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ABSTRACT

This paper deals with video and image segmentation using
region based active contours. We propose to search for an
optimal domain with regards to a criterion based on infor-
mation measures such as entropy of mutual information. We
use a general derivation framework based on the notion of
shape gradient. This general derivation is applied to crite-
ria based on information theory, such as mutual informa-
tion for the segmentation of sequences of images. Finally,
we present experimental results on color video sequences
showing the efficiency of the proposed method for face seg-
mentation.

1. INTRODUCTION

The notion of entropy has first been introduced by Shannon
[1] and further developed in the information theory frame-
work whose principles can be found in [2]. Information
measures such as entropy or mutual information can be ef-
ficiently managed for image and video segmentation [3] or
medical image registration [4, 5]. As far as segmentation
is concerned, a region may be characterized using the av-
erage quantity of information, namely the entropy, carried
out by the intensity or using mutual information for features
combination.

We propose here to embed information measures such
as the entropy or the mutual information into a variational
framework. We search for an optimal domain with regards
to a global criterion including region-based and boundary-
based terms. A local shape minimizer of this criterion may
be reached using deformable domains, namely region-based
active contours. The basic idea is to obtain, from the deriva-
tion of the criterion, a Partial Differential Equation (PDE)
that drives an initial region towards a local shape minimum
of the error criterion. Classically, we propose to make it
evolve in the direction of a gradient. However, since the
set of image regions, i.e. the set of regular open domains
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in R”, does not have a structure of vector space, we can
not use gradient descent methods in a straightforward fash-
ion. We propose to use shape gradients coming from shape
optimization theory [6] to bear on the problem. Such an
approach has been detailed in [7, 8] and is here further de-
velopped for the minimization of information measures us-
ing non parametric probability distribution functions (pdf)
of image features following the work in [3].

Let us recall that active contours have been introduced in
[9], and further extended in [10]. Region-based active con-
tours have then appeared for the minimization of additional
region features [11].Our approach is based on shape gradi-
ents which allow us to derive easily complex criteria involv-
ing non parametric probability distributions as in [8] and so
a non parametric estimation of the entropy. Non paramet-
ric probability distributions have been used for region-based
active contours in [8] and in [12] for mutual information es-
timation. We here propose to derive different information
measures including non approximated entropy and mutual
information with combination of color channels. We show
that these criteria are very efficient for the segmentation of
an almost homogeneous region : the human face, as shown
in experimental results.

In this document, first section recalls the problem of op-
timization of region and boundary functionals with active
contours. We then define a criterion based on mutual infor-
mation for image segmentation in section 3 and take benefit
of derivation tools to compute the evolution equation of the
active contour. This framework is then extended to multi-
modal color segmentation in section 4 and applied to face
segmentation in section 5.

2. PROBLEM STATEMENT

Let us consider an image with intensity I(x) at pixel z. We
note:

e po(I(z)) the probability to have the intensity I(x)
with x in the region ). We can estimate the pdf
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through the use of the Parzen method:

1 . R
)= / K(I(z) - I@)dé (1)

where K is chosen as a gaussian kernel with 0-mean
and o-variance.

pa(I(z

e ¢ afunction: Rt — R of this probability (for ex-
ample ¢(r) = —rlIn(r) for the computation of the
entropy).

Let us define the following criterion:

J(Q) = / o(pa(l(z))dx @

This criterion is derived using shape derivation tools as de-
tailed in [7] and we obtain the following PDE for curve evo-
lution [3]:

ar
or
where N is the unit inward normal and A(z,(?) is a term

coming from the dependance of the criterion to the do-
main €. This term will be detailed in the following sections.

= (elpalI(@) + Az, )N 3

Now let us define a weighted criterion:

D =12 [ ppali(e))ds @
Q
The corresponding evolution equation is then:
or
5= = (121e@ali@) + B@ )N ©)

with B(z, ) a term that will be detailed below.

