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Abstract: A new mean shift tracker which tracks not only the position but also the size and orientation of an object is

presented. By using a four-dimensional kernel, the mean shift iterations are performed in a four-dimensional
search space consisting of the image coordinates, a scale and an orientation dimension. Thus, the enhanced
mean shift tracker tracks the position, size and orientation of an object simultaneously. To increase the tracking
performance by using the information about the position, size and orientation of the object in the previous
frames, a linear prediction is also integrated into the 4D kernel tracker. The tracking performance is further

improved by considering the gradient norm as an additional object feature.

1 INTRODUCTION silhouette, but that is of high computational costs. In
(Qifeng et al., 2007) adaptation of the kernel scale and
Object tracking is still an important and challenging orientation is achieved by combining the mean shift
task in computer vision. Among the many different method with adaptive filtering, which is based on the
methods developed for object tracking, the mean shift recursive least squares algorithm.
algorithm (Comaniciu and Meer, 2002) is one of the In this paper we propose a scale and orientation
most famous tracking technigques, because of its easeadaptive mean shift tracker, which doesn’t require any
of implementation, computational speed, and robust other iterative or recursive method nor destroys the
tracking performance. Besides, mean shift tracking realtime capability of the tracking process. This is
doesn’t require any training data as learning based achieved by tracking the target in a virtual 4D search
trackers like (Kalal et al., 2010). In spite of its ad- space considering the position coordinates as well as
vantages, traditional mean shift suffers from the lim- the target scale and rotation angle as additional di-
itations of the use of a kernel with a fixed band- mensions. The tracking method is further enhanced
width. Since the scale and the orientation of an object by a linear prediction of the object scene parameters
changes over time, the bandwidth and the orientation (position, scale and orientation) and by using the im-
of the kernel profile should be adapted accordingly. age gradient norm as an additional object feature.

An intuitive approach for adapting the kernel The rest of the paper is organized as follows. Sec-
scale is to run the algorithm with three different ker- tjon 2 gives an overview of standard mean shift track-
nel bandwidths, former bandwidth and former band- ing. Mean shift tracking in the 4D search space is
width +10%, and to choose the kernel bandwidth explained in Section 3. While the linear prediction is
which maximizes the appearance similarity10%  described in Section 4 and the image gradient norm
method) (Comaniciu et al., 2003). A more sophisti- s introduced in Section 5. Experimental results are
cated method using difference of Gaussian mean shiftshown in Section 6. Section 7 concludes the paper.
kernel in scale space has been proposed in (Collins,

2003). The method provides good tracking results,
but is computationally very expensive.

Mean shift based methods which are adapting the 2 MEAN SHIFT OVERVIEW
scale and the orientation of the kernel are presented
in (Bradski, 1998; Qifeng et al., 2007). In (Bradski, Mean shift tracking discriminates between a target
1998) scale and orientation of a kernel are obtained model in framen and a candidate model in frame
by estimating the second order moments of the objectn+ 1. The target model is estimated from the dis-
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crete density of the objects feature histografR) =
{Au(®) fu=1..mwith 37111 qu(R) = 1.

The probability of a certain feature belonging to
the object with the centroifl is expressed agy(X),
which is the probability of the featune= 1...m oc-
curring in the target model. The candidate model
p(Xnew)is defined analogous to the target model, for
more details see (Comaniciu and Meer, 2002; Co-
maniciu et al., 2003). The mean shift algorithm com-
putes the offset from an old object positibto a new
positionXpew = X + AX by estimating the mean shift

vector K — W00 )
DY w(Xj)(Xj — X
= S Ko — wix) W

with kernelK(-) and weighting functionv(x;) which
denotes the weight of as
m A
Gu(X)
d[b(xi) —u - 2
UZ]_ [ ( ‘) ] pu(xnew) ( )
The similarity between target and candidate model
is measured by the discrete formulation of the Bhat-
tacharyya coefficient

W(Xi) =

P[P (Xnew) u(Xnew) du (X

z (3)
The aim is to minimize the distance between the two
color distributionsd(Xnew) = /1 — p[P(Xnew), d(X)]

as a function oRkpew in the neighborhood of a given
positionXg. This can be achieved using the mean shift
algorithm. By running this algorithm the kernel is re-
cursively moved fronXp to X; according to the mean
shift vector.

