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Abstract. Aiming at the problem that the existing local stereo matching
algorithm has low matching accuracy in weak texture, disparity discontinuity
and occlusion regions, an improved algorithm based on matching cost calcu-
lation and weighted guided filtering is proposed. The algorithm first improves
the traditional gradient cost (GRAD) and Census transform, normalizes and
fuses these two matching costs to form a new matching cost, then proposes a
weighted guided filter based on the Kirsch operator and aggregates the matching
cost, finally, the method of the winner-takes-all (WTA) is used to complete the
disparity calculation, and we use the method of left and right disparity consis-
tency and the quadratic curve interpolation to complete the disparity optimiza-
tion and obtain the final disparity map. A large number of experiments prove
that the proposed stereo matching algorithm has an average mismatch rate of
about 5.45% relative to the standard disparity map on the test platform of
Middlebury. Compared with most algorithms, proposed algorithm achieves a
good matching effect.

Keywords: Census transform � Adaptive window � Kirsch operator �Weighted
guided filtering

1 Introduction

Stereo matching is a process of recovering scene depth information by finding corre-
sponding matching points of two images of the same scene under different viewing
angles, and obtaining the disparity pixel by pixel. Stereo matching is widely used in 3D
reconstruction [1], digital surface model generation [2], virtual reality and driverless [3].

Scharstei et al. [4] studied and summarized typical stereo matching algorithms and
formed a basic stereo matching algorithm framework. The existing stereo matching
algorithms are mainly divided into two categories: global stereo matching and local
stereo matching algorithms. Global stereo matching algorithm is to solve the optimal
solution in the global scope, although the global stereo matching algorithm has a high
matching accuracy, the calculation is more complicated, so it has great limitations in
practical application. Common global matching algorithms include confidence propa-
gation [5] (BP), graph cut [6] (GC), minimum spanning tree [7] (MST), and split tree
[8] (ST). The local stereo matching algorithm uses the neighborhood information in the
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window for matching, although the accuracy is poor compared to the global stereo
matching, the time complexity is low, and easy to implement, so it is widely used. The
steps of local stereo matching algorithm are mainly divided into four steps: matching
cost calculation, matching cost aggregation, disparity calculation and disparity opti-
mization. In recent years, the matching accuracy of some excellent local stereo
matching algorithms has approached the global stereo matching algorithm, but the local
stereo matching algorithm still faces two difficulties: selection of matching cost
function and cost aggregation.

One difficulty of the local stereo matching algorithm is the selection of matching
cost function, common matching cost functions mainly include pixel-based absolute
value of gray difference (AD), gray difference square (SD), gradient-based measure-
ment GRAD, sampling-insensitive BT algorithm [9]; Matching cost based on window
mainly includes sum of absolute differences (SAD), sum of squared difference (SSD),
normalized cross-correlation (NCC); Matching cost based on non-parametric transform
[10] includes Census and Rank transform. GRAD is based on the gradient difference of
the image, which can improve the matching accuracy of the weak texture regions to a
certain extent, so that the disparity map becomes clearer, but traditional GRAD only
considers the gradient value in the x direction, resulting in limited improvement in
matching accuracy of weak texture regions. Census transform is an excellent stereo
matching method, however, it relies heavily on the gray value of the central pixel,
which makes it more sensitive to noise, and the size of support window is fixed, if the
size of support window is selected too large, it will contain more texture information,
which can improve the matching accuracy, however, the time complexity will also
become higher; If the size of support window is too small, the texture information
contained is too little, resulting in lower stereo matching accuracy, so selecting an
appropriate support window is crucial. At the same time, through a lot of research,
some scholars proposed that the improvement of the single measure function cannot
further improve the matching accuracy, the fusion of multiple measure functions can
significantly improve the matching accuracy, for example, literature [11] proposed a
stereo matching algorithm combining SAD and Census transform, which achieves a
good matching effect.

