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ABSTRACT

Most tracking algorithms detect moving objects by compar-
ing incoming images against a reference frame. Crucially,
this reference image must adapt continuously to the current
lighting conditions if objects are to be accurately differen-
tiated. In this work, a novel appearance model method is
presented based on the eigen-background approach[1]. The
image can be efficiently represented by a set of appearance
models with few significant dimensions. Rather than ac-
cumulating the necessarily enormous training set to gen-
erate the eigen model, the described technique builds and
adapts the eigen-model online evolving both the parameters
and number of significant dimension. For each incoming
image, a reference frame may be efficiently hypothesized
from a subsample of the incoming pixels. A comparative
evaluation that measures segmentation accuracy using large
amounts of manually derived ground truth is presented.

1. INTRODUCTION

Most motion detection and tracking systems detect mov-
ing objects by comparing incoming images against a ref-
erence frame representing all the static structure within the
scene[2, 3, 4]. Moving objects are extracted as connected
components of pixels which significantly differ from this
reference frame. These objects are typically tracked across
the image (and hence ground plane) in order to generate a
temporal description of events within a scene. Although a
number of applications of the technique have been described
for indoor scenes, the most popular application domain has
been visual surveillance of public spaces. Crucially, this ref-
erence image must continuously adapt to the current light-
ing conditions if moving objects are to be accurately differ-
entiated. In the recent past the problem of background esti-
mation has become an increasing interesting research area.

Outdoor environments set unique challenges for con-
structing of accurate reference images including changes in
environmental scene illumination including slow variations

from dawn-to-dusk, highly disruptive glare of reflected sun-
light, and the more rapid variations caused by weather e.g.
rain and snow on roads; embedded scene elements such as
swaying trees or traffic lights generate significant variations
over arbitrarily large regions; camera oscillation induced
by winds on poorly damped camera mountings result in
highly disruptive periodic variations; event induced scene
variations are luminance changes of the background caused
by moving objects themselves e.g. shadows and the sweep
of headlights on rain-soaked surfaces; stationary events are
typically vehicles that park. Moreover, stationary objects
must at some point be incorporated within the background
scene representation if subsequent events passing between
the camera and this stationary object are to be detected.

Popular background estimation techniques model pix-
els individually. Stauffer and Grimson[4] build and itera-
tively update a multi-modal model of the greylevel prob-
ability density functions (PDF) of the static background at
each pixel using a mixture of Gaussians. However this fails
to take into account the substantial degree of correlation
between neighbouring pixels. Active appearance models
(AAM)[5] are able to exploit the very high degree of cor-
relation of pixel luminance and capture the inherent vari-
ability with relatively few shape parameters. Pentland et al
[2] use this technique to build Eigen-Backgrounds. Black et
al [6] utilise robust statistics to identify outliers within the
training data, and improve the specificity of the models.

In this paper, the work of Oliver and Pentland[2] is ex-
tended by proposing a novel background estimation tech-
nique that learns the covariation of greylevels within the in-
coming images using principal component analysis to gen-
erate the eigen-backgrounds. Rather than accumulating the
necessarily enormous training set, our technique builds and
adapts the eigen-model online. The number of significant
modes as well as the mean and covariance of the model
as continuously adapted to match the environmental condi-
tions. Our technique takes advantage of the over-constraint
available to efficently use sub-sampling when generating
background hypothesises.
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2. DESCRIPTION OF ALGORITHM

In order to identify moving objects within the image stream,
it is necessary to build a stochastic representation of the
static areas. This is done by dividing the image into a grid
of neighbourhoods and continuously learning the statistical
variations within each. For every incoming image a back-
ground estimate is hypothesised for each neighbourhood to
facilitate comparison with the incoming frame. The incom-
ing frame is the used to update the statistical model for
each neighbourhood. Detection is achieved by threshold-
ing greylevel differences against estimates of the greaylevel
variance at each pixel.

2.1. Background hypothesising

Any neighbourhood in a greylevel background image may
be represented as an attribute vector i = (i1, . . . , iN ) where
in represents the greylevel of the nth pixel in an image
neighbourhood containing N pixels. This static background
image may be formulated as an appearance model [2] where
any image instance may be represented as a linear deforma-
tion from an average background image î

i = î + Pb b = P
T δi (1)

where the N × M matrix P represents the orthonormal
shape matrix (the inverse is equivalent to the transpose P T )
usually derived from principal component analysis (PCA)
of a large training set T of background images, and the vec-
tor b of dimension M represents the M most significant
shape parameters.

