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Abstract—We estimated the contribution of different factors in
segmentation tasks by means of deep neural networks. Results
indicated that texture and optical flow have similar power, but
they seem not to add up. In turn, we decided to study the
‘Common Fate Principle’ of the 100 years gestaltism suggesting
that elements that move together belong together. We developed
a simple, fast, and efficient episodic segmentation method that
– to some extent – resembles the ‘how system’ of the visual
processing: we dropped every piece of information except motion,
and started from pure optical flow estimations on 2D videos.
For the sake of segmentation, we used a parallel and fast
hierarchical supervoxel algorithm. We studied (i) grid topology
in space and time, (ii) 2D grid in space and topology dictated
by the optical flow in time, and (iii) added deep network based
depth estimation from 2D images. We measure performances on
episodic foreground-background segmentation task of the Davis
benchmark videos. Results are competitive to state-of-the-art
segmentation techniques.

Index Terms—Deep networks, Gestalt principles, minimal
spanning tree, supervoxel, optical flow

I. INTRODUCTION

Flexible shape representation in space and time, in other
words spatio-temporal episodic segmentation is critical for
visual perception, prediction and interaction. We started from
Gestalt principles or gestaltism. For reviews on this subject,
the interested reader is referred to the literature; see, e.g., [1],
[2] and the online Journal on Gestalt Theory1. Gestalt means
pattern and Gestalt Theory is concerned with the hierarchy of
patterns in space, time, and different sensory modalities. Here,
we shall focus on the Common Fate Principle that deals with
motion patterns.

Before going further, we note that there is a large number of
segmentation algorithms and there are high quality solutions
for solving the problems. It is intriguing, however, that the
simplest episodic segmentation method – to our best knowl-
edge – hasn’t been tried before. We introduce it here and will
detail related works in the next section.
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Áron F. and E.S. were supported by part grant EFOP-3.6.2-16-2017-00013 and
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1http://www.gestalttheory.net/cms/

Fig. 1: Segmentation methods using Gestalt Principles. Top
row: original images, bottom left: averaged RGB superpixel
segments, bottom right: one frame from a randomly colored
2D optical flow supervoxel set. Note that Gestalt Principle
‘similarity’ (of texture) may be insufficient for joining parts
that belong to the same object. Principle ‘common fate’ (cap-
tured by optical flow) cannot separate static or slow moving
parts of an object from the background, like the legs on which
the bear leans on and stays for a while. Eventually, one needs
both optical flow and texture information and probably other
Gestalt Principles for highly precise object segmentation. For
the motivation of studying capabilities of the ‘Common Fate
Principle’ alone, see text (Table I).

The Common Fate Principle proposes that parts that move
together belong together. We rub off all unnecessary features
to deal with the motion alone for segmentation. In turn, we
shall assume the availability of motion detectors similarly to
the visual motion perception in biological systems. We use
optical flow for representing motion. In this study, we shall
not use additional pixel-wise color or grayscale information.

For the sake of segmentation, we apply Borůvka’s algorithm
[3], a highly parallel and hierarchical supervoxel method that
can be seen as a special kind of spreading activation that finds
the minimal spanning tree of a graph. In our case, the graph
could be the grid on frames with vertices (pixels) connected
with corresponding pixels of the previous and the next frame.
Alternatively, pixels of the frames belonging to different time



instants can be connected by means of the optical flow itself.
We study both cases. We also add monocular depth estimation
via a trained deep neural network [4].

Our contributions include (i) the introduction of a novel, but
simple method for episodic segmentation motivated by Gestalt
principles with competitive performance on a benchmark prob-
lem, (ii) changes to the topology of space according to motion,
(iii) the application of deep networks as adaptable sensors for
optical flow and depth estimation, and (iv) the studying of
their effects. We also point to additional information pieces
that should improve the performance of the method.2

The paper is organized as follows. Section II is about the
related works. Section III details the methods that we apply.
Section IV, V, and VI describe our results, discuss those
results, and conclude in order.

II. RELATED WORKS

Segmentation of similar parts of the image is based on
neighbor relations and image features. The first one determines
a graph and the second one makes it a weighted one to be
segmented. Graph-based image segmentation methods have
been suggested as early as 2000 [5]–[7]. However, the methods
suggested at that time are either restricted to 2D or are
relatively slow, or both.

