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Facial Expression Recognition from 2.5D
Partial Face Data by Using Face Plane

Theekapun Charoenpong1 , Shogo Tokai2 , and Hiroyuki Hase3 , Non-members

ABSTRACT

Due to a problem of current research occurring
when recognizing facial expressions from a 2.5D par-
tial face data set taken from any viewpoint ranging
from -45◦ to +45◦, we propose a novel algorithm for
recognizing facial expressions from a 2.5D partial face
data set. A 2.5D partial data set is captured from any
viewpoint between -45◦ and +45◦. For facial expres-
sion recognition, a 3D virtual expression face is first
reconstructed from a 2.5D partial face data set. A
facial expression is then represented in terms of the
change of crossing points on a face plane. Next, two
schemes are used to analyse the crossing points for
recognition. In the first scheme, the distribution of
crossing points was used. In the second scheme, the
displacement vectors of crossing points by facial ex-
pression change were used. The classification is car-
ried out by using a support vector machine (SVM) for
the both recognition schemes. The experiments were
done for four facial expressions (neutral, anger, sur-
prise and smiling) of 22 persons. The results showed
the feasibility of the proposed method.

Keywords: Facial Expression Recognition, Partial
Face Data, Face Plane, Crossing Point, Displacement
Vector

1. INTRODUCTION

As facial expressions provide important informa-
tion such as affective stage, cognitive activity, tem-
perament and personality, truthfulness, and psy-
chopathology, the several researches have been stud-
ied on facial perception over the last three decades [1],
[2], but these researches performed effectively for rec-
ognizing the facial expressions from only full frontal
facial image. However, in the case of many applica-
tions concerning robots, the partial face data from
only one viewpoint is available. Therefore, it is im-
portant to develop a new innovation technology to
meet the requirements of robots that use a partial
face data taken from only one viewpoint. In this pa-
per, we propose a new method for recognizing the fa-
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cial expressions using a 2.5-dimensional (2.5D) partial
face data set. A 2.5D data set is a simplified three-
dimensional (3D) (x, y, z) surface representation that
contains at most one depth value (z-direction) for ev-
ery point in the (x, y) plane, associated with a reg-
istered texture image. Each scan can only provide a
single viewpoint of object, instead of the full 3D view
[3]. However, the usage of a 2.5D image has the ad-
vantage over a two-dimensional (2D) image when the
face pose is varied. The following facial expression
recognition methods have been proposed so far.

M. Pantic and L.J.M Rothkantz [4] proposed a fa-
cial expression recognition method by defining their
face model as a point-based model composed of the
two 2D facial views of the frontal and side view face
images. Multiple feature detectors were applied re-
dundantly in order to localize contours of prominent
facial features prior to their model. This method
needs more than one viewpoint of face image includ-
ing frontal face image. H., Michael et al. [5] use a
generic 3D head model and frontal view image for
the synthesis of facial expression, and then the facial
expression was classified by local binary pattern tech-
niques. I.A. Essa [6] adopts the optical flow process-
ing for perception and measurement of facial motion.
The 3D mesh model of face is fitted by 2D frontal
face image. Muscle activation is extracted using a
physics-based model of facial deformation, and then
the deformation is estimated from the optical flow. C.
Li and A. Barreto [7] proposed a framework of 3D face
recognition involving an initial expression assessment
of unknown face. The smiling and neutral expres-
sions were recognized. The most distinctive features
associated with the smile are the bulging of the cheek
muscle and the uplift of the corner of the mouth, and
then the histograms of the range value (z-coordinates)
of cheeks from smiling and neutral face are used for
recognition by means of a Linear Discriminant Anal-
ysis (LDA) and a Support Vector Machine (SVM). J.
Wang et al. [8] used the rotated 3D frontal face model
under the viewpoint varying between +40◦ and -40◦

for each rotation on pitch and yaw to recognize facial
expressions. Based on the principal curvature infor-
mation estimated on the 3D triangle mesh model, a
surface labeling approach is applied to classify the 3D
primitive surface features into twelve basic categories.
The statistic histograms of the surface labels of all
these regions are combined to construct the specific
facial expression feature. Linear Discriminant Anal-
ysis (LDA) is used for classification. In this method,
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Fig.1: a) Input 2.5D partial face images are cap-
tured in different viewpoints starting from -45◦ (Neu-
tral), -22.5◦ (Smiling), 22.5◦ (Surprise) and 45◦

