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Abstract. Since the character expressions are high dimensional, it is not easy to
control them intuitively with simple interface. So far, existing controlling and
animating methods are mainly based on three dimensional motion capture sys-
tem for high quality animation. However, using the three dimensional motion
capture system is not only unhandy but also quite expensive. In this paper, we
therefore present a new control method for 3D facial animation based on ex-
pression recognition technique. We simply utilize off-the-shelf a single webcam
as a control interface which can easily combine with blendshape technique for
3D animation. We measure the user's emotional state by a robust facial feature
tracker and facial expression classifier and then transfer the measured probabili-
ties of facial expressions to the domain of blendshape basis. We demonstrate
our method can be one of efficient interface for virtual human animation
through our experiments.

Keywords: 3D facial animation, control interface, blendshape, facial feature
tracking, expression recognition.

1 Introduction

Controlling 3D avatar, especially its emotional expression, is widely used in a variety
of applications such as teleconference, movies, real-time avatar game, and human
computer interaction. Therefore, it is very important to provide intuitive control inter-
face for avatar animation. Due to high complexity of human expressions, however, it
is difficult to control over three dimensional facial animation with simple interface.

Traditionally, we should use a facial motion capture system to express the detail
emotional variation of virtual avatar. The facial motion capture is the process of elec-
tronically converting the movements of a user’s face into a digital database using
multiple cameras. A facial motion capture database describes the coordinates of refer-
ence points on the user’s face.

Typical marker based motion capture systems apply up to 100 markers to the
users face and track the marker movement with high resolution cameras to get accu-
rate movements of facial parts so that we can express facial expression finely that has
high degree of freedom. Unfortunately these systems are expensive, complicated, and
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time-consuming to use. Marker-based systems are accurate but cumbersome and do
not allow full expression for the actor due to the attached markers.

Nowadays, researchers focused on markerless technologies use the features of the
face such as the corners of the lips and eyes, and wrinkles and then track them. This
technique is much less cumbersome, and allows greater expression for the actor but
accuracy is less than the one of marker based.

Two dimensional capture can be achieved using a single camera but this produces
less sophisticated tracking, and is unable to fully capture three dimensional motions.

To overcome these drawbacks when we apply two dimensional capture method,
Chai et al. [9] proposed the system to extract a small set of animation control parame-
ters from video. Because of the nature of video data, these parameters may be noisy,
low-resolution, and contain errors. Their system used the knowledge embedded in
motion capture data to translate these low-quality 2D animation control signals into
high-quality 3D facial expressions. To adapt the synthesized motion to a new charac-
ter model, they introduced an efficient expression retargeting technique whose run-
time computation is constant independent of the complexity of the character model.

Although this method enabled us to get a real-time facial animation but it needs
large 3D motion dataset in advance.

So, we propose a new method which use only a single webcam but doesn’t require
large 3D motion database. Once we set the animation control interface, we have to
choose animation production method. In terms of 3D facial animation production, the
most popular approach currently is the blendshape technique, which synthesizes ex-
pressions by taking a linear combination of a set of pre-modeled expressions.

A fundamental question in developing a blendshape-based facial animation system
is how to form the expression basis. A casual approach is to use an expression basis
comprised of manually modeled, intuitively recognizable key expressions. In our
approach, we build each member of the expression basis beforehand according to the
shapes of emotional expressions that we could classify [3]. Here, we set the number
of basis is equal to the number of emotional expressions that we could recognize.

Another fundamental issue that must be solved when developing a blendshape
technique is how to assign the weights to each member of the expression basis set in
order to produce the desired expression sequences. As we set the same number of
expression basis to the emotional expression, we can simply assign the recognition
result, in terms of probability, of each pre-trained expression to the weight of each
member of basis at every video frame.

The remainder of this paper is organized as follows. Section 2 explains the facial ex-
pression recognition technique we used. Section 3 presents the procedure for avatar
animation. Section 4 reports the experimental results, and Section 5 concludes the paper.

