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Abstract

In this paper we present a new technique to extract layers in a video sequence.
To this end, we assume that the observed scene is composed of several trans-
parent layers, that their motion in the 2D plane can be approximated with
an affine model. The objective of our approach is the estimation of these mo-
tion models as well as the estimation of their support in the image domain.
Our technique is based on an iterative process that integrates robust motion
estimation, MRF-based formulation, combinatorial optimization and the use
of visual as well as motion features to recover the parameters of the motion
models as well as their support layers. Special handling of occlusions as well
as adaptive techniques to detect new objects in the scene are also considered.
Promising results demonstrate the potentials of our approach.





Résumé

Dans ce papier, on présente une nouvelle technique d’extraction de couches
dans une séquence vidéo. Dans ce but, on suppose que la scène observée est
composée de plusieurs couches transparentes et que leur mouvement dans
le plan 2D peut être approximé par un modèle affine. L’objectif de notre
approche est l’estimation de ces modèles de mouvement ainsi que l’estima-
tion de leur support dans l’image. Notre technique s’appuie sur un processus
itératif qui intègre une estimation robuste du mouvement, une formulation
MRF, des techniques combinatoires et sur l’utilisation de critères visuels et
de mouvements pour extraire les paramètres des modèles de mouvement et
des supports des couches. La prise en compte des occlusions ainsi que les tech-
niques adaptives pour détecter de nouveaux objets dans la scène sont aussi
considérées. Des résultats prometteurs démontrent les potentiels de notre
approche.
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1 Introduction

Motion perception is an important characteristic of biological vision used as
input in various tasks like to determine the focus of attention, etc. Therefore,
motion analysis has been a long time objective of computational vision, a low
to mid-level task.

The segmentation of an image sequence into regions with homogeneous
motion is a challenging task in video processing [1, 2, 16] that can be used
for various purposes such as video-based surveillance and action recognition.
In addition, it can be considered for video compression [1] since the motion
model and the corresponding supporting layers provide a compact represen-
tation of the scene.

Motion/displacement is a well-defined measurement in the real world. On
the other hand, one can claim that recovering the corresponding quantity in
the image plane is a tedious task. Optical flow calculation [11] is equivalent
with the estimation of a motion displacement vector for each pixel of the
image plane that satisfies the visual constancy constraint. Such a task refers
to an ill-posed problem where the number of unknown variables exceeds the
number of constraints. The use of smoothness constraints [15] and other
sophisticated techniques were consider to address such an issue.

Parametric motion models are an alternative to dense optical flow esti-
mation [13]. The basic assumption of such a technique is that for an image
block, the 2D motion in the image plane can be modeled using a parametric
transformation. Such assumption is valid when the block refers to a projec-
tion of 3D patch with a constant depth from the camera position.

The objective of this work is to recover different planar surfaces, or motion
layers, and the motion parameters describing their apparent displacements.
In the literature, aK-mean clustering algorithm [16] on the motion estimates,
or a minimum description length (MDL) [1] were considered to determine
the number of motion planes. In the latter case, the extraction is done
according to a maximum likelihood criterion, followed by optimization by
the Expectation-Maximization algorithm [8, 1]. More recent approaches [17]
refer to region growing techniques within combinatorial optimization [18].

In this paper, we present an iterative technique to estimate the motion
parameters, the support of each layer as well as its visual properties. The
latter is used to overcome cases where motion information is not enough to
estimate the support. Our approach addresses in a very efficient fashion
motion estimation through a robust incremental technique, accounts for oc-
clusions through a forward/backward transformation and recover the layer
support through a MRF-based formulation that is optimized with the graph
cut approach and the α-expansion algorithm. To this end, motion residuals,
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visual appearance as well as spatial and temporal smoothness constraints are
considered.

The reminder of this paper is organized according to the following fashion.
In section 2 we briefly introduce the problem under consideration while in
section 3 an iterative approach to recover the motion parameters is presented.
The extraction of the support regions of the different layers is part of section
4, while in section 5 we discuss the implementation details of our approach,
provide experimental results and future directions.

