account.
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It is obvious that the pixel variabilities of the same face
in different expression are distinct. In order to denote the
difference, we computer the variance Vk of each sub-image Sk

and assign weightiness Wk to each sub-image Sk according
to its variance Wk In this way, we can roughly distinguish the
face expression for our experiment. Thus we can present the
face image with weightiness Wk the sub-matrix Sk and we
will have the following computing formula:

Sim(Si, Sj) =

15∑
k=1

Wk × Sim(Sk
i , Sk

j )

15∑
k=1

Wk

(1)

Based on the 2D depth image( range images), 3D fea-
tures for a test face are to be extracted. Let α =
[λ1, · · · , λ15, d1, · · · , d15, μ1, · · · , μ15] be the features in the
depth image, where λi(1 ≤ i ≤ 15) is the max eigenvalues
of sub-image Si matrix according to PCA algorithm ,di and
μi are the average depth and the depth variance of nodes
in sub-image Si respectively. With α, a robust Structural
Hausdorff Distance (SHD) measure is proposed to compare
a test face with all models in 3D domains. The aim of
using the SHD measure is to constrain the Hausdorff Distance
matching with the structure of the image. In this paper, the
structure information is encoded in a confidence matrix, which
is computed based on the intra-set 3D distances using the
Eigenvector approach [23] . The Eigenvector approach based
on the intra-set distances was suggested by Shapiro and Brady.
Its main idea is discussed as follows. Denote two vectors as
p1 = [p11, · · · , p1m] and p2 = [p21, · · · , p2n]. The traditional
Eigenvector method is briefly introduced as follows. For the
set p1, create the Gaussian proximity matrix M1 = {M1ij},
where

M1ij = exp(−r2
ij/2σ2) (2)

and r2
ij = ‖pi1 − pj1‖2. The parameter σ controls the

intersection between features in the set p1. Next step, we
compute the eigenvalues λi and eigenvectors Ei(termed as
modes here) of M1, then

M1 = V1D1V
T
1 (3)

The diagonal matrix D1, contains the eigenvalues along
its diagonal in descending order. The modal matrix V1 =
[E1, · · · , Em]is orthogonal. Each row of V1 can then be
thought of as a feature vector Y1i, i.e. V1 = [Y11, · · · , Y1m]T .
Similarly,this computation is applied to the data set p2(n
features), and we can obtain M2 = V2D2V

T
2 , The associ-

ated feature vectors are written as Y1i(1 ≤ i ≤ m) and
Y2j(1 ≤ j ≤ m). The final stage is to correlate these two sets
of features, yielding the confidence matrix Z. The confidence
matrix,Z = {Zi,j}(1 ≤ i, j ≤ k) is derived with

Zij = ‖Y1i − Y2j‖2 (4)

It is solvable to scale the eigenvectors by their correspond-
ing eigenvalues. This effectively give more weights to the
dominant modes. Carcassoni and Hancock [24] investigated

the performances when defining different proximity matrices.
In this paper, we adopt the suggested proximity matrix which
exhibit good performances. Let rij be defined as the 3D dis-
tance between feature point i and feature point j. Specifically,
the proximity matrix is described as follows:

Mij = [1 + rij/σ]−1, σ =
1

m(m − 1)

m∑

i,j,i�=j

rij (5)

After obtaining the proximity matrices for the model face and
test face, the confidence matrix Z can be derived based on the
above introduced EA approach. In this paper, Zij is proposed
to be integrated in the Hausdorff Distance measure as a weight
for the distance between the features extracted from point pi1

and point pj2. This is the essence of the Structural Hausdorff
Distance measure presented in this paper. The Hausdorff
Distance was originally proposed by Huttenlocher et al.[25]
for binary image comparison and computer vision. Unlike
most shape comparison methods, the Hausdorff Distance can
be calculated without the explicit pairing of points in their
respective data sets, and can be extended to allow partial
matching. It is because of this desirable property that we use
the HD measure in our method.

Conventionally, given two finite points sets A =
{a1, · · · , ap} and B = {b1, · · · , bq}, the Hausdorff Distance
is defined as

H(A,B) = max(h(A, B), h(B, A)) (6)

where

h(A,B) = max
a∈A

min
b∈B

‖a − b‖ (7)

is called the directed Hausdorff Distance from A to B. Since
the Hausdorff Distance measure is very sensitive to degra-
dations caused by noise and occlusions, improved methods
such as partial Hausdorff Distance[25], M2HD [26] and spa-
tially weighted Hausdorff Distance[25] have been proposed.
Here, we use a directed Structural Hausdorff Distance (SHD)
function by considering the correspondence probability when
comparing two features

h(A,B) =
1
p

p∑

i=1

ρi min
bj∈N

ai
B

(Zi,j ‖ai − bj‖) (8)

where Zij is the element of the correspondence matrix com-
puted based on Eq. (4), ρi = 1 iff min

b∈N
ai
B

Zij ‖ai − b‖ < τ ,

otherwise, ρi = 0, and τ is a threshold to eliminate outliers
and is carefully chosen through experiments. In order to avoid
the full search in the conventional HD method, Nai

B is defined
as the neighborhood of point ai ∈ A in set B as in[26],
and is constrained by the pre-localized fiducially points. Since
the structural information is encoded in the correspondence
matrix, compared with the general HD-based approach, the
matching results of the SHD based approach are expected to
be more robust. This will be verified in the next section.
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TABLE I
PERFORMANCE COMPARISON ON THE FRGC V2.0 DATABASE

Method Recognition Rate Variation
HD 92.7667 2.9122

M2HD 92.8103 3.1498
SHD 93.0452 4.5187

WPHD 95.1380 2.5071

IV. FACE RECOGNITION

The proposed method is tested on neutral expression faces
of the FRGC v2.0 data set. The FRGC v2.0 data set has
400 gallery faces and about 1500 neutral probe faces under
variations in pose, varying ages and lighting. In this section,
experiments have been conducted to show the effectiveness
of our proposed method for face recognition on FRGC v2.0
databases. For a face to be tested, after determining its view
label and localizing the 2D partition in Section 3, its represent
vectors, α is determined. Employing the robust SHD measure,
the best matched model face is identified based on the linear
integration of the normalized comparison results in 2D depth
image.

The experiments on 2D depth image (range image) have
been systematically performed. A number of conclusions
and interesting points were revealed. The derivation of our
method, theoretical analysis and face representation (Fig. 2)
in SectionIII show our method is able to use both the FI and
SI, especially depth information. The method is more effective
to describe 2D depth face image representation by preserving
local topology structure. The method consistently performs
better than HD, M2HD and SHD, as show in TableI.These
experiments show that our proposed method is robust to
changes in lighting, facial expression. The present algorithm
is not able to resolve face recognition with lange-angle pose.
Effective algorithm design for face recognition with lange-
angle pose would be a topic of our future work.

V. CONCLUSION

In this paper, we propose a novel method to recognition
2D depth facial images using both FI and SI including the
depth information to improve the recognition accuracy. Our
method partitions a facial image into fifteen sub-images and
presents each sub-image with a forty-five dimension vector.
Our experiments show that the proposed method is robust to
expression variance and lighting.
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