2 Facial Expression Recognition

An automatic facial expression recognition system needs to solve the following prob-
lems: detection and location of faces in a cluttered scene, facial feature extraction, and
facial expression recognition.
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2.1 Face Detection

Face detection has been regarded as the most complex and challenging problem in the
field of computer vision, due to the large intra-class variations caused by the changes
in facial appearance, lighting, and expression. Such variations result in the face distri-
bution to be highly nonlinear and complex in any space which is linear to the original
image space.

Face detection techniques have been researched for years and much progress has
been proposed in literature. Most of the face detection methods focus on detecting
frontal faces with good lighting conditions. These methods can be categorized into
four types, such as, knowledge-based, feature invariant, template matching and ap-
pearance-based.

Any of the methods can involve color segmentation, pattern matching, statistical
analysis and complex transforms, where the common goal is classification with least
amount of error. Bounds on the classification accuracy change from method to me-
thod yet the best techniques are found in areas where the models or rules for classifi-
cation are dynamic and produced from machine learning processes.

Viola and Jones [2] presented a fast and robust method for face detection which is
15 times quicker than any technique at the time of release with 95% accuracy. The
technique relies on the use of simple Haar-like features that are evaluated quickly
through the use of a new image representation. We used this technique in this work.

2.2 Facial Feature Tracking

In recent years, research for facial feature extraction and tracking methods became
popular among computer vision society, such as SDM [6], CLM [7, 8], Shape Regres-
sion [10], and so on. Owing to these developments, we could get very robust facial
feature tracker under various situations. Among them, we developed our algorithm to
locate facial features based on tree-regression concept. We simply extract facial fea-
ture candidates based on intensity difference of two pixels in the image which are
randomly selected. The selected pixels are indexed by the same local coordinate have
the same semantic meaning. This enables the tracker to work better under geometric
distortion. To select the effective features from a large number of features, we used
correlation based feature selection method, then simplify the formula which decrease
the cost of computations. For every node of the tree in every level one feature would
be selected. Maximum L? — 1 , here L is the number of maximum level of tree, fea-
tures will be selected for every tree. Discriminative features are highly correlated to
the regression target. The target AS is vectorial delta shape which is the difference
between the ground truth shape and current estimated shape, AS =$ —S¢~1. Good
features would have highest correlation value. The following steps to find the features
for each tree node which we want to build:

e Project regression target AS to a random direction to produce a scalar.
e Select the feature with highest correlation to the projection.

e Repeat step 1 and 2 for every node to obtain new features.

e Select optimum thresholds to generate tree.



92 J. Cho et al.

Once we build the tree, we search facial features as follows. Face candidate area in
an image will be detected by a Viola-Jones face detector, and then a mean shape will
be located at the area. High correlated features that had been calculated in training
phase will be extracted from the area for every tree. These features will lead to a leaf
of the tree and they are led to predict a delta shape (AS) that will be added to the
mean shape. This updates the facial feature shape in every regressor. Fig. 1 shows our
search process.

t
Detected face ( R

Updated shape

¥

Fig. 1. Search block diagram of tree based facial feature extractor

2.3  Facial Expression Classification

We used a Gaussian Mixture Model (GMM) for our facial expression recognition. A
GMM is a parametric probability density function represented as a weighted sum of
M component Gaussian densities [1] as given by the equation,

px|A) = XL, w; g(x| 1y, ) €Y)

where x is a D-dimensional continuous-valued data vector, w;, i=1,....,M, are the
mixture weights, and g(x| u;, %;), i=1,....,M, are the component Gaussian densities.
Each component density is a D-variable Gaussian function of the form. In our expe-
riment, we extract 68 facial feature points and classify six expressions that are defined
in FACS [11], such as happiness, sadness, surprise, anger, disgust and neutral, so D
and M are 136 and 6, respectively.

