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Abstract

In this paper we present an algorithm for detect-
ing objects in a sequence of color images taken from
a moving camera. The first step of our algorithm is
the estimation of motion in the image plane. Instead of
calculating optical flow, tracking single points, edges
or regions over a sequence of images, we determine
the motion of clusters, built by grouping of pixels in
a color/position feature space. The second step is a
motion-based segmentation, where adjacent clusters
with similar trajectories are combined to build ob-
ject hypotheses. Our application area is vision-based
driving assistance. The algorithm has been success-
fully tested in traffic scenes containing objects, such
as cars, motorcycles, and pedestrians.
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tion segmentation, tracking.

1. Introduction

A common approach to extracting moving objects
from the background is segmentation based on image
motion. Spatio-temporal changesintheimage dataare
used to estimate image motion, which is the projec-
tion of 3D-motion in theimage plane. In a subsequent
motion segmentation, each image is divided into seg-
ments corresponding to objects with different motion
properties. There are two important requirements for
this approach: dense motion estimates must be cal cu-
lated and motion discontinuities must be preserved.

Many algorithms estimate the optical flow (veloc-
ity field in the image plane) by calculating the spatio-
tempora gradient of the local intensity distribution
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[1]. The main problem is that the optical flow can-
not be reliably estimated in image parts with approx-
imately uniform intensity. To overcome this prob-
lem, a smoothness constraint for the whole image is
introduced in [1, 2]. It results in the estimation of
a dense, smoothly varying velocity field. However,
large estimation errors occur at discontinuities in the
true velocity field. To preserve motion discontinuities,
constraints can be applied to image regions, where a
continuous velocity field can be assumed. In [3, 4],
intensity-based segmentation techniques are used to
determine such image regions.

Another group of motion estimation techniques is
based on tracking image features over a sequence of
images. Tracking points with prominent features is
described in [5, 6]; tracking edges is proposed in [7].
However, the density of tracked points or edgesis of-
ten not sufficient for motion-based segmentation. We
have shown in [8], that tracking colored regions deter-
mined by color segmentation yield good resultsfor de-
tecting vehicles on highways. Despite the early reduc-
tion of data in the color segmentation, this approach
neverthel ess generates motion information across the
whole image. Moreover, discontinuities in image mo-
tion, which are likely to coincide with border lines
of color segments, are preserved. Findly, the task
of motion segmentation is simplified to grouping of
a few hundred color segments instead of thousands
of pixels. However, performing color segmentation
for each image independently, sometimes lead to un-
stable segmentation results over time. Assuming im-
age sequences with small frame-to-frame changes, we
suggested a different algorithm [9] for time consistent
color segmentation based on clustering. Each image
is clustered in a feature space, defined by the color
(R,G, B) and the position (z,y) of a pixel. The
fina partitioning is fully described by the so called
prototypes, which are the centroids of the clustersin
the color/position feature space. The first image of



a sequence is segmented by a divisive clustering al-
gorithm, which only needs to be initialized with the
number of clusters. In the consecutive frames the pro-
totypes of the previous frame are shifted in the fea
ture space by parallel k-means clustering to fit the new
image data. Thus we obtain consistent segmentation
results over time. Moreover no explicit matching of
corresponding clustersisrequired. In this contribution
we improve the approach by adding a Kalman filter,
which predictsthe position of each prototype, based on
its given trgjectory in the image plane (see Figure 1).

Once image motion has been estimated, a mo-
tion segmentation is applied to partition each image
into object hypotheses. While most segmentation ap-
proaches are based on the instantaneous image mo-
tion, the proposed method uses motion information ac-
cumulated over severa frames. It combines adjacent
clusters with similar trgjectories into object hypothe-
ses. Since we are mainly interested in objects which
are close to the observer and move relative to the cam-
era, only those clusters are considered which show a
significant displacement in the image plane.

