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Abstract. Unsupervised learning requires a grouping step that deﬁnes
which data belong together. A natural way of grouping in images is the
segmentation of objects or parts of objects. While pure bottom-up segmentation from static cues is well known to be ambiguous at the object
level, the story changes as soon as objects move. In this paper, we present
a method that uses long term point trajectories based on dense optical
ﬂow. Deﬁning pair-wise distances between these trajectories allows to
cluster them, which results in temporally consistent segmentations of
moving objects in a video shot. In contrast to multi-body factorization,
points and even whole objects may appear or disappear during the shot.
We provide a benchmark dataset and an evaluation method for this so
far uncovered setting.

1

Introduction

Consider Fig. 1(a). A basic task that one could expect a vision system to accomplish is to detect the person in the image and to infer his shape or maybe
other attributes. Contemporary person detectors achieve this goal by learning a
classiﬁer and a shape distribution from manually annotated training images. Is
this annotation really necessary? Animals or infants are not supplied bounding
boxes or segmented training images when they learn to see. Biological vision
systems learn objects up to a certain degree of accuracy in an unsupervised way
by making use of the natural ordering of the images they see [1]. Knowing that
these systems exist, another objective of vision research must be to understand
and emulate this capability.
A decisive step towards this goal is object-level segmentation in a purely
bottom-up way. This step seems to be impossible given that such segmentation
is ambiguous in the very most cases. In Fig. 1 the contrast between the white
shirt and the black vest is much higher than the contrast between the vest and
the background. How should a bottom-up method know that the shirt and the
vest belong to the same object, while the background does not? The missing link
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Fig. 1. Left: (a) Bottom-up segmentation from a single input frame is ambiguous.
Right: (b) Long term motion analysis provides important information for bottom-up
object-level segmentation. Only motion information was used to separate the man and
even the telephone receiver from the background.

can be established as soon as objects move1 . Fig. 1 shows a good separation of
points on the person versus points on the background with the method proposed
in this paper using only motion cues. As these clusters are consistently found for
the whole video shot, this provides rich information about the person in various
poses.
In this paper we describe a motion clustering method that can potentially
be used for unsupervised learning. We argue that temporally consistent clusters
over many frames can be obtained best by analyzing long term point trajectories
rather than two-frame motion ﬁelds. In order to compute such trajectories, we
run a tracker we developed in [2], which is based on large displacement optical
ﬂow [3]. It provides subpixel accurate tracks on one hand, and can deal with the
large motion of limbs or the background on the other. Moreover, in contrast to
traditional feature point trackers, it provides arbitrarily dense trajectories, so it
allows to assign region labels far more densely. An alterative tracker that will
probably work as well with our technique is the one from [4], though the missing
treatment of large displacements might be a problem in some sequences.
With these long term point trajectories at hand, we measure diﬀerences in
how the points move. A key contribution of our method is that we deﬁne the
distance between trajectories as the maximum diﬀerence of their motion over
time. The person in Fig. 2 is sitting for a couple of seconds and then rising up.
The ﬁrst part of the shot will not provide any motion information to separate
the person from the background. The most valuable cues are available at the
point where the person moves fastest. A proper normalization further ensures
that scenes with very large motion can be handled the same way as scenes with
only little motion.
1

Potentially even static objects can be separated if there is camera motion. In this
paper, however, we consider this case only as a side eﬀect. Generally, active observers
will be able to either move themselves or objects of interest in order to generate the
necessary motion cues.
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Fig. 2. Frames 0, 30, 50, 80 of a shot from Miss Marple: Murder at the vicarage. Up
to frame 30, there is hardly any motion as the person is sitting. Most information is
provided when the person is sitting up. This is exploited in the present approach. Due
to long term tracking, the grouping information is also available at the ﬁrst frames.

Given the pairwise distances between trajectories, we can build an aﬃnity
matrix for the whole shot and run spectral clustering on this aﬃnity matrix [5,6].
Regarding the task as a single clustering problem, rather than deciding upon a
single-frame basis, ensures that trajectories that belong to the same object but
did not exist at the same time become connected by the transitivity of the
graph. An explicit track repair as in [7] is not needed. Moreover, since we do not
assume the number of clusters to be known in advance and the clusters should
be spatially compact, we propose a spectral clustering method that includes a
spatial regularity constraint allowing for model selection.
In order to facilitate progress in the ﬁeld of object-level segmentation in videos,
we provide an annotated dataset together with an evaluation tool, trajectories,
and the binaries of our approach. This will allow for quantitative comparisons
in the future. Currently the only reasonably sized dataset with annotation is
the Hopkins dataset [8], which is specialized for factorization methods (sparse,
manually corrected trajectories, all trajectories have the same length). The new
dataset will extend the task to a more general setting where (1) the given trajectories are partially erroneous, (2) occlusion and disocclusion are a frequent
phenomenon, (3) shots are generally larger, (4) density plays a role (it will be
advantageous to augment the motion cues by static cues), and (5) the number
of clusters is not known in advance.

