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An Adaptive Background Model for Camshift Tracking with a Moving Camera
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Continuously Adaptive Mean shift (CAMSHIFT) is a popular algorithm for visual tracking, providing speed and
robustness with minimal training and computational cost. While it performs well with a fixed camera and static
background scene, it can fail rapidly when the camera moves or the background changes since it relies on static
models of both the background and the tracked object. Furthermore it is unable to track objects passing in front of

backgrounds with which they share significant colours.

We describe a new algorithm, the Adaptive Background CAMSHIFT (ABCshift), which addresses both of these
problems by using a background model which can be continuously relearned for every frame with minimal additional
computational expense. Further, we show how adaptive background relearning can occasionally lead to a particular
mode of instability which we resolve by comparing background and tracked object distributions using a metric based

on the Bhattacharyya coefficient.
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1. Introduction

Popular and effective approaches to colour based
tracking include the CAMSHIFT,? Mean Shift?
and particle filtering®*® algorithms. Of these,
CAMSHIFT stands out as the fastest and simplest.
CAMSHIFT was designed for close range face track-
ing from a stationary camera but has since been mod-
ified for a variety of other tracking situations.®”

Robust and flexible tracking algorithms, requir-
ing minimal training and computational resources,
are highly desirable for applications such as robot vi-
sion and wide area surveillance, both of which neces-
sitate moving cameras. Unfortunately CAMSHIFT
often fails with camera motion, figure 3, since it re-
lies on a static background model which is unable to
adequately represent changing scenery.

We address these difficulties by modifying the al-
gorithm to include a flexible background representa-
tion which can be continuously relearned. The result-
ing algorithm tracks robustly in two situations where
CAMSHIFT fails; firstly with scenery change due to
camera motion and secondly when the tracked ob-
ject moves across regions of background with which
it shares significant colours, figure 1.

It is observed that the adaptability of this ap-
proach makes it occasionally vulnerable to a special
mode of instability, in which a shrinking search win-
dow can lead to the background being relearned as

object. We detect and correct this error by compar-
ing object and background distributions to check for

convergence.

2. Bayesian mean shift tracking with
colour models

For each frame of an image sequence, the
CAMSHIFT algorithm looks at pixels which lie
within a subset of the image defined by a search win-
dow. Each pixel in this window is assigned a proba-
bility that it belongs to the tracked object, creating a
2D distribution of object location over a local area of
the image. The tracking problem is solved by mean
shifting®® towards the centroid of this distribution
to find an improved estimate of the object location.
The search window is now repositioned at the new
location and the process is iterated until convergence.

By summing the probabilities of all the pixels
in the search window, it is also possible to estimate
the size of the tracked object region (in pixels). The
search window can now be resized so that its area is
always in a fixed ratio to this estimated object area.

The tracked object is modelled as a class condi-
tional colour distribution, P(C|O). Depending on the
application, 1D Hue, 3D normalised RGB, 2D nor-
malised RG, UV or ab histograms may all be appro-
priate choices of colour model, the important point
being that these are all distributions which return a
probability for any pixel colour, given that the pixel
represents the tracked object. These object distri-
butions can be learned offline from training images,
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or during initialisation, e.g. from an area which has
been user designated as object in the first image of
the sequence.

The object location probabilities can now be
computed for each pixel using Bayes’ law as:
P(C|O)P(0) )

P(C) (
where P(O|C) denotes the probability that the
pixel represents the tracked object given its colour,
P(C|O) is the colour model learned for the tracked
object and P(O) and P(C) are the prior probabili-
ties that the pixel represents object and posesses the

P(0|C) =

colour C respectively.
The denominator of equation (1) can be ex-
panded as:

P(C) = P(C|O)P(O) + P(C|B)P(B)  (2)

where P(B) denotes the probability that the pixel
represents background.

Bradski''? recommends values of 0.5 for both
P(O) and P(B). We find this choice difficult to jus-
tify since we take these terms to denote the expected
fractions of the total search window area containing
object and background pixels respectively. Hence we
assign values to object priors in proportion to their
expected image areas. If the search window is resized
to be r times bigger than the estimated tracked ob-
ject area, then P(O) is assigned the value 1/r and
P(B) is assigned the value (r — 1)/r.

Bradski!'? suggests learning the expression (2)
offline (presumably building a static P(C|B) his-
togram from an initial image). While it is often
reasonable to maintain a static distribution for the
tracked object (since objects are not expected to
change colour), a static background model is unreal-
istic when the camera moves. The CAMSHIFT algo-
rithm can rapidly fail when the background scenery
changes since colours may exist in the new scene
which did not exist in the original distribution, such
that the expressions in Bayes law will no longer hold
true and calculated probabilities no longer add up to
unity.

