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Abstract

The use of adaptive Gaussian mixtures to model the colour distributions of objects is described. These models are used to perform robust,
real-time tracking under varying illumination, viewing geometry and camera parameters. Observed |og-likelihood measurements were used
to perform selective adaptation. © 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

Colour can provide an efficient visual cue for focus of
attention, object tracking and recognition allowing real-time
performance to be obtained using only modest hardware.
However, the apparent colour of an object depends upon
the illumination conditions, the viewing geometry and the
camera parameters, al of which can vary over time.
Approaches to colour constancy attempt to reconstruct the
incident light and adjust the observed reflectances accord-
ingly (e.g. Ref. [1]). In practice, these methods are only
applicable in highly constrained environments. In this
paper, a statistical approach is adopted in which colour dis-
tributions are modelled over time. These stochastic models
estimate an object’s colour distribution on-line and adapt to
accommodate changes in the viewing conditions. They are
used to perform robust, rea-time object tracking under
variations in illumination, viewing geometry and camera
parameters.

Swain and Ballard [2] renewed interest in colour-based
recognition through their use of colour histograms for real-
time matching. Kjeldson used Gaussian kernels to smooth
the histograms [3]. These colour histogram methods can be
viewed as simple, non-parametric forms of density esti-
mation in colour space. They gave reasonable results only
because the number of data points (pixels) was aways high
and because the colour space was coarsely quantised. In the
absence of a sufficiently accurate model for apparent colour,
good parametric models for density estimation cannot be
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obtained. Instead, a semi-parametric approach has been
adopted using Gaussian mixture models. Estimation is,
thus, possible in a finely quantised colour space using rela-
tively few data points without imposing an unrealistic para-
metric form on the colour distribution. Gaussian mixture
models can also be viewed as a form of generalised radial
basis function network in which each Gaussian component
is a basis function or ‘hidden’ unit. The component priors
can be viewed as weights in an output layer.

The mixture models are adapted on-line using stochastic
update equations. It is this adaptation process which is the
main focus of this paper. In order to boot-strap the tracker
for object detection and re-initialisation after atracking fail-
ure, a set of predetermined generic object colour models
which perform reasonably in a wide range of illumination
conditions can be used. These are determined off-line using
an iterative algorithm. Once an object is being tracked, the
model adapts and improves tracking performance by
becoming specific to the observed conditions.

Finite mixture models have also been discussed at length
elsewhere [4-10]. In particular, Priebe and Marchette [8]
describe an algorithm for recursive mixture density estima-
tion. It was extended to model non-stationary data series
through the use of temporal windowing. Their agorithm
adds new components dynamically when the mixture
model fails to account well for a new data point. The
approach adopted here differsin that the number of mixture
components is determined using a fixed data set. These
components' parameters are then adapted on-line while
keeping the number of components fixed.

The remainder of this paper is organised as follows.
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Gaussian mixtures for modelling objects colour distri-
butions are described in Section 2. In Section 3, a method
for adapting the mixture models over time is given. Section
4 describes selective adaptation. Experimental results and
conclusions are given in Sections 5 and 6.

2. Colour mixture models

The conditional density for a pixel, x, belonging to an
object, O, is modelled as a Gaussian mixture with m com-
ponent densities:

PIxi0)= 2 pxi)w()
=

where a mixing parameter «(j) corresponds to the prior

robability that x was generated by the jth component,
%,-’-"'z 1m(j)=1. Each mixture component, p(xlj), is a
Gaussian with mean p and covariance matrix X, i.e. in the
case of atwo-dimensional colour space:

piXf) = — e Hx-mrTe-m)
2’7["EJ|E

Expectation-maximisation (EM) provides an effective max-
imum-likelihood agorithm for fitting such a mixture to a
data set X© of size N© [4,11,12]. The EM algorithm is
iterative with the mixture parameters being updated in
each iteration. Let 19 denote the sum of the posterior prob-
abilities of the data evaluated using the old model from the
previous iteration, y%9=>" 4 oP*(jlx). The following
update rules are applied in the order given:
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where all summations are over xeX©. Bayes' theorem gives
the posterior probabilities:

p(xj)(j)
p(xlo)

