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Abstract

We present a tunable representation for tracking that si-
multaneously encodes appearance and geometry in a man-
ner that enables the use of mean-shift iterations for track-
ing. The classic formulation of the tracking problem us-
ing mean-shift iterations encodes spatial information very
loosely (i.e. using radially symmetric kernels). A prob-
lem with such a formulation is that it becomes easy for the
tracker to get confused with other objects having the same
feature distribution but different spatial configurations of
features. Subsequent approaches have addressed this issue
but not to the degree of generality required for tracking spe-
cific classes of objects and motions (e.g. humans walking).
In this paper, we formulate the tracking problem in a man-
ner that encodes the spatial configuration of features along
with their density and yet retains robustness to spatial de-
formations and feature density variations. The encoding of
spatial configuration is done using a set of kernels whose
parameters can be optimized for a given class of objects and
motions, off-line. The formulation enables the use of mean-
shift iterations and runs in real-time. We demonstrate better
tracking results on synthetic and real image sequences as
compared to the original mean-shift tracker.

1. Introduction

We are interested in real-time object tracking, which re-
mains a challenging problem and is of particular relevance
in today’s emerging application domains such as visual sur-
veillance, driver assistance etc. A crucial component in a
solution to tracking is object representation, where a key
challenge is to capture the ‘right’ amount of variability of
the object. Too much rigidity (e.g. template based ap-
proaches) or too much flexibility (e.g. feature-histogram
based approaches) will restrict the environments where a
tracker can work reliably. The ‘right’ amount of variability
naturally depends on the specific types of motion and the
class of object being tracked. In this work, we are inter-
ested in the best way to use this type of apriori knowledge

for target representation: specifically, how to one encode
variability, and how to learn this variability automatically.

We focus on the mean-shift tracker, originally proposed
in [5]. Key advantages of the tracker include fast operation,
robustness and invariance to a large class of object deforma-
tions. A large body of work followed [5] exploring various
related aspects such as feature spaces (e.g. [2], [11]), en-
coding of spatial information (e.g. recently [14], [1]), shape
adaptation (e.g. [13], [15]) etc. The representation chosen
in the original formulation is a weighted feature histogram,
where each pixel is weighted by a radially symmetric ker-
nel that depends upon its normalized spatial distance from
the object center (i.e. a kernel modulated histogram). Use
of a radially symmetric kernel renders the representation in-
variant to a large set of transformations (any transformation
that preserves the distance of a pixel from the center - e.g.
rotations). While the weighting scheme may be appropriate
if nothing apriori were known about the object or types of
motion that it can undergo, this large amount of invariance
poses problems when the object moves close to a region
having a similar feature histogram but very different spa-
tial configuration of features, resulting in multiple peaks for
the cost function being maximized, and confusion for the
tracker. A second issue is that of bandwidth selection for the
spatial modulation. Though a significant amount of work
has addressed the issue of bandwidth selection for segmen-
tation problems (e.g. [3], [12]) it is not clear how it could
be adapted to encode acceptable deformations of a target.

A number of papers have addressed the issue of encod-
ing spatial information into the representation. In the area of
image retrieval, the multiresolution histogram [7] offers im-
plicit encoding of spatial information. In the area of track-
ing, the following papers describe approaches for incorpo-
rating spatial information: Hager et. al. [8] analyze the
types of motion that the kernel-modulated histogram is in-
variant to, and propose distributing kernels spatially to cap-
ture enough information to recover specific kinds of object
motion (e.g. rotation). ‘Color correlograms’ are used in
[14] to capture the cooccurrences of pairs of colors sepa-
rated by specific distances along orthogonal directions. The



primary focus there is to determine the orientation of a
tracked object and no clear methodology is given for dis-
tance selection. ‘Spatiograms’ are defined in [1] as an ex-
tension to the feature histogram to include higher order sta-
tistics of the spatial distributions (the feature histogram it-
self being a ‘zeroth’ order statistic). It is demonstrated that
such a representation allows the mean-shift based tracker
to lock on to the target more accurately but does not nec-
essarily succeed where the original tracker fails. Elgam-
mal et. al. [6] represent an object in a joint feature-spatial
space and show that histogram based trackers and template
based trackers are special cases of their general representa-
tion. For kernel modulation, all these tracking papers use a
radially symmetric kernel with a globally fixed bandwidth,
and do not describe how one should choose its value. More
importantly, in these and the multiresolution histogram ap-
proach, the key representation need of being able to for-
mulate acceptable deformations of the target and use it to
improve tracking is not addressed.

