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ABSTRACT

The topic of this paper is the integration of Expectation
Maximization (EM) background modeling and template match-
ing using color histograms as templates to improve person
tracking for surveillance applications.

The tracked objects are humans, which are not rigid
bodies. As such shape deformations of the objects must be
allowed. For each frame, the decision has to be made which
pixels belong to an object, and which do not.

The integration of detection and tracking is done using
a likelihood-based framework. This way the classification
of pixels between background and object can be based on
comparing likelihoods rather then separate thresholds. A
demonstration of the proposed algorithm will be given.

1. INTRODUCTION

A surveillance application ([1, 2, 3]) usually consists of some
sort of moving object detection, object tracking, and higher
order processing, like the detection of persons entering a
prohibited area, face recognition for identification, or ges-
ture recognition to determine what a person is doing. This
paper concentrates on the two initial steps, moving object
detection and object tracking.

Often, background modeling is used to detect moving
objects. Toyama compares a number of these algorithms
in [2]. A popular algorithm is Expectation Maximization
(EM, [4]). Because of increasing speed of computers, it is
now feasible to make real-time implementations (using the
online version of this algorithm described in [5]). The al-
gorithm models the background by creating for each pixel a
model of the appearance of colors over time. This model is
described by a mixture of Gaussian kernels. For every new
frame, the new color value of each pixel is compared to the
mixture model, and this way the likelihood that this pixel
is background can be calculated. Because this approach is
adaptive, initialization with an empty scene is not necessary,
which is a considerable advantage over non-adaptive algo-
rithms.

By thresholding the likelihood image produced by the
background estimation, new foreground objects can be de-
tected. The detected objects need to be tracked. This is
possible by using a Kalman filter [6] on their positions, let-
ting the Kalman filter solve the correspondence problem be-
tween the frames. However, humans easily change direction
and speed, and tend to interact with each other. That is why
additional features are necessary to keep the different ob-
jects separated. Two frequently used features are shape and
color. We will use the color histogram of the object as fea-
ture. The use of color histograms for object location was
introduced in [7] and is frequently used to find objects in
image achieves.

Histogram-based object recognition ([7]) has the advan-
tage that it is invariant to limited deformations of the ob-
ject itself. It also allows for an efficient algorithm. The
histogram-based “template matching” algorithm (in the re-
mainder of this paper called histogram matching) does not
use least squares to compare the image and the template, but
compares the two histograms. It can be implemented very
efficient because no spatial information is incorporated in
the model. So when the region of interest is shifted over the
image, for each new shift position, only the pixels which
“shift in” and those that‘ “shift out” need to be processed to
find the new match-error at that position.

Section 2 shows how the tracking of objects results in a
likelihood whether a pixel belongs to a certain object. Using
these likelihoods, and the likelihood for background, all pix-
els are classified without the use of thresholds. The specifics
of our implementation will be explained in section 3. In sec-
tion 4 we will describe some experiments performed with
the algorithm and finally, conclusions will be given in sec-
tion 5.

2. LIKELIHOOD INTEGRATION

This section describes the idea of likelihood integration. For
an overview of the entire system, see section 3.

As a result of the background modeling, for each pixel
we predict how likely it is that the pixel belongs to the back-
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ground. Provided that we also have a likelihood for the pixel
being object, no thresholds will be necessary in the classi-
fication of the pixels between background and any of the
objects: we assign the pixels to the class with the highest
likelihood.

Looking at the physics of the objects we want to track,
we notice that between two frames, objects can move only
a certain distance, and also their shape can modify slightly.
Thus, the object-core (by the word object-core we mean the
entire object except for a layer of certain thickness at the
boundary) will not change significantly by deformation of
the object, and because of the limited speed of the objects, it
will not be occluded by other objects. As such we can obtain
the new position of the object-core by histogram matching.
At the new location, all pixels belonging to the object-core
are assumed to belong to the object, so their object likeli-
hood is close to one, depending on the match-error.

For the pixels close to the boundary of the object, this
will not hold. The likelihood that they belong to the object
is determined by three factors:

• Distance to the object-core.