2

Related Work

The fact that motion provides important information for grouping is well known
and dates back to Koﬀka and Wertheimer suggesting the Gestalt principle of
“common fate” [9]. Various approaches have been proposed for taking this grouping principle into account. Diﬀerence images are the most simple way to let
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temporally changing structures pop out. They are limited though, as they only
indicate a local change but do not provide the reason for that change. This becomes problematic if many or all objects in the scene are subject to a change
(e.g. due to a moving camera). Much richer information is provided by optical ﬂow. Numerous motion segmentation methods based on two-frame optical
ﬂow have been proposed [10,11,12,13]. The quality of these methods depends
on picking a pair of frames with a clear motion diﬀerence between the objects.
Some works have combined the ﬂow analysis with the learning of an appearance
model [14,15]. This leads to temporally consistent layers across multiple frames,
but comes along with an increased number of mutually dependent variables.
Rather than relying on optical ﬂow, [16] estimates the motion of edges and uses
those for a reasoning of motion layers.
In order to make most use of multiple frames and to obtain temporally consistent segments, a method should analyze trajectories over time. This is nicely
exploited by multi-body factorization methods [17,18,19,20]. These methods are
particularly well suited to distinguish the 3D motion of rigid objects by exploiting the properties of an aﬃne camera model. On the other hand, they have two
drawbacks: (1) factorization is generally quite sensitive to non-Gaussian noise,
so few tracking errors can spoil the result; (2) it requires all trajectories to have
the same length, so partial occlusion and disocclusion can actually not be handled. Recent works suggest ways to deal with these problems [19,20], but as the
problems are inherent to factorization, this can only be successful up to a certain degree. For instance, it is still required that a suﬃciently large subset of
trajectories exists for the whole time line of the shot.
There are a few works which analyze point trajectories outside the factorization setting [7,21,22,23]. Like the proposed method, these techniques do not
require a dominant subset of trajectories covering the full time line, and apart
from [21], which analyzes trajectories but runs the clustering on a single-frame
basis, these methods provide temporally consistent clusters. Technically, however, they are very diﬀerent from our approach, with regard to the density of
trajectories, how the distance between trajectories is deﬁned, and in the algorithm used for clustering.
Trajectory clustering is not restricted to the domain of object segmentation.
For instance, it has been used for learning traﬃc models in [24].

3

Point Tracking and Aﬃnities between Trajectories

We obtain point trajectories by running the optical ﬂow based tracker in [2] on
a sequence. Fig. 3 demonstrates the most important properties of this tracker.
Clearly, the coverage of the image by tracked points is much denser than with
usual keypoint trackers. This is very advantageous for our task, as this allows
us to assign labels far more densely than in previous approaches. Moreover, the
denser coverage of trajectories will enable local reasoning from motion similarities as well as the introduction of spatial regularity constraints in the clustering
method.
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Fig. 3. From left to right: Initial points in the ﬁrst frame and tracked points in
frame 211 and 400. Color indicates the age of the tracks. The scale goes from blue
(young) over green, yellow, and red to magenta (oldest). The red points on the right
person have been tracked since the person appeared behind the wall. The ﬁgure is best
viewed in color.

Fig. 3 also reveals that points can be tracked over very long time intervals.
A few points on the wall were tracked for all the 400 frames. The other tracks
are younger because almost all points in this scene have become occluded. The
person on the right appeared behind the wall and was initially quite far away
from the camera. The initial points from that time have been tracked to the last
frame and are visible as red spots among all the other tracks that were initialized
later due to the scaling of the person.
Clearly, trajectories are asynchronous, i.e., they cover diﬀerent temporal windows in a shot. This is especially true if the shot contains fast motion and large
occluded areas. If we only selected the set of trajectories that survived the whole
shot, this set would be very small or even empty and we would miss many dominant objects in the scene. So rather than picking a fully compatible subset, we
deﬁne pairwise aﬃnities between all trajectories that share at least one frame.
The aﬃnities deﬁne a graph upon which we run spectral clustering. Due to transitivity, even tracks that do not share common frames can be linked up as long
as there is a path in the graph that connects them.
According to the Gestalt principle of common fate, we should assign high
aﬃnities to pairs of points that move together. However, two persons walking
next to each other share the same motion although they are diﬀerent objects.
We have to take into account that there are situations where we cannot tell
two objects apart. The actual information is not in the common motion but in
motion diﬀerences. As soon as one of the persons moves in another direction
from the other one, we get a very clear signal that these two areas in the image
do not belong together.
We deﬁne distances and aﬃnities such that they best exploit this information.
Regarding two trajectories A and B, we consider the instant, where the motion
of the two points is most dissimilar:
d2 (A, B) = maxt d2t (A, B).

