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Abstract. Monte Carlo methods and their subsequent simulated an-
nealing are able to minimize general energy functions. However, the slow
convergence of simulated annealing compared with more recent deter-
ministic algorithms such as graph cuts and belief propagation hinders
its popularity over the large dimensional Markov Random Field (MRF).
In this paper, we propose a new efficient sampling-based optimization
algorithm called WA (Window Annealing) over squared lattice MRF, in
which cluster sampling and annealing concepts are combined together.
Unlike the conventional annealing process in which only the tempera-
ture variable is scheduled, we design a series of artificial ”guiding” (aux-
iliary) probability distributions based on the general sequential Monte
Carlo framework. These auxiliary distributions lead to the maximum
a posteriori (MAP) state by scheduling both the temperature and the
proposed maximum size of the windows (rectangular cluster) variable.
This new annealing scheme greatly enhances the mixing rate and con-
sequently reduces convergence time. Moreover, by adopting the integral
image technique for computation of the proposal probability of a sampled
window, we can achieve a dramatic reduction in overall computations.
The proposed WA is compared with several existing Monte Carlo based
optimization techniques as well as state-of-the-art deterministic methods
including Graph Cut (GC) and sequential tree re-weighted belief propa-
gation (TRW-S) in the pairwise MRF stereo problem. The experimental
results demonstrate that the proposed WA method is comparable with
GC in both speed and obtained energy level.

1 Introduction

In vision problems, optimization or energy minimization techniques are widely
used over various models. In areas such as segmentation and stereo vision, the
minimum energy states are often posed as Bayesian solutions. And especially for
large pairwise MRF problems, a variety of methods were introduced with notable
impacts. Particularly, algorithms such as GC and loopy belief propagation (BP)
allow a very accurate estimation of maximum a posteriori (MAP) states with
reasonable computation time [1,2]. However, GC and BP have certain limitations
over the size of cliques, computational speed, continuous state space, global
constraints and non-submodular energy functions [3,4,5,6,7]. These issues are
becoming more important in the vision community as we build more complex
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models. Researchers are now devising variants of GC and BP by modifying and
combining several techniques for a more robust optimization scheme. However,
building a BP and GC based algorithm that can overcome all of these drawbacks
does not seem an easy task.

On the other hand, Monte Carlo methods, such as Gibbs sampler and SW cut,
are free from most of these aforementioned issues [8]. Monte Carlo simulated an-
nealing is one of the first methods introduced for MRF energy minimization and
Gibbs sampler, data-driven MCMC (DDMCMC), window Gibbs (W-Gibbs) and
Swendsen-Wang cut (SW-cut) were shown to be effective sampling techniques
[9,10,11,8]. Combined with the annealing process, they can even optimize MRF
with larger cliques as long as the state’s probability density is known up to a
normalizing constant. The only drawback is their unacceptable lengthy time to
converge compared to GC and BP. Because of its slow convergence rate, the
Monte Carlo methods have lost their popularity over problems with very high
dimensional distributions. Thus, by today’s standards, they are often disregarded
as under-performing alternates to GC and BP.

A fast Monte Carlo based algorithm, then, can deal with all the drawbacks
of GC and BP while achieving comparable energy minimization. In order to
build Monte Carlo algorithms that can compete with GC and BP in speed of
minimization, we deride away from the Metropolis-Hasting framework of DDM-
CMC sampler and SW-cut. Instead we examine the applicability of sequential
Monte Carlo (SMC), which is a general Monte Carlo technique over any se-
quentially varying distributions (auxiliary distributions) [12,13]. In this paper,
the annealing process will be seen as a special case of SMC over temperature
varying distributions [13]. Being such, we explore varying distribution accord-
ing not only to temperature, but also to cluster size, and introduce the window
annealing (WA) scheme.

