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Motion segmentation using occlusions
Abhijit S. Ogale, Cornelia Fermüller, Yiannis Aloimonos

Abstract

We examine the key role of occlusions in finding independently moving objects
instantaneously in a video obtained by a moving camera with a restricted field of view.
In this problem, the image motion is caused by the combined effect of camera motion
(egomotion), structure (depth), and the independent motion of scene entities. For a
camera with a restricted field of view undergoing a small motion between frames,
there exists in general a set of 3D camera motions compatible with the observed flow
field even if only a small amount of noise is present, leading to ambiguous 3D motion
estimates. If separable sets of solutions exist, motion-based clustering can detect one
category of moving objects. Even if a single inseparable set of solutions is found, we
show that occlusion information can be used to find ordinal depth, which is critical in
identifying a new class of moving objects. In order to find ordinal depth, occlusions
must not only be known, but they must also be filled (grouped) with optical flow from
neighboring regions. We present a novel algorithm for filling occlusions and deducing
ordinal depth under general circumstances. Finally, we describe another category of
moving objects which is detected using cardinal comparisons between structure from
motion and structure estimates from another source (e.g., stereo).
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I. I NTRODUCTION
Motion segmentation is the problem of finding independently moving objects in a video. This
process is conceptually simple when the camera is stationary, and a variety of solutions exist
under the general heading of background subtraction. However, if the camera itself is moving, a
general and robust solution is still elusive, since the image motion is generated by the combined
effects of camera motion, structure and the motion of independently moving objects, and isolating
these three factors proves to be a difficult task.
Prior research can mostly be classified into two groups: (a) The approaches relying, prior
to 3D motion estimation, on 2D motion measurements only [1]–[4]. The limitations of these
techniques are well understood. Depth discontinuities and independently moving objects both
cause discontinuities in the 2D optical flow, and it is not possible to separate these factors without
3D motion and structure estimation. (b) 3D approaches which identify clusters with consistent
3D motion [5]–[11] using a variety of techniques. Some techniques, such as [12] are based on
alternate models of image formation like weak perspective. These additional constraints can be
justified for domains such as aerial imagery. In this case, the planarity of the scene allows a
registration process [13]–[16], and uncompensated regions correspond to independent movement.
This idea has been extended to cope with general scenes by selecting models depending on the
scene complexity [17], or by fitting multiple planes using the plane plus parallax constraint [18],
[19]. Clearly, improvement in motion detection can be gained using temporal integration. Yet
questions related to the integration of 3D motion and scene structure are not yet well understood,
as the extension of the rigidity constraint to multiple frames is nontrivial.
Most techniques detect independently moving objects based on the 3D motion estimates,
either explicitly or implicitly. Some utilize inconsistencies between egomotion estimates and the
observed flow field, while some utilize additional information such as depth from stereo, or
partial egomotion from other sensors. Nevertheless, the central problem faced by all motionbased techniques is that, in general, it is extremely difficult to uniquely estimate 3D motion
from flow. Several studies have addressed the issue of noise sensitivity in structure from motion.
In particular, it is known that for a moving camera with a small field of view observing a
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scene with insufficient depth variation, translation and rotation are easily confused [20], [21].
Maybank [22] and Heeger and Jepson [23] have also shown that if the scene is sufficiently
nonplanar, then the minima of the cost function resulting from the epipolar constraint lie along
a line in the space of translation directions, which passes through the true translation direction
and the viewing direction. In [24], an algorithm-independent stability analysis of the structure
from motion problem has been carried out.

