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1 Introduction

Abstract. We propose a two-stage real-time tracking algorithm for an
active camera system having pan-tilt-zoom functions. The algorithm is
based on the assumption that a human head has an elliptical shape and
that its model color histogram has been acquired in advance. The algo-
rithm consists of two stages, a color-based convergence stage for fast
and reliable tracking and a refinement stage for accurate tracking based
on multimodal information. In the first color convergence stage, we
roughly estimate the target position by using the mean-shift method
based on the histogram similarity between the model and a candidate
ellipse. To better predict the initial position for the mean shift, the global
motion is compensated; to enhance reliability of the mean shift, the
model histogram is appropriately updated by referring to the target his-
togram in the previous frame. In the subsequent refinement stage, we
refine the position and size of the ellipse obtained at the first stage by
using multimodal information such as color, shape, and quasi-spatial in-
formation. In particular, to quantify the quasi-spatial information, we use
a spatial color histogram obtained by properly dividing the ellipse into
two regions. Extensive experiments verify that the proposed algorithm
robustly tracks the head, even when the subject moves quickly, the head
size changes drastically, or the background has many clusters and/or
distracting colors. Also, the proposed algorithm can perform real-time

tracking with a processing speed of about 10 fps on a standard PC.
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timation is a difficult and time- consummg task. Meanwhile,
a method using shape information® first constructs several

Real-time person tracking has many application areas such
as security systems, video conferences, human-computer
interaction (HCI), virtual reality, etc. Head tracking is use-
ful for tracking a person, because head color does not vary
much among people and the shape is relatively rigid rela-
tive to other parts of the body. Also, head tracking can be
used as the initial phase for the identification of a person,
facial expression recognition, etc. This work deals with
head tracking as an application for a real-time active cam-
era system. The adopted active camera is assumed to have
pan-tilt-zoom functions to cover a large viewing area.
Hence, to control pan-tilt-zoom operation reliably, we need
robust and accurate tracking of the head target.

In previous works, three types of information, namely,
motion, shape, and/or color, have mainly been used for tar-
get tracking. In the methods using motion information,'™ a
target is extracted by discriminating its motion from the
background. These methods assume that the target always
moves and background objects are stationary. However, in
an active camera system, since the camera’s pan-tilt-zoom
operations introduce global motion of translation and scal-
ing, accurate estimation of the global motion vectors is re-
quired for reliable tracking. However, accurate motion es-
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representative shape models from many sample datasets of
the subject’s outline. It then predicts a current outline from
the previous ones by using a Kalman filter and attempts to
refine the predicted outline based on the models by using
the predicted outline and the edge information at the cur-
rent frame. However, this method is not reliable for com-
plicated backgrounds, because the background region may
include distracting strong edges. Birchfield has combined
both color and shape information to improve the accuracy
of head trackmg The shape of the head is defined as an
ellipse. The target similarity is examined by using a
weighted sum of the color histogram similarity inside the
ellipse and the shape similarity based on gradients on the
ellipse boundary. The algorithm provides better perfor-
mance than those using either shape or color information
only. However, it may not be adequate for high perfor-
mance real-time tracking, since a full search is performed
within a wide area for finding the position and scale that
maximizes the combined similarity function.

Comaniciu has proposed fast tracking algorithms using
color information only The algorithms use the Bhatta-
charyya coefficient'® as a similarity measure between two
color distributions, and adopt the mean shift'' as a fast
optimization method to maximize the similarity. To im-
prove the accuracy of mean-shift-based tracking, Zhang
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Color Convergence Stdge

Predict an initial target position based on
background motion compensation.

!

Search the target position
by using a color-based mean-shift method.

Refinement Stage

Refine the target position and scale
based on multi-modal information

Fig. 1 Flowchart of the proposed real-time tracking algorithm.

and Freedman utilized background mismatching as well as
foreground matching with a model color hlstogram ? How-
ever, the color histogram adopted in the algorithm repre-
sents the global distribution of colors rather than the local
(or spatial) distribution. Hence, tracking can be unreliable
when distracting colors are included in the nearby back-
ground region. Also, the scale change of the target cannot
be estimated accurately, because it uses color information
only. Note that the existing color-based algorithms use only
the initially obtained color histogram of the model, which
may not faithfully reflect the color distribution change due
to the view-point transition.”"'* However, a direct tempo-
ral update of the model or the use of information in previ-
ous frames can cause error propagation, if the previous
frame includes unwanted outliers.