The proposed algorithm takes full advantage of the fact that it is not essential
for intermediate auxiliary distributions to be built with reversible Markov chains
that converge to a known distribution. A cluster scheme can be made simpler
and faster for Markov chains over auxiliary distributions, unlike the SW-cut that
has a more computationally extensive clustering scheme in order to satisfy the
detailed balance constraint of the chains. However, by alleviating this constraint,
we can greatly reduce computation time while still maintaining the advantages
of cluster sampling. For a 4-neighbor pairwise smooth stereo energy function, the
proposed WA scheme runs as fast as the state-of-the-arts energy minimization
algorithms such as sequential tree re-weighted BP (TRW-S) and GC, producing
a comparable low energy state. It also outperforms the existing MCMC-based
methods including SW-cut and Gibbs sampling. Moreover, we will show that
the proposed WA method can be applied effectively to the minimization of the
continuous state MRF problem, and global constraint problems.

The next section will reformulate the reversible MCMC and traditional an-
nealing framework that will be the basis of the proposed algorithm. Section 3
will introduce the fast Pseudo Window Metropolis Sampling and Pseudo Win-
dow Gibbs Sampling schemes for the auxiliary distributions and we will show
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how they can be formulated into a Window Annealing scheme. Furthermore, a
faster computation of the energy functions of candidate states will be discussed
by proposing integral image techniques. In the experiment section, the perfor-
mance of the proposed WA scheme will be compared to GC and BP for the
pairwise MRF stereo problem. Few examples for continuous state problem and
global constraint energy minimization will also be presented.

2 Related Works

A brief introduction to MCMC and simulated annealing methods will be ad-
dressed in this section which will mirror the proposed WA scheme. First, we will
describe the square lattice structure of digital images for a pixelwise labelling
problem. A deterministic scan reversible MCMC scheme will be described to
sample from a target distribution. In the final subsection, simulated annealing
will be presented as a special case of SMC and we will explain how the reversibil-
ity in an annealing process can be compromised.

2.1 Square Lattice MRF

A typical digital image is consist of pixels that are arranged in a squared grid
structure. Thus, a pixel-wise labelling vision problem is usually formulated by
a square lattice type undirected graphical model, denoted by G◦ =< V, E >
with node V and edge E. And a label l in a discrete or continuous label set L is
assigned to each vertex v ∈ V , producing a state (labeling) x.

If we have N nodes and Q labels, then the number of all possible states derived
from this set up will be P = QN . The goal is to find the state that minimizes the
associated energy ϕ among {x1, x2, ...xP }. This problem is equivalent to finding
the MAP state of the following Gibbs distribution.

π(x) =
1
Z

e−ϕ(x), (1)

where Z is the partition function or the normalizing constant.

2.2 Reversible MCMC for Target Distributions

Sampling high dimension distribution (1) usually requires some form of MCMC
such as Gibbs or SW-cut. In this section we will describe a simple MCMC
scheme that will maintain the distribution (1) with enough samples. A basic
reversible ergodic MCMC that converges to a desired distribution can be con-
structed through the Metropolis-Hasting acceptance rule [14,15]. In addition to
satisfying the irreducibility and aperiodicity properties, if samples are filtered by
the following acceptance probability, the Markov chain satisfies the detailed bal-
ance condition, enforcing the sample distribution to converge toward the target
distribution π(x).

A(x′, x) = min
{

1,
π(x′)q(x|x′)
π(x)q(x′|x)

}
. (2)
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This is the acceptance probability of going from state x to x′. q(x|x′) is the
proposal probability of going to state x from state x′ before the acceptance
probability is applied.

There are numerous ergodic MCMC schemes that apply the above acceptance
rule. Although more complex methods such as SW-cut or DDMCMC can be
employed, simple deterministic scan Metropolis and Gibbs samplers suffice in
our framework to provide the final distribution at the end of annealing.

The following describes the Deterministic Scan Metropolis Sampler (DSMS):

Deterministic Scan Metropolis Sampler: DSMS

1. Repeat for specified number of samples,
2. For i = 1 to i = N repeat for current state x.
3. From an uniform distribution, pick a label l′.
4. Assign l′ to vi with following acceptance

probability, A = min
(
1, π(x′)

π(x)

)
.

