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Abstract this constraint to find the disparity of feature points in two
images, exploiting the fact that nearby feature points should
We present a conceptually simple algorithm for dense imaggive similar disparity values. The probability of the cor-
point matching between two colour images. The algorithrrect disparity values is then estimated through an iterative
is based on the assumption that the topology only changgasiaxation labeling technique. The basic ideas in [11] are
slightly between the two images. Following this assumptioguite similar to our fundamental matching strategy. How-
we use an iterative fuzzy inference process to find the likebver, their algorithm only applies to feature points and the
est image point matches. Advantages of this algorithm aegtual implementation of the constraints is quite different to
that it is fundamentally parallel, it does not need any exacburs.
geometric information about the cameras and it can also Another approach to dense matching is to assume that
give image point matches within homogeneous areas of thgere is an affine transformation between the two images
two images. [12]. Finding the appropriate affine transformation is then
a least squares problem. A drawback of this approach is that
the parameter search space might be quite big. Furthermore,
the approximation of what is really a projective transforma-

Image point matching is important for many aspects Ogg?e(t:)é an affine transformation, may fail for close range

Computer Vision. Most notably for stereo vision and op- i , .
In this paper we present an algorithm which attempts to

tical flow [1]. There are a number of strategies to reduce : . . . ;
r{natch two colour images pixel by pixel. To achieve this we

the complexity of the problem in the case of stereo vision. K litati . b h f
One is to simplify the task by extracting features in the tw('ake somejualitative assumptions about the geometry 0

images, which are then matched [2, 3]. An obvious dravJ—he camera system that took the images and thg 3D objects
back of this approach is, that only certain areas of the imag&e look at. We danot need to know the exact epipolar ge-
are matched. Of course, depending on the application, gRgnetry of the camera setup, though.
may be sufficient. However, feature based 3D reconstruc-
tion from a stereo image pair only gives us a sparse mod
of the 3D world. ? Theory

There are quite a number of algorithms which produc;)i

1 Introduction

; ; - e general task of matching two images taken from quite
dense disparity maps, given the geometry of the camera sys: : . : . .
partty maps, 9 g y ifferent view points of the same 3D object, is quite hard.

tem[4, 5, 6, 7]. Most of these algorithm make their decision o ; : :
ere we try to simplify this task by making certain assump-

locally without taking into account global constraints on th i bout th " d the 3D obiect look at
image point matches. Marr and Poggio [8, 9] were one of theP"s about the camera setup and the S objects we look at.

first to apply global constraints to dense disparity map algo- {
rithms. Their assumptions about stereo were uniqueness and
continuity of a disparity map. We apply similar constraints
directly to the images. An interesting paper in this contextis 2, The vertical axes of the two cameras are approximately
[10], where a scale-based connectedness on images is used gligned and the optical axes point to the same area in
for image segmentation. the 3D scene.

In [11] Barnard and Thompson present an algorithm
which also assumes a continuous disparity map. They use. There are no depth discontinuities in the 3D scene.

. The two cameras are separated more or less horizon-
tally by a small distance.



First of all note that these assumptions are only gual- tionsp, pup, via two functionss, ¢ : [0,1] x [0, 1] — [0, 1],
itative nature. That is, we do not need to know the exadhe so calleds-norm and¢-norm. That is,uaup(z) =
geometry of the camera setup. Assumption 3 is quite strict(pa(z), up(x)) andpanp := t(pa(z), ps(x)). The ac-
especially since there are typically quite a number of deptinal form of s and¢ depends on the application. The func-
discontinuities in 3D scenes. The effect of this assumptiations s, ¢ may for example be defined asax, min, respec-
will be discussed later on. tively. In this way,s represents the logical OR operator and
Assumptions 1 and 2 basically model the geometry ofthe logical AND operator. An appropriate choicesodnd
the human visual system. They ensure that the changestiis in fact quite important for our algorithm.
the two generated images are not too big, i.e. in the order of We will express the topological similarity between im-
a few pixels. Taking the three assumptions together gives ages A and B in the following way. As before, let
yet another bit of information. Let us denote the two giver{4; ;, B, ;) be an image point match. Then we say that pixel
images byA and B, respectively. A pixel at positiofw,y)  A;11,; has probabilityp, to match with pixelB, 5, proba-
in image A is denoted byA, , and similarly for imageB  bility p; to match withB,.; ,, probability p» to match with
by B,,,. Let(A; ;, By ) be a pixel match between imagesB,1,s+1 and probabilityps to match withB, 1 1.
A and B. Then it follows from the three assumptions that

