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Abstract—A new method for constructing an accurate 
disparity space image and performing an efficient cost 
aggregation in stereo matching based on local affine model 
is proposed in this paper. The key algorithm includes a new 
self-adapting dissimilarity measurement used for 
calculating the matching cost and a local affine model used 
in cost aggregation stage. Different from the traditional 
region-based methods, which try to change the matching 
window size or to calculate an adaptive weight to do the 
aggregation, the proposed method focuses on obtaining the 
efficient and accurate local affine model to aggregate the 
cost volume while preserving the disparity discontinuity. 
Moreover, the local affine model can be extended to the
color space. Experimental results demonstrate that the 
proposed method is able to provide subpixel precision 
disparity maps compared with some state-of-the-art stereo 
matching methods. 

Index Terms — Local affine model, ZNCC, edge-preserving, 
occlusion handling   

I. INTRODUCTION

Binocular stereo vision infers 3D scene geometry from 
two images with different viewpoints. Dense stereo 
matching as the key in the binocular stereo vision is one 
of the most active research topics estimating disparity 
information from different views. However, dense stereo 
matching remains a difficult vision problem for the 
following reasons: (1) Noise. Unavoidable light 
variations, image blurring, and sensor noise exist in 
image formation cause the image polluted by the noise. 
(2) Textureless regions. These regions lack useful image 
information, which leads the intensity consistency 
constraint useless. (3) Disparity discontinuities. Since 
disparity discontinuities often appear at object  
boundaries, the smoothness constraint would be broken 

in these boundaries. However, accurate object boundaries 
detecting is difficult. (4) Occlusions. Some pixels appear 
in one view may be occluded in another view. How to 
give a reasonable disparity value to these pixels is worth 
considering. 

A good stereo matching algorithm should be robust, 
which could filter the noise, handle occlusion, and 
smooth the disparity in the textureless region while 
preserving the disparity discontinuities at the boundaries. 
In general, dense stereo matching can be broadly 
classified into two categories, local and global [1], 
depending on whether they rely on local window-based 
computations or the minimization of a global energy 
function. The global methods consider the correlation of 
disparities in the neighborhood. The correlation is usually 
modeled as smoothness prior function. And the joint 
energy function is globally minimized to find the 
disparity. These approaches are related to Markov 
random field (MRF) models and energy minimization 
methods, such as graph cuts [2], belief propagation [3]. 
Global methods in general give impressive results than 
the local ones, especially when they are combined with 
segmentation [4] and plane fitting [5]. However, most 
global methods are computationally expensive and 
sometimes the parameters in the methods are hard to 
determine. In local-based methods, the disparity at a 
given point depends only on intensity values within a 
finite window. Despite of this drawback, the speed and 
parallelism advantage of local techniques keeps research 
in local techniques thriving. Moreover, the observation of 
[6] proves that local method is also able to achieve high 
quality result.  

Many effective local algorithms for stereo matching 
have been reported on [1]. These traditional techniques 
assume that all pixels within a fixed window have the 
same disparity. Clearly, fixed window often doesn’t work 
well for the whole image, especially on the boundaries. In 
general, a reliable window in local algorithm should be 
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large enough to include enough intensity variation for 
reliable matching but small enough to cover only pixels 
with equal disparity. To properly deal with this dilemma, 
local methods generally adopt approaches by adaptive 
windows [6, 8], where different window sizes are applied 
to different pixels in the same image. Therefore, when 
calculating the matching cost for each region, the specific 
window has to be determined by examining the 
characteristics of edges, where sharp changes in intensity 
appear.  

