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Abstract

Local matching is one of approaches for stereo
matching which needs cost aggregation. In Guided Fil-
ter based method proposed by Hosni, the cost map is
smoothed by Guided Filter using original image as a
guiding image. However, the Guided Filter sometimes
fails when there are regions whose textures are same
but disparities are different. Thus, parameter tuning
for filter size of Guided Filter is difficult to obtain
the best accuracy. In this paper we propose an algo-
rithm for automatic filter size selection for each pixel
of Guided Filter based stereo matching based on the
response of the Different of Gaussian (DoG). In our
algorithm, we generate the Filter-Size map whose pixel
value for each pixel is appropriate filter size. The value
of the Filter-Size map is the largest size of the filtering
area around the pixel in interest calculated such that
more than two edges are not included in filtering area.
In our experiments, we evaluated accuracy of Guided
Filter based method with our algorithm for selecting fil-
ter size compared with the original Guided Filter based
method without our algorithm. By using the Middle-
bury datasets, the experimental results shows our algo-
rithm ’s superiority in accuracy.

1 Introduction

In recent years, a lot of realtime applications using
3D geometry are developed. Therefore, stereo match-
ing technique becomes more and more important. In
computer vision research area, many stereo matching
methods have been proposed in the literature. Local
stereo matching methods are suitable for realtime ap-
plications because they requires much less computa-
tional time than that of global stereo matching meth-
ods in general.
Stereo matching methods consist of four steps[1, 2] :

(1) cost computation, (2) cost aggregation, (3) dispar-
ity computation, and (4) optimization, disparity refine-
ment. In local matching methods, cost computation
and cost aggregation are very important. In cost com-
putation, matching cost for each pixel with each dis-
parity is evaluated by Sum of Squared Distance(SSD),
Sum of Absolute Distance(SAD), Normalized Cross
Correlation(NCC), and so on[3]. In this step, cost map
is stored which contains computed cost for each pixel
with each disparity. Then cost map is smoothed by
some kind of filter in cost aggregation step. In the cost
aggregation step, many filters were proposed[4, 5, 6]
and the accuracy of the stereo matching depends on

characteristics of the filter. Next, the disparity value
which has minimum cost is assigned for each pixel in
the disparity computation step. Finally, disparity is
refined by checking the consistency between right and
left images in the last step.
Among local matching methods, Guided Filter based

method[4] is known as a method which gives better re-
sults than other local matching methods. Guided Fil-
ter is an edge-preserving filter[7]. In this method[4],
each image itself is used as a guiding image and the
disparity map is smoothed according to the guiding
image. It means that weight for smoothing is larger if
a pixel in interest has no discontinuity in its neighbor-
hood, and if the pixel has a discontinuity in its neigh-
borhood, weight for smoothing becomes smaller. Even
though Guided Filter is is an edge-preserving filter, it
sometimes fails to estimate the appropriate weight for
the pixels in regions that include more than two edges.
For a textureless area, a bigger filter size for the Guided
Filter gives better results, while for an area with com-
plex texture, if the filter size is too big, the weight for
the smoothing is not estimated correctly. Therefore, it
is very difficult to find an appropriate filter size of the
Guided Filter.
In this paper, we propose an algorithm for finding

the appropriate filter size for each pixel in Guided Fil-
ter based stereo matching methods. We generate a
Filter-Size map for each image whose pixels are appro-
priate filter size for that pixel based on the responses of
the Difference of Gaussian (DoG) filters. Using Filter-
Size map, smoothing weight for the Guided Filter is
correctly estimated in the cost aggregation step.

2 Related work

There are many stereo matching methods and their
results have been compared in the literature[3][8].
Among these methods, Guided Filter based method[4]
is one of the methods which give high accuracy among
local stereo matching methods[9]. In addition, this
method works in real-time because it is easy to par-
allelize it by GPGPU, and it is implemented by using
C++ and CUDA[4]. Therefore, it is applicable to real-
time applications.
Figure 1 shows an outline of Guided Filter-based

method by Hosni[4] and our method. First, in the cost
computation step, SAD of window size 1x1 (AD) and
gradient of x-direction to neighboring pixel are used.
The cost maps are computed based on the weighted
sum of these two values for each pixel with respective
disparities. Then, in the cost aggregation step, cost
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Figure 1. Outline of our method and Hosni’s
method.

maps are smoothed by fixed-sized Guided Filter. In
the disparity computation step, disparity is assigned to
each pixel by Winner-Takes-All strategy to aggregated
costs and assigned disparities are verified based on the
consistency of right and left images. Finally, verified
disparity map is smoothed by the Bilateral-Filter in
the optimization and disparity refinement step.
However, to obtain the best accuracy, this method

requires parameters adjustment. Especially the size
of Guided Filter is very important and it is different
for each input image. The size of the Guided Filter
should be changed depending on edge of texture in im-
age. Therefore the best parameter is found by heuristic
tuning by user.
The Guided Filter is one of edge-preserving smooth-

ing filters. Its weight W (i, j) of the filter is given by

W (i, j) =
1

|ω|2
∑

i∈ωk,j∈ωk

(1 +
(Ii − µk)(Ij − µk)

