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Abstract. This work presents the acoustic and visual-based tracking system func-
tioning at the Harvard Intelligent Multi-Media Environments Laboratory (HIM-
MEL). The environment is populated with a number of microphones and steerable
video cameras. Acoustic source localization, video-based face tracking and pose esti-
mation, and multi-channel speech enhancement methods are applied in combination
to detect and track individuals in a practical environment while also providing an
improved audio signal to accompany the video stream. The video portion of the
system tracks talkers by utilizing source motion, contour geometry, color data, and
simple facial features. Decisions involving which camera to use are based on an
estimate of the head’s gazing angle. This head pose estimation is achieved using
a very general head model which employs hairline features and a learned network
classification procedure. Finally, a beamforming and postfiltering microphone array
technique is used to create an enhanced speech waveform to accompany the recorded
video signal. The system presented in this paper is robust to both visual clutter
(e.g. ovals in the scene of interest which are not faces) and audible noise (e.g.
reverberations and background noise).

Keywords: person tracking, talker tracking, acoustic localization, head pose esti-
mation, speech enhancement, audio enhancement video conferencing

1. Introduction

The overall goal of the work at the Harvard Intelligent Multi-Media
Environments Laboratory (HIMMEL) is to produce automated and
relevant high-quality signal capture in environments populated with
microphones and video cameras without the active supervision or dis-
traction of its human users. In this work, we present the details of
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2 Wang, Griebel, Hsu, and Brandstein

our system for acoustic and visual-based tracking and audio signal
acquisition of individuals in a practical room.

The ability to do real-time talker tracking and audio enhancement
is an important requisite of many developing technologies, including
video-conferencing, interactive human-computer communications, au-
tomated surveillance systems, and virtual reality interfaces. As an ex-
ample application of this technology, consider video-conferencing. Until
recently, multi-participant systems required a human camera operator
to track speakers and select shots. Some of our earlier work involved
the development of acoustically-based talker tracking which provided
rudimentary automated camera control [1, 2]. A number of commercial
video-conferencing systems now employ these and similar technologys.
However, the reliance on acoustic data alone limits performance. The
system described here fuses the video and audio data to dramatically
improve source tracking capability, allowing for the effective isolation of
one or more desired talkers within the video frame. The quality of the
associated audio signal is also important. In addition to ease of use and
information conveyance considerations, the quality of the speech signal
plays a key role in the performance of related analysis systems such as
speech recognition and speaker identification. To this end, microphone
array methods are employed to reduce the effects of ambient noise,
interfering sources, and room acoustics in the resulting audio signal.

The overall system is outlined in Figure 1. A microphone array
detects active acoustic sources in the environment and provides initial
talker locations to the video portion of the system. Video processing
methods are then employed to allow the computer-controlled cameras
to isolate the image of one or more individuals within a frame, ad-
just for head orientation and range, and to compensate for any source
motion. Source tracking information is fed to the acoustic processing
element to allow for enhancement of the appropriate audio signal.
The system is designed to be robust over a wide range of acoustic
and visual environmental conditions. The algorithms are computation-
ally efficient, allowing for real-time operation on standard personal
computer systems.

The remainder of this paper describes the algorithms employed in
the current hybrid system and illustrates their functionality. Sections 2
and 3 discuss details of the acoustic and visual components, respec-
tively. Section 4 presents some of the results achieved. Finally, Section 5
offers some conclusions and avenues for future work.
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Figure 1. Outline of the overall system

2. Audio Processing

The goal of the multi-channel audio system is twofold:

1. to detect acoustic activity and determine the position of a talker
based on the signals observed at microphones scattered throughout
the room

2. to use the multi-channel audio data to produce an enhanced audio
signal.

The positional information is used to determine the initial selection and
steering of the appropriate video camera. The camera then takes over
and tracks the active talker using the video techniques to be discussed
in the following section. As time progresses, the source locator is used
to detect the presence of new dominant speech sources, which lead
to image reinitialization and possibly the selection of a new camera.
An enhanced speech signal is estimated for the talker being tracked
and accompanies the video signal. Figure 2 presents an outline of the
acoustic processing used in the current HIMMEL system. The following
sections discuss the source locator and speech enhancement techniques.
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Figure 2. Audio system block diagram. M = number of microphones, N = M/2.

2.1. SPEECH SOURCE LOCATOR

In a room with M microphones, after analog-to-digital conversion, the
audio signal observed at the i*® microphone, z;[n], is given by:

zi[n] = hi[n] * s[n] + w;[n] i=12,...,.M (1)

where s[n] is the original speech utterance, h;[n] is the room impulse
response from the speech source to the i*® microphone, and w;[n] is
ambient noise present at the i** microphone. In the current HIMMEL
system, the microphone array consists of 16 microphones (M = 16)
arranged in pairs positioned along the walls and in the ceiling panels of
our lab room. See Figure 3 for details of the room layout. The acoustic
conditions in this room are far from ideal. Computer fans and air ducts
contribute to an ambient noise factor over 70 dBm. The floors are tiled
and the walls are made of a non-absorbing material. Reverberation
levels are on the order of 300 ms. Illumination is provided by fluorescent
lighting mounted in the 9.5 ft ceiling.

