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Abstract

Usually, the stereo correspondence for a feature
point in the first image is obtained by searching in
a predefined region of the second image, based on
the epipolar line and the maximum disparity. The
reduction of the search space can increase the
performance of the matching process, in the co -
text of the execution time and the accuracy. For
the edge-based stereo correspondence, we obtain
the noticeable reduction in the search space. Con-
sidering the maximum of the disparity gradient in
the real scene, we formulated the relation between
the maximum search space in the second images
with respect to the relative displacement of the
continuous edges (as the feature points) in the
successive scan lines of the first images. Then we
developed some very fast stereo matching algo-
rithms, based on the normalized cross correlation
criteria (NCC) for different sizes of the matching
block.

1 Introduction

Stereo vision refers to the ability to infer informa-
tion on the 3D structures and the distances of a
scene from at least two images (left and right),
taken from different viewpoints. A stereo system
must solve two essential problems: correspon-
dence and reconstruction [1]. The correspondence
consists of determining which item in the left
image corresponds to which item in the right
image. Feature points or matching primitives are
selected so those unambiguous matches could be
resulted [2]. The edges are very general in stereo
correspondence as feature points [3].
Generally, to find the correspondence of each
feature point in one image, the whole of the other
image must be examined as the search region. The
reduction of the search region can reduce the

complexity of matching and increase the accuracy.
Most stereo matching algorithms narrow down the
number of possible matches for each feature by
enforcing suitable constraints on the feasible
matches and proper matching strategies.
The epipolar constraints reduce the search region
from the whole of the second image (two-
dimensional space) to the one-dimensional
(epipolar) line [1]. Moreover, disparity limit nar-
rows down the one-dimensional search from the
full search to the restricted space [4]. In some
special case, ordering constraint can also reduce
the search region [5].
In addition to the constraints and consistency
checks, several control strategies have been pro-
posed by many to further reduce the search region
and the ambiguity, and to enhance stereo matching
performances. In coarse to fine strategy, informa-
tion obtained at a coarse scale is used to guide and
limit the search for the matching of finer scale
primitives or feature points. In this approach, the
initial matching begins at a coarse scale where the
feature density is low due to the scale change. This
reduction in feature density reduces the search
space, which in turn makes the matching easier
and faster, but not necessarily more accurate,
because the localization at coarse scale is less
accurate [6].
In hierarchical and structural stereo approaches,
semantically rich primitive representations like
regions, lines and edge segments are derived from
an image and matched. Relational properties are
used in addition to the spectral properties in the
structural methods to reduce the search space and
to disambiguate the stereo matching [2]. In hiera -
chical systems, the matching takes place between
more than one level of image descriptions. In these
methods, the reduction in feature density and so in
search space is achieved via an abstraction of the
higher level structures without a scale change [5].
Non of these constraints and strategies use the
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disparity gradient limit in the real scene to reduce
the search region. In next sections, we use this
limit to reduce the search space in the edge based
stereo. Then we will develope some fast edge
based stereo matching algorithms based on no -
malized cross correlation for differnet size of the
matching block.

2 Search Space and Disparity Gradi-
ent Limit

Some feature based stereo algorithms often use the
relation between the disparity of a pair of matches
for different image features in deciding which
matches are valid[5]. Disparity gradient which is
defined for two points is used to do that[2]. Bult
and Julesz[7] provided evidence supporting the
claim that, for binocular fusion of random dot
stereograms by the human visual system, the
disparity gradient must not exceed the unity. Pol-
lard, Pollard, Mayhew and Frisby[8] suggested
that for most natural scene surfaces, including
jagged one, the disparity gradient between correct
matches is usually less than unity (<1). For dis-
carding ambiguity in the correspondence problem,
they impose a disparity gradient limiting constraint
among the candidate matches. Pollard et al.[9]
pointed out the intrinsic relationship between the
disparity gradient, surface orientation, and the
depth in 3D scenes. Li and Hu[10] used the dis-
parity gradient as the basis for the unified coop-
erative stereo matching. They selected some fami-
lies of neighborhood support functions based on
the disparity gradient.

2.1 Disparity Gradient Definition
Fig 1 shows the cameras geometry for stereo
vision where the cameras optical axes are parallel
to each other and perpendicular to the baseline
connecting the two cameras L and R. For a point
P(X,Y,Z) in 3D scene, its projections onto the left
image and the right image are pl(xl,yl) and pr(xr,yr).
Because of this simple camera geometry,

rl yy = and the disparity d is inversely propo -
tional to the depth Z:

Zbfxxd rl /=−= (1)

Where f is the focal length of the camera lens and
b is the separation of two cameras or baseline.