In this work, we propose a real-time head tracking algo-
rithm, which consists of two stages, a color-based conver-
gence stage for fast and reliable tracking and a refinement
stage for accurate tracking based on multimodal informa-
tion. In Sec. 2, we describe the proposed algorithm in de-
tail. Experimental results are shown in Sec. 3, and we con-
clude this work in Sec. 4.

2 Proposed Algorithm

The proposed algorithm assumes that a head can be mod-
eled as an ellipse and the ratio of its major and minor axes
is constant. At the first frame, a user determines the initial
position and scale of the ellipse manually or semiautomati-
cally. The optimal ellipse is then automatically tracked in
the following frames by using the results of the previous
frame. The proposed two-stage algorithm is presented in
Fig. 1. The first color-based convergence stage consists of
two steps. Namely, we first predict an initial position for the
mean shift by compensating the global motion, and then
roughly search the target position by examining the best
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Possible tracking results of
the previous frame .

Y‘ A

Fig. 2 The region of convergence (ROC), which is represented as a
gray ellipse. Convergence to the target is ensured if the tracking
result of the previous frame is inside the ROC. Otherwise, the con-
vergence is not guaranteed.

match in terms of color. To ensure fast convergence, the
mean shift is adopted as an optimization method. To en-
hance reliability of the mean shift, we combine the model
histogram and the histogram of the previous target ellipse
in a robust manner. In the refinement stage, we refine the
position and find the scale of the target. To enhance the
refinement accuracy, we consider multiple modalities such
as color, shape, and quasi-spatial information, and suggest a
similarity measure combining them. In particular, we define
a spatial color histogram characterizing the quasi-spatial
color information, and we devise a reliable measure to
quantify shape similarity. This tracking procedure is fin-
ished if a user interrupts it or the target is out of screen. The
two steps in the color-based convergence stage and the re-
finement stage are described in detail in the following.

2.1 Prediction Step in the Color-Based
Convergence Stage

In the color-based convergence stage, we use the mean-
shift method to search the optimal position maximizing the
color similarity measure. Even though it has been demon-
strated that the mean-shift converges, 3 the convergence to
the true target is not guaranteed. Hence, we define the “re-
gion of convergence” (ROC) such that an initial position
inside the region may guarantee the convergence to the true
position for the mean shift. Since the ROC consists of the
centers of all candidate ellipses that overlap with the target,
it becomes an elliptical shape whose radius is twice larger
than that of the target ellipse, and the center position is the
same as that of the target. Figure 2 illustrates an example of
ROC. In contrast with the candidate ellipse (or initial posi-
tion) A, ellipse B cannot be ensured to converge to the
target, because its center is outside the ROC.

When an active camera is used for tracking, the center of
the estimated ellipse is frequently outside the ROC. This is
due to the large global motion on the image domain that is
induced by the change of camera movement. Hence, we
model the global motion and compensate it so that the ini-
tial position may locate inside the ROC. Since a pan-tilt
camera with a fixed axis produces rotational motion only,
the corresponding motion field on the consecutive frames
can be described using the 2-D parametric model, s

—fQy+ Bx+ %xy—%yxz, (1)
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v=fQx+ By + LS (2)
f f

where f, Qy, Qy, and B are the focal length, tilting angle
difference, panning angle difference, and zooming factor,
respectively. Since this global motion model is used for the
rough estimation of the center of the ellipse, we may sim-
plify the model to the following four parameter model by
assuming that points (x,y) locate near the image center.

u=a,+ Bx, (3)

v=a,+ 6y, (4)

where «, and «, denote horizontal and vertical translations,
respectively. To estimate the parameters in real time, we
propose a projection-based motion estimation scheme. In
this scheme, we first project the intensity values of pixels
along the vertical and horizontal directions and obtain two
sets of projection data for a frame, i.e.,