The outline of the paper is as follows. In Sec. 2
we briefly describe the estimation of image motion
by clustering. The motion-based segmentation is ex-
plained in Sec. 3. Our results are presented in Sec. 4.
The paper is summarized in Sec. 5.
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Fig. 1: Overview

2. Motion Estimation by Clustering

Each pixel n intheimage is described by afeature
vector f,,, containing its color in the RGB space and
itspositionintheimage: f,, = (R, Gy, By, w-,,,w-
Yn), Where z,, isthe horizontal and y,, the vertical po-
sition of pixel n in the image plane. The weighting
between color and position is determined by the fac-
tor w. The task of clustering is to find a given num-
ber R of prototypes p,., which minimize the sum of
quantization errors: Y-, ||, — Pr(n)||?, wWhere p,(,,
is the prototype closest to the feature vector f,, in the
color/position feature space. The weighting factor w

has strong influence on the clustering result. Asshown
in Figure 2, large values of w result in compact, square
shaped clusters. Decreasing w will diffuse the clusters
in theimage plane. For our purposesw = 1 seemed to
be reasonable choice.

For the segmentation of the first image we use a
divisive vector quantization [10] which partitions the
image into a preselected number of clusters.

For each following image the predicted prototypes
of the preceeding image serve as seeds for the paral-
lel k-means clustering [11] in the current image. This
clustering produces a new set of prototypes for the
next image. Paralel k-means clustering consists of
two steps per iteration:
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Where C is the set of pixelsin a cluster, i is the
counter for theiterations, r istheindex of acluster and
its corresponding prototype, and size[C] is the number
of pixelsin cluster C.

In the partitioning step each pixel n, character-
ized by its feature vector f,,, is assigned to the cluster
C.(i + 1) with the closest prototype p (7). After that,
the prototypes p-(i + 1) are recomputed as the aver-
age of the datain their clusters. Each of these two al-
ternating steps reduces the sum of quantization errors
until no further changes occur. At this stage a local
minimum of the sum of quantization errors has been
obtained.

Assuming a continuous motion behavior of clus-
ters, prediction techniques can be used to increase the
robustness of motion estimation. For each prototype
we predict its positon z,y in the next frame with a
standard Kalman filter. The color features are kept un-
changed. Since there are various types of objects in
traffic scenes, a rather general kinematic model [12]
is chosen for the Kalman filter: The motion along the
z and y axes are regarded to be decoupled, z and y
motions are therefore predicted by two separate fil-
ters. The motion of the cluster is assumed to have ap-
proximately constant velocity. To account for slight
changes in the velocity, the time continuous accela-
ration is modeled as white noise. The discrete state
equation with asampling period T' is:

s(k+1)=As(k)+w(k) 2



Fig. 2: Influence of weighting factor w on combined

color/position clustering. The left column
shows the clustered images. In the right col-
umn the cluster belonging to the van has been
highlighted to illustrate the decreasing com-
pactness of the cluster with decreasing w.
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The parameters of the filter are the power spectra
density of the process noise o2, and the measurement
noiseo2. An examplefor theimprovement of tracking
achieved by Kalman filtering is shown in Figure 3.

Fig. 3: Approaching aroad crossing. The trajectories
of the clusters are drawn as black lines. With-
out prediction, the fast moving car could not
betracked over the whole sequence (a). Track-
ing was successful when using Kalman filter-

ing (b).

3. Object Detection by Motion Segmenta-
tion

The proposed method for motion segmentation
combines adjacent clusters with similar trajectories
into object hypotheses. It is based on the assump-
tions that image motion across a cluster can be approx-
imated by the motion of the centroid of the cluster and
that clusters bel onging to the same object haveroughly
parallel trgjectories. These assumptions have proven
to be acceptable in most of the image sequences in-
vestigated in this paper. However, they are not valid
in the presence of non-rigid objects, objects rotating
about the optical axis, or large objects, moving along
the optical axis.



In motion segmentation we only consider clus-
ters which fulfill the following conditions: minimum
length and minimum reliability of the trajectory. The
first condition eliminates clusters, corresponding to
objects which are far away from the camera or do not
move relative to the observer. The second condition
accounts for the well known correspondence problem.
It is apparent in large, uniformly colored image areas
(e.g. road, sky), which are partitioned into a set of
similar clusters. To assign alow reliability to the tra-
jectories of these clusters, we calculate the distances
between clusters in the color/position feature space.
The measurefor the reliability of atrajectory increases
linearly with the mean distance of a cluster centroid
to its nearest neighbors. An example for the reliabil-
ity measure is shown in Figure 4. Figure 4 (@) shows
the result of clustering in color/position feature space,
Figure 4 (b) shows the reliability measures for each
cluster. Bright valuesindicate high reliability.

