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Abstract

We present an approach to robust, real-time person
tracking in crowded and/or unknown environments using
multi-modal integration. We combine stereo, color, and face
detection modules into a single robust system, and show an
initial application for an interactive display where the user
sees his face distorted into various comic poses in real-time.
Stereo processing is used to isolate the figure of a user from
other objects and people in the background. Skin-hue clas-
sification identifies and tracks likely body parts within the
foreground region, and face pattern detection discriminates
and localizes the face within the tracked body parts. We
discuss the failure modes of these individual components,
and report results with the complete system in trials with
thousands of users.

1 Introduction

The creation of displays or environments which pas-
sively observe and react to people is an exciting challenge
for computer vision. Faces and bodies are central to human
communication and yet machines have been largely blind to
their presence in real-time, unconstrained environments.

To date, research in computer vision for person tracking
has largely focused on exploiting a single visual processing
technique to locate and track features of a user in front of the
display. These systems have often been non-robust to real-
world conditions and fail in complicated, unpredictable vi-
sual environments and/or where no prior information about
the user population is available.

We have created a visual person tracking system which
achieves robust performance through the integration of mul-
tiple visual processing modalities—stereo, color, and pat-
tern. Each module can possibly track a user under optimal
conditions, but have, in our experience, substantial failure
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modes in unconstrained environments, as discussed below.
We have, however, found that the failure modes between
these particular modules are substantially independent, and
by combining them in simple ways, we can build a system
which robustly tracks users’ faces in general conditions in
real-time (in excess of 15Hz).

In the following section we describe each of these com-
ponent modules as well as the framework within which they
are integrated. We will then describe an initial application
of our tracking system, an interactive video mirror. Finally
we will show the results of our system as deployed with
naive users, and analyze both the qualitative success of the
application and the quantitative performance of the tracking
algorithm.

2 Person tracking modules

Three primary modules are used to track a user’s head
position: stereo depth estimation, flesh-hue color segmenta-
tion, and intensity-based face pattern classification. Depth
is estimated from multiple fixed cameras and allows easy
segmentation of a user in an open and unknown environ-
ment. An intensity-invariant color classifier detects regions
of flesh tone on the user and is used to identify likely body
part regions. Finally, a face detection module is used to
discriminate head regions from hands, legs, and other body
parts. Knowledge of the location of the user’s head in 3-D
is then passed to the application; we show examples of a
face distortion program in the following Sections. Figure 1
shows the output of the various vision processing modules
on a scene with a single person present.

2.1 Silhouette extraction via dense stereo
processing

Video from a pair of cameras is used to estimate the dis-
tance of people or other objects in the world using stereo



Figure 1. Qutput of vision processing modules: input image, face detection result, foreground region
computed from range data, and skin hue classification score image.

correspondence techniques. A critical issue in determin-
ing stereo correspondence is that pixels from two cameras
that correspond to the same scene element may differ due to
both camera properties such as gain and bias, and to scene
properties such as varying reflectance distributions result-
ing from slightly differing viewpoints. The census corre-
spondence algorithm [8] overcomes these potential differ-
ences between images by taking a non-parametric approach
to correspondence. The census algorithm determines simi-
larity between image regions, not based on inter-image in-
tensity comparisons, but rather based on inter-image com-
parison of intra-image intensity ordering information.

The census algorithm involves two steps: first the input
images are transformed so that each pixel represents its lo-
cal image structure; second, the elements of these trans-
formed images are put into correspondence, producing a
disparity image.

The transform used ~ the census transform — maps each
pixel P in an intensity image to a bit vector, where each bit
represents the ordering between the intensity of P and that
of a neighboring pixel. Thus a pixel at the top of an in-
tensity peak would result in a homogeneous (all ones) bit
vector indicating that its intensity is greater than those of its
neighboring pixels. Two such census bit vectors in differ-
ent images can be compared using the Hamming distance,
i.e. by counting the number of bits that differ. The corre-
spondence process — for each pixel in one image, finding the
best match from within a fixed search window in the other
image — is performed by minimizing locally summed Ham-
ming distances. The displacement to the best match serves
as the disparity result for a pixel.

We have implemented the census algorithm on a sin-
gle PCI card, multi-FPGA reconfigurable computing engine
[7]. This stereo system is capable of computing 24 stereo
disparities on 320 by 240 images at 42 frames per second,
or approximately 77 million pixel-disparities per second.
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These processing speeds compare favorably with other real-
time stereo implementations such as [2].

Given dense depth information, a silhouette of a user is
found by selecting the nearest human-sized surface and then
tracking that region until they disappear. Our segmentation
and grouping technique proceeds in several stages of pro-
cessing. We first smooth the raw range signal to reduce the
effect of low confidence stereo disparities using a morpho-
logical closing operator. We then compute the response of a
gradient operator on the smoothed range data. We threshold
the gradient response above a critical value, and multiply
the inverse thresholded gradient image (a binary quantity)
with the smoothed range data. This creates regions of zero
value in the image where abrupt transitions occur, such as
between people. We finally apply a connected-components
grouping analysis to this separated range image, marking
contiguous regions with distinct integer labels.

