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Abstract: There is a strong need to automatically remove noise and degradations from
noisy image sequences. Applications areas include Image surveillance, Forensic Image Pro-
cessing, Digital video broadcasting, Digital Film Restoration, Virtual Studio, Medical Image
Processing, Remote Sensing .... Image sequence restoration is tightly coupled to motion
segmentation. It requires to extract moving objects in order to separately restore the back-
ground and each moving region along its particular motion trajectory. Most of the work done
to date mainly involves motion compensated temporal filtering techniques with appropriate
2D or 3D Wiener filter for noise suppression, 2D /3D median filtering or more appropriate
morphological operators for removing impulsive noise. Usually, motion segmentation and
image restoration are tackled separately in image sequence restoration. In this article, the
motion segmentation and the image restoration parts are done in a coupled way, allowing
the motion segmentation part to positively influence the restoration part and vice-versa.
This is the key of our approach that allows to deal simultaneously with the problem of
restoration and motion segmentation. To take into account both requirements, we present
an original PDE based method which permits to solve the two problems in a coupled way.
This PDE based approach allows to anisotropically restore the image sequence: edges are
well preserved and blur is not introduced during the restoration process. To this end, we
reformulate the image sequence restoration problem as an energy functional minimization.
A suitable numerical scheme based on half-quadratic minimization is proposed and its sta-
bility demonstrated. Experimental results obtained on noisy synthetic data and real images
will illustrate the capabilities of this original and efficient approach.

Key-words: Sequence image restoration, motion segmentation, discontinuity preserving
regularization, variational approaches.
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Restauration de séquence d’images: Une méthode
couplée a base d’EDP pour la restauration d’image et la
segmentation du mouvement

Résumé : Force est de constater la grande nécessité d’éliminer de maniére automatique
le bruit et les dégradations dans une séquence d’images. Les domaines d’applications sont
divers et variés et comprennent la surveillance de sites, I’analyse d’image appliquée au do-
maine judiciaire, la transmission d’images vidéo, la restauration digitale de films, les stu-
dios virtuels, I'imagerie médicale, 'imagerie satellitaire, .... La restauration de séquence
d’images est par ailleurs étroitement liée & la segmentation au sens du mouvement. Elle
nécessite Pextraction des objets en mouvement de maniére i restaurer séparement le fond
de I'image et chaque objet en mouvement le long de ses trajectoires. La plupart des tra-
vaux effectués & ce jour sont & base d’utilisation de filtres temporels avec compensation de
mouvement, de filtres de Wiener 2D ou 3D pour I’élimination du bruit, de filtres médian 2D
ou 3D ou d’opérateurs morphologiques plus adaptés pour supprimer le bruit impulsionel.
Habituellement, la segmentation au sens du mouvement et la restauration de la séquence
sont traitées séparément. Dans cet article, les deux problémes sont considérées de maniére
couplées, permettant la segmentation au sens du mouvement d’influencer positivement la
restauration et inversement. C’est I’idée maitresse de notre approche qui permet de traiter
simultanément la restauration et la segmentation de séquence d’images. Pour prendre en
compte les deux exigences, nous présentons une méthode & base d’Equations aux Dérivées
Partielles. Cette approche par EDP permet de restaurer de maniére anisotrope la séquence:
les contours sont bien conservés et aucun flou n’est introduit. Pour ce faire, on reformule le
probléme sous forme d’approche variationelle avec minimisation d’énergie. Un algorithme
adapté basé sur la minimisation semi-quadratique est proposé et sa stabilité est démontrée.
Plusieurs résultats expérimentaux obtenus sur des données synthétiques et réelles illustrent
les performances réelles de cette approche originale.

Mots-clés : Restauration de séquences d’images, segmentation du mouvement, régulari-
sation avec préservation des discontinuités, approches variationnelles.



