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Abstract

In this paper, we present a dense matching algorithm
which utilizes the corner and edge features of images to
increase the reliability and to speed up the process of
dense matching of two uncalibrated images. The major
problem of classical area-based dense matching algorithms
is the high computational time resulting from intensive
correlation calculations for match candidates. Although
some methods have attempted to integrate image feature
information in the dense matching of uncalibrated images,
most of these methods are not practical and are difficult
to implement. This paper aims at designing a hybrid
matching algorithm that preserves disparity continuity at
the object continuous surfaces while discontinuity at object
boundaries are treated differently in the matching process.
In particular, both CPU-time and likelyhood of mismatches
are reduced while the implementation is kept simple and
straightforward.
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1 Introduction

The problem of establishing correspondences of pixels and
other features across images represents a fundamental prob-
lem in computer vision. This is a very difficult task due to
several reasons, in particular, not every feature in one im-
age has a match in the other one. Although a large amount
of work has been carried out over the past two decades on
the matching problem [8, 3], dense matching remains un-
solved and viewed as the bottleneck for many applications,
such 3D reconstruction and view synthesis. Because stereo
matching is inherently complicated and noise sensitive, clas-
sical approaches either were limited to a sparse matching
or made additional assumptions. Sparse matching methods,
also called feature-based methods, extract some selected
features (e.g., corners, lines) in each image then attempt to
establish the matching[11, 9]. The main drawback of these
methods is the sparseness of the recovered information. On
the other hand, dense matching aims at matching each and

every pixel in one image with its correspondence pixelin(g
other image. Most of these methods are based on correlati
techniques[2] to evaluate region similarities. However, bé
cause correlations are calculated intensively in the matching
process, these methods are too slow. Constraints can be us
to reduce the search for a match in the other image. Th
most popular one is the epipolar constraint resulting fror
the calculation of the fundamental matrix [6, 4]. Althougl
this constraint reduces the search to one-dimension insteal
of two, the process is still very slow. The matching proces
can be made fast if two more constraints, the continuity ai
order constraints, can be enforced. In that case, the matching
will be done pixel by pixel on each epipolar line, where e
pixel’s disparity will be dependent on its previous neightot
reducing the search to a minimum. However, these two con:
straints are not always satisfied in stereo images. In pari
ular, the order might be violated with transparent(or over
lapping) objects and the continuity does not hold at objet
physical boundaries. The order constraint is less importa
since it does not have a significant effect on the CPU-timeof
the whole matching process. On the other hand, the conti
nuity constraint is far more important and, together withthe
epipolar constraint, is responsible for reducing most of th
CPU-time. The satisfaction of the continuity/discontinui
constraints was addressed by several researchers. In partiot:
lar, some recent energy-based methods[1, 10] solve the c
respondence problem as a minimization problem that pre:
serve discontinuities at object boundaries. However, the pro-
cess is iterative and is far from straightforward to implement
Furtrhermore, the CPU-time was not addressed as part ofthe
problem.

The method we present in this paper addresses the dense
matching problem in the case of uncalibrated stereo im:
ages. We make use of the calculated epipolar geometry and
the continuity constraints. The latter is used on homoge
neous region while it is relaxed at region boundaries. Unlike
energy-based methods, our method aims at decreasing CPUs
time while it remains simple and straightforwards. Image
are segmented into two sets of regions, the boundary regions
and the nonboundary regions. The continuity constrainti§
enforced for the latter and relaxed for the former. In add:
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fion, simple correlation is used as a similarity measurement.

! Dense matching algorithm

L1 A basic algorithm

Before designing the targeted version of our matching algo-
tithm, we started with a basic one which consists of three
sieps and can be summarized as follows. (1) Corners are ex-
racted from both images then matched using ZNCC! corre-
lation. Given a corner in the left image, the search for its cor-
tesponding corner in the right image was limited to a small
set of corners within the search window. Only matched cor-
ters with very high correlation values were kept to ensure
teliability. (2) This small set of matched comners is used to
calculate the epipolar geometry[7]. Although this first step
is crucial, its CPU-time was not significant, and can be ne-
glected, compared to the dense matching of the whole im-
age. (3) Finally, for each pixel in the left image we search
forits match over its corresponding epipolar line and within
some search window.