In the above MCMC, the next state is determined by assigning a label from a
uniform distribution to the currently chosen vertex. Here, the proposal probabil-
ity can be written as q(x|x′) = αβ, where α is a constant probability of choosing
the vertex and β is also a constant probability of choosing a particular label.
Therefore, the acceptance probability in (2) becomes A = min

(
1, π(x′)

π(x)

)
.

Note that, however, one of the drawbacks of the DSMS is the inefficiency
due to its high rejection sampling rate. In contrast, by taking samples from
conditional probability, the Gibbs sampling method can eliminate the rejection
step in DSMS [9] as follows.

Deterministic Scan Gibbs Sampler: DSGS

1. Repeat for specified number of samples,
2. For i = 1 to i = N .
3. Sample vi ∼ π(vi|v1...vi−1, vi+1...vN ).

However, in general, sampling from a continuous distribution can be problem-
atic with Gibbs sampler, unless we have an easy to sample distribution such as
mixture of Gaussian.

2.3 Simulated Annealing

The goal of simulated annealing is to estimate the MAP state of a target distri-
bution (1) by introducing a series of auxiliary distributions that are controlled
by temperature such that

π0(x) = lim
T→0

πT (x) = lim
T→0

1
Z

e−ϕ(x)/T . (3)

The greater than zero temperature parameter T is adjusted to create a flatter
version of the target distribution and slowly cool to zero or near zero temperature
[16]. The MAP state is obtained by sampling πT sequentially.
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In many simulated annealing strategies, the Markov chain transition kernel
KT (x′|x) at time T is assumed to satisfy the following detailed balance equation,

πT (x)KT (x′|x) = πT (x′)KT (x|x′), (4)

for all states x and x′, and the Markov chain then converges to the desired distri-
bution πT at temperature T [14,15]. The Metropolis Hasting rule can be applied
to enforce the detailed balance of the Markov chains as in the previous subsection.

However, note that the simulated annealing process as a whole does not satisfy
the detailed balance condition because as the temperature changes, the distrib-
ution also changes. And the detailed balance between two different distributions
cannot be satisfied. This means that upholding detailed balance during an an-
nealing process has little advantage. Thus, by disregarding the detailed balance,
we could design simpler and faster MCMC kernels that are better suited for
estimating the MAP state (or the minimum energy state).

3 Window Annealing (WA)

Another way to interpret simulated annealing is to regard it as a single parti-
cle SMC sampling with temperature varying inhomogeneous MCMC transition
kernels [13]. SMC’s transition kernels need not to be reversible, Markov or
even ergodic [17,18]. Consequently, it is not necessary for SMC to have MCMC
kernels that converge to a known distribution or even to an invariant distribu-
tion. Thus, for the auxiliary MCMC kernels, the detailed balance condition (4)
is a coincidental but unnecessary condition for a general SMC and annealing
framework. We can hope to build better ”guiding” distributions and sampling
kernels toward the π0(x) by incorporating other auxiliary variables in addition
to temperature.

In this section we introduce MCMC transition kernels that mimic the Metropo-
lis sampling rule. Here, the key idea is to come up with an MCMC scheme that is
fast mixing and assume a similar shape as the target distribution, but not neces-
sarily converge to a known function because the detailed balance of Markov chain
is not being enforced. The gained freedom allows more flexibility in designing the
MCMC. Specifically, we can design a cluster sampling scheme in the same spirit as
SW-cut but without the tedious formulation of reversibility and detailed balance.

3.1 Non-reversible Pseudo Metropolis Sampling

The modified versions of Metropolis and Gibbs sampling schemes are introduced
in this subsection. First, by combining window-based cluster sampling strategy
and DSMS, we can design the pseudo Window Metropolis sampler (PWMS) as
follows.

Pseudo Window Metropolis Sampler: PWMS

1. Given π(x) and the maximum window size n.
2. Repeat for specified number of samples,
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3. From an uniform distribution, pick height h, width w
and position shifts of window cluster (ws, hs) s.t.;
(w, h) ∈ {0, 1, ..., n} × {0, 1, ..., n},
(ws, hs) ∈ {0, 1, ..., w − 1} × {0, 1, ..., h − 1}.

