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Département d’Informatique, Université de Sherbrooke, J1K 2R1, QC, Canada
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Abstract

Image segmentation combining boundary and re-
gion information has been the subject of numerous re-
search works in the past. This combination is usu-
ally subject to arbitrary weighting parameters (hyper-
parameters) that control the contribution of boundary
and region features during segmentation. In this work,
we investigate a new approach for estimating the hyper-
parameters adaptively to segmentation. The approach
takes its roots from the physical properties of the energy
functional controlling segmentation and a Bayesian for-
mulation of segmentation and hyper-parameters esti-
mation.

1. Introduction

Image segmentation is one of the most studied top-
ics in computer vision and still the focus of many re-
cent works. To enforce the precision and robustness of
segmentation, several works in the past investigated the
combination of boundary and region information in the
segmentation [5, 7]. These approaches take advantage
of the complementary information provided by bound-
ary and region features to build homogeneous regions
whose boundaries lie on strong discontinuities of the
image. Quite often, the combination of boundary and
region information in those approaches is a weighted
sum of two objective functions, each of which achiev-
ing a segmentation by optimizing a criterion based on
either region or boundary information [3, 5]. In this
field, variational models have been used for their con-
sistent and natural way of formulating segmentation by
energy minimization. The final solution for segmenta-
tion is achieved by minimizing energy functionals with
respect to the region contours, via the resolution of par-
tial differential equations (PDEs) [3, 8]. It remains that
the combination of boundary and region information in

those functionals is formulated as an arbitrary weight-
ing sum, where the weights are fixed in advance by the
user. The influence of this on segmentation quality and
convergence has not been shown so far.

In this work, we propose an automatic estimation
of the hyper-parameters for a segmentation combining
boundary and region information. We suppose the im-
age is composed of a fixed, but arbitrary number of re-
gions. The region information is formulated using a
mixture of Gaussians, whose parameters are calculated
adaptively to segmentation. Boundary information is
formulated using a multi-band edge detector. We show
on various examples that the approach speeds up con-
vergence of segmentation while enhancing its robust-
ness to shadowing and illumination changes. This paper
is organized as follows: Section 2 presents the problem
of fixed hyper-parameters in segmentation. Section 3
gives a formulation of the proposed model. Section 4
presents some experiments for our model validation.

2. Problem statement

Let U = (u1, . . . , un) be a multi-valued image de-
fined on the domain Ω = Z+ × Z+; where Z+ is
the set of positive integers and n ≥ 1. We use the
notation Ωk and ∂Ωk to designate, respectively, a re-
gion and its boundaries. The segmentation aims to
build a partition of the image composed of M regions
P = {Ω1, ..., ΩM}, where

⋃M
i=1 Ωk = Ω. Variational

segmentation combining boundary and region informa-
tion has been formulated in several research works [3, 8]
by minimizing the following functional:

E(
M⋃

k=1

∂Ωk(s),Θ) = αEb + βEr, (1)

where Eb =
M∑

k=1

∮

∂Ωk

g(∇I(∂Ωk(s)))ds (2)
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and Er =
M∑

k=1

∫∫

Ωk

−log [tk(x)] dxdy, (3)

where Θ designates the mixture parameters, composed
of the parameters θk of each pdf and the mixing prob-
abilities πk, k ∈ {1, . . . ,M}. tk(x) = p(θk|U(x)) =

πkp(U(x)|θk)∑M
j=1 πjp(U(x)|θj)

. The boundary information is added

in the first term of functional (1), using the formalism
of the GAC model [2], where the color boundary plau-
sibility ∇I(∂Ωk(s)) is calculated by the method pro-
posed in [4], and g is a strictly decreasing function. The
second term of the functional assigns pixels to regions
by minimizing the Bayes error classification. To seg-
ment an image, functional (1) is minimized using Euler-
Lagrange equations. After introducing the level set for-
malism [2], the following motion equation is given for
each region contour:

dφk

dt
= (αVb − βVr) |∇φk| (4)

where
{

Vb = g(∇I(φk))κ +∇g(∇I(φk)) ∇φk

|∇φk|
Vr = log (πkp(U |θk))− log (πhp(U |θh))

(5)

where φk : R2 → R is a level set function associated
with the contour ∂Ωk (φk(x) < 0 if x is inside the con-
tour ∂Ωk and φk(x) > 0 otherwise). κ is the curvature
of the zero level set. The term Vb represents the bound-
ary velocity that regularizes the curve and aligns it with
the region boundaries. The term Vr represents the re-
gion velocity and has the role of moving the contours
inside the regions by minimizing the Bayes error classi-
fication of the pixels. Here, the region term is made as
a competition for a given pixel between the current re-
gion Ωk and the region Ωh 6= Ωk that has the maximum
posterior probability for the pixel value.

