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Abstract

Segment based disparity estimation methods have been proposed in many
different ways. Most of these studies are built upon the hypothesis that no
large disparity jump exists within a segment. When this hypothesis does not
hold true, it is difficult for these methods to estimate disparities correctly.
Therefore, these methods work well only when the images are initially over
segmented but do not work well for under segmented cases. To solve this
problem, we present a new segment based stereo matching method which
consists of two algorithms: a cost volume watershed algorithm (CVW) and
a region merging (RM) algorithm. For incorrect under segmented regions
where pixels on different objects are grouped into one segment, CVW al-
gorithm regroups the pixels on different objects into different segments and
provides disparity estimation to the pixels in different segments accordingly.
For unreliable estimated regions, such as occluded regions, we merge them
into neighboring reliable segments for robust disparity estimation. The com-
parison between our method and the current state-of-the-art methods shows
that our method is very competitive and is robust particularly when the
images are initially under segmented.

Keywords: 3D/stereo scene analysis, Stereo matching, Watershed
segmentation, Region merging.
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1. Introduction

Dense stereo matching is one of the key issues in computer vision. Many
factors such as noise, distortion, reflection of light, lack of texture and oc-
clusion will affect the matching process and make the matching results un-
reliable. A survey of studies on stereo matching and a broad range of stereo
matching methods can be found in [1]. Stereo matching methods can be
roughly categorized into two classes, local and global methods. Methods in
the first class build on the hypothesis that neighboring pixels have similar
disparities. These methods determine disparities by measuring the simi-
larity between pixels in two local windows in stereo images. To perform
well at boundaries, many techniques such as multiple windows [2], shiftable
window [3], adaptive window [4], and weighted window [5] have been pro-
posed. Global methods usually formulate the stereo matching problem using
a Markov random field (MRF) model for integrating constraints such as the
ordering constraint [6, 7, 8, 9], the uniqueness constraint [10], the visibility
constraint [11], the piecewise smoothness constraint [3, 12, 13, 14], and the
ground control point constraint [15, 16, 17].

In recent studies, most of the advanced methods employ the segmentation
constraint [11, 18, 19, 20, 21, 22, 23, 24, 25]. The segment based methods
preserve the boundary of disparity jumps and perform well in textureless re-
gions where direct matching may suffer from the lack of intensity variation.
The segment based methods typically have two main steps, image segmen-
tation and disparity assignment [18, 26, 27, 23, 28]. In the first step, pixels
are grouped into segments based on their color or texture. The disparities of
pixels in these segments are then regularized according to some models such
as a single disparity value [19, 28], a disparity plane [21, 22, 24, 29], or more
sophisticated functions [25, 30].

In [18], a segment based method is described based on the hypothesis
that no large disparity jump exists within an image segment. Under this
hypothesis, the disparity can be calculated by warping the reference image
to the source image. Thus, the stereo matching problem is solved by mini-
mizing a global image warping energy. Li and Chen [21] proposed another
segment based stereo matching method using graph cuts to assign the plane
parameters by minimizing an energy function which considers both the ob-
served data and the discontinuity between the segments. As the smoothness
between segments is taken into account, this method can handle over seg-
mentation; but it is still built upon the hypothesis that disparities in each
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segment change smoothly. Sun et al. [11] and Yang et al. [24] used a plane to
approximate each segment obtained from a color based segmentation method
and then plane approximation is used as a soft constraint to control the la-
beling of pixel disparities. In [19] and [28], stereo matching is carried out on
the segments obtained from over segmentation results. These two methods
do not perform well for slant or curved surfaces because disparities of pixels
in a segment are forced to be the same.

The common disadvantage of all segment based methods mentioned above
is that they are all built upon the hypothesis that no large disparity jump
exists within an image segment. In other words, the 3D surface boundaries
are exactly aligned with the segment boundaries. Therefore, they all prefer
an over segmentation input to prevent missing any boundaries of 3D surfaces.
By exploiting a soft segmentation, the method described in [25] does not re-
quire 3D surface boundaries to coincide with segment boundaries. However,
it also suffers from under segmentation, as the 3D models are calculated di-
rectly from the initial segmentations without using any method to identify
the disparity jump within a segment. Unfortunately, not all segments can
be well represented by a plane model (see Fig. 1) and not all 3D surface
boundaries coincide with segment boundaries. Therefore, over segmentation
can not be guaranteed without some prior knowledge about the image. Fur-
thermore, as stated in [21], it is difficult to correctly estimate the 3D model
for small segments which are typically obtained from an over segmentation.
The computational cost will also be high if images are highly over segmented.
Therefore, such over segmentation may not be a good choice. In this paper,
we propose a new segment based stereo matching method. Comparing with
the prior arts, the proposed method is very robust to different initial seg-
mentations, especially to the under segmentation where it is usually difficult
for competing methods.

