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The mean-shift algorithm is a robust and easy method of finding local
extrema in the density distribution of a data set. It has been used success-
fully for visual tracking in which the target is modelled using a colour his-
togram, and the image window with best matching histogram is sought.
The estimation of these colour distributions in mean-shift visual tracking
is essential since the goodness of convergence largely depends on them,
and so if the accuracy of the distribution estimation can be improved, the
tracking performance will also potentially improve, and we would reduce
the risk of losing the target from accumulation of bias. However, a his-
togram, used in the standard mean shift algorithm, is potentially a poor
estimate of the underlying colour distribution: it is not invariant to the
image scale, the number of histogram bins or the number of samples, and
this can have an adverse affect on the speed and accuracy of convergence
of the mean-shift algorithm.

The key contribution of our paper is to apply a general non-parametric
PDF estimation method, namely NP-Windows [3], to replace the his-
togram estimating the colour probabilities in mean-shift visual tracking.
We show, in particular, that this leads to faster and more accurate conver-
gence, and by making use of a (separable) Gaussian kernel rather than the
more usual Epanechnikov kernel, that the actual run-time can be reduced
as well.

NP-windows is a method for estimating the underlying probability
density of a signal which is more accurate than a histogram for a particular
class of data set, namely samples from a band-limited signal. It uses an
interpolation scheme which fits piecewise functions to the signal samples,
calculating the PDF by accumulating the contribution of each piecewise
function. The main process consists of three main steps: first, between
each pair of neighbouring samples (xi,yi) and (x′

i,y
′
i), the coefficients of a

polynomial interpolation (y = Y (x)) are calculated; second, the PDF of y,
py(·) is calculated analytically by transforming a uniform distribution on
x through the transformation Y (x); finally, bins at an arbitrary precision
are populated from the py(·) for each pair of samples in order to generate
the PDF for the whole target region. Although the last step generates
the PDF by populating bins, the accuracy of this depends only on the
accuracy of the piecewise representation, not the number of samples nor
the number of bins. In our visual tracking case, the signals we are dealing
with are images, and the piece-wise approximations come from bilinear
interpolation across 4-neighbourhoods.

Comaniciu’s original exposition of using mean-shift for visual track-
ing [2] made use of an Epanechnikov kernel to construct the mean-shift
vector because of its optimality to minimise the average global error be-
tween the estimate and the true density, and its computational efficiency
since the kernel evaluations involve only pairs of neighbouring points
within distance smaller than the bandwidth rather than all pairs of points.
Moreover, it leads to a particularly simple and beautiful form for the mean
shift vector. Nevertheless, subsequent work [1] has demonstrated that the
use of a Gaussian kernel can have better performance than the Epanech-
nikov kernel. In particular, use of the Gaussian kernel to construct the
mean-shift vector can decrease the number of iterations required for con-
vergence. Furthermore, since the Gaussian kernel is separable, there are
computational gains in using it in preference to the Epanechnikov kernel;
viz, the 2D kernel density estimate can be computed efficiently using two
independent 1D Gaussian symmetrical masks, one in the x direction and
one in the y direction.

The computational gains of this approach are not immediately obvi-
ous when considering convergence of the standard mean shift, because
there, each iteration is almost trivial, so performing a few less iterations
doesn’t have a measurable effect on the total run time of the optimisation.
However, in our case, each iteration requires calculation of the histogram
using NP-Windows, which introduces considerable additional computa-
tional effort per iteration. We show, therefore, significant gains in using
the separable Gaussian in preference to the Epanechnikov kernel, as well
as improved accuracy.

Figure 1: Tracking results of shopping center sequence at frame 350: stan-
dard MS (top-left) MS with Gaussian kernel and NP-windows (top-right);
(middle) normalized pixel error: red, dashed line is MS and blue, solid
line is MS with Gaussian kernel and NP-windows; (bottom) Run-time

Our improved mean-shift algorithm, therefore, simply replaces the
Epanechnikov kernel with a separable Gaussian, and performs histogram
estimation with NP-Windows. It is summarised in full in the paper.

An example tracking result is shown in the figures below, comparing
the performance of standard mean-shift tracking, with our modified algo-
rithm. Similar performance is observed on other sequences, in which we
observe, on average, faster run-times, fewer iterations and smaller errors
when using our modifications compared with standard mean-shift. We
conclude that the use of NP-windows helps to improve the accuracy and
slightly reduces the iteration times in Mean-Shift visual tracking.

As previously noted Kadir, NP-Windows is a general technique for
histogram estimation from signal samples, and we therefore believe that
its use in any visual tracking algorithm using colour distributions would
be beneficial.
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