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a b s t r a c t

With the great success in three-dimensional (3D) movies, a lot of 3D content have been generated. Depth
information is one of the important elements in 3D content generation. Stereo matching methods obtain
depth information using the characteristic of binocular disparity. These methods find corresponding
points between two images which have different viewpoints to calculate the disparity value. However,
these methods have difficulties computing accurate disparity values in the textureless region. Smeared
pixels near the edge region also make difficult for the stereo matching. In this paper, we propose a pixel
based cost computation for the cross-scale stereo matching using the distance transform to improve
these problems. In addition, the disparity error detection and correction methods are also proposed as
a post-processing step. As a result, we obtain the enhanced disparity map which is robust to the texture-
less region and the edge region.

� 2016 Elsevier Inc. All rights reserved.

1. Introduction

In these days, 3D content is used in various fields such as 3D
films, medical images, and 3D games. Depth information is an
important requisite for 3D content generation. There are several
ways to acquire depth information from the target image. Depth
measurement using a depth camera is one of the methods to get
the depth value from the object [1]. This method uses infrared rays
to measure the distance between the depth camera and the object.
Therefore, it can acquire the depth value of the object quickly and
accurately. However, the depth camera is vulnerable to the outside
because of sunlight. It has an effect on infrared rays of the depth
camera.

On the other hand, a depth estimation from captured scenes is
not restricted to the place. One of the ways to estimate the depth
value from captured scenes is using stereo images. Most of 3D
movies use stereo images to generate a 3D effect. These images
are acquired by a stereo camera which captures scenes having
two different viewpoints. Both images have same objects each
other. Each object in stereo images has a disparity value. This value
is determined by the distance between the camera and the object.
If the object is located near the camera, it has a large disparity

value. If the object is far from the camera, it has a small disparity
value. For this reason, stereo images allow people to feel the 3D
effect.

Stereo matching methods are typical ways to get depth infor-
mation from stereo images. These methods acquire the disparity
value of each pixel in both images. The disparity value is calculated
by two corresponding points in stereo images. In order to find the
disparity value easily, the image rectification is applied to captured
images as a pre-processing algorithm [2]. Therefore, two corre-
sponding points in both rectified images are searched in the same
scan line by the epipolar geometry. The result of stereo matching
methods is represented as a disparity map. There are two kinds
of stereo matching methods. One is a local method and the other
one is a global method.

The local method calculates a matching cost of each pixel in
stereo images to estimate the optimal disparity value. The match-
ing cost is computed by using similarity measures such as sum of
absolute differences (SAD), sum of squared differences (SSD), and
normalized cross correlation (NCC). This method considers a lim-
ited number of pixels in a specific region to acquire the disparity
value of one pixel. Therefore, the local method generally has fast
matching results. However, it usually has lower disparity accuracy
in the disparity estimation than that of the global method.

On the other hand, the global method considers whole pixels in
the image to determine the disparity value of one pixel. It uses an
energy function which is based on Markov random field (MRF) to
compute the energy between two corresponding points. The
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energy function is composed of a data term and a smoothness
term. The data term calculates the correlation between two corre-
sponding points using similarity measures. This term is similar to
the matching cost computation in the local method. The smooth-
ness term checks the disparity consistency among neighboring pix-
els. The energy function is optimized by several optimization
concepts such as belief propagation and graph cuts [3,4]. The glo-
bal method generally estimates more accurate disparity values
than the local method. However, this method is generally slower
than the local method.

Both stereo matching methods have problems in the textureless
region. Since this region does not have any textures, it is very dif-
ficult to find corresponding points in stereo images. For this reason,
the stereo matching in this region is problematic. Even though the
global method estimates more accurate disparity values than the
local method in the textureless region, these problems still remain
to be solved as homework yet.