2. Outline of the Proposed Method

A data cost volume which contains local similarity measurements between
two pixels lying on the same scanline in the two stereo images is served as
part of the input to our method. This data cost volume can be obtained
from any local stereo matching algorithms. In this paper, we adopt the cross
region based method as described in [31] with default parameters. An initial
segmentation is required as the other input to our method. The initial seg-
mentation can be obtained from any color or texture segmentation methods.
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(a)

(b)

Figure 1: (a) Left image and the initial segmentation of the “Cones” dataset. Regions of
two objects within the black contour are incorrectly grouped into one segment. (b) Left
image and the initial segmentation of the “Reindeer” dataset. The segment within the
white contour is a 3D curve on the cushion.
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The planar model in the disparity space is used to represent the segments in
this paper. We do not use any sophisticated model for the sake of simplicity
and computational efficiency. Moreover, as will be demonstrated later, our
method approximates image segments which correspond to 3D curved sur-
faces by multiple planes. Therefore, using a sophisticated model is generally
not necessary. Given the initial segmentation, we detect under segmented re-
gions and split them into subsegments using a cost volume watershed (CVW).
After splitting, a plane is assigned to each subsegment. It is usually diffi-
cult to provide reliable plane estimation particularly when they are occluded.
Therefore, we group these segments into neighboring corresponding segments
whose parameters have been reliably estimated in the region merging (RM)
step. Finally, we incorporate the segment based disparity estimation as a
segment constraint with spital smoothness prior into the hierarchical belief
propagation (BP) [32]. The framework of our method is shown in Fig. 2.

 Cost Volume
Watershed

Belief
Propagation

Region
Merging

Data Cost Volume
 Initial Segmentation

Segment
Prior

Disparity
Map

Figure 2: The framework of the proposed method.

3. Cost Volume Watershed and Segment Splitting

A disparity plane assigned to a segment is defined by parameters (a, b, c):

d = ax+ by + c (1)

where d is the disparity value, x and y are image coordinates of a pixel. The
CVW algorithm splits a segment into two subsegments if multiple objects
exist. Recursively performing the CVW, we will split a segment containing
multiple objects into multiple subsegments. Then a plane will be assigned to
each of these subsegments.

3.1. Seed Regions Extraction

A seed region is extracted from a two-step random sample consensus
(RANSAC) algorithm [33] which consists of a possible plane (PP) finding
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step and a seed region extraction step. The pixels are classified into occluded,
reliable, and unreliable pixels. We do not use occluded or unreliable pixels
in the plane finding step. The occluded pixels are detected by using cross
checking. The reliable and unreliable pixels are identified using a confidence
measurement [24]. To obtain a PP, we randomly select reliable pixels in the
segments and calculate the plane parameters by using least squares fitting
and then count the number of inliers. Inlier or outlier identification is carried
out by checking the disparity difference between the disparity obtained from
local matching and the estimated disparity given by the plane. The pixels
whose disparity difference is smaller than the maximum rounding error, 0.5,
are regarded as inliers. The plane with the maximum number of inliers is
chosen as a PP. After a PP is chosen, we extract seed region by selecting pixels
in the segment according to the chosen PP. In the extraction step, pixels in
the segment are classified into inlier or outlier according to their disparity
distance to this PP (inliers for the pixel whose distance difference is smaller
than 0.5; outliers otherwise). Then, the maximum connected component of
inlier pixels is selected as the seed region of the PP. The pixels declared
as inliers are removed from the set of reliable pixels which are used to find
another PP and the corresponding seed region. If no pixels are declared as
outliers, the process will stop. If the segment contains multiple planes or
objects, these outliers will typically be pixels on other planes or objects.

