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Abstract. We proposed a new segmentation based on Active Contours
(AC) for vector-valued image that incorporates evidential distance. The
proposed method combine both Belief Functions (BFs) and probability
functions in the Bhattacharyya distance framework. This formulation al-
lows all features issued from vector-valued image and guide the evolution
of AC using an inside/outside descriptor. The imprecision caused by the
variation of the contrast issued from the multiple channels is incorporated
in the BFs as weighted parameters. We demonstrated the performance of
the proposed algorithm using some challenging color biomedical images.

Keywords: Active Contours, Characteristic function, Belief Function,
Bhattacharyya distance ,Dempster Shafer rule.

1 Introduction

Segmentation based AC models presents several challenges that are mainly re-
lated to image noise, poor contrast, weak or missing boundaries between imaged
objects, inhomogeneities, etc. One way to overcome these difficulties is to ex-
ploit the prior knowledge in order to constrain the segmentation process. Due
occlusion or texture this is often not appropriate to delineate object regions.
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Statistical knowledge [4,20] and additional information such as texture [4] can
improved the segmentation based AC models for vector-valued image [3,22]. An-
other reason for failed segmentations is due local or global minimizer for AC
models [2]. To overcomes these difficulties, the evidential framework appears
to be a new way to improve segmentation based AC models for vector valued
images [19,12,21]. The Dempster Shafer (DS) framework [7] has been combined
with either a simple thresholding [19], a clustering algorithm [14], a region merg-
ing algorithm [12] or with an AC algorithm [21]. In this paper we propose to use
the evidential framework [7] to combine several information sources and incorpo-
rates them in the formulation of the AC models. The fusion of this information
from different feature channels, e.g., color channels and texture offers an alterna-
tive to the Bayesian framework. Instead to fuse separated probability densities,
the evidential framework allows both inaccuracy and uncertainty. This concept
is represented using BFs [7,5,8,1] which is particularly well suited to represent
information from partial and unreliable knowledge. To use BFs as an alternative
to probability in segmentation process can be very helpful in reducing uncer-
tainties and imprecisions using conjunctive combination of neighboring pixels.
First, it allows us to reduce the noise and secondly, to highlight conflicting areas
mainly present at the transition between regions where the contours occurs. In
addition, BFs has the advantage to manipulate not only singletons but also dis-
junctions. This gives the ability to explicitly to represent both uncertainties and
imprecisions. The disjunctive combination allows transferring both uncertain and
imprecise information on disjunctions [7,1]. Then, the conjunctive combination
is applied to reduce uncertainties due to noise while maintaining representation
of imprecise information at the boundaries between areas on disjunctions. In
this paper, we proposed to incorporate the BFs in the formulation of the AC
models. In Section 2, we review of the AC models based Vector-valued image seg-
mentation in total variation framework, which is the basis for our segmentation
framework. In section 3, we formulated our AC models in evidential framework.
Experimental results in Section 4 demonstrate the advantages of the proposed
method.

2 Globally Active Contours for Vector-Valued Image in
Evidential Framework

The evidential framework is provided through the definition of the plausibility
(Pl) and belief (Bel) function [7,8], which are both derived from a mass function
(m). For the frame of discernment ΩII = {Ω1, Ω2, ..., Ωn}, composed of n single
mutually exclusive subsetsΩi, the mass function is defined by m : 2Ω → [0, 1].

m (∅) = 0
∑

Ωi⊆Ω

m (Ωi) = 1; Bel (Ω) =
∑

Ωi⊆ΩII

m (Ωi) = 1

Pl (Ω) =
∑

Ωi
⋂

ΩII �=∅
m (Ωi)

(1)
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The relation between mass function, Bel and Pel can be described as fellows:

m (Ωi) ≤ Bel (Ωi) ≤ p (Ωi) ≤ Pl (Ωi) (2)

When m (Ω) > 0, Ω is a so called focal element [12,7]. The independent masses
mm are defined within the same frame of discernment as:

m
(
Ωi={1,...,n}

)
= m1

(
Ωi={1,...,n}

)⊗m2

(
Ωi={1,...,n}

)
...