Another difficulty of the local stereo matching algorithm is the selection of cost
aggregation method. Since the cost calculation only considers the local correlation, it is
very sensitive to noise and cannot be directly used to calculate the disparity, therefore,
cost aggregation is needed to improve the reliability of stereo matching. Traditional
cost aggregation often uses box filtering and gaussian filtering, such filters are less
difficult to implement, but the effect of maintaining the edge of the image is poor. In
this regard, Yoon et al. [12] proposed to use bilateral filtering for cost aggregation, this
method can effectively maintain the edge of the image, but the time complexity is
relatively high. He et al. [13] proposed the use of guided filtering in cost aggregation,
compared with bilateral filters, guided filtering can better maintain the edge of the
image, and the time complexity is also independent of the size of window, but the
traditional guided filter does not consider the different textures of different windows, it
is simple to use the same regularization parameters for each window, resulting in a poor
matching effect of the algorithm on regions with large texture changes.

Stereo Matching Based on Improved Matching Cost Calculation 491



In view of the above problems, in order to improve the accuracy of stereo matching,
this paper proposes a stereo matching algorithm based on improved matching cost and
weighted guided filter. The main contribution is: based on the traditional GRAD [14],
the gradient values in the y direction and the two diagonal directions are fused to the
GRAD, which increases more gradient information and makes the disparity map
smoother and clearer. We replace the fixed window of traditional Census transform
with adaptive window. The size of the window can be dynamically adjusted according
to the standard deviation of the pixels in the window. At the same time, the method of
confidence constraint is used to adjust the gray value of the center pixel in the window,
and then these improved two matching costs are normalized and fused to achieve
complementary advantages, which greatly improves matching accuracy; In the cost
aggregation stage, a weighted guided filter based on the Kirsch operator is proposed,
proposed algorithm dynamically adjusts the regularization parameter according to the
different texture information in each window; Finally, the winner-takes-all (WTA) for
disparity calculation, and the disparity refinement and optimization are performed by
the method of left and right disparity consistency detection and the quadratic curve
interpolation.

2 Matching Cost Calculation

2.1 Improved Census Transform

Census transform belongs to a kind of non-parametric transform algorithm, this
algorithm does not use gray-scale information but neighborhood information for
matching, so the matching accuracy of this algorithm is higher. The traditional Census
transform first selects a pixel, and builds a rectangular window based on the pixel,
turning the gray value of other pixels in the window except the central pixel into a bit
string, the specific process is: compare the gray value of the pixel in each region with
the gray value of the central pixel, if the value is less than the gray value of the central
pixel, record it as 1, otherwise as 0. The formula for Census transform is as follows:

BTðpÞ ¼ �
q2Np

nðIðpÞ; IðqÞÞ ð1Þ

nðIðpÞ; IðqÞÞ ¼ 1; IðpÞ� IðqÞ
0; IðpÞ\IðqÞ

�
ð2Þ

Where p is the central pixel, Np is the rectangular window with p as the center, q is the
neighboring pixel of p in the window, BTðpÞ is the converted bit string, and � rep-
resents the bit-by-bit connection. The schematic diagram of Census transform is shown
in Fig. 1.

492 J. Xu et al.



Since the Census transform is greatly affected by the central pixel and is susceptible
to noise, it is very important to set the center pixel to an appropriate gray value. Some
scholars proposed to use the average value of pixels in the window as a reference value,
and other scholars proposed to use the median value of all pixels in the window as a
reference value, but when the window is greatly affected by noise, the reference values
obtained by these two methods are not effective, so an appropriate evaluation mech-
anism is needed to determine the reference pixel value, this paper proposes a judgment
method based on confidence constraints, which improves the matching accuracy of the
Census transform. The formula of confidence calculation is shown in (3)(4)(5):

RaveðpÞ ¼ uðpÞ � IðpÞj j ð3Þ

RmedðpÞ ¼ mðpÞ � IðpÞj j ð4Þ

RðpÞ ¼ RmedðpÞþRaveðpÞ ð5Þ

Where uðpÞ is the average value in the rectangular window with p as the center pixel,
mðpÞ is the median value of all pixels in the rectangular window, RaveðpÞ is the mean
confidence, RmedðpÞ is the median confidence, and IðpÞ is the gray value of the center
pixel. The smaller the RðpÞ, the higher the confidence level of the gray value of IðpÞ as
the center pixel, which indicates that the gray value of the IðpÞ as the center pixel of the
rectangle is more reliable; When the confidence RðpÞ is greater than a certain threshold,
it is considered unreliable to use IðpÞ as the central pixel value, and the gray value of
the center pixel of the rectangle window needs to be corrected, the correction strategy is
shown in (6):