Note that in a noise-free, non-reverberant room, the room impulse
response can be written as h;[n] = g;d[n—7;] where 7; is the time it takes
for the signal to travel from the sound source to the i** microphone via
the direct path and g; is the attenuation factor due to propagation in
air. In this case, the observed audio signal can be written as:

zi[n] = g; - s[n — 7] i=1,2,...,M. (2)
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Figure 3. Overhead view of the room showing microphone and camera positions

However, in a real room, both convolutional noise (e.g. reverberations)
and additive noise (e.g. background and fan noise) are present. This
makes estimating the time delays, 7;, a much more challenging problem.

The source localization procedure employed here is a two step pro-
cess. A set of relative time delays is estimated for a number of spatially
diverse pairs of microphones. These delays are then used to determine
the source location. These two distinct steps are outlined below. Further
details on source localization strategies in acoustic environments maybe
found in [1].

2.1.1. Time Delay Estimation

The relative time delay between a pair of microphones, ¢ and j, is
defined as 7;; = 7; — 7;. The traditional approach to estimating the
relative time delays between two microphones is the generalized cross-
correlation (GCC) technique [3]. This method forms a frequency-weighted
cross-correlation between audio frames from two different microphones:

Vo (1) = [ W (0)Suz, (@)™ 3

where W (w) is a frequency-dependent weighting function and Sy, (w)
is the cross-power spectrum of the two observed signals. The resulting

finalpaper.tex; 30/12/2000; 12:38; p.b5



6 Wang, Griebel, Hsu, and Brandstein

time delay estimate is given by:
7i; = arg max Y,z (7). (4)

When W(w) = 1, this leads to simply picking the lag associated with
the cross-correlation’s global maximum, the effectiveness of which is
highly compromised by convolutional and additive noise. When W{w) =
1/|X;(w)X;(w)|, the resulting time delay estimator is called the phase
transform. This method has proven to be more robust to real room con-
ditions, particularly reverberations, than the simple cross-correlation
method and has been used in several practical applications [4, 5]. How-
ever, the phase transform has proven to be of limited utility when
reverberation and noise levels are sufficiently high [6, 7].

A number of more sophisticated time delay estimators have re-
cently been developed. The current system makes use of the eigenvalue
decomposition-based estimator presented by Benesty in [8]. Benesty
noted that in the absence of additive noise,

zi[n] x hj[n] = s[n] * hi[n] * hj[n] = z;[n] * hyn]. (5)

The observation that z;[n] * hj[n] = z;[n] * h;[n] allows one to estimate
the relative time delay, 7;;, by searching for the eigenvector of the co-
variance matrix for the two signals which corresponds to an eigenvalue
of 0. An unconstrained frequency-domain least-mean-square (UFLMS)
adaptive filter algorithm [9] was proposed for the simple calculation of
the relative time delay.

In the current system, the discrete-time channel impulse response
estimates of the Benesty algorithm are parabolically interpolated to
increase the precision of the resulting time delay estimates. Moreover,
a confidence measure is computed as the ratio between the values of the
largest and second largest peaks. To minimize the effect of background
noise, the instantaneous SNR is computed for each frequency band
using a minimum statistics approach to determine the noise floor [10].
When implementing Benesty’s algorithm for time delay estimation, our
system only allows UFLMS adaptation to occur for frequencies where
the SNR exceeds a minimum threshold. More generally, the adapta-
tion convergence factor for each frequency band can be computed as
a function of the frequency’s SNR, frequency power, and the normal-
ized convergence factor. This modification has been found to improve
the overall time delay estimator performance as well as to prevent
the source locator from focusing on noise sources in the absence of
a dominating speech signal.
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2.1.2. Position Estimation

Given the set of relative time delay estimates associated with a number
of microphone pairs, the source location is calculated via the mini-
mization of a least squares error criterion. Specifically, we denote the
N = M/2 pairs of the M microphones as m;; and m; for i € [1, N] and
the ordered triplet (x,y, z) of their spatial coordinates as m;; and m;o,
respectively. In the current system the 16 microphones are positioned
in N = 8 pairs spaced 42 cm apart. This corresponds to a maximum
delay of approximately 10 samples using an 8 kHz sampling rate.

For each microphone pair, the relative time delay, 7;, for a signal
source located at the unknown position s has been estimated as de-
scribed above. The true time delay associated with a source, s, and the
i microphone-pair is given by:

_ [s—my| — |8 — my|

T({m;, m;2},s) (6)

c
where c¢ is the speed of propagation in air (= 342 m/s). In practice, 7;
is corrupted by noise and in general, 7; # T'({m;1, m;2},s).

The source location estimate, §, is found through the minimization
of a least-squares error criterion:

N
J(s) =D w; - [r — T({my1, myp}, )] (7
i=1

where w; is a weighting term derived from the confidence interval as-
sociated with 7;. In practice this weighting term is used to discount
potentially inaccurate delay estimates. Since T'({m;;, m;2}, s) is a non-
linear function of s, the minimizer of J does not possess a closed-form
solution and must be solved via an optimization method such as a
gradient descent algorithm.

To resolve the changing speaker locations, the current algorithm
resets all time estimates when a valid source position with low error has
been determined. If the locator is unable to determine a low error posi-
tion after a fixed amount of time, it assumes that the channel transfer
functions associated with the time delay estimation procedure are most
likely corrupt and again resets all time delays. Using this approach, the
source position is only updated when a valid source position has been
determined. If no position with low error is found, no new position is
reported.
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2.2. SPEECH ENHANCEMENT

Given a tracked source, the remaining function of the system’s acoustic
component is to produce an enhanced speech signal with reduced ambi-
ent noise and attenuation of interfering signals to accompany the video
stream. A number of sophisticated beamforming methods are available
for this endeavor, for example [11, 12, 13]. However, we have found that
because of the disparate and sparse arrangement of our microphones
within the enclosure and the directionality of the talkers, there is a large
variance in signal quality between individual microphones. Rather than
using the entire array, we found that better results are obtained by using
only a small subset (in this case two) of the ‘best’ microphones to derive
the enhanced signal. Only the microphone pair with the highest average
instantaneous SNR is chosen. These two audio signals are first delay-
and-sum beamformed to produce one channel of audio data which is
then postfiltered using Spectral Subtraction [14] to further reduce the
remaining additive noise.