Fig. 1. Motion valley (dark) visualized as an error surface in the 2D space of directions of translation, represented by the
surface of a sphere. The error is found after finding the optimal rotation and structure for each translation direction

Thus, given a noisy flow field, any motion estimation technique will yield a region of solutions
in the space of translations instead of a unique solution; we refer to this region as the motion
valley. Each translation direction in the motion valley, along with its best corresponding rotation
and structure estimate, will agree with the observed noisy flow field. Fig. 1 shows a typical
error function obtained using the method of Brodsky et al. [25]. Motion-based clustering can
only succeed if a scene entity has a motion which does not lie in the background motion valley.
In this paper, we go beyond motion-based clustering to show that even if motion estimation
yields a single valley, ordinal depth from occlusions helps us find a new category of moving
objects. We present an algorithm for finding ordinal depth from occlusions using three frames.
The problem of finding depth orderings using occlusions has been previously addressed by some
studies in the context of finding accurate 2D motion (e.g., [26]–[28]). In the following sections,
we present a classification of moving objects and discuss algorithms for detecting each class,
with particular emphasis on the role of occlusions.
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Fig. 2. Toy examples of three classes of moving objects. In each case, the black object is the independently moving object.
Portions of objects which disappear in the next frame (i.e., occlusions) are shown in a dashed texture

II. T YPES OF INDEPENDENTLY MOVING OBJECTS
We now discuss three distinct classes of independently moving objects; the moving objects
belonging to Class 1 can be detected using motion-based clustering, the objects in Class 2 are
detected by detecting conflicts between depth from motion and ordinal depth from occlusions,
and objects in Class 3 are detected by finding conflicts between depth from motion and depth
from another source (such as stereo). Any specific case will consist of a combination of objects
from these three classes. Fig. 2 shows illustrative examples of the three classes.

A. Class 1: 3D motion-based clustering
The first column of Fig. 2 shows a situation in which the background objects (non independently moving) are translating horizontally, while the black object is moving vertically. In this
scenario, motion-based clustering approaches will be successful, since the motion of the black
object is not contained in the motion valley of the background. Thus, Class 1 objects can be
detected using motion alone. Our strategy for quickly performing motion-based clustering and
detecting Class 1 objects is discussed in Section III.

B. Class 2: Ordinal depth conflict between occlusions and structure from motion
The second column of Fig. 2 shows a situation in which the background objects are translating
horizontally to the right, and the black object also moves towards the right. In this scenario,
motion estimation will not be sufficient to detect the independently moving object, since motion
estimation yields a single valley of solutions. An additional constraint, which may be termed the
ordinal depth conflict or the occlusion-structure from motion (SFM) conflict, needs to be used
to detect the moving object.
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Notice the occluded areas in the figure: we can use our knowledge of these occlusions
to develop ordinal depth (i.e., front/back) relationships between regions of the scene. In this
example, the occlusions tell us that the black object is behind the dark gray object. However, if
we compute structure from motion, since the motion is predominantly a translation, the result
would indicate that the black object is in front of the dark gray object (since the black object
moves faster). This conflict between ordinal depth from occlusions and structure from motion
permits the detection of Class 2 moving objects. In Section IV, we present a novel algorithm
for finding ordinal depth.