4. Using hs, ws, h, and w divide the graph (image) into
subregions such that the vertices are divided into m
rectangular window clusters, V = {V1, V2, ..., Vm}.
See Figure 1.

5. Repeat for j = 1 to j = m, for current state x.
6. From an uniform distribution,

pick a label l′ from L.
7. Assign l′ to Vj with following acceptance

probability, A = min
(
1, π̃(x′)

π̃(x)

)
,

where π̃(x) = Zπ(x)

The above PWMS algorithm clusters the graph (image) into rectangular grids
under maximum integer size n, and it samples using the acceptance rule similar
to the Metropolis scheme. However, violation of the reversibility occurs when the
current state has inhomogeneous labels for Vj and the next state has homogenous
labels for Vj . Therefore, the transition probability of going back from the current
state to the previous state is zero since the sampling move is done only through
homogenous labeling, i.e. Vj = l′. Without satisfying the reversibility and the
detailed balanced condition (4), PWMS will not converge to the distribution π(x).

Nevertheless, the PWMS scheme will converge to an invariant yet unknown
distribution, since it satisfies the irreducibility and aperiodicity constraints [19].
The chain can visit every other state since it involves the 1×1 window sampling,
which is a simple single node sampler. With always positive values of π̃(·), the
acceptance probability, min (1, π̃(x′)/π̃(x)) is always positive. Thus, it can be
asserted that there is a positive probability of visiting all states in finite steps
and there is a positive probability of jumping out of any cycle.

Similarly to DSGS, the rejection sampling problem of PWMS can be eliminated
by replacing the Metropolis sampling step with the Gibbs sampling. We call it as
pseudo Window Gibbs sampler (PWGS). In PWGS, all the nodes in a selected
window cluster can have either homogeneous labels or current labels, that is Vj

can be assigned among Q + 1 possible states, where Q is the number of labels.

Pseudo Window Gibbs Sampler: PWGS
1. Given π(x) and the maximum window size n.
2. Repeat for specified number of samples,
3. From an uniform distribution, pick height h, width w

and position shifts of window cluster (ws, hs) s.t.;
(w, h) ∈ {0, 1, ..., n} × {0, 1, ..., n},
(ws, hs) ∈ {0, 1, ..., w − 1} × {0, 1, ..., h − 1}.

4. Using hs, ws, h, and w divide the graph (image) into
subregions such that the vertices are divided into m
rectangular window clusters, V = {V1, V2, ..., Vm}. See Figure 1.
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Fig. 1. An example of window clustering of a square lattice MRF model. Using the
four random variables (w, h, ws, hs), the MRF is clustered into window shapes V =
{V1, V2, ..., Vm}.

5. Repeat for j = 1 to j = m, for current state x.
6. Make the following possible next candidate states,

x = (V1, ..., Vj−1, Vj , ..., Vm), the current state.
x1 = (V1, ..., Vj−1, Vj = l1, ..., Vm).
x2 = (V1, ..., Vj−1, Vj = l2, ..., Vm).
...
xQ = (V1, ..., Vj−1, Vj = lQ, ..., Vm).

7. Sample next state from following discrete distribution.
{ 1

Zc
π̃(x), 1

Zc
π̃(x1), ..., 1

Zc
π̃(xQ)}, where π̃(x) = Zπ(x) and

Zc = π̃(x) +
Q∑

i=1
π̃(xi).

3.2 Window Annealing Algorithm

In this subsection, we introduce the WA energy minimization algorithm. The
key idea of WA is to design efficient auxiliary guiding distributions toward π0(x)
in (3) by incorporating the temperature and maximum window size variables in
the annealing process. The following pseudo codes represent the proposed WA
algorithm in which samples are drawn from auxiliary distributions composed of
series of PWMS and PWGS-based Markov chains.