Nh

PX(m) = X Ijim,n), (5)
n=1
Nw

Pl(n)= 2 I(m,n), (6)
m=1

where I;(m,n) is the i’th frame of N,,X N, pixels. We sub-
sequently extract two segments of a fixed length from each
projection data of the previous frame, and then find their
best matches in the corresponding projection data of the
current frame. For reliable matching, two nonoverlapped
segments having the largest variances are selected in the
projection data, excluding a projected region of the target
ellipse. If X, and X, (Y, and Y,) denote the centers of two
segments in dataset Pf (Pf ), the corresponding motion vec-
tors MVx, and MVx, (MVy, and MVy,) can be searched
through 1-D matching of the segments to the projection
data PX, (P!,). Then, the motion parameters can be de-
scribed as

_ XlMV.Xz —XzMV.xl

9’ 7
a, X, - X, (7)
YIMVy2 - YzMVyl
a, = , (8)
Y=Y,
MVx,—MVx
lgle_i_#’ )
Xi-X
MVy, — MV
By= 14— =00 (10)
’ Y=Y,

Using these motion parameters, the initial position for the
mean shift can be compensated as

1= a + By, (11)
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Fig. 3 Two projection data along the horizontal direction, (a) before
and (b) after global motion compensation for two consecutive
frames of the Walking sequence. Dotted and solid lines in the
graphs denote the projection data of frames 293 and 294, respec-
tively. The values of « and B are 30.71 and 1.02, respectively.

1= a,+ B, (12)

where (z,,t,) is the center of the target estimated in the
previous frame, and its initial value is determined by a user
at the beginning of tracking. Figures 3(a) and 3(b) show the
projection data along the horizontal direction in frames 293
and 294 of the Walking sequence before and after back-
ground motion compensation, respectively. Figure 4 shows
a compensation result in a frame.

2.2 Searching Step in the Color-Based Convergence
Stage

2.2.1 Color-based mean shift

Starting from the initial position obtained earlier, the mean
shift is performed to maximize the color similarity mea-
sure. We adopt the color histogram as the color feature of
the target. Generally, chrominance components have been
used for the color histogram because they are less sensitive
to light changes. However, it is known that the luminance
component also has much information regarding an object.
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Fig. 4 Initial position for mean shift that is adjusted by the back-
ground motion compensation in frame 294 of the Walking sequence.
Black and white ellipses represent the initial position obtained be-
fore and after background motion compensation, respectively. The
black ellipse resides outside the ROC, described by a dashed line.

Given this, Birchifield introduced new color coordinates,
B-G, G-R, for chrominance and R+B +G for luminance,7
and generated a color histogram by allocating 8, 8, and
4 bins to them, respectively. We adopt this color histogram,
as it has proved to provide better performance than
others."

For color-based searching, we obtain the model color
histogram in advance. We then search the parameters (po-
sition and scale) of the ellipse that maximize the similarity
between its color histogram and the model color histogram.
Mean shift is an iterative optimization method based on
nonparametric kernel density estimation.'® The objective
function in the mean-shift method has a specific form:

fh,k()’) C’”’E wk<Hy %

NhZ ) (13)

where k() denotes a convex and monotonic decreasing ker-
nel profile, ¢, , is the normalization constant that makes

]A‘h,k(y) integrate to one, & is the bandwidth of the kernel, d
is the dimension of the sample, N is the number of pixels
that reside inside the confined kernel, y is a candidate po-
sition, X; is the position of the i’th sample, and w; is the
weighting factor at x;, respectively.

To adapt the color histogram similarity measure to the
function given in Eq. (13), a color histogram is first repre-
sented as a weighted kernel profile. Namely, the probability
of the u’th bin in the weighted color histogram of y can be
given as

)é[b(xl) ul, (14)

puly) = ChE k(‘

where &(-) is the Kronecker delta function, b(x;) is the bin
index of the color at x;, and C}, is a normalization constant,
respectively. Note here that we use the Epanechnikov ker-
nel as k(-) in this work.” We then adopt the Bhattacharyya
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coefficient'® as a similarity measure between the model his-
togram § and color histogram p, i.e.,