Without loss of generality, we assume that microphones 1 and 2 have
the highest SNR and are to be used for audio enhancement. Assuming
no reverberation, uncorrelated ambient noise across channels, and equal
propagation attenuation at the two closely-spaced microphones (i.e.
g1 = g2 = g), the resulting beamformed signal, z}[n] is given by:

zp[n] = 0.5{z1[n] + z2[n — T12]}
= 0.5{g - s[n — 1] + ui[n]
+g-s[n— 1 — (11 — )] + uzln — (11 — )]}
g-s[n—71] + 0.5 {ui[n] + ua[n — (11 — ™)}
§[n] + a[n]. (8)

>

The effect of this operation is to preserve the desired signal compo-
nent while attenuating the background noise by a factor of two. The
Fourier transform, X3(w), of the beamformed signal, zp[n], is:

Xp(w) = S(w) + U(w). (9)

The Spectral Subtraction procedure involves modification of the mag-
nitude component while leaving the phase term unaltered. Specifically:

S(w) = [[Xo(w)| - U(w)] &%) (10)
where S(w) is the estimate of the clean speech spectrum, U(w) is the

estimate of the background noise spectral magnitude, and Ox,(w) is
the phase response of z3[n]. Normally, one tries to estimate the noise
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spectral magnitude during silence intervals, but this requires the im-
plementation of a voice-activity detector - a non-trivial task. However,
our system already has the noise power spectrum estimate available
from the minimum statistics procedure incorporated into the time de-
lay estimator. This data may also be used for Spectral Subtraction
purposes. Additional steps were taken to reduce the tonal artifacts
that are characteristic of spectral subtraction algorithms. A number of
such steps are outlined in [14].

In general, Spectral Subtraction produces unnatural sounding arti-
facts in the enhanced speech for situations where the background noise
level is comparable to that of the original speech signal. Beamforming
prior to the Spectral Subtraction operation serves two purposes. It
improves the received signal SNR and mitigates many of these audible
effects. Additionally, the averaging process associated with the delay-
and-sum reduces the effects of room reverberation, particularly those
long-term echoes which tend to be uncorrelated across channels. Ide-
ally, incorporating all 16 microphones into the beamforming procedure
would be beneficial for both of these considerations. However, we have
found that because of the large discrepancies in signal quality across
the individual microphones, using only the two ‘best’ array elements
produces a better sounding enhanced signal than that which is achieved
by beamforming with the entire set of microphones. This last result is
primarily due to the sparse placement of the microphones within the
room. In this case, the array elements were positioned with localization
considerations in mind. As would be intuitively suggested (and quan-
tified in [15]), localization accuracy is improved by having a general
sampling of the environment, rather than placing all or the majority of
the microphones in one location.

2.3. Aupio HARDWARE OVERVIEW

The current system consists of an array of 16 electret condenser omni-
directional microphones (Panasonic WM-034BY), preamplifiers and
microphone powering circuits, A/D and D/A converters, a fiber-optic
I/0 sound card, and a personal computer. For the analog-to-digital con-
version, we used Frontier Design Group’s Tango 24, an 8-channel A/D,
8-channel D/A converter sampling at 44.1 or 48 kHz. Alternatively, the
sampling rate can be determined by an external word clock input via
a RG-H9 coaxial BNC cable. For our application, 16-bit quantization is
sufficient, although the Tango can also support 24-bit quantization.
The Tango takes input via 1/4” stereo audio jacks (TRS) for bal-
anced input. The output is transmitted via fiber-optic cables (light
pipes) to the computer in the Alesis ADAT format. By performing
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the A/D away from the computer, we can minimize the amount of
noise in the signal, as the computer is a significant noise source, both
acoustically and electrically.

To interface the computer with the fiber-optic cables, we use the
Sonorus StudI/O PCI card. With its chameleon feature, we configured
the StudI/O to behave as a 16-channel audio input device in order to
capture 16 synchronous channels of audio.

The StudI/O can lock onto the signal in the fiber-optic cable or use
its internal 44.1 or 48 kHz clock. Unlike typical PC sound cards, it
does not support lower sampling rates. Thus, in our application which
requires only 8 kHz sampling, we decimate from the 48 kHz sampling
rate with software.

The personal computer used was a Pentium III 550MHz computer
with 128MB RAM running Windows 98 and the latest Studl/O driver.
With this setup, the software system can process all 16 channels of
audio input and determine the source location in real-time without
any frame loss.