Window Annealing: WA

1. Given π(x), specify the schedules for the maximum
window size n and temperature T such that
T = {Tk, Tk−1, ..., T2, T1, T0} where Ti ≥ 0, T0 = 0.
N = {nk, nk−1, ..., n2, n1, n0} where ni ≥ 1, n0 = 1.
Initialize, i = k, and state x.

2. Repeat while i ≥ 0.
3. Sample next state by PWMS or PWGS with πTi(x)

and maximum window size ni. Pass the final
configuration x to the next iteration.

4. Reduce i = i − 1.
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Here, we assume that if the maximum window sizes ni are similar, the sample
distributions will be similar as well. Therefore, the sequence of ni is reduced
by one for a gradual change toward the target distribution. In contrast to the
previous annealing schemes where only the temperature variable was changed
over the distribution, in the proposed WA, the window size scheduling controls
the non-reversible Markov chain kernels for the intermediate distributions. No-
tice that if all ni are set to one, then WA becomes same as the conventional
simulated annealing with Metropolis rule.

3.3 Implementation of WA for Pairwise MRF

Most of the computational load of WA comes from the calculation of the prob-
ability density in step 7 of PWMS or PWGS. The efficient computation of the
proportional distribution π̃Ti(·) is an important issue for computational speed
up. Thus, we propose to use the integral image technique (sum area tables) [20]
to calculate the energy function that is associated with the proposal state proba-
bilities π̃Ti(x′) for a significant computation reduction. The rest of the subsection
explains the efficient aggregation of energy functions in a pairwise MRF, but it
can be easily extended to higher order clique MRFs.

If π̃Ti(x′) of PWMS and π̃Ti(x1), ..., π̃Ti(xQ) of PWGS were to be calculated
naively, the energy function ϕ(x′) and ϕ(x1), ...ϕ(xQ) have to be calculated with
the computational complexity O(N) where N is the number of nodes. However,
since π̃Ti(x′) and π̃Ti(x1), ..., π̃Ti (xQ) are only required to be calculated up to a
normalizing constant, actual computational load is much less than that. When
states x′ has the same label assignment as the current state x except for the
window cluster Vj , then ϕ(x′) can be represented as c + e′ + ϕ(Vj = l′), where
c is the energy of node set (V \ Vj). e′ is the pairwise clique potentials between
nodes in Vj and (V \ Vj). Thus, π̃Ti(x′) can be calculated in O(Nv) where Nv is
a number of nodes in Vj cluster. A more general description for different sized
cliques are given in [11].

Furthermore, if the nodes are arranged in a square lattice structure, ϕ(Vj = l′)
can be obtained efficiently from a precalculated integral images of uniformly
labelled states ϕ(V = l1), ..., ϕ(V = lQ). The unary and pairwise costs in Vj can
be aggregated in O(1) using integral images and the pairwise clique cost e′ can
be added on together. And by applying the equivalent approach, the calculation
of PWGS’s π̃Ti(x1), ..., π̃Ti(xQ) can also be reduced by same order. However, for
obtaining the current state energy ϕ(x), the computational complexity will still
be O(Nv) since the integral images cannot be pre-made for each accepted state.

4 Experiments

The comparisons of energy minimization techniques have been frequently studied
over the pairwise MRF stereo model [8,21,22]. Thus, it is natural that the same
test should be a good indicator of comparative performance of the proposed al-
gorithm. The proposed WA has been tested over the pairwise MRF stereo images
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Fig. 2. Energy versus time graphs for Tsukuba, Venus, and Cones stereo pairs re-
spectively using Potts, truncated linear and truncated quadratic discontinuity model.
(a) (b) and (c) compare Gibbs sampler, W-Gibbs, and SW-cut with proposed window
annealing (WA). (d), (e), and (f) compares α expansion GC and TRW-S with WA. The
comparison between simulated annealing and deterministic methods are separated for
better viewing.

provided by [23,24,25]. We compared the energy versus time with well-known GC
(α expansion), TRW-S, Gibbs sampler, window-Gibbs (W-Gibbs) and SW-cut.
GC and TRW-S were tested using the programs provided by [22,2,26,27,28,29].
The lower bound of TRW-S indicates the lowest energy reachable with the given
target distribution. The three Monte Carlo based methods, Gibbs sampler, W-
Gibbs and SW-cut were implemented based on their respective papers [9,11,8].
To the best of our knowledge, we are the first to implement W-Gibbs sam-
pler over pairwise MRF stereo. Although the efficiency of W-Gibbs has not
improved over the traditional Gibbs sampler, we included it on the comparative
test because of its operative similarity to WA. Comparative graphs for Monte
Carlo methods were presented separately from GC and TRW-S for better visual
comparison.