σ2
k + ϵ

), (1)

where I is a guiding image, i is a 2-dimensional index
of the pixel in interest, j is index of the pixels in the
neighborhood ωk, µ is an average of pixel values in the
neighborhood and σ is its variance. We call the size of
ωk “filter size”.
Guided Filter-based stereo matching methods some-

times fail to estimate disparity when there are more
than two edges between the pixel I(i) and the pixel
I(j). Figure 2 is an example of the case when the win-
dow includes three different regions A, B, and C. The
pixel in interest belongs to region A. The pixel values
(Fig.2 (a)) of A and C are very similar but their dispar-
ity values (Fig.2 (c)) are quite different. Because the
pixel values are similar, the weight W (i, j) is large as
shown in Fig.2 (b). When the filter is used for simple
smoothing or denoising, it is not a problem. However,
because disparity of region A and that of region C is
different the weight is not appropriate for cost aggre-
gation of stereo matching.
In general, large filter size is appropriate for smooth-

ing for textureless regions. However, areas with many
edges, filter size is better to be small for cost aggre-
gation. In the conventional method[4], users have to

find a filter size as large as possible such that the win-
dow does not include more than two edges. In our
method, appropriate filter size is estimated automati-
cally for each pixel. We find appropriate filter size for
each pixel automatically by using DoG scale.

3 Our method

In Fig.1, outline of our method is shown. In cost
aggregation step, we propose an algorithm for gener-
ating the Filter-Size map based on DoG scale. Each
pixel in Filter-Size map describes appropriate size of
the Guided Filter of each pixel in cost map. Appropri-
ate filter size means the largest filter size such that the
window does not include more than two edges.
We employ DoG scale to find the appropriate filter

size for each pixel because it gives a size such that the
region associated with the DoG scale contains one or
zero edge in it. By using Filter-Size map, the weight
using by the Guided Filter is computed appropriately
when one edge is contained in considering area because
such area has completely differences texture color usu-
ally.
In the followings, our algorithm for generating the

Filter-Size map is described.

3.1 Initialization of Filter-Size Map

First, DoG is computed by differentiating output of
two Gaussian filters with different variances. In this
paper, we call DoG size which is defined by two Gaus-
sian filters as kernel size. The kernel size is valuable
in a scale space. we note that DoG value describe
differences of pixel pattern between two Gaussian Fil-
ter. If DoG value become maximum or minimum in
some scale space, it means that significant differences
of pixel pattern occur for example an edge begins to be
included. Then, we select the kernel size for each pixel
which gives the maximum absolute value of DoG to
obtain the scales which gives the maximum differences
between two Gaussian filters in scale space. This value
for each pixel is an initial value of Filter-Size map. Ex-
ample of the initial values of Filter-Size map is shown
in Fig. 3(b).

Figure 2. Example of failed to weight for a pixels.
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3.2 Refinement of minimum value of Filter-Size
map

In cost aggregation, the size of Guided Filter have to
be as large as possible. Therefore, we would like to set
the minimum value of the Filter-Size map is as large
as possible.
However, if the window size is bigger than 5 × 5,

it would contain more than two edges. On the other
hand, if the windows size is 3× 3, the number of edges
in the area is one or zero. Thus the minimum value of
the Filter-Scale map is 3. If there are some pixels with
the initial values of the Filter-Size map are less than
3, the values is set to be 3.

3.3 Removing noises in Filter-Size map

Input image may have noisy pixels which have dif-
ferent pixel value in an around area even included in
same texture region. If there are noisy pixels excep-
tionally in the region around the pixel in interest, the
value of DoG may be affected by the noisy pixels. In
such a case, the computed scale size becomes smaller
than true scale size. To reduce such estimation errors,
E × E window around each pixel is searched for the
largest number in the window and the value of the
pixel in interest is replaced with the largest number in
the window. This example is also shown in figure 3(c).

4 Experiment

In this section, we show experimental results us-
ing Middlebury dataset[9]. We selected four images
“cone”, “teddy”, “tsukuba”, and “venus” because the
results for these images by Hosni ’s method are re-
ported at the Middlebury evaluation web site[9]. Fig-
ure 4 shows original images of dataset. We used input
images, the ground truth image and the occlusion maps
in Middlebury dataset[2] for evaluation. In this experi-
ment, we set our method parameter such as DoG kernel
size is 1×1 to 65×65 and noise reduction window size
E = 5 or 7
Figure 5 shows the Filter-Size map for each image.