Given training data and a GMM configuration, we estimate the parameters of the
GMM, which matches the distribution of the training feature vectors. There are sever-
al techniques available for estimating the parameters of a GMM. Among them, we
used maximum likelihood estimation. We capture 7 frames per each expression, here
we set 7=90, for learning each one. For a sequence of T training vectors X =
{x4,...,x7}, the GMM likelihood, assuming independence between the vectors, can
be written as,
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p(X|A) = 231, Pr(il x,, ) @)

To solve a non-linear function of the parameter A, we estimate ML parameter itera-
tively using a special case of the expectation-maximization(EM) algorithm. On each
EM iteration, the following re-estimation formulas are used which guarantee a mono-
tonic increase in the model’s likelihood value,

Mixture Weights
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3 Avatar Animation

The principle of blendshape interpolation is similar to basis member interpolation. In
this case, more than 2 base members can be used at a time, and the interpolation is for
a single static expression, rather than across time. Each blendshape can be modeled
using a variety of different methods. The amount of detail in each expression can also
vary, as long as the resulting faces can be ‘combined’ in some manner. While this
method is popular for specifying facial animation, it requires manual specification,
and designing a complete animation can be quite time consuming [4].

3.1 Building Expression Basis

Building appropriate key shapes is an important part of shape decomposition. Each
key shape adds flexibility and expressiveness to the model, suggesting that many
key shapes should be used. However, the user must create a target model for each
key shape. In order to reduce user burden the number of key shapes should be kept
small. An ideal method would balance these requirements to find the minimal set of
key shapes that maintains the desired animation expressiveness [4]. Here, we pro-
pose simple but very efficient way for building our expression basis. We select six
representative expressions which our classifier can tell more separately and build
the same number of expression basis with the shape of corresponding expression of
the subject.
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Fig. 2. Six expression basis used in our experiment

4 Experimental Result

For our experiment, we let two test subjects train pre-defined six expressions using a
webcam which is installed in front of the monitor. For this, we allow each subject to
capture image sequences during three seconds (T=90 frames) for each expression and
input them the training engine to build our Gaussian mixture model. We modeled two
different avatars which have six different expression bases like Fig. 2. Then we eva-
luate our proposed system can make the virtual avatar visualize natural expression
according to the subject’s performance.

Fig. 3. Example animation sequences with different expressions

Once each subject trained his/her expressions, our classifier showed high per-
formance of recognition over all so we could get avatar’s natural expressive anima-
tion along with the performance of each subject. Fig. 3 shows two different characters
make same expressions following the subject’s performance. This example also
shows our method can easily control any other different characters without modifying
interface. If there’s a falling off in recognition quality due to some noises, abrupt
expression changes may be occurred. As a consequence of that, we might have weird
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avatar’s expression. Just in case of that, we applied Kalman filter [5] which enables us
to get smooth transition. We could get realistic expression of the avatar even though
we applied different virtual character to the subject simply by transferring the basis
weights. Through our test, we could confirm our proposed system can be efficient and
useful interface for controlling a virtual avatar.

Fig.4. Another example sequences following female subject’s expression. Top row shows
surprise, second rows show the transition from neutral to sad, third row shows happy state.
Especially, bottom row sequences show the stressed expression results by real-time rendering
technique.
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5 Conclusion

In this paper we propose a new efficient method for facial animation of virtual avatar.
By combining the facial feature tracking and facial expression classifying methods
with the blendshape interpolation technique, we can obtain the real-time facial anima-
tion control without the aid of large 3D facial database and facial tracking devices. In
here, our control interface is based on only six expression clusters. Since these pre-
selected expressions are not enough to span all the expression space, some possible
expressions may not be shown. If we could improve our classifier’s performance so
that we could tell subtle expression change more precisely, we may expand the cover-
age of expression space. This may increase the quality of our control interface.

Generally, the controlling of virtual avatar, especially its expression, is not easy
due to its high complexity. Our system classified emotional state by a single webcam
and can visualize almost possible expression by simple transferring the measured
probability of each expression to the weight of each blendshape basis. Through our
experiment, we believe our expression based interface can be one of efficient solu-
tions for controlling virtual avatar animation with inexpensive equipment.
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