⊗mm

(
Ωi={1,...,n}

) (3)

The total belief assigned to a focal element Ωi is equal to the belief strictly
placed on the foreground region Ωi. Then Belief Function (Bel) can expressed
as:

Bel (Ωi) = m (Ωi) (4)

This relation can be very helpful in the formulation of our AC model. The
segmentation based AC for vector Valued image I consists in finding one or
more regions Ω from I. In this framework, we search for the domain Ω or the
partition of the image P (Ω) that maximizes the Bhattacharyya distance [15,9]
between Bel associated to the inside/outside region or minimizing the criterion:

∂Ω̂ = argmin

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

log

(
1

p (P (Ω))

)

︸ ︷︷ ︸
Eb(∂Ω)

+

m∑

j=1

λj
in

∫

R+

√
mj

in (Ω) pjout

︸ ︷︷ ︸
Edata(I,Ω)

+

m∑

j=1

λj
out

∫

R+

√
mj

out (Ω) pjin

︸ ︷︷ ︸
Edata(I,Ω)

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(5)

Similairely as in [21], we used the definitions proposed in [1] to define mass
function for all image channels Ij as:

mj={1,...,m}
(
Ωin/out

)
= p

j={1,...,m}
in/out

mj={1,...,m} (Ω) = 1− p
j={1,...,m}
in + p

j={1,...,m}
out

mj={1,...,m} (∅) = 0

(6)

The pdfs pjin and pjout are estimated for all channels using Parzen kernel [17].
Our proposed method uses the total belief committed to foreground or back
ground region. In the next section we proposed a fast version of our segmentation
algorithm.

3 Fast Algorithm Based on Split Bregman

The Split Bregman method [2,10] is an efficient optimization technique for solv-
ing L1 regularized problems and has good convergence properties [2,10]. In order
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to find a contour minimizing AC energy functional, the Split Bregman method
[11] will separate the L1and L2 norm, by introducing a vectorial variable d and
imposing constraints on the segmentation problem. This results in the following
segmentation problem:

min

χ,d

(E (χ, d)) =

∫

Ω

|d (x)| dx+
m∑

j=1

λj
in

∫

Ω

V in
Beliefχ

+

m∑

j=1

λj
out

∫

Ω

V out
Beliefχ

(7)

This constrained segmentation problem can be transformed to an unconstrained
segmentation problem by adding a quadratic penalty function. This function
only approximates the constraint d = ∇χ. However, by using a Split Bregman
technique [11], this constraint can be enforced exactly in an efficient way. An
extra vector, bk is added to the penalty function (7). Then the following two
unconstrained steps are iteratively solved by:

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(
χk+1, dk+1

)
= argmin

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

∫
Ω0

|d|+
m∑
j=1

λj
in

∫

Ω

V in
Beliefχ+

+
m∑
j=1

λj
out

∫

Ω

V out
Beliefχ+

μ
2

∫
Ω0

∣∣d−∇χk − bk
∣∣2

⎫
⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎭

bk+1 = bk +∇χk+1 − dk+1

(8)

where μ is a weighting parameter. The first step requires optimizing for two
different vectors. We approximate these optimal vectors by alternating between
χ and d independently:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

χk+1 = argmin

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

∫
Ω0

|d|+
m∑
j=1

λj
in

∫

Ω

V in
Beliefχ+

m∑
j=1

λj
out

∫

Ω

V out
Beliefχ+

μ
2

∫
Ω0

∣∣d−∇χk − bk
∣∣2

⎫
⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎭

dk+1 = argmin
dk

{∫
Ω0

∣∣dk
∣∣+ μ

2

∫
Ω0

∣∣dk −∇χk − bk
∣∣2
}

bk+1 = bk +∇χk+1 − dk+1

(9)

