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Abstrac t .  Stereo computes the distance of objects, "their depth", from 
two images of two cameras using the triangulation principle. Points of 
imaged objects are mapped in different locations in the two stereo images. 
A central problem in stereo matching using correlation techniques lies in 
selecting the size of the search window. Small windows contain only a 
small number of data points, and thus are very sensitive to noise and 
therefore result in false matches. Whereas large search windows contain 
data from two or more different objects or surfaces, thus the estimated 
disparity is not accurate due to different projective distortions in the 
left and the right image. The new method introduces a continuous scale 
parameter for the matching process. It allows the adaption of the scale 
for every individual region and overcomes the drawbacks of fixed window 
sizes which is impressively demonstrated by the experimental results. 

1 I n t r o d u c t i o n  

In order to reconstruct the three-dimensional in]ormation of a scene, computer 
vision uses two different views of the same scene. This technique is known under 
the term stereo-vision or binocular vision. It is important for a vision system 
that interesting structures for certain scales are found by the stereo-vision pro- 
cess. According to Barnard and Fischler [1] a stereo-vision system performs the 
following steps: image acquisition, camera calibration, extraction o/ points o/ 
interest, depth determination, and depth interpolation. 

All of these steps play important roles in the design of a stereo system and 
it is of interest to know how the different tasks depend on each other. Even 
small mistakes that are made during this processes can result in wrong depth 
information for the object currently under consideration. Starting from the image 
acquisition, noise can be introduced for certain reasons into the images, which 
complicates the modeling of the used cameras and, of course, the search for the 
corresponding points in a stereo pair. But the success of the approach mostly 
depends on its ability to solve the problem of stereo matching, a topic upon 
which this work concentrates. 

The paper is organized as follows: In the next section we review basic notation 
of area-based stereo matching. Section 3 discusses the problem of the window 
size. A new adaptive matching method is proposed using a correlation scale- 
space. Experimental results are described in section 4. Finally we give a brief 
summary. 

* This work was supported by the Austrian Science Foundation (FWF) under the 
grant Nr. P09954-SPR and Nr. S7002-MAT. 
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2 S t a n d a r d  A r e a - B a s e d  S t e r e o  M a t c h i n g  

The epipolar geometry is the starting point for this method. For a given pair 
of stereo images, the corresponding points are supposed to lie on the epipolar 
lines [10]. Since a parallel camera alignment is used in this paper, the epipolar 
lines are the scanlines in both images. In Fig. 1 a synthetic stereo pair is depicted 

(a) left image (b) right image (c) optimal scales 

Fig. 1. Synthetic stereo pair: Pyramid on a flat ground with natural texture 
added on the surface. (c) optimal scales for points of interest. 

which consists of a pyramid on a plane ground with natural texture added on 
the surface. If for a given point (XL, YL) in the left image, a corresponding point 
(xR, YR) in the right image can be found, the three dimensional position of the 
object point can be computed with the additional information about the camera 
parameters. As a similarity measure the correlation of gray-level intensities is 
used. 1D-correlation C(XL, xR, w) between two intervals of size w can be written 
as convolution with a rectangular function ~1/~ [8, 6]. 

[ZL(xL)IR(xR)] * - W) R(XR, W) 
C(XL,XR, W) = 

( x L )  * - -  * - -  w ) ]  

( 1 )  

with #(x,w) = I(x) * 51/w(x) , where 51/~(x) = '0 elsewhere (2) 

The 2D-correlation C(XL, YL, xR, YR, W) for two-dimensional regions can easily 
be extended from equation (1). For each point in the left stereo image the dis- 
parity information D(XL, YL) is computed using the correlation function C' as 

D(XL, YL) = { XL--lXR for XR = argmax{C(xL, YL, XR, YR, W)} > T 
otherwise , (3) 

where T defines the minimal threshold for accepting a corresponding point. The 
fact that the maximum of C is below this threshold T may be caused by oc- 
clusion, highlights or depth discontinuities. The maximum of the correlation 
function is accepted if it is above the threshold T. In this case the position of 
the distinct maximum defines the corresponding point in IR. 