We make two key contributions towards addressing the
issue of object representation for articulated object track-
ing that allow us to learn and specify object appearance
changes. First, we propose a kernel modulation that de-
pends upon a set of spatially distributed kernels across the
target with variable bandwidths and derive a mean-shift
based tracking algorithm, which runs in real-time. Sec-
ond, we demonstrate how the bandwidth parameters can
be estimated for the case of pedestrian tracking by set-
ting up a data-driven optimization problem, where the data
come from human motion capture. We demonstrate statisti-
cally superior performance of the proposed tracker as com-
pared to the original tracker on real and synthetic image se-
quences. The rest of the paper is organized as follows: In
section 2, we formulate the object representation and derive
the tracking algorithm. In section 3 we describe a method
for learning the parameters of the representation from hu-
man motion capture data. Section 4 presents our evaluation
protocol and describes results on synthetic and real image
sequences. Finally, in section 5, we summarize our findings
and discuss possible improvements and open issues that re-
quire further study.

2. Formulation

Let ‘target’ denote the object being tracked and let ‘can-
didate’ represent an image patch under consideration. Fol-
lowing standard notation, let the target be represented by its
feature histogram: q̂ = {q̂u}u=1..m where

∑m
u=1 q̂u = 1.

Let the target candidate centered at y be represented by its
histogram: p̂(y) = {p̂u(y)}u=1..m where

∑m
u=1 p̂u(y) =

1. Let xi denote the coordinates of the ith pixel in the can-
didate and let x̄i denote the coordinates of the ith pixel in
the target (with center at the origin). The goal is to move
to a new position y given a starting position y0. The un-

weighted (‘raw’) histogram can be computed as follows:

q̂u =
1
N

N∑
i=1

δ [b (x̄i) − u] (1)

where the function b(.) maps a pixel x̄i to its feature value.
If we were to weight a pixel spatially, a weighting function
ψ(.) can be used:

q̂u = Cq

N∑
i=1

δ [b (x̄i) − u]ψ(x̄i) (2)

where Cq is a normalization constant. Similarly, the density
at candidate center y is given by:

p̂u(y) = Cp

N∑
i=1

δ [b (xi) − u]ψ (xi − y) (3)

The original mean-shift based tracker [5] chooses a weight-
ing function that is a radially symmetric kernel function

with a given bandwidth h: ψ(x̄i) ≡ k
(∥∥ x̄i

h

∥∥2
)

. The in-

tuition there is encode a heuristic that pixels near the cen-
ter are more likely to come from the target. If nothing is
known about the object a priori, this appears to be a reason-
able choice for ψ(.). Note that all transformations that pre-
serve distance of each pixel from the center result in identi-
cal histograms for the above choice for ψ(.). This may be
an overly permissive invariance than is required for tracking
certain classes of object. For example, if the problem con-
text involves human beings walking upright in the scene,
we would like ψ(.) to encode the constraint that humans do
not suddenly invert their appearance while walking. On the
other hand, we would also like to choose ψ(.) so that ro-
bustness to acceptable spatial deformations of the object is
retained. Our main focus for this paper is to determine and
use the best ψ(.), given the apriori knowledge that the target
belongs to a certain class - e.g. humans walking upright. We
consider a parametric family of functions distinguished by
a parameter vector Θ. Hence, ψ(.) ≡ ψ(xi,Θ). We choose
ψ(.) as follows (we will explain the motivation shortly):

ψ(x) =
N∑

j=1

δ [b (x) − b (x̄j)] k

(∥∥∥∥x − x̄j

hj

∥∥∥∥
2
)