(1)

Pairwise distances can only compare the compatibility of trajectories on the
basis of translational motion models. To estimate the parameters of a more
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general motion model, we would have to consider triplets or even larger groups of
points, which is intractable. Another way is to estimate such models beforehand
using a RANSAC procedure to deal with the fact that we do not know yet
which points share the same motion model [7]. However, especially in case of
many smaller regions, one needs many samples to ensure a set of points without
outliers with high probability. Instead, we rely here on the fact that translational
models are a good approximation for spatially close points and introduce a proper
normalization in order to reduce the negative eﬀects of this approximation.
We deﬁne the distance between two trajectories at a particular instant t as:
d2t (A, B) = dsp (A, B)

B 2
A
B 2
(uA
t − ut ) + (vt − vt )
.
2
5σt

(2)

dsp (A, B) denotes the average spatial Euclidean distance of A and B in the
common time window. Multiplying with the spatial distance ensures that only
proximate points can generate high aﬃnities. Note that due to transitivity, points
that are far apart can still be assigned to the same cluster even though their
pairwise aﬃnity is small. ut := xt+5 − xt and vt := yt+5 − yt denote the motion
of a point aggregated over 5 frames. This averaging adds some further accuracy
to the motion estimates. If less than 5 frames are covered we average over the
frames that are available. Another important detail is the normalization of the
distance by
5

a

σt = mina∈{A,B}
σ(xat+t , yt+t
(3)
 , t + t ),
t =1

where σ : R3 → R denotes the local ﬂow variation ﬁeld. It can be considered
a local version of the optical ﬂow variance in each frame and is computed with
linear diﬀusion where smoothing is reduced at discontinuities in the optical ﬂow.
The normalization by σt is very important to deal with both fast and slow
motion. If there is hardly any motion in a scene, a motion diﬀerence of 2 pixels
is a lot, whereas the same motion diﬀerence is negligible in a scene with fast
motion. As scaling and rotation will cause small motion diﬀerences even locally,
it is important to consider these diﬀerences in the context of the overall motion.
Considering the local rather than the global variance of the optical ﬂow makes
a diﬀerence if at least three motion clusters appear in the scene. The motion
diﬀerence between two of them could be small, while the other diﬀerences are
large.
We use the standard exponential and a ﬁxed scale λ = 0.1 to turn the distances
d2 (A, B) into aﬃnities
w(A, B) = exp(−λd2 (A, B))

(4)

yielding an n × n aﬃnity matrix W for the whole shot, where n is the total
number of trajectories.
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Fig. 4. From left to right, top to bottom: (a) Input frame. (b-h) The ﬁrst 7 of
m = 13 eigenvectors. Clearly, the eigenvectors are not piecewise constant but show
smooth transitions within the object regions. However, discontinuities in the eigenvectors correspond to object boundaries very well. This information needs to be exploited
in the ﬁnal clustering procedure.

4

Spectral Clustering with Spatial Regularity

Given an aﬃnity matrix, the most common clustering techniques are agglomerative clustering, which runs a greedy strategy, and spectral clustering, which maps
the points into a feature space where more traditional clustering algorithms like
k-means can be employed. While the mapping in spectral clustering is a globally
optimal step, the successive step that yields the ﬁnal clusters is like all general
clustering susceptible to local minima. We rely on the eigendecomposition of
the normalized graph Laplacian to obtain the mapping and elaborate on deriving good clusters from the resulting eigenvectors. The setting we propose also
includes model selection, i.e., it decides on the optimum
 number of clusters.
Let D be an n×n diagonal matrix with entries da = b w(a, b). The Laplacian
eigenmap is obtained by an eigendecomposition of the normalized Laplacian
1