Superpixel methods have been concerned with the precision
of the boundaries and the regularity of the tesselation. Re-
searchers have suggested different regularization techniques,
such as mean-shift [8], energy optimization [9], and boundary
constraints [10]. An excellent overview as well as numerical
comparisons of different methods using variations of the
watershed algorithm, density based methods, methods using
graphs and/or contour evaluations, path and clustering methods
among others, can be found in [11].

Image processing requires considerable computational
power and the speed of superpixel computations comes to
question. Levinshtein et al. [12] suggested geometric flows for
fast evaluations. A simple linear iterative algorithm (SLIC)
[13] was put forth in 2012 and its GPU version [14] has
become very fast.

Another direction of graph based algorithms utilizes min-
imum spanning trees computed bottom-up. The approach is
attractive, since the bottom-up approach makes it highly par-
allelizable. The method is based on Borůvka’s Algorithm [3]
that we elaborate in the next section. Theoretical advances and
inventions on parallel versions of the algorithm are flourishing,
see, e.g., [15]–[17] and the cited references therein. This
algorithm has been suggested for superpixel segmentation by
Wei et al., very recently [18]. The method is of high speed.
We extended it for supervoxel segmentation tasks according
to the topology of pixels in subsequent frames and according
to the topology of the optical flow of neighboring frame pairs,
see later.

Supervoxels have been used for segmentation in 3D mea-
surements, such as CT and MRI. For recent works on the

2Our implementation is available at https://github.com/lkopi/
common-fate-segmentation.

subject, see, e.g., [19], [20]. In addition, video processing can
also utilize supervoxel techniques [11], [21], [22]. Methods
extend 2D techniques and exploit temporal features, including
optical flow. A recent work [23] places optical flow into
the focus of investigation and exploits motion saliency for
improving spatio-temporal propagation. However, in all cases,
optical flow is added to other features and – to our best
knowledge – the ‘naked’ optical flow, i.e., the clean version
of the Common Fate Principle hasn’t been studied yet.

III. METHODS

A. Optical flow

We used the novel deep learning PWC-Net method [24]3

for the estimation of the optical flow. This method exploits
a pyramidal computation that regularizes the optical flow by
diminishing the aperture problem through the pyramid based
spatial context. It also uses a coarse-to-fine warping layer
[25] for the CNN features to improve optical flow estimation:
warped features contribute to flow estimation via forming the
so called partial cost volumes, a concept borrowed from stereo
matching; see, e.g., [26], [27] and the references therein.

B. Borůvka’s Algorithm

A graph-based 2D superpixel segmentation algorithm has
been suggested by Wei et al. in 2018 [18]4. The method is
based on building a hierarchy of merged regions, from which
a segmentation into an arbitrary number of superpixels can
be queried quickly. The order of the merges is determined by
Borůvka’s minimum spanning tree algorithm, where the most
similar regions are merged first.

For a 2D image the vertices of the graph are the pixels, and
the edges connect neighboring pixels in the pixel grid. Each
vertex (pixel p) carries a feature vector fp, for example the
color components of the pixel, or the optical flow components
belonging to that pixel, and alike. The weight of an edge is the
`1 norm of the feature vector difference between the pixels and
can be weighted. In the first iteration of Borůvka’s algorithm,
the smallest outgoing edge is considered from each vertex,
which connect the vertices into small (but not necessarily size
2) trees. In the subsequent iterations the smallest outgoing
edge from each tree is considered, which merge trees. After
each merge the feature vector of the two trees (initially the
pixels) is averaged, weighted by the size of the trees. The
process concludes in O(log(V )) iterations, where V is the
number of vertices. The sequence of the merging edges is
recorded (sorted by increasing weight within an iteration),
enabling to obtain S superpixels (trees) by using the first V −S
edges.

In a sequence of video frames the pixels of the frames form
a 3D structure and elements of the structure become voxels.
A contiguous group of similar voxels, which has both spatial
and temporal extent, is a supervoxel. We used two methods for
computing supervoxels. In the first case, the topology of the

3https://github.com/NVlabs/PWC-Net/tree/master/PyTorch
4http://faculty.ucmerced.edu/mhyang/pubs.html



graph was defined by neighboring pixels within each frame
and the ‘neighboring’ pixels in time was also connected if
they had the same spatial position. In the other case, the edges
connecting pixels within a frame are the same as above, but
the edges connecting pixels in neighboring frames follow the
optical flow. The weights of the connections were determined
by considering the absolute values of the differences of the
optical flow components. In some experiments we also added
the differences of depth estimations to the weights. The two
components may have different multipliers. An edge connect-
ing voxel v to any of its neighbors v′ is denoted by w(v, v′)
and assumes the following value

w(v, v′) = λv,v
′

interframe

(
‖fvOF − fv

′

OF‖1 + λd ‖fvd − fv
′

d ‖1
)
.