3. Video Processing

The visual part of the system consists of a set of mobile communication
video cameras (Canon VC-C3), each with three degrees of freedom
(pan, tilt, and zoom) which may be controlled remotely via a computer
interface. The current system consists of two cameras positioned as
shown in Figure 3. Given the initial camera steering provided by the
acoustic localization process, the goals of the video component of the
system are to:

1. detect and isolate the talker’s head within the acquired image
2. track individuals as they move

3. evaluate the head orientations

The first two items require a feedback control mechanism that allows
the cameras to be continually steered to keep the individual in the
center of the frame with the appropriate zoom. The head orientation
information is used in conjunction with the acoustic localization data to
select the camera with the best view of the active talker. The following
sections will discuss details of the face detection, source tracking, pose
estimation, and camera control procedures.
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3.1. FACE DETECTION

Face detection and tracking algorithms may be roughly categorized by
their processing requirements. A variety of approaches are available for
offline processing, such as neural networks [16], template matching [17],
and statistical shape analysis [18]. While successful, these methods
tend to be of a computational complexity that precludes real-time
application or requires some form of interactive initialization which
limits their practical utility. Thus, real-time face trackers have relied
primarily on skin color information to limit their computational com-
plexity [19, 20, 21]. However, face detection based on color regions alone
is sensitive to many factors, such as variations in lighting conditions,
skin color, and the background image.

As an alternative to these methods, we employ a hierarchical pro-
cedure which uses a variety of features that are easily extracted from
the image stream. The result is a multi-person face detection proce-
dure that is robust to a range of environmental conditions while only
requiring a limited amount of computation. In order of application, the
utilized features are: (1) source motion, (2) contour geometry, (3) color
statistics, and (4) facial analysis. Source motion and contour geometry
identify potential face regions while color and facial analysis are used
as validation criteria. Each of these elements are discussed below.

3.1.1. Stage 1: Source Motion

Humans in their natural state are rarely motionless. While the degree
of movement can vary significantly, our experiments show that even
under relatively sedentary conditions, source motion is a sufficient in-
dicator for distinguishing possible human bodies from the background
environment. This observation is used as the initial step of an effective
and computationally simple face detection algorithm.

Motion detection is achieved through the process of inter-frame
differencing, the goal of which is to detect image differences in two
consecutive frames of a visual stream. It is assumed that the camera is
motionless during the analysis period. However, in what follows it would
be possible to compensate for known camera movements or not process
images acquired while the camera is moving. A color transformation is
first performed on the image data to reduce the color space dimension
while preserving the intensity information. Given a color pixel triplet
(R, G, B), the transformed color pair (r,g) is found from:

. R
~ R+G+B
G
- = 11
9~ R+G+B (11)
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Figure 4. Raw motion plots for individuals in profile and head-on orientations

These transformed pixels are then used to generate a motion plot for
frame n, S, via inter-frame subtraction followed by thresholding:

_ [ L (Ira(X) = (X)) + 90 (X) — gn—1(X)[) > T
Sn(X) = { 0, otherwise (12)
where X is the set of points within the image, T, is the motion thresh-
old, and the subscripts n and n — 1 are used to denote the current
and previous frames respectively. Essentially, image samples that are
constant across frames are assigned a value of 0, while image samples
that change across frames are set to 1. Figure 4 shows a pair of raw
motion plots derived from this inter-frame differencing process. The
following algorithms will mainly rely on these motion plots. Unless
otherwise specified all computations are conducted on them.

As would be expected, despite the threshold applied at the inter-
frame differencing, there are a number of noise samples in the motion
plot S,(X). These may be attributed in part to high light reflections,
movements in the background, or fluorescent lamp or video monitor
flicker. Thus, before further processing, a neighborhood checking al-
gorithm is applied to remove isolated noise samples. This denoising
procedure is conducted as follows:

For each point X, s.t. Sp(X) = 1, look at its neighborhood N (X)
for all the points {Y;} such that Y; € N(X) and S, (Yi) = 1. If
I{Y:}| is below a threshold, where ||{Y'}|| is the cardinality of set
{Y'}, then discard this point, i.e. set Sp(X) = 0. Otherwise, keep
the point.

This method is efficient for isolated noise spot removal and is faster
than many traditional techniques, like morphological erosion [22].
The denoised motion plot is then segmented into a number of po-
tential source regions each of which may contain an individual. The
denoised motion plot, &,, is first projected vertically onto the z-axis
yielding a 1-D function Ps, (x). By clustering Pgs, (z), the motion plot
Sy, is segmented into several vertical bands. Within each band, &, is
further projected horizontally onto the y-axis giving P;(y), where i
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Figure 5. Segmentation of multiple moving people.

is the band index. Again clustering on P;(y), the individual motion
regions of &, are discriminated. The segmentation procedure is illus-
trated in Figure 5. At this initialization stage, it is assumed that each
region may contain a person. The remaining stages are applied to each
detected region to determine its content.

3.1.2. Stage 2: Contour Geomelry

Once the motion plots have been denoised and clustered, an adaptive
edge tracking algorithm is employed to delineate the outline of the
objects in each region and perform a simple analysis of their general
shape. The following procedure describes the procedure for detection
of the left side of the potential body contour. Refer to Figures 6 and 7.
The analysis for the right side is similar.

1. In 8,,, compare the leftmost and rightmost points across horizontal
scan lines. A region of consecutive lines with consistent leftmost and
rightmost pairs is used to detect a starting position. The horizontal
line at the boundary of the consistency region is denoted as the
starting line, y.