1 Aim and difficulties

Automatic image sequence restoration is clearly a very important problem. Applications
areas include Image surveillance, Forensic Image Processing, Digital video broadcasting, Di-
gital Film Restoration, Virtual Studio, Medical Image Processing, Remote Sensing ... See,
for example, the recent work done within the European projects,fully or in part, involved
with this important problem AURORA, NOBLESSE, LIMELIGHT, IMPROOFS,..). Image
sequence restoration is tightly coupled to motion segmentation. It requires to extract mo-
ving objects in order to separately restore the background and each moving region along
its particular motion trajectory. Most of the work done to date mainly involves motion
compensated temporal filtering techniques with appropriate 2D or 3D Wiener filter for noise
suppression, 2D/3D median filtering or more appropriate morphological operators for re-
moving impulsive noise ( [6, 17, 18, 15, 13, 23, 8, 7]). However, and due to the fact that
image sequence restoration is an emerging domain compared to 2D image restoration, the
literature is not so abundant than the one related to the problem of restoring just a single
image. For example, numerous PDE based algorithms have been recently proposed to ta-
ckle the problems of noise removal, 2D image enhancement and 2D image restoration in
real images with a particular emphasis on preserving the grey level discontinuities during
the enhancement /restoration process. These methods, which have been proved to be very
efficient, are based on evolving nonlinear partial differential equations (PDE’s) ( Perona &
Malik [26], Nordstrém [24], Shah [30], Osher & Rudin [28],Proesman et al. [27], Cottet and
Germain, Alvarez et al [2, 3], Cohen [9], Weickert, [31], Malladi & Sethian [22], Aubert et
al. [4], You et al.[33], Sapiro et al.[29], Kornprobst & Deriche [20, 19]...)

It is the aim of this article to tackle the important problem of image sequence restoration
by applying this PDE based methodology, which has been proved to be very successful in
anisotropically restoring images. Therefore, considering the case of an image sequence with
some moving objects, we have to consider both motion segmentation and image restoration
problems. Usually, these two problems are tackled separately in image sequence restoration.
However, it is clear that these two problems must be tackled simultaneously in order to
achieve better results. In this article, the motion segmentation and the image restoration
parts are done in a coupled way, allowing the motion segmentation part to positively influence
the restoration part and vice-versa. This is the key of our approach that allows to deal
simultaneously with the problem of restoration and motion segmentation. To take into
account both requirements, we present an original PDE based method which permits to
solve the two problems in a coupled way, while preserving the discontinuities during the
restoration process. We reformulate the problem as an energy functional minimization. A
suitable numerical scheme based on half quadratic minimization is also proposed and its
stability demonstrated. Results on synthetic and real scene will illustrate the capabilities of
this original and efficient approach.

The organization of the article is as follows. In section 2, we make some precise recalls
about one of our previous approach for denoising a single image [10, 4, 20] and present
our new divergence operator discretization scheme. The formalism, the methods and the
discretization scheme introduced will be very useful in the sequel. Section 3 is then devoted
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to presentation of our new approach to deal with the case of noisy images sequence. The
precise algorithm will be also given and justified. Experimental results obtained on noisy
synthetic and real data will then illustrate the capabilities of this new approach in Section
4. A conclusion is then given in Section 5.

2 A variational method for image restoration

In section 2.1, we recall a classical method in image restoration formulated as a minimiza-
tion problem [10, 5, 4]. Section 2.2 presents a suitable algorithm based on the introduc-
tion of an extended problem. We will detail and propose a generalization of the classical
discretization[26] of the equation which will be used in the sequel.