where λv,v
′

interframe takes the value λinterframe when v and v′

are in different frames, and 1 when they are in the same
frame; ‖·‖1 denotes the `1 norm. Subscripts OF and d denote
the optical flow and depth component of the feature vector,
respectively. One may optimize both prefactors: λinterframe

and λd. Once the graph edges are determined, the same
Borůvka-based algorithm is applied to the entire video to yield
supervoxels.

C. Benchmark measures

We used the Davis video benchmark set of 2016, which has
ground truth foreground segmentation for each frame [28].
There are different metrics to characterize and compare the
quality of the superpixel and supervoxel algorithms, see, e.g.,
[21] and the cited references therein. We used two benchmark
measures for quantifying the quality of our methods, we detail
them below.

1) Region Similarity (J ): Region similarity is defined as
the Jaccard index J , also known as the Intersection over Union
(IoU). IoU measures the similarity between the estimated M
and the ground truth G foreground segmentation. As the name
implies it is calculated the following way: J = |M∩G|

|M∪G| .
2) Contour Accuracy (F): Contour Accuracy is the so

called F-measure. It is defined as F = 2PcRc

Pc+Rc
, where Pc

and Rc measures the contour-based precision and recall,
respectively between the contour points of the proposed mask
c(M) and the ground truth mask c(G). Pixel tolerance is set
to the benchmark measure [28].

IV. RESULTS

A. Evaluation of features

Motivation to study ‘naked’ optical flow systems from
our exploratory work: we wanted to have crude estimates
about the potential contributions of the different features for
segmentation by training the ResNet50 deep CNN [29]5.
We used individual features and different combinations of
features as inputs to the CNN (see Table I) and the ground
truth segmentations as target outputs. The training param-
eters were as follows: learning rate=0.0001, decay=0.995,

5https://github.com/GeorgeSeif/Semantic-Segmentation-Suite

and the number of epochs was 300. Optical flow values
were scaled between 0 and 255 by means of the sigmoid
function S(v) = 255 · (1 + exp(−0.02v))−1, where v is the x
or y component of the optical flow (pixel difference between
frames). Results are shown in Table I. The parameters above,
as well as in the rest of this paper, are chosen as educated
guesses and not as a result of hard optimization; therefore
the same values are expected to work well on different video
series.

CNN experiments

A J mean F mean J&F mean
Depth (D) 55.6 57.5 56.5

RGB 53.8 54.4 54.1
Optical Flow (OF) 52.6 46.9 49.7

OFSV 54.2 51.8 53.0
RGB+D 54.1 57.0 55.6

RGB+OFSV 44.5 53.7 49.1
RGB+OF+D 52.6 58.4 55.5

TABLE I: Results of the supervised segmentation CNN exper-
iments. Input images represented either depth, RGB, optical
flow (OF), or their combinations. OFSV denotes optical flow
averaged over supervoxels: 16 supervoxels were calculated
within a 5 frame sequence around each frame, with opti-
cal flow used both as features and connection topology in
Borůvka’s algorithm; the optical flow was averaged on the
intersection of a supervoxel and the given frame.

According to Table I, OF alone produces good results, but
combinations with OF sometimes give rise to lower perfor-
mances. By contrast, similar degradation is not seen when
depth is combined with the other features, although monocular
depth estimations [4] may be imprecise.

B. Temporal supervoxel segmentation

To evaluate the performance of our method, we cut the
Davis videos to shorter segments. The results depend on the
length of the video segment (number of frames) and the
number of supervoxels. We computed region similarities to
the ground truth as follows. We selected those supervoxels as
foreground supervoxels, which have over 50% overlap with the
ground truth foreground for the whole video segment. The re-
gion similarities, contour accuracy and temporal stability were
evaluated by comparing the union of foreground supervoxels
to the ground truth.

First we show how the results depend on supervoxel number
and video sequence length (see Fig. 2), where optical flow was
used as feature vector and regular grid as connection topology
for the supervoxel computation.

