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Abstract: We propose an emotional facial avatar that portrays the'susasial expressions with an emotional emphasis, while
achieving visual and behavioral realism. This is achiewedrbfying automatic analysis of facial expressions andreation of realistic
3D faces with details such as facial hair and hairstyles ubpreent facial appearance according to the user’s emoti@gse emotional
templates representing typical emotions in an artistic wénych can be easily combined with the skin texture of the &fat runtime.
Hence, our interface gives the user vision-based contexl facial animation of the emotional avatar, easily chagdi moods.
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1 Introduction is illustrated in Fig. 1. First, a 3D face model is selected
and decorated with accessorial models by automatic
registration (Section 3). Then, the user's facial

The human face is a great communication medium ; : : .

: . . expressions are recognized b rocessing images
because the face can evoke diverse facial expressmncsapture d from awebcargl (Sectiony4) pAs a pre grocessgin
according to the internal emotions. One can read P ; brep 9

erson’s emotional state from his/her facial ex ressioﬁfor animating facial avatar, emotional templates and facia
P b ‘Ewotion capture data are prepared for basic facial

e Pt a0 bsgressions. A rufime, hese smoronalcats e used
ol especialy ' nonerbal communicaton_by LW0"EDLA Mvelars o appestance an aninate i
. ffotonal avata s rendered and animated o e Sreen
can offer another range of tone or feeling by augmenting"JlCCOr ing to the user's facial expressions (Section 6).
the appearance of the virtual face with a variety of
textured patterns. Hence, creating an emotional avatar
requires an automatic augmenting approach where th@ Related Work
avatar’s appearance automatically changes according to a
user’s facial expressions while expressing his/her emotio Our work relates to the creation of facial avatars with
creatively. However, most methods in computer graphicsdetails, and 3D facial animation based on facial
have focused on achieving realistic facial modeling andexpressions. Below we review the most relevant works
animation based on 3D face scaB3] or facial motion ~ with a focus on the approaches for unifying facial
capture datad, 6]. expression analysis and facial animation.

To express emphasized emotions using a 3D facial
avatar, we present a framework in which facial expression Facial Avatars with Details. With the advancement
recognition is integrated with 3D facial animation. Our of computing and optical technologies, it is possible to
aim is to allow a user to freely make emotional facial acquire highly detailed 3D datasets of human faces.
expressions in front of a webcam, and analyze the faciaHowever, it is still very difficult to reconstruct facial
expressions to animate a 3D facial avatar with an artistideatures such as facial hair even using the latest optical
style emphasizing emotions. The overview of our methodequipment. To solve this problem, Beeler et ar] [
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Fig. 1: An overview of the method used to create facial animatioter®dnalyzing the user’s facial expressions, the 3D facialaa is
animated according to the recognized expression with arienad emphasis.