2.1 A classical approach for image restoration

Let N(z,y) be a given noisy image defined for (x,y) € Q which corresponds to the domain
of the image. We search for the restored image as the solution of the following minimization
problem:

inf /Q (I—N)deJ +a /Q oIV I (1)

I

term 1 term 2

where « is a constant and ¢ is a function still to be defined. Notice that if ¢(z) = 22, we

recognize the Tikhonov regularization term. How can we interpret this minimization? In
fact, we search for the function I which will be simultaneously close to the initial image N
and smooth (since we want the gradient as small as possible). However, this method is well
known to smooth the image isotropically without preserving discontinuities in intensity. The
reason is that with the quadratic function, gradients are too much penalized. One solution
to prevent the destruction of discontinuities but allows for isotropically smoothing uniform
areas, is to change the above quadratic term [10, 5, 4]. The key idea is that for low gradients,
isotropic smoothing is performed, and for high gradient, smoothing is only applied in the
direction of the isophote and not across it. This condition can be mathematically formalized
if we look at the Euler-Lagrange equation (2), associated to energy (1):

¢'(IVI])

2(I — N) — adi
( ) adw( T

w) =0 )

Let us concentrate on the regularization part associated to the term 2 of (1). If we note
n= %, and ¢ the normal vector to 77, we can show that:

(¢ VI]) _ (VI "
div (Wv—7> = WI& +¢"(|VI|) Iy 3)

cy
ce
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where I,),, (respectively I¢¢) denotes the second order derivate in the direction 7 (respectively
£). If we want a good restoration as described before, we would like to have the following
properties:

lim‘vn_,o Cp = 1i1’l’l|v[|_,0 Ce = >0 (4)
limyrneeCy =0 and limjyr_oce=06>0 (5)

If ¢¢ and ¢, are defined as in (3), it appears that the two conditions of (5) can never be
verified simultaneously. So, we will only impose for high gradients [10, 5, 4]:

lim ¢, = lim ¢,=0 and lim (C—") =0 (6)
|VI|—o0 |VI|—o0 [VI|—oo \ Cg¢

Many functions ¢ have been proposed in the literature that comply to the conditions (4)

and (6) (see [11]). From now on, ¢ will be a convex function with linear growth at infinity

which verify conditions (4) and (6). In that case, existence and unicity of problem (1) has

recently been shown in the space of functions of bounded variations [5].

2.2 The half quadratic minimization

The key idea is to introduce a new functional which, although defined over an extended
domain, has the same minimum in I as (1) and can be manipulated with linear algebraic
methods. The method is based on a theorem inspired from Geman and Reynolds [14]. If a
function ¢(.) complies with some hypotheses, it can be written in the form:

¢(x) = inf(da” + 1(d)) (7)

where d will be called the dual variable associated to z, and where ¢(.) is a strictly convex
and decreasing function. We can verify that the functions ¢ such that (4) (6) are true
permit to write (7). Consequently, the problem (1) is now to find I and its dual variable dr
minimizing the functional F(I,d;) defined by:

A= |

(I — N)2dQ + a/ dr|VI* +4(d;)dQ (8)
Q Q

It is easy to check that for a fixed I, the functional F is convex in d; and for a fixed dj,
it is convex in I. These properties are used to perform the algorithm which consists in
minimizing alternatively in I and d;:

It = argmin  F(I,d7}) 9)
1

dytt = argmin - F(I",d;) (10)
dr
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To perform each minimization, we simply solve the Euler-Lagrange equations, which can be
written as:

I — N — adiv(dpVI™t) =0 (11)
n ¢'(IVI™H)
it = T (12)

Notice that equation (12) gives explicitly d7*' while for (11), for a fixed d7, I™*! is the
solution of a linear equation. After discretizing in space, we have that (I ZJ'H )(4,5)ex is solution
of a linear system which is solved iteratively by the Gauss-Seidel method for example. To
obtain this linear system, the difficulty is to discretize the divergence term. We propose
below an extension of an existing method which has the advantage of taking into account
all the neighborhoods.

