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Abstract. Towards hardware implementation of real-time visual image processing, we propose a region-
based coupled Markov Random Field (MRF) model with phases as hidden variables for coarse image region
segmentation tasks. In general, two types of coupled MRF models, boundary-based and region-based, are
known according to their hidden variables that play a crucial role for detecting discontinuities in intensity,
color, depth and motion in image scenes. A region-based coupled MRF model with phases as hidden
variables has been proposed for image restoration task. For coarse region image segmentation tasks, we
customize the previous model in view of efficient hardware implementation. Our model has an advantage
over the resistive-fuse network, which is a boundary-based coupled MRF model, in dealing with the hidden
variables explicitly. Consequently, our model can extract closed regions from given images by phases as
labels at different timing and act as a spatial-temporal nonlinear filter.
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1 Introduction

Great advances in computational theory support practical algorithms and hardware implementation for visual
image processing [1–3]. Coupled Markov Random Field (MRF) models have been proposed as a model for
detecting discontinuities in intensity, color, depth and motion in visual scenes [4–15]. In coupled MRF models,
the discontinuities are represented by hidden state variables that are not explicitly included in visual images
but necessary for 3D reconstruction from 2D images. According to the effects of hidden variables, coupled
MRF models are divided into two classes: boundary-based and region-based models [5]. In these models, hidden
variables that determine the interaction between units corresponding to image pixels are referred to as a line
process and a label process, respectively [5, 8].

In a coarse image region segmentation task, the region-based models have an advantage in dealing with
the hidden variables explicitly as compared to the boundary-based models. Even if an input image contains a
gradual slope, the region-based model can extract a closed region from the input image by hidden variables
referred to as a label process. However, the conventional region-based models have a problem that solutions
obtained from the gradient descending method are often trapped in local minima because the hidden variables
can take only two discrete states. In order to solve this problem, a region-based coupled MRF model with
continuous hidden phase variables has been proposed [8]. It is shown numerically that the neutral stability of
the phases settles a steady state at the global minimum [8].

In previous works, the region-based coupled MRF model with continuous phase variables has been proven
to demonstrate good performance in image restoration task [8, 9]. In contrast, the model has a difficulty in
optimizing parameters that control the balance between image segmentation and smoothing in applications to
coarse image region segmentation tasks. In our previous work, we improved the region-based model in terms of
parameter setting for efficient hardware implementation [16, 17]. However, the meaning of these models is still
unclear because of their piecewise binary approximation [16, 17].

In the present work, we propose a novel region-based coupled MRF model with phase dynamics for coarse
image region segmentation towards practical hardware implementation. We introduce nonlinear functions into
the previous model to be tractable in terms of parameters that control balance between image segmentation and
smoothing. We compare the performance and characteristics of the proposed model with those of a resistive-
fuse network, which is one of boundary-based coupled MRF models. We show that our model provides better
performance than the resistive-fuse network in coarse image region segmentation tasks. We further demonstrate
that our model can extract closed regions from given images by phases as labels at different timing of iterative
calculation.

This paper is organized as follows. Section 2 describes the boundary-based and region-based coupled MRF
models. In this section, we will propose a novel cost function of a region-based coupled MRF model with phase
dynamics. Section 3 describes the performance of the proposed model in coarse image region segmentation as
compared to the resistive-fuse network. Finally, we will make a summary and conclude the present work in the
last section.
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Fig. 1. Nonlinear characteristics of the resistive-fuse network: (a) J(V ) and (b) I = G(V ) that represents the current-
voltage relationship through the nonlinear conductance known as the resistive-fuse.

2 Boundary- and Region-based Coupled MRF Models

Let us compare the characteristics of boundary- and region-based coupled MRF models in applications to coarse
region image segmentation. We here consider the 1D cases for simplicity in explanation.