Particular problems arise with CAMSHIFT if
the tracked object moves across a region of back-
ground with which it shares a significant colour. Now
a large region of background may easily become mis-
taken for the object, figure 1.

3. Incorporating an adaptive
background model

We address these problems by using a background
model which can be continuously relearned. Rather
than using an explicit P(C|B) histogram, we build
a P(C) histogram which is recomputed every time
the search window is moved, based only on the pix-
els which lie within the current search window. P(C)
values, looked up in this continuously relearned his-
togram, can now be substituted as the denominator
for the Bayes’ law expression, equation (1), for any
pixel. Since the object distribution, P(C|O), remains
static, this process becomes equivalent to implicitly
relearning the background distribution, P(C|B), be-
cause P(C) is composed of a weighted combination
of both these distributions, equation (2). Relearning
the whole of P(C), rather than explicitly relearning
P(C|B), helps ensure that probabilities add up to
unity (e.g. if there are small errors in the static ob-
ject model).

Adaptively relearning the background distri-
bution helps prevent tracking failure when the
background scene changes, particularly useful when
tracking from a moving camera, figure 4. Addition-
ally, it enables objects to be tracked, even when they
move across regions of background which are the
same colour as a significant portion of the object, fig-
ure 2. This is because, once P(C) has been relearned,
the denominator of Bayes’ law, equation (1), ensures
that the importance of this colour will be diminished.
In other words, the tracker will adaptively learn to
ignore object colours which are similar to the back-
ground and instead tend to focus on those colours
of the object which are most dissimilar to whatever
background is currently in view.

It is interesting to note that the continual re-
learning of the P(C) histogram need not substan-
tially increase computational expense. Once the his-
togram has been learned for the first image it is only
necessary to remove from the histogram those pixels
which have left the search window area, and add in
those pixels which have newly been encompassed by
the search window as it shifts with each iteration.
Provided the object motion is reasonably slow rel-
ative to the camera frame rate, the search window
motion will be small; so that at each iteration only a
few lines of pixels need be removed from and added
to the P(C) histogram.



If the P(C) histogram is relearned only once ev-
ery frame, the speed should be similar to that of
CAMSHIFT. However, if the histogram is relearned
at every iteration, some additional computational ex-
pense is incurred, since to properly exploit the new
information it is necessary to recompute the P(O|C)
values for every pixel, including those already anal-
ysed in previous iterations. Theoretically, updating
at each iteration should produce more reliable track-
ing, although we have observed good tracking results
with both options.

In practice, ABCshift often runs significantly
faster than CAMSHIFT. Firstly, the poor back-
ground model can cause CAMSHIFT to need more
iterations to converge. Secondly, the less accurate
tracking of CAMSHIFT causes it to automatically
grow a larger search window area, so that far greater
numbers of pixels must be handled in each calcula-
tion.

4. Dealing with instability

Adaptively relearning the background model enables
successful tracking in situations where CAMSHIFT
fails, however it also introduces a new mode of in-
stability which occasionally causes problems. If the
search window should shrink (due to the object re-
gion being temporarily underestimated in size) to
such an extent that the boundaries of the search
window approach the boundaries of the true object
region, then the background model will learn that
background looks like object. This results in a neg-
ative feedback cycle with the estimated object re-
gion and search window gradually (and unrecover-
ably) collapsing.

We solve this problem by noting that as the
search window shrinks and approaches the size of the
object region, the learned background distribution,
P(C|B), must become increasingly similar to the
static distribution for the tracked object, P(C|O). If
this increasing similarity can be detected, then both
the object region and search window can be easily re-
sized, figure 5, the correct enlargement factor being
r, the desired ratio of search window size to object
region size.

Several statistical measures exist for comparing
the similarity of two histograms. We utilise a Bhat-
tacharyya metric,” sometimes referred to as Jeffreys-
Matsusita distance,'® which for two histograms, p =
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{piticqr,2,... .k}, and ¢ = {qi}ic(1,2,.... K} is defined as:

K

S (- V) (3)

i=1

d(p,q) =

0 < d < /2. Note that this metric can easily be
shown to be the same, modulo a factor of v/2, as
that referred to elsewhere in the literature.? 58

At each iteration we evaluate the Bhattacharyya
metric between the static object distribution,
P(C|0), and the continuously relearned background
distribution, P(C|B). If the Bhattacharyya metric
approaches zero, we infer that the search window is
approaching the true object region size while the esti-
mated object region is collapsing. We therefore resize
both by the factor r. In practice we resize when the
Bhattacharyya metric drops below a preset thresh-
old. Useful threshold values typically lie between 0.2
and 0.7.

We believe this is a novel application of the Bhat-
tacharyya metric. It is common in the vision liter-
ature? %% to use this metric to evaluate the simi-
larity between a candidate image region and an ob-
ject distribution for tracking (i.e. comparing poten-
tial object with known object). In contrast, we use
the metric to compare an object distribution with a
background distribution, inferring an error if the two
begin to converge.