M
plp(y).d]= > [5.(y)d.]", (15)
u=1

where ¢, represents the probability of the u’th bin in the
kernel-weighted model histogram ¢, and M is the number
of bins in the histogram. Note that since the Bhattacharyya
coefficient given in Eq. (15) has a value in the range of [0,
1], it makes the comparison easy. Substituting Eq. (14) into
Eq. (15) and applying the Taylor expansion, Eq. (15) can be
rewritten as®
]1/2
(ol

(16)

Since the first term in the right side of Eq. (16) is indepen-
dent of y, we can define the color histogram similarity
(CHS) as follows.

plp(y). 4] = -E [5u(¥0)q. 1" + —E pu(y){

CHS = Ewk<Hy Xi ) (17)
where
1/2
;= E[ } b(x;) —ul. (18)
u=1 L Pu(Yo)

Note here that the CHS given in Eq. (17) is the same as that
in Eq. (13), excluding the normalization constants. To de-
termine the maximum value of CHS, Eq. (17) is applied to
the mean-shift method. The kernel then moves recursively
from the current location y; to the next location y;, accord-
ing to the following equation.

N

S ol | )
w;X;g

i=1

Yir1= "N 5
Y, =X
2 wi8< )
i=1

where g(-)=—k'(-)."” Here, it is assumed that the derivative
of k(x) exists for all x e[0,%), except for a finite set of
points.

j=1,2’... s

2.2.2 Color histogram update using adaptively
shrunken ellipse

Since the color distribution of a human head significantly
varies according to the change of view position during
tracking, the model histogram should be updated to reflect
the temporal change. For this purpose, we may use the
color information of the target ellipse in the previous frame.
However, in conventional studies, the previous target histo-
gram is rarely used, because it may introduce error accu-
mulation due to the unwanted outlier in the previous target
ellipse. Therefore, we consider how to effectively incorpo-
rate the histogram of the previous target region into the
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mean-shift frame work. If the size of the target ellipse is
overestimated, the corresponding histogram may include
unwanted colors that do not appear in the model histogram.
Hence, to eliminate the unwanted color near the boundary,
we shrink the ellipse appropriately. If we assume that the
estimated and target ellipses are concentric, then

- (20)

where 7 and %' are the length of the minor axes of the
estimated and shrunken ellipses of the previous frame, re-
spectively, and r is a shrinking ratio.

The ratio r can be adaptively obtained by comparing the
color histogram of the estimated ellipse with the model
color histogram. Let us first assume that the bins corre-
sponding to the colors in the band between the estimated
and shrunken ellipses are zero valued in the model color
histogram. If the color histogram of the shrunken (or target)
ellipse is the same as the model histogram, the similarity
(or the Bhattacharyya coefficient) between the two histo-
grams is maximized. In this case, a portion, which belongs
to the shrunken ellipse, of the histogram of the estimated
ellipse is a scaled version of the model histogram . Hence,
the scale factor can be regarded as the sum of the probabili-
ties that belong to the histogram portion. Meanwhile, since
the histogram of the estimated ellipse is obtained after
weighting a convex kernel to the ellipse, the scale factor or
the sum of the probabilities can be also interpreted as the
integrated value of the kernel over the shrunken ellipse. If
we adopt the Epanechnikov kernel having a bandwidth of
7, namely,

i(l_g_z) §<
K= mp\ ) =7

0 otherwise

; 21

as the kernel, its integration within a shrunken ellipse of 7’
becomes

777 27 7]/ 2 7], 2
J f KE(f)d¢d§=(—) [z_<—) },2(2_,2)_
p=0 < ¢=0 n n

(22)

Then, by using Eq. (15), we can find that Bhattacharyya
coefficient B between the color histogram of the estimated
ellipse and the model color histogram has the following
condition.

M M
B= 2 VpAquu = E \’ﬁu‘}u|ﬁu:’2(2—f2)éu
u=1 u=1

M
= 2 [7'2(2 - rZ)q"uqu]lﬂ =rv2- V2P[(A1"Al] =rV2- r2- (23)
u=1

Therefore,
r=[1-41-B*". (24)
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Fig. 5 Ellipse size adjustment for proper color histogram extraction.
The white ellipse for the histogram extraction is determined by
shrinking the black ellipse of the tracking result. (a) Frame 51 of the
Walking sequence and (b) frame 14 of the Clutter sequence.

