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Abstract. We present a dynamic data-driven framework for tracking
gestures and facial expressions from monocular sequences. Our system
uses two cameras, one for the face and one for the body view for processing in diﬀerent scales. Speciﬁcally, and for the gesture tracking module,
we track the hands and the head, obtaining as output the blobs (ellipses) of the ROIs, and we detect the shoulder positions with straight
lines. For the facial expressions, we ﬁrst extract the 2D facial features,
using a fusion between KLT tracker and a modiﬁed Active Shape Model,
and then we obtain the 3D face mask with ﬁtting a generic model to
the extracted 2D features. The main advantages of our system are (i)
the adaptivity, i.e., it is robust to external conditions, e.g., lighting, and
independent from the examined individual, and (ii) its computational
eﬃciency, providing us results oﬀ- and online with a rates higher than
20f ps.

1

Introduction

Behavioral indicators of deception and behavioral states are extremely diﬃcult
for humans to analyze. Our framework aims at analyzing nonverbal behavior on
video, by tracking the gestures and facial expressions of an individual that is
being interviewed.
Our system uses two cameras (one for the face and one for the whole body
view), for analysis in two diﬀerent scales, and consists of the following modules: (a) head and hands tracking, using Kalman ﬁltering [9] and an data-driven
adaptive (to each speciﬁc individual) skin regions detection method, (b) shoulders tracking, based on a novel texture-based edge localization method, (c) 2D
facial features tracking, using a fusion between the KLT tracker [12, 15] and
diﬀerent Active Shape Models [2], and (d) 3D face and facial features tracking, using the 2D tracking results and our novel 3D face tracking method. The
main advantages of our framework is that we can track both gestures and facial
expressions with great accuracy and robustness, in rates higher than 20f ps.
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This paper is organized as follows. In the next subsection we give a brief
overview of the previous work on gestures and face tracking and in section 2 we
describe our approach. In subsections 2.1-2.4, we describe the individual parts
of our system, namely the head and hands tracking, the shoulders localization,
the 2D facial features tracking, and the 3D face tracking, respectively. In section 3 we present the results of our system and in section 4 we present our
conclusions.
1.1

Previous Work

Research eﬀorts have investigated gesture analysis [8], but accurate tracking of
gestures is still an open topic. According to our work presented in [11], using
color analysis, eigenspace-based shape segmentation, and Kalman ﬁlters [9], we
have been able to track the position, size, and angle of the face and hands regions.
In this work we use the color distribution from an image sequence. A Look-UpTable (LUT) with three color components (red, green, blue) is created based
on the color distribution of the face and hands. This three-color LUT, called
a 3D-LUT, is built in advance of any analysis and was formed using skin color
samples. After extracting the hand and face regions from an image sequence, this
method computes elliptical blobs identifying candidates for the face and hands.
Thus, the most face-like and hand-like regions in a video sequence are identiﬁed.
Although we have been able to track successfully a wide variety of individuals,
we could only use this method under controlled lighting conditions and for a
limited range of skin colors.
On the other hand, accurate facial feature localization and tracking under
diﬀerent head poses and facial expressions is a very challenging task. The general problem of feature tracking was presented in the early work of Lucas et.al
[12], was developed fully by Tomasi et.al. [15], and was explained explicitly in
the paper of Shi et.al. [13]. Later, Tomasi proposed a slight modiﬁcation which
makes the computation symmetric with respect to the two images; the resulting
equation is derived in the unpublished note of Birchﬁeld [1].
The appearance of a face can change dramatically as the head poses and the
facial expressions change. Sometimes these changes constitute a very diﬃcult
problem. Several methods have addressed the issue, such as the multi-view Active
Shape Models (ASMs) [2], Active Appearance Models (AAMs) [3], and their
extensions [4]. In [10] a summary to multi-view face detection, alignment and
recognition is presented, but facial features are not accurately tracked under
large head rotations and exaggerated expressions.
Finally, for the 3D face tracking, several algorithms [5, 14] use low-level image feature extraction methods to recover the model state. Most parameterized
three dimensional deformable models rely on the correct estimation of image
features that are then used to obtain good estimates for the model’s state.
While the 3D deformable model can reduce some ambiguities to some degree,
the unreliable low-level image cues can still cause error accumulation of the 3D
model.
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Our Framework

In this section we describe the diﬀerent parts of our integrated system. For
gesture tracking, we use a camera capturing the entire body of the interviewed
individual, whereas a second camera is also used to capture the individual’s face
in a closer view.
2.1