We calculated the average (i) for all videos and all frame
series (left column of the figure) and (ii) for the 10 videos
having lowest and highest background speeds (middle and
right columns, respectively). Performance typically increases
for larger number of supervoxels and shorter video segment,
except for the fastest videos where for large supervoxel
numbers decreasing the number of frames did not make a
difference.
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Fig. 2: Region similarities (J values) as a function of super-
voxel numbers (SV#) and number of frames (Fr#). Here we
used optical flow as feature vector and regular grid as connec-
tion topology in the supervoxel segmentation. Dependencies
are similar, except for fast videos with lower frame numbers.

Next we fixed the number of supervoxels to 128, and
investigated how the choice of the feature vector affects per-
formance. Table II shows the averaged benchmark measures
for sequences in all, the 10 slowest and the 10 fastest videos,
and for different inputs and network topologies. The decay
values represent temporal changes: the difference between
the average over the first and last quartile of the sequence.
Since the foreground voxels are selected using the entire
sequence and not the first frame, negative decay values are not
uncommon. In this setup the ideal decay values are the ones
close to zero. We attribute the large negative region similarity
J decay values for fast videos to the fact that a number of
Davis videos depict approaching foreground, which grow in
size, therefore the spacetime ground truth is dominated by the
end of the video sequence.

Table II shows this simple method in itself is competitive,
but it is not able to reach state-of-the art. According to the
results, temporal topology determined by optical flow is more
beneficial for fast videos than for slow ones. This is probably
due to the error in the optical flow estimation. We note that
the presence of depth in the feature vector made a number of
benchmark results worse in the case of the slow videos.

The high values achieved by the supervoxel method high-
lights the importance of the information contained in optical
flow to segmentation. Figures 1 and 3 demonstrate the rel-
evance of the Common Fate approach and the need for in-
formation fusion. We have chosen the foreground supervoxels
as those having over 50% overlap with the ground truth on
the first frame of the sequences. Texture based segmentation
separates parts that belong together (Fig. 1, left column) If part
of the foreground moves similarly to the background, then
the optical flow is unable to distinguish between them. The
whole background might be integrated with one part of the
foreground (Fig. 3).

Figure 4 is about another issue concerning the Common Fate
Principle in the absence of textural information. If the object
to be tracked is subject to occlusion and/or if the optical flow

Fig. 3: 1st and 8th frame when using the superpixel combi-
nation which have over 50% overlap with the ground truth
on the first frame. The 2D segments of each supervoxel were
colored randomly. For details, see text.

changes quickly, then the object may be present in one frame,
but may be (partially) lost in another.

Fig. 4: Loss of mask: the initial mask was lost due to occlusion
and sudden change of movement. Upper row: optical flow
colored by direction and intensities. The color coding can be
found at the upper left corner of the row below. Lower row:
randomly colored 2D segments of the supervoxels.

Figure 5 depicts five frames from a high quality 16 frame
series. The middle row shows a case with occlusion. The other
rows depict occlusion free series.

V. DISCUSSION

In a preliminary study (Table I), we found that segmentation
based on OF alone gives rise to good results. However,
deep learning based combinations with other features do not
improve performances. In turn, ‘naked’ OF segmentation per-
formance is to be investigated and optimized first, in order to
introduce principled information fusion like in [30] afterwards.

This first step is similar to the motion sensor based ‘how’
processing channel in the brain. For recent results on this
matter, see the full issue in the journal Cortex introduced Haan
et al. [31]. To our best knowledge, such ‘naked’ OF based
segmentation has not been studied before, although it seems
relevant from the point of view of episodic representation is
known to be necessary for declarative memory [32].

We investigated the potentials of optical flow for segmenting
episodes. This approach that segments spatio-temporal regions
based on their similarities and differences concerning motion



Videos all 10 slowest 10 fastest
Features OF OF, d OF OF, d OF OF, d OF OF, d OF OF, d OF OF, d
Topology Grid Grid OF OF Grid Grid OF OF Grid Grid OF OF