Based on Eq. (24), we may select the lower bound [1
—V1-B?]"2 as the value of r for conservative estimation.
Figure 5 shows an example of the shrunken ellipse obtained
by using this value.

If we regard the color histogram obtained from the
shrunken ellipse as the previous histogram, by using the
previous and model histograms, the color histogram simi-
larity defined in Eqgs. (17) and (18) can be rewritten as

N <
CHS = W(”% ) (25)
i=1
where
M ~ 172 A 172
w§=2 {a{ - y :| +(1- a)|: - O ] }5[17(?‘1')—”]
u=1 pu(yO) Pu(YO)
(26)

Here, 0, denotes the probability in the u’th bin of the pre-
vious histogram and « denotes a weighting factor, respec-
tively. Based on the CHS given in Egs. (25) and (26), the
mean-shift method moves the kernel recursively from the
current location y; to the next location y;,; according to the
equation

N
{
E wX;
i=1
Yir1= "N

2 o
i=1

Jj=0,1,2,.... (27)

2.3 Refinement Stage

In the previous color-based convergence stage, we roughly
estimate the position of the current target ellipse. Now, in
the refinement stage, we attempt to determine its accurate
position and scale. To enhance the accuracy in the refine-
ment, we introduce a reliable similarity measure by prop-
erly combining similarities of multimodal information such
as color, spatial domain, and shape.

2.3.1 Spatial color histogram similarity

While the color histogram represents the global distribution
of colors, it does not contain the information of the local
distribution in the target. Thus, even though the color dis-
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Fig. 6 Partitioning a candidate ellipse into two regions to obtain
spatial color histograms.

tribution is clearly distinguishable between the target and
the background in the spatial domain, the ellipse parameter
values estimated on the basis of the color histogram may
have errors if the background includes some colors similar
to those in the model color histogram. To alleviate this
problem, we introduce a simple but very effective spatial
color histogram instead of the global color histogram by
using the spatial dimension as well as the color dimension.
The spatial color histogram was originally proposed with
the goal of achieving more robust image retrieval.'® In that
work, the spatial color histogram was represented as the
color distribution density along the annular or angular sec-
tors (or bins). However, increasing the number of bins to
obtain better spatial information may reduce the reliability
of the similarity measurement, because this significantly
decreases the number of samples in each bin, and the mea-
surement becomes sensitive to even a small temporal
change of the target appearance. Hence, to obtain a reliable
spatial color histogram in our tracking problem, we divide
the candidate ellipse into only two sectors, the hair and skin
regions, by assuming that the head can be represented with
the two dominant colors of the hair and skin. For simple
and fast implementation, we may approximate the bound-
ary between the two regions as a straight line, namely,

1x,) = (Vm + Nn)[(x = x1)x + (v2 = y1)y] = (Vmys + \ny,)
X (y2 = y1) + (Nmxy + \nx) (r, = x,) =0, (28)

where (x;,y;) and (x,,y,) are the gravity centers of pixels
located in the hair and skin regions, respectively. m and n
denote the number of pixels corresponding to the hair color
and skin color, respectively. Note that in Fig. 6, the parti-

tioning line is perpendicular to the line (x;,y;)(x,,y,), and

the intersecting point of the two lines divides the line

(xy,¥1)(x2,y,) with a ratio of Vm/n.

The spatial color histogram can be represented in a form
similar to the color histogram defined in Eq. (14). Namely,
the probability in the «’th bin of the spatial color histogram
is represented as

M +b(x;) (xy_x,yy—x) =0
byly - x)) = ) Boxpdyx) 20 (30)
b(x;) otherwise

and Xy-x, and Vy-x, denote the x and y components of y
—x;, respectively. Note in Eq. (30) that the spatial color
histogram is the concatenation of two color histograms ex-
tracted from different regions. Hence, the number of bins is

twice that of the ordinary color histogram, or 2M. We can

now define the spatial-color-histogram similarity,
SCHS(y, 7), as a Bhattacharyya coefficient, i.e.,
oM
p[p(y). 1= 2 [pi(y)v)]" (31)
u=1

