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ABSTRACT
Motion-based segmentation is an important task in object-
oriented video applications. Different approaches to motion
segmentation with level sets have been proposed. The key
features of level sets representation are its ability to han-
dle variations in the topology of the segmentation and its
numerical stability. These approaches rely on certain prior
information to perform motion segmentation. In this paper,
we present a new algorithm for segmenting image into dis-
tinct regions of homogeneous motion. The two problems
of motion estimation and motion segmentation are jointly
solved without need of prior information. We provide ex-
perimental results on image sequences with synthetic and
natural motion.

1. INTRODUCTION

We address the problem of segmenting the image plane into
regions of homogeneous motion. Such a problem is of im-
portance in applications ranging from region-based video
compressing (such as MPEG-4), video database search and
computer vision (scene analysis). Different approaches to
motion-based image segmentation with level sets have been
proposed. In [1], the segmentation is performed using a
temporal change detection scheme. Thus, this approach
does not extend to the cases of moving background and mul-
tiple motion. Furthermore, strong intensity edges at motion
boundaries is required. These issues are resolved by for-
mulating the problem as region competition [2], as recently
proposed by Cremers [3, 4] and Mansouri [5, 6]. These ap-
proaches perform motion-based segmentation on the basis
of certain prior information. In [3, 4], an iterative motion
estimation/segmentation scheme with a prior on the number
of distinct motion regions is developed. In [5], a complex
clustering operation is performed before the segmentation
in order to determine both the number of moving regions
and their parameters. Although the above information are
computed by the segmentation process in [6], sparse point
correspondences are used as prior information to perform
the motion segmentation.

In this paper, we propose a novel algorithm for multiple
motion estimation and segmentation by minimizing a single
energy functional. Unlike in [3, 4], our method is not it-
erative since a robust motion estimation is performed. To
deal with large displacements and irregular intensity dis-
tributions, a robust incremental multiresolution algorithm
is applied [7]. Inspired by recent work [6], we formulate
the motion segmentation problem as a sequential segmen-
tation with level set pursuit. Thus, an implicit clustering
is computed through the segmentation itself. In contrast
to [3, 4, 5, 6], the multiple motion segmentation is car-
ried without any prior information (the number of distinct
motion regions, the different motion parameters and sparse
point correspondences). To increase accuracy, the motion
weights are introduced in the level sets velocities functions.
As a consequence, points conformity to a certain motion
model is considered when performing the segmentation.

2. MULTIPLE MOTION IMAGE SEGMENTATION

2.1. Observation Model

Let Ω ⊂ R
2 denotes the images plane and let

{

In, In+1
}

be the images at time instants n and n + 1. The goal of
motion segmentation is to estimate the partition {Ωi}

N
i=1 of

the domain Ω such that each region Ωi is characterized by
a distinct motion transformation Ti. Assuming a constant
velocity along motion trajectories, the observation model is
defined as follows:

In (x) = In+1 (Tix) + ηi (x) , ∀x ∈ Ωi,∀i ∈ {1, ..., N} ,

where ηi are independent zero-mean stationary white noise
processes with variance σ2.

2.2. MAP Estimation

The maximum a posteriori estimate of {(Ωi, Ti)}
N
i=1 given

In and In+1 is expressed by:
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{Ω̂i, T̂i}
N
i=1 = arg max

{Ωi,Ti}
N
i=1

P ({Ωi, Ti}
N
i=1|I

n, In+1)

= arg max
{Ωi,Ti}

N
i=1

P (In+1|In, {Ωi, Ti}
N
i=1)

. P ({Ωi, Ti}
N
i=1|I

n).

The motion-compensated intensity residual is defined as
ξ (Ti, x) = In+1 (Tix)−In (x). The ℵi denotes the density
function of the noise process ηi. Based on the observation
model, we can express the first likelihood as follows:

P (In+1|In, {Ωi, Ti}
N
i=1) =

N
∏

i=1

∏

x∈Ωi

ℵi (ξ (Ti, x)) .

Since we aim a motion-based segmentation, we assume
the independence of {Ωi, Ti}

N
i=1 and In. Furthermore, the

independence of Ωi and Tj , and uniform distributions for
{Tj}

N
j=1 are assumed. Therefore, the a priori probability is

expressed as:

P ({Ωi, Ti}
N
i=1|I

n) =
N
∏

i=1

P (Ωi).

