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ABSTRACT
This work presents a new approach for the 3D human fa-
cial expressions analysis. Our methodology is based on 2D
and 3D wavelet transforms, which are used to estimate multi-
scale features from real a face acquired by a 3D scanner. The
proposed methodology starts by considering a dataset com-
posed by faces displaying seven different facial expressions.
An automatic pre-processing method, adopting an ellipsoidal
cropping, is applied to the dataset. Thereafter, the 2D and
3D descriptors are extracted from different scales of wavelet
transforms for the purpose of obtaining the facial expression
features. The multi-scale features are represented in a multi-
variate feature space, which is analysed by the Sequential For-
ward Floating Selection algorithm using an entropy criterion
function to select the subset of features that best represents
each facial expression model. The obtained results corrobo-
rate the potential of multi-scale feature extraction for analysis
of 3D facial expression.

Index Terms— Facial Expressions Analysis, Wavelet
Transform, 3D Face.

1. INTRODUCTION

Although some aspects of the expressions are culturally de-
termined, there are some universally recognized basic expres-
sions. As proposed by Paul Ekman’s Facial Action Coding
System [1], there are six main facial expressions: joy, sad-
ness, fear, anger, surprise and disgust. Facial expression
analysis is a topic that has attracted much interest among
researchers, being widely studied and having many applica-
tions, especially in the human-computer interaction and in
the entertainment field. Therefore, it is of great importance
to develop reliable and efficient methods of facial expression
analysis.

Many techniques for 2D facial expression recognition
have been proposed in the literature, but most of them suffer
from limitations of 2D image acquisition, such as head pose
variations and illumination changes. In order to circumvent
these problems, some techniques have been proposed incor-
porating 3D information of facial surface. Tralakanidou et
al. [2] combine 3D face geometry and 2D appearance data
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information to facial action unit detection and facial expres-
sion recognition in sequences of 2D and 3D images. Wang
and Lien [3] use a 3D virtual facial model to obtain accurate
estimates of the head rotation angle directions in order to
improve in the 2D facial expression recognition process. In
the case of 3D facial images acquired by a 3D scanner, great
effort has been directed for face recognition task [4], but few
studies have addressed the issue of recognition of 3D facial
expressions. Mpiperis et al. [5] propose bilinear models for
joint 3D identity-invariant facial expression recognition and
an expression-invariant face recognition. Unlike the method-
ology applied to 3D face recognition that seeks for face
regions that remain unaffected by facial expressions [6], our
goal is to identify and to analyse the geometric deformations
caused by facial expressions.

The main contributions of this work can be summa-
rized as follows. First, we introduce the approach based on
wavelet descriptors as a multi-scale tool to analyse 3D facial
expressions. The potential of the wavelet transform arises
from its capabilities for detecting and characterizing singu-
larities, extracting instantaneous frequencies and producing
multi-scale measures [7]. Second, we propose an automatic
pre-processing method to normalize the faces, i.e., to detect
and crop the facial region. This approach uses an ellipsoidal
cropping through the detection of facial landmarks. Finally,
aiming at classifying the facial expressions, a feature se-
lection technique based on the Sequential Forward Floating
Selection algorithm and an entropy criterion function was
adopted [8]. To achieve success in this approach it is essential
to work with a dataset that represents reliably the differences
in facial expressions. Therefore, we created a 3D face dataset
with different facial expressions.

2. METHODOLOGY

2.1. DATASET

The dataset was created for the analysis of facial expressions
and reconstruction of 3D faces. This dataset was acquired u-
sing a non-contact 3D scanner Konica Minolta Vivid 910. The
scanner is composed by a laser sensor and a digital camera
video. The data is hence composed by registered texture and
geometry data. The output mesh contains approximately 60K
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Fig. 1. 3D face normalization.

vertices. Texture images have been acquired with a resolution
of 640× 480 pixels (24 bits). The data was obtained from
10 subjects, for each subject there are samples of one neutral
face and six main facial expressions, resulting in a total of 70
samples. The subjects are 5 women and 5 men, with most
subjects aged between 19 and 27. Faces with occlusion were
not considered.

2.2. 3D face normalization

The purpose of this routine is to automatically determine
which region of the 3D face is interesting to treat the fa-
cial expressions, eliminating the regions such as the neck,
shoulder, hair, etc. From the facial geometry data (obtained
through a 3D scanner), which is represented as range images,
the 3D face (Figure 1(a)) can be represented as a surface
function z = f (x,y).

The normalization routine is developed as follows. First,
we applied a procedure called Sorted Exact Distance Repre-
sentation [9], in order to fill holes. This procedure uses the
data structure of exact dilation for locating the k nearest points
in the original data and the z value is set as the average calcu-
lated from these k points (Figure 1(b)).