2. Save the leftmost point of line y as EdgeLeft[y].

3. Continue scanning downward across horizontal lines searching for
the point on y + 1 nearest to EdgeLeft[y]. Save this point as
EdgeLeft[y+1]. Identify the nearest left neighbor to EdgeLeft[y+
1]. If this neighbor exists and its separation from EdgeLeft[y + 1]
is within a threshold 7; then update EdgeLeft[y + 1] to be the
neighboring point. Continue this process until no other neighboring
points within the threshold, Tj, are found. If the current scan line
is empty or has only one point, go on to the next line, and then
interpolate the above empty lines.
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Body edge

Figure 6. Finding edges

4. Track the values Azyly] = EdgeLeft[y + 1] — EdgeLeft[y]. To
improve stability, additional terms may be employed to calculate
Axz;[y]. For example, Az;|y] = a1 EdgeLeft[y+1]+asEdgeLe ft[y]—
asEdgeLeftly — 1] — as EdgeLeft[y — 2]. A sudden deep valley fol-
lowed by a sharp peak in Agzi[y] is indicative of an excessive Tj
value. In such a case, decrease 17, go back to the valley, and trace
the edge again. Similarly, a sharp upward sloping in Az;[y] is due
to an overly small 77 value. Go back to that position, increase 77,
and trace again. This process is illustrated in Figure 7.

5. After completing the lower portion of the contour, return to the
starting line and apply the same procedure to the region above the
starting line.

The above adaptive edge detection method, in addition to detecting
the desired body contour, is capable of removing noise and any objects
reasonably separated from the object of interest. Figure 8 illustrates the
edge plots derived from individuals in head-on and profile orientations.

The analysis of the derived edge plots is motivated by the observa-
tion that the neckline is a prominent feature of the body contour. As
Figure 9 illustrates, the neckline is present across a variety of talker
positions, orientations, and gestures, and may be roughly identified
from the points on the body contour exhibiting the greatest concavity.
The relative ease of estimating the neckline provides a straightforward
method for detecting the presence of a body in the region of interest
and for identifying the separation between the head and torso, thereby
localizing the facial region.

The relation between the neckline and the nearby shoulder and head
is shown in Figure 10. The points of peak concavity and convexity are
found from the extrema of the second order derivative of the edge

finalpaper.tex; 30/12/2000; 12:38; p.14



Automated Video and Audio Capture 15
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Figure 7. Adaptive edge detection

Figure 8. Edge plots constructed for individuals in head-on and profile orientations

contour. Because the second order derivative is sensitive to noise, the
contour curve is first smoothed with a low pass filter. To improve the
estimate reliability, the distances and heights of the extrema, as defined
in Figure 10, are incorporated into the following criterion for estimation
of the neckline:

Yneck point — aArZ max{ (hlh1")w1 (dld1")w2 h%?’} (13)

This criterion represents the geometry character of the edge curve
near the peak point. The three weights (w1, ws, and ws) determine
the influence of the geometric parameters. Through experimentation,
the weight values were selected as: w; = 1, wo = 2, wy = 1.8. The
distances between the extrema tend to be more consistent than the
other statistics and are given higher significance. The curvature at the
hypothesized neck point is weighted more highly than the variations
due to the shoulder and head which tend to be more dependent on the
specific orientation of the individual. The proximity of the potential
neckline points for both the left and right contours is evaluated. If they
are sufficiently close, the candidate region is maintained for additional
analysis. Otherwise the region is discarded.
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Figure 9. Neck lines for various positions

% (EdgeRight[y]) % (EdgeRight[y])

P /

>

-
AN
) 4§

"y Y
Figure 10. llustration of neck line detection by second order derivatives

3.1.3. Stage 3: Color Statistics

The motion and contour analyses described above are insufficient on
their own to differentiate a human body from a moving object of similar
shape. The color content of the potential head region is now employed
as a means of validating the presence of a face.

Color-based tracking systems typically rely on the assumption that
skin colors are isolated to a specific region of some color space. While
a number of color space mappings for skin/non-skin discrimination are
available in the literature [19], a further study of appropriate color
transformations was performed here. The results below show the prospects
of distinguishing skin colors using only a single dimension of the trans-
formed color space.
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The new color space, YI'QQ', represents a transformation of the stan-
dard N'TSC transmission system. Y, I’ and Q’ are a set of orthogonal
axes with the Y axis identical to the luminance (or color intensity)
component of the NTSC system. The I'Q’ plane is perpendicular to
the Y axis and represents the color hue and saturation (chrominances).
The I’ (or Q’) axis is defined by its rotation angle with respect to Y.
This angle is determined by projecting the color vectors of a training
picture set onto the I'Q’ plane, such that the projected skin colors may
be discriminated from non-skin colors to the greatest extent.

Our experiments show that with a properly defined I'Q’ plane, the
projected skin colors can be constrained to a limited interval in the
I’ dimension. The decision interval boundary is purposely made gen-
eral, allowing for a number of false positive skin color decisions. This
is reasonable given that the color discrimination feature employed at
this stage of the algorithm is used only to confirm that an identified
potential face region contains the appropriate color statistics. Although
this boundary may be broken under unusual lighting conditions, our
experiments have shown that it can capture skin colors in most cases.
The color validation test requires developing histogram data in a one-
dimensional space and is therefore computationally straightforward to
implement,.

Figure 11 illustrates an example of the color confirmation scheme.
Plot (A) shows the original image of a face surrounded by a complex
background. Plot (C) gives the color distribution as projected onto the
I’Q’ plane. Skin colors in the face region are projected as o’s while all
other pixels are represented as +’s. Although the lighting on the face
is poor, the face color is clearly distinguishable from the background
in the I’ (vertical) dimension. Plot (B) shows the image filtered with
a simple threshold of 14 < T’ < 40. A significant portion of the head
region is identified as containing skin color.