(Anger). b) 3D virtual expression faces are recon-
structed. c) Only facial surface is extracted to be used
in the face plane algorithm. d) Crossing points on a
face plane. e) The crossing points are divided into M
regions. f) A displacement vector set of each facial
expression consisting of M average vectors is used to
analyze the facial expression.

the full frontal faces are needed but, in real applica-
tion, only data of partial face can be taken in the case
of capturing the face from side view.

In the current research, the frontal face image is
important for the satisfactory results. However, the
orientation of the face is also a factor to make the
recognition result fail. Therefore, in this paper, we
propose a novel method for the 3D face expression
recognition from a 2.5D partial face data set. An in-
put 2.5D partial face data set is captured from any
viewpoint ranging from -45◦ to +45◦ around the y-
axis (see Fig. 1(a)). The 3D virtual expression face is
then reconstructed according to a 3D face reconstruc-
tion algorithm (see Fig. 1(b)). The facial skin is used
for the facial expression recognition by using a face

plane algorithm (see Fig. 1(c,d)). A facial expression
is represented in terms of a crossing point distribu-
tion and displacement vectors on the face plane (see
Fig. 1(e,f)). The recognition accuracies of the

Fig.2: : a) The black color surface as hair unmea-
sured by laser light is covered by a cap. b) Viewpoints
for capturing the 2.5D image from the top view of
human head. Five viewpoints are captured from -45◦,
-22.5◦, 0◦, 22.5◦ and 45◦.

crossing point distribution and the displacement vec-
tors will be shown in the experiments. Our method
was developed for recognizing four facial expressions
(neutral, anger, surprise and smiling) by mean of
a support vector machines. The advantage of our
proposed method over the existing facial expression
recognition systems is that the proposed method uses
only one partial face data set from any viewpoint be-
tween 45◦ and +45◦ for facial expression recognition.

In the following sections, our facial expression
recognition methods are described in Section 2. The
experimental results and discussion are shown in Sec-
tion 3.

2. FACIAL EXPRESSION RECOGNITION

The process of the facial expression recognition is
illustrated in Fig. 1. The recognition method which
consists of 3D face reconstruction, the face plane com-
putation and the crossing point analysis schemes are
described in the following subsections.

2.1 3D Face Reconstruction

As the input is a 2.5D partial face data set, a 3D
virtual face is reconstructed by the method in ref. [9].

To reconstruct a 3D face, the 2.5D partial face data
set is split into N cross sections along the y-axis. The
data on each cross section was fitted by an ellipse fit-
ting technique. The nose tip and nose ridge are then
detected by correcting the face vector according to a
nose ridge detection algorithm. A symmetry plane
passing the nose tip, the nose ridge and the point on
the center line of the face is used for reconstructing
the 3D face according to a symmetry plane correction
algorithm (see Figs. 4 and 5).

The 2.5D image acquisition, nose ridge detection
and symmetry plane correction are explained in this
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subsection.

Fig.3: The head cross section data passing the nose
is fitted by an ellipse fitting technique. Xp(i) is a
point on the facial surface. The lines from the points
on the facial surface to the ellipse are the ellipse fit-
ting error E(i,p) of a point Xp(i).