We also implemented WA on a continuous state MRF stereo problem, where
the disparity label for a pixel is a real number between the max and min dispari-
ties. Such continuous state MRF stereo has been proposed in the non-parametric
BP article [30], but was not applied to real/complete stereo pairs. To the best
of our knowledge, WA is the first effective algorithm applied to the continuous
MAP-MRF stereo problem.

Finally, energy function with global constraints were implemented using WA.
These types of energy functions cannot be solved with α expansion and message
passing algorithms. A simple binary segmentation problem is used to demon-
strated the flexibility of proposed method over general energy functions. All
computations were on a 3.4GHz desktop.
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4.1 Pairwise Discrete MRF Stereo

The matching cost for the stereo pair was calculated by the Birchfield and Tomasi
cost over grey scale [31]. The Potts model, truncated linear and truncated
quadratic models were used for the smoothness cost. The energy function for
pairwise stereo MRF is shown below.

ϕ(x) =
∑
p∈V

D(p) +
∑

(p,q)∈N

V (p, q). (5)

The matching cost D(p) is a unary clique potential. The horizontal and vertical
pairwise cliques consist of the smoothness constraint, denoted as V (p, q). Energy
is minimized with PWGS based WA and the energy versus time (seconds) graphs
are constructed as shown in Figure 2.

The initial states of all Monte Carlo based methods were uniformly set to zero
disparity. The temperature scheduling for Gibbs sampler, W-Gibbs and SW-cut
were constantly remained equal to 1. We found that such scheduling minimized
the energy fastest during our test period (30 to 200 seconds). On the other
hand, the temperature scheduling for the WA algorithm was constantly set to
zero with no instances of high temperature. The high temperature seemed to
hinder WA from reaching a lower energy in a short period. Zero temperature
scheduling provided the fastest convergence rate within the first few seconds.
In our window size scheduling, the initial maximum size of the window nk was
set to be 50 and reduced gradually by 1 until it reached 1. The size was then
increased to 50 again and decreased down by one as before. This was repeated
in a series of cycles for a predetermined iteration.

Figure 2 shows the comparative evaluation (energy vs. time) results on
Tsukuba, Venus and Cones stereo images using Potts, truncated linear, and
truncated quadratic model, respectively. We can observe that the proposed WA
method exhibits the best performance among the Monte Carlo based methods
as depicted in Figures 2 (a)-(c). Although it is an accepted view in the previous
studies that the sampling-based methods are generally many times slower than
GC or BP-based methods [8,2], our results in Figures 2 (d)-(f) show that the
performance of the proposed sampling-based WA method is comparable to those
of GC (α expansion) and TRW-S. This is a noteworthy progress over previous
annealing frameworks. Additionally, the qualitative results for the Tsukuba dis-
parity at roughly the same computational time are shown in Figure 3. Not much
difference can be found among the results of WA, GC and TRW-S, while SW-cut,
Gibbs and W-Gibbs samplers showed visibly worse performances.