proposed a coupled 3D reconstruction method, whichrules which are made by computing vector differences
extracts facial hair from 2D images by a growing between neutral and expressive states of a face. We
algorithm then reconstructs such facial hair by aemploy ASMs for facial feature extraction and SVMs
multi-view stereo algorithm. Although this method shows [13] for facial expression classification in same
realistic results for static faces, it is not suitable farigh  streamline, but our aim is to use the classified emotion to
animation because the method requires warping of animate a 3D face with an emotional emphasis across
facial surface to combine facial hair with skin. As another facial expressions.
approach, commercial graphics tools can be used to create
3D models of facial hair. However, this approach is Facial Animation. There is vigorous research on
limited to the predetermined character’'s face and cannotombining facial expression analysis with facial
be easily applied to other faces without manual editing ofanimation. Stoiber et al.1§] presented an animation
the models. Instead of tedious editing, with our method,system that creates the human appearance space by
the user can easily apply accessorial models, such aanalyzing a database of facial motion. The appearance
face/head hair and hairstyles, to different types of facespace provides a coherent and continuous
by automatic registration. parameterization of human facial movements. With the
advent of low-cost depth cameras, many methods using a
Facial Expression Recognition. The study of facial depth camera have been developing to reconstruct 3D
expression analysis has been made mainly in the field ofaces and estimate facial expressions. Weise etl1&]. [
image-based computer vision. Most studies are based ondeveloped a 3D avatar animation system that enables a
facial action coding system (FACS), which defines facial user to animate the facial expression of the avatar using
muscles in action units (AUs). Most facial expression Kinect in real time. As another approach, Rhee etH] [
analysis methods using FACS follow two main steps: presented a practical system for producing real-time facia
facial representation for feature data acquisition andexpressions of a virtual avatar controlled by an actoris liv
expression recognition by the analysis and classificatiorperformance using a single webcam. More recently, Cao
of facial features. To obtain facial feature data, stat#dti et al. [L7] introduced real-time animation system which
models such as Active Appearance Models (AAMB)) [ can animate facial expressions only using a webcam
and Active Shape Models (ASMsY][are mainly used. without any depth camera. Although those systems can
Support Vector Machines (SVMs)1(], a machine realistically animate facial expressions, their methods d
learning algorithm, is widely used for pattern analysis andnot take into account factors beyond the realistic facial
classification of facial features. Recently, Shan et®l] [ animation. Therefore, we aim to create an emotional
presented an SVM-based method combined with Locablvatar which can express emphasized emotions by
Binary Pattern (LBP). Tsalakanidou et allZ] also = combining realistic facial animation with facial
proposed an expression recognition method using AUexpression analysis.
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3 Automatic Registration of Accessorial
Modelswith a Face M odel

For the reconstruction of facial details or decoration
purposes, accessorial models can be selected from tt
database to be attached to a face model. The selected 3
accessorial models are automatically registered with the
facial surface using a deformation techniquss][ The
main steps of our automatic registration algorithm are as
follows. First, a set of feature points is determined from
the vertices on an accessorial model. The feature point
are classified into two groups: ST points for similarity
transformation and LD points for linear deformation, as
illustrated in Fig. 2. Second, similarity transformations
are performed to reduce linear deformation errors. Then
the accessorial model is transformed using the angle o
rotation, scale and distance parameters computed by th
ST points. Finally, the accessorial model is linearly
deformed to fit the surface of the face model. For the
deformations, a set of target points are found, which are
nearest to the LD points among the vertices on the face® Teestpome B Fansive
model, respectively. The other vertices on the accessorie -, Feature peints for linear deformation gy Featwe points for similanity
. . . (LD Point) transformation (ST Pomnt)

model except the LD points are defined as free vertices. ’ ’

For the linear deformations we employ the method
[3], which demonstrates that the displacements of a set ofjg 2: Accessorial models such as facial hair or a topknot are
sparse handle vertices provide sufficient geometriGinearly deformed on the surface of a 3D face model.
constraints for capturing the large-scale facial motioa in
plausible way. Given as input constraints the 3D
displacementsiy € R™"*3 of the H handle vertices, the
linear deformationu is computed by minimizing a 4 Facial Expression Recognition
simplified, quadratic thin shell energy. This amounts to
solving the corresponding Euler-Lagrange equations

For facial expression analysis, face location and major
—ks Au+ky AZu=0, (1) facial features such as eyes, eyebrows and mouth should
be accurately extracted. Then facial movements should be
under the constraintsy imposed by handle vertices. In encoded for facial expression recognition. For this
this equationks andk, denote the stiffness for surface purpose, we employ ASMsl)] for automatic extraction
stretching and bending, respectively, and is the  of facial features from input face images and SVMS||
Laplace-Beltrami operator. Discretizing the latter using for the classification of the user’s facial expressions.
the cotangent weights yields the linear system