This processing is repeated with each new set of video
frames obtained from the video cameras. After a new set
of regions is obtained, it is compared to the set obtained for
the previous frame. Temporal correspondences are estab-
lished between regions through time on the basis of similar
depth and centroid location. We mark a particular region
as the target person and follow it until it leaves a defined
wcerkspace area; we then select a new target by choosing
the nearest depth region.

This depth information is used to isolate figure from
ground, so that the color and face detection modules de-
scribed below are not confused by clutter from background
content or other users who are not currently being tracked.
(Extending our system to simultaneously track and process
several users is a planned topic of future work.) Specifically,
we use the recovered connected component region marked
as the target to be a boolean mask which we apply to images
from the primary camera before passing them to the color



and face processing modules.’

2.2 Skin detection via Flesh-hue classifi-
cation

Within the foreground depth region of a particular user,
it is useful to mark regions that correspond to skin color. We
use a classification strategy which matches skin hue but is
largely invariant to intensity or saturation, as this is robust
to different lighting conditions and absolute amount of skin
pigment in a particular person.

We apply color segmentation processing to images ob-
tained from the primary camera. Each image is initially
represented with pixels corresponding to the red, green, and
blue channels of the image, and is converted immediately
into a “log color-opponent” space similar to that used by
the human visual system. This space can directly repre-
sent the approximate hue of skin color, as well as its log
intensity value. Specifically, (R, G, B) tuples are converted
into tuples of the form (log(G),log(R) —log(G),log(B) —
(log(R) +log(@G))/2). We use a two-sided classifier with a
Gaussian probability model; mean and full covariance are
estimated from training examples for a “skin” class and
a “non-skin” class. When a new pixel p is presented for
classification, the likelihood ratio P(p = skin)/P(p =
non—skin) is computed as a classification score. Qur color
representation is simtilar to that used in [1], but we estimate
our classification criteria from examples rather than apply
hand-tuned parameters.

For computational efficiency at run-time, we precompute
a lookup table over all input values, quantizing the classifi-
cation score (skin similarity value) into 8 bits and the input
color channel values to 6, 7, or 8 bits. This corresponds
to a lookup table which ranges between 256K and 16MB
of size. This 1s stored as a texture map, if texture mapping
hardware supports the ability to apply “Pixel Textures”, in
which each pixel of an input image is rendered with uni-
form color but with texture coordinates set according to the
pixel’s RGB value.? Otherwise a traditional lookup table
operation is performed on input images with the main CPU.

After the lookup table has been applied, segmentation
and grouping analysis are performed on the classification

Lif the range segmentation system returns no connected component re-
gion, the mask defaults to be a fixed range filter. In this mode the mask
image is set to 1 wherever in the range image values are within a defined
interval, usually the region of space immediately in front of the display.
This allows the system to still perform under conditions which are difficult
for the above segmentation and grouping method, such as when the user is
wearing clothes whose intensity values are saturating the camera and thus
have no contrast on which to compute stereo correspondence. In practice
this occurred in less than 2% of trials.

2See the SGI Developer Notes, July "97. The use of texture mapping
hardware for color classification can offer dramatic speed and lookup table
size advantages due to built-in interpolation; however at present the Pixel
Texture feature is only supported on the SGI Octane series.
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score image. The same algorithm as described above for
range image processing is used, except that the definition
of the target region is handled differently. The target re-
gion (the face) is defined based on the results of the face
detector module, described below. Connected-component
regions are tracked from frame to frame as in the range case,
with the additional constraint that a size constancy require-
ment is enforced: temporal correspondence is not permitted
between regions if their real size changes more than a spec-
ified threshold amount.

2.3 Face pattern discrimination

Stereo and color processing provide signals as to the lo-
cation and shape of the foreground user’s body and hands,
faces, and other skin tone regions (clothing or bags are also
possible sources of false positives). To distinguish head
from hands and other body parts, and to localize the face
within a region containing the head, we use pattern recog-
nition methods which directly model the statistical appear-
ance of faces.

We based our implementation of this module on the
CMU face detector [4] library. This library implements
a neural network which models the appearance of frontal
faces in a scene, and is similar to the pattern recognition
approach described in [3]. Both methods are trained on a
structured set of examples of faces and non-faces. We use
the face detector to identify which flesh color region con-
tains the face, and the relative offset of the face within that
region. Our experience showed the CMU face detector to
be remarkably robust across different imaging and lighting
conditions at identifying frontal faces of sufficient image
size. However it alone was not sufficient for our applica-
tion, as it was considerably slower than real-time when ap-
plied to the entire image, and offered poor performance at
tracking faces when they were not in frontal pose, were too
small, or had extreme expressions.® In concert with skin
color tracking and depth segmentation, however, the face
detection module provides information essential for robust
performance.

In the simplest cases, the face detector identifies which
flesh color regions correspond to the head, and which to
other body parts. When a face is detected to overlap with a
skin color region, we mark that region as the “target”, and
record the relative offset of the face detection result within
the bounding box of the color region. The target label and

3We do note that we were able to obtain near-real time performance
(10Hz) from the CMU face detector alone when we configured it in a track-
ing mode, where it looked in a window around the most recently found
face. However the assumption of frontal pose, and thus this real-time track-
ing performance, would only hold for a small fraction of the time a user
was interacting with the system. Our application, which encouraged users
to move their head and make strange expressions, may be atypical in this
regard.