2.3. Energy Minimization

The MAP estimation problem is equivalent to the following
energy minimization problem [5]:

{Ω̂i, T̂i}
N
i=1 = arg min

{Ωi,Ti}
N
i=1

E
(

{Ωi, Ti}
N
i=1|I

n, In+1
)

.

E
(

{Ωi, Ti}
N
i=1|I

n, In+1
)

=
1

2σ2

N
∑

i=1

∫

Ωi

ξ2 (Ti, x) dx

+
λ

2σ2

N
∑

i=1

∮

∂Ωi

ds,

where ds is the differential of arclength and λ is a posi-
tive constant. In fact, we choose the prior P (Ωi) to be a
function of boundaries ∂Ωi. Thus, our goal is to find the
shortest closed curves {∂Ωi}

N
i=1 which best separate mov-

ing regions with motion transformations {Ti}
N
i=1 from one

another.
In order to carry out this minimization, the problem needs

to be decomposed into interleaved minimizations with re-
spect to {Ωi}

N
i=1 and {Ti}

N
i=1. In this work, we propose

a sequential motion estimation/segmentation algorithm. So
that, we assume in each step j that ∀i 6= j, Ti = T̂i and

Ωi = Ω̂i. In this step, the above energy is only a function of
Ωj and Tj :

E
(

{Ωi, Ti}
N
i=1|I

n, In+1
)

=
1

2σ2
[

∫

Ωj

ξ2 (Tj , x) dx

+ σ2

∫

Ωc
j

dx + λ

∮

∂Ωj

ds].

2.4. Robust Motion Estimation

The motion model Tj is estimated by minimizing the above
energy (only its first term is considered). The 2D affine
model is used for its relevance as motion descriptor. Given
a spatial support, the Tj’s parameters are computed only
once according to a robust, incremental and multiresolution
scheme described in [7]. Therefore, the robustness is en-
sured by minimizing an M-estimator criterion with a hard-
redescending function. Adopting an incremental approach,
we can handle large displacements. Given a current estimate
T̂ k

j of the motion model, an increment ∆T k
j is computed ac-

cording to:

∆T̂ k
j = arg min

∆T k
j

∫

Ωj

Wj(x).r2
(

∆T k
j , x

)

dx,

with

r(∆T k
j , x) =

−→
∇In+1(x + dT̂ k

j
(x))dt

∆T k
j

(x)

+In+1(x + dT̂ k
j
(x)) − In(x),

is the optical flow residual obtained as a result of ξ
(

T̂ k
j , x

)

’s
first order expansion. dT̂ k

j
(x) is the displacement of point

x according to the T̂ k
j model. Wj is a weight matrix of the

motion model pixels conformities.
−→
∇In+1 denotes the spa-

tial gradient of the intensity function at time n + 1. The
incremental minimization is conducted within a multireso-
lution framework. For a detailed description of the RMR
algorithm, the reader is referred to [7].

2.5. Motion Segmentation With Level Sets

Inspired by recent work [6], we formulate the motion seg-
mentation problem as a sequential segmentation with level
set pursuit. Thus, for the estimated T̂1 in the whole image
support, the Euler-Lagrange descent equation of the defined
energy functional with respect to Ω̂1 yields the following
level set evolution equation:

∂u1 (x, t)

∂t
= −

(

w1(x)ξ2
1(x) − σ2 + λκ1

)

∥

∥

∥

−→
∇u1

∥

∥

∥
,
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where κ1 is the curvature of the zero-level set of u1. The
weight term w1(x) = 1

λw+W1(x) is introduced to take into
account the motion model pixels conformities (where λw

is a positive constant and W1 is the weight matrix). At
the convergence, a motion-based segmentation {Ω1,Ω

c
1} of

the image domain Ω into one region and its complement is
obtained. The estimated motion region, defined as Ω̂1 =
{u1 (.,∞) > 0}, is characterized by the dominant motion
model T̂1. At the next step, we estimate the dominant mo-
tion model T2 in the Ωc

1 support. Since the previous segmen-
tation is considered, a system of level set evolution equa-
tions is acquired:







∂u1(x,t)
∂t

= −
(

w1(x)ξ2
1(x) − ζ2

1 (x) + λκ1

)

∥

∥

∥

−→
∇u1

∥

∥

∥

∂u2(x,t)
∂t

= −
(

w2(x)ξ2
2(x) − ζ2

2 (x) + λκ2

)

∥

∥

∥

−→
∇u2

∥

∥

∥

,

where

ζ2
1 (x) = χ{u2<=0}σ

2 + χ{u2>0}w2(x)ξ2
2(x).