IðpÞ ¼
uðpÞþmðpÞ

2
RðpÞ[ Th

IðpÞ otherwise

8<
: ð6Þ

When the confidence level RðpÞ is greater than the confidence threshold Th, the gray
value of the center pixel is updated to the average of uðpÞ and mðpÞ, otherwise the gray
value of the center pixel of the rectangle remains unchanged.

Another important factor that affects the matching accuracy of Census transform is
the size of the support window. If the size of support window is smaller, the amount of
information contained will be less, matching accuracy will be lower; If the size of
window is larger, time complexity will become higher. Therefore, this paper proposes
an adaptive window method, which achieves a good matching effect, the core idea is:

Fig. 1. Schematic diagram of Census transform
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when the pixel standard deviation in the support window is large enough, the size of the
current window is used directly, otherwise the window size is increased to obtain more
information, thus achieving the balance of time complexity and matching accuracy.
The specific process is shown in Fig. 2:

The final improved Census transform is as follows:

B
0
TðpÞ ¼ �

q2Np

nðI 0 ðpÞ; IðqÞÞ ð7Þ

nðI 0ðpÞ; IðqÞÞ ¼ 1; I 0ðpÞ� IðqÞ
0; I 0ðpÞ\IðqÞ

(
ð8Þ

Where B0
TðpÞ is the bit string obtained by the improved Census transform, I 0ðpÞ is the

modified pixel reference value, and the meanings of the remaining symbols are the
same as those in (1) and (2). When the disparity is d, the Hamming distance calculation
formula of the two bit strings is:

Fig. 2. Flow chart of adaptive window algorithm
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Hhðp; dÞ ¼ min Hammin gðCCTLðpÞ;CCTRðp� dÞÞ; Tcenð Þ ð9Þ

Where Hhðp; dÞ is the matching cost of Census transform, CCTLðpÞ is the Hamming
value of the left image at pixel p, CCTRðp� dÞ is the Hamming value of the right image
at pixel p� d, and Tcen is the threshold value of the Census transform, and we can
come to a conclusion: the smaller the Hamming distance between two pixels, the higher
the matching accuracy, otherwise the lower the matching accuracy. In order to further
reduce the interference of noise, the matching cost is normalized:

Ccenðp; dÞ ¼ 1� expð�Hhðp; dÞÞ ð10Þ

2.2 Enhanced Gradient Cost

In order to further obtain a high-precision disparity map, this paper improves the
traditional GRAD algorithm, traditional GRAD only considers the gradient value in the
x direction, which leads to a limited improvement in the matching accuracy of the weak
texture regions, in this regard, this paper proposes an improved GRAD algorithm, the
improved algorithm fuses the gradient information in the y and the two diagonal
directions, the calculation formula is (11).

gradx ¼ @G=@x
grady ¼ @G=@y
grad45� ¼ @G=@45�
grad135� ¼ @G=@135�

8>><
>>: ð11Þ

grad ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
gradxð Þ2 þ grady

� �2 þ grad45�ð Þ2 þ grad135�ð Þ2
q

ð12Þ

Where G is the gray scale of the image, gradx is the gradient of the image in the x
direction, grady is the gradient in the y direction, grad45� and grad135� are the gradients
in the two diagonal directions, and grad is the image gradient, then the gradient cost is:

gradgðp; dÞ ¼ min gradLðpÞ � gradRðp� dÞ; Tg
� � ð13Þ

Where gradgðp; dÞ s the gradient cost when the disparity value of pixel p is d, gradLðpÞ
is the gradient of the left image at pixel p, gradRðp� dÞ is the gradient of the right
image at pixel p� d, and Tg is the gradient threshold. The normalized similarity
measure function is:

Cgðp; dÞ ¼ 1� expð�gradgðp; dÞÞ ð14Þ
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2.3 Matching Cost Fusion

In order to achieve the complementary advantages of the two measurement functions,
the two measurement functions are weighted and fused, the fused matching costs are as
follows:

Cðp; dÞ ¼ k1Ccenðp; dÞþ k2Cgðp; dÞ ð15Þ

Where k1 and k2 are the weight values of the improved Census transform and the
enhanced gradient cost, and k1 þ k2 ¼ 1.