(4)

Here k(x) is any convex, monotonically decreasing kernel
profile as in the original formulation. Θ = {hj} denotes
the set of bandwidths associated with each spatial position
j in the target and specifies the allowed motion of the pixel.
For positions that are expected to move very little, their hj

should be small, penalizing pixels of the same feature that
are observed far away from where they originally appeared
in the target. In practice, rather than choosing a bandwidth



for each pixel in the target, it is more efficient to divide the
target into M blocks (Bj , j = 1..M ) and specify a band-
width for each block. We do this as follows: During ini-
tialization, the spatial distribution S(u)

j of feature u is cal-
culated as follows:

S
(u)
j = C(u)

s

∑
x̄∈Bj

δ [b (x̄) − u] (5)

S
(u)
j denotes the fraction of pixels of feature u that occur in

block j of the target and C(u)
s is a normalization constant

(this bears resemblance to the ‘annular histogram’ used in
[10]). The candidate density now becomes:

p̂u(y)=Cp

N∑
i=1

δ [b (xi)−u]
M∑

j=1

S
(u)
j k

(∥∥∥∥xi−y−z̄j

hj

∥∥∥∥
2
)

(6)
Here z̄j denotes the center of block j. The motivation

behind our choice for ψ(.) is two fold. Firstly, the band-
width parameter hj , allows penalizing the appearance of
pixels at large distances from blocks where the same fea-
ture was observed. The bandwidths can be tuned for specific
classes of object, and they specify acceptable deformations
for that class (we show how to estimate this in section 3).
As an example, for humans walking upright in a scene, the
torso appearance is expected to be fairly constant, and so
the bandwidths corresponding to torso blocks will be small.
On the other hand, blocks near the feet would have a larger
bandwidth to account for larger motion. Secondly, as the
formulation still uses radially symmetric kernels it remains
amenable to mean-shift iterations.

We now derive the tracking equation. Given an initial
target position y0, the goal is to move to a new position
which maximizes the Bhattacharya coefficient ρ between
the candidate region and the target region. It can be shown
[5] that for a small motion ∆y around y0, the Bhattacharya
coefficient can be approximated as

ρ(p̂(y), q̂) ≈ 1
2
ρ(p̂(y0), q̂) +

1
2

m∑
u=1

√
q̂u

p̂u(y0)
p̂u(y) (7)

where y = y0 + ∆y. The first term being a constant, ∆y
is chosen such that the following is maximized:

N∑
i=1

√
q̂ui

p̂ui
(y0)

M∑
j=1

S
(ui)
j k

(∥∥∥∥xi − y − z̄j

hj

∥∥∥∥
2
)

(8)

Here ui is the feature at pixel i. Let wi =
√

q̂ui

p̂ui
(y0)

. Af-

ter taking the gradient and some algebra (similar to [4]), we
find that the mean-shift vector (i.e the position that maxi-
mizes the Bhattacharya coefficient and hence, one that best

matches the candidate with the target) is the following:

y(t+1) =

∑N
i=1wi

∑M
j=1S

(ui)
j g

(∥∥∥xi−y(t)−z̄j

hj

∥∥∥2
)(

xi−z̄j

h2
j

)
∑N

i=1wi

∑M
j=1S

(ui)
j g

(∥∥∥xi−y(t)−z̄j

hj

∥∥∥2
)(

1
h2

j

)
(9)

where g(.) = −k′(.). For k, we use the 2D Epanechnikov
kernel:

k(x) =
{

2
π (1 − x) if x ≤ 1
0 otherwise

}
(10)

In this case, the derivative is constant or zero and we define:

D
(t)
ij =

{
1 if

∥∥∥xi−y(t)−z̄j

hj

∥∥∥2

≤ 1
0 otherwise

}
(11)

The mean-shift vector now takes on a simpler form:

y(t+1) =

∑N
i=1 wi

∑M
j=1 S

(ui)
j D

(t)
ij

(
xi−z̄j

h2
j

)
∑N

i=1 wi

∑M
j=1 S

(ui)
j D

(t)
ij

(
1
h2

j

) (12)