pixel A;;1 ; should have a matchear B, in imageB, i-1, j+1 i jt+1 i+, j+1
and similarly for the other pixels adjacenty ;. That is, {2 21113
we basically assume that the topology of the two images is 3 f>SO f>SO r’SO 3
similar.

In order to use this information we have to be able to -
evaluate the similarity between two pixels. When using gray L L) Ll
images this is simply the difference between the gray values 2 2
of the pixels. However, gray images contain much less in- 170 5 ol 1
formation than colour images, which is why we chose to 3 3
use the latter. Evaluating the similarity of two colour pixels L— — —1
is not as straight forward as for gray pixels, though. The el A P
method we used is described later. For now let us assume — -
that we have a functiogt(4; ;, B,.s) which gives the simi- 3170 0 013
larity between pixelsi; ; and B, ;. v returns a value in the 112 21113 2711

rangel0, 1] C R, wherebyl denotes equality an@linequal-

!ty'. Calculatmgz/; for each p!xgl |n. Ima'ge@ Wlt.h all pixels Figure 1:Schematic representation of similarity distribution patch
in image B gives a set of similarity distributions. We de- w7 surrounded by neighbouring patches. Numbiers 2, 3 in-

fine Wi.4 = (A, ;, By.s), which can be regarded as a fourgey pixels on images that are candidates for matching corre-
dimensional, discrete fuzzy set. For edghy) the matrix  sponding pixel on imagd.

WY, is thus a 2 dimensional, discrete fuzzy set. Looking at

the similarity distributions in this way, we can start thinking

about applying fuzzy logic operators to these sets. Figure 1 shows the similarity distributions
Before we start describing the algorithm, we will give¥®J, wi+Li | for pixel B, and its adjacent pixels.

a very short introduction to fuzzy sets and fuzzy operatord.he indiced, 1, 2, 3 indicate the pixels on imagB that are

Fuzzy sets can be used to describe inexact or "fuzzy” infocandidates for matching the corresponding pixel on image

mation. With standard sets we can either say that an objectds For example, pixel;; ; has the similarity distribution

an element of this set or not. That is, for any subset X  ¥it!J shown at the center right of figure 1. Assuming

of some setX there exists a functiorf, : X — {0,1}, that the topologies of imaged4 and B are similar, pixel

which says for any elementc X whetherx € Aornot. If A, ; could match only with the pixels indexéd1, 2, 3 of

fa(z) = 1thenz € Aandif f4(z) = 0thenz ¢ A. The imageB, as shown in the figure. The indicésl, 2, 3 also

idea behind fuzzy sets is to definalagree of membership refer to the index of the probabilitiefp; } for each match.

by a value betweef and1. In order to model a fuzzy set ~ Furthermore, we will write?}” to denote the pixel with

on X, a membership functions : X — [0, 1]isintroduced indexk in ¥%J. The pixels indexed with give the main

which returns the degree of membership of any X to A.  topological direction. By this we mean that if imagds

In our algorithm we can interpret eadn+/ as a fuzzy set, andB were identical, the pixels along the main topological

where the degree of membership of a pikgl; to this setis direction would give the correct match.

given by w7, the discrete membership function. Now we can formulate the condition that a pixel match
Fuzzy setsA, B can also be combined U B and inter- has to satisfy, if it is a correct match. Note that this is a

sected4 N B. This is done through their membership funcfuzzy inference process, since we are working with fuzzy



sets. The AND () and OR {/) operators we will use in also be possible to match over homogeneous areas in im-

the following therefore refer to fuzzy logic operators. Inages, as long these areas are bounded by borders and we

principle they may be implemented with atynorm ands-  iterate long enough so that the whole structure is taken into

norm, respectively. account. Note that the transformation between two images
We evaluate the confidence that a point gaif ;, B, s) is found here by allowing the topology to change slightly on

is indeed an image point match, using the following expres pixel scale.