1

V  ΛV = D− 2 (D − W )D− 2

(5)

and keeping the eigenvectors v0 , ..., vm corresponding to the m + 1 smallest
eigenvalues λ0 , ..., λm . As λ0 = 0 and v0 is a constant vector, this pair can
be ignored. We choose m such that we keep all λ < 0.2. The exact choice of
this threshold is not critical as long as it is not too low, since the actual model
selection is done in eigenvector space. Since m  n, the eigendecomposition can
be eﬃciently computed using the Lanczos method. We normalize all eigenvectors
vi to a range between 0 and 1.
In case of ideal data (distinct translational motion, no tracking errors), the
mapping yields m = k − 1 piecewise constant eigenvectors and the k clusters can
be extracted by simple thresholding [5]. However, the eigenvectors are usually not
that clean, as shown in Fig. 4. The eigenvectors typically show smooth transitions
within a region and more or less clear edges between regions. Standard k-means
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cannot properly deal with this setting either, since smooth transitions get approximated by multiple constant functions, thus leading to an over-segmentation.
At the same time the optimum number of clusters K is by no means obvious as
clusters are represented by many eigenvectors.
As a remedy to both problems, we suggest minimizing an energy function
that comprises a spatial regularity term. Let via denote the ath component of
the ith eigenvector and va the vector composed of the ath components of all m
eigenvectors. Index a corresponds to a distinct trajectory. Let N (a) be a set of
neighboring trajectories based on the average spatial distance of trajectories. We
seek to choose the total number of clusters K and the assignments π a ∈ {1, ..., K}
such that the following energy is minimized:
E(π, K) =

K

a k=1

δπa ,k va − μk 2λ + ν

  1 − δπa ,πb
|va − vb |22
a

(6)

b∈N (a)

The ﬁrst term is the unary cost that is minimized by k-means, where μk denotes
of cluster k. The norm  · λ is deﬁned as va − μλ =
 a the centroid
2
i (vi − μi ) /λi , i.e., each eigenvector is weighted by the inverse of the square
root of its corresponding eigenvalue. This weighting is common in spectral clustering as eigenvectors that separate more distinct clusters correspond to smaller
eigenvalues [25].
Clearly, if we do not restrict K or add a penalty for additional clusters, each trajectory will be assigned its own cluster and we will get a severe over-segmentation.
The second term in (6) serves as a regularizer penalizing the spatial boundaries between clusters. The penalty is weighted by the inverse diﬀerences of the eigenvectors along these boundaries. If there are clear discontinuities along the boundary of
two clusters, the penalty for this boundary will be very small. In contrast, boundaries within a smooth area are penalized far more heavily, which avoids splitting
clusters at arbitrary locations due to smooth transitions in the eigenvectors. The
parameter ν steers the tradeoﬀ between the two terms. We obtain good results in
various scenes by ﬁxing ν = 12 .
Minimizing (6) is problematic due to many local minima. We propose a heuristic that avoids such local minima. For a ﬁxed K, we ﬁrst run k-means with 10
random initializations. Additionally, we generate proposals by running hierarchical 2-means clustering and selecting the 20 best solutions from the tree. We run
k-means on these 20 proposals and select the best among all 30 proposals. Up
to this point we consider only the ﬁrst term in (6), since the proposals are generated only according to this criterion. The idea is that for a large enough K we
will get an over-segmentation that comprises roughly the boundaries of the true
clusters. In a next step we consider merging moves. We successively consider the
pair of clusters that when merged leads to the largest reduction of (6) including
the second term. Merging is stopped if the energy cannot be further minimized.
Finally, we run gradient descent to locally optimize the assignments. This last
step mainly reﬁnes the assignments along boundaries. The whole procedure is
run for all K ∈ {1, ..., 2m} and we pick the solution with the smallest energy.
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Fig. 5. Left: (a) Best k-means proposal obtained for K = 9. Over-segmentation due
to smooth transitions in eigenvectors. Center: (b) Remaining 5 clusters after choosing
the best merging proposals. Right: (c) Final segmentation after merging using aﬃne
motion models. Another cluster boundary that was due to the fast 3D rotation of the
left person has been removed. The only remaining clusters are the background, the two
persons, and the articulated arm of the left person.

Finally, we run a postprocessing step that merges clusters according to the
mutual ﬁt of their aﬃne motion models. This postprocessing step is not absolutely necessary, but corrects a few over-segmentation errors. Fig. 5 shows the
clusters obtained by k-means, after merging clusters of the k-means proposal,
and after the postprocessing step.