Define the following two quantities:

α
(u,t)
i =

M∑
j=1

1
h2

j

S
(u)
j D

(t)
ij

v(u,t)
i =

M∑
j=1

1
h2

j

S
(u)
j D

(t)
ij z̄j (13)

The mean-shift vector becomes

y(t+1) =

∑N
i=1 wi

(
α

(ui,t)
i xi − v(ui,t)

i

)
∑N

i=1 wiα
(ui,t)
i

(14)

Note that if we simply used one block centered in the mid-
dle, the mean-shift vector reduces to the original version
derived in [5] (because z̄ = 0 and α(u,t)

i = 1/h2).

3. Tuning the Bandwidths

We are primarily interested in tracking pedestrians in a
scene although the method we describe here can be adapted
to many other classes of objects and motions. The band-
widths depend upon the extent of deformation the target
undergoes, and in our case, we propose to use motion cap-
ture data to estimate the deformations. Motion capture al-
lows a lot of flexibility: we can calculate a dense defor-
mation map of each patch on the body by texture-mapping
it with a unique color and rendering the motion in a con-
trolled graphical environment. Since a patch is uniquely
colored we can easily locate it in all rendered images and



determine its set of movements We used publicly available
motion capture data and rendered several humans walking
in place, while at the same time, positioning a virtual cam-
era at various positions on the frontal hemisphere of the per-
son (see figure 1 for two example images). We collected
about 900 such images (note that each image represents one
pose). Given a choice of bandwidths Θ, we calculate the
set of histograms H+(Θ). We wish to choose Θ that max-
imizes the similarity between elements in H+(Θ). How-
ever, such a ‘one-class optimization’ may overly increase
the bandwidths, attempting to accomodate all the poses and
thereby reducing the discriminating power of the represen-
tation. In principle, we would like to simultaneously mini-
mize the similarity between the elements in the set H+(Θ)
and those in a negative set H−(Θ). The construction of
H−(Θ) depends upon the end application and denotes the
set of object appearance changes that are unacceptable. One
way to construct H−(Θ) is to swap the colors about a hor-
izontal axis (implicitly encoding the fact that the head re-
gion cannot move to the feet region and vice versa, for ex-
ample). Another choice is to render each pose after ran-
domly redistributing the colors. Yet another choice is the
set of all possible histograms in the color space (thereby
giving rise to a uniformly distributed Bhattacharyya dis-
tance with respect to elements in H+(Θ)). In our case, we
used random redistribution of the colors. Let the probabil-
ity distribution of pairwise Bhattacharyya coefficients in the
set H+(Θ) be p+(ρ|Θ) and let the probability distribution
of Bhattacharyya coefficients between elements in H+(Θ)
and those in H−(Θ) be p−(ρ|Θ). The bandwidths can now
be calculated as the solution to the following optimization
problem:

Θ∗ = argmax
(
f
(
p+ (ρ|Θ) , p− (ρ|Θ)

))
(15)

where f(.) is a functional capturing a metric we wish to
maximize. We experimented with two different functionals
for choosing the best set of bandwidths Θ. Both approaches
yielded comparable performances. The first approach used
the functional 2min(ρ+|Θ)−max(ρ−|Θ). The intuition here
is to make the classes as widely separated as possible (i.e.
maximize min(ρ+|Θ)−max(ρ−|Θ)) while at the same time
ensuring that p+(ρ|Θ) is as close to 1 as possible (i.e. max-
imize min(ρ+|Θ)). We refer to this metric as the ‘class-
separation’ metric. The second approach was based on a
discriminability metric. Consider a given choice of band-
widths Θ. For a given cut-off threshold ρt, the two types of
errors, i.e. the miss-detection and false-alarm rates can be
written down as follows:

m (Θ, ρt) =
∫ ρt

0

p+ (ρ|Θ) dρ

f (Θ, ρt) =
∫ 1

ρt

p− (ρ|Θ) dρ (16)