From our experiments and as predicted, this simple al-
gorithm had two major drawbacks: the matching was too
slow and there were too many mismatches. These two prob-
lems are indeed related. If the search area is reduced, then
both the cpu-time and the likelyhood for a mismatch will
be decreased. The search area can be reduced if each pixel
in the left image possesses a good guess for its disparity.
This disparity guess can simply be the disparity of the clos-
st matched corner since such interest points are more reli-
able in matching. However, the disparity guess based on im-
age interest points is not always a good guess. For instance,
given a pixel located on an object, the closest corner(interest
point) to this pixel may be actually located on a different
Object and therefore, it might have a very different depth in
the scene. The search region that will be guessed based on
this interest point’s disparity might not include the correct

A new hybrid algorithm

Because disparity guesses based only on interest points such
@ corners proved to be nonefficient, we have considered
jére using another important type of image features: the
edges. Edges have advantages over interest points since the
borders of objects in a scene generate edges in most cases.
The knowledge of the edge information allows us to locate
lhe area where possible sharp disparity changes may occur.
By segmenting the image into edge and non-edge areas, we
_-Tn apply different matching strategies over these two types
fareas for optimal results.

Zer0 Mean Normalized Cross Correlation
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A flow diagram of our approach is shown in Figure 1.
First, edges are extracted from the left image which is di-
vided into two sets of regions, edge and non-edge regions.
Then, we match all pixels belonging to the edge regions of
the left image to their corresponding pixels in the right im-
age without the continuity constraint. Finally, non-edge re-
gions are matched using another algorithm that enforces the
continuity constraint.

- Edge Detection —_ Mo Bdges

-

Match to right image
using the approach of

Match to right image
using the approach of
interest points combining all constraints

Matching result Matching result
of edges of non-edges

Interpolation = Interpolation
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Figure 1: The flow diagram of our hybrid approach.

2.2.1 Matching Edge Area

We have extracted edges from our images using Deriche’s
edge detector [5], downloaded from the INRIA web site.
Because the edge detection process might miss some edge
points, we have postprocessed the obtained edges by a sim-
ple thickening process. This will ensure that at least all
boundary pixels, even the ones missed by the edge detector,
are included. It is safer to label a non-edge pixel as an edge
pixel than the other way around. Figure 2 shows a test im-
age, the output of Deriche’s edge detector and, the thickened
edge area we extracted from the image. Note that the CPU-
time overhead for edge detection is negligible compared to



the amount of CPU-time for the whole matching process.

Figure 2: An image, extracted edges and, thickened edge
areas.

Because edges might represent physical boundaries,
their disparity might vary in a considerable and abrupt way.
Therefore, each edge pixel from the left image is matched
to its corresponding pixel in the right image by an exhaus-
tive search over an epipolar line and within an interval. One
has to note that edge pixels are much richer in texture than
other image pixels and therefore, their matching is more re-
liable. In particular, mismatches are very unlikely for edge
pixels when epipolar geometry is used. Furthermore, the
CPU-time is kept low since the edge pixels represent only
a fraction of the whole image pixels. Figure 3 shows the
matched edge regions that we have obtained(what is shown
is the right image).

Figure 3: Matching result of the edge regions.

2.2.2 Matching Non-edge Area

The non-edge regions are the remainder of the image, ob-
tained by subtracting edge regions from the original image.
To match non-edge regions in the left image, we first need to
introduce the term of non-edge segment. Since the matching
is carried out along epipolar lines, we define a non-edge seg-
ment as a sequence of non-edge pixels on an epipolar line,
delimited by two edge areas. As shown on Figure 4, white
areas represent the edge regions and gray areas the non-edge
regions. Consider the points A, B, C, D, E and G along
an epipolar line that crosses the whole image. One can note

that we have three non-edge segments; namely the segments
AB, CD and, EG.

Figure 4: Non-edge segments : definition

Since every pixel from non-edge regions belongs toa:
certain non-edge segment, the matching of non-edge regions
of the image can be viewed as the matching of all non-edge
segments on all the epipolar lines. Obviously the matchesof
the pixels of a non-edge segment must lie on the same cor
responding epipolar line in the other image. Furthermore,
since non-edge regions consist of smooth surfaces without
abrupt disparity changes, we can enforce all the following
constraints: order, continuity and uniqueness. As a const-
quence, the search area for the matching is drastically ¢
duced. In addition, the likelihood of a mismatch becomw
extremely small.

2.2.3 Enforcing All Constraints

Consider the matching process of a non-edge segment L of
the left image to its corresponding pixels in the right image.
Let L[N] be an array of pixels denoting the IV pixels of seg

L[i] +— RJ[j]

where we refer to L[i] as the reference point, its match Rlj}
the reference match, and (L[i], R[j]) the reference pair.
We have the following

L{i +1] «— R[j +1].