To obtain a high-quality disparity map, a number of 
local stereo matching methods [1] have been proposed by 
defining the support weight, which can implicitly 
measure the similarity of disparity values between two 
candidate pixels. These methods use the assumption that 
neighboring pixels with similar intensity/color should 
have similar disparities. By using this local support 
windows [6, 8, 9], the output at a pixel is a weighted 
average of nearby pixels, whose weights depend on the 
intensity/color similarities. The dilemma mentioned 
above is reduced effectively while the discriminative 
power of the dissimilarity measurement is increased. 
These methods, which smooth small fluctuations and 
preserve edges in a local window, could perform good 
results. Although some simplified adaptive weight 
methods [10, 11] have been proposed recently, the 
aggregation accuracy would degenerate. The proposed 
algorithm is organized as follows: First, an improved 
dissimilarity measurement is used to construct a disparity 
space image (DSI) by a left/right input. Then, in order to 
get a more reliable cost volume, a local affine model is 
used when the DSI satisfies the zero-mean normalized 
cross correlation (ZNCC) condition [12], which is 
determined by the neighborhood information. After that, 
Winner-Take-All (WTA)[1] is presented to obtain a 
disparity map. We can also get another disparity map 
using the other (right/left) input as the reference by the 
same method. After left-right checking [1], the occlusion 
regions and mismatching regions from two disparity 
maps (left and right as references, respectively) are 
determined. Finally, a proposed weighted median filter is 
performed to fill the occlusion regions and unstable 
regions.  

II. ALGORITHM 

Assume a rectified stereo pairs, and the local stereo 
algorithms generally perform the following four steps: 
matching cost computation, cost aggregation, disparity 
computation and disparity refinement [1]. Accordingly, 
our algorithm can be partitioned into four blocks. In this 
section, we give a detailed description of the building 
blocks outlined below (seen in Fig.1). 

a. Matching Cost Computation

Typically, the matching cost, which constructs the DSI, 
is computed at each pixel for all disparities under 
consideration. Heiko et al [13] gave an evaluation for 
some popular matching cost methods, and the Census 
method gives the best result. However, Census method 

uses Census transformation to get a group of binary code 
flow, and it uses the color weight and distance weight to 
complete weight calculating. It uses the double channel 
method to accumulate the matching cost, which seems 
complicate. A sample linear combination performs very 
well in [14], which linearly combines absolute intensity 
differences (SAD) and a gradient for computing matching 
cost. We consider the difference between the color spaces, 
and use the modified self-adapting dissimilarity 
measurement to construct DSI. Assuming that is 
the absolute color differences and the color gradient 
difference is . The matching cost on 
pixel  in the disparity d can be defined as follows: 
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Figure1. Block diagram of the proposed method 
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where  balances the color and gradient terms.
and  represent the horizontal and vertical gradient in 
the c color channel.  In order to decrease the influence of 
noises, a small surrounding window  centered on 

 is added to calculating the matching cost.  and 
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are truncation values.  A DSI is constructed by all the 
C(x,y,d) calculated from (1) .

b. Cost Aggregation Based on Local Affine Model  

The aggregation step aims to aggregate each pixel’s 
matching cost over a weighted region to reduce the 
matching ambiguities and noises in the initial cost 
volume. The accuracy of local stereo matching methods 
is highly dependent on the cost aggregation schemes used.  

As the introduction part said, an ideal cost aggregation 
strategy, to deal with disparity discontinuities and 
ambiguous regions (textureless areas, repetitive patterns, 
etc), should modify the support window at each position 
according to image content to include only those points 
with the same (unknown) disparity. The key of our stereo 
matching aggregation step is based on the local affine 
model, which has been proven useful in image matting 
[15, 16] and image denosing [17, 18]. Assume there are 
two small local matching regions centered on pixel 
P and pixel Q in the two rectified images L and R, 
respectively. An affine relation between the intensities of 
the local matching regions is described as:  

     , k    ,             (2) 

where  and  are linear coefficients which are 
constant in . Assume the left image is the reference 
image, we can get the disparity information from 

- . Combing with (2), can be obtained by: 

- -     ,           (3) 

where . Equation (3) gives the relationship 
between the disparity map D and input image L in a local 
region . Additionally, the local affine model satisfies 

, which ensures that the image D has an 
edge if image L has an edge. In this way, the disparity 
discontinuities are also the edges of the reference image. 