3 Cost Aggregation

After calculating the matching cost of the image, it is necessary to perform cost
aggregation on the matching window. The essence of cost aggregation is filtering,
which is used to filter out the noise introduced in the matching cost calculation. Among
all the methods of cost aggregation, the guided filtering is an excellent one, The process
of guiding the filtering algorithm is as follows: suppose I is the guide image, usually
the left image is the guide image, the input image is p, U is the filtered image, the
filtered linear conversion model is:

Ui ¼ akIi þ bk; 8 i 2 wk ð16Þ

Where k is the center pixel in the window, wk is a rectangular window centered on pixel
k, Ui and Ii are the corresponding points before and after the guided filtering. ak and bk
are the linear coefficients, ak and bk can be obtained by minimizing (17).

Eðak; bkÞ ¼
X
i2wk

½ðakIiÞþ bk � piÞ2 þ ea2k � ð17Þ

Where e is the regularization parameter, usually e [ 0, and the larger the value, the
smoother the filtered image; The smaller the value, the better the edge of filtered image.
The solution of (17) can be obtained by the least square method.

ak ¼
1
wj j

P
i2wk

Iipi � ukpk

r2
k þ e

ð18Þ

bk ¼ pk � akuk ð19Þ

Where uk and r2k represent the mean and variance of the guide image I in the window
wk; wj j represents the total number of pixels in the window wk; pk is the average gray
value of the input image p in the window wk .

However, the traditional guided filtering algorithm does not consider the difference
in pixel texture of different windows, and each window uses the same regularization
parameters, resulting in limited improvement in matching accuracy. Aiming at the
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problem, Li et al. [15] improved the guided filtering, and proposed a weighted guide
filtering, which defines the pixel variance in the window as a weighted factor, and
adaptively adjusts the regularization parameters. However, defining the variance as a
weighted factor does not highlight the edges of the image very well, so this paper
proposes to define the Kirsch operator [16] as a weighted factor, the Kirsch operator
can detect the edges in the image very well, in the edge regions of the image, a larger
amplitude response can be obtained, in the smooth region of the image, the amplitude
response is close to 0.

The edge weight of Kirsch operator is defined as:

CIðpÞ ¼ 1
N

XN
p0 ¼1

KIRðpÞ
KIRðp0 Þ ð20Þ

Where KIRðpÞ is the edge value of p corresponding to Kirsch operator, I is the guide
image, N represents the total number of pixels, (18) can be replaced with (21).

ak ¼
1
wj j

P
i2wk

Iipi � ukpk

r2
k þ e

CI

ð21Þ

4 Disparity Calculation

The final matching cost obtained after cost aggregation is C
0 ðp; dÞ. We use the WTA

strategy to select the minimum matching cost correspondence for each pixel as the
initial disparity value.

dp ¼ arg min
d2D

½C0 ðp; dÞ� ð22Þ

Where D represents all possible disparity values.

5 Disparity Refinement

There are many mismatched points in the initial disparity map obtained by the WTA
method, so post-processing optimization is needed to reduce the number of mismatched
points. Post-processing optimization methods mainly include left and right consistency
detection, occlusion processing, weighted median filtering and sub-pixel refinement
[17, 18]. The way to detect mismatched points through left and right consistency
detection is as follows.

dLðpÞ � dR½p� dLðpÞ�j j\1 ð23Þ
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Where dLðpÞ is the disparity value of pix p in the left view, and dR½p� dLðpÞ� is the
disparity value of pix p� dLðpÞ in the right view. If the left and right disparity value are
not equal, it is considered as an anomaly point, and at the same time, the anomaly
points are divided into occlusion points and mismatched points according to the
principle of epipolar geometry [19].