2.1...1 2.5D Image Acquisition

For our 3D facial expression reconstruction algo-
rithm, a single 2.5D head data set is used. The input
data is captured by using a VIVID700 scanner and
represented by point set data. The 2.5D data consists
of range data and color data. The range image size
is 200×200 pixels, the color image has 400×400 pix-
els in the same scanning region. The object stands in
front of the scanner at a distance of about 1.5 m. Un-
fortunately, the VIVID700 scanner is not sensitive to
black color such as the kind found typically in Asian
hair because it uses a red laser. This problem can be
solved by covering the hair with a cap (Fig. 2(a)).
Only facial surface will be used in the recognition al-
gorithm. The input data was captured from several
viewpoints around the y-axis varying from -45◦ to
+45◦ with step 22.5◦ (see Fig. 2(b)) for four facial
expressions (neutral, anger, surprise and smiling).

2.1...2 Nose Ridge Detection

A) Ellipse Fitting Technique
In this subsection, three important parameters which
can be obtained by the ellipse fitting technique will
be described. The head data from the range image is
split into N cross sections parallel with the xz-plane.
The data on each cross section is fitted by using an
ellipse fitting technique [10]. The three important
parameters illustrated in Fig. 3 can be obtained as
follows.

i) The Average Center of the Ellipse (CAe): This
parameter is the average value computed from the
centers of the ellipses C(i) in all cross sections.

ii) The Semi-major Axis Vectors Va(i) of the ith

Cross Section: There are two opposite directions of

the vector along the semi-major axis of the ellipse in
each cross section pointing away from the center. In

Fig.4: : a) The projected face vector Vpf points from
the average center point CAe to the nose ridge point.
Ps is a points set on the facial surface. The dashed
line illustrates the projection of Ps onto Vpf . b) The
two vectors in a face side view are the nose ridge vec-
tor Vnr pointing along the nose ridge points, and the
nose vector Vno pointing away from the average cen-
ter of the ellipse CAe.

each cross section, the semi-major axis vector point-
ing to the facial surface is selected.

iii) The Average Ellipse Fitting Error EAe(i): The
ellipse fitting error E(i,p) at a point Xp(i) = (xp, zp)
in the ith cross section is defined as shown in Fig. 3,
where p is a point in the cross section data. E(i, p) is
the orthogonal distance between the point Xp(i) and
the ellipse. EAe(i) is the average of all E(i, p) for the
ith cross section.
B) Nose Ridge Detection Algorithm

The nose ridge is detected from the cross sections
in the nose region. According to a pilot test, there are
fifteen cross sections in the nose region counting from
the cross section passing the nose tip. Therefore, the
nose region can be determined by detecting the nose
tip. As an empirical observation, the cross section in-
cluding the nose tip always has the maximum average
ellipse fitting error.
[Nose ridge detection algorithm]

project the face vector onto each cross section of
the nose region; // (projected face vector Vpf )

set an initial value for the detected point;
for each cross section in the nose region {

do{
project the point set on facial surface (Ps) onto

the projected face vector; // (see Fig. 4(a))
find the projected point which shows the farthest

distance from the average center CAe;
correct the projected face vector to the point

which shows the farthest distance;
}while (the detected point is not the same with

the previous point)
}
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[End of algorithm]

Fig.5: C ′Ae is the new center instead of after rotating
Vno. The rotation angle θ/2 corresponds to αi for
correcting the nose vector.

Fig.6: The convergence of the average error dis-
tance over 15 iterations in the symmetry plane correc-
tion algorithm. If the average error distance increases
compared to the previous iteration, the algorithm will
stop and the parameter computed in the previous iter-
ation will be used in the next part of algorithm. The
graph in the red dash frame is an enlargement of the
blue frame.

This process is applied to all of the 15 cross sec-
tions in nose region. The 15 nose ridge points are de-
termined tentatively because the average center point
CAe is also determined temporarily. The nose ridge
vector (Vnr) can be obtained as the eigenvector with
the highest eigenvalue computed from the 15 nose
ridge points by using a principle components analy-
sis technique (PCA). The vector pointing from the
average center point CAe to the center of 15 nose
ridge points is then defined as nose vector (Vno) (Fig.
4(b)). In subsection 2.1.3., the correction of Vno and
CAe will be discussed.

