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ABSTRACT

General Terms

We present ongoing work on a project for automatic recognition
of spontaneous facial actions (FACs). Current methods for automatic facial expression recognition assume images are collected
in controlled environments in which the subjects deliberately face
the camera. Since people often nod or turn their heads, automatic
recognition of spontaneous facial behavior requires methods for
handling out-of-image-plane head rotations. There are many promising approaches to address the problem of out-of-image plane rotations. In this paper we explore an approach based on 3-D warping
of images into canonical views. Since our goal is to explore the
potential of this approach, we first tried with images with 8 handlabeled facial landmarks. However the approach can be generalized in a straight-forward manner to work automatically based on
the output of automatic feature detectors. A front-end system was
developed that jointly estimates camera parameters, head geometry
and 3-D head pose across entire sequences of video images. Head
geometry and image parameters were assumed constant across images and 3-D head pose is allowed to vary. First a a small set of
images was used to estimate camera parameters and 3D face geometry. Markov chain Monte-Carlo methods were then used to
recover the most-likely sequence of 3D poses given a sequence of
video images. Once the 3D pose was known, we warped each image into frontal views with a canonical face geometry. We evaluate
the performance of the approach as a front-end for an spontaneous
expression recognition task.
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1. INTRODUCTION
The Facial Action Coding System (FACS) developed by Ekman
and Friesen [7] provides an objective description of facial behavior from video. It decomposes facial expressions into action units
(AUs) that roughly correspond to independent muscle movements
in the face. FACS has already proven a useful behavioral measure
in studies of emotion [5], communication [8], cognition [24], and
child development [1]. FACS coding is presently performed by
trained human observers who analyze frame by frame the expression in each video frame into component actions (see Figure 1). A
major impediment to the widespread use of FACS is the time required to train human experts and to manually score the video tape.
Approximately 300 hours of training are required to achieve minimal competency on FACS, and each minute of video tape takes
approximately one hour to score.
A number of ground breaking systems have appeared in the computer vision literature for facial expression recognition. These systems include measurement of facial motion through optic flow [16,
23, 21, 9], measurements of the shapes of facial features and their
spatial arrangements [13], holistic spatial pattern analysis using
techniques based on principal components analysis (PCA) [2, 19,
13] and methods for relating face images to physical models of the
facial skin and musculature [16, 22, 14, 9].
Most of the previous work employed datasets of posed expressions collected under controlled image conditions. Subjects deliberately faced the camera and the facial expressions were temporally
segmented. Extending these systems to spontaneous facial behavior is a critical step forward for applications of this technology. Psychophysical work has showed that spontaneous facial expressions
differ from posed expressions in a number of ways [6]. Subjects
often contract different facial muscles when asked to pose an emotion such as fear versus when they are actually experiencing fear.
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In addition, the dynamics are different. Spontaneous expressions
have a fast and smooth onset, with apex coordination, in which facial actions in different parts of the face peak at the same time. In
posed expressions, the onset tends to be slow and jerky, and the
actions typically do not peak simultaneously.
Spontaneous face data brings with it a number of technical issues that need to be addressed for computer recognition of facial
actions. One of the most important technical challenges is the presence of out-of-plane rotations due to the fact that people often nod
or turn their head as they communicate with others. This substantially changes the input to the computer vision systems, and it also
produces variations in lighting as the subject alters the orientation
of his or her head relative to the lighting source.
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Figure 1: The Facial Action Coding System decomposes facial motion into component actions. The upper facial muscles
corresponding to action units 1, 2, 4, 6 and 7 are illustrated.
Adapted from Ekman & Friesen (1978).
There are many potentially reasonable approaches to handle head
rotations. In this paper we explore an approach based on 3D pose
estimation and warping of face images into canonical poses (e.g.,
frontal views).
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ESTIMATION OF FACE GEOMETRY

We start with a canonical wire-mesh face model [20] which is
then modified to fit the specific head-shape of each subject. To
this effect 30 images are selected from each subject to estimate the
the face geometry and the position of 8 features on these images
is labeled by hand (ear lobes, lateral and nasal corners of the eyes,
nose tip, and base of the center upper teeth). Based on those images
we recovered, the 3D positions of the 8 tracked features in object
coordinates. A scattered data interpolation technique [20] was then
used to modify the canonical face model to fit the 8 known 3D
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Figure 2: On the left, the performance of the particle filter is
shown as a function of the number of particles used. On the
right the performance of the particle filter and the OI algorithm
as a function of noise added to the true positions of features.
points and to interpolate the positions of all the other vertices in
the face model whose positions are unknown. In particular, given a
 away from the generic
set of known displacements  
model feature positions  , we computed the displacements for the
unconstrained vertices  . We then applied a smooth vector-valued
function  that we fit to the known vertices      from
which we can compute  . Interpolation then consists of
applying
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to all vertices ( in the model, where ! is a radial basis function. The
coefficients  are found by solving a set of linear equations that in
cludes the interpolation
constraints  ) and the constraints
*
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3. 3D POSE ESTIMATION