This color statistics test is applied only to those regions which have
been validated by the prior stages. Based on this test, any candidate
regions which do not possess a sufficient fraction of skin-like pixels are
discarded.

3.1.4. Stage 4: Facial Analysis

Even with the contour geometry analysis employed in stage 2 and the
color confirmation test of stage 3, it is still possible to confuse a face
with a similarly shaped, skin colored object (e.g. a waving hand).
Therefore, as a final validation procedure, a facial feature analysis
is performed on the candidate region. A variety of feature detection
techniques of differing complexity are available for this purpose. To
avoid excessive computation, a simple but prominent facial feature is
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(A) Original image (B) Isolated skin color
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Figure 11. Color discrimination test

exploited in this work. Observation of Plot (B) in Figure 11 reveals
that the eyes, eyebrows, and possibly eyeglasses are not identified as
possessing skin colors while the forehead above and the cheek area
below present integrated, skin-colored regions. This observation is the
basis of a simple facial feature detection scheme. By employing a spatial
histogram analysis of the candidate head region, it is possible to detect
the presence of an eye region appropriately located within the face.
This procedure is general enough to be robust to a large variety of
orientation angles, and therefore does not require a front view in order
to detect the faces.

An example of the entire face detection procedure applied to a multi-
person scenario is provided in the results section to follow.
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3.2. SOURCE TRACKING

Once a face has been detected, a tracking algorithm is activated to
predict the position and velocity of the target in the subsequent frames.
The predicted position estimate is used to reduce the tracking search
region, thereby decreasing processing requirements and providing a fur-
ther resistance to noise. A very general model of source motion is given
below, followed by a description of the visual tracking procedures.

3.2.1. Mathematical Model of Source Motion

A second order dynamic model is used to predict the source motion.
The process noise is assumed to be symmetrically distributed. Model
accuracy is evaluated through a simple statistical analysis.

Denote the measured position, velocity, and acceleration of image
samples of the current frame, ¢,, to be s,, $,, and §,, respectively.
Note that these equations must be estimated for motion in both the
z and y directions. These values may all be calculated directly from
image samples from the current and past frames. Assuming knowledge
of the past n frames of image data (to, ---, t,—1), the current state
values of the motion features (3,, $p, and §,) can be calculated from
ensemble statistics as follows:

n
Sno= ) kidi
=0
_ n _on
S$p = Z kis; + 8, Z k; At;
=0 =0

- ]_~ i ~ = =
5, = —iankiAt? +SnzkiAti +Zki3i (14)

where >0 ki =1, kg > ki > -+ > ky_1, and At; =, — ;.
The sample position in the following frame is predicted from:

, 1

Sn(t) = §§n(t_tn)2 +§n(t_tn) + 5p (15)

where ¢ it is the time measured when the next frame is available.
The confidence of the prediction is evaluated from the mean square
error between the measured sample positions and the state value posi-
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Figure 12. Tllustration of edge searching region

tions for the current and past n frames:
1
n 3
& = (Z ki(si — §i)2>
i=0
(i

3.2.2. Adaptive Face Tracking

Typically, head motion in space is very nonlinear, involving sudden
accelerations, rotations, and changes in orientation. The corresponding
image plane projection tends to be extremely complex. However, if
the frame rate is sufficient, the shape differences between frames are
small. This enables the use of inter-frame coherence and allows for the
simplification of head image movement to a 2-D displacement according
to the mathematical model described above.

=

_ 1. 2\ 2
k; (Si — 3 + $;At; + ESZAt?)

=

_ 1. 2\ 2
k; (Si — 8; + §;At; — ESZAt?) > . (16)

Il
=)

The head edges are predicted to be in two regions as shown in Figure 12.
The medial axis of each search region is estimated from the position
prediction equation (15). The width of the region, W, is determined
adaptively from the edge contour prediction accuracy statistic (16) by:

W = A& +Tw (17)

where Ty is a constant value designed to maintain a minimum width
in the search regions and A is an adaptive factor which is updated
according to the success or failure of the edge detector in the predicted
regions.
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3.2.3. Motion/Rest Decisions

In situations where the source possesses only minimal motion, the edge
detection and contour analyses detailed above are unreliable and sus-
ceptible to noise. A motion/rest decision is therefore required to detect
this condition. The motion test employed here relies on edge continuity
as the major criterion. A solid piece of edge is searched along the
detected contour from the top. Here the term “solid edge” means that
a piece of edge is continuous without big jumps or empty lines before
interpolation. If a given length of solid edge is not detected within the
predicted search region and the number of points in the motion plot
is below a preset threshold, then the source’s motion is minimal and a
rest decision is made. Neckline detection is deferred and the state from
the previous frame is maintained without updating the tracking search
regions.

3.3. HEAD POSE ESTIMATION

Given the data provided by the face detection and tracking procedures
outlined above, we now address the problem of automatically esti-
mating an individual’s head orientation. This information is useful for
determining shot relevance and deciding which camera best captures
the scene of interest. A number of methods for facial orientation or
head pose estimation have been proposed in the literature [23, 24, 25].
The general approach involves estimating the positions of specific facial
features in the image and fitting this data to a head model. Many of
these methods still require manually selecting feature points and as-
sume near-frontal views and high-quality images. For our applications,
such conditions are usually not satisfied. Poor lighting conditions and
hidden or unclear facial features are common problems. This has neces-
sitated the use of only facial features that may be robustly estimated
given the video quality available. Details of the feature extraction and
orientation estimation procedures are given below.