Figure 1. Sample images from motion capture

For various choices of ρt, the errorsm (Θ, ρt) and f (Θ, ρt)
when plotted against each other, trace an ROC (Receiver
Operating Characteristics) curve. The area under the ROC
curve (AUC) integrates out various choices for ρt and is a
measure of how well the set of bandwidths Θ discriminates
between the two classes. Smaller AUC implies better dis-
crimination (the best discriminator will have AUC=0 while
a random discriminator will have AUC=1/2). The best Θ to
use can be found as the solution to the following optimiza-
tion problem:

Θ∗ = argmin

(∫ 1

0

m (Θ, ρt)
[
∂f (Θ, ρt)

∂ρt

]
dρt

)
(17)

We refer to this metric as the ‘class-discrimination’ metric.
We first normalize the body into a square and use 4 equally
sized vertical blocks which makes Θ = (h1, h2, h3, h4) and
0 ≤ hj ≤ 1 (here h1 corresponds to the head area and
h4 to the feet area). Disappointingly, it is not possible to
solve for the best hj analytically due to the square-roots in
the Bhattacharyya distance and due to the implicit depen-
dence of D(t)

ij on hj . Since the domain is small enough and
the optimization is done only once and offline, we chose
to explore the space by brute-force, using ∆hj = 0.05.
The class-separation metric found the optimal bandwidths
to be (h1 = 0.4, h2 = 0.5, h3 = 0.35, h4 = 0.5). Fig-
ure 2 shows two 3D projections of the 5D space at the op-
timal values using the class-separation metric. The class-
discrimination metric found the optimal bandwidths to be
(h1 = 0.35, h2 = 0.30, h3 = 0.25, h4 = 1.00). Figure
3 shows two 3D projections of the 5D space at the optimal
values using the class-discrimination metric. In this case, a
range of values for Θ was found to be able to produce good
results (as can be seen from the figure). The bandwidth set
(0.25, 0.25, 0.25, 0.75) was found to work best for all the
sequences we considered.

4. Results

We compare the behaviors of the original mean-shift tracker
and the tracker proposed in this work on one synthetic and
four real image sequences. Both trackers used RBG color as
the feature space with 4 bits per channel. For both trackers,
scale adaptation was done by searching for a small range
of scales at each frame and choosing the best one. Also,
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Figure 2. Class-separation metric: cost surface for Θ = (0.4, 0.5, h3, h4) and Θ = (h1, h2, 0.35, 0.5) (maximization)
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identical starting positions were used for both. We observe
that in the presence of objects of similar feature distribution
but quite different spatial configuration of features, there
will be competing peaks in the cost function surface being
optimized by the original tracker. However, the proposed
tracker should suppress competing peaks. Hence, on av-
erage, we would expect the proposed tracker to follow the
correct target more often. To demonstrate this, we analyzed
the statistical behavior of the trackers as follows: For the set
of image sequences, we first generated ground truth semi-
automatically, i.e. for each image sequence, for a successful
run of the tracker (verified visually), the tracker trajectory
was stored as ground truth. Following this, repeated trials
were carried out where, at each frame, the coordinates re-
turned by the tracker were perturbed before they were fed
back to the tracker. We consider the average error per noise
level as a measure of how well each tracker performed. Fig-
ure 4 shows the measure for the synthetic and real image
sequence case (averaged over all four). The source of the
perturbation was Gaussian noise of zero mean and unit stan-
dard deviation. The x (resp. y) perturbation at each frame
was arrived at by multiplying the noise with the object width
(resp. height) and scaling it by a ‘noise level’ factor. The
error shown is a multiple of the object dimension. Note
that only the error trend is of relevance, not the actual mag-
nitudes which will depend upon the distance between the
target and the confusion peaks in that specific scenario (i.e.