Second, in order to detect the facial landmarks, the curva-
ture of 3D faces is computed through of a surface S represen-
tation defined by a twice differentiable real valued function.
For every (x,y,z)⊆ S we consider the mean (H) and the Gaus-
sian (H) curvatures [10](Figure 1(c) and (d), respectively).

H =
(1+ fy2) fxx−2 fx fy fxy +(1+ fx2) fyy

2(1+ fx2 + fy2)
3
2

(1)

K =
fxx fyy− fxy

2

(1+ fx2 + fy2)
2 (2)

where fx, fy, fxy, fxx, fyy are the first and second derivatives
of f . Thus, the partial derivatives are numerically estimated
for each point (i,j) on the grid, through a paraboloid approxi-
mation of the surface. Since the second derivative is sensitive
to noise a Gaussian filter is applied to the range image so that
it can smooth the surface. This filter is applied before comput-
ing the curvature. In order to obtain a description of the local
behavior of the surface, the mean and the Gaussian curvature
values were used into the HK classification [10] of the points

of the surface (Figure 1(e)). The regions with high curvature
were isolated using predefined threshold values. In [10] the
considered threshold values were T h = 0.04, T k = 0.0005.
The nose position is obtained as the point with the maximum
value of the Gaussian curvature among the elliptical convex
regions. The eyes position was obtained as the points with
maximum values of the mean curvature among the elliptical
concave regions. Thus, the centroid of the 3D face is defined
as the (x,y) value of the nose position. The z value is esti-
mated with the mean of the eyes positions.

The last step, an ellipsoid of radius (Rx,Ry,Rz) centred at
the face centroid (see Figure 1(f-g)) is used to crop the 3D
face. Rx, Ry and Rz are dependent on the locations of cha-
racteristic points (inner corners of eyes and nose tip) of each
individual. Thus, in general, the radius is not defined in ab-
solute value but relative. Figure 1(h) shows an example of
normalized 3D face.

2.3. Extraction of facial features using wavelets

The wavelet transform (WT) is a signal processing tool that
has been successfully applied to many practical situations,
from bioinformatics to the analysis of astronomical images.
In this work, we have explored 2D and 3D WT. The continu-
ous wavelet transform of a signal f (t) is defined as [9]:

Wψ (b,a) =
1√
a

∫
ψ
∗(

t−b
a

) f (t)dt (3)

where ψ , b and a stand for the mother wavelet, the translation
vector and the scale parameter, respectively. Furthermore ψ∗

denotes the complex conjugate of the mother wavelet ψ . Dif-
ferent mother wavelets can be used, depending on the type of
information expected to be extracted from the signal. Diffe-
rential wavelets, like the derivatives of the Gaussian, are par-
ticularly suitable for analysing signal singularities and ex-
tracting differential information from the signal [11].

As presented in the preprocessing section, the 3D face
can be represented as a surface given by the function z =
f (x,y). Hence, we have worked with the first partial deriva-
tives with respect to x and y of the a 2D Gaussian function
g(x,y) = e−(x

2+y2) denoted as ψx and ψy [9]. These func-
tions are adopted as the mother wavelets to extract differen-
tial shape measures from the 3D surface, and their wavelet
transforms are denoted as Wψx and Wψy respectively. So, we
applied 2D WT to the extrapolated surface to calculate the
wavelet gradient ∇W , i.e.,

∇W =
(
Wψx ,Wψy

)
=

(
∂ f (x,y)

∂x
,

∂ f (x,y)
∂y

)
. (4)

Figure 2(a) shows the gradient field obtained for a given ex-
pression. Two particularly relevant features invariant to trans-
lation and rotation are then extracted from the gradient: the
gradient mean magnitude ∇W ; and the dispersion of the gra-
dient orientation, i.e., in order to quantify this dispersion,
we have calculated the entropy of the orientation distribution
E∇W [9].
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(a) (b)

Fig. 2. The gradient field in (a) and the normal field in (b) of
the 3D face.

However, since we are dealing with 3D faces, not all
facial expressions characteristics can be described by 2D
features. Therefore, an important alternative is to treat the
faces as a volumetric shape represented by the expression
w = f (x,y,z) [7]. We explore, again, the first partial deriva-
tives of the Gaussian function as mother wavelets, but using
the 3D Gaussian function g(x,y,z) = e−(x

2+y2+z2). Therefore,
we have ψx, ψy and ψz and consequently, the definition of the
wavelet transforms Wψx , Wψy and Wψz . From the capabilities
of the 3D WT to perform numerical differentiation, we cal-
culate the normal field of the analysed 3D shape. Figure 2(b)
shows the normal field of the 3D face.