2.1 Resistive-fuse network: a boundary-based coupled MRF model

Boundary-based coupled MRF models have been proposed for edge preserving image reconstruction [4, 6]. The
cost function of the boundary-based models is defined as follows:

E(f, l|d) =
η

2

∑

i

(fi−di)2 + λ
∑

i

∑

j

(fi−fj)2(1− lij) + γ
∑

i

∑

j

V (lij) (1)

where fi is the state value at the i-th node referred to as the intensity process, di is the input value at the
i-th node, and lij the hidden variable referred to as a line process, which determines interaction between i-th
and j-th nodes. The first term forces fi to be close to di, and the second term determines the strength of the
interaction between two neighborhood nodes. The third term is constraint with respect to the hidden variables.
The simplest constraint and the necessary condition to minimize the cost function are given by:

V (lij) = lij , lij =

{
1 if fi − fj >

√
γ/λ

0 otherwise
(2)

where η, γ, and λ are the scale parameters that determine the balance between three terms of the cost function.
In this case, the line process is binary, and the cost function is same as that of the weak membrane [6]. For
continuation of the line process, the binary line process can be integrated out by introducing parameter T [11],
leading to the cost function closely related to that of the resistive-fuse network defined as follows [10]:

E(f |d) =
η

2

∑

i

(fi − di)2 +
∑

i

∑

j

∫ ∆f

0

G(V )dV (3)

with

G(∆f) = [1− lij(∆f)]∆f, lij(∆f) =
1

1 + exp{−(λ∆f2 − γ)/T} (4)

where ∆f = fi − fj is the intensity difference. The function G(·) represents the nonlinear voltage-current
characteristics of the resistive fuse element (Fig. 1), and lij the continuous line process. The parameter T
represents the temperature for simulated annealing in order to converge a state at the global minimum to
minimize the cost function shown in (3). The resistive fuse acts as a fuse over a certain threshold Q, which is
equals to the gradient limit

√
γ/λ as the scale parameter η = 1. The resistive-fuse network cannot deal with

hidden variables explicitly.
The gradient descending algorithm of the resistive-fuse network has been implemented on silicon platforms

for detecting discontinues [10–14] and for coarse region segmentation in image [15]. The discretized algorithm
using the Euler method is represented as follows:

fi(t + 1) = fi(t) + hf

[
1
2

∑

j

G(∆f)− η(fi − di)
]

(5)

where hf is the time constant that corresponds to the time step for each iterative calculation.
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Fig. 2. Nonlinear characteristics of the proposed model. (a) H(V ) and (b) ∂H(V )
∂V

that corresponds to the current through
the nonlinear conductance.

2.2 Region-based coupled MRF models with phase dynamics

The cost function of a region-based MRF model with phases as hidden variables is represented as follows [8]:

E(f, φ|d) =
η

2

∑

i

(fi−di)2 +
λ

4

∑

i

∑

j

{1+cos(∆φ)}(∆f)2− J

2

∑

i

cos(∆φ) (6)

where φi is the phase as continuous hidden variable referred to as a label process, ∆φ = φi − φj the phase
difference, and η, λ and J the scale parameters. In this model, the phases are introduced to settle a steady
state at the global minimum by means of the neutral stability of the phases [8]. The first term forces fi to be
close to di. The second term smooths the gradient between fi and fj according to the difference between the
corresponding phases. The phase φi interacts with neighborhood phases and the corresponding state fi. The
third term is the constraint with respect to the phases.

The discretized gradient descending algorithm for the cost function (6) is represented as follows:

fi(t + 1) = fi(t) + εf

[
λ

{
1 + cos(∆φ)

2

}
∆f − η(fi − di)

]
(7)

φi(t + 1) = φi(t)− εφ

[
1
2

{
J − λ

2
(∆f)2

}
sin(∆φ)

]
(8)

where εf and εp are the time constant. In this model, it is difficult to optimize parameters λ and J that
determine the balance between image segmentation and smoothing because the coefficient of the second term
in (6) includes a quadratic function of ∆f with infinite range.

We introduce the nonlinear functions into the cost function (6) to be tractable to tune the parameters that
control the balance between image segmentation and smoothing. The cost function of the improved model is as
follows:

E(f, φ|d) =
η

2

∑

i

(fi−di)2+
λ

4

∑

i

∑

j

{1+cos(∆φ)}H(∆f)− J

2

∑

i

cos(∆φ) (9)

with

H(∆f) = {1− cos(∆f/σ) exp(−∆f2/σ2)}/β (10)

where H(·) represents the nonlinear function and the partial derivative of the function with respect to the
voltage ∂H(V )

∂V corresponds to the current through the nonlinear conductance (Fig. 2). Parameter σ tunes the
resolution and controls the balance between image segmentation and smoothing. The parameter β normalizes
the nonlinear functions. The nonlinearity of the function (10) is introduced to restrict the second term of the
cost function within a finite range. It should be noted that the nonlinear characteristics of the proposed model
(Fig. 2) are qualitatively similar to those of the resistive-fuse network (Fig. 1).