• Likelihood of a pixel with this color, given the object
histogram.

• Likelihood of a pixel with this color, given the object
histogram and the pixels belonging to the object-core.

The first item can easily be calculated by a distance
transform [8] of the object-core (see figure 1(b)). The sec-
ond item is given by the count in the associated bin of the
object histogram H in relation to the total number of pixels
in the histogram (see figure 1(c)). The third item is more
complicated. We already have all pixels belonging to the
object-core assigned to belong to the object. These can be
removed from the object histogram by subtraction of the
object-core histogram C. This results in a wish-histogram
W of missing values. Normalization so the values lie be-
tween zero and one gives:

W =
1
2

+
1
2
H − C
H + C

. (1)

Locations where W has a high value are the color-values
we still need to make our object histogram the same as in
the previous frame (see figure 1(d)).

The three likelihoods mentioned above can be combined
by multiplying them to calculate one object likelihood, so

L(x, y,�c) = LD(x, y) · L(�c|H) · L(�c|W) (2)

with LD a likelihood related to the distance and �c the vector
of color values of the pixel at location x, y.

The maximum speed and deformability of the objects
determines which pixels need to be processed (the width
of the boundary). All other pixels get an object likelihood

equal to zero for this object. After calculating a likelihood-
image for each object, classification can be performed by
taking the maximum for each pixel of the set of background
likelihood and object likelihoods. Subsequently some post-
processing is necessary in the case of objects which (for ex-
ample due to occlusion) split, and to deal with small isolated
regions of one class inside an other class.

3. IMPLEMENTATION

In this section some details of our implementation will be
described. First the overall pseudo-code will be given, then
some parts of the implementation will be explained in more
detail.

Pseudo-code of the algorithm for each frame:

1. Calculate the object-core of known objects.

2. Read new image.

3. Get Kalman prediction for known objects.

4. Find object-core location using histogram matching

5. For all pixels close to an object-core, calculate the likeli-
hood for their object and the background.

6. Classify the pixels based on their likelihoods.

7. Detect new objects by thresholding the likelihood of pixels
classified as background.

8. Perform post-processing.

9. Update the background for those pixels classified as back-
ground.

10. Update object and Kalman parameters.

3.1. Background modeling

The EM background modeling algorithm we used is de-
scribed in more detail in [9]. This work is closely related
to the work of Stauffer and Grimson [10], but as opposed to
Stauffer and Grimson, it updates all kernels. This results in
a more accurate estimate of the variance of the kernels [11].

In order to reduce artifacts from shadows and changes
in the light-intensity, we use the r and g channels from nor-
malized rgb as features of the background model. An addi-
tional advantage is that this normalized color space is two
dimensional and practically without any correlation, which
results in a faster algorithm, as we treat the two channels as
independent of each other. In the (r, g)-space, we use the
EM algorithm to model the data per pixel by two separate
1D mixtures of Gaussian kernels (although the use of 2D
kernels is being considered), one for r and one for g. Four
kernels are used per color, one to describe the background,
and three to prevent this kernel from changing too fast when
an object occludes the background. The kernel with the
highest prior is regarded to describe the background, the
other kernels the foreground. As initialization, 100 frames
(4 seconds) are processed before object detection and track-
ing is started. After the initialization period, the background
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(a) (b) (c) (d) (e) (f) (g) (h)

Fig. 1. Step-by-step algorithm description. A shows the object in frame t. B, c, d and e show the likelihood based on distance,
histogram, wish-histogram, and background respectively. F shows where the object likelihood is maximal. G shows in light-
gray the background and object-core, in white the pixels which were kept, in black the pixels which were removed, and in
dark-grey the pixels which were added. Finally h shows the object in frame t + 1. (Actually, Some frames were skipped to
show the difference more clearly.)

model is updated each frame for only those pixels which are
labeled as background.