3. IMAGE SEGMENTATION

3.1. A criterion based on Mutual Information

Let X and Y denote two random variables with marginal
probability distributions px (z) and py (y). pxv(x,y) is
the joint probability distribution. H(X) and H(Y") denote
the entropy of X and Y respectively, and H(X,Y") their
joint entropy.
The Mutual Information noted MI1(X,Y"), or relative en-
tropy, measures the degree of dependence of X and Y by
measuring the Kullback-Leibler distance between the joint
distribution and the product of the distributions:

In 2@ g4 6

/QX/Q pxy(@uln @y ()

We can rewrite this definition by using the entropies H (X)
and H(Y'), the joint entropy H(X,Y’) and the conditional
entropy H(X/Y):

MI(X,Y) = ~H(X,)Y) (O

3.2. Segmentation criterion

Following the work of [12], we may define the binary label
L determined by the curve I" as a mapping from the image
domain to { R;y, Rout }:

Rin
L(x) - { Rout

We consider the mutual information between the label and
the image intensity:

if x € Qin
if x c Qout

MI(I(X), L(X)) = H(I(X)) — H(I(X)|L(X)) ®

with X a random variable uniformly distributed over the im-
age domain.

The mutual information is maximized if R;, = €);, and
Rout = Qout, ie if the segmentation is correct. The func-
tional to minimize is then given by:

T(Quns Qout, T) = —MI(I(X), L(X)) + / As )

where ) is a regularization parameter.
Mutual information can be rewritten like follows:

MI(I(X),L(X)) = H(I(X))
— Pr(L(X) = Rin).H(I(X)|L(X) = Rin)
— Pr(L(X) = Row) - H(I(X)|L(X) = Rout)

The term H (I(X)) is independent of the curve so we just
consider the two other terms which leads to:

HIGOILEY) = R) = [=po, (1)) Inpo, (1())d
Q; (10)
with pa, = p(I(X)|L(X) =
Thus, the criterion becomes:

| Qi |

R;) where i = in or out

J(Qin, Qout, T) = D pszm(f(x))lnpnm(l(w))dﬂc
| Qout |
+ 751 [ P%uw () Inpa,,, (I(x)) dx
|D| Qout
+ /)\ds (11)
T

Wlth| D |:| an | + | Qout |
equation (4) is as follows:

¢(pe, (I(z))) = —peo, (I(x)) npa, (I(z))

The function ¢ from

3.3. Derivation of the criterion

Taking benefit of shape derivation tools [7, 3], we deduce
the following evolution equation from the computation of
shape gradients:

or

o7 (‘i) = ( 1n) — (Qout) + A.k|N (12)
\

— po, (1(2)) In pe, (1(2)) (13)

T T /K

{O'_'

with C(Q;) =

2))(Inpo, (I(z)) + 1) dz]

2730



where & is the curvature of the curve I". The term B(z, ()
from equation (5) is then given by:

B#.0)= g7 [ KUW)

3.4. Criterion using an approximation of the entropy

2))(Inpa(I(z))+1)dx

Instead of the definition of the entropy, we can consider an
approximation using weak law of large numbers as in [12].
Thus we have:

1
HI(X)|L(X)=R) = o / —Inpo,(I(z))dz (14)
i Q;
With this approximation, the criterion is given by:

J(Qhu Qout7 F) = ﬁ / —In PQin (I(l')) dx (15)

+ / —Inpa,,.(I dw—l—/)\ds
D] Jy, PP T@)det |

The function ¢ from equation (2) is then given by:

e(po,;(I(x))) =

So, using an approximation of the entropy, we obtain the
same equation as in [12] but using efficient shape derivation
tools.

—Inpe, (I(z))

%(i’) = [C(Qm) — C(Qout) + )\.H]N (16)
with C(92) = 157 [ = Inpo, (1(2))

an

B K@)~ 1(3)
|Qi|/g,. o 1@)

The term A(Z, Q) from equation (3) is then given by:

B K(I() = I(#)
Al ‘|ﬂ|/ B 0

T opal@)

4. MULTIMODAL IMAGE SEGMENTATION

In this section, we extend our work to multimodal im-
ages segmentation. We consider two images I; and I ob-
tained from a different color channel. We take benefit of
joint probabilities between the different channel. We de-
fine pg, (I1(x), Iz(x)) as the probability to get the intensity
I () in the first image and I5(x) in the second one at pixel
x, where x is in the region R;.

