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ABSTRACT

The detection of moving foreground objects is an important as-
pect of many vision applications, especially those related to
video-surveillance. The Expectation Maximisation (EM) algo-
rithm is used in many of such applications to model the back-
ground and classify object pixels.
In this paper two improvements to the EM algorithm will be
given for object detection. First, it will show how to cal-
culate background probabilities instead of binary foreground-
background classifications. These probabilities will be com-
pared to the foreground probabilities.
Second, a multi-hypothesis approach will be introduced to de-
cide when to update the model of the background (EMswitch).
This way, the model of the background is not disturbed by pass-
ing objects. At the same time it gives a accurate description
of the background statistics using one or more Gaussian ker-
nels. The standard deviation is estimated more accurately then it
would be estimated using an algorithm which only updates the
background model for pixels which are classified as depicting
background.

1. INTRODUCTION AND RELATED WORK

A surveillance application (see for example [1, 2, 3]) usu-
ally consists of moving object detection, object tracking,
and higher order processing like the detection of persons
entering a prohibited area, face recognition and/or gesture
recognition to determine what a person is doing. This pa-
per concentrates on the initial step, moving object detec-
tion.
Often, background modelling is used to detect moving ob-
jects. Toyama compares a number of these algorithms in
[3]. A popular algorithm is Expectation Maximisation [4].
Because of increasing speed of computers, it is now be-
coming feasible to make a real-time implementation [5].
The EM algorithm models the background by maintaining
for each pixel a model of the appearance of colours over
time. This model is described by a mixture of Gaussian
kernels. For every new frame, the probability that a pixel
is background is calculated by comparing its colour to this
mixture model.

The advantage of an adaptive method like this is that it
automatically creates a model of the background from the
images and continuously updates this. This eliminates the
need of initialisation with an empty background. It also
guarantees that the background model is always up-to-
date.
Stauffer [6] was one of the first to use the online EM algo-
rithm for background modelling. Many authors adopted
his algorithm, although some improvements were made in
the update process, see for example [7].
This way of using the EM algorithm performs well for
a standard case, but fails for more complicated situations
like complex backgrounds and many or slow objects. In
this paper two improvements are introduced to the use
of the EM algorithm for the modelling of complex back-
grounds. First, classification by comparing probabilities
rather than labelling kernels in a mixture model is pro-
posed. This makes classification more reliable when the
foreground and background colour distributions partially
overlap.
Second, EMswitch is introduced. This is an algorithm that
updates the foreground and background models based on
multi-hypothesis. This results in a more accurate descrip-
tion of the background, and consequently a more accurate
foreground classification.
The outline of this paper is as follows: In section 2 the
EM algorithm and its use for background modelling is
shortly discussed. Two classification approaches will be
described and it will be explained when to use which ap-
proach. In section 3 the EMswitch update algorithm will
be introduced. This is an affordable solution for decid-
ing when to update the background model. It is inspired
by a multi-hypothesis approach. In section 4 results from
the EMswitch update algorithm will be compared to other
methods. Finally, conclusions will be given in section 5.

2. THE EM ALGORITHM FOR BACKGROUND
MODELLING

The Expectation Maximisation (EM) algorithm is used to
update a Probability Density Function (PDF) of the data.
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This PDF models the occurrence frequency of colours
over time for each pixel using a number of Gaussian ker-
nels.
In subsection 2.1 a short explanation will be given of the
cases in which one should use more than one kernel to de-
scribe the background. After that two algorithms will be
discussed to classify between foreground and background.
It then becomes clear why it is important to have an ac-
curate model of the background statistics. The last part
discusses which problems one can run into when updating
the model.

2.1. The number of kernels in the mixture model

Only one kernel is needed to model a static background,
but backgrounds are not always static. Examples of non-
static backgrounds are:

• Water
• Moving trees and vegetation
• Computer screens and TVs

EM models such backgrounds by using more kernels.
Generally, it can be said that the more complex the back-
ground is, the more kernels are needed. On the other hand,
the more kernels are used, the more data is necessary for
the model to converge to an accurate description of the
background.
An additional reason to add kernels is when the mixture
model is used not only to describe the background, but
also the foreground. The model is updated for each frame,
regardless whether a pixel depicts foreground or back-
ground. Using the assumption that the colour of fore-
ground objects and the background are distinct, they will
be modelled in the PDF by different kernels. Classifi-
cation is done by labelling kernels background or fore-
ground. When there are not sufficient kernels to model
all occurring foreground colours, kernels describing the
background will be disturbed when foreground objects
pass.