2 Decomposition of Scenes in Motion Layers

Let us consider a static scene (without loss of generality) that consists of
several planes, a moving observer on the scene, and a sequence of 2D images
acquired by the observer. Due to the camera’s ego motion from one image to
the next, one will be able to observe motion on the static parts of the scene.
Such motion depends (its 2D projection) on the cameras projection model
and the depth level of the different planes in the 3D scene. The concept of
motion decomposition in layers [16] consists of separating the image domain
into:

• Li, i ∈ [1, n] layers,

• Si, i ∈ [1, n] support regions,

• (Ai, σi), i ∈ [1, n] motion models,

where the image domain Ω is partioned into n disjoint sets Si such that
∩ni=1Si = Ω, Si ∩ Sj = ∅, i 6= j and neither the number of layers, not their
support regions, nor their motion parameters are known. In the reminder
of this paper we will propose efficient methods to address the estimation of
these unknown variables.

In terms of motion, one can find in the literature parametric models of
various degrees of freedom like rigid, similarity, homographic, quadratic, etc.
Affine model is a reasonable compromise between low complexity and fairly
good approximation of the non-complex motions of objects at about the same
depth. It consists of 6 degrees of freedom,

A(x, y) =

(
a0 · x+ a1 · y + a2

a3 · x+ a4 · y + a5

)
Such a model describes accurately (as detailed in [2]) the motion induced
by a planar object viewed from a moving camera. Furthermore, this model
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describes well the 2D motion of the projection of an arbitrary 3D scene under-
going camera rotations, zoom and small camera translations [12]. Likewise,
when the overall depth of the object is greater than the depth within the
object, the model describes the image motion with a sub-pixel accuracy.

Motion estimation consists of recovering the parameters of this model
such that a correspondence between the projections of the same 3D patch
within two consecutive images is established. In principle, motion estimation
refer to an ill-posed problem since neither the projection model, neither the
internal parameters of the cameras are known and therefore constraints are
to be deduced from the images toward its estimation.

3 Recovering the Parameters of the Motion

Models

The intensity preservation constraint [11] is often used to address motion
estimation. The essence of this constraint is that under the assumption of
planar, Lambertian surfaces and without global illumination changes, the
appearance of the 2D projection of the same 3D patch will not change over
time. Therefore if a motion vector (u, v) is assumed for the pixel (x, y), then
the following condition is to be satisfied:

I(x, y; t) ≈ I(x+ u, y + v; t+ 1), (i)
I(x, y; t) ≈ I((x, y) +A(x, y); t+ 1), (ii)

for the case of dense motion (i) and for the case of affine motion (ii). Given
such a condition, one can define the total motion residual according to:

E(A) =

∫∫
|I(; t)− I(A; t+ 1)|2 dΩ

where (x, y) were removed to simplify the notation. Solving the inference
problem, that is recovering the parameters of the affine model through the
lowest potential of the above function is a common practice in computational
vision. One can consider an iterative process using a well adopted first order
linear form of optical flow constraint:

A() · ∇I(; t+ 1) + It() = 0

where ∇I t to the spatial gradient and It to the temporal gradient. One can
consider minimizing the corresponding cost function

E(A) =∫∫
|I(; t)−AxIx(; t+ 1)−AyIy(; t+ 1)− I(; t+ 1)|2 dΩ
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Figure 1: Tukey function ρ (on the left) and its derivative ψ (on the right)

with standard linear methods that will fail though to capture large displace-
ments between two successive frames. To overcome this limitation, we con-
sider an iterative process as prescribed in [14]. To this end, one can consider
an incremental update of the motion parameters where at each step, given
the current estimates A, we seek to recover an improvement of the estimation
∆A such that the accumulation of existing parameters and the improvement
minimizes the following residual error:

E(∆A) =∫∫
[I(; t)− I(A; t+ 1)−∆A∇ I(A; t+ 1)]2 dΩ

that has a closed form solution. While one can claim that such an incremen-
tal method will improve the estimation process, it will still suffer from the
presence of outliers resulting an estimation bias. Robust estimation process
like an M-estimator can be used to overcome this limitation. Such a method
assigns weights to the constraints at the pixel level that are disproportional
to their residual error therefore rejecting the motion outliers. To this end,
one should define the influence function, ψ(x) like for example the Tukey’s
estimator [Fig. 1]:

ψ(x) =

{
x(Kσ

2 − x2)2 if |x| < Kσ

0 otherwise

where Kσ characterizes the shape of the robust function and is updated
at each iteration as described in [14]. The derivation of such an influence
function will provide for a given pixel the following weight on the estimation
of the model parameters: w(x, y) = ψ(r(x,y))

r(x,y)
.