EM monotonically increases the likelihood with each itera-
tion, converging to alocal maximum. The resulting mixture
model will depend on the number of components m and the
initial choice of parameters for these components. Initialy,
the following simple procedure was used. A suitable value
for m was chosen based upon visual inspection of the
object’s colour distribution. The component means were
initialised to a random subset of the training data points.
All priors were initialised to = = 1/m and the covariance
matrices were initialised to ol, where o was the Euclidean
distance from the component’'s mean to its nearest
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neighbouring component’s mean. In practice, thisinitialisa
tion method invariably provided good performance for the
tracking application described in this paper. Alternatively, a
constructive algorithm which uses cross-validation to auto-
matically select the number of components m and their
parameters has been used [13]. In thismethod, digoint train-
ing and validation sets are used. A single Gaussian isfirst fit
to the training set. The number of components is then
increased by iterating the following steps: (1) the likelihood
of the validation set given the current mixture model is
estimated; (2) the component with the lowest responsibility
for the training set is split into two separate components
with equal covariance matrices and principal axes egual to
the original component’s principa axis; (3) theiterative EM
algorithm is run. These three steps are repeated until the
validation likelihood is maximised or is considered to be
sufficiently large.

Most colour cameras provide an RGB (red, green, blue)
signa. In order to model objects colour distributions, the
RGB signal is first transformed to make the intensity or
brightness explicit so that it can be discarded in order to
obtain a high level of invariance to the intensity of ambient
illumination. Here the HSI (hue, saturation, intensity) repre-
sentation was used and colour distributions were modelled
in the two-dimensional hue-saturation space. Hue corre-
sponds to our intuitive notion of ‘colour’ whilst saturation
corresponds to our idea of ‘vividness' or ‘purity’ of colour.
At low saturation, measurements of hue become unreliable
and are discarded. Likewise, pixels with very high intensity
are discarded.

It should be noted that the HSI system does not rel ate well
to human vision. In particular, the usual definition of inten-
sity as (R + G + B)/3 is at odds with our perception of
intensity. However, this is not important for the tracking
application described here. If in other applications it was
deemed desirable to relate the colour models to human per-
ception then perceptually based systems like CIE L*u*v*
and CIE L*a*b* should be used instead of HSI.

Gaussian mixture models have been used to perform real -
time object tracking given reasonably constrained illumina
tion conditions. The resulting tracking system is surpris-
ingly robust under large rotations in depth, changes of
scale and partial occlusions [14,15]. However, in order to
cope with large changes in illumination conditions in parti-
cular, an adaptive model is required.

3. Adaptive colour mixture models

A method is presented here for modelling colour
dynamically by updating a colour model based on the
changing appearance of the object. Fig. 1 illustrates a colour
mixture model of a multi-coloured object adapting over
time. While the components parameters are adapted over
time, the number of components is fixed. The assumption
made here is that the number of components needed to
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Fig. 1. A mixture model superimposed onto plots of a bottle's colour distribution. Hue corresponds to angle and saturation to the distance from the centre.
Ellipses show the four Gaussian components. The leftmost plot shows the original mixture model. The remaining two plots show the model adapting to the

illumination and viewing conditions.