4.2 Pairwise Continuous MRF Stereo

For the continuous disparity MRF model, the unary costs were calculated from
the Birchfield and Tomasi cost of discrete MRF model by piecewise constant
interpolation. The energy was minimized with Potts, truncated linear and trun-
cated quadratic regularity conditions over Venus stereo image pairs. Since PWGS
is cumbersome over continuous state sampling, WA algorithm using PWMS was
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(a) Ground truth (b) SW-cut (c) Gibbs (d) W-Gibbs

(e) Reference image (f) GC (α expansion) (g) TRW-S (h) WA

Fig. 3. Resulting disparity maps on Tsukuba. (a) the ground truth disparity map; The
resulting disparity maps of (b) SW-cut, (c) Gibbs, (d) W-Gibbs, (f) GC (α expansion),
(g)TRW-S, and (h)WA (PWGS).

tested for this experiment. Unlike the discrete state MRF, the temperature vari-
able played a more crucial role in the minimization process. It was no longer
sufficient to start out with a temperature scheduling constantly equal to zero as
with discrete MRF. Instead, the temperature Ti started out as 1 and gradually
lowered toward zero within the fixed number of iterations. The results of our
algorithm on Venus images with different smoothness constraints are shown in
Figure 4. The computational time took 1 to 2 minutes. In Figure 4, it is inter-
esting to see that truncated linear constraint maintained the discreteness of the
disparity even in a continuous domain awhile the other models gave compara-
tively smoother result.

4.3 Unsupervised Binary Segmentation with Global Constraints

MRFs with global constraints are one of the energy functions that cannot be
solved directly by alpha-expansion and belief propagation [32]. In this experi-
ment, we have applied the proposed WA to the binary segmentation problem
that is modeled by an energy function with global constraint as follows.

ϕ(x) =
∑

(p,q)∈N

V (p, q) + c · H(R1, R2) + d · S(R1, R2). (6)

Minimization of the above energy function divides an image into two disjoint
regions R1 and R2 while making the difference of histograms of two regions be
maximal and maintaining smoothness and size constraint. V (p, q) is a simple
pair-wise discontinuity cost. H(R1, R2) is a histogram similarity measure be-
tween regions R1 and R2, calculated by sum of bin by bin absolute difference.
S(R1, R2) is a region size constraint that outputs the maximum size between R1
and R2. c and d are constants. H(R1, R2) and S(R1, R2) are termed global con-
straint. They are global because they are the function of whole state. Otherhand,
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(a) Ground truth (b) Potts (c) Linear (d) Quadratic

(e) Left image (f) Potts (g) Linear (h) Quadratic

Fig. 4. (a) and (e) shows the stereo ground truth and reference image. (b), (c), and
(d) are the result of TRW-S for the discrete MRF model respectively using Potts,
truncated linear, and truncated quadratic discontinuity cost. (f), (g), and (h) are the
results of WA (PWMS) for the continuous MRF stereo with Potts, truncated linear,
and truncated quadratic discontinuity cost, respectively.

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

Fig. 5. (a) to(d) show the unsupervised binary segmentation result of global constraint
energy minimization

pair-wise potential is a function of two nodes, thus the size of V (p, q) clique is
2. Similarly, H(R1, R2) and S(R1, R2) are cliques functions of size N , where N
is the number of pixels/nodes. These types of energy functions are usually min-
imized with local methods such as snake and level set where the results change
significantly with initial states, although level set and snake does not usually
include pair-wise terms. However, global constraint energy function was able to
be minimized with PWGS based WA. See Figure 5 (a) to (d). Computational
time was less than 1 minute.

5 Conclusion and Future Work

In this paper, we proposed a new efficient cluster annealing scheme called WA
(window annealing) for the estimation of MAP state over a square lattice MRF.
By incorporating both temperature and maximum window size as the control
variables for the annealing process, we can achieve faster energy minimization.
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The proposed WA was tested over pairwise MRF stereo problem, and the experi-
mental results demonstrated that the performance of WA was quite competitive
with those of GC and TRW-S. Furthermore, the proposed window annealing
has numerous advantages over the existing methods. It can minimize any energy
function if the state’s probability density is known up to a normalizing constant.
We have illustrated the general applicability of proposed method over continuous
state and global constraint energy minimization where GC and TRW-S cannot
be applied. Such problems are generally solvable by Monte Carlo methods such
as Gibbs sampler, except existing annealing techniques are impractically slow
compared to more constrained methods such as GC. However, by proposing a
faster Monte Carlo method, an annealing process with its wider applicability
can now become a practical choice of approach.
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