5
5.1

Experimental Evaluation
Dataset and Evaluation Method

While qualitative examples often reveal more details of a method than pure
numbers, scientiﬁc research always beneﬁts from exact measurement. The task
of motion segmentation currently lacks a compelling benchmark dataset to produce such measurements and to compare among methods. While the Hopkins 155
dataset [8] has clearly boosted research in multi-body factorization, it is much
too specialized for these types of methods, and particularly the checkerboard sequences do not correspond to natural scenes. To this end, we have annotated 26
sequences, among them shots from detective stories and the 10 car and 2 people
sequences from Hopkins 155, with a total of 189 annotated frames. The annotation is dense in space and sparse in time, with more frames being annotated
at the beginning of a shot to allow also for the evaluation of methods that do
not work well with long sequences. There are four evaluation modes. The ﬁrst
three expect the methods to be run only on the ﬁrst 10, 50, and 200 frames,
whereas for the last all available frames should be considered. It is planned to
successively extend the dataset by more sequences to avoid over-ﬁtting issues in
the long run. An example of the annotation is shown in Fig. 6. This dataset is
publicly available.
The evaluation tool yields 5 numbers for each sequence, which are then averaged across all sequences. The ﬁrst number is the density of the points for which
a cluster label is reported. Higher densities indicate more information extracted
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Fig. 6. Frames 1, 110, 135, 170, 250 of a shot from Miss Marple: Murder at the vicarage
together with our clusters and the ground truth regions. There is much occlusion in this
sequence as Miss Marple is occluded by the passing inspector and then by the building.
Our approach can link tracks of partially occluded but not of totally occluded objects.
A linkage of these clusters is likely to be possible based on the appearance of the
clusters and possibly some dynamic model.

from the sequences and increase the risk of misclassifying pixels. The overall
clustering error is the number of bad labels over the total number of labels
on a per-pixel basis. The tool optimally assigns clusters to ground truth regions.
Multiple clusters can be assigned to the same region to avoid high penalties for
over-segmentations that actually make sense. For instance, the head of a person
could be detected as a separate cluster even though only the whole person is
annotated in the dataset. All points covering their assigned region are counted
as good labels, all others count as bad labels. In some sequences, objects are
marked that are easy to confuse due to their size or very little motion information. A penalty matrix deﬁned for each sequence assigns smaller penalty to
such confusions. The average clustering error is similar to the overall error
but averages across regions after computing the error for each region separately.
Usually the average error is much higher than the overall error, since smaller
objects are more diﬃcult to detect, confused regions always pay the full penalty,
and not covering an object yields a 100% error for that region.
Since the above evaluation method allows for cheating by producing a severe
over-segmentation, we also report the over-segmentation error, i.e., the number of clusters merged to ﬁt the ground truth regions. Methods reporting good
numbers with a very high over-segmentation error should be considered with
care.
As the actual motivation for motion segmentation is the unsupervised extraction of objects, we ﬁnally report the number of regions covered with less than
10% error. One region is subtracted per sequence to account for the background.
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Results

Apart from the numbers of the proposed tech- Table 1. Computation times for
nique we also report numbers for General- the people1 sequence of the Hopized PCA (GPCA), Local Subspace Aﬃnity kins dataset considering only the
(LSA) [18], and RANSAC using the code pro- ﬁrst 10 frames. When running
ALC we randomly subsampled the
vided with the Hopkins dataset [8]. We also
tracks by a factor 16 to have more
show results for the factorization method in tractable computation times.
[19], which can deal with either incomplete or
corrupted trajectories (ALC). When running
tracks
time
these methods, we use the same trajectories as
our method
15486 497s
for our own method. Except for ALC with inGPCA
12060 2963s
complete tracks, all these techniques require
LSA
12060 38614s
the tracks to have full length, so we restrict
RANSAC
12060
15s
the available set of tracks accordingly. For this
ALC
957 22837s
reason, the density with these methods is considerably smaller, especially when more frames are taken into account and the
areas of occlusion and disocclusion grow bigger. Moreover, all these methods ask
for the number of regions to be given in advance. We give them the correct number, whereas we select the model in our approach automatically. Since ALC gets
intractably slow when considering more than 1000 trajectories (see Table 1), we
randomly subsampled the tracks for this method by a factor 16. In Table 2 we
multiply the density again by this factor to make the results comparable.
Table 2. Evaluation results. The sequence marple7 was ignored in the entry marked
with ∗ as the computation took more than 800 hours.
overall average
overextracted
error
error
segmentation objects
First 10 frames (26 sequences)
3.34% 7.75% 25.01%
0.54
24
2.98% 14.28% 29.44%
0.65
12
2.98% 19.69% 39.76%
0.92
6
2.98% 13.39% 26.11%
0.50
15
2.98% 7.88% 24.05%
0.15
26
3.34% 11.20% 26.73%
0.54
19
First 50 frames (15 sequences)
3.27% 7.13% 34.76%
0.53
9
1.53% 7.91% 42.13%
0.36
8
3.27% 16.42% 49.05%
6.07
2
First 200 frames (7 sequences)
3.43% 7.64% 31.14%
3.14
7
0.20% 0.00% 74.52%
0.40
1
3.43% 19.33% 50.98%
54.57
0
All available frames (26 sequences)
3.31% 6.82% 27.34%
1.77
27
0.99% 5.32% 52.76%
0.10
15
3.29% 14.93% 43.14%
18.80
5
Density