accurately model an object’s colour does not alter signifi-
cantly with changing viewing conditions. However, the
parameters of the model will definitely need to adapt. An
initial mixture model is obtained by running the EM algo-
rithm discussed in the previous section. Each mixture com-
ponent then has an ‘initia’ parameter set (ug, Lo, mp). IN
each subsequent frame, t, anew set of pixels, X®, is sampled
from the object and can be used to update the mixture
model®. These colour pixel data are assumed to sample a
slowly varying non-stationary signal. Let y® denote the
sum of the posterior probabilities of the data in frame
t, YO =>  xoP(jlx). The parameters are first estimated
for each mixture component, j, using only the new data,
X from frame t:

o _ ZP(}' Ix)x 0 _ ¢_(’)
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where N® denotes the number of pixelsin the new data set
and all summations are over xeX®. The mixture model com-
ponents then have their parameters updated using weighted
sums of the previous recursive estimates, (pi_1, Xy_1, T1_1),
estimates based on the new data, (»®, £®, @), and esti-
mates based on the old data, (p® 7Y, Tt L= gt-L-D)
(see Appendix A):

¢(I—L—l)

D Y - )
1

¢(t) ®
M=ot e " —m—1)—
1

WO A
Er=2t71+—D EY - ) —F—(& —X_1)
t

D,
NO®
_ (1)
m=Ty_1+ (T —m 1)
£y NO
L1
N¢ ) A B
ZtT:thN(T)

L Throughout this paper, superscript (t) denotes a quantity based only on
data from frame t. Subscripts denote recursive estimates.

where D, = Z::FL;[/(T). The following approximation is
used for efficiency:

D
t-L-n D1
4 L+1

This yields a recursive expression for Dy:
Dy~ (1-L(L+1)D; 1+

The parameter L controls the adaptivity of the model?.

4. Selective adaptation

An obvious problem with adapting a colour model during
tracking is the lack of ground-truth. Any colour-based
tracker can lose the object it is tracking due, for example,
to occlusion. If such errors go undetected the colour model
will adapt to image regions which do not correspond to the
object. In order to dleviate this problem, observed log-
likelihood measurements were used to detect erroneous
frames. Colour data from these frames were not used to
adapt the object’s colour model.

The adaptive mixture model seeks to maximise the log-
likelihood of the colour data over time. The normalised log-
likelihood, £®, of the data, X®, observed from the object at
timet is given by:

1

NO Z log p(xl0)

xeX®

At each time frame, £ is evaluated. If the tracker loses the
object there is often a sudden, large drop in its value. This
provides a way to detect tracker failure. Adaptation is then
suspended until the object is again tracked with sufficiently
high likelihood. A temporal filter was used to compute a
threshold, T,. Adaptation was only performed when £® >
T,. The median, », and standard deviation, o, of L were
computed for the n most recent above-threshold frames,
wheren =< L. The threshold was set to T = » — ko, where

2 getting L = t and ignoring terms based on framet — L — 1 gives a
stochastic algorithm for estimating a Gaussian mixture for a stationary
signa [4,16].
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Fig. 2. Eight frames from a sequence in which a face was tracked using a non-adaptive model. The apparent colour of the face changes due to: (i) varying
illumination; and (ii) the camera' s auto-iris mechanism which adjusts to the bright exterior light.

k was a constant. In all the experiments described here, k =
1.5, n = 2fand L = 6f, where f denotes the framerate in Hz.

5. Experiments

The adaptive mixture modelling described in the previous
two sections was integrated with an existing colour-based
tracking system [14,15] implemented on a standard
200 MHz Pentium PC platform with a Matrox Meteor fra-
megrabber. This system performs tracking at approximately
f = 15Hz. The tracker estimates the centroid, height and
width of the object. New samples of data for adaptation are
gathered from aregion of appropriate aspect ratio centred on
the estimated object centroid. It is assumed that these data
form a representative sample of the object’s colours. This
will hold for a large class of objects.

Figs. 2 and 3 illustrate the use of the mixture model for
face tracking and the advantage of an adaptive model over a
non-adaptive one. In this sequence, the illumination condi-
tions coupled with the camera's auto-iris mechanism
resulted in large changes in the apparent colour of the
face as the person approached the window. Towards the
end of the sequence the face became very dark, making
hue and saturation measurements unreliable. In Fig. 2, a
non-adaptive model was trained on the first image of the
sequence and used to track throughout. 1t was unabl e to cope
with the varying conditions and failure eventually occurred.

vk L. _Jis

In Fig. 3, the model was allowed to adapt and successfully
maintained lock on the face.