Different interpolation methods are used for the occlusion points and mismatched
points obtained by the left and right consistency detection. For the occlusion pixels,
since the occlusion regions are usually located in the background of the image, the
disparity value from the non-occlusion region pixels is used to interpolate the occlusion
point. We search the effective pixel closest to the occlusion pixel in 8 directions, and
use its disparity value as the disparity value of the current occlusion point; For mis-
matched pixels, the disparity value of the effective pixel with the most similar pixel
color is used as the disparity value of the mismatched pixel in 8 directions, and the
weighted median filter [20] is used to smooth the interpolated disparity map. In order to
reduce discontinuity of the disparity map caused by discrete disparity, sub-pixel esti-
mation is performed based on binomial polynomial interpolation [21]. For each pixel,
the best sub-pixel interpolation value is:

dsub ¼ d � Sðp; dþ Þ � Sðp; d�Þ
2½Sðp; dþ Þþ Sðp; d�Þ � 2Sðp; dÞ� ð24Þ

Where d is the disparity value after pixel p weighted median filtering; Sðp; dþ Þ and
Sðp; d�Þ are the cost aggregation of pixel p when the disparity is dþ 1 and d � 1,
respectively.

6 Experimental Results and Analysis

In order to evaluate the matching effect of the proposed algorithm, this paper uses the
data set provided by the Middlebury [22] experimental platform for experiments. The
simulation experiments are performed on a computer with a CPU of Intel Core i3-
3210M, 2.5 GHz, and 8G of memory, and the programming environment is Matlab
R2016a. The parameter settings involved in the experiment are shown in Table 1, the
following dates are obtained through many experiments.

Table 1. Parameter settings

Parameter Value Parameter Value Parameter Value

Th 6 Tcen 0.06 T 5.23
M 0.39 Tg 0.35 k2 0.55
Mmax 11 k1 0.45 e 0.012
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6.1 Matching Cost Calculation Experiment

In order to verify the effectiveness of the improved matching cost, this paper selects
two cost functions to compare with the proposed cost function, these two cost functions
are SAD + GRAD [23] and AD + Census [17]. The experimental images are 4 sets of
stereo matching image pairs (Cones, Tsukuba, Teddy, Venus). Figure 3 is the result of
different cost functions experiments, the experiments do not undergo any post-
processing, Table 2 is error matching rates of different algorithms for different images,
Fig. 4 is the histogram of the average mismatch rate of each cost function.

As can be seen from Fig. 3, compared with the matching cost of SAD + GRAD
and AD + Census, the proposed cost function shows a better matching effect in four
different pairs of stereo matching images, and it can be seen from Table 2 and Fig. 4
that the proposed cost function has a lower mismatch rate, which proves the effec-
tiveness of the proposed cost function.

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

Cones

Tsukuba

Teddy

Venus

Fig. 3. Disparity map of different cost functions. (a) left image; (b) right image; (c) real disparity
map;(d) SAD + GRAD;(e) AD + Census; (f) Proposed

Table 2. Error matching rates of different cost functions for different images %

Algorithm Cones Tsukuba Teddy Venus

SAD + GRAD 27.165 23.898 24.554 22.441
AD + Census 19.145 17.984 19.689 18.356
Proposed 13.895 11.546 14.262 13.654
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6.2 Cost Aggregation Experiment

In order to verify that the proposed weighted guided filtering has an excellent effect in
maintaining edges, this paper compares literature [15] with the proposed weighted
guided filter. The experimental images are 2 sets of stereo matching image (Sawtooh,
Barn2). Figure 5 shows the experimental results of the proposed weighted guided filter
and literature [15] in 2 different stereo matching image pairs. Figure 5 (a) is the left
view of the stereo matching image pair, (b) is the right view of the stereo matching
image pair, (c) is the real disparity map, (d) is the disparity map of literature [15], (e) is
the disparity map of the proposed weighted guided filter.

As shown in Fig. 5, in the regions marked by the rectangular frame, the weighted
guided filter proposed in this paper has a better effect in maintaining edges than the
literature [15], which proves the effectiveness of the improved weighted guided filter
proposed in this paper.