our method
GPCA
LSA
RANSAC
ALC corrupted
ALC incomplete
our method
ALC corrupted
ALC incomplete
our method
ALC corrupted
ALC incomplete
our method
ALC corrupted
ALC incomplete∗
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Fig. 7. From left to right: (a) Frame 40 of the cars4 sequence from the Hopkins
dataset. (b) The proposed method densely covers the image and extracts both the car
and the person correctly. (c) RANSAC (like all traditional factorization methods) can
assign labels only to complete tracks. Thus large parts of the image are not covered.
(d) ALC with incomplete trajectories [19] densely covers the image, but has problems
assigning the right labels.

Clearly, the more traditional methods like GPCA, LSA, and RANSAC do
not perform well on this dataset (which comprises a considerable number of
sequences from the Hopkins dataset). Even when considering only 10 frames,
i.e. there is only little occlusion, the error is much larger than for the proposed
approach. The 10-frame result for ALC with a correction for corrupted tracks is
quite good and comparable to ours with some advantages with regard to oversegmentation and extracted objects. This is mainly due to the correct number
of regions given to ALC.
As the number of frames is increased, the density of ALC decreases and its
performance goes down. With more occlusions, ALC with incomplete tracks becomes interesting, as it is the only method in this comparison apart from ours
that can exploit all trajectories. However, its ability to handle sparse trajectories
is limited. ALC still needs a suﬃciently large set of complete tracks in order to
extrapolate the missing entries, whereas the approach described in this paper
just requires some overlapping pieces of trajectories to cluster them together. We
see a larger over-segmentation error for the longer sequences, as occlusion introduces ambiguities and makes the clustering problem generally harder, but at
the same time we obtain more information about the tracked objects. Moreover,
by considering more frames, objects that were static in the ﬁrst frames can be
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extracted due to their motion in a later frame. We obtain the smallest overall
error and can extract the most objects when considering all the frames in a shot.
Fig. 7 highlights the qualitative diﬀerences between the types of methods. The
proposed method can densely cover the full image with cluster labels despite
signiﬁcant occlusions, and errors in the trajectories are handled well. Recent
factorization methods like ALC with correction for corrupted tracks work quite
well for the subset of complete tracks, but they cannot produce labels for points
that are not visible in all frames. ALC for incomplete tracks can generally cover
the whole image with labels, but as this is achieved by extrapolating missing
entries, lots of errors occur. In case ALC cannot ﬁnd the given number of regions,
it uses an MDL criterion, which leads to a very high over-segmentation error.
The density of our approach is still far from 100%. This is mainly due to
eﬃciency considerations, as the tracker in [2] could also produce denser trajectories. However, the trajectories already cover the image domain without too
many larger gaps. In this paper, we did without static cues to keep the paper uncluttered. Given these point labels, however, it actually should be quite
straightforward to obtain a dense segmentation by considering color or boundary
information.

6

Conclusions

We have presented a technique for object-level segmentation in a pure bottom-up
fashion by exploiting long term motion cues. Motion information is aggregated
over the whole shot to assign labels also to objects that are static in a large part of
the sequence. Occlusion and disocclusion is naturally handled by this approach,
which allows to gather information about an object from multiple aspects. This
kind of motion segmentation is far more general than most previous techniques
based on two-frame optical ﬂow or a sparse subset of complete trajectories. We
believe that such a general setting is very relevant, as it will ultimately enable
unsupervised learning of objects from appropriate video data. We hope that by
providing a benchmark dataset that comprises a variety of easier and harder
sequences, we can foster progress in this ﬁeld.
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