This problem can be optimized by solving a set of Euler-Lagrange equations. For
each element χk+1 of the optimal χ̂, the following optimality condition should
be satisfied :

⎛

⎝Δ− 1

μ

m∑

j=1

λj
inV

in
Belief − 1

μ

m∑

j=1

λj
outV

out
Belief

⎞

⎠

︸ ︷︷ ︸
A

χk = div
(
bk − dk

)
︸ ︷︷ ︸

C

(10)
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Note that this system of equations can be written as Aχ = C. In [6] they
proposed to solve this linear system using the Kyrlov subspace method. The
solution of equation (10) is unconstrained, i.e.χ does not have to lie in the
interval [0, 1]. Ifχ ∈ [0, 1], the constrained optimumχ ∈ {0, 1}, since a quadratic
function is monotonic in an interval which does not contain its extremum. Then
the constrained optimum can be calculated as follows [10,6]:

χ̂ = max {min {χ, 1} , 0} (11)

Finally, the minimizing solution dk+1 is given by soft-thresholding:

dk+1 =
∇χk+1 + bk

|∇χk+1 + bk| max

(∣∣∇χk+1 + bk
∣∣ − 1

μ
, 0

)
(12)

Note that this results in a minimizer which values are between 0 and 1, and the
final active contour curve is given by the boundary of:

ησ (χ̂) =

{
1 ifσ < χ̂final ≤ 1
0 0 ≤ χ̂final ≤ σ

(13)

In algorithm below an overview of the complete segmentation. Our segmentation
model is initialized using an initial curve χ0. Given the parameters d0, b0, V in

Belief

and V out
Belief and for the set parameters λin, λout, μ, and σ, the Kl function solves

equation (10) to update primal variable χ. The dual variable dk+1 is shrink

iteratively. The final segmentation is given by
{
x ∈ Ω|χ(x)final ≥ 1

2

}
.

4 Results

The proposed method was tested on a dataset [18,16] which contained both
914 color images acquired from 52 patients. These images have a definition of
1280 pixels/line for 1008 lines/image and are lossless compressed images. To
illustrate and demonstrates the accuracy of our segmentation method, we present
some results of our method and compare them to segmentation done by the
traditional AC model based vector value image and the model proposed in [21].
The three methods are evaluated on 10 color images taken form the dataset
[18,16] using F-measure criterion[13]. Traditional segmentation and method in
[21] are initialized by contour curve around the object to be segmented, our
method is free initialization and the segmentation done by the three method are
presented for three challenging images (see Figure.1).

The accuracy of the segmentation is represented in term of Precision/Recall
[13]. The proposed method give the best segmentation and the F-measure is
better then the other methods (see Table.1).
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(a) Our method (b) Method proposed in
[21]

(c) Method proposed in
[15]

(d) Our method (e) Method proposed in
[21]

(f) Method proposed in
[15]

(g) Our method (h) Method proposed in
[21]

(i) Method proposed in [15]

Fig. 1. Images taken from the dataset [16]. The from the left to right, en yellow color
color segmentation done by our segmentation model, in red color segmentation done by
the model proposed in [21] and green color, the segmentation done by the traditional
model proposed in [15].
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Table 1. Quantitative evaluation of the segmentation using F-measure

Image Our method Method in [21] Method in [15]

Image 1 0.82 0.81 0.81

Image 2 0.79 0.76 0.77

Image 3 0.83 0.79 0.75

5 Conclusion

In this paper, we have investigate the use of the BFs in the Bhattacharyya dis-
tance framework. The results have shown that proposed approach give the best
segmentation for biomedical images. The experimental results show that the
segmentation performance is improved by using the three information sources
to represent the same image with respect to the use information. Indeed, there
are some drawbacks of our proposed method. The proposed is very high time
consuming for calculating the mass functions. Furthermore, the research of other
optimal models to estimate the mass functions in the DS theory and the impre-
cision coming from different images channels are an important perspective issue
of our work.
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