3.3.1. Feature Selection and Detection

In situations where most of the fine facial details (e.g. eyes, lips, and
mouth) are difficult to estimate reliably, we focus on a more overt facial
property, namely the border between an individual’s hair and skin, as
the major feature for estimating head orientation. The hair-skin border
is straightforward to estimate across a wide range of viewing angles and
is relatively insensitive to lighting conditions and poor image quality. As
will be shown, the curve shape of the hairline is sufficient for estimating
head orientation to a satisfactory degree and is a robust and consis-
tent statistic across a variety of people and hairstyles. Figure 13(A)
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o

(B) (C)

Figure 138. (A)Hairline patterns, (B)hairlines as a feature, and (C)subset classifica-
tion

illustrates the hairline contour derived from three people in different
orientations.

Estimation of the hairline contour is performed in conjunction with
the head tracker. For the detected head regions, hairlines are generated
by clustering brightness, color, and connectivity into hair and skin
regions. Having the pre-segmented head region available significantly
simplifies and improves this process. Once estimated, the hairline is
parameterized into a simple feature vector. Referring to Figure 13(B),
denote the extent of the hairline along the horizontal axis as L. Along
L, the hairline is evenly segmented into 6 pieces. The average verti-
cal position of the contour segment for each piece, Y;, is normalized
to form the 6-point feature vector, ¥, whose elements are given by
yi = [Yi— (Y3 +Y4)/2] /L, (i =1,...,6). The purpose of this normal-
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ization is to make the feature vector invariant to the head size and
relative frame position.

3.3.2. Orientation Estimation by Support Vector Machine Regression
The hairline contours shown in Figure 13 display specific patterns for
various facial orientations. The problem of orientation estimation be-
comes one of finding the mapping function f : ¥ — 6,0 € [—m, +7],
where 6 is the facial orientation. Given a training data set consisting
of P vector-orientation pairs {#;,6;}, the mapping function is locally
specified from linear projections associated with specific training data
subsets. Specifically, the training samples are first partitioned into three
clagses C1, C2 and C'3, based upon their coarse orientation angles as in
Figure 13(C). These classes roughly correspond to right, left, and rear
facing head orientations. For each class and its corresponding subset
of training vector indices, V;, the local orientation estimate is found
from 6 = u‘;’ZTg’ + B; which is the mapping function for linear Support
Vector Machine (SVM) regression. The mapping function is obtained
by solving the following optimization problem:

iy [%Hwinum (Ziﬁ Zs;)] (19

subject to the constraints:

0;—w; G —Bi<e+&, jEV;
G +B—0;<e&+&, jEV
>0, j€V, (19)

where ||;||~! is relevant to the lower bound on the distance between
the points ¢; and the hyperplane (w;,5;), and is referred to as the
margin. ¢; and K; are predefined parameters. ¢; determines the devia-
tion tolerance of the training data from the regression, and K; controls
the trade off between the margin and the empirical risk which is pro-
portional to > & + >-&;. The idea underlying SVM regression is to
minimize the empirical risk while enlarging the margin at the same
time. Details of finding the optimal set of (w;, 5;) parameters and thus
the local linear projections are available in [26].

Figure 14 illustrates the whole process. In practice, an observed
feature vector ¥ is first classified into one of the three subsets using a
Bayesian classifier, i.e., finding the class which maximizes the a pos-
teriori probability given by: p(C;|y) «x p(¢1C;)p(C;), § = 1,2,3. The
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Figure 14. Pose estimation outline

a priori term p(Cj}) is calculated from the ratio of the subset cardinality,
|Vj|, to the total number of training pairs, i.e.

0y = 2 (20

and the class-conditional density is found from

_ L

p(mC]) - |V7| Z (y, 4i, 2). (21)

i€v;

where @ is the Gaussian distribution with the variance matrix, i,
predefined.

Without loss of generality, assume C] is the class which maximizes
p(C;|y) and Cy, k € {2, 3} is the class which is second most likely. If the
likelihood associated with class 1 is significantly greater than that of
the Cy, then the pose orientation is estimated directly from the class 1
projection. Specifically, given a predefined threshold, §, if

Ip(C1|9) — p(Ck|y)| > 6 (22)
then the estimated orientation is :

0(7) = 6, = @15 + B (23)
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Figure 15. Camera control diagram

Otherwise the orientation angle is found using a weighted sum of the
individual subset orientation angles according to:

o T p(01|g) )
o0 = (#7+8) (3 + i
=T - p(Cx|¥) )
+ (787 4) (i + i) 24
Note that the number of rough classes into which the continuous
range of orientations are segmented is subject to the balance between
the efficiency of the local prediction and the class separability. In-
creasing the number of classes improves prediction accuracy of the
linear projection, but at the cost of decreased subset classification
performance. The use of three subset classes was found to provide a
reasonable compromise between these effects.
An example of the pose estimation procedure applied to an individ-
ual turning through a full 360° of rotation is provided in the results
section.