3.2. Object modeling

Similar to the background model, the object templates (a
color histogram in our case) need to be updated. In order to
prevent bad templates from one bad estimate of the location
or occlusion, the templates are updated with only a small
fraction γ of the object in the new image. The update of the
color histogram is done by:

Ht+1 = (1 − γ)Ht + γN, (3)

where H is the template histogram and N is the histogram
of the object in the new frame. Here we choose to use the
full RGB histogram, and not use normalized rgb, because
of its higher selectivity. We can do so, because the update
speed for the objects is much greater than that for the back-
ground model, as the appearance of objects tends to change
faster than the background. The number of bins of the his-
tograms used is eight for each of the three dimensions.

As shown, there are some differences between modeling
the background and the objects. As the number of objects
in the data is limited, it is feasible to memorize the full his-
tograms of the objects, as opposed to memorizing a full his-
togram for each pixel, which would require too much mem-
ory. The update speed of the background should be much
slower then the update of the histograms using γ. That is
because different time-scales are involved. The modeling
of the background should not be affected by passing objects,
so updating is done slowly. The update of the objects on the
other hand, should be much faster, as mentioned before.

3.3. Object tracking

Likelihood calculation of the objects is done in two stages.
First, histogram matching is used to find the best location
of the object-core. The second stage is determining which
pixels could belong to the object and calculate their object
likelihood.

To perform histogram matching, a binary erosion of the
object in the previous frame is applied (see figure 1(g)).
The size of the structuring element is based on the maxi-
mal speed of the objects, and is in our case 5x5 pixels. This
provides the set of object-core pixels. At different locations
in the new image, the histogram of the object-core is com-
pared to the histogram we would obtain if the object-core
would be at this location. The sum of absolute differences
is used as measure of fit. The location of the best fit is cho-
sen as the new object-core location, and the pixels given by
the object-core at this location are assigned an object like-
lihood of one. The histogram of the object-core is updated
using equation (3).

In order to improve the speed of the histogram match-
ing, an estimate of the object location is calculated by us-
ing a Kalman filter. The new location is used to update the
Kalman filter. This reduces the area we have to perform this
(histogram based) template matching in.

Using a binary dilation on the object-core (with twice
the size of the erosion which has been used to create the
object-core from the object) gives us those pixels which
could belong to the object. For those pixels we calculate
the object likelihood as described in section 2.

3.4. Object detection

New objects are detected using a threshold on the likelihood
of pixels classified as background. The physics of the ob-
jects determines the minimum size of an object, providing
a criterium whether or not a blob can be an object. Objects
which are too small are re-labeled as background.

4. EXPERIMENTS

For our experiments we used data recorded in the main hall
of an airport using a digital video camera. The camera was
located at the second floor. We used an background up-
date of 0.01, a foreground update (γ) of 0.1, a threshold on
the background likelihood of 5 on a scale of 0-255, and a
minimum object-size of 300 pixels. These parameters were
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Fig. 2. Results of the background estimation and tracking
after 337 frames. A and b are two images from earlier in
the sequence (frames 235 and 285). C shows the current in-
put image (frame 337) and d the related background likeli-
hood. E shows three tracked blobs (white) with their bound-
ary (colored), a bounding rectangle, and the path the objects
have made in the past (squares and circles). F shows the in-
put frame with the same information as in e overplayed.

determined by a visual inspection of the result. The size of
the images was 392x270 pixels.

In figure 1 we show only part of the image, and we
skipped some frames to make the difference between the
old and new object more clear. Figures 2(a), 2(b) and 2(c)
show different frames in a sequence. In Figure 2(c), the
frame which is being processed is shown. Figure 2(d) shows
the background likelihoods, while figure 2(e) shows the seg-
mentation and track results using our integration algorithm.
Finally, figure 2(f) shows the input image with tracking info.

5. CONCLUSIONS

We have shown that two important steps of video surveil-
lance, object detection and tracking, can be integrated by a
likelihood-based algorithm. This approach has the advan-
tage that no thresholds are necessary to re-find previously
detected objects. This also leads to better object segmenta-
tion and easier detection of (partial) occlusion.

The object-core is tracked using template matching. Pix-
els near the object boundary are classified in each frame us-
ing a likelihood-based algorithm, which strives to keep the
color information in the object constant, while allowing the
object pixels to shift relative positions.
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