The process of seed region extraction is shown in Fig. 3. The position of
pixels in Fig. 3 is illustrated in 1D for illustration purpose, while the idea is
the same when pixels are in 2D image domain.

3.2. Cost Volume Watershed

After obtaining two PPs and their corresponding seed regions, the wa-
tershed algorithm [34, 35] is used to split a segment s into two subsegments.
Our method is different from the studies in [34, 35] where the watershed is
used on the grey level of a pixel. In our method, the watershed is carried
out on the data costs of pixels at the disparity estimated from a PP. Let the
data cost of pixel p at disparity dsi be Dp

(
dsi

)
, where dsi is the disparity

estimated from the corresponding PP of s1 or s2. As dsi is a real number, we
estimate Dp

(
dsi

)
using a linear interpolation on the data cost values of two

nearest integer numbers: d−
(
d− ≤ dsi

)
and d+

(
dsi ≤ d+

)
:

Dp

(
dsi

)
=

(
d+ − dsi

)
Dp

(
d−

)
+
(
dsi − d−

)
Dp

(
d+

)
(2)
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Image coordinate
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first seed region
second seed region
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Figure 3: The illustration of seed region extraction. Red points are occluded or unreliable
pixels. The disparities of pixels in the figure are obtained from local matching by using a
winner-take-all(WTA) scheme. Two blue lines are two PPs. Dash lines on the two sides
of the blue lines define the regions within which pixels are regarded as inliers. Two seed
regions of the two PPs correspond to the green line segments on the image coordinates.

When a segment is from a curved surface in 3D, the CVW will split it into
subsegments and use multiple planes to approximate the 3D curved surface.
When using planes to approximate the curved surfaces, we expect the bound-
aries of these subsegments to be smooth. Therefore, in such a case, we place
the boundaries between two subsegments on the projection of the intersec-
tion of their corresponding 3D planes (see Fig. 4). The projected intersection
line of the two planes parameterized by ς1(a1, b1, c1) and ς2(a2, b2, c2) is given
by:

(a1 − a2) x+ (b1 − b2) y + (c1 − c2) = 0 (3)

However, placing the boundary of subsegments on the projection is not al-
ways correct. For example, when two subsegments are on two parallel planes
of different depths, there is even no intersection line. We notice that, when
using multiple planes to approximate curved surfaces, the mass centers of two
subsegments lie on different sides of the projected intersection line. There-
fore, we set the boundaries of the two subsegments to be their projected
intersection line only when two mass centers lie on different sides of the
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(a) (b)

Segment

Boundary

Second Plane

First Plane

(c)

First Plane

Second Plane

Projection Line

Segment

Boundary.
.

(d)

Figure 4: Illustration of approximating curved surface using planes. (a) Left image of the
stereo image pair. A segment of curved surface is denoted. (b) Disparity results obtained
from the data cost using the WTA scheme. (c) Results before placing subsegment bound-
ary to the projection. (d) Results after placing subsegment boundary to the projected
intersection line. The boundary between two subsegments are denoted in red. The blue
line is the projected intersection line. The two dark points are the centers of masses of
the two subsegments. Green pixels are the bad pixels.
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projected intersection line.
3.3. Decision of Splitting

We have presented how to obtain PPs and how to split a segment into two
subsegments in Sections 3.1 and 3.2. For segments where bad pixels domi-
nate, especially those pixels in textureless regions (see Fig. 5), splitting them
from its original segment is incorrect. To solve this problem, after splitting

(a) (b) (c)

(d) (e) (f)

Figure 5: (a)-(c) Left images of the “Baby” datasets, disparity estimation obtained from
the data cost by using WTA (pixels with incorrect disparity are denoted in red ovals).
(d)-(f): Results obtained by CVW.

the segment into two subsegments, we assign a plane to each subsegment by
minimizing the following energy function.