2.3 On discretizing the divergence operator

Let d and A given at nodes (¢, 5). The problem is to have an approximation of div(dV A) at
the node (i, 7). We denote by A and AY the finite difference operators defined by:

AzAi’j = A’H—%vj - Ai*%v]‘
NVA;; = A, A

7/aj+% - 1

iaj_E

Using that notation, Perona and Malik [26] proposed the following approximation:

0 +1 0
~ | diiyy -s7 diys; | *Aij (13)
0 d; 0

where the symbol * denotes the convolution and S¥ is the sum of the four weights in the
principal directions. Notice that we need to know the function d at intermediate nodes
which can be computed by interpolation (see [26]). Our aim is to extend this approximation
so that we could take into account the values of A at the diagonal nodes:

“oP
dﬂ)(dVA)zJ = ap difé,j -8 di+%,j *Ai,j

0 dijfl 0
J T2
di1j4y 0 dip1jig
+ap 0 -sPb 0 *x A; ; (14)
diyj3 0 digy;g
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where ap and ap are two weights to be discussed, and S? is the sum of the four weights
in the diagonal directions. Approximation (14) is consistent if and only if:

ap+2ap =1 (15)

Now, there remains one degree of freedom. Two possibilities have been considered:

(ap,ap) = constant and for instance = (3, 1) (16)
(ap,ap) = functions depending on d (See figure 1) (17)
%p
1. ~
| 4 w2 8

Figure 1: ap = ap(f) is a m/2 periodic function where 6 is the direction of the gradient of
d. Notice that ap can be deduced from the consistency condition is then computed thanks
to the consistency condition (15)

We tested these different discretizations using quantitative measures. We checked that
(14) permits to restore identically edges in principal or diagonal directions. Moreover, we
observed that choosing ap adaptatively (17) gave more precise results than (16). We will
use the former approximation in the sequel.

3 The case of noisy images sequences

Let N(z,y,t) denotes the noisy images sequence for which the background is assumed to
be static. A simple moving object detector can be obtained using a thresholding technique
over the inter-frame difference between a so-called reference image and the image being
observed. Decisions can be taken independently point by point [12], or over blocks in order
to achieve robustness in noise influence [32]. More complex approaches can also be used
[25, 1, 16, 21, 6, 17, 18, 15, 13, 23]. However, in our application, we are not just dealing
with a motion segmentation problem neither just a restoration problem. In our case, the
so-called reference image is built at the same time while observing the image sequence. Also,
the motion segmentation and the restoration are done in a coupled way, allowing the motion
segmentation part to positively influence the restoration part and vice-versa. This is the
key of our approach that allows to deal simultaneously with the problem of restoration and
motion segmentation.

RR n° 3308



Section 3.1 formulates the continuous problem, in terms of a minimization problem which
will be justified. In section 3.2, we rewrite the problem considering a finite number of images.
The existence of a solution will be proved in a suitable space. Finally, we propose in section
3.3 the minimization algorithm based on the half quadratic minimization (see section 2).
We will demonstrate that the discrete algorithm is unconditionally stable.

3.1 An optimization problem

Let N(x,y,t) denotes the noisy images sequence for which the background is assumed to be
static. Let us describe the unknown functions and what we would like them ideally to be:

(i) B(z,y), the restored background,

(ii) C(z,y,t), the sequence which will indicate the moving regions. Typically, we would
like that C(z,y,t) = 0if the pixel (z,y) belongs to a moving object at time ¢, and 1 otherwise.

Our aim is to find a functional depending on B(z,y) and C(z,y,t) so that the minimizer

verifies previous statements. We propose to solve the following problem:

Problem 1. Let N(z,y,t) given. We search for B(z,y) and C(z,y,t) as the solution
of the following minimization problem:

inf(// cz(B—N)ZdetJrac//(C—1)2de¢
B,C\JiJa B JiJa B

term 1 term 2
+a{,/ ¢1(|VB|)dQ+aZ// ¢2(|VC’|)det) (18)
Q tJQ

term 3

where ¢1 and ¢, are convex functions that comply conditions (4) and (6) , and a.,a},al
are positive constants.