3 4D KERNEL TRACKING

3.1 4D Kernel Definition

Usually a scaled Epanechnikov kernel is used for
mean shift tracking which is defined as

) = ke () @

wherehis the kernel bandwith and the profile of the
radially symmetric Epanechnikov kernel as defined in
equation (12) in (Comaniciu et al., 2003).

Since a radially symmetric kernel is usually a bad
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Figure 1: Cut surface of the adaptive kernel with the x-
scale-plane when only scale adaptation is used. The col-
ors carrespond to the kernel-weights where dark-blue rep-
resents 0 and dark-red represents the maximum kernel-
weight.

wherek is the kernel profilehy andhy, are the band-
widths for the semi-major and semi-minor axis, @nd
being the rotation angle between the semi-major axis
and the horizontal coordinate axis of the image. The
scaling matrixH and the rotation matriR are defined

as follows:

20
H ( *(')a L ) (6)
¢) —sin(¢
R@= ( Sne)  cods) ) )

The scaled and rotated kernKI's(-) are considered to

be the cut surfaces of a 4D tracking kernel with the

2D image plane. As position, scale and rotation are
considered to be linearly independent, the scale and
orientation adaptive 4D kernel is defined by:

’ s—1
sk () e ()

with 1D Epanechnikov kernels with the bandwidith

for the scale dimension and the bandwitigfor the
rotation dimension. Since the target scale is updated
multiplicatively and the target rotation additively, the
scale kernel is centered at one (neutral element for
multiplication) and the rotation kernel at zero (neutral
element for addition). Figure 1 shows the cut surface
of the adaptive kernel with the plane spaned by the
normalized x-coordinate and the scale dimension if
only scale adaptation is used.

Ka(xv Sv (p>

approximation of the tracked object shape, we are 3.2 Tracking in the 4D Space

using an elliptic kernel with varying bandwidths for
both semi-axes, which is scaled by a scaling fastor
and rotated by a rotation angte

Ly <|H~R<¢+<p>~x||2)
ha- hp - 2 &
()

K(xscp)

In order to run the mean shift tracking with the 4D
kernelKa(-), the kernel has to be sampled in the scale
and rotation dimension and thus a seNefN scaled
and rotated kernel§'(-) is being constructed. An ex-
ample of the resulting kernel-weights for an uniform
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sampling withNs = 5, hs = 0.4, Ny = 7 andhy = &
is shown in Figure 2. Of course, each of this kernels
covers a different area and, therefore, each one has it
own pixel set{Xi}i_; n (s qn fOr the kernel density
estimation (KDE).

Using the whole kernel set centeredyathe can-
didate histogram is estimated by:

Ns No Mh(Sc%m) 5b
=Ca- Kaly —Xi, S, : i)~
kzlngl ; (Y =i, S @m) -3[b(x)) (:)]

with the normalization constant
1
n
Z 12%12 () ¢ Ka(y — Xi, Sk, ®m)

Basically, the 4D KDE equals a series of 2D KDEs
with the scaled and rotated kernels:

Ca=

(10)

Mh(Sc,Pm)

3 MK (y — Xi, Sy ) - S[b(xi) —u]

ST K (y— X, S, )

plul(y, s, ¢m) =

(11)
with a posterior averaging of all separately computed
histograms:

1) Ke(fr)

P
)
(12)
Since a high pixel-weightv(xj) means a high
probability of the pixel; belonging to the target, the
mean pixel-weight

ZEi1 Zml PlU] (Y, S, Om) - Ke(

Ne <N 1
Yic1 1 Ke( )'Ke(%

Plul(y) =

nh&%(ﬁn) W(Xi )

Nh(Sk, Pm)

inside the area covered by the kerKe(x,sk,(gn) de-
picts how well the target is approximated by this par-
ticular kernel.

The overall mean pixel-weight of the kernel set is
then defined by:

W(Sk, @m) = (13)

Z 1ZW1W(Sk @m)
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Figure 2: Sampling of scaldeft) and rotation Kight) di-
mension. The continuous kernel is depicted by the red
curve.