In order to getting , we minimize the 
difference between input  and the output  using 
square optimal estimator in a local window,  

  ,          (4) 

where is the pixel in the window in an initial input 
disparity map denoted by .  is set to prevent from 
being too large. Guided filter (GF) proposed by [17] uses 
the least-squares estimate to solve the function (4), then 

 and  are calculated as follows: 

    ,

, (5) 

where  and  are the mean and variance of input 
image I in window .  is the number of pixels in .

  is the mean of pixels in . Since p is included in 
many windows centered by its neighborhood, 
correspondingly, there are many  and in different 
windows including p. Hence, GF simply average all 
possible value of  as: 

   ,                         (6) 

where  and  are defined as follows: 

   ,     ,              (7) 

where  centered at pixel k. GF makes a strong 
assumption that a single linear model and a solid window 
size are sufficient to model a local patch. If the 
window  in image I is in a flat patch, and the solution 
of (5) is:  and , then the output  is 
smooth clearly. If I changes a lot in , then (5) is solved 
by  and .      

However, when consider the case in Fig. 2, the texture 
in the object is much different from some neighborhood 
regions. GF simply aggregates all the multipoint 
estimates for p. This solution makes ,
because is the output of an average filter which makes 
the gradients much smaller than those gradients of strong 
edges in the reference image I.

Figure 2. Variances appear in local windows

In fact, strong smoothing for pixel p is achieved only 
when it is contained in a window without involving 
pixels in the “Object” shown in Fig. 2. Therefore, it is 
necessary to check the validity before using this model 
(seen in (2)), since our local model is assumed to be built 
on all the local matching regions. The zero-mean 
normalized cross correlation (ZNCC) is used as a good 
measurement for calculating the affine similarity in the 
proposed method, since [14] mentions that ZNCC is 
insensitive to the affine transformations of image 
intensity values of two images. The maximal absolute 
value “1” indicates two signals are related by an affine 
transformation. Due to the same affine property, if the left 
image and the right image patch are local affine, it is the 
same to the left image and the disparity map. Hence, the 
correlation of point (i,j) in image  and the point (i+d, j)
in image  is defined to be: 

=
   ,          (8) 

1698 JOURNAL OF COMPUTERS, VOL. 8, NO. 7, JULY 2013

© 2013 ACADEMY PUBLISHER



where  and  ) are the means of pixel for 
a given windows centered at . We also use the 
multiple windows [19] to calculate all the ZNCC value 
including p(x,y). Initialize a matrix Z, which has the same 
size with the window . If the correlation is bellow 
some threshold, e.g. , we set Z(i,j)=0;
otherwise Z(i,j)=1. The sum of pixels with Z(i,j)=1 in the 
reference image is length(Z). Hence, the final possible 
value of  is defined as: 

.  (9) 

Alternatively, the linear model in (2) can be replaced 
by a vector model: 

                      ,            (10) 

where the black body and means a  vector, 
and .

In the proposed algorithm, (9) is used to aggregate the 
matching cost. Correspondingly, the DSI is updated by a 
new DSI. 

c. Disparity Computation 

Additionally, we compute the DSI for the right image 
as a reference image in a similar manner. When two 
disparity space images are obtained, the WTA is applied 
to form two disparity maps: . However, a 
stable pixel should complete the mutual consistency 
checking, which requires the pixels in the left and right 
disparity maps, on the pixel grid, are perfectly consistent 
(same disparity value). This is performed by a subsequent 
mutual consistency checking (often called left- right 
checking) that divides all the pixels into stable or 
unstable pixels: 

     .             (11)                  

We mark pixels in the left disparity map as occluded 
pixels if the (11) does not hold.  is a threshold.  

d. Disparity Refinement 

Suppose the unstable pixels are always the occluded 
pixels. The occluded pixels are assigned to the lowest 
disparity value of the spatially closest non-occluded 
pixels which lie on the same scanline, since the images 
are rectified precisely. This simple occlusion filling 
strategy can generate streak-like artifacts in the disparity 
map. According to the assumption, neighboring pixels 
with similar colors should have similar disparities. 
Correspondingly, we use a weighted median filter to fill 
all the pixels.  