In Eq. (4), α and β control the contribution of the
boundary and region terms. By setting a small value
for β and a large one for α, the contour was stopped at
pixels with small gradient magnitude, as shown in Fig.
1.b. By setting a small value for α and a large one for β,
the contour flicked to capture parts of the background,
as shown in Fig. 1.c. Finally, setting similar values for
(α = β = 0.5) leads to the result shown in Fig. 1.d,
where the contour captures the region of interest, but it
is stopped by the eyes region, even though it does not
constitute a real boundary to the face.

If we want to include the eyes into the face region,
one can tune the hyper-parameters in such way that
boundary information is activated only when the con-
tour is in the vicinity of a true boundary. Our approach
in this work tries to achieve this objective by giving pri-
ority to boundary information only if the neighborhood

(a) (b) (c) (d)

Figure 1. Segmentations using fixed
hyper-parameters α and β: (a) represents
the contour initialization; (b), (c) and (d)
represent segmentation results obtained
using (α = 0.9, β = 0.1), (α = 0.1, β = 0.9)
and (α = 0.5, β = 0.5), respectively.

of a pixel is characterized by a high gradient response.
Otherwise, the region module is favored.

3. Formulation of the model

To establish adaptive values for the hyper-parameters
α and β, we first rewrite the segmentation as probability
maximization. The optimal segmentation of each region
is given by a contour which minimizes functional (1).
Let Eb and Er be the values of the boundary and region
energies. We may claim that the values of theses en-
ergies are dissipative (since the PDE minimizing them
is in a parabolic form) [6]. Thus, these energies are
expected to diminish over time, yielding exponentially
decaying solution for the PDE. We, then, obtain the op-
timal location for any boundary ∂Ωk by maximizing the
following probability over ∂Ωk and Θ:

p(Eb, Er|Ωk,Θ, α, β) = αexp
{− αEb(∂Ωk,Θ)

}

×βexp
{− βEr(∂Ωk,Θ)

}
(6)

The multiplication by α and β is for normalizing the
probabilities. The above formulation of the energy dis-
tribution relies on the following assumptions. First, we
supposed the boundary and region segmentation proba-
bilities are independent, which is reasonable in nature.
Second, boundary and region energy probabilities are
modeled using exponential distributions. The exponen-
tial distribution comes out as a natural choice since it
gives the maximum of segmentation probability when
the energy is minimized.

Eq. (6) defines a probability of a global state of seg-
mentation for which we assume the hyper-parameters α
and β are the same for all the pixels on which the en-
ergies Eb and Er are calculated. If we want to make
the segmentation independent for each pixel (up to its
neighborhood), we can build a local segmentation map
for the pixel where we suppose the hyper-parameters α
and β are constant in its neighborhood, as illustrated in



Fig. 2. Let us denote by W (x) a square window which
surrounds the pixel x = (x, y). The size of W (x) is
N = m × m. We denote by Ẽb(x) and Ẽr(x) the
neighborhood boundary and region energies, respec-
tively. These energies are given by:

Ẽb(x) =
1
N

∑

(u)∈W (x)

Eb(u) (7)

Ẽr(x) =
1
N

∑

(u)∈W (x)

Er(u) (8)

Figure 2. Neighborhood system used for
hyper-parameters calculation.

To make the segmentation formulated by (6) inde-
pendent of α and β, a correct Bayesian treatment is to
integrate them out over any prediction [1]. The evidence
of each region contour localization is then given by in-
tegrating the energy (segmentation) probability over α
and β. I each pixel neighborhood, this is given by:

p(Ẽb(x)) =
∫ ∞

−∞
p(α, Ẽb(x))dα (9)

∝
∫ ∞

0

p(Ẽb(x)|α)p(α)dα (10)

p(Ẽr(x)) ∝
∫ ∞

0

p(Ẽr(x)|β)p(β)dβ (11)

The integrals (10) and (11) represent the expectations
of the boundary and region energies with respect to the
hyper-parameters α and β. The calculation of these in-
tegrals requires choosing specific priors for α and β.
Since we assume that no information is available in
advance about them, one proper choice is to use non-
informative priors, as proposed in [1]:

p(α) ∝ α−1; p(β) ∝ β−1 (12)

In Eqs. (10) and (11), we assume the hyper-parameters
are constant in the neighborhood, which simplifies the
integrals to the following ones:

p(Ẽb(x)) ∝
∫ ∞

0

exp{−αẼb(x)}dα =
[
Ẽb(x)