where j;(y) and v} denote the probability of the «’th bin in
the spatial color histogram (p*) of the candidate ellipse at
position y, and the probability of the #’th bin in the spatial
color histogram (V*) of the previous ellipse, respectively.
Figure 7 demonstrates that the use of the spatial color
histogram can improve the tracking performance. In the
figure, we compare the two best matching ellipses obtained
by using the color histogram and the spatial color histo-
gram, respectively. For fair comparison, we manually ex-
tract the accurate ellipse from the previous frame, and use it
for both cases. A full search is commonly performed for the
same white square range, as depicted in Figs. 7(a) and 7(b),
o as to obtain the best matching position where the Bhat-
tacharyya coefficient between the candidate histogram and
the previous histogram is maximized. Contrary to the result
in Fig. 7(b), Fig. 7(a) demonstrates that the ellipse can be
distracted to the background region whose colors occupy a
considerable portion of the model color histogram. Figures
7(c) and 7(d) depict the distribution of Bhattacharyya coef-
ficients for both cases. When the spatial color histogram is
used, the distribution curve in Fig. 7(d) becomes sharper
near the optimal point; the target region is thereby fairly
separated from the background, even though a significant
portion of color components is common in both regions.

2.3.2 Color histogram dissimilarity outside
ellipse

If both the histogram of the outerellipse region and the
model histogram are similar, the current scale may not be
optimal, and it should be enlarged to avoid underestimating
the ellipse size. Therefore, the dissimilarity outside the can-
didate ellipse is an important measure to find a more reli-
able scale. We define this measure, which is called color
histogram dissimilarity outside of the ellipse (CHDO), such
that it may provide a negative value of the color similarity
between the model histogram and the histogram of the out-

N 2
aSOoN y—-xi ) erellipse region. Here, the outerellipse region represents a
puy)= Chgl‘ k(H h )é[bS(y xi) - ul, (29) band between the candidate ellipse and its concentric el-
lipse having 1.4 times larger size. CHDO(y, ) can be ex-
where pressed as
Optical Engineering 097005-6 September 2006/Vol. 45(9)
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Fig. 7 (a) Tracking result by comparing color histograms of a candidate in the current frame and a
user-selected tracking blob in the previous frame. (b) Tracking result by comparing spatial color his-
tograms. (c) and (d) Bhattacharyya coefficient values on the search rage in the cases of (a) and (b),
respectively. Frame 38 of the Clutter sequence is used to obtain the data.

M
CHDO(y, 7) = 1 - p[p°(y, 7,41 =1 - > [Py, md.]",

u=1

(32)

where p?(y, 77) denotes the probability of the ’th bin in the
outerellipse color histogram corresponding to a candidate
p°(y,7), and is defined as

n<ly-xi{=<14y
0 otherwise

(34)

N, denotes the number of pixels in the range satisfying

o

2.3.3 Shape similarity

In addition to the spatial and color information, we use a
shape feature in defining the similarity measure. A gradient
is adopted to quantify the shape similarity between the can-

No didate ellipse and the actual head boundary in the current

Piy.m) =Co2 db(x) (33) frame. Birchfield quantified the shape similarity by sum-
i=1 ming gradient values on the ellipse boundary. However, this

may not be desirable because the true boundary of a target

where does not have a precisely elliptical shape. In this work, we
Optical Engineering 097005-7 September 2006/Vol. 45(9)
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select a pixel that is close to the boundary and has a sig-
nificantly large gradient value among those on the line seg-
ment perpendicular to the ellipse boundary. We then con-
sider this pixel as an edge point, even though it does not
locate exactly on the boundary. In this process, to avoid
selecting a pixel having a strong gradient in the background
as an edge point and to select a pixel even with a weak
gradient on the target boundary, we attempt to minimize the
effect of gradient magnitudes by binarizing them, and
mainly consider the gradient orientation. Based on this con-
sideration, the shape similarity (SS) measure of the candi-
date ellipse is defined at position y and scale # as

2
ss(rn - [ W02 L
N, .
x 2 {lelpi(y. )] nley, 77)]|}[1 _ d(ﬂ} '
! range 1
(35)