(A An) <ul:4) =0, (2) 4.1 Extraction of Facial Features

to be solved for the unknown displacements To extract facial features using ASMs, it is needed to train
uy € RV-H)x3 of the (V — H) free vertices. various types of facial images. For the training, we
We pre-compute the “basis function” matrix construct a dataset that consists of sets of nine photos
B = —A Ay, according to the method presented by taken in different conditions for each subject. In our
Bickel [18]. After factorizingA once, each column @ is  training images, the same landmark points as the dataset
computed by solving a sparse linear system involing of DTU [20] are defined. The dataset used for facial
and the corresponding column &fy. At runtime, the image training is summarized in Table 1. To extract
linear deformationu is obtained from the handle expressive facial features, we only use facial features
displacementiy by the matrix producti = B - uy. mainly related to facial expressions in the ASM library,
such as the eyes, eyebrows, nose, and mouth. The
To naturally animate the combined accessorial modekxtracted feature points are used for classifying facial
such as facial hair with the face model, it is necessary toexpressions and controlling expressive 3D facial
control target points. The method for controlling target animation.
points is described in Section 5.
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Table 1 Image Dataset 5 Animation of Emotional Avatars
Image Properties | Image Dataset Description
Image Type Neutral(front, left, right) Happy, Angry In this section, we first describe how to animate a facial

Surprise, Sadness, Neutral spot light avatar using a set of displacements of feature points over
added at the person’s left side, Random time for each facial expression. The displacements of

expressions feature points for basic facial expressions are acquired by

Image Size Width : 640 pixels, Height : 480 pixels a widely used RGB-D camera (see Fig. 1) as a

No. of Features | 58 features preprocessing step. Second, we explain how to apply the
Gender 32 males, 11 females facial features from ASMs in Section 4 to the

Glasses Allimages taken without glasses displacements of the basic facial motion data, which is

captured by using Candide-3's feature pointd2)]
Finally, we show how the classified facial expression
using SVMs can be combined with emotional templates
to emphasize the input facial expression from a webcam
in real time.

5.1 Generating Displacement Sets of Feature
Points

The displacements of feature points can be acquired by
sequentially tracking the changing images from neutral to
expressive faces using a RGB-D camera and a face
tracking API to detect AU code2Pp]. To generate a set of
displacements, motion capture data representing facial
Fig. 3: Facial features from ASMs (top) and displacements of movements should be prepared. The motion capture data
facial feature points from neutral to expressive statet¢hg. is defined advi; € R3,i = {1,...,97},t ={0,1,...}. M is

a predefined handle vertices based on Candide-3 &l
facial image over time. The set of displacements is
defined adit = (Mit — M; o).

We classify facial expressions into four categories
except neutral, and then generate four sets of
displacements from neutral to different expressive states
to animate facial expressions. To animate facial

Facial classification using SVMs is divided into two EXPressions usin®, the handle verticesiio are also

stages: the stage of generating a set by training the user4€fined on the face model according to the same position
facial expressions and the stage of facial featureaSDLO-_D is similarity transformed t® to match the size
classification using the generated training set when nev@f D With Hio. ,
input facial expressions are entered. The inputs for 10 animate a 3D face model over time, we also use a
generating the training set are distance vectors calaulatelinear deformation mentioned in Section 3. As illustrated
by feature points extracted from ASMs, according to theil Fig. 2, the free vertex is deflngd as a vertex that does
AU codes of FACS. For example, the distance vectorgnot belong toM o among the vertices on the face model.
from the eyebrows to the eyes are used for AU codes 1, 2The 3D face mode! is sequentially deformed according to
and 4. In Fig. 3, the extracted feature points by ASMs arethe displacement® at each frame. Not only the feature
shown in yellow at the top, and the resulting distancepoints inM are deformed, but the free vertices are also
vectors are illustrated in yellow at the bottom, which moved by using the displacememéand predetermined
illustrates the differences between neutral and expressivweights.
face images. This linear deformation for animation is only applied