3-D pose estimation can be addressed from the point of view
of statistical inference. Given a sequence of image measurements

-

.

-0/2143532361$-87

 , a fixed face geometry and camera parameters,

the goal is to find the most probable sequence of pose parameters
9
9/4123435361;97
:
 representing the rotation, scale and translation
of the face on each image frame. In probability theory the estima9
tion of from is a known “stochastic filtering”. Here we explore a solution to this problem using Markov Chain Monte-Carlo
methods, also known as condensation algorithms or particle filtering methods, [12, 11, 4].

which is known to be very robust to the effects of noise.

3.2 The Orthogonal Iteration Algorithm
In the OI algorithm [15] the pose estimation problem is formulated as that of minimizing an error metric based on collinearity in
object space. The method is iterative and directly computes orthogonal rotation matrices which are globally convergent. The error
S
metric is
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3.1 Particle filters
The main advantage of probabilistic inference methods is that
they provide a principled approach to combine multiple sources of
information, and to handle uncertainty due to noise, clutter and occlusion. Markov Chain Monte-Carlo methods provide approximate
solutions to probabilistic inference problems which are analytically
intractable.
Since our main goal was to explore the use of 3D models to
handle out-of-plane rotations in expression recognition problems,
our first version of the system, which is the one presented here,
relies on knowledge of the position of facial landmarks in the image
plane. We are currently working on extensions of the approach to
rely on the output of automatic feature detectors, instead of handlabeled features. In the current version of the system we used the 8
landmarks mentioned Section 2.
Our approach works as follows. First the system is initialized
with a set of < particles. Each particle is parameterized using 7
numbers representing a hypothesis about the position and orientation of a fixed 3D face model: 3 numbers describing translation
along the = , > , and ? axes and 4 numbers describing a quaternion,
which gives the angle of rotation and the 3D vector around which
the rotation is performed. Since each particle has an associated 3D
face model, we can then compute the projection of  facial feature
points in that model onto the image plane. The likelihood of the
particle given an image is assumed to be an exponential function
of the sum of squared differences between the actual position of
the  features on the image plane and the positions hypothesized
by the particle. In future versions this likelihood function will be
based on the output of automatic feature detectors. At each time
step each particle “reproduces” with probability proportional to the
degree of fit to the image. After reproduction the particle changes
probabilistically in accordance to a face dynamics model, and the
likelihood of each particle given the image is computed again. It
can be shown [12] that as <A@CB the proportion of particles in
a particular states at a particular time converges in distribution to
the posterior probability of the state given the image sequence up
to that time D%E%F
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where < L represents the number of particles in state L at time
R . The estimate of the pose at time R is obtained using a weighted
average of the positions hypothesized by the < particles.
We compared the particle filtering approach to pose estimation
with a recent deterministic approach, known as the OI algorithm [15],

(3)

where ` is given by
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and  is the projection of the 3D points onto the normalized image
a
plane. In Eq. 3  , Y and ] denote 3D feature positions, the rotation
matrix and translation vector, respectively. A minimization of
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is then performed. The algorithm is known to be very robust to the
effects of noise [15].

3.3 Results
Performance of the particle filter was evaluated as a function of
the number of particles used. Error was calculated as the mean
distance between the projected positions of the 8 facial features
back into the image plane and ground truth positions obtained with
manual feature labels. Figure 2 (Left) shows mean error in facial feature positions as a function of the number of particles used.
Error decreases exponentially, and 100 particles were sufficient to
achieve 1-pixel accuracy (similar accuracy to that achieved by human coders).
A particle filter with 100 particles was tested for robustness to
noise, and compared to the OI algorithm. Gaussian noise was added
to the positions of the 8 facial features. Figure 2 (Right) gives error rates for both pose estimation algorithms as a function of the
variance of the Gaussian noise. While the OI algorithm performed
better when the uncertainty about feature positions was very small
(less than 2 pixels per feature). The particle filter algorithm performed significantly better than OI for more realistic feature uncertainty levels.