2.2. Classification between foreground and back-
ground

For classification between foreground and background
two algorithms will be used. The first approach is the
classification algorithm proposed by Stauffer, using one
model to describe both background and foreground statis-
tics. The second approach is the algorithm we propose.
It uses separate models for foreground and background
statistics, allowing classification based on probabilities.

2.2.1. TheStauffer classification approach

The Stauffer classification algorithm [6] is based on the
assumption that colour distributions of the foreground and

background are distinct. In this way, separate kernels will
be used to model the foreground and background. Clas-
sification is performed by assigning a label to each of the
kernels, determining whether they model foreground or
background.
First the kernels are ordered in descending order by their
value of π/σ, with π the prior probability and σ the stan-
dard deviation of the kernel. The first B kernels are then
chosen as the background model, where

B = arg min
b

( b
∑

n=1

πn > TPriorsum

)

, (1)

with TPriorsum a constant threshold. Classification is done
by checking whether for colour ~x

| ~x − ~µn |< TStauffer (2)

for any of the kernels labelled as background. TStauffer
is a threshold related to the variance of the kernel, so
TStauffer = k | σn | with k a constant.
This classification method performs well with static back-
grounds. Using it with non-static backgrounds causes
problems deciding which kernel describes background
when there are long occlusions. For example, if the back-
ground has value ~b1 in 60% of the time, and value ~b2 the
remaining 40%, but is occluded for 30% of the time by
one or more objects with a value ~o, That would give the
following prior probabilities: πb1 = 42%, πb2 = 28% and
πo = 30%. Using the prior probabilities only (This ex-
ample is simplified by taking equal standard deviation for
all kernels. TPriorsum = 50% is used.) will result in back-
ground when either value ~b1 or ~o is measured, and fore-
ground when value~b2 is measured. This is not the desired
result of the algorithm. This problem could be solved up-
dating the background model less fast, but that would lead
to problems with illumination changes.
Situations where the background and foreground colour
distributions are not distinct can also cause problems. In
these situations the foreground and background will not be
modelled in separate kernels, so labelling of the kernels is
senseless.

2.2.2. Theproposedclassification approach

For situations where the background is not static, or the
background and foreground colour distributions are not
distinct, it is proposed to compare the probabilities that
the pixel belongs to the background or the foreground.
Both the foreground and the background are modelled,
and P (~x|F ) and P (~x|B), the probabilities for the pixel
colour ~x in the current frame for the hypothesis that it
is foreground or background, are given by the mixture
model.
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These probabilities are compared and classified such that
the sum of the cost for a missed detection and the cost for
a false alarm is minimised. The Bayes criterion gives that
a pixel should be assign to the background when:

P (~x|F )

P (~x|B)
<

CBP (B)

CF P (F )
, (3)

where CF and CB are the costs of misclassification, and
P (F ) and P (B) are the a priori foreground and back-
ground probabilities.
In this approach there is no need to label kernels as in
the Stauffer approach. Classification is based on the high-
est probability, meaning that if the models are accurate,
classification results will be optimal (i.e. the total cost of
misclassification will be minimal).
To be able to use this classification approach, one model
is needed for the foreground and one for the background.
The background model should be per pixel, as the back-
ground will be different per pixel. Foreground objects,
on the other hand, are not static. They can move over all
pixels, so it makes sense to spatially share the foreground
model. Only one model is used for describing all fore-
ground objects depicted in all pixels. A model of the fore-
ground objects can also be obtained by tracking known
objects, see [1] where for each pixel the probability is cal-
culated that it belongs to a certain object. Classification
can now be performed by choosing the class (background
or one of the objects) which is most probable.