2.1...3 Symmetry Plane Correction

Due to the bilateral property of the face [11], the
symmetry plane, which is called “midsagittal plane”
in face anatomy, is defined as the vertical plane along
the center line of the face through the nose tip and the
nose ridge. The symmetry plane is defined by using
two vectors: the nose ridge vector and the nose vector.
By reflecting the real face in the symmetry plane, a
mirror face can be computed. The virtual face is then
reconstructed from the real face and its “mirror face”.
However some virtual faces result in faces that are
either too fat or too thin. These problems occur due
to the incorrect location of the center point of the
head. In this subsection, a correction algorithm that
determines the average center point CAe lying on the
nose vector will be explained.

The nose vector is rotated around the nose ridge
(Fig. 5.) by an average angle computed from the an-
gle between the two vectors Vam and Var. Vam and
Var are the vectors pointing from the nose ridge point
to the corresponding points on the mirror face and
the real face respectively. The corresponding points
are the closest points on the real face and the mirror
face. The nose vector Vno is rotated by the rotation
angle θ/2 centered at the nose ridge point. The angle
θ is the average of αi which are the angles between
Vami and Vari . By rotating the nose vector, the aver-
age center point CAe is moved to a new position C ′Ae.
The symmetry plane and the mirror face are then
computed again. The average center point is more
stable when the average error distance between the
corresponding points on the mirror face and the real
face is smaller than the previous iteration. After the
center point CAe has moved to the new center point
C ′Ae, the farthest point from the center point CAe is
not farthest from the new center point C ′Ae. There-
fore, the nose ridge which is the farthest point from
C ′Ae is detected again by using the nose ridge detec-
tion algorithm described in subsection 2.1.2.(B). This
algorithm is repeated until the average error distance
shows a bigger value than the previous one.

This algorithm is shown by the following pseudo
code:
[Symmetry plane correction algorithm]

calculate the average distance error between the
mirror face and the real face;

set an initial value for the average distance error;
do{

calculate using two vectors Vam and Var;
move CAe to C ′Ae by rotating the nose vector

with angle θ/2 ;
make the symmetry plane and calculate the

mirror face;
calculate the average distance error between the

mirror face and the real face;
the previous point)

apply the nose ridge detection algorithm
described in subsection 2.1.2(B);
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Fig.7: Derivation of face plane

}while (the average distance error is smaller
than the previous one)

End of algorithm

2.2 Face Plane Computation

After the virtual face was reconstructed in section
2.1., the facial surface is extracted as shown in Fig.
1(c). The face plane algorithm is applied to represent
the facial expression in terms of crossing points [12].
An advantage of the face plane is that the relative
position from the face is fixed adaptively.

2.2...1 Derivation of the Face Plane

The face plane is a virtual plane across the head.
A face plane is derived by normal vectors. These nor-
mal vectors point from the facial surface toward the
center of the head. A normal vector is calculated us-
ing four neighboring points on the facial surface. The
derivation of the face plane is described as follows.

3D data of a point on the facial surface is described
as pi(i = 1, . . . , N) (see Fig.7). The normalized vec-
tor fi on the normal line points from the point pi to
the center of the head. The point P is assumed to be
a point inside the head. A distance di is the orthogo-
nal projection distance between the point P and the
normal line fi as shown in the following equations.

d2
i = ‖P − pi‖2 − (P − pi, fi)2

= (P − pi)t(E − fi · f ′i(P − pi) (1)

where E is the unit matrix and (•, •) is the inner
product. The optimization can be carried out by dif-
ferentiating Q =

∑
i d2

i with respecting to P .

dQ

dP
= 2

∑

i

(E − fi · f ′i)(P − pi) = 0 (2)

Then the optimal point P can be obtained.