One now can consider such a process for each layer in an independent
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Figure 2: Occlusion Detection: the Euclidean distance between the pixel
origin and the corresponding one after being transformed through the for-
ward/backward motion is used to detect occlusions.

fashion, that consists of minimizing the following cost function

E(∆A1, ...,∆An) =
n∑
k=1

∫∫
χSi()ψ (I(; t)− I(Ai; t+ 1)−∆Ai∇ I(Ai; t+ 1))

where χSi
is the characteristic function of the region Si. Once the support lay-

ers are known, one can proceed to a straightforward estimation of the motion
models. Occlusions due to motion of the observer often arise in motion and
stereo reconstruction, and therefore are to be taken into account. Such a case
can be accounted for through the joint estimation of the backward/forward
motion;

Let (i) A1, ...,An be the motion models that create visual correspondences
between the images t and t+ 1: [I(; t) = I((A; t+ 1)] and (ii) A′

1, ...,A′
n the

ones that creates visual correspondences between the images t + 1 and t;
[I(; t+ 1) = I((A′; t)]. Without loss of generality, one can assume that the
layer support does not vary substantially from one image to the next. One
then can seek for a simultaneous estimate of the improvements of both models
forward/backward according to:

E(∆A1, ...,∆An,∆A′
1, ...,∆A′

n) =
n∑
k=1

∫∫
χSi(A′)ψ

(
I(; t+ 1)− I(A′

i; t)−∆A′
i∇ I(A′

i; t)
)
+

n∑
k=1

∫∫
χSi()ψ (I(; t)− I(Ai; t+ 1)−∆Ai∇ I(Ai; t+ 1))
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Under the assumption on the absence of occlusion, one can consider that for
a given pixel both transformations capture its real motion and therefore the
following condition will be satisfied;

A′ (A(x, y)) = (x, y)

Such a concept is presented in [Fig. (2)]. The distance between the origins
of the pixel (x, y) and its position upon the application of forward/backward
motion models

D(x, y) = |A′ (A(x, y))− (x, y)|
can be considered as an indicator on the presence of occlusions and used to
modify the objective function:

E(∆A1, ...,∆An,∆A′
1, ...,∆A′

n) =
n∑

k=1

∫∫
φ(S) χSi

(A′)ψ (I(; t+ 1)− I(A′
i; t)−∆A′

i∇ I(A′
i; t))+

n∑
k=1

∫∫
φ(S)χSi

()ψ (I(; t)− I(Ai; t+ 1)−∆Ai∇ I(Ai; t+ 1))

where φ is a robust bounded error metric similar to Tukey’s estimator [Fig.
1]. One now can proceed with the estimation of motion parameters using
such a model.

However, given the robust estimation process that was considered for any
given partition of the image we will be able to recover affine motion models
that to some extent to describe the observed motion. Therefore, we refer
to the egg and the chicken problem where it is crucial to have a consistent
estimation of the support layers.

4 Extraction of Support Layers

Let us consider a partition of the image into n segments

{S1, ...,Sn} : ∩ni=1Si = Ω, Si ∩ Sj = ∅, i 6= j

The problem of extracting support within the layer decomposition process
consists of selecting for each pixel of Ω, the label among these n that dictates
the most appropriate motion model for this image patch. One can see such a
task in the form of a labeling problem, where one should assign to the pixel
(x, y) a label ω(x, y) ∈ [1, n] according to a certain criterion. Within our
approach we adopt motion and appearance terms to address such a labeling
process while imposing certain spatial and temporal smoothness constraints
on the label space.
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4.1 Motion Criterion

Let us consider the distribution of the residual errors within a layer. Under
the assumption of proper motion estimation as well as correct classification,
one can consider that residual errors are due to the presence of noise that in
the most general case white.