Head and Hands Tracking

The drawback of our previous approach of [11] is that color is not a robust
feature for skin detection and tracking, even if we collect and use in the 3D-LUT
a wide variety of skin colors. This method may perform with great accuracy in a
controlled environment, i.e., ﬁxed light sources and smooth background (with a
color much diﬀerent from all skin samples of the 3D-LUT), but it is not robust
under varying conditions.
To overcome the above problem, we use a data-driven adaptive alternative
to the 3D-LUT, i.e., a method that is automatically adapted to the speciﬁc
individual that is being interviewed. More speciﬁcally, our approach consists of
the following steps. (i) The ﬁrst step of our approach is to construct a skin
color database to estimate a generic color distribution. Instead of using a 3DLUT as previously, we estimate a gaussian distribution that ﬁts to the collected
color samples. This generic distribution will be modiﬁed and adapted to the
speciﬁc individual’s skin color. (ii) In the ﬁrst frames of the video sequence
(optimally 20 frames), we detect the face region of the interviewed individual,
using the method proposed by Viola et.al. [16]. This method is experimentally
proved to be eﬃcient in terms of computational time, and robust under varying
conditions; also it does not require any skin color information and avoids tracking
error accumulation over time, since it detects the desired region in each frame
separately. (iii) The next step of our approach is to track the face and hands,
given the face detection results in the ﬁrst frames of the sequence. Based on the
skin color of the detected facial region, we modify the generic skin distribution
(gaussian ﬁtting to the skin color samples, including the speciﬁc individual’s
facial color), and use this new distribution for the detection of the skin regions.
In this way, our system automatically adapts to diﬀerent lighting conditions and
all possible skin color variations. (iv) For fast and accurate tracking, free of error
drift, we use primarily Kalman tracking [9], and every 10 frames we re-detect
the skin regions (face and hands) for the tracker re-initialization. (v) The ﬁnal
result of our method, similarly to our previous work of [11], is the head (face)
and hands blobs, extracted with ellipse ﬁtting in the extracted skin regions. To
reﬁne our tracking results, we also extract the edges inside the detected skin
regions, using the Canny method. For the hand regions, we estimate the edge
densities; in cases of individuals with short-sleeve clothes, we segment the hands
from the arms based on the hands’ increased edge densities (compared to the
arms’ edge densities). In this way, we extract the blobs of the hand regions and
not the entire arms.
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Shoulder Tracking

Tracking the shoulders enables us to detect events such as shrugging, but also
estimate relative positions of the hands to the shoulders. In the regions left
and right of the estimated head region, we apply the Canny edge detection
method. We extract all the edges in each one of these two regions, i.e., the actual
(unknown) shoulder edges, background edges, and edges inside the individual’s
torso region. Our aim is to detect the shoulders, excluding all the undesired
edges. To achieve that, we estimate the texture inside these regions, in a blockbased manner: we estimate the texture of all blocks centered at the pixels in
the normal direction of each edge. In this way, in the normal direction of each
edge, at each edge pixel, we obtain a function of texture values. In our system
we used the method of Zhang et.al. [17] for the texture estimation. If a detected
edge corresponds to the desired shoulder, for all edge points the corresponding
texture functions must have a change-point at these points respectively. The
term change-point is obtained from the statistical change-point detection theory
[6]; in our framework, in order to detect the texture change points, we use the
CUSUM procedure [6]. On the other hand, if an edge does not correspond to
a shoulder, the estimated texture functions have either random change-points
(not corresponding to the same edge) or no change-points at all. The ﬁnal result
of the shoulder detection is a straight line of ﬁxed length.
2.3

2D Facial Features Tracking

Our framework tracks robustly and accurately facial feature points under multiple views and diﬀerent expressions. We use an ASM [2] to localize the facial
feature points accurately in the ﬁrst video frame, and to supervise the tracking
results in the following frames. For accurate face localization, some local ASMs
for the mouth and eyes are used. To track the facial feature points obtained by
the multi-pose ASM, we use the KLT tracker [12, 15, 13]. In our framework, this
coupling between the KLT tracker and the ASM provides us fast and accurate
results, ideal for real-time tracking of facial expressions.
We assume that the face of the interviewed individual is in the frontal view
in the ﬁrst frame of the sequence. We also assume that there is only one person
in front of the camera. For the ﬁrst frame, we use the face detection method
of Viola et.al. [16] to obtain a bounding box of the face. Then a mean ASM
shape (initialization) is inserted into the bounding box, and the frontal-view
ASM is used to localize the facial features accurately. After the facial features
initialization, we use the KLT tracker to track the features over time. In parallel to the KLT tracker, we use diﬀerent ASMs to ensure that the facial features are estimated accurately. This fusion between the KLT tracker and different ASMs makes our framework robust to diﬀerent head positions and facial
expressions.
The frontal-view ASM used in the ﬁrst frame is trained oﬀ-line, using 100
frontal-view face images and their corresponding feature points. For every face we
use 87 feature points, which determine diﬀerent facial features. All these points
are manually marked before training. In the ASM, PCA models are trained
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both for shape variation and local proﬁle variation. Note that four-level multiresolution strategy is used here: we train proﬁle variations and search for every
point in every level.
Apart from the frontal-view ASM, we also train four ASMs for the left- and
right-view, upward and downward head pose, using 70 individuals. These models
are used in real-time face tracking to ensure that there is no error accumulation
over time that may lead to the loss of track. After the feature points are localized
by the frontal-view ASM, the KLT tracker is used to track those feature points
over time. In our framework we also integrated Birchﬁeld’s code [1]: for every
input frame we use the KLT tracker to track the feature points obtained from
the previous frame; then the current points are introduced into one of the ASM
shape subspaces. To decide which model will be used for each input frame, we
assume that transitions between ASMs are possible only between the frontalview and one of other four ASMs. We compute the distances between (a) the
nose and the left and right cheek, and (b) the nose and the chin. The model is
then chosen based on the changes of the ratios of these distances.
2.4