Although based upon eigen-backgrounds[2], there are
a number of extensions. For each incoming image from
the camera, a reference frame must be hypothesized rep-
resenting the current static scene (i.e. with no moving ob-
jects present) under the current lighting conditions. This is
achieved efficiently by sub-sampling a subset of pixel loca-
tions {ij ; j = 1, κM} and their associated greylevels. The
samples are chosen using a uniform random number gener-
ator from within each neighbourhood. On the assumption
that these greylevels are projected from the static scene, a
M × 1 appearance parameter vector b may be generated in
the appearance model for each neighbourhood as follows

b
′ =

[
P

′T
P

′
]−1

P
′T

(
i
′ − î

′

)
(2)

where P
′, i′ and î

′ are the subsampled versions of the shape
matrix, average neighbourhood and current neighbourhood
vectors. The length κM of these matrix and vector quanti-
ties (and hence the number of sub-sampled pixel locations
in each neighbourhood) is chosen to over-determine the es-
timation of b

′ to ensure some robustness to the selection of
some pixels which result from the projection of some non-
static scene element. Currently we choose this sub sample

factor κ to be 4. Values larger yield little increase in robust-
ness yet lead to greater computational cost.

The number of significant modes defines the complexity
of the model used to hypothesis the background image. If
too many modes are used then the computational overhead
increases, while too few modes is likely to result in the gen-
eration of an inaccurate hypotheses. The solution is to limit
the number to that required to accurately model the back-
ground. In addition, there are various truncation strategies
such as Cootes et al [5] that can be used to constrain the
hypothesis to plausible solution spaces.

2.2. Detection

The differences between the reference and incoming frame
are thresholded against a pixel variance image to identify
any pixel greylevels that are outside the variance expected
at that pixel. These thresholded values are placed in a detec-
tion mask. There are various different methods of generat-
ing a pixel variance image. Pentland’s technique [2] simply
used an empirically chosen global variance. It is possible
to use the variance of the modeled PDM itself to generate a
variance for each pixel. Alternatively, it may also possible
be sensible to derive the pixel variances from the temporally
averaged inter-frame pixel differences.

2.3. Updating the Appearance Model

An appearance model describes the co-variability within an
image neighbourhood, and is defined by the mean ît, the
shape matrix Pt and the eigenvalues matrix Λt, Since the
eigenvalues represent the variance of distribution along the
principal axes in the shape space, the covariance matrix can
be constructed as a diagonal matrix composed of the or-
dered eigenvalues. Assuming an appearance model has al-
ready been instantiated, it will be updated to take into ac-
count the incoming image from the camera. New observa-
tions augment the previous covariance in two ways: firstly,
by adapting the mean and covariance of the eigen model,
and secondly, allowing evolution of the subspace itself by
increasing the dimensionality of the subspace.

The first step is to project the new observation it into the
eigenspace associated with the previous model to estimate
the shape parameters b

′

t using equation 2. Projecting this
back into the image space, we compute the error vector et

representing the displacement of the new point orthogonal
to the original eigenspace i.e.

et =
(
it − ît−1

)
−Pt−1b

′

t (3)

In the third step, the new mean are is updated simply as

ît =
1

τ + 1

(
τ ît−1 + it

)
(4)
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where τ = min(t, T ) is a weighting function controlling the
influence of current data relative to history. Note that during
the initialisation of a new model (i.e. t < T ) the update
process is influenced by the incoming data, after which the
process updates using a fixed-length temporal filter.

The new eigenvalues Λt are estimated by recovering
the eigen-decomposition Rt,t−1ΛtR

T
t,t−1 of the following

augmented covariance Λ+
t derived from the original previ-

ous covariance matrix Λt−1 and the new data sample it[7].

Λ+
t =

1

τ + 1

(
τ

[
Λt−1 0

0
T 0

]
+

[
btb

T
t λbt

λb
T
t λ2

])
(5)

where λ = e
T
t (it− ît−1)/||et||. This augmented covariance

is created by augmenting Λt−1 in two ways: firstly by in-
cluding the new image vectors bt and et, and secondly by
allowing for an increase in the number of significant modes.
The square matrix Rt,t−1 represents the rotation of Λt−1

in the enlarged space onto the new cluster covariance Λt.
Finally the new augmented shape matrix P

+
t is computed

from the old as follows

P
+
t = [Pt−1, et/||et||]Rt,t−1 (6)

Note that the dimensionality of both the augmented shape
matrix P

+
t and covariance Λ

+
t have been incremented.