Getting the minimum of the functional means that we want each term to be small, ha-
ving in mind the phenomena of the compensations.

The term 3 is a regularization term. Notice that the functions ¢;,¢2 have been chosen
as in section 2 so that discontinuities may be kept.

If we consider the term 2, this mean that we want the function C(x,y,t) to be close to
one. In our interpretation, this means that we give a preference to the background. This
is physically correct since the background is visible most of the time. However, if the data
N(z,y,t) is too far from the supposed background B(z,y) at time ¢, then the difference
(B(x,y) — N(z,y,t))? will be high, and to compensate this value, the minimization process
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will force C(z,y,t) to be zero. Therefore, the function C(z,y,t) can be interpretated as a
movement detection function. Moreover, when searching for B(x,y), we will not take into
account N(z,y,t) if C(z,y,t) is small (term 1). This exactly means that B(z,y) will be
the restored image of the static background.

3.2 The temporal discretized problem

In this section, we present the discretized version in time of the problem 1. For a sequence
S(z,y,t), we will denote by Si(z,v), .., ST(z,y) the associated T' images. To simplify nota-
tions, we will often omit to write the coordinates (x,y). Discretizing in time N(z,y,t) and
C(z,y,t) permits to rewrite the problem 1 in the following form:

Problem 2. Let Ny,., Nr be the noisy sequence. We search for B and Cy,..,Cr as
the solution of the following minimization problem:

J/

T T
. 2 _ 2 —1)?
B)Cllr}f)CT(hZ:l /Q C2(B - Ny) dQ+aC}; /Q (Ch —1)2d0
te;; 1 teg; 2

T
+af [ ou(vBIn +al3 | exveian) (19)

/

term 3

The existence of a solution to the problem 2 can be proved in the space of bounded
variations.

3.3 The minimization algorithm

This section is devoted to the numerical study of the problem 2. If we try to solve directly
the Euler-Lagrange equations associated to (19), we will have to cope with non linear equa-
tion. To avoid this difficulty, we are going to use the same techniques as developed in the
section 2.2. The idea is to introduce dual variables as defined in (7) each time it is necessary.
This is the case for the T' + 1 restoration terms (term 3). Consequently, we introduce the
T + 1 dual variables noted dgp,(d¢,, .-, dcy) associated respectively to B,C4,..,Cr. Using
same arguments as in section 2.2, we will solve, instead of problem 2, the following problem:

Problem 3. Let Ny, .., Nt the noisy sequence. We search for B,dg, C1,..,Cr and d¢,, .., dc,
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as the solution of the following minimization problem:

T
B’Cilr’lf’CT ( hzﬂ/g [C}(B — N,,)2dQ + a.(Cp, — 1)2] dQ

+ ai/ [dB|VB|2dQ + ‘Ifl(dB)] g}
Q

T
+ary / [de, [VCh %d2 + Ta(de, )] d2) (20)
h=1"%

We will note in the sequel £(B,dg,Ch,dc, ) the corresponding functional. The main obser-
vation is that the functional £ is quadratic with respect to B,Cq,..,Cr, and convex with
respect to dg and (dg, )a=1..7. Once initial conditions (B°,d%, C},dg, ) given, we compute
the following system iteratively:

B+ = argmin - £(B,dy, CF d,) (21)

dptt = ar%min EB™,dp,Cp.dg,) (22)
B

oyt = argcmin E(B™Hdyt, Cy, C) (23)
h

dg,j:l = ar(%cmin EB™H, dyt Crtt de,) (24)
h

Equalities (23)-(24) are written for h = 1..T The way to obtain each variable like described in
(21)-(24) consists in solving the associated Euler-Lagrange equations. As we are going to see,
the dual variables d’;’l and (dg—:l)h:]_“’f‘ are given explicitly, while B"*! and (C,’:"’l) h=1..T
are solutions of linear systems. This linear systems will be solved by an iterative method
like Gauss-Seidel’s. Equations are:

T
> CR¥(B™! = Ny) — apdiv(dpVB™) =0 (25)
h=1
/ VBn+1|)
dn-l—l — ¢l(| 2
B |VBn+1| ( )
Cit [ac + (B™! = Np)?| — ac — 2agdiv(dg, VOt =0 (27)
/ vcn+1|)
dn+1 — ¢2(| h 28
Ch |VC}?+1| ( )

Remark that if af, = 0, (C,T:"'l)h:l,,:p is in fact obtained by:

ac

Cm+1 —
h ac + (Bn+1 _ Nh)2
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As for the linear systems (25) and (27), we discretized the divergence terms div(dV A) using
the same technique as described in section 2.2.

3.4 An unconditionally stable algorithm

In this section, we prove that the discretized algorithm is unconditionally stable. This is
expressed in the following proposition.

Proposition Let Q¢ be the set of pixels (i,7) in Q and let G¢ be the space of functions
(B, Cy,..,Cr) such that, for all pixels (i,5) € Q¢ we have:

mp < B < Mg (29)
0<CL<1 for h=1..T (30)
T
0<mg<Y Ch<T (31)
h=1
mp = inf (z,y) Nh(xv y) Tar
h h=1..T — (4 32
Vhete My —sup oy Na@y) © MO et Ol —mpp¥d )
h=1..T
. n n ny 3 d - : n+1 n+1 n+1y : d
Then, for a given (B™,C7,..,C7) in G¢, there exists a unique (B™*',CT"",..,C7™") in G
such that (25)-(28) are satisfied. [ |

Proof We first rewrite equations (21) (23) taking into account (26) (28):

T
n n rog. ¢I( VB"|) n

> Chi (Bt = Nuiy) — apdiv (%VB )o=0 (33)

h=1

24

/ C’n
Chtt [ao + (B = Niiy)®] — ac — agdiv (7"52'(';0’?"1 ) vc,g“) =0 (39
2,3

We now write the discretized equations in space. To this end techniques developed in section
2.2 can be used. Anyway, we will use the following notation:

div (MVA"H) ~

VA" i
> Pk (AMNATT = [ Y pirr(A”) | Aiy (35)
(k,)eD (k)ED
where D = {(k,1) # 0 € [-1,0,1]*} and (piy,j+1)(ryep verify:
0<pitkin <1 and D itk <4 (36)

(k,1)eED
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Using this notation, and after some basic computation, we can re-write (33)-(34) in the
following form:

Bl _ Z ( A Pitk,j+1(B™) >Bn+1
i, T T 2 n itk,j+1
(k,))ED Eh:l Ci? +ajp Z(k,l)eD pi+k,j+l(B )
T thm2

h i
+ — . ’ - (37)
o1 2n=1Ch i tap Z(k,l)eD Pitk,j+1(B")

T

n agPitk,i+1(Ch) n

Cpitt = ¢ Clivi s

! ;1221 ac + (B" = Nu)i; + 0% Yk pep Piskat(CF) ) "R
ac

+
ac + (B" = Np)i; +aG Xpep Pitk,i+1(C})

To simplify notations, let us denote by U;"; € RT+! the vector defined by:

(38)

Ui = (B,

7’717

t
Cli,ja ) CTi,j)

where the subscript denotes the transposition symbol. Let (M;yx j1+1(U™))x,1ep be diagonal
matrices in RT+! x RT+! and R(U™);; be a RT*! valued vector such that equations (37)
(38) may be rewritten in the following form:

Uit = Y Mg u(UMUIE L + RU™),
(k,l)eD
Now, for V € G¢, we define the linear function Qv (Z) by:
QV . gd _ RT-I—I

Qv(Z)= Y Mip;i(V)Zigrjpr + R(V)i (39)
(k,))ED

Then we can show that:
Qv(g*) c ¢ (40)
Qv is a contractive function on G¢ (41)

The first statement can be deduce directly from relations (37)-(38) and the definition of G¢.
Let us demonstrate (41).