E (ς1, ς2) = Edata (ς1, ς2) + Esmooth (ς1, ς2) + Emdl (ς1, ς2) (4)

where
(
ς1, ς2

)
are planes assigned to subsegments s1 and s2 respectively. Edata

is a data cost term:

Edata (ς1, ς2) =
∑
p∈s1

Dp

(
ds1

)
+

∑
p∈s2

Dp

(
ds2

)
(5)
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where dsi is the disparity obtained from the fitted plane for subsegment si.
The second or the smoothness term penalizes disparity jump at subsegment
boundaries:

Esmooth (ς1, ς2) =
∑

p∈B(s1,s2)

|ds1− ds2 | (6)

where B (s1, s2) is the boundary pixels between s1 and s2. The third term,
the minimum description length (MDL) term [25], is used to prevent over
fitting small regions:

Emdl (ς1, ς2) =

{
λm ς1 ̸= ς2
0 ς1 = ς2

(7)

Let ςp1 and ςp2 be the corresponding PPs of the two subsegments s1 and s2.
The plane assignment result has three possible combinations: (ςp1 , ς

p
1 ), (ς

p
2 , ς

p
2 ),

and (ςp1 , ς
p
2 ). When the plane assignment of two subsegments are equal, i.e.,

(ς1, ς2) = (ςp1 , ς
p
1 ) or (ς1, ς2) = (ςp2 , ς

p
2 ), it means that segment s is not split

and is fitted by one plane. If the plane assignment of two subsegments are
equal, we will stop the CVW process on this segment; otherwise we continue
carrying out the CVW on its subsegments until no subsegment is split.

4. Region Merging

After the CVW, we obtain a disparity estimation for each pixel from
the fitted plane for this segment. We also have another disparity estimation
obtained from the data cost. If these two disparity estimations are consistent,
i.e., their difference is smaller than the rounding error 0.5, the pixel will be
regarded as a support pixel to the plane estimation. The occluded pixels
are not regarded as support pixels even though the two disparity estimations
are consistent. If the ratio of the support pixels to all pixels in a segment
is smaller than a threshold, the plane estimation to this segment will be
regarded as unreliable and the segment will be merged into a neighboring
segment. As large segments are more likely to represent independent objects
and should not be grouped into other segments, the threshold T for deciding
whether to merge a segment reduces with the size of the segment. We have
explored the threshold T with respect to the segment size using a variety
of functions: linear function, quadratic function, and logarithmic function
and found that the best formulation is the logarithmic function with T =
α − β ln(Ss), where Ss is the number of pixels in s. Values of α and β are
empirically set to α = 1.2 and β = 0.15.
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(a) (b)

(c) (d)

Figure 6: Illustration of merging occluded segments. (a) The left image of the “Cones”
dataset (a cone in the white rectangle is broken into two parts by a cone in the foreground);
(b) Result obtained from the CVW; (c) The occluded segments (the segments on the left
hand side of the black lines) are merged into segments on the right hand side of the black
lines; (d) Close-up view of the disparity map after region merging.
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Merging a segment s into another segment sm means assigning the plane
parameter of sm to s. Typically, sm is a neighboring segment of s. But when
s belongs to an object which is broken into several parts due to occlusion
(see Fig. 6), merging s into any neighboring segment is not right. Therefore,
we check the segments within the range of Ns pixels to the boundaries of s to
see if these segments are connected with s in the 3D space using the method
proposed in [36]. The segments which are connected with s in the 3D space
are treated as candidates of sm. Let C (s) be the set of candidate of sm for
s. sm is found by

sm = arg min
s′∈C(s)

(
wdata (s

′) + wp (s
′) + wc (s

′)
)

(8)

where wdata (s
′), a data dependent cost of assigning the plane of s′ to s, is

defined as the averaged data cost of all unoccluded pixels of s calculated by
using Eq. (2). If pixels in s are all occluded, we do not use the data term
for s. The last two terms are the grouping costs by proximity based on the
Gestalt grouping principle [5][37]: when a segment is close to or has a similar
color to s, it is likely that the segment belongs to the same object with s.
The grouping costs by proximity are defined by a spatial term wp (s

′) = ∆p

γp

and a color term wc (s
′) = ∆c

γc
respectively. γp and γc control the weights

of the spatial and color terms. The distance between two segments, ∆p, is
defined as the minimum distance in the image space between them. The color
difference, ∆c, is defined as the Euclidean distance between the average color
of the two segments in the RGB space. As an unreliable segment may be in
the candidate set of another segment, C (s), the minimum solution for Eq. (8)
over all unreliable segments can not be found directly. Therefore we use a
greedy search method to find an approximate solution: we record the plane
assignment and the minimum cost of Eq. (8) for a segment in each iteration.
In the next iteration, if the new assignment of sm gives a smaller cost than
the recorded minimum cost, we will take the new assignment and record
this assignment and the new cost value. We check an unreliable segment
once within each iteration. The iteration stops when plane assignments of
all unreliable segments stay unchanged during an iteration.