Barn2

Sawtooh

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

Fig. 5. Disparity map of different cost aggregation algorithms. (a) left view; (b) right view;
(c) real disparity map; (d) literature [15]; (e) proposed weighted guided filter
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6.3 Algorithm Comparison Analysis

In order to further verify the superiority of the proposed algorithm, four common stereo
matching algorithms are selected to perform experiments on four sets of stereo
matching image pairs (Venus, Cones, Tsukuba, Teddy). These four algorithms include
semi-global stereo matching [23] (SGM), cross-scale minimum spanning tree [14] (CS-
MST), block matching [24] (BM), BP algorithm. The experimental simulation dia-
grams are shown in Fig. 6, the error matching rates of different algorithms for different
images are shown in Table 3, Table 4, and where n-occ represents the ratio of mis-
matched pixels in non-occluded regions, all represent the total pixel mismatch rate, disc
represents the mismatch rate in the disparity discontinuity regions, Fig. 7 is the his-
togram of the average mismatch rate of each stereo matching algorithm.

Teddy

Tsukuba

Venus

Cones

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

Fig. 6. Disparity map of different algorithms. (a) Left image (b) Real disparity map (c) CS-MST
(d) SGM (e) BM (f) BP (g) Proposed

Table 4. Error matching rates of different algorithms for different images%

Algorithm Venus Cones
n-occ all disc n-occ all disc

CS-MST 8.654 10.562 14.236 10.445 12.886 15.234
SGM 11.565 14.784 17.889 16.223 18.442 23.896
BM 15.447 17.845 21.246 22.445 25.221 30.568
BP 4.245 6.231 9.556 6.315 9.564 11.235
Proposed 3.562 5.556 8.233 4.225 5.253 7.565
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As can be seen from Fig. 6, compared with SGM, CS-MST and other algorithms,
the proposed algorithm shows good matching accuracy in weak texture, disparity
discontinuity and occlusion regions. As shown in the Cones test chart, the part marked
by the rectangular frame is a disparity discontinuity regions, the proposed algorithm
achieves a smoother disparity in this regions. The part marked by rectangles in the
Teddy test chart are the weak texture and the occlusion regions, the disparity of
proposed algorithm in these regions is more clear and smooth, and in Venus test chart,
the proposed algorithm is better in the edge regions. Similarly, the algorithm of this
paper is better than other algorithms on the test charts of Tsukuba, which proves the
effectiveness of proposed algorithm.

As can be seen from Table 3, Table 4 and Fig. 7, compared with other algorithms,
proposed algorithm has better matching effect in multiple image regions. The average
mismatch rate of CS-MST, SGM, BM, BP and proposed algorithm is 10.812%,
13.417%, 24.389%, 7.444%, 5.425%, respectively, which shows the superiority of
proposed algorithm.
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Fig. 7. Average mismatch rate of different stereo matching algorithms

Table 3. Error matching rates of different algorithms for different images%

Algorithm Teddy Tsukuba
n-occ all disc n-occ all disc

CS-MST 6.235 9.254 11.556 8.369 10.546 13.456
SGM 7.453 10.545 13.563 10.656 13.895 16.235
BM 20.231 25.235 30.231 25.336 29.256 33.445
BP 5.562 7.236 9.235 5.356 6.745 8.754
Proposed 4.535 5.652 8.123 4.114 5.852 7.565
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7 Conclusion

Based on the existing local stereo matching algorithm, this paper proposes a stereo
matching algorithm with higher matching accuracy. In the matching cost calculation
stage, two major improvements are made. ① the gradient information in the y direction
and the two diagonal directions is fused to the traditional GRAD, which improves
matching accuracy of weak texture regions. ② Based on the traditional Census
transform, a confidence constraint method is proposed to modify the central pixel value
in the support window, at the same time, the size of the support window is dynamically
adjusted by the method based on gray standard deviation, then these two cost functions
are weighted and fused, which further improves the matching accuracy. In the cost
aggregation stage, a weighted guided filtering algorithm based on Kirsch operator is
proposed, which maintains the edges of the image. A large number of experimental
results show that compared with other algorithms, proposed algorithm can effectively
enhance the matching accuracy of weak texture, disparity discontinuity and occlusion
regions.
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