Therefore, the motion residual ri() for the layer Li obeys a normal law
G(µi, σi). Consequently, the probability for given a pixel within the region
Li to actually being part of this region according to the observed residual is:

p (ri(x, y)|Ai, σi) =
1√
2πσi

exp

(
−ri2(x, y)

2σi2

)
where σi is the standard deviation computed during the motion estimation
for each layer support. We consider the following robust estimator which
tolerates 50% of outliers efficiently:

σi = 1.4826

{
median
(x,y)∈Si

|ri(x, y)|
}

One can assume independence on the distribution of the residual errors within
the pixels of a support layer Si and given the expected distribution, would
like to maximize the conditional density,

pmi (ri()|Ai, σi) = pm

 ⋂
(x,y)∈Si

{ri(x, y)|Ai, σi}


=

∏
(x,y)∈Si

pm(ri(x, y)|Ai, σi)

Furthermore, one can assume independence on the residual errors between
the different support layers. Then, using the Bayes rule, one can consider the
posterior for the labeling process ω according to the motion characteristics
in the following fashion:

pm(ri()|Ai, σi, ω)

=
∏

(x,y)∈Ω

pmω(x,y)(rω(x,y)(x, y)|Aω(x,y), σω(x,y))

where the assumption that all labelings are equal probable was made. Maxi-
mizing the posterior is equivalent with minimizing the negative log-likelihood
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of such a density:

Emotion(ω)

= −
∫∫

log
[
pmω(x,y)

(
rω(x,y)(x, y)|Aω(x,y), σω(x,y)

) ]
dΩ

=
∫∫ (

log
[
σω(x,y)

]
+
rω(x,y)

2(x, y)
2σω(x,y)

2

)
dΩ

The lowest potential of this objective function will classify image pixels ac-
cording to their residual errors. Such classification will reflect the maxi-
mum posterior according to the expected distribution of the residual error
for each layer. However, motion estimates are reliable when image structure
is present and consequently motion-based classification may be ambiguous in
some cases, like in the lack of texture.

4.2 Visual Appearance Criterion

One can overcome this limitation through the introduction of a visual group-
ing constraint, where a classification according to the observed intensities
is to be considered. To this end, we consider a flexible parametric density
function - Gaussian mixture - to describe the visual properties of each layer;

pci (I) =

mi∑
k=1

π{i,k} p{i,k}
(
I|µ{i,k},Σ{i,k}

)
where pi() is the colour distribution of the i layer that consists of mi Gaussian
components with π{i,k} ∈ [0, 1] being the prior of the component k - or its
proportion in the mixture - and µ{i,k},Σ{i,k}) the mean and the covariance
matrix of this component. One can consider an EM [9] to estimate these pa-
rameters from an observed distribution. In order to efficiently determine the
number of Gaussian components per mixture a Minimum Description Length
criterion is considered. Such a colour distribution has been chosen because
it provides a simple and efficient way to learn the visual characteristics of
each layer while not being constraint to be a unimodal. Therefore even re-
gions with very different colour characteristics that belong to the same plane
will be accounted for. Then, the posterior segmentation probability can be
considered as the most efficient metric to recover the separation of the image
domain into regions of support for the different layers according to their ex-
pected appearance properties. Similar to the case of motion, one can consider
that layers as well as pixels within regions are independent and all possible
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labelings are equal probable leading to the following objective function

Evisual(ω) = −
∫∫

log
[
pcω(x,y) (I(x, y))

]
dΩ

=
∫∫

log

(mω()∑
k=1

π{ω(),k} p{ω(),k}
(
I()|µ{ω(),k},Σ{ω(),k}

))
dΩ

where (x, y) was omitted from the notation due to the lack of space. One
can seek the lowest potential of these two terms weighted according to some
constant to recover the most appropriate image partition in terms of support
layers. Such a method will be able to determine support through an indepen-
dent decision process according to the similarity between the observed image
and the expected properties in terms of appearance and residual error. Such
an independent process will form several discontinuities that will be quite
disrupting to the human eye and will violate the condition that images are
assumed to be consistent at a local scale.