C. Class 3: Cardinal depth conflict
The third column of Fig. 2 shows a situation similar to the second column, except that the dark
gray object which was in front of the black object has been removed. Due to this situation, the
ordinal depth conflict which helped us detect the black object in the earlier scenario is no longer
present. In order to detect the moving object in this case, we must employ cardinal comparisons
between structure from motion and structure from another source (such as stereo) to identify
deviant regions as Class 3 moving objects. In our experiments, we have used a calibrated stereo
pair of cameras to detect objects of Class 3. The calibration allows us to compare the depth from
motion directly with the depth from stereo up to a scale. We use k-means clustering (with k = 3)
on the depth ratios to detect the background (the largest cluster). The reason for using k = 3
is to allow us to find three groups: the background, pixels with depth ratios greater than the
background, and pixels with depth ratios less than the background. Pixels not belonging to the
background cluster are the Class 3 moving objects. At this point, it may be noted that alternative
methods exist in the literature (e.g., [6]) for performing motion segmentation on stereo images,
which can also be used to detect Class 3 moving objects.
III. M OTION - BASED CLUSTERING
Motion-based clustering is a chicken-and-egg problem: if we knew the background pixels, we
could find the background motion, and vice versa. In the introduction, we have cited several novel
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approaches which find motion clusters by concurrently performing segmentation and motion
estimation. Here, we present a fast and simple method which consists of two steps.
1) Using phase correlation on two frames in the cartesian representation (to find 2D translation
tx , ty ) and in the logpolar representation (to find scale S and z-rotation γ), we obtain a
four-parameter transformation between frames (see [29]). Phase correlation can be thought
of as a voting approach [30], and hence we find empirically that these four parameters
depend primarily on the background motion even in the presence of moving objects. This
assumption is true as long as the background edges dominate the edges on the moving
objects. This four-parameter transform predicts a flow direction at every point in the image.
We select a set of points S in the image whose true flow direction lies within an angle of
η1 degrees about the direction predicted by phase correlation or its exact opposite direction
(we use η1 = 45◦ ) .
2) Optical flow values at the points in set S are used to estimate the background motion
valley using the 3D motion estimation technique of Brodsky et al. [25]. Since all points
in the valley predict similar flows on the image (which is why the valley exists in the
first place), we can pick any solution in the valley and compare the reprojected flow with
the true flow. Regions where the two flows are not within η2 degrees of each other are
considered to be Class 1 independently moving objects (we use η2 = 45◦ ) .
This procedure allows us to find the background and Class 1 moving objects without iterative
processes. The voting nature of phase correlation helps us to get around the chicken-and-egg
aspect of the problem. To find optical flow, we can use any algorithm which finds dense flow
(e.g., [31], [32]; we use the former). Although we have not used occlusions here, it is worthwhile
to note that occlusions can be used to reduce the size of the motion valley.
IV. O RDINAL DEPTH FROM

OCCLUSION FILLING USING THREE FRAMES

A. Why occlusions must be filled?
Given two frames from a video, occlusions are points in one frame which have no corresponding point in the other frame. However, merely knowing the occluded regions is not sufficient to
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Fig. 3.

If the occluded region belongs to R1 , then R1 is behind R2 and vice-versa

deduce ordinal depth. In Fig. 3, we show a situation where an occluded region O is surrounded
by two regions R1 and R2 which are visible in both frames.
If the occluded region O belongs to region R1 , then we know that R1 must be behind R2 , and
vice versa.
This statement is extremely significant, since it holds true even when the camera undergoes
general motion, and even when we have independently moving objects in the scene! Thus, we
need to know ‘who occluded what’ as opposed to merely knowing ‘what was occluded’. Since
optical flow estimation provides us with a segmentation of the scene (regions of continuous flow),
we now have to assign flows to the occluded regions, and merge them with existing segments
to find ordinal depth.
B. Occlusion filling (rigid scene, no independently moving objects)
In the absence of independently moving objects, knowledge of the focus of expansion (FOE)
or contraction (FOC) can be used to fill occluded regions. Since camera rotation does not cause
occlusions [33], knowing the FOE is enough. In the simplest case, shown in Fig. 4a, where the
camera translates to the right, if object A is in front of object B then object A moves more to
the left than B, causing a part of B on the left of A to become occluded. Thus, if the camera
translates to the right, occluded parts in the first frame always belong to segments on their left.
For general egomotion: First, draw a line L from the FOE/FOC to an occluded pixel O. Then:
(A) If we have an FOE (see Fig. 4b), the flow at O is obtained using the flow at the nearest
visible pixel P on this line L, such that O lies between P and the FOE. (B) if we have an FOC
(see Fig. 4c), then fill in with the nearest pixel Q on line L, such that Q lies between O and
the FOC.
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Occlusion Filling: from left (a) to (c). Gray regions indicate occlusions (portions which disappear in the next frame)