2.3. Updating the model

In the previous section two separate models for the classi-
fication based on probabilities have been introduced, one
to describe the foreground and one to describe the back-
ground.
The background and foreground models (in this paper the
foreground model is considered static, see [1] for a model
of foreground objects) need to be estimated from the data,
and updated to allow for gradual changes. However, it
is not trivial to decide when to update which model. A
naive approximation is to update them according to the
classification result, but this results in underestimating the
standard deviation of the background kernels. (Assuming)
to draw from a Gaussian distribution, values in the tail of
the background distribution will be wrongly classified as
foreground. As this does not happen frequently, it will
not cause problems for the classification. However, it will
cause problems when the background is not updated due
to the error in the classification. The standard deviation
will be underestimated and subsequently more pixels will
be misclassified as foreground. This problem increases
over time, see figure 1.
A second problem is that when a pixel should be fore-
ground, but the colour is still described well enough by

Figure 1: Whenonly updatinga kernelwhenthe new valueis
betweenan interval givenby the meanand standard variation
(dottedlines), the tail of thedistribution is not updated,seethe
figure on theleft. Whenonly this part of thedistribution is used
(drawncurvein thecentre figure),a new Gaussiankernel is es-
timatedwhich hasa lower standard deviation (dashedcurve).
Again, only sampleswithin the dottedlines are usedto update
the kernel, so in the next framethis kernel will havean even
smallerstandard deviation,seethefigureon theright.

the background model to be classified as background,
the background model will be updated with foreground
colours, which leads to a bad representation of the real
background and subsequently bad classification results. In
short, updates of the background model are not wanted
when a pixel shows foreground.
So on the one hand updates for values in the tail of
the Gaussian distribution should not be missed, and on
the other hand updates of the background model are not
wanted when the pixel might depict foreground. To meet
these contradicting demands, the update strategy for the
models need to be considered. In the next section a multi-
hypothesis approach will be discussed.

3. EMSWITCH, THE PROPOSED UPDATE
ALGORITHM

To decide when and when not to update a model, time, and
especially the behaviour of possible objects in time will
be considered. As the goal is to classify between steady
background and moving foreground, the behaviour of the
foreground objects can help to decide when to update.
In the following section a multi-hypothesis approach is
considered. It will be shown that it solves the problem,
but at a huge cost. Then, the EMswitch update strategy,
which incorporates many of the advantages of the multi-
hypothesis approach with a minimum of computations and
necessary memory, is introduced.

3.1. Multi-hypothesis approach

Using knowledge about possible objects, it is judged
whether either the foreground or background model of a
pixel in frame t should be updated. This is done using
multi-hypothesis, so the decision is postponed for a num-
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ber of frames to obtain more evidence for the correct clas-
sification, then the decision is made.
For updating the models it is not a big disadvantage that
there is a delay, as slow changes in the background are
expected. For object detection in a real-time application
it would pose a problem, so the multi-hypothesis classifi-
cation will not be used for this. This is not a big disad-
vantage, because misclassifications are caused by values
in the tail of the Gaussian distributions they will not occur
very frequently, and if they occur it will be mostly iso-
lated pixels that can easily be filtered out and ignored. SO
the instantaneous classification result is well enough for
object detection.
It is proposed to use a multi-hypothesis approach to solve
the following problems:

• When values in the tail of the distribution are not
used for updates, the standard deviation will be un-
derestimated.

• When an object stays at a certain location, it should
be regarded as changed background instead of an
object.

This induces demands on the period that objects are visi-
ble. An object should be visible in a certain pixel during
NF frames, where

NFmin < NF < NFmax, (4)

with NFmin small, a few frames and NFmax large, about
thousand frames.
Objects which are depicted shorter than NFmin frames by
a pixel will not be detected, while when a pixel depicts
foreground longer than NFmax frames it will be consid-
ered changed background. When this happens, a model of
this new background should be available. Between each
object (or group of objects) it is expected to see the back-
ground for at least NBmin frames, otherwise it is consid-
ered to be one object and the background is not updated
in between the sub-objects. NBmin can be small, a few
frames. As NFmin and NBmin are small and NFmax is
large, these assumptions are not too tight for image se-
quences in surveillance applications.
A multi-hypothesis tree is now built (see figure 2(a)). In-
stead of just updating the model for each frame according
to classification, all hypotheses are split, whereby the fore-
ground model is updated in the one, and the background
model is updated in the other. After a number of frames
NMH (at least the maximum of NBmin and NFmin, but
preferably as much as NFmax), the most probable branch
from the multi-hypothesis tree is selected by using the
knowledge about the life-time of the objects given above.
The other branch is removed (pruned).
This solves both problems, but at a huge cost. The com-
plexity of this algorithm is O(2n) with n in the order of
the maximum of NFmin and NBmin.