Here, N,, is the number of samples on the ellipse boundary
and e; denotes the i’th sample. p; is the pixel closest to e;
among those located on the line perpendicular to the
boundary at e; and whose gradient value is larger than the
predefined threshold TH,,. d; is the Euclidean distance be-
tween p; and e;, n[e;(y, )] is the unit normal vector at e;,
and g[p,(y,n)] is the unit gradient vector at p,. Note here
that g[p,(y, )] is set to zero if p; is not located within the
range of dyypee. Finally, N,(y, 7) is the number of samples,
where the value of |g[p,(y,7)]-n[ey, )] is larger than
TH

o

2.3.4 Parameter optimization

By combining the three measures described before, namely,
the spatial color histogram similarity, color histogram dis-
similarity in outside of the ellipse, and shape similarity, we
introduce a reliable similarity measure RSM(y, z) as fol-
lows.

RSM(y, ) =w, - SCHS(y, ) + w, - CHDO(y, 7)
+W3 : Ss(y, 7])’ (36)

where w;, w,, and w; denote the fixed weights and w,
+wy+ws=1. In this work, w,, w,, and w; are empirically
determined as 0.375, 0.25, and 0.375 (or the ratio of
1.5:1.0:1.5), respectively, and are applied to all the experi-
ments. Then, the parameters for the best matching ellipse
(y,»m,) can be determined as

(yl’ 7’[) = arg maX{RSM(Y9 7])}, (37)
(yv”)ERS

where R, denotes the search range. Since the combined
similarity measure usually produces a number of local
maxima due to its complexity, the exhaustive search is
needed for determining the optimal parameters.

3 Experimental Results and Discussions

To examine the performance of the proposed algorithm, we
built an active camera system consisting of a pan-tilt unit
(SDP-1600, Samsung) and a speed dome camera. The cam-
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era has an autofocusing function and provides an analog
signal output of National Television System Committee
(NTSC) format. The analog video output is converted to a
digital signal by a frame grabber (DT3132, Data Transla-
tion) with a speed of 30 fps. We prepared three video se-
quences, Jumping, Walking, and Clutter sequences, having
a frame resolution of 320X 240 pixels. We use these se-
quences to verify the accuracy and robustness of the pro-
posed algorithm relative to the conventional mean-shift-
based algorithm, which is a simple hybrid form of
Comaniciu’s and Birchfield’s methods. For all test se-
quences, we use the same parameter values. In the pro-
posed algorithm, the parameter « in Eq. (26) is set to 0.2.
And we use the same search ranges of 7 X7 for position
and 5 for scale in the refinement stages of both the conven-
tional and proposed algorithms. Specifying a target ellipse
at the beginning of tracking, we use the color histogram of
that ellipse as a model histogram. Note here that the same
ellipse is used at the beginning for the conventional and
proposed algorithms.

Figure 8 shows the tracking result for the Jumping se-
quence, in which the target moves quickly along the verti-
cal direction and also turns around. Since its target color
histogram changes considerably, the model histogram ob-
tained at the beginning may not be sufficient to provide
accurate tracking. In this sense, the figure demonstrates that
the proposed algorithm outperforms the conventional algo-
rithm by additionally using the previous color histogram in
the mean-shift procedure. We also notice that the conven-
tional algorithm cannot follow the change of the head color
histogram when the head rotates, while the proposed one
follows the change faithfully, as clearly shown in the fourth
row of Fig. 8(b). Figure 9 shows the tracking results for the
Walking sequence, in which the head scale changes drasti-
cally. In this case, exact scale estimation is required during
tracking for the zoom control of an active camera. Due to
the advantage of fine scale refinement, the proposed algo-
rithm provides a better scale estimation than the conven-
tional one. In particular, unlike in the conventional algo-
rithm, the proposed one covers the whole region of a head
even in the frames with noticeable variations of head size.
This is mainly because the ellipse searched in the color-
based convergence stage is adjusted so as to increase the
CHDO used in the refinement stage. In Fig. 10, we test the
Clutter sequence, whose background has several colors
similar to those in the model color histogram and includes
many strong edges. Since the proposed algorithm effec-
tively utilizes the quasi-spatial information and adopts the
shape-and-color-based refinement step, it provides better
performance for this sequence.