C. Generalized occlusion filling (in the presence of moving objects)
In the presence of moving objects, even the knowledge of the FOE provides little assistance
for filling occlusions, since the occlusions no longer obey the criteria presented above; a more
general strategy must be devised. The simplest idea which comes to mind is the following: if
an occluded region O lies between regions R1 and R2 , then we can decide how to fill O based
on its similarity with R1 and R2 . However, similarity is an ill-defined notion in general, since
it may mean similarity of gray value, color, texture or some other feature. Instead, we present
below a novel and robust strategy utilizing optical flow alone (see Fig. 5) for filling occlusions
in the general case using three frames instead of two.
Given three consecutive frames F1 , F2 , F3 , we use an optical flow algorithm which finds
dense flow and occlusions (e.g., [31], [32]; we use the former) to compute the following:
1) Using F1 and F2 , we find flow ~u12 from frame F1 to F2 , and the reverse flow ~u21 from
frame F2 to F1 . The algorithm also gives us occlusions O12 which are regions of frame
F1 which are not visible in frame F2 . Similarly, we also have O21 .
2) Using frames F2 and F3 , we find ~u23 and ~u32 , and O23 and O32 .
Our objective is to fill the occlusions O21 and O23 in frame F2 to deduce the ordinal depth. The
idea is simple: O23 denotes areas of F2 which have no correspondence in F3 . However, these
areas were visible in both F1 and F2 ; hence in ~u21 these areas have already been grouped with
their neighboring regions. Therefore, we can use the segmentation of flow ~u21 to fill the occluded
areas O23 in the flow field ~u23 . Similarly, we can use the segmentation of ~u23 to fill the occluded
areas O21 in the flow field ~u21 . After filling, deducing ordinal depth is straightforward: if an
occlusion is bounded by R1 and R2 , and if R1 was used to fill it, then R1 is below R2 . This
method is able to fill the occlusions and find the ordinal depth in a robust fashion.
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(a) Region which disappears in F3 is visible in F1 and F2

F1
(b)

F2

F1

F3

F2

F2

reverse flow x-component u(x)21

Use
segmentation

F3

forward flow x-component u(x)23

Use flow
and occlusions

(c) Fill occlusions

(d) Infer ordinal depth

filled forward flow x-component u(x)23

(green in front of red)

Fig. 5. Generalized occlusion filling and ordinal depth estimation. (a) Three frames of a video sequence. The yellow region
which is visible in F1 and F2 disappears behind the tree in F3 . (b) Forward and reverse flow (only the x-components are shown).
Occlusions are colored white. (c) Occlusions in ~
u23 are filled using the segmentation of ~
u21 . Note that the white areas have
disappeared. (d) Deduce ordinal depth relation. In a similar manner, we can also fill occlusions in ~
u21 using the segmentation
of ~
u23 to deduce ordinal depth relations for the right side of the tree

V. A LGORITHM

SUMMARY

1) Input video sequence: V = (F1 , F2 , ..., Fn )
2) For each Fi ∈ V do
a) find forward ~ui,i+1 and reverse ~ui,i−1 flows with occlusions Oi,i+1 and Oi,i−1
b) select a set S of pixels using phase correlation between Fi and Fi+1
c) find background motion valley using the flows for pixels in S
d) detect Class 1 moving objects and background B1
e) find ordinal depth relations using results of step (a)
f) for pixels in B1 , detect Class 2 moving objects, and new background B2
g) if depth from stereo is available, detect Class 3 objects present in B2
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(h)

Fig. 6. Class 1: (a,b,c) show three frames of the teabox sequence. (d,e) show X and Y components of the optical flow using
frames (b) and (c). Occlusions are colored white. (f) shows the computed motion valley for the background. (g) shows the
cosine of the angular error between the reprojected flow (using the background motion) and the true flow. (h) shows the detected
Class 1 moving object