We further replace the phase variables φi with φi +ωt for averaging the phase variables so that steady states
become periodic. This transformation causes stable phase-locked patterns of the phase variables and suppresses
small oscillation of the phase variables. The angular velocity ω determines the period of the phase-locked
oscillation.
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Fig. 3. 1D simulation results. Parameter σ tunes the resolution that determines the balance between image segmentation
(right side: σ = 0.1) and smoothing (left side: σ = 0.05).

3 Results

We numerically compare the performance and characteristics of the proposed region-based model and the
resistive-fuse network as a boundary-based model.

3.1 1D simulations: Geometric figure

We verified the effect of resolution tuned by parameter σ in coarse image region segmentation. We set a geometric
figure as input image. As an initial condition, we normalized each initial state di within [0, 1] and set each initial
phase φi at πdi. We set the scale parameters as η = 0.01, J = 1, and λ = 2, the normalize parameter as β = 0.5,
and the time constants as εf = 0.001 and εφ = 0.01π, and the angular velocity ω = 0.25.

When parameter σ was large (σ = 0.1), the resolution became low, and a small region in the geometric figure
was smoothed in both the intensity and label (phase) processes (Fig. 3 left). In contrast, when parameter σ was
small (σ = 0.05), the resolution became high, and the edges of the small region were preserved (Fig. 3 right).
The results show that the parameter σ can control the balance between image segmentation and smoothing.

3.2 2D simulations: Gray scale pictures

We compare the performance of the resistive-fuse network as a boundary-based model and the proposed model
as a region-based model in coarse region image segmentation tasks. We used natural pictures as an input image
and converted color into gray scale in the pictures as preprocessing. The initial conditions were set in the same
way as in the 1D simulations.

We firstly measured the state values {fij} of the intensity process at a steady state. We set η = 0.02, λ = 1,
γ = 0.01 and hf = 0.05 for the resistive-fuse network and η = 0.01, J = 1, λ = 2, β = 0.25, σ = 0.04,
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Fig. 4. 2D simulation results. Comparison between the resistive-fuse network and the proposed region-based coupled
MRF models in coarse image region segmentation.

εf = 0.001, εφ = 0.01π, and ω = 0.25 for the proposed model. For the resistive-fuse network as shown in Fig.
4 (left side), high spatial-frequency components except edges were smoothed, however, low spatial-frequency
components were still remained. The resistive-fuse network can act as a spatial low-pass filter with a narrow
frequency range in closed regions. In contrast, for the proposed model as shown in Fig. 4 (right side), both
high and low spatial-frequency components were smoothed in closed regions. The proposed model can act as a
smoothing filter with a wide frequency range in closed regions.

We further measured the phase values {φij} of the label process in the proposed model. Closed regions can
be extracted from given images by the phases as labels at different timing in the iterative calculation, as shown
in Fig. 5. The steady states of the phases are periodic, and therefore static images are converted into dynamic
patterns of phase-locked oscillation of phase variables. As a result, we can represent coarse image regions in
spatio-temporal domain. The proposed model can act as a spatial-temporal filter with edge preserving function.

4 Conclusion

In this paper, we have proposed a region-based coupled MRF model with phase dynamics for coarse image
region segmentation. We introduced nonlinear functions into the previous model to be tractable to tune scale
parameters that determine the balance between image segmentation and smoothing. Our model has an advan-
tage over the resistive-fuse network in dealing with the hidden variables explicitly in a coarse image region
segmentation task. In fact, our model can extract closed regions from given images by phases at different timing
in iterative calculation. This means that our model can act as an edge preserving spatial-temporal filter.

The nonlinear functions introduced in our model are qualitatively similar to those in the resistive-fuse
network, and such nonlinear functions can be implemented as analog, digital and mixed/merged circuits. This
facilitates practical and efficient implementation of the region-based coupled MRF models with phase dynamics
on silicon platforms as in our related work. We will further consider possible nonlinear measures for the cost
function and their validity and meaning in the information theory as our future work.
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Fig. 5. 2D simulation results. Closed regions can be extracted from given images by phases as labels at different timing
in iterative calculation.
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