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Abstract—In this paper, we propose global stereo matching
method with census transform as the matching cost, not only on
the stereo intensity images. In order to get more accurate disparity
values on the area of depth discontinuity, we applied census
transform on the gradient stereo images. Determining the
matching cost, we applied predetermined weight value to both
operations of census transform. Finally we can get better results of
disparity map than the same method without gradient images
from our experiments.
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the matching cost on stereo matching. In our experiments we can
get the better results than without using gradient images.
II. GLOBAL METHOD ON STEREO MATCHING
A. Belief Propagation (BP)
Belief propagation on stereo matching is going along
Markov network which is like Fig. 1. Each node on the Markov
network, that is equal to each pixel, send the value called as
message to neighboring pixels [1]. Disparity values are assigned
to corresponding pixels with calculating messages from
neighboring pixels.

I. INTRODUCTION
Disparity map generation from stereo images is one of the
fundamental process for three-dimensional reconstruction and
has been researched into various methods. One of these methods
is called as stereo matching, which is estimating the depth of
projected view from stereo images of different views. Generally,
it is divided into two classes; one is local method and another is
global method.
Local methods on stereo matching are estimating the
disparity with comparison of the matching cost from views on
the right and the left. It is simple to implement and fast to be
suitable for real-time applications. For calculating matching
costs, the size of the matching window must be determined at
first, which has an effect on the quality of disparity map. The
disparity map from using local methods usually shows low
accuracy than global-based methods.
Global methods on stereo matching are based on Markov
random fields and estimating proper disparity values by
minimizing predefined energy functions. Energy function can be
minimized by using optimization algorithms such as belief
propagation, graph cut and dynamic programming technique.
Energy optimization process takes the relationship between the
entire pixels in the image into account, so it is slower than local
methods.
In this paper, we applied gradient stereo images with census
transform to improve the accuracy of disparity values on the area
of depth discontinuities. Gradient images contain the edge
information of original stereo images and it is related to the
depth discontinuity regions. Basically we exploited belief
propagation with intensity-based census transform to calculate

Fig. 1. Markov network in the image

In Fig. 1, disparity candidate 𝑦𝑖 , 𝑖 = 1, … , 𝑛 has the
matching cost function. mi represents message from node yi to
node xi . mij is message from node xi to node xj . These nodes
must be initialized into uniform distribution as the first step of
belief propagation.
For the next step, the updating process iterates with two costs
for matching until the messages from neighboring nodes
converge through Eq. (1). 𝐷𝑖 (𝑦𝑖 ) is the matching cost of
assigning 𝑦𝑖 to node 𝑖 . We used census transform as the
matching cost 𝐷𝑖 (𝑦𝑖 ). 𝑉(𝑦𝑖 , 𝑦𝑗 ) represents the smoothness cost,
which does not change smoothly on large discontinuities such as
object boundaries. For the smoothness term, we used the
truncated linear model like Eq. (2), where 𝑐 is the constant that
controls the rate of increase and 𝑘 is the upper threshold. After
the updating process, each belief bi (𝑥𝑖 ) of the corresponding
pixel 𝑖 is calculated by using Eq. (3). Finally the disparity value
with corresponding pixel is determined to xi which minimizes
the belief of corresponding pixel.
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𝑡−1
m𝑡ij = min[𝑉(𝑦𝑖 , 𝑦𝑗 ) + 𝐷𝑖 (𝑦𝑖 ) + ∑𝑠∈𝑁(𝑖)∖𝑗 𝑚𝑠,𝑖
] (1)
𝑦𝑖

𝑉(𝑦𝑖 , 𝑦𝑗 ) = min(𝑐|𝑦𝑖 − 𝑦𝑗 |, 𝑘)

(2)

𝑡
bi (𝑦𝑖 ) = 𝐷𝑖 (𝑦𝑖 ) + ∑𝑖∈𝑁(𝑗) 𝑚𝑗,𝑖

(3)

of the result images, proposed method shows better depth
discontinuity smoothness with the object at the right bottom. We
can get more accurate disparity values on the depth discontinuity
area like object boundaries as well.

B. Census Transform with Gradient Images
Census Transform uses relative intensity of input images
which performs robust under different absolute intensities of
input images and noises [2]. Function C(P) is census transform
of a pixel P in Eq. (4), where ⊗ denotes concatenation, D means
non-parametric window around P and 𝜉 is defined by Eq. (5).
This function maps the local neighborhood of surrounding a
pixel P to a bit string representing the set of neighboring pixels,
whose intensity is less than that of P.
C(P) =⊗[i,j]∈𝐷 𝜉(𝑃, 𝑃 + [𝑖, 𝑗])

(4)

1, 𝑖𝑓𝑃 > 𝑃 + [𝑖, 𝑗]
𝜉(𝑃, 𝑃 + [𝑖, 𝑗]) = {
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(5)

Census transform converts relative intensity difference to 0
or 1 into one-dimensional vector. Two pixels of census
transformed images are compared for similarity using Hamming
distance, i.e. the number of bits that differ in the two bit strings
as shown in Fig. 2. To compute correspondence, the Hamming
distance is minimized after applying the census transform.
(a) Census transform

(b) Proposed method (c) Ground truth

Fig. 3. Census transform from windows of stereo image

IV. CONCLUSION

Fig. 2. Census transform from windows of stereo image

For improving the possibility of assigning more accurate
disparity into the pixels near the depth discontinuities, we
applied census transform to gradient images generated from
original stereo images and exploit it to calculate the matching
cost [3]. First we obtain gradient images Gx from input stereo
images by applying horizontal Sobel derivative operator. Then
same as census transform to intensity images, we get the
Hamming distance of Gx to define the matching cost with
weights like Eq. (6).
Cost(xi , 𝑑) = 𝛼𝐻𝑎𝑚𝑚𝑖𝑛𝑔𝐼 + (1 − 𝛼)𝐻𝑎𝑚𝑚𝑖𝑛𝑔𝐺𝑥 (6)
III. EXPERIMENT RESULTS
In order to compare proposed improvement method with
using census transform based stereo matching without gradient
images, we use for stereo images, Cones, Teddy, Tsukuba, and
Venus which are used in [4]. Window size of census transform
is fixed to 5 × 5 and the weight α in the matching cost is
determined to 0.6. We use hierarchical belief propagation as one
type of belief propagation implements. Fig. 3 shows how well
the proposed method with gradient images makes just a little
better result than the ordinary one without them. In the last row

Census transform as a matching cost function usually shows
good performances for global method stereo matching with
belief propagation. In order to get more accurate disparity values
on the area of depth discontinuity, we proposed global stereo
matching with census transform on gradient stereo images. We
modified the matching cost with added Hamming distance of
census-transformed gradient images. Eventually we can get
more accurate disparity values near the depth discontinuities
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