sion.
LA) (\k/ PEM) AL ® 3 implementation
wherek € {0, 1,2,3} and(u,v) € S, with Although the algorithm presented in the last section is quite
simple in principle, there are a number aspects we need to
S ={ (1,0),(1,1),(0,1),(-1,1), give some more thought to, in order to implement it. We
(—1,0), (=1, 1), (0, —1), (1, _1)}. need to give the exact form of the functiofisand ¢ and

choose appropriate ands-norms for the AND and OR op-
The inner OR operation of equation (1) goes over all inerations in equation (2). Furthermoge and® can become
dexed pixels for the particulabi+-i+v similarity distribu- quite large and evaluating them is computationally expen-
tion. The outer AND operation counts over all similaritySive. However, note that iterating equation (2) is emulating
distributions surrounding the central distribution. TheSet a feedback process. In principle this algorithm could be im-
S|mp|y defines the appropriate offset vectors. plemented as a |arge neural network which performs one it-

In words equation (1) says that the point pals ;, B;...) eratiqn in a single step. Nevertheless_, we implemented the
is an image point match if the pixels themselves are sin@lgorithm on a standard computer, which imposed a number
ilar AND pixel 4;,,; is similar to B, , OR B,;;, OR Of constraints.

Bri1.6+1 OR B,y 1, AND pixel A; (1 ;11 is similar to First of all we demanded in the last section tdaaind
B, s OR etc. ® are evaluated for each pixel in imageover all pixel in

‘The confidence value returned by equation (1) lies in th&age . This is clearly not feasible for large images. In
range[0, 1]. We could use this value directly or as the inpuprder to reduce the computational load we define a "source
to some decision functiog. To stay as general as possible patch” in imageA and a "target patch size” for image.
we will use the latter. Applying equation (1) for each pair offhen® and ¥ are evaluated for each pixel in the source
image points produces a new set of confidence values. ~ Patch of imaged over a target patch in image. However,

now we have the problem of where to place the target patch

. . iy in image B. This means we need to have an initial image

Oul=0¢ [ A (\/ (P ))] A W] (2)  pointmatch(A; ;, B,..). Then the target patch for pixel; ;

(u) is centered abouB, ,. In fact, (4, ;, B, ) does not need to

o be an exact match. We only have to demand that the correct
@7 gives a confidence measure that pi¥gl; corresponds  match forA, ; lies within the target patch centered 8 .
to pixel B,. ;. Qualitatively, this is the same as’, since  Still, we might run into problems if the correct match for
higher similarity between pixel colours also means highes, ; lies right at the border of the target patch. Note that by
likelihood that the pixels correspond to each other. Hencegorrect match” we mean the best match available. Due to
we could use equation (2) recursively by replacibgvith  noise on the images and the transformations present, there
. will typically not be anexactmatch.

Evaluating® enhances the confidence measure for those Finding the first approximate match is quite simple in the
pixel matches that have a high confidence themselves apglse of optical flow. We just choose the centers of images
whose neighbouring pixel matches also have high confi4 and B, since it is the same camera that took the two im-
dences. The confidence measure of matches where thisafes within a short time. We could also select a number of
not the case is reduced. The effect of iterating equation (8bints from which the algorithm is started simultaneously.
once is that also the match confidence information from twof course, there may be situations when this strategy fails.
pixels distance to every pixel is taken into account. For ex- The situation is more difficult for a stereo camera pair.
ample, after the first evaluation @f the confidence measure Here we would first need a method to adjust the cameras
of /L1 is based on¥;f*7 and other elements . After  yntil their optical axes cross near a point in the 3D scene.
iterating equation (2) once the confidence measur@j;gf Then we could again use the image centers of imagasd
is based o} "7, which in turn is based o@}*/. If we B as the approximate first match. Note that the concept of
keep on iterating, larger and larger structures have an inflattention will play an important role in such a method. If
ence on the matching of every pixel. Therefore, it shouldve had a sufficiently fast implementation of the algorithm