4.1. Incorporating with Belief Propagation

After region merging, a segment based disparity estimation is obtained
for each pixel. It is then used for regularizing the data cost as follows:
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When p is not an occluded pixel:

D̃p (d) =

{
Dp (d) if d = d− or d = d+
Dp (d) + Pd otherwise

(9)

When p is an occluded pixel:

D̃p (d) =

{
0 if d = d− or d = d+
Pd otherwise

(10)

where d− (d− < d) and d+ (d+ > d) are two nearest integer labels of d, the
segment based disparity estimation. The term Pd penalizing the disagreement
of d is set to 10 empirically. Then the hieratical BP is used on the regularized
data cost D̃ with truncated linear function as the smoothness term penalizing
the disparity jump between neighboring pixels:

∑
(p1,p2)∈N

min (|dp1 − dp2 | , Ts),

where N is the set of 4 connected neighboring pixels and Ts is the truncation
of smoothness term.

5. Experimental Results

The initial segmentation used in our method can be obtained from any
color or texture based segmentation methods. In our experiments, the mean-
shift algorithm [38] with different parameters is used to generate initial seg-
mentations. Experiments are carried out with quantitative evaluation on the
Middlebury datasets [39].

5.1. Parameter Selection

Our method involves four parameters: λm for preventing the CVW from
over fitting small regions, γp and γc for controlling the grouping weights
when merging regions, and Ns for defining the search range in the region
merging step. Parameters λm, γp and γc are set emperically. According to
our experiments, our result is fairly constant when λm changes from 1000
to 1400. The performance of CVW with respect to λm on the “Teddy”
and “Cones” datasets is given in Fig. 7. We then study the performance of
our algorithm with respect to parameters γp, γc, and Ns. Fig. 8 shows the
performance of region merging according to γp and γc by keeping λm constant.
Fig. 9 shows the performance of region merging according to Ns by keeping
other parameters fixed. As shown in this figure, the accuracy improvement
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Figure 7: The performance of the CVW with respect to parameter λm on the “Teddy”
and “Cones” datasets .

with the increase of Ns stops at some value. Because a segment is more likely
to be merged into a neighboring segment rather than some segments far from
it, setting a large value Ns will increase the computation cost. Based on the
experiment, we set λm = 1200, γp = 80, γc = 30, and Ns = 0.25Nd where Nd

is the disparity range of the image.

5.2. Results Evaluation

We run our method on the Middlebury stereo dataset with constant pa-
rameters, i.e., λm = 1200, γp = 80, γc = 30, Ns = 0.25Nd, and Ts = 5. The
running time on the Tsukuba dataset is 5 seconds on a standard PC with
a 3.0 GHz CPU and 4GB RAM using Visual C++ 2008. The CVW takes
about 10 seconds, the region merging process takes about 4 seconds; and the
BP takes about another 4 seconds. The intermediate results and the final
disparity maps are shown in Fig. 10. The quantitative evaluation is listed
in Table 1 where the error threshold is one pixel of disparity. The results
for the four datasets “Tsukuba”, “Venus”, “Teddy”, and “Cones” are ranked
based on the accuracy in the pixels in all regions (all), visable regions (vis),
and depth discontinuous regions (disc). Our method is ranked at the 16th
among all 148 submitted methods.

Experiments for testing the generality of our method are carried out on
more stereo datasets. The results are shown in Fig. 11. The first four datasets
are chosen from the Middlebury website [40]. The last two are a close-up view
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Figure 8: The performance of region merging according to γp and γc on the “Teddy”
dataset.
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Figure 9: The performance of region merging according to Ns on the “Teddy” and “Cones”
datasets.
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Tsukuba

(a)

Venus

(b)

Teddy

(c)

Cones

(d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

(q) (r) (s) (t)

Figure 10: (a)-(d): Left images of the datasets; (e)-(h): Disparity maps after the CVW
algorithm; (i)-(l): Disparity maps after the RM algorithm; (m)-(p): Disparity maps after
BP optimization; (q)-(t): Ground truth of each dataset.
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Table 1: The result of our method and other methods on the Middlebury stereo datasets.