2.3.1. Controlling the Shape Space Dimensionality

Updating the appearance model as detailed above involves
continually incrementing the dimensionality of the shape
matrix. This is desirable in the initial stages where there are
insufficient dimensions to accurately model the data. Once
the model has exceeded the optimal number of dimensions,
M , the augmented covariance Λ+

t and shape matrix P
+
t

must be continually truncated to M dimensions. Given the
eigen decomposition of Λ+

t returns Λ and R ordered on de-
creasing eigenvalues, Pt is simply the left most M columns
of P

+
t , and Λt is the top left M × M matrix of Λ+

t .

2.3.2. Creating a new Appearance Model

The hypothesis method assumes that an appropriate model
exists to describe the incoming frame. The initial model is
constructed by setting the mean of the neighbourhood to the
value of the first frame t = 0, î0 = i0. Then the initial 1×1
covariance matrix Λ0 is set to σ2 where σ is an empirically
chosen value that represents the amount of noise within the
image. The initial shape matrix P0 is initialised as

P =

[
1√
N

, . . .
1√
N

]T

(7)

where N is the number of pixels. This shape matrix is ini-
tialised as a N × 1 vector. As each additional frame is used
to update the appearance model, the dimensionality of the
subspace is allowed to increase to a maximum MMAX .

3. RESULTS

The following comparative methodology compares the per-
formance of our algorithm against the original eigen-back-
ground method[1] and the standard Stauffer and Grimson
algorithm[4]. The performance metric compares motion
classification output with manually derived ground truth.
The detection rate and the specificity represent the percent-
age of correctly classified foreground and background pix-
els respectively Ellis[8]. True object pixels are defined as
pixels inside a manually positioned rectangular bounding
box. The product of these two measures generates a single
per-frame performance metric.

Two datasets are proposed that represent different types
of environmental variation from which objects are to be de-
tected. The publically available PETS 2001 dataset features
a stationary camera located at a high vantage point with a
steep lookdown angle. There are a relatively few object oc-
currences and object interactions in the dataset. The fre-
quency of periods of partial and full occlusion between ob-
jects is also quite low. One of the challenging features of
this dataset is the small distant objects that have a very low
contrast relative to the background. The DIRC dataset is an
in-house dataset that was also captured in the RGB colour
space. However, there are constant lighting variations be-
tween the different frames, the quality of the data set is a lot
higher and there is less compression artifacts.

Fig. 1. (a) PETS Dataset (b) DIRC Dataset

The results from the three algorithms can be seen in Fig-
ure 2 and Table 1. Figure 2 plots the performance for a par-
ticular frame sequence from the PETS dataset. The eigen
background algorithm[1] deteriorates over the sequence as
this non-adaptive algorithm poorly models this fragment of
the dataset. Both Stauffer and Grimson’s algorithm and the
proposed algorithm adapt quickly to the progressive change
in environmental conditions. (Figure 2 also highlights a cur-
rent artefact of the evaluation methodology where the metric
falls to zero when there are no scene objects present.)

Table 1 presents these performance measures averaged
over each of the datasets. The comparison was extended
to include background estimation by temporal averaging[9].
It should be noted that the original eigen-background algo-
rithm performed marginally better than temporal averaging
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Fig. 2. Plots of the performance results for each algorithm.

(probably because the model is built from the entire training
data set and poorly models any specific interval). The pro-
posed algorithm and the Stauffer and Grimson method per-
form significantly better - largely because they are adaptive.
Currently the Stauffer out-performs the proposed algorithm
but it should be bourne in mind that the former maintains
several memories per pixel allowing it to model the more
rapid lighting changes. A similar multi-modal extension to
our technique may improve accuracy significantly.

Algorithm
Proposed Stauffer and Wren Temporal

Data Algorithm Grimson[4] et al[1] Averaging

PETS 0.22 0.28 0.13 0.11
DIRC 0.31 0.33 0.18 0.15

Table 1. Performance of the Change Detection Algorithms

4. CONCLUSIONS

In this paper we propose a solution to background estima-
tion using eigen-backgrounds for visual surveillance. The
advantages of our technique is its ability to take advantage
of the covariability between pixel greylevels to accurately
and efficiently hypothesize an accurate background estimate
with relatively few sub-samples. The computational and
storage burden required by eigen-background techniques is
avoided by an online incremental eigen analysis algorithm
which adapts the subspace itself to the environmental con-
ditions. An important contribution is the ability to adapt
the subspace itself. The method compares favorably to the
state-of-the-art Stauffer and Grimson algorithm which uses
a Mixture of Gaussians providing each pixel with multiple
memories. We are currently investigating an extension to
our algorithm to enable each neighbourhood to be modelled
by multiple clusters in shape space (based on the work of
Ong and Gong [10]). It is hoped this approach will increase
the accuracy of the hypothesis generation by more closely
modelling the non-linear aspects of lighting variations.
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