The above says that the reference point’s right immediate
neighbor on the epipolar line matches the immediate nelgh:
bor right of the reference match, while ignoring the scaling
that occurs in an image.

As the order constraint states, the order of matching §
preserved along the epipolar line, which means that a ‘
p located right of the reference point must be matched tod
pixel located right of the reference match. Moreover, since
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e are matching non-edge regions, where disparity varies
smoothly, the disparity of p is almost the same as the dispar-
ity of the reference point. Therefore, the match of p should
be a neighbor of the reference match on the same side.

However, considering scale changes of the image, we
ieed to add a margin d , so that the matching relationship
becomes:

: Lii+1] «— R[j +1 +d],

Whered € 0,1, ...%.

. This d represents a small neighborhood around the ref-
ience match. We choose k£ = 3 which means that the refer-
ence point’s immediate neighbor should fall into the region
ofless than 3 pixel on the same side of the reference match.
This is a threshold that depends on how much the second
image has stretched or shrunk with respect to the first one.
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gure 5: Using the epipolar, continuity and order con-
straints to match non-edge segments.

As shown in Figure 5, if pixels ¢ and j represent a ref-
gtence pair, then the candidate match of pixel i + 1 must
e around the right neighborhood of j lying of the epipolar
liné. Using our threshold & = 3, the match of 7 + 1 belongs
othe three-element set {j + 1, j + 2, j + 3}.

- Now, we can apply this method to the n’th neighbor of
lhe reference point within the same non-edge segment as
ollows:
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Given a pair of matched pixels
L[i] +— Rl[j],
we have
Lli+n] «— R[j +n +d],

where L[i + n], L[i] € the same non-edge segment.

Since the sharp disparity changes only occur at edges
and by definition a non-edge segment has no edge pixels, we
can conclude that the disparity within a non-edge segment
respects the continuity constraint. Therefore, the disparity
of the reference pair provides an accurate base for matching
other pixels on the same segment. To match a certain pixel,
the search area can be located by the disparity of reference
pair plus its offset from the reference point. The search area
for a candidate match is now restricted to a range of very few
pixels (three if we set & = 3). Within this limited area, we
can then simply choose the local maxima of the correlation
function to select the best match. On Figure 5, the search
area for point p is obtained by adding the offset n to the
reference disparity d. The size of search area is equal to k.

2.2.4 Selecting Reference Pair

The accuracy of the disparity for the reference pair is crit-
ical to the matching of the other pixels on the same non-
edge segment. Since the search area for a candidate match
is limited to a very small number of pixels, the result will
be greatly effected by the location of this small area. This
location is based on the disparity value of the reference pair.
Therefore, we need to adopt a reliable strategy to secure the
accuracy of the reference pair.

A confidence measure and a threshold are used for this
purpose. This confidence measure is based on the neigh-
borhood of the candidate reference match. That is, if we
can have a certain number of good matches successively,
the last one of these matches is selected as a reference pair.
The measure of a good match is the threshold value of the
correlation score.

The selection of a reference pair is required in two sit-
uations. First at the beginning of each non-edge segment
because a reference pair should be determined for match-
ing the following other pixels. However, the reference pair
needs to be refreshed to avoid accumulated misalignments.
The smoothly changing disparity could be accumulated over
a certain range and may cause the search area to be drifted
away from the correct match. Therefore, over a wide non-
edge segment, we do not use the same reference pair. In-
stead, a new reference pair is established each time the ref-
erence pixel becomes far away from the current pixel to be
matched. This distance represents another threshold that we
can use to avoid the drifting phenomena. An example is
shown in Figure 4. The initial reference point for the non-
edge segment EG is E. However, because EG is too long,



we introduced another reference point F'. Although F' is not
the beginning of the non-edge segment, it is used to refresh
the reference disparity.

3 Experimental Results

Castle scene.

Head scene.

Tree scene

Meter scene

Figure 6: The four test image pairs we have used.