A central problem in finding correspondences lies in selecting the size of the 
search window w. Small windows contain only a small number of data points, and 
thus are very sensitive to noise and therefore result in false matches. Whereas 
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large search windows contain data  from two or more different objects or surfaces, 
thus the estimated disparity is not accurate due to different projective distortions 
in the left and the right image. The strategy is to find a corresponding point with 
the smallest window size w. There exist various works dealing with this problem; 
Levine et ah use an adaptive correlation window, the size of which varies inversely 
with the variance of the region which is currently considered [4]. In another 
adaptive approach Kanade and Okutomi proposed that  the size and shape of 
the matching window is chosen adaptively on the basis of local evaluation of the 
variation in both the intensity and the disparity [3]. In all these works the search 
window is rectangularly shaped and the size is changed in a discrete way. 

In the next section a new method is proposed by changing the size of the 
window in a continuous way, thus making it possible to determine an optimal 
size for a given region. 

3 A d a p t i v e  S t e r e o  M a t c h i n g  

The problem of changing the size of the search window during the matching 
process depends on the objects which are considered. If a window contains data  
from two or more objects or surfaces the correlation for that  region does not show 
a clear maximum, unless the window is decreased and contains only data  points 
from one single object. Another problem occurs when a search window contains 
occluded regions. In this case the computed disparity value is not correct. In 
order to find an optimal size of the search window the function C has to be 
modified in such way that  the scale can be changed in a continuous way. 

3.1 Gaussian Weighted Correlation 

The products of intensity values in equation (1) are constantly weighted with the 
normalizing function 51/~ (2). The formulation as convolution allows us to sub- 
stitute 5t/w by the Gaussian weights. In the following, the scale-space notation 2 
is used, where the scale is defined by t. For a 1D-image I : ~ ~-~ [0, 1] we define 
the Gaussian weighted local mean # : }l × ~ ~-~ [0, 1] 

#(x ; t )  / I (x  ~)g(x + ~,t) d~= I(x)*g(x;t)  with g(x;t) 1 _~2 

- - 0 0  

(4)  
The Gaussian weighted standard deviations are defined by 

a'~(x;t) = I ~ ( z ) * g ( . ; t ) - i t ~ ( x ; t )  k = n , R ,  (5) 

and the covariance can be written as 

a2Lt~(XL,XR;t) = [IL(XL)IR(xR)] *g ( - ; t )  -- #L(XL;t)#R(XR;t) k -= L , R .  
(6)  

The correlation can be written as convolution with the Gaussian kernel in the 
one-dimensional case (4) as follows: 

C r ( .  ; t ) =  [ I L ( X L ) I ' ( x R ) ] * g ( ' ; t ) - - # L ( X L ; t ) # ' ( x ' ; t )  ............... (7) 
• g ( .  ; t )  - • g ( .  ; t )  - t)] 

2 The notation Cr (. ; t) stands for Cr (XL, xR; t) and Cr (. ,. ; t) for 
Cr(x L, yL, XR, yR; t). 
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For the two-dimensional case the two-dimensional Gaussian kernel is used and 
the 2D-weighted correlation function Cr( .  ,* ;t) can be extended from equa- 
tion (7). Instead of using all the data points in the correlation window equiva- 
lently weighted, the window is weighted with the Gaussian kernel. The size of 
the search window can be controlled by the scale parameter t. The influence 
of pixels far from the center of the window diminish at a rate controlled by t. 
Furthermore the shape of the search window has changed from rectangular to 
circular. The function CF defines a Correlation Scale-Space (CSS) for one point 
IL (x, y) in the left stereo image. In the CSS the similarity value is available at 
different scales driven by the parameter t of the scale-space kernel. The main 
advantages of the CSS compared to standard methods, such as the hierarchical 
approach, is that the scale can be changed in a continuous way. Furthermore in 
this representation all levels of scale are immediately accessible. 

3.2 Op t ima l  Scale Selection 

In general situations it is not possible to know in advance at what scales inter- 
esting structures can be expected to appear. Size variations of image structures 
in a stereo pair can occur for several reasons: 

- objects in the scene have different physical size; 
- surface textures contain structures at different scales; and 
- scale variations appear due to perspective distortions. 