Fig. 4illustrates the advantage of selecting when to adapt.
The person moved through challenging tracking conditions,
before approaching the camera at close range (frames 50—
60). Since the camera was placed in the doorway of another
room with its own lighting conditions, the person’s face
underwent a large, sudden and temporary change in appar-
ent colour. When adaptation was performed in every frame,
this sudden change had a drastic effect on the model and
ultimately led the tracker to fail when the person receded
into the corridor. With selective adaptation, these sudden
changes were treated as outliers and adaptation was sus-
pended, permitting the tracker to recover.

Fig. 5 depicts the tracking of a multi-coloured item of
clothing with adaptation performed in every frame.
Although tracking was robust over many frames, erroneous
adaptation eventualy resulted in failure. Fig. 6 shows the
last four frames from the same sequence tracked correctly
using selective adaptation.

6. Conclusions

Objects’ colour distributions were modelled using Gaus-
sian mixture models in hue-saturation space. An adaptive
learning algorithm was used to update these colour models
over time and was found to be stable and efficient. These
adaptive models were used to perform colour-based object

I |

Fig. 3. The sequence depicted in Fig. 2 tracked with an adaptive colour model. Here, the model adapts to cope with the change in apparent colour. Only the last
four images are shown for conciseness. Performance in previous frames was similar.
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Fig. 4. At thetop are frames5, 15, 25, 35, 45, 55, 65 and 75 from asequence. Thereis strong directional and exterior illumination. The walls have afleshy tone.
At around frame 55, the subject rapidly approaches the camera which is situated in a doorway, resulting in rapid changes in illumination, scale and auto-iris
parameters. This can be seen in the three-dimensional plot of the hue-saturation distribution over time. In the top sequence, the model was allowed to adapt in
every frame, resulting in failure at around frame 60. The lower sequence illustrates the use of selective adaptation. The right-hand plot shows the normalised

log-likelihood measurements and the adaptation threshold.

Fig. 5. A green, yellow and black shirt tracked using the adaptive mechanism. Eventually, tracking inaccuracies cause the model to adapt erroneously and the
system fails.
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Fig. 6. The sequence shown in Fig. 5 tracked using selective adaptation. The shirt was correctly tracked throughout. Only the last four frames are shown for

brevity.

tracking in real-time under varying illumination, viewing
geometry and camera parameters. Outlier detection based
on a normalised log-likelihood statistic was used to detect
tracking failures. This adaptive scheme outperformed the
non-adaptive colour models.

Topicsfor further work include: (i) emphasised co-opera-
tion with other visual cues during periods when colour
becomes unreliable; (ii) adaptive modelling of background
scene colours; and (iii) adaptive model order selection, i.e.
adaptation of the mixture size during tracking.

Acknowledgements

S.J.M. was supported by EPSRC grant IMV GR/K 44657
whilst at Queen Mary and Westfield College. Y.R. was sup-
ported by an EPSRC/BBC CASE studentship.

Appendix A

Here we derive the update equations for the adaptive
mixture model components. For each mixture component,
let u, and X, be the mean and the covariance matrix esti-
mated from the L + 1 most recent time-slots:

t
> > p(jlx)x

7=t—L xeX®
Pt = t

Z \//(T)

T=t—L
t

>SS (X — g ) (X — R 1)

=1 L yxex®
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The above expressions are both of the form:

t
Z 0(T)§[/(T)
L

T=1—
0t=

Etz

D,
where 0, denotes either p; or X,. A recursive expression for
0, is derived as follows:
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The update expression for the component priors =; is
obtained similarly to Eq. (A1). If the number of data points
isthe same in every time frame (i.e. N® = N, for all 7) then
we have:

20 -1

Ty =T_1+ L—1
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