The results of any matching algorithm will be difficult to
evaluate in the absence of ground truth. This is always the
case when real images are used. In these experiments we
have chosen to show the results by re-constructing the right
image using the left image pixels, the calculated disparities
and the image grey level values. Although this might not be
the best way to demonstrate the accuracy of the matching, it
is a good way to show the visual correctness of the matching

results. In particular, should the calculated matching cor
tain a lot of mismatches, the re-constructed image will 0
look coherent. Therefore, our results are demonstrated by
displaying the re-constructed right image. In addition,
have added an interpolation step to fill-up the gaps for ik
sual purposes only. These gaps resulted from nonmatched
pixels because of their low correlation scores or, because
other reasons. The interpolation process we have used Wi
a very simple one. When a pixel in the re-constructed imag
does not have a match(such a pixel represents a hole) whil
its immediate neighbors have matches, its grey-level valie
is interpolated from these immediate neighbors(at least tii0
immediate neighbors are required). This simple interpoli
tion process is repeated a few times until no such pixels i
main. Therefore, the results of our matching algorithm
shown with two images. The re-constructed right image an
its enhanced version after the interpolation process. '

In these experiments, we have tested our method onfou
pairs of real images shown on Figure 6. The edges gir
erated from Deriche’s edge detector where thickened will
three pixels to obtain our edge regions. The results are su:
marized in Figures 7, 8, 9 and 10. These results are verf
good compared to the results(not shown in this paper) fron
the basic algorithm we have described in Paragraph 2.1 Ii
particular, the visual correctness is of excellent quality, ¢
pecially after interpolation. We have shown the differei
results with different correlation window size to see hoy
the quality evolves. Although we cannot draw any serioi
conclusion, using a small size correlation window is enougl
when interpolation is carried out. Table (1) compares tie
CPU-time for the different images and for the different cor
relation window sizes. One can note that the interpolation
overhead is very small and that the correlation window siz
has a major effect on the CPU-time. In addition, the ZNCC
correlation function, we have used, is one of the most CPU:
time expensive but it has numerous advantages over offif
much simpler correlation functions. The CPU-time pio-
vided in Table (1) was obtained with a low-end sun works{a
tion. This time can be reduced by two third if the program
are run on a recent Pentium machine. For instance, the CPU:
time would be only three seconds for the meter sceme whel
the correlation window size is 5 X 5.

4 Conclusion

In this paper, we proposed a fast algorithm for dense mach:
ing of uncalibrated images. The algorithm utilizes imag
edge features to increase reliability and to speed-up process
ing time. Because edges in an image reveal a lot of inform
tion on the image structure and indicate locations of possible
abrupt disparity changes, they have allowed us fo segmental
image into two sets of regions: edge regions and non-edg

regions. Thus, two different approaches for matching wet
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indow 5 X 5

indow 7 x 7

indow 7 x 7

correlation window 11 x 11

L el o S correlation window 15 x 15

gure 7: Matching results using hybrid approach for Castle

: : . - : b for H
eene; without and with interpolation. Figure 8: Matching results using hybrid approach for Head

scene; without and with interpolation.
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indow 5 X 5 correlation window 5 X 5

indow 7 x 7 correlation window 7 x 7

correlation window 11 x 11

correlation window 15 x 15 correlation window 15 x 15 {

Figure 9: Matching results using hybrid approach for Tree  Figure 10: Matching results using hybrid approach forl
scene; without and with interpolation. ter scene; without and with interpolation.
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Castle scene (image size 576 x 384)

correlation window size

O9xH TxT7 11x11 15x15
no interpolation | 53s 77s 113s 171s
interpolation 54s 78s 114s 172s

Head scene (image size 384 x 288)

correlation window size

99X S T X o Alx 1l 15 315
no interpolation | 27s 41s 72s 119s
interpolation 27s 41s 73s 120s

Tree scene (image size 256 x 233)

correlation window size

5xH T7Tx7 11x11 15x15
|| no interpolation | 12s 21s 46s 77s
interpolation 12s 21s 47s 78s

‘ Meter scene (image size 256 x 240)

correlation window size

9x5 Tx7 11x11 15x15
‘| no interpolation | 9s 14s 28s 44s
interpolation 9s 14s 29s 45s

| Table 1: CPU-time, in seconds, for all four examples.

used for these two different sets of regions. The edge regions
iere matched using correlations and the epipolar constraint
only. This has proven to be sufficient to obtain very reliable
matching results on the edge regions because these regions
e very rich in texture. Furthermore, edge regions do not
Iepresent most of the image pixels and therefore, do not in-
folve a lot of processing time. On the other hand, for the
fest of the image that is made up of non-edge regions, the
natching approach used correlations together with all the
¢¢ constraints; the epipolar, continuity and, order con-
raints. Enforcing all these constraints on non-edge regions
llowed us to achieve at least two goals. First, the likelihood
famismatch to happen was drastically reduced because the
earch for a match in the other image was reduced to a few
els(three in our case). Second, the processing time for
e search was reduced as well since the correlation scores
jere calculated on three pixels only, resulting in a fast dense
natching process. Furthermore, the algorithm was kept sim-
ple and straightforward to implement.
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