P =

[∑

i

(E − fi · f ′i)
]−1

·
∑

j

(E − fi · f ′i)pj (3)

Fig.8: The crossing point distribution in M regions

The face plane passes through this point. But the
orientation of the plane has not been determined.
Therefore, the normal vector n of the face plane which
makes the next equation maximum can be obtained.
This makes an eigen problem under the condition
‖n‖ = 1.

S =
∑

i

(fi, n)2 = n′
(∑

i

fi · ff
i

)
n (4)

By solving this problem, three eigenvalues and
three corresponding eigenvectors can be obtained as
λ1 ≥ λ2 ≥ λ3 and φ1, φ2, φ3 respectively. φ1 will be
chosen as the direction of the face plane based on the
least distance. The face plane is fixed by P and n.

2.2...2 Crossing Point Computation

Based on the face plane computed in 2.2.1., cross-
ing points can be calculated. As the normalized vec-
tor fi points from the point pi, the equation of the
normal line is described as follows;

hi = pi + tifi (5)

where h is a point on the normal line, ti is a real
number. Then, suppose a virtual plane in a head;

(n, P − h∗i ) = 0 (6)

where n is the normal vector of the face plane, h∗i is
a point on the face plane. From Eqs.(5) and (6), we
can obtain ti

ti =
(n, pi − P )

(n, fi)
(7)

By substituting ti in Eq. (5), we can obtain the
crossing point h∗i (see Fig. 1.(d)).

2.3 Crossing Point Analysis Scheme

As the facial expression is represented in terms of
the crossing points, the crossing points are analyzed
by using two schemes for the recognition: crossing
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point distribution scheme and displacement vector
scheme.

2.3...1 Crossing Point Distribution Method (CPD)

In this subsection, the crossing point distribution
is considered. The face plane is divided into M regions
(see Fig. 8). A set of crossing points in each region
is used as a pattern feature.

To divide the face plane into M regions, the center
C is first defined as the average coordinate of cross-
ing points (Fig. 8). The standard deviations on the
x-axis (σx) and the y-axis (σy ) of the crossing points
within the area of 20 cm from the center are calcu-
lated. The width and height of the region of interest
(ROI) are defined as 2∗1.8∗σx and 2∗1.8∗σy respec-
tively, where the factor 1.8 is determined by a pilot
test. The crossing points in each region are counted
and normalized in Eq. (8).

W = (w1, w2, w3, . . . , wM )t

w̄ =
1
n

n∑
a=1

wa

Vc = (w1 − w̄, w2 − w̄, w3 − w̄, . . . , wn − w̄)t

V k
α =

(
w1 − w̄

‖Vc‖ ,
w2 − w̄

‖Vc‖ ,
w3 − w̄

‖Vc‖ , . . . ,
wM − w̄

‖Vc‖
)t

(8)

where wa is the number of the crossing points in each
region. a is the region number starting from 1 to M.
V

(k)
α is the normalized feature vector of a facial ex-

pression. α is the data number. k is the category
number of facial expression. The normalized feature
vector V

(k)
α is used for the facial expression recogni-

tion.

2.3...2 Displacement Vector Method (DVT)

Based on an assumption that the person is known,
each facial expression image is compared with the
neutral face of the same person. A pair of points
on the both facial surfaces which have the same xy-
coordinate of the neutral face and the expression face
are considered. The pair of crossing points on the face
plane corresponding to the pair of points on the two
facial surfaces will be used for computing a displace-
ment vector. A displacement vector is the movement
vector of the crossing point pointing from the crossing
point of the neutral face to the one of the expression
face (see Fig. 9.). In other words, the displacement
vector reflects the movement of facial surface.