In this paper, we propose a pixel based cost computation using
the distance transform to improve the accuracy of disparity values
in the textureless region. The distance transform gives the distance
value from the edge region to the pixel [5]. Therefore, pixels in the
textureless region have specific values by using this transform. This
transform also gives a large weighting on the pixel in the edge
region. Thus, this transform helps to estimate more accurate dis-
parity value in both regions. Matching costs of the proposed
method are aggregated by a cross-scale cost aggregation method
[6]. As a result, we acquire an initial disparity map. In addition to
this method, we also apply a disparity error correction algorithm
to remove remaining disparity errors in the initial disparity map.

This paper is organized as follows. In Section 2, we introduce a
disparity accuracy problem in the stereo matching. We also intro-
duce a conventional method which is relevant to this problem. In
Section 3, we explain a problem of the conventional algorithm
and show a proposed method which has better experiment results
than the conventional algorithm. After that, the experiment results
are analyzed in Section 4 and we conclude this paper in Section 5.

2. Problem statement

2.1. Disparity accuracy problem in textureless region

In stereo matching methods, a feature detection is an essential
step to estimate disparity values between two corresponding
points in stereo images. The result of feature detection is affected
by the characteristic of regions in the image. The textureless region
in the captured scene does not have any features. Therefore, it
causes matching ambiguities in the stereo matching. Fig. 1(a)
shows the textureless region in the image. Fig. 1(b) shows disparity
errors in that region.

In the local method, there is a pixel based stereo matching
method to search the matching pixel. This matching method gen-
erally has the matching ambiguity problem. Since this method

checks the pixel similarity in stereo images using only one pixel,
a lot of similar pixels may be existed in the same scan line. For this
reason, it is very weak for the textureless region and even some
textured regions. Thus, the pixel based matching method generates
noises in the disparity map. Fig. 2 shows the matching ambiguity
problem of the pixel based matching.

In order to avoid this problem, the local method generally uses a
window based matching. This matching method uses the window
to find the corresponding pixel in stereo images. It checks the sim-
ilarity of all pixels in the window. Hence, it usually finds more
accurate disparity values in most regions than the pixel based
matching method. The result of this method has different qualities
depending on the window size. The larger window size is used, the
more accurate disparity values in the textureless region are esti-
mated. However, using the large sized window causes inaccurate
discontinuity depth values in the edge region.

On the contrary, the global method has great matching results
in many regions including the textureless region. However, this
method sometimes has a smudged effect near the edge region
because of the smoothness term. The smoothness term checks
the disparity consistency among neighboring pixels. If the disparity
value of current pixel has a large difference with that of neighbor-
ing pixel, then this term gives a penalty to the energy function to
avoid choosing this disparity value.

2.2. Relevant work

The cross-scale cost aggregation method was proposed by
Zheng et al. to improve the disparity accuracy in the textureless
region [6]. This method uses multi-scale images to aggregate
matching costs among different scale images. It bases on a
coarse-to-fine (CTF) strategy [7]. In the process of stereo matching,
there are cost noises in the cost computation result. All regions in
stereo images have cost noises because of a mismatching problem.
Especially, the textureless region has a lot of cost noises. These cost
noises lead to estimate inaccurate disparity values in the disparity
map.

The low-scale image usually has less cost noises than those of
the large-scale image. Since the low-scale image has a lower reso-
lution than the large-scale image, there are few pixel candidates
which are used to the similarity measure. Therefore, the low-
scale image is more likely to search exact corresponding points
in the textureless region than the large-scale image. The work of
Zheng et al. uses this characteristic to relive mismatching problem
in that region.

In Zheng’s method, the consistency checking is used to aggre-
gate refined matching costs [6]. There are two types of consisten-
cies. First one is an intra-scale cost consistency and the other one
is a cross-scale cost consistency. The intra-scale cost consistency
compares the matching cost of the current pixel with that of neigh-
boring pixels to reduce the cost noise. In this consistency checking
step, the least square optimization is used to find the optimal

(a) (b) 
Fig. 1. Stereo matching in the textureless region. (a) The textureless region in the captured scene. (b) Disparity errors in the textureless region.
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