There are many ways to select the best scale for a given problem. A very inter- 
esting work in this field was presented by Lindeberg in which he describes the 
"scale-space primal sketch" [5]. An operator gives maximal output if its size is 
best tuned to the object. Other approaches study the variation of the informa- 
tion content over scale [2]. For the correspondence establishment it is possible 
so far to change the scale parameter t in a continuous way using the correlation 
function Cr. But the problem to be solved is to find the "best scale(s)" font for 
certain regions in a stereo pair. Basically, the scale at which a maximum over 
scales is attained will be assumed to give information about the window size for 
that region. The maximum over scale for a region defines the optimal scale. In 
the next step the CSS for different placements of a point is analyzed: on a plane 
parallel to the image plane; on a roofed surface; near a depth edge; and in an 
occluded area. For these situations the correlation values at the corresponding 
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(c) depth edge (d) occluded area 

Fig. 2. Optimal scale values for different situations: (a) Cr=0.91 at t=15.0, (b) 
Cr=0.99 at t=3.0, (c) Cr=0.92 at t=l.5 and (d) Cr=0.35 at t=35. 

position in the right stereo image are tested by tracing along the local maxima 
in the direction of the scanline from high to low scale. In Fig. 2 the correlation 
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function at the corresponding point along scale t is visualized for these different 
situations. 
Plane: For the plane lying parallel to the image plane there are only small vari- 
ations along the correlation function. The correlation value decreases if no or 
not enough gray-level information is available in the correlation window. The 
scale-space maximum for this example lies at t=15, with CF(.  ,. ;t) C [0.6..0.9], 
which means that  for this scale the correlation value can be maximized. 
Roofed surface: In the case of a roofed surface, by tracing from large to smaller 
scale the value of the correlation increases successively until it decreases because 
of too little information in the correlation window. For this example a small scale 
obtains the highest correlation value at scale t=3,  with CF(.  ,. ; t)  E [0.95..0.99]. 
Depth Edge: Near a depth edge it is similar. At larger scales the correlation 
value is low because the window contains data  from two objects which have 
different disparity values. By decreasing the scale parameter  t the correlation 
value is maximized at a very low scale, since the window contains only data  
from one single object. The obtained scale for this situation lies at t = 1.5, with 
Cr ( .  ,. ;t) e [0.45..0.93]. 
Occluded area: In the last test the correlation value over scale for an occluded 
region is determined. It can be seen in Fig. 2 (d) that  the maximum of the cor- 
relation function along scale is at t =35 with CF(.,. ;t) C [-0.1..0.35]. This 
represents the highest scale and the correlation value decreases successively to 
lower scale. But the correlation value is very low anyway, thus the position of this 
maximum represents an average depth information of the surrounding regions, 
which contain the occluded area. 

In order to establish correspondences, the function C r  is tested on the pyra- 
mid (Fig. 1). In the left image some points of interest are chosen for which the 
corresponding points are determined in the right stereo image. Every scale-space 
maximum is graphically illustrated by a circle centered at the point in the left 
stereo image for which the correspondence is established. The size of the circle 
corresponds to the scale of maximum correlation. The circles are superimposed 
on a bright copy of the left image. The result is visualized in Fig. 1 (c). The  
optimal scale of points on the surface of the pyramid is small, since the planes 
form an oblique angle with the image plane, thus not all points in the search 
window have the same disparity value, whereas for regions on the flat ground 
the selected scale value is large. One way to determine the optimal scale topt 
for finding correspondences is to determine the scale-space maximum by tracing 
from high to low scale along the correlation maxima. By following the correlation 
maximum from high to low scale a change in the direction xR defines a variation 
in the disparity value. The algorithm can be outlined: 

1. Compute the initial disparity value Do using the correlation function C r  
starting at a large scale tO=tmax. If no unique maximum can be determined 
there is no corresponding point. 

2. Decrease the scale with t~+l = t~/At 
3. Compute the new disparity value D~+I by using the previously est imated 

disparity Dn. 
4. Iterate steps 2. and 3. until a global maximum along the scale is found or a 

maximum number of iterations is reached. 
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4 E x p e r i m e n t a l  R e s u l t s  o n  S y n t h e t i c  a n d  R e a l  I m a g e s  

The adaptive matching algorithm using function Cr  is applied on two synthetic 
and real images and is compared to the standard stereo approach. 