Given two points P1(X1,Y1,Z1) and P2(X2,Y2,Z2),
their disparity gradient dδ can be defined as the
difference in disparities divided by the cyclopean
separation, where cyclopean separation is the
average distance between (pl

1,p
l
2) and (pr

1,p
r
2).

Suppose a virtual camera is placed in the middle of
the cameras L and R, i.e., at position of the origin.
Therefore, we have:
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With these definitions, we can define dδ as:
cc ppdd 1212d −−= /δ (3)

Where ||.|| denotes the vector norm. Note that from
its definition, δd is always a nonnegative number.

 
Figure 1. Defining disparity gradient in the stereo
system with parallel cameras
The value of δd can be used to define various
stereo-matching constraints, which are explained
in subsection 1.1. A brief summary follows [10]:
δd >2- Violation of non-reversal order constraint.
δd =2- Violation of uniqueness constraint.
δd <1.1 or 1.2- Disparity gradient limit.
δd <<1- Figural continuity constraint.

2.2 Relation Between δd and Search Region
Now, we can formulate the relation between δd
and the search space in stereo correspondence. If
we substitute the relation (2) into equation (3), we
have:
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We can define ∆xl and ∆xr as the difference be-
tween position of 2p and 1p in the left and right
images. In the other hand, we have:

rr
r

ll
l

xxx

xxx

12

12

−=∆

−=∆  (5)

So δd can be changed to:
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Suppose we want to match the continuous non-
horizontal edges in successive scan lines; in this
case, we have ∆yl = ∆yr =1, so we have:
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In a typical stereo system like human vision, the
reasonable limit of disparity gradient is about 1.1
or 1.2 [10], So we assume that δd<1.2. By subst -
tuting in equation (7), we can solve the resulting
non-equality of (8):

0441722640640 22 ≤−∆∆−∆+∆ .... rlrl xxxx (8)

Suppose the feature points in the left image are
continuous non-horizontal edges in subsequent
scan lines. If we know the value of ∆xl  in the left
image, we can restrict ∆xr  in the right image. Five
cases are investigated: ∆xl = 0, ∆xl = ±1 and ∆xl

=±2. For example in case of ∆xl = 0 we have, -
1.5≤∆xr≤+1.5. This means that for two continuous
edge points in the subsequent scan line of the left
image that their position is the same in x direction,
by context of δd <1.2, the maximum allowable
range of ∆xr will be 1.5 pixels in the right image.
Table (1) shows the relationship between ∆xl and
∆xr for the above five cases. Since the unit of
pixels can not have fractional part, so we rounded
∆xr and then we have extended the range of δd.

Third column of the table (1) shows the extended
value of dδ in both negative and positive limits.
In all cases, the condition of δd <1.2 is met and
even in some cases (negative limit for ∆xl = -1 and
positive limit for ∆xl = +1), the maximum allow-
able range of δd for non-reversal reorder constraint
is achieved. In the next section, we propose some
fast area-based algorithms based on this restriction
in the search region. However, emphasis is not on
the algorithms themselves, but on the effect of
reduction the search region, resulting in lower
execution time.