(a) Multi-hypothesis

(b) EMswitch

Figure 2: Thisfigure showsthepossiblestatetransitionsusing
multi-hypothesiswith a memoryof threeframesand EMswitch
for which both NFmin and NBmin are equal to two, so after
three sequential classificationsother than the initial state, the
stateis changed from B to F or vice versa. Thenumbergives
thenumberof framesthepixelhasbeenin a switch state, soSF2
meansthat thepixel hasbeenin switch stateSF for two frames.
ThestatesB3, F2, F3 and F4 from multi-hypothesiscannotbe
usedin EMswitch becauseonly twobackgroundmodelsarekept
in memorysimultaneously, onefor thestablestateB andonefor
theswitch statesSF or SB.

3.2. The EMswitch update strategy

In this section the EMswitch update strategy is introduced.
It is derived from the multi-hypothesis approach described
above, but only two simultaneous background models and
one foreground model will be used.
Looking at the differences between the foreground and
background model, it can be see that as the foreground
model is shared by all pixels, it poses no problem when it
is not always updated. This model can be updated when
it is certain that the pixel depicts foreground. When there
is doubt the model will not be updated. The background
model on the other hand, should be updated as often as
possible. In case of doubt a copy of the current model
is made before updating. When it shows that the update
was wrongly performed, the original model is restored by
means of the copy that was made.
EMswitch uses four states: B (background), F (fore-
ground), SB (switch to background) and SF (switch to
foreground). As long as the state of a pixel is B or F and
the classification result is the same, the state remains and
the corresponding model is updated. In these cases there
is no restoration possible. When the classification result is
different from the state of a pixel, the state of that pixel is
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Figure 3: Thisfigure showsthepossibletransitionsin EMswitch betweeneach state. Conditionsare printed in black, actionsin red
italics.

Figure 4: Thisfigureshowsthestatetransitionsin EMswitch for onepixel in a syntheticsequence. Fivegraphsareshown,fromtop to
bottom:groundtruth classification,EM classification,currentstateof EMswitch, modelswhich areupdatedin EMswitch, and counters
which areupdatedin EMswitch. Arrowsindicatethecopyor restoreof a model.

changed to an intermediate state (from B to SF and from
F to SB) indicating that there is a possible switch from F
to B or vice versa (see also figures 3 and 4).
When the state of a pixel was B and the pixel is classified
as foreground a copy of the background model is made,
the foreground counter CF is reset and the state is changed
to SF. In this state counter CF and the copy of the back-
ground model P (~x|Bc) are updated for each frame. The
state of the pixel is not changed until either the counter
CF reaches NFmin, in which case the new state becomes
F, or when a pixel is classified as background, the state
transfers back to B and the model of the background is
replaced with the copy.
For a pixel of which the state transfers to SB the counter
CB is reset. In state SB counter CB is updated for each

frame. The state of the pixel remains SB until the counter
CB reaches NBmin, in which case the state transfers to
B, or until the pixel is classified as foreground. The state
then returns to F.

The rules mentioned above solve the problem of values in
the tail of a distribution. To cope with a possible change of
background counter CF and the copy of the background
model P (~x|Bc) are updated in states F and SB. When the
counter CF reaches NFmax the background is considered
changed. The background model is written over with the
updated copy and the state of the pixels transfers to B. In
this way, as soon as a change of background is assumed,
the new background model is available.
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3.2.1. Comparisonto multi-hypothesis

As can be seen in figure 2(b), the algorithm introduced can
be seen as a partial multi-hypothesis algorithm. When the
state of a pixel is SB2 the state can transfer to F, but it is
not possible to go one step back to SB1. The same holds
for state SF. A problem that remains with EMswitch oc-
curs when a pixel depicts foreground, and while its state is
still SF, the pixel is erroneous classified as background for
one frame. The foreground colour will be updated in the
background model. This will however only occur when
the object closely resembles the background.