As synthetic stereo pairs a pyramid and a sphere on a flat ground are used 
in each case with texture added onto the surface. The disparity values for these 
synthetic sets of stereo pairs are known to compare the absolute accuracy of 
the matching method. For each test the accuracy is compared to the results 

(a) with C, w = 3 (b) with C, w = 15 (c) with C r  

Fig.  3. Pyramid on a plane ground with a natural  texture added onto the surface: 
(a)(b) disparity maps computed with the standard stereo method using fixed 
window sizes w = 3 and w = 15 and (c) with the adaptive approach. 

computed with the standard matching method using the MSE 3. Fig. 3 shows the 
results for the pyramid. The true disparity range for the pyramid is 15 to 28 and 
for the sphere 15 to 22 pixels. These stereo pairs are tested first with the standard 
stereo method using fixed window sizes w -- 3, w -- 7 and w -- 15 and then with 
the adaptive matching method using the function Cr  (Fig. 3). For flat surfaces a 
large search window obtains good results, whereas on depth edges the disparity 
values are blurred. The disparity values along depth edges are more accurate 
using small search windows, but the disparity over the complete image is very 
noisy. The adaptive approach obtains good results both on depth discontinuities 
and on flat surfaces. Table 1 illustrates the M S E ( C ( w  C {3, 7, 15}) - ideal) and 
the M S E ( C r  - ideal). The adaptive matching method has the smallest MSE. 

M S E  
Pyramid  
Sphere 

M S E ( C ( ~  = 3)  -- i a ~ )  M S E ( C ( ~  = 7) -- i a ~ l )  M S E ( C ( ~  = 15)  -- i a , . l )  M S E ( C  r -- ~ d ~ t )  

280 203 266 50 
320 280 303 65 

Tab l e  1. Difference between true disparity and the computed disparity. 

This approach reduces two types of errors, 
- large random errors all over the image caused by a small search window and 
- systematic errors along depth discontinuities which occur when using large 

search windows. 

Archaeological fragments are used as real objects [9, 7]. The experimental 
setup consists of two 8Bit-CCD cameras with a resolution of 768 × 568 pixels and 

3 The notation MSE(<  method > (< w >) - ideal) is used for the comparison 
between the ideal and the computed disparity maps. The MSE is only computed for 
the region which is visible in both stereo images. 
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$1Nm 
(a) left image (c) with Cr  

I$ 
(d) right image 

(b) with C, w = 3 

m 
(e) with C, w = 15 (f) 3D model 

Fig. 4. Archaeological fragment 1: (a) and (d) stereo pair, (b)(e) disparity maps 
computed with the standard method using fixed window sizes w = 3 and w = 15 
and (c) with the adaptive approach and (f) 3D model of the object. 

a 133-Pentium running OS Linux. We tested about twenty different fragments, 
each of them with different orientation parameters and under varying lighting 
conditions. The stereo pairs of two different fragments are depicted in Figs. 4 
and Figs. 5 (a) and (d). 

The curved surface of both fragments is recovered. The objects have a smooth 
surface without any false matches and the edge of the fragments is also recovered. 
For comparison the disparity values computed with the standard method using 
fixed window sizes are shown in Figs. 4 (b),(e) and Figs. 5 (b),(e). A small win- 
dow size produces several mismatches on the surface of both fragments whereas 
large search windows smooth the disparity values. Together with both gray-level 
and disparity information three-dimensional models of the objects with the tex- 
ture added on the surface can be created(Figs. 4 (f) and 5 (f)). 

5 S u m m a r y  

In this paper a new method detects the optimal scale to determine the corre- 
sponding region for each location in a given stereo pair. A correlation scale-space 
defines the scale in a continuous way. For each region in the stereo pair, depend- 
ing on the gray-level and disparity information, the size of the search window 
can be changed adaptively in a continuous way by changing the scale parameter 
t of the correlation scale-space. Furthermore the shape of the search window 
has changed from rectangular to circular. Experience demonstrates that tilted 
regions with varying disparity values need a small scale, whereas flat regions 
with low gray-level variations favor a larger scale which produces a distinct 
maximum. The global scale-space maximum for a certain region, which maxi- 
mizes the correlation value is defined as the optimal size of the search window. 
The adaptive matching strategy combines the benefits of small and large scales 
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(a) left image 

(d) right image 

N 
(b) with C, w = 3 

(e) with C, w = 15 

(c) with Cr 

(f) 3D model 

Fig.  5. Archaeological fragment 2: (a) and (d) stereo pair (b)(e) disparity maps 
computed with the standard method using fixed window sizes w = 3 and w -- 15 
and (c) with the adaptive approach and (f) 3D model of the object. 

which is demonstrated by experiments with synthetic data  and archaeological 
fragments. 
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