which competing object the tracker was lost to). It can be
seen that the error is lower for the proposed tracker as we
expect. The error for the original tracker was high even
with no perturbation of the trajectory because of competing
objects in the vicinity and the perturbation sometimes im-
proved its performance because it pushed the tracker more
towards the correct target occasionally. We now show some
specific examples from the image sequences. In all the fig-
ures, the first row shows the original tracker behavior and
the second row shows the tracker proposed in this paper.
Figure 5 shows a rectangular block being tracked and over-
lapping another ‘decoy’ block with the same color distrib-
ution but inverted spatial configuration of colors. The pro-
posed tracker used two vertically stacked zones with iden-
tical bandwidths of 0.3. During repeated trials as described
above, the original tracker got attracted to the second block
more often than the proposed tracker, and the figure shows
one such run. The real image sequences demonstrate po-
tential confusion for the tracker due to the presence of ob-
jects with similar color but different spatial configurations
of the colors and temporary occlusions. Figure 6 shows a
canonical example where the target is a person with a white
shirt and black pants. The person moves the right, first oc-
cluding and then revealing another person with a black shirt
and white pants. The original mean-shift tracker gets at-
tracted to the second person while the proposed tracker fol-
lows the original person. Figure 7 shows an example where
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Figure 4. Error trend for increasing noise levels for the original and proposed trackers.

Figure 5. Synthetic image sequence. Top row: orig. tracker at frames 1, 150, 163 and 190. Bottom row: proposed tracker at same frames.

the person being tracked gets occluded partially and then
reemerges around frame 242. The proposed tracker follows
the person quite well whereas the original tracker loses the
person to the background. Figure 8 shows a similar exam-
ple. Figure 9 shows an example where the tracked person
shrinks in size fast, bends and gets occluded frequently. The
proposed tracker is able to withstand these effects for an ex-
tended period of time until it finally gets overwhelmed by
severe occlusion. In this example, the original tracker loses
the person by frame 132 while the proposed tracker tracks
for about 2800 frames. Although not specifically designed
to withstand occlusions, the ability of the tracker to discrim-
inate spatially provides for robustness to small or intermit-
tent occlusions : when the target gets occluded, the tracker
does not latch on to any nearby image patch with the same
feature distribution because the patch likely will not con-
form to the expected spatial distribution of colors. Hence,
there will likely not be a strong gradient in any direction,
and the tracker will continue staying around the same po-
sition. It will recover if the target re-appears and there is
significant overlap between the re-appearing target and the
current region, resulting in a strong gradient.

5. Conclusions

We identified a key problem with previous formula-
tions of the tracking problem, namely, that incorporation
of knowledge of the object type and motion has not been
addressed. We presented a way to modulate the feature his-
togram of the target in a manner that encodes spatial in-
formation using a set of spatial kernels with variable band-
widths. We showed how one could learn the optimal set of
bandwidths for the case of pedestrians walking upright us-
ing motion capture data, and we demonstrated that the pro-
posed tracker tracked targets better in the presence of mul-
tiple distracting objects with similar feature distributions.
There are several areas for improvement. First, we have
not addressed the issue of model-update: under what con-
ditions should the target histogram be updated? This is a
difficult problem, because it requires one to detect whether
an observed appearance change is due to the target changing
appearance or a temporary occlusion. It may be worthwhile
exploring how our approach can be combined with work in
[9] or [15]. Second, a closely related issue is that of de-
pendence of the optimal bandwidth parameters on the pose
of the person. Our work used a ‘global’ optimum across a
set of poses by virtually rotating the rendered human as it
walked. It may be possible to perform better tracking by



Figure 6. Real img. seq. 1: Top Row: Orig. tracker at frames 0, 71, 128, 151. Bottom row: Proposed tracker at frames 0, 71, 128, 247.

Figure 7. Real img. seq. 2: Top Row: Classic tracker for frames 0, 85, 242, 271. Bottom row: Proposed tracker at the same frames.

using a state-space based representation allowing the band-
widths to be a function of the target state. Finally, we chose
four vertically aligned spatial blocks for the representation
and a method to estimate their optimal bandwidths. This
can be improved: The key open issue is how can one decide
on the number, spatial positions and the optimal bandwidths
to use, given a model of the target and its motion. We will
be exploring each of these areas in the future.
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