The darker pixel represent smaller filter size. It shows
that the filter sizes of pixels in textureless area espe-
cially in the image “venus”. On the other hand, the
filter size of pixels in regions of rich texture and pixels
around the edges are small.
Table 1 shows the percentages of error pixels. Ac-

cording to the Middlebury’s web site[9], the number of
pixels were counted whose disparity error is more than
1 pixel and 2 pixels respectively. Figure 6 shows error
pixels of our method and that of Hosni ’s method[4].
In these images, pixels colored in black represent error

Figure 3. Example of Filter-Size map initializa-
tion and refinement.

Figure 4. Dataset images for this experiment from
Middlebury.

Figure 5. Filter-Size map of each image.

pixels for error > 1, and gray pixels means occluded
area. As shown in Tab. 1, our method performs sys-
tematically better than Hosni’s method for error > 1.
Especially, our method succeeded to reduce its error
more than 1% for the image “teddy” image because
this image contains many edges. In addition, result on
“cone” shows an 0.6% improvement in accuracy. As
shown in Fig.6, error pixels in rich texture regions are
removed in our method. For example, error pixels in
the left side in the image “cone” is removed because
there are a lot of cones and those disparities are dif-
ferent completely although their texture color is sim-
ilar. In the image “teddy”, error pixels in lower part
of image are removed, most importantly, errors around
the edge of green doll’s arm and around the paper on
the floor are removed. In those areas, it is very diffi-
cult for Guided Filter to set the appropriate fixed filter
size beforehand. If fixed window is used, window size
have to be set in small size. But in our method, filter
size becomes small for the pixel near edges, and it be-
comes larger if the pixel is far from edges. Thus, even
if matching cost computation failed in an area far from
an edge, our method assign a large filter size for such
pixel and these noises are removed by smoothing.

On the other hand, the image “venus” has simple
disparity structure and texture region is similar to dis-
parity region. In such case, the Guided Filter with
fixed filter size works well. Thus, accuracy of this im-
age almost the same as the Hosni’s method. In image
“Tsukuba”, there are textureless regions and narrow
regions, for example, the orange arm of the lamp in
right part of the image. Estimating disparity in nar-
row region is difficult for local matching. For the pixels
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Table 1. Accuracy of our method and Hosni’s
method.

dataset cone teddy
Error >1 nonocc, all, disc nonocc, all, disc

our method 2.19, 6.94, 6.49 5.80, 9.44, 14.2
Hosni’s method 2.71, 8.24, 7.66 6.16, 11.8, 16.0

Error >2 nonocc all disc nonocc all disc
our method 1.87, 5.88, 5.54 4.80, 6.69, 11.2

Hosni’s method 2.12, 6.82, 6.37 4.44, 7.63, 11.4

dataset tsukuba venus
Error >1 nonocc, all, disc nonocc, all, disc

our method 1.50, 1.76, 7.73 0.20, 0.53, 2.50
Hosni’s method 1.51, 1.85, 7.61 0.20, 0.39, 2.42

Error >2 nonocc, all, disc nonocc, all, disc
our method 1.13, 1.29, 5.75 0.19, 0.46, 2.38

Hosni’s method 1.19, 1.50, 5.86 0.18, 0.32, 2.09

on the edges of such region, the values of different dis-
parity pixels around the pixel are used for cost compu-
tation of x-gradient. Consequently, cost computation
failed for such pixels. In addition, assigned filter size by
our Filter-Size map is small because DoG scale is small
in such region. As a result, pixels have correct match-
ing cost are not included in smoothing region in cost
aggregation. However, the accuracy of our method is
higher than Hosni’s method for the image “tsukuba”.
As a whole, our method is effective for input im-

ages which have complicated edge and many different
disparity region.

5 Conclusion

In this paper, we proposed a local stereo matching
method using Filter-Size map for Guided Filter. The
pixel value of the Filter-Size map is the appropriate
filter size for the Guided Filter for each pixel.
It is difficult to set a fixed appropriate filter size for

the Guided Filter because sometimes there are pixels
which have the same color texture but different dis-
parity. To overcome this problem, we propose an al-
gorithm for estimating appropriate filter size for each
pixel based on the DoG scale size. We generate Filter-
Size map by using refined DoG scale map. The Filter-
Size map is computed automatically. Small filter size
is assigned for pixels around the edges and large filter
size is assigned for pixels in the textureless area.
We compared our method with Hosni’s method us-

ing Middlebury dataset. It showed that our method is
better than or equal to Hosni’s result in terms of accu-
racy. Especially, for the image “teddy” and the image
“cone”, the accuracy was much improved because there
are a lot of areas which include different disparity but
similar color area in these images.
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Figure 6. Error pixel map for each image.
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