To compute the displacement vectors, the size of
the neutral face and the expression face has to be
the same. For the face size normalization, two eye
positions of the both faces are detected by a texture
analysis. The expression face is then normalized to
the neutral face. Pair points on the surface of the neu-
tral face and expression face which have the same xy-
coordinate are described as and pe

i , (i = 1, . . . , N),

Fig.9: The concept of displacement vector

respectively. Two crossing points cn
i and ce

i are the
positions on the face plane corresponding to pn

i and
pe

i , respectively. A displacement vector de
i is a vector

pointing from cn
i to ce

i .
A surface of the expression face is divided into M

regions based on the size of neutral face (see Fig.
1.(f)). The displacement vector set V is consisted
of M average displacement vectors vm.

de
i = ce

i − cn
i (9)

ve
m =

1
s

s∑

i=1

de
i (10)

V e = (ve
1, . . . , v

e
M ) (11)

where ci is the crossing point, di is the displacement
vector, vm is the average displacement vector for each
region (m = 1, . . . ,M), s is the number of the cross-
ing points in the region m, e is the category of the
expression face and n represents the neutral face.

3. EXPERIMENTAL RESULTS AND DIS-
CUSSION

3.1 RESULTS AND DISCUSSION 3.1. Fa-
cial

The experiments were done for recognizing four fa-
cial expressions (neutral, anger, surprise and smiling)
from 22 persons. A 2.5D partial face data set is cap-
tured from a viewpoint ranging from -45◦ to +45◦

with step 22.5◦. However, the range of the viewpoint
is limited because over half the facial area is used to
evaluate the symmetry plane. As the result of testing
the performance of the 3D reconstruction algorithm,
we obtained a high reconstruction rate over 97% in
[9]. So, in this paper, we focus on the facial expres-
sion recognition using successful data of the 3D re-
construction. A support vector machine (SVM) [13]
with a radial basis function is used for the recognition
by Leave-One-Out method. Data of a person from 22
persons is used as unknown expression data while the
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Table 1: Experimental results by using the crossing point distribution scheme and the displacement vector
scheme

Fig.10: Facial expression recognition accuracy from
different numbers of regions by using the crossing
point distribution method (CPD) and the displace-
ment vector method (DVT). The number of the re-
gions is varied from 9×9 to 15×15. The numbers of
region which show the highest accuracy of the CPD
method and DVT method are 14×14 and 11×11, re-
spectively.

others are used as training data. The unknown ex-
pression data is tested and changed cyclically until
total 22 persons are recognized. The unknown data
is classified into four categories: neutral, anger, sur-
prise and smiling. The algorithm was implemented
in the MATLAB complier version R2006a.

To test the performance of the crossing point anal-
ysis methods, the following two experimental condi-
tions are considered: 1) crossing point distribution
scheme, 2) displacement vector scheme. To maxi-
mize the recognition accuracy, we tested to optimize
numbers of region on the face plane of two methods

Fig.11: The incorrect recognition ratio of each ex-
pression face by using the crossing point distribution
scheme

Fig.12: The incorrect recognition ratio of each ex-
pression face by using the displacement vector scheme

by varying the number of region from 81 (9×9) to
225 (15×15) in which the frontal faces from 22 per-
sons were used. Numbers of regions M which showed
the highest accuracy for the crossing point distribu-
tion method and the displacement vector method are
196 (14×14) and 121 (11×11) regions, respectively,
as shown in Fig. 10.
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Table 2: Computational time of the crossing point
distribution scheme (CPD) and the displacement vec-
tor scheme (DVT)

The experimental results of the crossing point dis-
tribution scheme and the displacement vector scheme
of each facial expression and each viewpoint of facial
data are shown in Table 1. The average accuracies of
the crossing point distribution method and the dis-
placement vector method are 60.9% and 81.6%, re-
spectively.

In the experimental results, the accuracy of the
smiling face is the highest because the characteristic
of the crossing point distribution is distinctive from
the other. The accuracy of the anger face is the lowest
because only the partial surface around the eyebrows
changes from the neutral face. Therefore, there are
some incorrect recognition between the anger face and
the neutral face as shown in Figs 11 and 12.

Furthermore, we also tested the recognition per-
formance of the two schemes by using the training
data, which means that the subject being tested also
appears in the training set. The experimental con-
dition was set as same as the experimental condition
of the unknown data test. The SVM method with
a radial basis function is used for recognition. The
recognition accuracies of crossing point distribution
method and displacement vector method were 100%
for four facial expressions.