Tsukuba Venus Teddy Cones
Methods vis all disc vis all disc vis all disc vis all disc

ADCensus 1.07 1.48 5.73 0.09 0.25 1.15 4.10 6.22 10.9 2.42 7.25 6.95
SurfaceStereo 1.28 1.65 6.78 0.19 0.28 2.61 3.12 5.10 8.65 2.89 7.95 8.26
OurMethod 1.08 1.55 5.57 0.19 0.39 1.83 4.18 5.96 10.7 3.42 8.80 9.20
PlaneFitBP 0.97 1.83 5.26 0.17 0.51 1.71 6.65 12.1 14.7 4.17 10.7 10.6
OverSegmBP 1.69 1.97 8.47 0.50 0.68 4.69 6.74 11.9 15.8 3.19 8.81 8.89

of a rock and a bottom view of a tower. These experiments show that our
method is applicable for various types of stereo images.

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

(m) (n) (o) (p) (q) (r)

Figure 11: (a)-(f): Left images of the datasets; (g)-(l): Initial disparity maps obtained by
applying WTA to the data costs; (m)-(r): Results obtained from our method.

6. Discussion

Our method is related to some other segmentation based methods where
the scene is also represented by a collection of planes [21, 22, 11, 24]. The
main advantage of our method over those methods is that our method em-
ploys CVW which splits under segmented regions into subregions; while other
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methods enforce a single plane for representing these regions. This makes our
method robust to under segmented regions where objects in different depths
are usually grouped into these regions. Representing them by a single plane
as used in those methods is prone to incorrectly fitting results. Some exam-
ples are given in Fig. 12 where different initial segmentations are used. Our
CVW splits objects in different depths and fit them independently. Regu-
larization parameter λm ranging from 0 to ∞ controls the splitting process.
λm = 0 means that no penalty is imposed on fitting small segments. Con-
versely, setting λm = ∞ enforces all pixels in a segment being on a plane
which is the model used in previous studies. The choice of λm is a trade-
off between splitting different objects in a segment at the expense of over
fitting small regions. We found λm ranging between 1000 and 1400 to be a
reasonable tradeoff.

In [21], planes are estimated via minimizing a global energy function
which prevents the algorithm from incorrectly fitting the bad pixels in tex-
tureless regions. For the same purpose, our splitting process is carried out
under the guidance of an energy function. The reason that our CVW does
not over fit bad pixels in textureless regions while handles under segmented
region is the following. In textureless regions, the term Edata is comparable
for the obtained PPs, so the term Esmooth makes the single plane assignment
favorable. In under segmented regions or regions with a curved surface, the
term Edata dominates, so assigning different planes to different subsegments
is favorable.

Our method handles under segmented regions which contain more than
two objects or contain curved surfaces by recursively splitting segments into
subsegments until all subsegments are well represented by planes. However,
the proposed method has a common limitation as other plane model based
methods–the plane model is not always suitable for reserving the curvature on
the curve especially where the curve contains many bad pixels. For example,
in Fig. 5(b) where the surface of the cylinder is approximated by two planes
and most pixels on the left part of the cylinder are incorrectly matched.
The fitting results would assign these pixels on to the plane which is close
to them. This is because when failing to extract the correct plane for bad
pixels, the smoothness term in Eq. (4) favors to assign these bad pixels on
to a neighboring plane.
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Figure 12: Results of the CVW on the “Teddy” and “Cones” datasets on different ini-
tial segmentation results; First row: initial segmentation results; Second row: disparity
maps obtained from the CVW; Third row: close-up view of a part of initial segmentation
results as indicated by the small square shown in the first and second rows; Fourth row:
subsegments obtained from the CVW; Last row: close-up view of the disparity estimation
obtained from the CVW.
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7. Conclusion

In this paper, we propose a new dense stereo matching method which is
built on the CVW and the RM algorithms. The proposed CVW algorithm
can differentiate pixels on different segments from under segmentation which
usually contain multiple objects and can also use multiple planes to approx-
imate segments with curved surfaces. The proposed RM algorithm makes
an accurate disparity estimation for pixels in occluded or unreliable regions
by merging such regions into their neighboring segments. The experimental
results show the effectiveness of our method. The comparison between our
method and the current state-of-the-art algorithms has been carried out and
good results are obtained.
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