3.4. CAMERA CONTROL

The Canon VC-C3 camera has three degrees of freedom (pan, tilt and
zoom). The pan and tilt parameters are derived from the source position
estimate and the camera motion model. Zoom control is evaluated from
knowledge of the facial contour size and may be adjusted to provide
consistent framing of the subject.The motion of the camera is approxi-
mated by a constant rotation rate plus a time delay. In situations where
the camera motion is too slow to track the target, the system defaults
to the acoustic localization procedure in an effort to relocate the source.
The camera control procedure is outlined in Figure 15, where Djo0sition
and Dgize are the desired position and size repsectively. The image
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grabbing and face detection portions have been discussed in the previ-
ous sections. As shown, there are two nonlinear blocks in the system,
the position control and the zoom control. In an effort to avoid exces-
sive and undesirable camera movement, camera rotations and zooming
are limited. This is achieved by the two clipping blocks inserted in
the feedback system. If the size and position of the face are within
the regions specified by the corresponding thresholds, no changes are
imposed on the camera’s status. These measures have been found to
produce greater image stability.

When the size of the detected face is above or below the size clipping
threshold, the zoom is adjusted appropriately to bring the face size to
within a tolerance of the desired size, Dy;,.. The updating of the zoom
control is based on the pin-hole camera model.

Similarly, when the face position is out of the tolerance range, the
rotation angles of the camera (pan and tilt) are determined by pre-
dicting the face position based on the camera motion model and the
current face information #, z, Z, §, ¥, and ¢, as well as the input focus
length from the zoom control block.

4. Results

The results achieved for various aspects of the system are now pre-
sented. Specifically, still images derived from the face tracker and pose
estimator are given below, as well as a time series representation of
the enhanced speech signal. The website http://himmel.hrl.harvard.edu
contains audio and video demos of the entire tracking system.

4.1. FACE TRACKING

Computation for the visual component of the system is implemented
on a Pentium Pro 200MHz PC running Windows 98. The image sizes
are 144 by 192 pixels. Figure 16 displays an image derived from the 4-
stage face detection process. The outer boxes delineate the segmented
regions derived from the motion information (stage 1). In this case,
three candidate locations have been identified. The ovals are the result
of the geometrical analysis (stage 2) which generates a two-sided con-
tour boundary for each region and then estimates a neckline location.
For this example each of the three candidates (two faces and a hand)
were found to possess a headlike geometry. The color confirmation test
(stage 3) is then applied within each of the ovals. The detected skin
color regions are indicated by a white box. Up to this point, the hand
is still misclassified as a face candidate due to its similar shape and
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Figure 16. Multi-person face detection example

color. Lastly, the facial analysis (stage 4), with positive results shown
as a gray box within the white box, correctly identifies the two faces
and discards the hand.

4.2. POSE ESTIMATION

Supervised training for the estimation algorithm was achieved using a
total of 300 hand-labeled vector-orientation pairs derived from video
sequences of several individuals across the full range of potential ori-
entation angles. The individuals were selected to provide a variety of
hairstyles. Figure 17 illustrates the pose estimation results achieved for
one individual. In each picture, a single image frame is shown along
with a clock indicating the estimated facial orientation (6 o’clock cor-
responds to forward-facing, 12 o’clock is backward-facing). Also shown
is a plot illustrating the segmented head region along with the detected
hair and skin regions used to extract the feature vector.

The pose estimation results are very accurate across the complete
range of possible orientation angles despite the presence of object shad-
ows and a complex image background. This illustrates the appropri-
ateness of the extracted image features and the effectiveness of the
proposed pose learning and estimation procedures. Our experiments
indicate that the hairline contour can be reliably estimated from facial
images encompassing a range of lighting conditions and source-camera
distances using only relative intensity statistics, color disparity, and
region connectedness. In situations where the skin or hair regions are
partially misidentified, the pose estimator still provides reasonable re-
sults. Figure 18(A) illustrates an example where the head has been
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Figure 18. (A) Pose estimate for a misidentified hair contour; (B, C) estimation of
a class 2 pose angle using a class 1 projection

incorrectly segmented from the background and the hair region takes on
a peculiar shape. In this case the orientation is still correctly estimated.

Besides accurately estimating orientation angles appropriate for their
specific class, the local linear projections extrapolate well to pose angles
outside their defined range. In Figure 18(B) and (C), a pair of images
which would fall in the class 2 angle region are estimated entirely from
the projection associated with class 1, i.e. 8(7) = ;. In both instances
the estimated pose angles are very reasonable.

4.3. Aupio ENHANCEMENT

Figure 19 shows an example of the output of the speech enhancement
procedure described in Section 2. The top plots shows a segment of
speech received at a single microphone within the room. In this case the
talker was standing 5 ft from a microphone belonging to the pair evalu-
ated with the highest SNR. The bottom plot shows the enhanced signal.
As is evident from the graph, the background noise has been reduced
considerably, approximately by a factor of five. A portion of this attenu-
ation (roughly a factor of two) may be attributed to the two-microphone
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Figure 19. Speech enhancement results

delay-and-sum beamforming procedure. The remaining noise reduction
is provided by the Spectral Subtraction process.

5. Conclusion

This work has presented a real-time face tracker based on both visual
and acoustic information. While not demonstrated completely here, our
experiments have shown that the system is (1) able to track multiple
people in an unconstrained (but stable) environment, (2) relatively
insensitive to facial orientation, (3) able to estimate complete head
contours and adjust the camera zoom appropriately to achieve facial
image size normalization, (4) capable of a video analysis rate of 15-
20 frames per second using off-the-shelf PC hardware, (5) capable of
accurately evaluating head orientations over a complete 360° interval,
and (6) able to provide an accompanying enhanced audio signal with
reduced reverberation and additive noise. The algorithms are designed
to be simple enough for real-time applications and have proven robust
to both the acoustic and visual environments encountered in practical
video conferencing or surveillance scenarios.
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