4.1. Criterion

We define a binary label L determined by the curve I', as in
section 3. This label is identical for each image because the
curve is the same on each image.

Let us consider n random variables X1, X5, ..., X,,. The
chain rule for mutual information is the following one:

MI(X1,Xa,...,Xn) =

n—1 (18)
> MI(Xs, Xl Xio1, Xia, ..., X1)

Applying (18) we have:
MI(IL/(X), I:(X), L(X)) =
H(L(X), I2(X)) = H(I1(X), I2(X)[L(X))
As in the previous section, the term H([1(X), [2(X)) is

independent of the curve. The second term (the conditional
entropy) can be rewritten as follows:

H(L(X), I2(X)|L(X)) =
Pr(L(X) = Rin). H(I1(X), I2(X)|L(X) = Rin)  (20)
+Pr(L(X) = Rout)-H(I1(X), I2(X)|L(X) = Rout)
The conditional entropies are given respectively by:

H(L(X),L(X)|L(X)=R;) =

/Q —pa, (11 (x), F2(z) n pa, (I (2), () )da

i

19)

@y

with pa, = p(I1(X), Io(X)|L(X) = R;), i = in or out.
And the criterion becomes:

T(Qn, Qoue, T) :H(h(X),Iz(X)|L(X))+//\ds 22)

4.2. Derivation of the criterion

By deriving the criterion with the same method as in previ-
ous section, we obtain the following equation evolution:

g_z(;;;) = [C(Qm) — C(Qout) + A.I{]N (23)
with C(§2;) = % [ — pa, (I1(z),12(z)) Inpe, (11 (z), I2(z))

| D |
_ﬁ/g Kxvy(Ii(z) — [1(2),12(z) — I2(£)).

(Inpe; (I1(z), I2(z)) + 1) da]
where « is the curvature of the curve I' and K xy is a gaus-
sian kernel. As in the previous section, the second term of
C(€;) is the term B of equation (5).

4.3. Criterion with an approximation of entropy

We replace probabilities by joint probabilities in equation
(15) and we obtain the following criterion:

J(Qi'ruﬂouhr) = / _lan”L Il( ) IQ(J.’Z))dJ?

" / oy, (1 (@), (@) do

Qout

(24)

+
S u‘w w‘
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Similarly we compute the following evolution equation:

or .

5, @) = [C(Qin) — C(Qout) + \k|N (25)

with C() = — In pa, (11(2), [2(2))
. 1 / ny(Il(x)7[1(573),[2(58)7[2(@)) dx (26)
1 Q| Jo, pe; (11(2), 12(2))
The second term of C(£2;) is the term A of eq. (3).

5. EXPERIMENTAL RESULTS

In these experiments, we use an efficient parametric method
to implement the evolution equation based on smoothing B-
splines (see [13]). Such an approach combines a very low
computational cost compared to the level set method and a
global robustness to noisy data thanks to the internal regu-
larization parameter.

We get interested in the segmentation of a slightly textured
region : the face. We test our method on the sequence fore-
man. Color images are in the RG B color space. We choose
the two channels R and B and we ignore the G one. The
evolution equation (23) is implemented for segmentation
from the definition of the criterion (22) applied to the chan-
nels R and B. We quantify the histograms using a uniform
step quantization, identical for the two components and we
estimate them with the Parzen method using a parameter o
between 2 and 5. Fig. 1. shows the evolution of the curve.

SIEMENS o

P

(c) Iteration 150 (d) Final segmentation

Fig. 1. Evolution of the curve with the criterion (22)

6. CONCLUSION

In this paper we present a general framework based on in-
formation measures for image segmentation using region-

based active contours. Non parametric measures of the en-
tropy or the mutual information are embedded into a varia-
tional framework. The evolution equation of an active con-
tour is then deduced from the computation of shape gradi-
ents. This general framework is extended for multimodal
color image segmentation and applied efficiently to face
segmentation.
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