1Qv(2) = Qv < D IMigk it 1 Zigrjrt — Yirk,al
(k,1)ED

< 3 My ) 12 - V1

(k,1)eD
<K|Z-Y]|w
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where || - ||, |- | and | - | correspond to usual norms, and K is a constant, independent of V'
and 1,7, k,1 which is greater than all the coefficients of the diagonal matrices M4k j+i1(U)
but strictly inferior to 1. More precisely, we can establish that:

K 4a' dag
= su ,
p me + 4ay oo + 4ag

Consequently, thanks to the properties (40)-(41), we can apply the classical fixed point
theorem to the function Qy. So, for U™ in G¢, there exist a unique U™*! € G¢ such that:

U™ = Qua (U™

which is the fixed point of Q= , that is to say U"*! is the unique solution of (37)-(38).
Moreover Ut! € G2, This concludes the proof. [ ]

4 Experiments

In this section, we present the results of applying our technique to restore noisy synthetic and
real image sequences. We have tested our method on a number of image sequences and the
obtained results have been very promising. Using noisy synthetic image allows us to quantify
the improvements bring by our method with respect to more classical approaches. Figure
2 (a) shows a given frame extracted from the synthetic noisy image sequence produced
to test the approach. We have superimposed some arrows on this image to illustrate the
trajectories of each block in the image sequence. Figures 2 ¢ and d shows the restored
background using classical averaging or median filtering methods. To quantify the result,
we have used the classical Signal-to-Noise-Ratio defined between an original image (I;) and
the restored image (I2) by:

a?(I2)
SNR(Il/IQ) = ].OIOglO |:0’2(_[1 — 12):|
We recall that the higher the SN R is, the better the restoration is.

SN R values related to figure 2 are reported in table 1.

The second example deals with a real image sequence. Figure 3 (a.1) shows one frame
of the sequence and the different trajectories of the moving persons in the sequence. Two
kind of results are presented. In figure 3, we essentially concentrate on the restoration part.
See in particular how the background has been well restored by our method in 3 (c¢) and
¢’ ( moving object are correctly removed and discontinuities are preserved i.e no blur is
introduced in the restoration process) and compare to fig (3 (b) and b’) where a simple
averaging method has been used.

Figure 4 is concerned with the motion segmentation part. Two remarks can be done.
Functions (Ch,)n=1..T, even if they are not exactly binary, permit an accurate motion segmen-
tation. Furthermore, the dual functions (d¢, )n=1..T, usually interpretated as edge detectors
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| I | SNR(I1/I,) | See figure 2 |
Noisy background 9.5 (b)
(without objects)
| Median image | 5.7 | (©) |
| Average image | 9.8 | (d) |
Restored B(z,y)
al, =0 14.0
al, #0 14.4 (e)

Table 1: Results on a synthetic sequence (See figure 2). Image [ is the image of the clear
background without any object.

for (Ch)n=1..T, can then be seen as the boundaries of the moving regions. See in particular
how accurate are these boundaries. They really correspond to the contours of the moving
object in the considered frame i.e they do not correspond to the union of the contours de-
tected in the considered and in the previous frame as usually done by most of the classical
motion segmentation approaches. It is important to note also that in addition to the ability
to detect the car and the 2 moving persons, we have also been able to detect the motion
produced by the trees and the projected shadows on the ground floor.

5 Conclusion

We have presented in this article an original coupled method for the problem of image
sequence restoration and motion segmentation. This original way to restore image sequence
has been proved to give very promising result. To complete this work, the idea is to exploit
information given by the motion segmentation part to restore also the moving regions. This
is the object of our current work and hopefully we’ll be able to show complete image sequence
restoration at the time of the conference.
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