J&F mean ↑ 75.8 75.3 76.4 75.0 77.0 76.1 77.1 74.7 68.7 69.9 70.7 71.2
J mean ↑ 75.9 75.9 76.4 75.3 78.1 78.2 77.8 76.3 71.0 72.3 73.1 73.7
J recall ↑ 93.0 92.8 93.8 90.5 91.3 88.8 91.3 83.8 89.4 90.8 90.0 92.7
J decay -1.9 -0.5 -1.5 -1.1 -2.1 1.8 -2.2 0.3 -16.5 -13.9 -10.7 -9.9
F mean ↑ 75.8 74.7 76.5 74.7 76.0 74.0 76.4 73.1 66.5 67.4 68.2 68.7
F recall ↑ 88.8 87.0 90.8 87.5 87.5 81.3 86.3 78.8 81.8 82.7 84.7 84.2
F decay -1.3 -0.7 -1.3 -1.5 -3.9 0.8 -3.1 -0.7 -1.2 0.6 4.4 3.7

TABLE II: Benchmark results for different inputs and temporal topologies. ‘OF’: optical flow, ‘d’: depth. ‘Decay’ represents
difference between the average over the first and last quartiles of the video sequence. Prefactors of Borůvka’s method were
optimized: λd = 0.1, and λinterframe were set to 1.6 for all cases except the last column where their values were equal to 1.
Depth values were normalized between 0 and 255. Number of supervoxels: 128. Number of frames: 8 for ‘all’ and for ‘slow’
sequences, 32 for ‘fast’ sequences.

Fig. 5: High quality examples for Common Fate Principle based segmentation. Middle row: case where occlusion spoils the
result. Columns in order from left to right: RGB image, supervoxel masks on the 1st, 4th, 8th, 12th and 16th frames.

coherence is the algorithmic manifestation of the Common
Fate Principle of Gestalt Theory.

We used a simple and efficient graph based segmentation
method (without customized training) that allowed us to
change the topology from 3D geometrical discretization to
2D spatial and optical flow based temporal topology. We also
added deep network based depth estimation on 2D images [4].

Results show that optical flow based information although
has high potentials for segmentation when used alone, it may
spoil the segmentation quality of RGB based methods. Rea-
sons are uncertain and need further investigations. However,
they might be due both to the noise in optical flow estima-
tions and the occlusion based uncertainties. According to our
studies, noise contribution of OF can be more destructive for
performance in case of low speeds. Occlusion may spoil the
results under all circumstances and especially for high speed
motions (Table II). We found that adding information about

the depth improves performance in all cases.

We note that in our work, we dealt with the coherences of
spatio-temporal volumes instead of temporal propagation. In
turn, we neglected causal relationships that have been used in
other works, like the video propagation network [33]. Improve-
ments are expected when adding causality related constraints
and other pattern completion methods from the artillery of the
segmentation literature [34], including novel supervised deep
learning tools [35]. In addition, probabilistic inferences about
the Common Fate of the parts cut by occlusion like in Fig. 4
could be improved by means of textural information. For a
recent approach, see, e.g., [36] and the references therein.

According to Table II depth information can improve the
results to some extent. Depth information, however, may be
considered not as a feature, but as an additional dimension,
increasing the number of dimensions to 4. It is left for future
work to see if such 4 dimensional formulation improves



performance further or not.
As a further note, motions due to camera motion are

relatively easy to separate, since the corresponding optical
flow, apart from camera distortions, are uniform. In Fig. 3
the background color changes (from black to light green).
This is due to the Borůvka algorithm: voxels compete for
volume regions without causality constraints. Joining such
large volumes calls for continuity estimations, being somewhat
similar to techniques carefully worked out in 2 dimensions
[37].

Our last note is that we use deep networks as adaptive
sensors offering several advantages, such as the joint learning
[38] and thus adaptation as well as sample collection for cross-
network supervision by means of consistence seeking [39],
[40]. The study of such additional training for performance
improvements are left for future works.

VI. CONCLUSIONS

We have shown that optical flow based segmentation has
strength by its own. We also found that optical flow based
information may spoil texture based segmentation in both
supervised and unsupervised settings, possibly due to the noise
content of optical flow estimation as well as to occlusions.

Our results suggest that episodic segmentation can take
advantage of the Common Fate Principle by using motion
information alone. Here we studied properties related strictly
to pattern coherence and left out information concerning
causality, occlusions and disocclusions. The pure motion based
information should gain considerable strength upon exploiting
textural information. However, our supervised CNN based
exploratory pre-studies as well as our results indicate that the
brute force combination of temporal and textural features may
not be optimal.
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Z. Tősér, “Towards reasoning based representations: Deep Consistence
Seeking Machine,” Cognitive Systems Research, vol. 47, pp. 92–108,
2018.
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