Once the final target position has been found, the
scale and rotation angle update-values are computed
by one mean shift iteration in the proper dimensions:

§:<1/vw Sha S S WISk O
= (L/W) - Sy Gn- SR W(Sk, i)

Usually, this should be done after each candidate
position update, but it would require a reconstruction
of the entire kernel set after each iteration. Since the
linear approximation of the scale and rotation angle
update-value has proven to be quite sufficient in the
experiments, this compromise has been made in re-
spect to computational efficiency.

Finally, the target scale and rotation angle are up-
dated by:

(17)

/
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4 LINEAR PREDICTION OF THE
OBJECT SCENE PARAMETERS

Like all iterative solution techniques, the mean shift
procedure requires the initial guess (target position in
the last image) to bsufficientlyclose to the sought
extremum (current target position) for convergence.
Under perfect circumstances this means that the track-
ing kernels have to overlap, but if the tracked object
is moving too fast or the scene is captured with a low
frame rate that might not be the case. Fortunately, the

Thus, the new candidate position is averaged over changes of the object scene parameters are partly pre-

all kernels of the set, favoring these which approxi-
mate the target better.

Ns N‘P

Z > WS @) - J1(Sc, @)

=1m=1

. 1
i=w=- (15)
with §1(s¢, @m) being the new candidate position com-
puted with one particular kernel of the set:

nﬂ(f“’w Xi - W(X;)

nh(Sk @m) (X|)

91(Sc; @) = (16)
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dictable. Due to the fact that the overall scene param-
eters (e.g. real-world position of object and camera)
are not known in general, we concentrated on a ba-
sic linear prediction rather than on a prediction based
on a physical movement model like the one using a
Kalman-filter mentioned in (Comaniciu et al., 2003).
The simplest kind of linear prediction would be to
assume that the current change of the object scene pa-
rameters equals to the last one. Usually, this would be
a good guess since the velocity of the object does not
change drastically during the sampling interval of the
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camera, but this estimation would be highly suscepti-

and the parameter changes in the current image are

ble to noisy input data, because only one data point is estimated by computing the arithmetic mean of the

being used for the estimation. The influence of the in-
put noise, however, can be minimized by computing

the mean-value of the most recent data points, assum-
ing that the object scene parameters do not change

much during the considered interval.

For the computation of the mean-value, one has
to distinguish between additively or multiplicatively
updated parameteRs In general, ifNp previous pa-
rameter updateP are being regarded for the mean-
value computation, then a consecutive update by all
AR must equal a\Np-fold update by the mean-value
AP. Let B be the parameter at time indexand AR
the parameter update between the time indicasd
t+1:

Additive updates are defined by

R=P N +-ZLAPH =R N+ Np-AP. (19)

preceding parameter changes:

s _ 1 &
Pt = No i;pt—i
Before performing the mean shift iterations, the

object scene parameters found in the last image are
updated using the estimated changes:

(25)

olt] = Yolt] +< %ﬂ ) (26)

ﬁa t hat ng
(et )= ) en
Blt] = o[t] + @l (28)

5 ADDITIONAL FEATURES

Obviously, the color distribution is a very attractive

Thus, the predicted update-value equals the arithmeticfeature, because itis usually very distinctive and it is

mean:

— 1 e

AP = — .5 AP 20
SRS (20)
Multiplicative updates, on the other hand, are de-

fined by

. Np N
A =P []4R- =R, - AR Y

i=
resulting in the geometric mean being the predicted
update-value:

— Np
aP =Y [] 4R
i=

Applying the logarithm on both sides of equation
(22) transforms the geometric mean of the update-
value into an arithmetic mean of its logarithmic value:

(22)

1

INAP = — - § InAP._j
N 2 InoR-

(23)

Therefore, the same prediction method can be used

for both types of parameter updates.

Since the positioty as well as the rotation angle
¢ are updated additively, while the kernel bandwidth
(ha,hy)T is updated multiplicatively by the scale fac-
tor s, the vector of the changes of the object scene
parameters at the time indejs defined by

(24)

offered to the tracker without the need of further im-
age processing. Since the KDE works pixel-based,
the tracker would benefit from any feature providing
information about the correlation between neighbor-
ing pixels. However, using the oriented image gra-
dients, computed by the Sobel filter, directly as ad-
ditional features would be problematic. This would
triple the number of image features, aggravating the
curse of dimensionalit{Scott, 1992) and disturbing
the comparison between the target and the candidate
histogram. Furthermore, the histogram would be-
come highly rotation-variant and the tracker could be
very easily mislead by changes of the object pose.