5. Summary of the ABCshift tracker

The key differences between ABCshift and the con-
ventional CAMSHIFT tracker are as follows:
1. The background is continuously relearned. In con-
trast CAMSHIFT uses a static background model
which often fails with a moving camera. 2. Values for
the prior probabilities, P(O) and P(B), are assigned
based on the ratio, r, of search window size to esti-
mated object region size. 3. Object and background
distributions are compared using a metric based on
the Bhattacharyya coefficient to check for instability
and resize the search window if it is shrinking.

The ABCshift algorithm is summarised as:
1. Identify an object region in the first image and
train the object model, P(C|O). 2. Center the search
window on the estimated object centroid and resize it
to have an area r times greater than the estimated o0b-
ject size. 3. Learn the colour distribution, P(C), by
building a histogram of the colours of all pizels within
the search window. 4. Use Bayes’ law, equation (1),
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to assign object probabilities, P(O|C), to every pizel
in the search window, creating a 2D distribution of
object location. 5. Estimate the new object position
as the centroid of this distribution and estimate the
new object size (in pizels) as the sum of all pizel
probabilities within the search window. 6. Compute
the Bhattacharyya metric between the distributions,
P(C|O) and P(C). If this metric is less than a preset
threshold then enlarge the estimated object size by a
factor r. 7. Repeat steps 2-6 until the object position
estimate converges. 8. Return to step 2 for the next
image frame.

6. Results

To test the enhanced tracking capabilities of the
adaptive background model, we compare the per-
formance of the ABCshift tracker with that of
CAMSHIFT for a large number of extended video
sequences, available at our website.!! Some sample
images are shown here in the figures.

ABCshift has succeeded in conditions of sub-
stantial camera motion, rapidly changing scenery,
dim and variable lighting and partial occlusion. The
strengths of ABCshift are particularly apparent in
scenarios where the tracked object passes across re-
gions of background with which it shares significant
colours.

7. Conclusions

Adaptive background models, which can be contin-
uously relearned, significantly extend the capabili-
ties and potential applications of simple colour based
tracking algorithms to include moving cameras and
changing scenery. They also provide robustness in
difficult situations where other algorithms fail, such
as when the tracked object moves across regions of
background with which it shares significant colours.

It is observed that the resulting flexibility can
make the tracker prone to a particular mode of insta-
bility, however this can be corrected by an innovative
application of a metric based on the Bhattacharyya
coefficient.

Future work will examine alternative adaptive

techniques for relearning models of both the back-
ground and the tracked object. We are also exploring
automated initialisation of the tracker in surveillance
scenarios and applications of these algorithms to vi-
sual servoing and robot vision.
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Fig. 1. A simple blue and red checkered object, moving from a region of white background into a region of red background.
CAMSHIFT fails as soon as the object moves against a background with which it shares a common colour. Frames 350, 360,
380, 400, and 450 shown. Green and red squares indicate the search window and estimated object size respectively. This movie,
RedWhitelCAMSHIFT.avi, can be viewed at our website.!!

Fig. 2. ABCshift tracks successfully. Frames 350, 360, 380, 400, and 450 shown. Green and red squares indicate the search
window and estimated object size respectively. This movie, RedWhitel ABCshift.avi, can be viewed at our website.11

Fig. 3. Person tracking with CAMSHIFT from a moving camera in a cluttered, outdoors environment. Frames 1, 176, 735, 1631,
and 1862 shown. Since the tracked person wears a red shirt, CAMSHIFT fixates on red regions of background, including brick
walls and doors, and repeatedly loses the tracked person. Green and red squares indicate the search window and estimated object
size respectively. This movie, PeopleTrackingl CAMSHIFT.avi, can be viewed at our website.!!

Fig. 4. ABCshift successfully tracks throughout the sequence and is not distracted by red regions of background, despite being
initialised in image 1 which contains no red background. Frames 1, 176, 735, 1631, and 1862 shown. Green and red squares
indicate the search window and estimated object size respectively. This movie, PeopleTrackingl ABCshift.avi, can be viewed at
our website. !l

Fig. 5. Bhattacharyya resizing. A simple red and blue checkered object is tracked across red, white and blue background regions.
Frames 180, 200, 205, 206 shown. Due to rapid, jerky motion from frames 180 to 205, the search window has shrunk until it falls
within the object region, risking relearning that background looks like object. ABCshift has detected this instability using the
Bhattacharyya metric, and automatically corrects the estimated object region and search window size in frame 206. Green and
red squares indicate the search window and estimated object size respectively. This movie, BhattacharyyaRedWhiteBlue.avi, can
be viewed at our website.!!
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