3D Face Tracking

The main advantage of deformable face models is the reduced dimensionality.
The smaller number of degree of freedom makes the system more robust and
eﬃcient. However, the accuracy and reliability of a deformable model tracking
application is strongly dependent on how well the object under tracking ﬁts the
family of shapes described by the parameters of the model.
A 3D deformable model is parameterized by a vector of parameters q. Changes
in q causes geometric deformations of the model. A particular point on the
surface is denoted by x(q; u) with u ∈ Ω. The goal of a shape and motion
estimation process is to recover parameter q from face image sequence. The
parameters q can be divided into two parts: static parameter qb , which describes
the unchanging features of the face, and dynamic parameter qm , which describes
the global (rotation and translation of the head) and local deformation (facial
expressions) of an observed face during tracking.
The deformations can also be divided into two parts: Tb for shape and Tm
for motion (expression), so that:
x(q; u) = Tm (qm ; Tb (qb ; s(u)))

(1)

The kinematics of the model is ẋ(u) = L(q; u)q̇, Where L = ∂x
∂q is the model
Jacobian. Considering the face images under a perspective camera with focal
length f , the point x(u) = (x, y, z)T projects to the image point xp (u) =
f
T
z (x, y) . The kinematics of the new model is given by:
x˙p (u) =
Where

∂xp
∂xp
ẋ(u) = (
L(q; u))q̇ = Lp (q; u)q̇
∂x
∂x


∂xp
f /z 0 −f x/z 2
=
0 f /z −f y/z 2
∂x

(2)

(3)
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In a physics based deformable model framework, optimization of the parameters is carried out by integrating diﬀerential equations derived form the EulerLagrange equations of motion:
q̇ = fq
(4)
Where the generalized forces fq are identiﬁed by the displacements between
the actual projected model points and the identiﬁed corresponding 2D image
features. They are computed as:

fq =
(Lp (uj )T fimage (uj ))
(5)
j

Given an adequate model initialization, these forces will align features on
the model with image features, thereby determining the object parameters. The
dynamic system in equation 4 is solved by integrating over time, using standard
diﬀerential equation integration techniques:
q(t + 1) = q(t) + q̇(t)∆t

(6)

Goldenstein et.al. showed in [7] that the image forces fimage and generalized
forces fq in these equations can be replaced with aﬃne forms that represent probability distributions, and furthermore that with suﬃciently many image forces,
the generalized force converges to a Gaussian distribution. In our framework,
we take advantage of this property by integrating the contributions of ASMs
with other cues, so as to achieve robust tracking even when ASM methods and
standard 3D deformable model tracking methods provide unreliable results by
themselves.

3

Experimental Results

Fig. 1 illustrates an example of tracking the head, hands and shoulders of an
individual during an interview, using our framework as described in subsections
2.1 and 2.2. The detected shoulders are shown in red straight lines. The red
rectangles illustrate the Kalman tracking results, and the blue rectangles show
our tracking results before the blobs estimation, using both Kalman ﬁltering
and skin region detection. The head and hands ﬁnal tracking results (blobs) are
shown in white ellipses (along with their major and minor axes).
Fig. 2 illustrates an example of face tracking in six key-frames of a sequence.
The the upper images show the results of our 2D face tracking method, whereas
the lower images show our results for the 3D face tracking, using the extracted
2D features.

4

Summary and Conclusions

We presented dynamic data-driven framework for tracking gestures and facial
expressions from monocular sequences. From the gesture tracking module, we
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key-frames 1-4

key-frames 5-8

Fig. 1. Head, hands and shoulders tracking results

key-frames 1-3

key-frames 4-6

Fig. 2. 2D and 3D face tracking results for six key-frames of a sequence

obtain the blobs (ellipses) of the head and hands, and we detect the shoulder
positions with straight lines. For the facial expressions, we ﬁrst extract the 2D
facial features, and then we obtain the 3D face information, using the extracted
2D features. The main advantages of our system are its robustness to lighting changes, its adaptivity to every examined individual, and its computational
eﬃciency, with rates higher than 20f ps.
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