Table 1. The relation between∆xl , ∆xr and
extended range of dδ

Value
of ∆xl

Rounded range of ∆xr Extended
range of δd

-2 {-9,-8,-7,-6,-5,-4,-3,-
2,-1,0}

-1.41< δd
<+1.25

-1 {-5,-4,-3,-2,-1,0,1} -2< δd
<+1.26

0 {-2,-1,0,+1,+2} -1.41< δd
+1.41

+1 {-1,0,1,2,3,4,5} -1.26< δd
<+2

+2 {0,1,2,3,4,5,6,7,8,9} -1.25< δd
<+1.41

3  Fast Edge Based Stereo Matching

In the calibrated stereo system with parallel optical
axes, the area based or the feature based corre-
spondence consist of two stages: feature point (or
primitives) extraction and stereo matching [1].
Most of fast stereo algorithms use low-level
primitives like edges, those that do not require
sophisticated semantic analysis in their extraction.
Matching the horizontal edges in the stereo system
with parallel optical axes is a problem [11], so
some authors used non-horizontal edges as feature
points [12]. In a correlation based framework,
stereo matching for a pixel in a reference image
(left) is obtained by searching in a predefined
region of the second image (right). Most currently
used fast stereo methods belong to the category of
linear correlation methods, which include those
based on sum of squared differences (SSD) and
normalized cross correlation (NCC). In the stereo
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system that the left and the right cameras are
different, NCC is preferable since it is invariant to
linear brightness and contrast variations between
the perfect matching windows. The value of NCC
is between -1 and +1, and a larger value indicates
more similarity between windows [13]. The win-
dow size in the correlation-based methods is very
important. As the window size decreases, the
discriminatory power of window based criterion is
decreased and some local maximum in NCC could
have been found in search region. Moreover,
continually increasing the window size causes the
performance to degrade because of occlusion
regions and smoothing of disparity values across
depth boundaries [13].
We showed that the search region could be re-
duced via considering the maximum value of
disparity gradient. If the disparity search range
could be automatically reduced to an effective
range (about 10 pixels) then several local max -
mum in NCC would stay out of the selection
process and therefore, the disparities found would
be correct, even if the size of the matching block is
small [14]. Therefore, we can use NCC with win-
dow size of even 3*3 or 5*5 in restricted search
region. Therefore, in the matching stage of con-
nected non-horizontal edges, our algorithms have
two phases for each connected edge.
Phase one: At the first point of the connected
edges, we use the search region based on maxi-
mum value of disparity and NCC with window of
15*15.
Phase two: If we can find the correspondence of
that point in the second image, we use the r -
stricted search region based on table 1, and NCC
with small size of window for other connected
edge points. If we can not find the correspondence,
the algorithm finds the first point of the next con-
nected edge and then goes to phase one.
Here, we propose four algorithms. In the first one,
we did not reduce the window size of NCC in
phase two (we use 15*15). We called it DGRSS. It
means Disparity Gradient based Restricted Search
region and NCC with Sufficient size (15*15 in our
implementation). In the second one called DGRS3,
the window size of NCC in phase two was 3*3. In
the third one, the window size of NCC in phase
two was 5*5, so we called it DGRS5. Finally in
the last one, the window size of NCC was selected
adaptively based on the value of ∆xl  (DGRSA).

Here the window size is 3*3 for ∆xl = 0, 5*5 for
|∆xl |= 1 and 7*7 for |∆xl |= 2. For comparing the
results of the execution time and accuracy, we
choose a popular method as reference. This area-
based method which is similar to ours, consists of
non-horizontal edge points as primitives. As a
similarity criterion, NCC with window size of
15*15 is selected and a search region is considered
based on the maximum value of disparity. We
implemented and tested the reference algorithm
and ours on the Renault stereo images [15]. These
images are 256*256 with 256 graylevels, and the
feature point extraction stage found 3755 non-
horizontal edges. For our algorithms, three value
of threshold on NCC criterion is tested (0.7, 0.8
and 0.9). In this test image, the maximum range of
the disparity was ±10 pixels. The last column in
table 1, is the speed up with respect to the refer-
ence algorithm. The results of the matching are
shown in table 2, which tabulates the number of
the matched points, the rejected points, the error
points and finally the speed up. The values in error
points and speed up columns are with respect to
the reference algorithm. Figure 2 shows the dis-
parity maps obtained by DGRSS and the reference
algorithm. There is no noticeable difference be-
tween these disparity maps.

4  Discussion

Our proposed methods have noticeable speed up
and acceptable error rate with respect to the refer-
ence algorithm. The threshold value on NCC, the
reduction of the search space and the lower size of
NCC are the parameters that affect the speed up
and the matching performances. In next subse -
tions, these parameters and their effects are inves-
tigated in detail.  

4.1 Threshold value on NCC
Increasing the value of the threshold on NCC
means that the corresponding templates have
higher similarity. In other words, increasing this
parameter decreases the matching probability and
then, the matched points and the error in matching
are also decreased. This fact is obvious from table
(2). In each of our proposed algorithms, increasing
this parameter has noticeable effect on decreasing
the speed up. For example in DGRS3, the speed up
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decreases to 50% when the threshold value is
changed from 0.7 to 0.9. For each set of the con-
nected non-horizontal edges in successive scan
lines, our proposed algorithms are implemented in
two different phases. The search space for the first
point of connected set in phase one, is sufficiently
large, based on the maximum disparity. But the
search space in phase two which is executed for
the other points of the connected non-horizontal
edges, is reduced based on the table (1). Then the

correspondence in phase two is obtained faster
than phase one. Increasing the value of the thresh-
old on NCC results in increasing the number of the
points that match in the phase one, and so in-
creases the execution time. The phase two of our
proposed algorithms is executed subsequently. It
means that n-th point, in a connected set of the
non-horizontal edges, could be matched in the
phase two if all of the previous points 2nd to (n-1)-
th are matched in this phase.