4.3 Spatial Smoothness

Such a limitation is often addressed using local smoothness constraints on
the label domain, that consists of saying that neighborhood pixels should
have about the same label, or in other words belong to the same layer;

Esmooth(ω) =∫ ∫ [∫ ∫
N (x,y)

V(ω(x, y), ω(u, v))dudv

]
dxdy

where N (x, y) is the local neighborhood of (x, y) the function V in the most
general case has the following form

V(ω(x, y), ω(u, v)) =

{
+αdiff , ω(x, y) 6= ω(u, v)

0, ω(x, y) = ω(u, v)

with αdiff > 0 and the local neighborhood consists of pixels that are 8-
connected. Certain constraints are imposed on the selection of the smooth-
ness function in order to be optimized through graph-based methods. Such
constraints will be discussed in the next section. Such a term will penalize
discontinuities in the support space that are also discontinuities in the mo-
tion space. While such an assumption seems natural, it is not valid when
considering pixels that refer to real discontinuities of the observed scene. In
that case one should tolerate label discontinuities. Such a condition can be
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satisfied through a multiplicative factor applied to the smoothness potential
that is inversely proportional to the image gradient [5], or:

Vg(ω(x, y), ω(u, v)) = V(ω(x, y), ω(u, v))e−
‖I(x,y)−I(u,v)‖2

2σ2

Such a term will produce smoothness on the label space in rather uniform re-
gions while it will relax the constraint in areas where physical discontinuities
are present. One can further explore smoothness in the temporal domain.
Given that we are treating sequences of images observing the same scene, the
assumption of smoothness within the labeling in the temporal space is valid.

4.4 Temporal Smoothness

Let us consider a sequence of images I(; 1), I(; 2), ..., I(; τ), as well as a se-
quence of labelings ω(; 1), ω(; 2), ..., ω(; τ).

Without loss of generality one can assume that we are currently in the
process of treating image t ∈ [1, τ ] and the motion models A1, ...,At−1 have
been correctly estimated.

Then, one can define a smoothness function on the temporal space that
takes into account the motion models and the support layers in the previous
frames;

Vt(ω(x, y; t)) =

{
+αdiff , ω(x, y; t) 6= ω(A−1

t−1(u, v); t− 1)

0, ω(x, y; t) = ω(A−1
t−1(u, v); t− 1)

where A−1
t−1 is the inverse motion model that establishes correspondences

between the frames I(; t) and I(; t−1). One can now introduce an additional
temporal smoothness term:

Etsmooth(ω) =
∫ ∫

Vt(ω(x, y))dxdy

where particular attention is to be paid to address the presence of new ob-
jects in the scene. Motion residual errors, visual consistency and spatial and
temporal smoothness can now be considered to recover the optimal partition
of the image given the expected characteristics of each layer, or:

E(ω) =
Emotion(ω) + αEvisual(ω) + βEsmooth(ω) + γEtsmooth(ω)

(1)

One can seek the lowest -sub-optimal- potential of the discrete form of func-
tion using several techniques of various complexity like the iterated condi-
tional modes [3], the highest confidence first [7], the mean field and simulated
annealing [10] and the min-cut max flow approach [4]. Because of its effi-
ciency the graph-cut framework is retained to recover the optimal solution
on the label assignement problem [4].
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5 Graph-Cuts [4] & Implementation

The graph G = 〈V , E〉 is a set of nodes V and directed edges E connecting
them. Two special terminal nodes are present: the source s and the sink t.
Each edge connecting nodes p and q is assigned a weight w(p, q). We break all
edges in two groups: n-links and t-links. A n-link is an edge connecting two
non-terminal nodes. A t-link connects a non-terminal node with a terminal
node, s or t. The cut C is a partitioning of the nodes of the graph into two
disjoint subsets S et T such that the source s ∈ S and the sink t ∈ T . Its
cost c(S, T ) is the sum of the weights of all edges (p, q) such that p ∈ S and
q ∈ T . The minimum cut is the cut with minimal cost and can be determined
in polynomial time with a max-flow extraction algorithm.

For the energy (1), finding directly the optimal solution is not feasible
in practical. Indeed, the problem of multi-labeling is NP-hard and no poly-
nomial method is available to obtain the optimal solution. However, the
α-expansion algorithm [6] gives fastly a good approximation of this energy
which is guaranteed to be within a factor of 2 from the optimal one. To
minimize the energy (1), we proceed as follows: we start with an initial layer
assignments, obtained at the previous iteration. Then, for each α ∈ [1, n],
we improve this energy by modifying some labelings to the label α via an
α-expansion move which we describe here: considering a binary graph G,
each pixel (x, y) ∈ Ω is representd by a non-terminal node p connected to
the source with a weight ts,p and to the sink with a weight tp,t. Each pair
of neighbouring nodes (p, q) - if their layer assignments are different - are
linked through an intermediate node a with weights ts,a, tp,a and ta,q re-
spectively. For t-link weights, we define the data cost function Dp(ω) as
Dp(ω) = Emotion(ω)+αEvisual(ω)+γEtsmooth(ω). The table 1 summarizes all
the weights associated to the n- and t-links. The minimal cut gives the new
layer assignments which is optimal considering label α against all the others.