The computational times of the crossing point
distribution method and the displacement vector
method are 65.33 and 91.16 seconds, respectively, for
one data set using an Intel Core(TM) 2 Duo CPU
3.25GHz processor with 3.25 GB of RAM. The com-
putational cost of each step is shown in Table 2. In
the crossing point distribution scheme and the dis-
placement vector scheme, the face plane computation
process shows highest computational time. This is
because the normal vector n of a face plane in Eq.
4 will be computed repeatedly until the direction of
normal is stable. However, the process of computing
the displacement vector in the displacement vector
scheme also shows high computational time. This is
because every point on the surface of expression face
will be matched with a point on the reference face

Fig.13: Average error distance (AED) for all cor-
rect surface matching results and the standard devia-
tion (Std) for each angle of view.

which has the same xy-coordinate. The computa-
tional time improvement will be discussed in section
3.4.2.

3.2 Comparison of Viewpoint

The results from the two methods in Table 1 show
the highest accuracy at 0 degrees. The accuracy for
the greater angle tends to be lower. These problems
occurred due to the imprecision of the reconstructed
face. Although we used only the successful data of
the 3D reconstructed face for the recognition in 3.1,
each successful data still have a slight error of the
reconstruction. To evaluate the facial reconstruction
error, a virtual face was aligned to the frontal real
face according to six degrees of freedom (x, y, z, roll,
pitch and yaw). The nose tip points and the nose
ridge vectors of the two faces were used as the initial
parameters to match the surfaces of the two faces.
The errors between the two faces were minimized by
a Nelder-Mead simplex method [14]. The matching
distance was then computed.

The average error distances of each viewpoint of
the face are shown in Fig. 13. The average error
distances for greater angles tend to be bigger than
the one of the frontal face. The errors of the recon-
structed faces make the recognition accuracy for the
greater angle of viewpoints slightly low.

3.3 Comparison of Two Schemes

In this subsection, the performances of two
schemes, the crossing point distribution scheme and
the displacement vector scheme, are discussed.

The recognition accuracies of the displacement
vector scheme and the crossing point distribution
scheme are compared as shown in Figs. 14 and 15.
Fig. 14 shows the accuracy for each viewpoint. Fig.
15 shows the accuracy for each facial expression. The
accuracy of the displacement vector scheme is higher
because the displacement vector represents the direc-
tion change due to
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Fig.14: The expression recognition accuracy from
different angles of the face rotation by using the cross-
ing point distribution method (CPD), the displace-
ment vector method (DVT) and the crossing point
distribution method with reference faces (CPDR).

Fig.15: The expression recognition accuracy from
different facial expressions by using the CPD method,
the DVT method and the CPDR method

facial expression change. However, the displacement
vector scheme needs the reference neutral face. While
the crossing point scheme do not use the reference
face. The computational time of the displacement
vector scheme is also longer than the crossing point
distribution scheme. As the displacement vector is
computed from two points on the facial surface of
the expression face and the neutral face which have
the same xy-coordinate, the expression face has to
be aligned to the neutral face. Therefore, the longer
computational time is spent for aligning the size of
expression face to the neutral face.

3.4 Discussion

3.4...1 Crossing Point Distribution Method with Ref-
erence Faces (CPDR)

In this section, a reference face is also used in the
crossing point distribution scheme. Each facial ex-
pression is compared with a reference neutral face of
the same person (see Eq. (12)). Data used for recog-
nition in this method is:

Y(k)
α = V(k)

α −V(n)
α (12)

where Y(k)
α is the difference vector. V(k)

α is the nor-
malized feature vector by Eq. (8). V n is the

Fig.16: The accuracy of facial expression recogni-
tion for different face directions of -45◦, -22.5◦, 0◦,
+22.5◦ and +45◦ by using the crossing point distri-
bution method with reference faces.