Figure 11 compares the tracking errors of the conven-
tional method with those of the proposed method through-
out each sequence. The graphs given in Figs. 11(a)-11(c)
are obtained from the three sequences, Jumping, Walking,
and Clutter, respectively. Here, scale and position errors
constitute the differences between the tracking results and
the manually defined results. And they are normalized by a
ratio of the true scale to the reference scale to allow more
error tolerance for a larger scale of the head. To obtain the
data in the graphs, we heuristically set the reference scale
to 10 pixels. Note that Figs. 11(a)-11(c) correspond to the
results shown in Figs. 8—10, respectively. In the graphs of
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Fig. 8 Tracking results of the Jumping sequence obtained by using (a) a conventional method and (b)

the proposed method.

the Jumping sequence in Fig. 11(a), we notice that the pro-
posed method can consistently track the target even with
fast motion of the head, but the conventional method pro-
duces large errors in position and scale, because the method
is not sufficient to perceive the color histogram change of
the target. Figure 11(b) shows that in the Walking sequence,
the conventional method is unable to recover the face re-
gion outside the ellipse, and thereby produces noticeable
errors around the 80th frame. Also, the errors of the con-
ventional method become much larger than those of the
proposed method after approximately the 100th frame. This
is because the head becomes smaller starting from that
frame, but the conventional method fails to adapt to the
change of head scale. Figure 11(c) shows the tracking er-
rors for the Clutter sequence. We note in the graphs that the
proposed method can discriminate the target from the clut-
tered background more precisely than the conventional
method. In summary, the graphs in Fig. 11 demonstrate that

the proposed algorithm can provide a more accurate and
stable tracking performance by reducing tracking errors and
their variances.

All experiments are conducted on a PC with a Pentium 4
CPU of 2.8 GHz, and it is verified that the proposed algo-
rithm performs real-time tracking with a processing speed
of 10 fps.

The proposed algorithm can be used in a semiautomatic
target tracking system. Let us consider the case where an
operator monitors multiple screens of different active cam-
eras. If the operator finds a suspicious person in a screen,
the operator may specify a target ellipse by pausing on the
screen. Then, the ellipse will be automatically tracked by a
camera in the following frames and the corresponding
video can be recorded. In this way, a single operator can
handle several screens simultaneously.

In the case that multiple human heads coexist in the
same image, the algorithm consistently tracks the initially

Fig. 9 Tracking results of the Walking sequence obtained by using (a) a conventional method and (b)
the proposed method.
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Fig. 10 Tracking results of the Clutter sequence obtained by using (a) a conventional method and (b)
the proposed method.

specified ellipse unless the ellipse overlaps with the other
head(s), because the mean-shift-based algorithm makes the
ellipse converge to the nearest local maximum in the simi-
larity curve. Meanwhile, in the case of partial occlusion of
a target by a background object, the proposed algorithm
may also consistently track the target due to the following
reason. In the color convergence stage of the proposed al-
gorithm, the ellipse converges to the center of the nonoc-
cluded region of the target if the target color can be dis-
criminated from the color of the occluding background
object. Then, in the refinement stage, the converged ellipse
is refined to fit to the target boundary. Note here that since
the algorithm tries to match the boundary of the fitted el-
lipse to the original target boundary of elliptical shape
without considering the occluded boundary of the nonellip-
tical shape (see Sec. 2.3.3 for details.), the refined ellipse
tends to represent the real target shape with no occlusion.

4 Conclusions

For reliable camera control in an active camera system,
accurate position and scale estimation of a target are nec-
essary. In this work, we propose a robust and accurate head
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tracking algorithm suitable for a real-time active camera
system having pan, tilt, and zoom functions. To increase the
likelihood of converging to the true target position, the al-
gorithm compensates the global motion and reflects the
temporal change of the target color histogram. In addition,
the proposed algorithm utilizes various information such as
color, shape, and quasi-spatial information so that it may
successfully distinguish the target from the background.
The proposed algorithm also focuses on real-time tracking.
It first rapidly estimates the initial target position by using a
color-based mean shift, and subsequently refines the posi-
tion and scale. To reduce the processing time further, it uses
1-D projection datasets in background motion estimation,
which is verified to be appropriate for a pan-tilt-zoom cam-
era system. Experimental results show that the proposed
algorithm outperforms existing head tracking algorithms
for various sequences and provides real-time tracking in a
PC platform.
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