5.1 Implementation details

Once appropriate modules have been presented to address each sub-task, now
we can proceed to the definition of the overall concept. In the first image, a
random sampling into N segments is considered. These segments are used
as support layers, and the motion as well as visual properties are obtained.
Such measures are then introduced to the α-expansion algorithm that will
provide a new image partition with different visual and motion properties.
The process is repeated until convergence. Initialization of the layer support
from one image to the next is done through the motion models and the same
process as the one of the first frame is considered. One critical step is the
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link weight for
ts,p Dp(ω(x, y)) ω(x, y) 6= α
ts,p ∞ ω(x, y) = α
tp,t Dp(α) ∀ ω(x, y)
ts,a V(ω(x, y), ω(u, v)) ω(x, y) 6= ω(u, v)
tp,a V(ω(x, y), α) ω(x, y) 6= ω(u, v)
ta,q V(α, ω(u, v)) ω(x, y) 6= ω(u, v)
tp,q V(ω(x, y), α) ω(x, y) = ω(u, v)

Table 1: Weights associated to each nodes of the α-expansion graph.

estimation of the number of layers. Toward this end, we use two techniques
sequentially. The first one reduces the number of layers and the second one
detects new layers (or new objects) which appear in the video.

5.2 On the number of layers

We merge two layers if their motion is similar. As motion parameters does
not define uniquely the motion over all the layer support, rather than consid-
ering them directly, we consider the optical flow generated by the two motion
models. Hence, using the notation introduced in section 3, the motion simi-
larity criterion rij between two layers i and j is computed as follows:

rij =
1

|Si|

∫∫
Ω

(Ai(x, y)−Aj(x, y))
2χSi

(x, y)dxdy

+
1

|Sj|

∫∫
Ω

(Ai(x, y)−Aj(x, y))
2χSj

(x, y)dxdy

where |Si| =
∫∫

Ω
χSi

(x, y)dxdy (similarly for |Sj|). If rij drops down under a
certain threshold, the two layers i and j are merged together. Furthermore,
layers with too small support (and so giving bad motion estimation) or with
too important variance (due to too many outliers in the support) are deleted.

New objects which appear must be detected and classified in new layers.
Toward this end, we proceed as follows: first, warp residual is computed for
the whole frame, giving a residual map. We apply a binary threshold T to
this map. All pixels whose residual is higher than T are extracted and pixels
which do not belong to a large connected region (the minimal size Tmins of
the region is defined empirically) are ignored. These connected regions which
contain the remaining pixels are considered as new layer support.
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Figure 3: Results on calendar sequence (one frame on four is considered).
Each column represent a frame: frames 0,12,24,36 are represented here. First
row, original sequence; second row, the layers extracted; third row, superpo-
sition of layers boundaries with original sequence.

6 Conclusion

In this paper, a method to robust motion estimation and layered recon-
struction of scene according to parametric motion models is presented. Our
method performs robust motion estimation while being able to account for oc-
clusions through a forward/backward iterative estimation process. Further-
more, within an forward/backward schema, our approach groups the image
domain into layers according to motion, appearance and spatial and tempo-
ral smoothness constraints. Promising experimental results demonstrate the
potential of the proposed method as shown in [Fig. 3 and 4].

Computational complexity is the most important limitation of the pro-
posed approach. In particular the motion estimation step is time consuming
and can lead to sub-optimal results. Hardware implementation of the method
in Graphics Processing Units is under consideration. The sequential nature
of the proposed approach is also a limitation. To this end, one can consider
a combinatorial approach where the parameters of the affine models are also
recovered through an α-expansion algorithm.
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Figure 4: Results on flowers sequence. Each column represent a frame:
frames 0,3,6,...,18 are represented here. First row, original sequence; sec-
ond row, the layers extracted,; third row, superposition of layers boundaries
with original sequence. One can note that layers become more accurate and
stay constant throughout the sequence.
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