In order to classify the facial expression of the input to the face model; hence accessorial models should search
video clip, we first generate an SVM training set for eachfor target points repeatedly (see Fig. 2). During such
of the following five expressions: neutral, happy, angry, deformations, there can be gaps between the face model
surprised, and sadness. When a new input is entered fromnd accessorial models otherwise some protrusion may
the webcam, the facial expression from each SVMoccur because the accessorial models are deformed after
training set is examined then the SVM training set with being modified by initial similarity transformation. Since
the highest weight is assigned to the user’'s currenthe initially specified target point is identical with a vext
expression. To determine which SVM training set has theon the 3D face model, we save the index number of the
highest weight, we use AUs for facial expressions in thevertex and fix the next target point with the saved index
Cohn-Kanade databas2]]. number to avoid this distortion during deformation.

4.2 Classification of Facial Expressions
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(b) Facial animation using additional facial expression features

N i g APIs. Similar to eyebrows, the detailed movements for
vector of displacement vector . . .

lips are also computed by additional facial features from
ASMs. To control the shape and size of an opened mouth,
the weights can be computed by using the distance vector
between the middle point of the upper lip contour and the
middle point of the lower lip contour. Hence, the
user-specific expressive animation can be achieved by
applying such detailed movements of the eyebrows and
5.2 Using Information from the User’s Facial  lipstoD'.

Expressions

Fig. 4: Animation of a 3D facial avatar according to the presence
or absence of additional facial expression features frauger.

The face tracking APIs capture some movements related, 3 Applying Emotional Templates to a 3D Face
to AU codes, so that they capture only specific
movements. For example, the expression of angerrg create an emphasized emotional face, we use artistic
characterizes both sides of the inner eyebrows narrowedmotional templates, as shown in the top of Fig. 5. As an
to appear as wrinkles between the ey23.[However, it example, we use traditional masks for performances and
is difficult for general face tracking APIs to capture the facjal paintings for special characters as emotional
detailed movement of the inner eyebrows narrowed. Thg@emplates. Besides such templates, users can freely create
API using Candide-3's feature point87 represents an thejr own. Then, the user can choose four emotional
angry expression by distance vectors in the eyebrowsemplates representing the classified four facial
illustrated by the green arrows in Fig. 4 (a). expressions from the template database. Each emotional
To animate natural expressions, we compute morgemplate is aligned with a 3D face model using
detailed facial movements by combining such distancecandide-3's feature point&f]. At runtime, the texture of
vectors with the facial features from ASMs (see Fig. 4 the emotional template can be easily combined with the
(b)). As mentioned in Section 4, this additional skin texture of the 3D face model in its neutral state
information from ASMSlcan .be acquirEd when the Usershowing different moods. Hence, jUSt by expressing
expresses his/her emotions in front of a webcam in reahjs/her emotions, the user can change the emotional mood
time. To compute the detailed movements for narrowedyf the facial avatar and easily synthesize the intermediate
inner eyebrows, the d|§tance vectors are used as weightgates between the different emotions in an artistic way. In
for moving from pointB to pointC, since the movement Fig. 5, the bottom shows the interpolated emotional avatar
towards the glabella and downward eyebrows occursaccording to the change from neutral to angry.
simultaneously. The thresholds of weights are shown in
the bottom of Fig. ﬂb)' The direction of displacement

vectors is defined a& B . 6 Experimental Results

The expression of happiness can be represented as a
state with a closed mouth or visible teeth in a smile. TheThe proposed animation system was implemented on a
lip movements can be obtained by using face trackingPC with an Intel Core i7-3770 CPU and a webcam with
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Fig. 6: The user interface unifies facial expression analysis and
facial animation.

D!

Facial
Expression
Features

Neutral

Fig. 7 A comparison result according to additional facial (a) (b) (©
expression features.