Fig.17: The accuracy of facial expression recogni-
tion by using the BU-3DFE database.

normalized feature vector of a reference neutral face.
The difference vector Y(k)

α is for the facial expression
recognition.

The recognition accuracy for each viewpoint of the
face is shown in Fig. 16. The average accuracy us-
ing the reference crossing point distribution scheme
is 62.6%. We also compare the result with the cross-
ing point distribution and the displacement vector
method as shown in Figs 14 and 15. The recognition
accuracy by this method is a little higher than the
result by the crossing point distribution method.

3.4...2 Recognition Accuracy by using the BU3DFE
Database

The performance of the proposed method is com-
pared by using a publicly available database. The
Binghamton university 3D facial expression database
(BU-3DFE) proposed by Lijun [15] is only one 3D
facial expression database available currently and is
used to test the performance of the primitive sur-
face feature distribution method [8]. The database
consists of data from 100 subjects. Each subject per-
formed seven expressions. A full frontal face is re-
constructed from two views about +45◦ and -45◦ of
3D face data. The primitive surface feature distribu-
tion method is a subject-independent facial expres-
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sion recognition method. By using the primitive sur-
face feature distribution method and the BU-3DFE
database, the recognition accuracy was 83.6%.

In this experiment, four facial expressions, which
are anger, neutral, smiling and surprise, are used. By
using the crossing point distribution method (CPD),
the displacement vector method (DVT) and the cross-
ing point distribution method with reference faces
(CPDR), the correct recognition rates are 77.5%,
90.3% and 82.0%, respectively as shown in Fig. 17.
This experiment shows that the quality of BU-3DFE
database is better than that of our database, com-
paring with the experimental results in section 3.1.
Although the DVT method has limitation in subject-
dependent and the CPD method has a little lower
accuracy than the primitive surface feature distribu-
tion method, our algorithm can be used for input face
data which only one viewpoint is available.

According to the primitive surface feature distri-
bution method, seven local regions covering the most
expressive areas on a human face are used for recog-
nition. In the proposed method, data of a whole face
is used. Therefore, in the further enhancement of the
proposed method, local regions on the facial surface
which are expressive will be used instead of whole face
data for improving the computational time and the
recognition accuracy.

4. CONCLUSIONS

In this paper, we have proposed a novel algorithm
for facial expression recognition from a 2.5D partial
face image. An input 2.5D partial face image is cap-
tured from any viewpoint ranging from -45◦ to +45◦

around the y-axis. A 3D expression face is recon-
structed by using our 3D face reconstruction algo-
rithm. The facial expression is represented in terms
of a change of crossing points on a face plane. Two
crossing point analysis schemes, a crossing point dis-
tribution scheme and a displacement vector scheme,
are used to analyze the crossing points for the recog-
nition. The experiments were done for four facial ex-
pressions (neutral, anger, surprise and smiling) from
22 persons. Average recognition accuracies using the
crossing point distribution scheme and the displace-
ment vector scheme were 60.9% and 81.6% respec-
tively. Reference faces are necessary for the displace-
ment vector scheme while the crossing point distribu-
tion scheme does not need reference faces.

The BU-3DFD standard database was also used to
test the proposed algorithm. By using the crossing
point distribution method, the displacement vector
method and the crossing point distribution method
with reference faces, the correct recognition rates
were 77.5%, 90.3% and 82.0%, respectively. Although
the displacement vector method has a limitation in
subject-dependent and the crossing point distribution
method show a little lower accuracy than the primi-
tive surface feature distribution method [8], our algo-

rithm can be used for a partial face data which only
one viewpoint is available while the primitive surface
feature distribution method is appropriate for only
the complete frontal face data.

Our algorithm can be applied to applications of
robot-vision or human-machine interface in case a
partial face data set can be captured. For the fur-
ther work, additional methods such as a method for
selecting the expressive areas on a human face and
hierarchical classification algorithm will be used to
improve the performance of the system.
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