3.2.2. EMswitch initialisation

The mixture model describing only the background has to
be initialised, but how can it be decided whether or not a
pixel belongs to the background if there is no background
model? This can be solved by starting with Stauffer clas-
sification, and use this classification to initialise the back-
ground model.
A state I (Initialisation) and a counter CI are introduced.
All pixels start with state I. The initialisation is as follows:

• Use the first frames(until CI > NI1) only to update
an additional model P (~x).

• Until CI > NI2, i.e. the next number of updates,
use P (~x) to classify between foreground and back-
ground using Stauffer classification. Update CI and
P (~x|B) only for frames for which the classification
result of the pixel is background and update P (~x)
for all frames.

• Now set the highest prior probability to 0.99 and all
others to 0.01

nKer−1
, with nKer the number of kernels

in the mixture model.
• Start using the combination of P (~x|F ) and P (~x|B)

for classification. End of initialisation.

In the initialisation phase the Stauffer classification is used
as it can handle a mixed model of foreground and back-
ground.

4. EXPERIMENTAL RESULTS

In this section the results on some real-life test sequences
will be shown. The results of three methods are compared:

• AlwaysUpdate, always update the model, classify
using Stauffer classification.

• UpdateBackgroundOnly, update the model only
when the classification result is background, clas-
sify using Stauffer classification.

• EMswitch, update using the EMswitch algorithm,
classify using probabilities.

Updating the models is always done by using the original
online EM algorithm, since there are some problems in
the way Stauffer updates, see for example [7].
The classification results for several frames of the test se-
quences and numerical results to evaluate which method
performs best will be given. First, the image sequences
used will be described and some implementation details
and settings of the algorithm will be given. Subsequently,
the classification results will be shown and discussed.

4.1. Image sequences and ground truth labelling

Two real-life image sequences were used:

• Intratuin, Parking lot with moving tree, 1300
frames.

• PETS 2001, DATASET 3, TRAINING, CAM-
ERA1. Dataset from the IEEE International Work-
shop on Performance Evaluation of Tracking and
Surveillance (PETS). The images contain small and
large objects, and there are large changes in illumi-
nation intensity. 5563 frames.

Both sequences are colour video data with eight bit per
colour. They were processed with the same parameter set-
tings, without additional tuning.
A number of frames were manually labelled: For
PETS2001 every 500th frame. For the Intratuin sequence
every 250th frame was labelled. Each pixel was labelled
as one of: foreground, background, or any. Classified
frames were compared to the corresponding labelled im-
age, and the ratios of correctly classified foreground over
total foreground pixels (RF ) and correctly classified back-
ground over total background pixels (RB) were deter-
mined. For the EMswitch algorithm this was additionally
performed for the stable states (F and B) and switch states
(SF and SB) separately, because the stable states were
expected to perform much better than the switch states.
By using these ratios, an objective evaluation can be per-
formed between different parameter settings and between
different algorithms.

4.2. Implementation details

In all experiments the following parameters settings were
used as defaults:

• RGB colour space and 3D Gaussian kernels with
diagonal covariance matrices were used.

• P (~x|F ) was taken to be uniformly distributed with
a value: P (~x|F ) = 1

2563 .
• Number of kernels: nKer= 5.
• Thresholds: Tpriorsum = 0.5, TStauffer =

√
5 | σ |.

• N’s: NI1 = 100, NI2 = 200, NFmax = 350,
NFmin = 3, NBmin = 3.
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• Update speed of the EM algorithm = 0.01 (the
higher this value, the faster the model reacts on the
data).

• P (B) = 1 − P (F ) = 0.5 and CB

CF

= 0.05.

• For isolated pixels the classification result was
changed to that of the surrounding pixels.