4. AUTOMATIC FACS RECOGNITION
4.1 Database
The dataset consisted of 300 Gigabytes of 640 x 480 color images, 8 bits per pixels, 60 fields per second, 2:1 interlaced. The
video sequences contained out of plane head rotation up to 75 degrees. There were 2 Asian, and 1 African American, and 7 Caucasian subjects. 3 subjects wore glasses. The facial behaviors in
the video sequences were scored frame by frame by 2 teams experts on the FACS system. The first team was lead by Mark Frank
at Rutgers. The second team was lead by Jeffrey Cohn at CMU.

Figure 4: Examples of blink (lower row) and non-blinks (upper row) images after warping. The first three subjects (left 3
columns) had no glasses. The last 2 columns show blinks and
non-blinks for 2 subjects with glasses. The prior rotation of the
images allowed the same pixel numbers to be used to locate the
eyes in every example.

Figure 3: Original image, model in estimated pose and warped
image.

As a preliminary test of the ability to classify facial movements
in the rotated face data, two facial behaviors were classified in the
video sequences: Blink (AU 45 in the FACS system) and brow
raise (joint expression of AU 1 and AU 2). These facial actions
were chosen for their well known relevance to applications such as
monitoring of alertness and anxiety.
Head pose was estimated in the video sequences using a particle
filter with 100 particles. Face images were then warped onto a face
model with canonical face geometry, rotated to frontal, and then
projected back into the image plane, as illustrated in Figure 3. This
alignment was used to define and crop two subregions in the face
images, one centered on the eyes (20x40), and the other centered
on the brows (20x80). Soft histogram equalization was performed
on the image gray-levels by applying a logistic filter with parameters chosen to match the mean and variance of the gray-levels of
each image sequence [18]. Difference images were obtained by
subtracting a neutral expression image from images containing the
facial behaviors.
Separate support vector machines (SVM’s) were trained for blink
versus non-blink, and brow raise versus no brow raise. The peak
frames of each action, as coded by the human FACS coders, were
used to train and test the support vector machines. A sample of images from the blink versus no-blink task is presented in Figure 4.
The task is quite challenging due to variance in race, the presence
of glasses, and noise in the human FACS coding. Note in Figure 4
that the eyes are not always fully closed in the peak frames. Generalization to novel subjects was tested using leave-one-out crossvalidation. Linear SVM’s taking difference images performed in
the low 80%’s. Non-linear SVM’s improved performance by up to
10%. Specifically, the Gaussian radial basis function SVM based
on the Euclidean distances between difference images performed as
follows: 90.5% for blinks for all subjects, 94.2% for blinks without
glasses and 84.5% on brow raises.
Performance depended on the the goodness of fit to the head

model of the subject’s facial geometry. We are presently making
the model more robust to variations in face shape by adding more
feature points and experimenting with different feature points. Reduced performance on subjects with glasses is being addressed by
including information on the position of the frames in the face
model. Support vector machines are presently being trained taking
Gabor wavelet representations as input. Our previous work demonstrated that Gabor wavelet representations are highly effective as
input for facial expression classification [3].

5. CONCLUSIONS
We explored an approach for handling out-of-plane head rotations in automatic recognition of spontaneous facial expressions.
The approach fits a 3D model of the face and rotates it back to
a canonical pose (e.g., frontal view). The output of the images
warped into frontal views, were then used to recognize blinks (AU
45) and brow raises (AU 1+2). The results were very promising
and serve as a starting point with respect to which future systems
may be evaluated.
We found a particle filtering approaches to 3D pose estimation
were also very promising, significantly outperforming some of the
most robust deterministic pose estimation algorithms, like the OI
algorithm [15]. Most importantly, generalization of the particle filtering approach to use automatic feature detectors instead of handlabeled features is relatively straight forward.
We presented work in progress and significant improvements of
the system are occurring as we write this report. The particle filters
presented use very simple (zero drift) face dynamics. We are in the
process of training diffusion networks [17] to develop more realistic face dynamics models. Such models may significantly reduce
the number of particles needed to achieve a desired accuracy level.
We are also developing automatic feature detectors [10] to be integrated with the particle filtering approach for fully automatic 3D
tracking. We are also developing methods to estimate face geometry more accurately and to take into account special conditions, like
the presence of glasses.
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