Table 2. The implementation results of our algorithms in Renault stereo image

Algorithm Threshold on
NCC

Matched points
(matching percentage)

Rejected
points (re-

ject percent-
age)

Error points
(error per-
centage)

Speed up

DGRSS 0.8 3706(98.7%) 49(1.4%) 19(0.5%) 2.8

0.7 3642(97.0%) 113(3.0%) 195(5.4%) 13.8

DGRS3 0.8 3551(94.6%) 204(5.4%) 129(3.6%) 10.2

0.9 3264(86.9%) 491(13.1%) 74(2.3%) 6

0.7 3640(96.9%) 115(3.1%) 50(1.4%) 10.6

DGRS5 0.8 3560(94.8%) 195(5.2%) 39(1.1%) 8.8

0.9 3284(87.5%) 471(12.5%) 18(0.6%) 5.5

0.7 3648(97.2%) 107(2.8%) 51(1.4%) 10.5

DGRSA 0.8 3581(95.4%) 174(4.6%) 38(1.1%) 8.6

0.9 3309(88.1%) 446(11.9%) 15(0.5%) 5.3

4.2 Reduction of the search space
In DGRSS algorithm, the reduced search space
based on the table (1) is used while the size of
NCC is selected the same as the reference alg -
rithm. So this algorithm can be used to investigate
the effect of the reducing the search space on the
speed up and on the matching performances,
independent from the reducing the size of NCC.
Considering the table (1), the rejection of DGRSS
is only 1.4% and the error in matching is only
0.5%. These mean that, this search strategy which
is using only the reduction of the search space, is
as powerful as the reference algorithm. Moreover,
DGRSS is executed 2.8 times faster than the refer-

ence algorithm.

4.3 Reduction of the size of NCC window
In the DGRS3, DGRS5, and DGRSA algorithms,
both the search space and the size of NCC are
reduced. Considering the threshold value of 0.8 on
NCC, the speed up of these algorithms are 10.2,
8.8 and 8.6 respectively. The window size of NCC
in DGRS3 is 3*3, which is the smallest size com-
pared with the other proposed algorithms. Then
measuring the similarity in DGRS3 is fast and of
course its accuracy is a little poor, so this algo-
rithm is executed very fast and of course has a
higher error percentage (5.4%) compared to the
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others (1.1%).
The only difference between DGRS5 and DGRSA
is in the case of ∆xl = ±2. The speed up for DGRS5
and for DGRSA is very close together (8.8 and 8.6
respectively), so the case of ∆xl = ±2 occurs rarely.
DGRSA has the highest percentage of the matched

points (95.4%) and the least percentage of the
error in the matching (38 points). However this
method has higher execution time than DGRS5,
but its performance is always better than those of
DGRS5 and DGRS3.

(a)     (b)

 (c)      (d)

Figure 1. Renault stereo image and the disparity map obtained by the reference algorithm and DGRSS.
a)The left image b)The right image c)The disparity map by the reference algorithm and d)The disparity
map by DGRSS. The disparity map was obtained only for the non-horizontal edges. The larger value of

the disparity is shown darker.

5. Conclusion

In this paper, we have presented the reduction of
the search region space in an edge based stereo

correspondence by using the context of the maxi-
mum disparity gradient. For the reduction of the
search region in an area-based stereo correspon-
dence, the continuous non-horizontal edges in the
successive scan lines of the first image have been
selected as the feature points. Considering the



429

maximum disparity gradient in the real scene, we
could formulate the relationship between the
search region in the second image and the relative
displacement of the feature points in the first
image. Then we have proposed four area-based
stereo matching algorithms based on this new
restriction and the NCC as the criterion similarity
measure. The reduction of the search region can
result in the reduction of the size of NCC window,
so both of the search space and the size of NCC
are reduced in our proposed algorithms. Then our
algorithms could be executed very fast. Regarding
the area-based algorithm with non-restricted
search region and NCC with the size of 15*15, our
algorithms have 2.8 to 13.8 times faster execution
times and the percentages of the errors in matching
are only between 0.5 to 5.4. From the point of
view of the speed up, DGRS3 is the fastest method
but has a higher error rate. If the matching per-
formance is more important with respect to the
speed up, DGRSS is the best. This method is faster
and more accurate. When both of the speed up and
performance are important, DGRSA would be
better. For reduction of the search region, our
strategy could be used not only in the area-based
methods, but also in the other stereo correspon-
dence approaches.
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