VI. E XPERIMENTS
Fig. 6 shows a situation in which the background is translating horizontally, while a teabox
is moved vertically. In this scenario, since the teabox is not contained in the motion valley of
the background, it is detected as a Class 1 moving object.
Fig. 7 shows three frames of a video in which the camera translates horizontally, while a coffee
mug is moved vertically upward, and a red Santa Claus toy is moved horizontally parallel to the
background motion. The coffee mug is detected as a Class 1 moving object, while the red toy
is detected as a Class 2 moving object using the conflict between ordinal depth from occlusions
and structure from motion. A handwaving analysis indicates that since the red toy is moving
faster than the foreground boxes, structure from motion (since the motion is predominantly a
translation) naturally suggests that the red toy is in front of the two boxes. But the occlusions
clearly indicate that the toy is behind the two boxes, thereby generating a conflict.
Finally, Fig. 8 shows a situation in which the background is translating horizontally to the right,
and the leopard is dragged horizontally towards the right. In this case, a single motion valley is
found, the depth estimates are all positive, and no ordinal depth conflicts are present. (Although
this case shows the simplest situation, we can also imagine the same situation as Fig. 7, with
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(a) F1

(b) F2

(c) F3



(e) u 23



(d) u 21

(h)

(f)

(g) Class 1 objects
(i)

(j)

(k) Class 2 objects

Fig. 7. (a,b,c) show three frames F1 , F2 , F3 of the santa-coffee sequence. The camera translates horizontally to the left, hence
the scene moves to the right. The coffee mug is lifted up, and the red toy santa is pulled by a person (not seen) to the right.
(d) and (e) show optical flow ~
u21 from frame F2 to F1 , and ~
u23 from frame F2 to F3 respectively. Note that each flow is
shown as two images, with the X-component image above the Y -component image. Occlusions are colored white. (f) shows
the estimated background motion. (g) shows the coffee mug detected as a Class 1 object. (h) shows the computed structure from
motion (SFM) for the background. Note that the toy santa appears in front of the two boxes. (i) and (j) show two ordinal depth
relations obtained from occlusions which tell us that the santa (marked in red) is behind the boxes (marked in green). (k) shows
the toy santa detected as a Class 2 moving object using the ordinal depth conflict

the exception that the red toy does not move fast enough so as to appear in front of the two
boxes and generate an occlusion-motion conflict.) In this case, depth information from stereo
(obtained using a calibrated stereo pair of cameras) was compared with depth information from
motion. k-means clustering (with k = 3) of the depth ratios was used to detect the background
(the largest cluster). The pixels which did not belong to the background cluster are labeled as
Class 3 moving objects. To find optical flow, we have used the algorithm discussed in [31];
some of our code for finding optical flow may be found at www.cs.umd.edu/users/ogale.
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Number of pixels

(s)
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Cluster 2
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(y)

(z)

Depth ratio
Fig. 8. Class 3: (a,b,c) show three frames F1 , F2 , F3 of the leopardB sequence. (d) shows the computed motion valley. (e,f)
show X and Y components of the flow ~
u23 between F2 and F3 . White regions denote occlusions. (g) shows inverse depth from
motion. (h) shows 3D structure from motion. (p,q) show rectified stereo pair of images. (q) is the same as (b). (r) shows inverse
depth from stereo. (s) shows 3D structure from stereo. Compare (s) with (h) to see how the background objects appear closer
to the leopard in (s) than in (h). (x) shows the histogram of depth ratios and clusters detected by k-means (k = 3). (y) shows
cluster labels: cluster 2 (yellow) is the background, cluster 3 (red) is the leopard, cluster 1 (light blue) is mostly due to errors
in the disparity and flow. (z) shows the moving objects of Class 3 (clusters other than 2)

VII. C ONCLUSION
This paper classifies moving objects into three classes, and discusses constraints for detecting
each class of objects: Class 1 is detected using motion alone, Class 2 is detected using conflicts
between ordinal depth from occlusions and depth from motion, while Class 3 requires cardinal
comparisons between depth from motion and depth from another source. The key contribution
of this paper is the detection of Class 2 moving objects using the ordinal depth conflict. In this
regard, we have presented a novel method using three frames for performing occlusion filling
in the presence of moving objects to deduce ordinal depth relations. This tool is of general use
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in video processing and can be used in a variety of applications including video compression.
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