]−1

(13)

p(Ẽr(x)) ∝
∫ ∞

0

exp{−βẼr(x)}dβ =
[
Ẽr(x)

]−1

(14)

Putting to logarithm, then differentiating the above
equations with respect to each contour ∂Ωk, we obtain:

−∇log
[
p(Ẽb(x))p(Ẽr(x))

]

∝ ∇log
[
Ẽb(x)

]
+∇log

[
Ẽr(x)

]
(15)

If we perform the same differentiation but without inte-
grating the hyper-parameters (i.e., by defining p(Ẽb(x))
and p(Ẽr(x)) as formulated in Eq. (6)), we obtain:

−∇log
[
p(Ẽb(x))p(Ẽr(x))

]

∝ α · ∇Ẽb(x) + β · ∇Ẽr(x) (16)

By comparing Eqs. (15) and (16) term to term, we ob-
tain the values of α and β as follows:

α ∝ [Ẽb(x)]−1;β ∝ [Ẽr(x)]−1 (17)

Eq. (17) gives the values of α and β in Eq. (6) which
minimize the energy locally with respect to each region
contour ∂Ωk. Thus, replacing the values of α and β in
Eq. (4) will yield better minimization of the energy and,
therefore, better localization of the contour. Indeed, Eq.
(17) means that whenever the parts inside and outside
a contour are in the same region, the energy Ẽr will
be small and β should be increased. If the contour is
in the vicinity of a region boundary, then Ẽb will be
small and α should be increased. The final algorithm
for segmentation is given as follows:
1- Initialize the region contours.
2- Until the convergence of the contours do:

a- Evolve the contours using Eq. (5).
b- Re-initialize the level set functions.
c- Re-estimate the region parameters Θ by:

π̂k =

∫∫
Ωk

tk(x)dx∫∫
Ωk

dx
(18)

µ̂k =

∫∫
Ωk

tk(x)U(x)dx∫∫
Ωk

tk(x)dx
(19)

Σ̂k =

∫∫
Ωk

tk(x)[U(x)− µk][U(x)− µk]T dx∫∫
Ωk

tk(x)dx
(20)

d- Re-estimate the hyper-parameters using Eqs. (17).
In the previous equations, πk, µk and Σk designate, re-
spectively, the mixing parameter, the mean vector and
the covariance matrix of the region Ωk.

4. Experiments

To show the effectiveness of the proposed model, we
conducted experiments related to the segmentation of



images (from the Berkeley dataset1) composed of mul-
tiple regions. Fig. 3 shows six examples of segmen-
tations obtained using fixed and dynamic values of α
and β, respectively. For the examples with fixed hyper-
parameters, we set α = β = 0.5. For dynamic hyper-
parameters, we use a neighborhood W (x) of size 9× 9
pixels. For each tested image, we set the number of re-
gions and initialized manually the contours. For each
region, we deform its contour from the initial state un-
til convergence, using the previous algorithm. The final
partition of the image is defined by the union of all the
contours, plus the region formed by pixels that do not
belong to any inside of contour. Finally, since the seg-
mentation is completely data-driven, we avoid overlap-
ping between contours by stopping the evolution of the
latter at contacting contour pixels.

(a) (b) (c)

Figure 3. Examples of image segmenta-
tion: (a) represents the original image
with the initialization, (b) and (c) represent
segmentations obtained using fixed and
dynamic hyper-parameters, respectively.

We can see in Fig. 3 that dynamic hyper-parameters

1http://www.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/segbench/

image fixed α, β dynamic α, β gain (%)
1 5.3 4.1 22
2 4.6 3.2 30
3 6.2 4.6 25
4 4.1 3.1 24
5 3.5 2.4 31
6 5.2 3.3 36

Table 1. Values of time (in seconds) taken
to perform the segmentations in Fig. (3).

diminished considerably poor boundary localization
caused by self-shadowing or objets specularity. By hav-
ing fixed hyper-parameters, the contour was stopped by
weak edges due to the these phenomena. Furthermore,
as shown in Tab. 1, convergence of the contours has
been enhanced by having dynamic hyper-parameters,
since giving priority to one of the information permits
to speed up energy minimization and, therefore, contour
motion.

5. Conclusions

In this work, we proposed a principled framework
for automatic estimation of hyper-parameters weight-
ing boundary and region information in segmentation.
We demonstrated that this approach gives better conver-
gence for segmentation, as well as robustness to over-
segmentation due to specularities and shadowing.
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