ζ2
2 (x) = χ{u1<=0}σ

2 + χ{u1>0}w1(x)ξ2
1(x).

We define Ω̂2 = {u2 (.,∞) > 0} ∩ Ωc
1. Similarly, this

procedure is repeated until the kth step, so that a motion
segmentation {Ω̂i, T̂i}

k
i=1 has been obtained. We then es-

timate the motion model Tk+1 in the
(

Ω̂c
1 ∪ ... ∪ Ω̂c

k

)

sup-
port. Consider now the system of level set evolution equa-
tions







































∂u1(x,t)
∂t

= −(w1(x)ξ2
1(x) − ζ2

1 (x) + λκ1)
∥

∥

∥

−→
∇u1

∥

∥

∥

...
∂uk(x,t)

∂t
= −(wk(x)ξ2

k(x) − ζ2
k(x) + λκk)

∥

∥

∥

−→
∇uk

∥

∥

∥

∂uk+1(x,t)
∂t

= −(wk+1(x)ξ2
k+1(x) − ζ2

k+1(x)

+λκk+1)
∥

∥

∥

−→
∇uk+1

∥

∥

∥

with ζ2
h(x) = mini6=h,ui>0 wi(x)ξ2

i (x), the min opera-
tor returns σ2 whenever the defining condition is void. We

define Ω̂k+1 = {uk+1 (.,∞) > 0}∩
(

∪k
i=1Ω̂i

)c

the k+1th

estimated region. The described pursuit process is achieved
when

⋃N
i=1 Ωi = Ω or no conforming motion model is com-

puted to the remained region. The number of distinct mo-
tion regions is then defined to be N . Note that both the num-
ber of motion regions and their motion models are deter-
mined by the segmentation itself and therefore need not be
known prior to segmentation as is the case with [5]. In con-
trast to [6], we perform our sequential motion-based seg-
mentation without any prior information. In addition, we
jointly solve the problems of motion estimation and motion
segmentation.

3. EXPERIMENTAL RESULTS

We illustrate our motion estimation/segmentation algorithm
on three image sequences. Figs. 1, 2 and 3 show segmen-
tation results obtained on synthetic images. In the first ex-
periment (Fig. 1), we demonstrate the capacity of our pro-
posed approach to segment moving objects with same tex-
ture as the background. Different letters are moving with
the same translational motion. Therefore, they constitute a
single motion region. Due to level set representation, the
topology change is handled. In the second example, multi-
ple motion segmentation result is shown. Fig. (2d) shows
the first motion region found by the algorithm, which cor-
responds to the static background. Figs. (2e) and (2f) show
respectively the second and the third motion regions. The
estimated motion field is shown in Fig. (2c). In particular,
large displacements (24 pixels) are handled due to robust
multiresolution motion estimation. Fig. 3 illustrates dif-
ferent level sets {ui}

3
i=1 evolutions so that the principle of

our motion segmentation algorithm is demonstrated. Fig. 4
shows motion-based segmentation result of a moving non-
rigid object captured by a moving camera. In the last ex-
periment (Fig. 5), we present the capability of our method
to handle depth effect. The different layers corresponding
to background (5d), flowerbed-house (5f) and tree (5h) are
segmented. For each layer i, we show the weight matrix Wi

corresponding to its estimated motion model. The estimated
motion field and the level sets {ui}

3
i=1 motion segmentation

are respectively shown in figs. (5i) and (5j).

4. CONCLUSION

We presented a novel method for motion-based segmenta-
tion of images with multiple moving regions. A robust mul-
tiresolution motion models estimation is jointly performed.
The main benefit of our proposed algorithm is that contrary
to existing motion-based segmentation that use level sets,
it does not require number of moving regions, motion pa-
rameters, rather other information be known prior to the
segmentation. Experimental results, showing the validity
of our algorithm and its potential, are illustrated. Present
work focuses on generalization of the proposed method to
multi-frame segmentation expressed in the spatiotemporal
domain.
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