The relationship among reference image I and output 
disparity map D are given by (5) and (6). These can be 
represented in weight form like bilateral filter: 

     ,                 (12) 

where  is defined as : 

  .          (13) 

In disparity refinement step, when every pixel’s weight in 
the certain window  is obtained, we use (12) to 
calculate the refined disparity value. 

To reduce the discontinuities caused by the 
quantization in the disparity, a subpixel precision method 
is proposed, which can be achieved by:  

   . (14)

Since a disparity map has been produced from the 
aggregation step and the matching cost of the three 
candidate matching costs:

and are obtained from the aggregated 
disparity space image after the aggregation step, the 
enhanced disparity map can be easily acquired. Finally, 
we replace each disparity value with the average of those 
values over a  window.  

III.  EXPERIMENTAL RESULT

In this section, we evaluated our approach on the 
Middlebury stereo benchmark [20] using four stereo pairs 
named Tsukuba, Venus, Teddy and Cones. Experiments 
include the following parts: parameters setting, 
evaluation and comparing results with several classical 
local-based stereo matching methods. 

The results are presented in Fig.3. Note that the 
parameters are constant across all datasets. In order to 
improve the stability, we normalize the pixel intensity in 
[0,1].  
      
a. Parameter Setting 

   
Cost computation: In our algorithm, the computation 

of matching cost is inherently parallel at each pixel and 
each disparity level. The parameters in (1), which depend 
on the size of the occluded regions and the signal-to-
noise ratio, are set as follows: =0.0028, =0.016. 
The balance value  is 0.92.   is chosen to be a 
window.

Cost aggregation: Although (10) can be used to get 
higher accuracy in some scenes, however, considering the 
computation time used in the color space is more than 
intensity space, and the average result in intensity is also 
a good, we use (9) to do the aggregation. The parameters 
are set as follows:  is a 15 5 window; 0.0009.

Occlusion detection and filling: Because error in 
computation is existed, we choose to be 2 in (11). The

 step in (12) and (13), we choose  as a 
5 5 window, =0.0001; 
     
b. Evaluation  
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A quantitative way is needed to evaluate the 
performance of a stereo algorithm. There are two kinds of 
quality measures [1], with respect to the ground truth data, 
to compute error statistics: 

RMS error (root-mean-squared): It was measured in 
disparity pairs of the estimated disparity map (x, y) and 
the ground truth of disparity map dT(x, y):

           ,          (15) 

where N is the total number of matching pixels. 
Percentage of bad matching pixels:

           ,        (16)  

where d is the disparity error tolerance. And we used the 
percentage of bad matching pixels to evaluate the 
proposed algorithm on the Middlebury stereo benchmark 
with error threshold  =0.5. In this paper, we show error 
percentages in three different regions: nonoccluded 
regions (nocc), discontinuity regions (disc) and either 
nonoccluded or half-occluded (denotes as all). Then, 
we consider the average error in the whole disparity map. 
The disparity maps generated after each step of the 
proposed method using Middlebury data sets are 
presented in Fig. 3. 

                     Tsukuba                                         Venus                                          Teddy                                          Cones 

(a) 

(b) 

(c) 

(d) 

(e) 
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(f)

Figure 3. Intermediate results of the four different standard images by our algorithm compared to the ground truth. (a) Sample image of 
the stereo image pairs(the left image);(b) The WTA disparity maps after self-adapting dissimilarity measurement; (c)The WTA disparity 
maps after local affine model; (d) The disparity maps after applying  left-right checking ;(e) The disparity maps after filling;(f) ground 
truth. 

c. Comparing  

We compared our results with the results of adaptive 
local method [6], fast biltalter method [21] and non-local 
aggregation method [22]. The results are given in TABLE 
I. The boldfaces mean the rank in all about 140 
algorithms in the Middlebury stereo benchmark. We 
can observe that our method performs very well in 
Tsukuba, including high texture parts (such as the lamp 
stem in Fig. 3.(e)) and textureless parts(such as the box 
and desk). This is because our method has the property of 
edges-preserving, while smoothing the relatively flat 
regions.  