A possible solution would be to use only the norm
of the combined image gradient vector as a new fea-
ture. Unlike one might think, this does not resultin a
huge loss of information as the individual color plane
gradients are highly correlated anyway, because they
appear mainly at object contours. In respect to com-
putational efficiency, the L1 norm is being used.

M0 = (1 L@, @ME)TTT 1L (29)
with I' being thel-th feature plane of the image and
dim(x)

lai= 3 sl
i=

6 EXPERIMENTAL RESULTS

(30)

For estimating the target histogram each color chan-
nel of the RGB space as well as the image gradi-
ent norm is quantized into 8 bins, leading to a to-
tal of 8* = 4096 different histogram bins. The used
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Figure 3: Results for tracking a police car in sequeAirport using the proposed method without gradient information (top)
and with gradient information (bottom).

)
Figure 4: Results for tracking a white car in sequeAagort using the standard mean shift (green) and the proposed method
with scale and rotation adaptation (blue) and with parameter prediction and scale and rotation adaptation (red).

adaptation parameters were sehie= 0.4, hy = 30°, @ 20 ll
Ns =5 andNy = 5. Thus, the enhanced mean shift g |
tracker was run in the 4D space with a kernel set of g 10 ']
Ns- Ny = 25 kernels. = o AR \wﬂ/‘\k
In the sequencAirport (3 fps) vehicles which are 0
. . . 10 20 30 40 50 60
moving on an airport apron were tracked using the Frame

standard mean shift tracker as well as the proposedry e 5: Mean shift iterations needed by the standard mean
enhanced mean Sh|ft tI’aCker. In F|gure 3 the I’eSU|tS Of shift tracking (dashed b|ue) and by the proposed enhanced
the proposed tracker tracking a police car in sequencemean shift tracking (solid red) for the sequeriable Ten-
Airport with and without using the gradient informa- nis.
tion is shown. It can be seen, that the gradient infor-
mation is an useful object feature, because the size of
the police car is tracked much more reliably using the
gradient information. Thus, for all other experiments

the gradient information is used for all trackers.

In Figure 4 the results of the standard mean shift
method are compared to the proposed method with
and without using the linear prediction of the ob- Figure 6: I_3hattacharyya Coefficiepiof the standard mean
ject scene parameters. While the standard mean shiftShift tracking (dashed blue) and of the proposed enhanced

. . . .__mean shift tracking (solid red) for the sequeriable Ten-
tracker is not able to adapt to the orientation and size .
of the car (top row) in Figure 4, the new 4D kernel
tracker is able to track the size as well as the orienta- mean shift tracker and the proposed tracker can be
tion (middle row) of Figure 4. The results can even be seen in Figure 7. The number of mean shift iterations
further enhanced by using the linear prediction (bot- needed is shown in Figure 5. Both methods do not re-
tom row) of Figure 4. quire many iterations, but in most cases the proposed

To demonstrate the strength of the adaptive meanenhanced mean shift algorithm needs less iterations
shift tracker for tracking fast moving objects, the than the standard method. Especially around frame
tracking performance is also evaluated using the se-60, when the ball is partly occluded, the proposed
guenceTable Tennig30 fps). Since the orientation tracker needs less iterations than the standard tracker.
adaptation is not needed for tracking a circular object The Bhattacharyya coefficient of the enhanced mean
like a ball, Ny, was setto 1. The results for the standard shift tracker is also more reliable than the one of

Frame
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Figure 7: Tracking results for sequeritable Tenniof standard mean shift (top) and of the proposed method with scale and
rotation adaptation (bottom).

the standard method, see Figure 6. Especially be-getting the tracker even more robust especially against
tween the frames 13 to 27 the Bhattacharyya coeffi- background clutter.

cient of the standard mean shift tracker decreases and

becomes unreliable, because the standard mean shift

tracker is not able to follow the fast movement of the ACKNOWLEDGEMENTS
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