Fig. 9: The automatic registration of facial hair with a male face:
initial state (a), final results (b), enlarged results (c).
640 x 480 video recording at 30fps, as shown in Fig. 6.
This system allows a combination of a 3D face model
with accessorial models (left) to offer an animatable
decorated facial avatar. It also extracts the user’s faCiabrediction accuracy for each expression except sadness.
features in the video stream from the webcam in real timein our study, sadness shows low accuracy because the
(top right), and recognizes the user's facial expressiordisplacements between sad and neutral expressions are
(bottom right). The 3D emotional avatar is animated relatively small.
according to the user’s facial expressions (bottom left).
For the animation of male avatars with facial hair, the
Fig. 7 shows the result of the comparison betweenfacial hair around the mouth should be accurately
animation usingD' (top) and animation usin@’ and the  registered because there are a lot of movements especially
user’s facial expression features (bottom). As you can seeground the mouth. Fig. 9 shows the results of animation
the animation result using additional facial expressionof male avatars with facial hair. Fig. 9 (a) shows the
features is more expressive and characteristic (See the rathregistered initial state of a facial model and facial hair
box in Fig. 7). (b) shows the results of automatic registration, and (c)
enlarges the images around of the mouth. We also show
Fig. 8 shows the facial expression recognition ratesemotional male and female avatars animating according
for animation control. We can see a high percentage oto the change of the user’s facial expressions in Fig. 10.

(@© 2015 NSP
Natural Sciences Publishing Cor.



Appl. Math. Inf. Sci.9, No. 2L, 461-469 (2015)Wwww.naturalspublishing.com/Journals.asp %N =S¥\ 467

<P D@D @D-

Fig. 10: From left to right: a decorated 3D face in a neutral statepfagngry, surprised, and sadness.
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7 Conclusion [10] I. Kotsia and I. Pitas, “Facial Expression Recognition
Image Sequences Using Geometric Deformation Features

We presented an emotional avatar to express the user’s and Support Vector Machines”, IEEE Trans. on Image
emphasized emotions in an artistic way. The method Processingl6, 172-187, January 2007. _ _
achieves not only visual realism with some details such ag11] C. Shan, S. Gong and P. W. McOwan, *Facial expression
facial hair and special hairstyles, but it also provides ?gﬁ%ﬂgggg;‘sgeg;gl'gcazlob(;gary patterns”, Image ancoisi
behavioral realism by incorporating the user’s notable Ty PEOTES ) o .

facial expressions with the basic facial motion data. Thelt?l F- Tsalakanidou and S. Malassiotis, "Real-time 2D+3D
proposed emotional avatar is also useful to keep people facial action = and _expression recognition”,  Pattern

- - . . Recognition43, 1763-1775, 2010.
anonymous by hiding their faces in the cyberspace usin 13] C.-C. Chang and C. J. Lin, “LIBSVM: A library for support

diverse facial painting. Our system can be used for vector machines”, ACM Trans. Intell. Syst. Technig|27:1-

interesting applications such as decorating avatars 27:27, April 2011.

according to personal taste, design and simulation fof14] N, Stoiber, R. Seguier and G. Breton, “Facial animation

special makeup, etc. In particular, the incorporation of  retargeting and control based on a human appearance space”,

vision-based control and animation of facial avatars with  computer Animation and Virtual Worldg1, 39-54, January

a decoration function can be used as a noble interface for 2010.

many human-computer interaction applications such a$15] T. Weise, S. Bouaziz, H. Li and M. Pauly, “Realtime

tele-presence systems, intelligent dialogue systems, etc performance-based facial animation”, ACM Trans. Graph,
30, pp.77:1 -77:10, July 2011.

[16] T.Rhee, Y. Hwang, J.D. Kim, C. Kim, “Real-time facial
animation from live video tracking”, In Proceedings of
the 2011 ACM SIGGRAPH/Eurographics Symposium on

. . Computer Animation, pp. 215-224, August, 2011.
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