4.3. Classification results

The results for the AlwaysUpdate and the EMswitch al-
gorithms on the test sequences are shown in figure 5.
It can be seen that both algorithms perform comparably
well on the “PETS2001” sequence. On the “Intratuin” se-
quence the model updated using EMswitch performs bet-
ter. When using AlwaysUpdate there are large holes in the
objects caused by earlier passing cars. As the model was
updated when the cars passed by, the background model
was disturbed.
In figure 7 ROC curves are shown for different settings.
The update speed was varied between 0.0001 and 0.1,
and the detection thresholds between 1 and

√
15 from

their initial settings. It can be seen that for UpdateBack-
groundOnly (which, as explained in section 2.3, has prob-
lems) performs better than expected for the “Intratuin” se-
quence, although it is expected that it does not model the
statistics of the background very accurately. Figures 7(c)
and 7(d) show the sensitivity to variations in the update
speed. The closer the points are together, the less sensitive
the algorithm is. As these figures illustrate, the EMswitch
algorithm is more robust for parameter settings than both
other methods.
The robustness of EMswitch for the update speed is
caused by foreground objects not being updated in the
background model, so their colours will not become part
of this model. Only when objects are at a certain loca-
tion for such a long time that it can be said that the back-
ground must have changed (longer than NFmax frames),
the background model is renewed.
Because the background model is not updated for fore-
ground objects, the update speed can be chosen to be rel-
atively high, which is an advantage when there are fast
illumination changes. In figure 6 the results are shown
of processing the “Intratuin” sequence with a ten times
higher update speed. As can be seen, most objects are lost
when using AlwaysUpdate.
The robustness of an algorithm can also be tested by us-
ing optimal parameter settings of one image sequence on
another, and comparing the results to those using optimal
settings for this image sequence. As shown in table 1, EM-
switch has less than one fourth the performance decrease
as both other update algorithms.
In figure 7(e) ROC curves are drawn for EMswitch and
the stable and switch states. It is clear that the majority of
the errors are in the switch states. For applications where

(a) PETS2001 frame 300

(b) PETS2001 frame 2200

(c) PETS2001 frame 4900

(d) Intratuin frame 500

(e) Intratuin frame 800

(f) Intratuin frame 1100

Figure 5: Classificationresults.For each frametheinput frame,
the resultsof AlwaysUpdateusing Stauffer classification,and
theresultsof usingEMswitch updatingwith probability classifi-
cationare shownrespectively. Whitepixelsdepictbackground,
black pixelsforeground.

(a) frame 500

(b) frame 800

(c) frame 1100

Figure 6: Resultson the“Intr atuin“ sequencewith a tentimes
higherupdatespeed.
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Table 1: Differentimagesequencesmayhavedifferentoptimal parametersettings.If thereis a largedifferencein performancebetween
usingthe optimal settingsfor onesequenceand usingthe optimal settingfor another, the methodis very sensitiveto the parameter
setting. Thenumbers in this tablesare theaverageof RF andRB .

Image sequence: PETS2001 sequence Intratuin sequence
Parameter setting optimal for: PETS2001 Intratuin Difference PETS2001 Intratuin Difference

AlwaysUpdate 93.4 % 80.6 % 12.8 % 61.5 % 83.7 % 22.2 %
UpdateBackgroundOnly 94.1 % 76.2 % 17.9 % 78.0 % 93.3 % 15.3 %

EMswitch 90.7 % 89.7 % 1.0 % 91.5 % 94.4 % 2.9 %
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Update background only
EMswitch
Switch
Stable

(e) Intratuin, thresholds, EMswitch states

Figure 7: ROC curvesfor variation of the updatespeedand
detectionthresholds.Thecloserto top-left, thebetter(notethe
axeslimits). Arrowsindicatethedefaultsettings.Whenthecost
of falselydetectedand missedobjectpixelsare equal, lines of
equalperformanceareperpendicularto theblack dashedline.

there can be a small time shift, for example with non real-
time applications, classification of EMswitch can be im-
proved by using this information.

5. CONCLUSIONS

In this paper a novel classification method for object de-
tection has been introduced using Expectation Maximi-
sation. This method uses separate models for the back-
ground and foreground. Classification is done by compar-
ing background and foreground probabilities.
It was demonstrated that to obtain separate models for

background and foreground, a form of reasoning is nec-
essary to update the background model, because the stan-
dard deviation is otherwise not estimated correctly. To
update the background model EMswitch has been intro-
duced: an update strategy based on multi-hypothesis using
life-time knowledge about the expected objects.
Numerical results were provided for two real-life image
sequences that show that probability-based classification
performs equally well or better than Stauffer classifica-
tion which uses a shared model for foreground and back-
ground. It was also demonstrated that the method intro-
duced is less sensitive to the setting of the update speed
and detection threshold.
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