Reliable local affine model prevents the edge 
smoothing. However, obtaining the accurate local affine 
model is difficult, even the ZNCC is used as the 
judgment criterion. The reason is that the inequation 

 still works in few high texture regions 
(seen in Table I disc) in the proposed algorithm. It leads 
to certain details losing, which can be seen in Tsukuba of 
Fig. 3(c), the lamp holder breaks somewhere. This type of 
errors will decrease if the local window is chosen smaller. 

When we use the same parameters in Venus and
change our local affine model window to 19 19, the final 
percentage of bad matching pixels in nonocc, all and disc
regions would decrease to 6.26, 6.83 and 13.0, 
respectively. That’s because Venus has large plane regions, 
and the windows in plane region should be large.  

In the left-right checking stage, all the disparity of 
unstable pixels are set to 0. However, some of these 
unstable pixels may be correct disparities. Since the noise 
causes inconsistency in the stable pixels, some inliers are 
identified as outlier by mistake. Hence, the percentage of 
bad matching pixels increases (seen in Table II). After 

filling step, some steak-like artifact (seen in Cones of Fig. 
3(e)) still appears. That is because several unmatched 
regions were filled by the occlude region method. How to 
increase the accuracy in unstable region detecting is 
worthy considered.

We also performed some experiments by other images. 
The disparity maps after each step are presented in Fig. 4. 
Experimental results show that our algorithm is a strong 
and effective method.  

From the (7), (8) and (9), we found that all the 
summations are calculated by box filter. Therefore, these 
terms can be computed in O(N) time. 

         

         

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

Figure 4. The intermediate results from proposed algorithm; (a) Sample 
image of the stereo image pairs (the left image); (b)~ (c)disparity maps 
after local affine model and filling;(d) color bar of the disparity map.

                                                                                              TABLE I Comparing results ( =0.5) 

Algorithm Avg. 
Error

Tsukuba 
Nonocc          all            disc

Venus 
Nonocc   all    disc

Teddy 
Nonocc  all    disc

Cones
Nonocc   all     disc

Adaptive local 18.1 18.1(63)      18.8(61)     18.6(41) 7.77     8.40   15.8 17.6    23.9   34.0     14.0    19.7    20.6 
Fast biltalter 17.4 21.5(85)      22.4(86)     22.9(88) 5.71     6.66   14.9 16.2    23.3   32.1     9.10    15.8    18.1 

Non-local 14.1 11.1(25)      11.6(24)     15.4(13) 8.64     9.11   14.0 13.5    19.9   25.3     9.40    15.0    16.6 
Our method 15.0 10.2(22)      11.0(21)     20.0(54) 7.52     8.12   14.1 14.7    20.9   29.9     9.55    15.8    21.6 
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TABLE II The evaluation in each step ( =0.5) 

Algorithm Avg. 
Error

Tsukuba 
Nonocc  all    disc

Venus 
Nonocc  all    disc

Teddy 
Nonocc   all    disc

Cones
Nonocc  all   disc

Local affine 18.4 11.3     12.6   22.4 9.01      10.4      24.3 12.3      21.1    27.9 10.7    20.1   23.9 
Left Right-checking 21.6 12.8    14.8    28.9 9.95      11.5      30.2 19.6      28.0    39.2 12.7    22.7   28.8 

Filling 15.0 10.2    11.0     20.0 7.52      8.12      14.1 14.7      20.9    29.9 9.85   15.8   21.6 

IV. CONCLUSION AND FUTURE WORK 

A new local stereo matching method, which combines 
a new dissimilarity measurement and local affine cost 
aggregation model, is presented in this paper. In the post 
processing, two approaches are used, where occlusions 
are first detected, then they are filled in by neighboring 
areas. We did some tests on the Middlebury stereo 
benchmark, the experiment results showed that our 
proposed approach can produce good disparity maps. The 
computation time of the proposed algorithm is O(N)
while performing nice result in Middlebury data sets. 
However, various factors prevent the matching of pixel 
pairs in the real world, such as radiometric changing, 
camera device changing and illumination changing. 
Therefore, robust dissimilarity measurements and 
hardware implementation will be considered in order to 
overcome these problems in the future work. 
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