N(x,y,z)' [Wψx ,Wψy ,Wψz ] (5)

Once the normal field is obtained, it is important to get
their most important geometrical properties in terms of a set
of meaningful features. Our goal is to characterize differences
between the geometrical properties of facial deformation of
interest across individuals.

Therefore, by taking into account that the selected fea-
tures should be invariant to rotation and translation, we
worked with the analysis of the local orientation distributions,
i.e., density histograms were obtained for the orientation of
the normal vectors along the 26-neighborhood around each
surface element. More specifically, for each point (x,y,z) of
the surface, the mean, maximum and minimum values of the
angles θ defined between the normal at each surface point
(x,y,z) and the normals at each surface neighbor point are ob-
tained, as well as the respective histograms. Global features
are extracted from three histograms in order to reduce the
dimensionality of the classification space. These 15 features
include the mean value and the central moments from second
to fifth order [9]. Therefore, by combining the 2D and 3D
features, we have a total of 17 features for each analysed
scale.

2.4. Feature Selection

The feature selection methods attempt to select a subset of
features, which produces a good description of the entire
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Fig. 3. Bootstrap validation by using 10 executions.

dataset and provides the classification or prediction of the
classes present in the dataset.

In general, feature selection methods are based on a search
algorithm and a criterion function. The optimal search me-
thods return the best set of features, but their computational
cost are excessive for many problems, such as the present
work. In order to reach a good cost-benefit between computa-
tional cost and quality of the solution, the Sequential Forward
Floating Selection (SFFS) algorithm [12] was adopted and the
conditional entropy was used as a criterion function to assign
a quality value to the subset of features [8].

In the interest of achieving unbiased results avoiding
highly variability and due the small number of samples avail-
able it was adopted the bootstrap validation method [13].

3. RESULTS

The results presented were obtained by using the feature se-
lection software [8] and its default parameter values. The
software was applied to select the subset of features that best
classify each facial expressions by considering just 10 diffe-
rent subjects. In other words, the training set is composed by
10 instances of each of the 7 facial expression and 102 fea-
tures, i.e., 17 features by 6 different scales of 2D and 3D WT.

The SFFS algorithm with the entropy criterion function
was explored. Figure 3 shows the bootstrap validation re-
sults using 10 executions, which presents good accuracy rates
in view of the small number of facial expressions samples
available. The most frequent selected features were the mean
of the medium θ (a = 0.001) and mean of the minimum θ

(a = 0.002) of the normal field . These features achieved the
best classification results during the validation process.

In order to investigate the accuracy rates, Table 1 presents
the frequencies of classification by considering each facial
expression individually and its classification results obtained
from bootstrap validation with 10 executions. Note that, Joy
and Anger expressions can be recognized with high accu-
racy, i.e., 90%, but Surprise and Fear expressions are easily
confused with others (73%− 74%). The case where Sur-
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Table 1. Frequencies of classification errors by considering
each facial expression individually, obtained from validation
results.

Classification Results Frequency
neutral joy sadness surprise anger disgust fear

neutral 79 1 5 3 0 10 2
joy 2 90 0 0 2 3 3

sadness 5 0 84 2 3 0 6
surprise 6 13 2 73 0 1 5
anger 0 5 5 0 90 0 0

disgust 6 13 0 1 0 79 1
fear 2 11 7 4 0 2 74

prise, Disgust and Fear expressions are confused with Joy
(13%,13% and 11% respectively) can be explained because
these expressions have a higher variance as expressed by 10
subjects, explaining a greater similarity in the visual appear-
ance of these expressions.

4. CONCLUSIONS

Despite the proposed algorithm has been tested on a small
database, only ten samples of each facial expression, the ex-
perimental results achieve 81%, in average, of correct facial
expression detection. While this result seems only reasonable
we believe that our methodology can achieve a suitable clas-
sification accuracy, i.e., we believe that our methodology can
be successfully applied to other datasets as BU-3DFE [14]
and Bosphorus [15], and also in the current dataset witch we
are working on increasing the samples (subjects).

Regarding the multi-scale features, the subset that pre-
sented the best classification of facial expressions was com-
posed by the mean of the medium θ (a = 0.0001) and the
mean of the minimum θ (a = 0.002) of the normal field. It is
worth noting that the features order 2 central moment of the
medium θ (a = 0.00025) and order 2 central moment of the
maximum θ (a = 0.00025) of the normal field, and entropy
of the gradient orientation distribution (a = 0.0005) also ap-
peared among the selected features, but with lower frequency.
This shows that the combination of the extracted features at
different scales led to better identification and characteriza-
tion of the facial expressions.

A future extension in this work is to include local mea-
sures of the faces, i.e. applying the methodology for features
extraction using wavelet transform in interest regions where
larger deformation caused by certain expressions appears.
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