Fig. 4: Illustration of the measure for the reliability of
trajectories. The result of clustering is shown
in (a). Thereliability measuresfor each cluster
is shown in (b). Bright values indicate high
reliability.

If two clustersC; and C, are adjacent to one another
intheimage plane and fulfill the above mentioned con-
ditions, the similarity between their trgjectoriesis de-

termined by the following measure:
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The position of a centroid of a cluster in frame & is
x(k) = (z(k),y(k))T. Theinterval [M, N] isatime
window for matching the trajectories. The first factor
of Eg. 8 measuresthe differencein length. The second
factor isthelinear correlation between the trgjectories.
If the trajectories are parallel the correlation is 1; if
they are perpendicular to each other it is 0. In the case
of contra-rotating trajectoriesit is-1.
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If p(Cq,C2) exceeds a given threshold p,:,,, both
clusters C; and C, are combined into the same object
hypothesis.

4. Reaults

Experiments were carried out on traffic scenes,
taken on highways and in cities. A 3-chip CCD
camera, connected to digital video recorder (Y:U:V,
720x 576 pixels, 25 frames/sec.), was used for taking
images. The resolution of the images was reduced to
half the number of rows and columns (360x 288 pix-
els). Using divisive vector quantization techniques, the
presel ected number of clustersshould becloseto 2™ in
order to obtain clusters with similar deviations. In our
experiments 128 clusters were sufficient to cover all
relevant details of the images. Only one iteration was
calculated in the k-means clustering—it took approx-
imately 1.2 seconds on a Pentium Il 300 MHz. The
last 5 points of the trgjectories were used in the mo-
tion segmentation and the minimum trajectory length
over 5 frameswas set to 10 pixels. Thethreshold p .5
was set to 0.95.

Figure 5 shows results of the algorithm applied to
four sequences. In sequence (a), our test-car was trav-
eling at a speed of about 80 km/h; the car on the left
lane passed us at a speed of approximately 100 km/h.
It lasted 10 frames from the time the car entered the
field of view until it was detected. The reason for the



late detection is that clusters jumped from parts of the
background onto the car, when it entered the image.
Conseguently their trajectories differed from the real
image motion. Sequence (b) wastaken at aroad cross-
ing with a stationary camera. It shows a passing mo-
torcycle. In sequence (c) our car slowly approached a
pedestrian crossing. The pedestrians were combined
into one object hypothesis, because they were walk-
ing close to each other with approximately the same
speed. Sequence (d) illustrates the robustness of the
algorithm in the face of partial occlusions and shape
variations.

Surprisingly, the algorithm alows walking pedes-
trians to be detected. Due to the similarity in color,
both legs or arms are often combined into the same
cluster. The trgjectory of such a cluster reflects the
motion of the centroid of both legs or arms, which is
similar to that of the other body parts. Combining both
legs or armsinto the same cluster violates our initialy
stated assumption of roughly constant image motion
across a cluster. However, it enables us to segment
pedestrians without modeling human motion.

5. Summary

In our approach we presented a new method for
detecting moving objects from color image sequences
taken with amoving camera. The algorithm estimates
image motion by tracking clusters determined in the
color/position feature space. Each image is divided
into given number of clusters by grouping pixels of
similar color and position. To achieve consistent clus-
ters over time, clustering of each image is based on
clustering results of previousimages. In this context,
Kaman filters are used to predict dynamic changes
in cluster positions. Finaly a motion segmentation
builds object hypotheses, by combining adjacent clus-
ters with significant image motion and nearby parallel
tragjectories. When tested in traffic scenes, the algo-
rithm successfully segmented various types of moving
objects, such as cars, motorcycles, and even pedestri-
ans.
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Fig. 5: The left and right images in each row are from the beginning and end of the origina sequences. The
images in the second column show the detected objects. Dark lines represent the bounding boxes of the
object hypotheses and the trgjectories of the clusters.