presented here, we could use it to adjust the geometry of thperation. That is, tha-operator can be something in be-
stereo camera system, until a proper match is found, usibgeen AND and OR. We found that for = 1 the itera-
the image centers as an approximate initial match. tion converged quickly to a good match, because spurious
For now we will assume that an approximate initial im-matches are eliminated quickly. However, sometimes cor-
age point match is given b§A; ;, B, ), say. Then we can rect matches are also eliminated prematurely, which makes
find U%J for the target patch centered d#. ;. However, the iteration unstable. This is because the algebraic product
if we center the target patch for pixdl;;, ; aboutB, s, as is a "strict” AND operator: it is enough if one of the ele-
well, its correct match may not lie within this target patchments is zero in order to make the whole result zero. Thus,
Therefore, we center the target patch for sofpe, ;+, on  if the confidence for a single pixel match goes to zero it
By 4., j+v, 1.€. On the pixel along the main topological direc-will propagate through the whole image and make all confi-
tion. This means, of course, that the correct match for sontkences zero. This is clearly not what we intended. Smaller
Aitu,j+v May lie outside the corresponding target patch, ifalues fori reduce this effect but also increase the number
the topology has deviated sufficiently from the main topoef iterations needed to obtain good matches.
logical direction. In effect, this constrains the size of the A better way to express the AND operation is through
source patch. the mean operation. That is, AND becomes an oper-
In the following we will denote the,'” iteration of®%.J  ation "between” OR and AND. Here we take the mean
by "®%1, whereby we definé®iJ = Wi, We can there- component-wise over all matrices. In this way, a single, or
fore write equation (2) as even a few, zero components do not make the result zero.
Using themean operation stabilizes the iteration process,
n i it noi although more iterations are needed to obtain a good match.
D@ = ‘b({ /\ (\/ (pr" @}, ))] A q)r’f@>’ However, this should also be somewhat desired, because we
(wo) & 3 want larger structures to have an influence on the matching
with n > 0. At each iteratio*®% is evaluated for éa)ch brocess. Nevertheless, for the outer AND opera_tion in equa-
L TS T tion (3) we use the algebraic product. This gives a good
pixel in the source patch over all pixel in the correspond-

: . . L compromise between speed and stability.
ing target patch. Performing the inner OR operation is then Another important choice is the form of the function

simply a component wise OR operation on the matrice, o far we have not found a completely satisfactonal-

nFHitu,j+v H i -
fb’“" i+17’jv}l1lth an apf?roprlgte offset. For e:(amp;e, Ithe rnE‘th_ough the following implementation works quite well. Let
trix " @] as no offset, since it was evaluated along t g@% be defined by 7

. . o I = ¢("®i7). Thep we use scales
main topological direction and the target patches are cen- i :
i+1,; each matrix*®,-, separately, such that the largest compo-

tered on the pixel along this direction. The matrik t of th tix b as Thi ling i b
has to be offset by one pixel to the right before ORing it witf €Nt of the matrix becom IS Scaling IS hecessary be-
ause we are using a single byte for each confidence value

n@it1 (see figure 1). In this way the inner OR operation of
L ( g ) 4 P ue to memory constraints. Furthermore, the confidence

equation (3) is performed for all pixel in the target patch i I tend 1o b I d I ith hit

one step. Because the target patches are of finite dimensio}ﬁ%,ue\fv_tinth_ 0 ecomel_sn?a er anl_ Z”tﬁ erwi eack| era-

offsetting a matrix introduces an additional row or column, 0" YVIth this renorma |jza lon applied through we make

We set this extra row or column to zero before performing""® that each matrix®,”, has at least one confident match.
his is also the disadvantage of using thjdbecause in real

the OR operation. This means that the pixels right at th D do h deoth di Ginuiti dth |
border of a target patch will not take into account as much. scenes we do have depth discontinuities and thus occlu-

information as the inner pixels. Note that before ORing thglona V\f{h'(;]h n turn r:u;a_ns_ that n(l)ft evelry _plxel n |mat@g]e
matrices we also multiply them component wise with th Fe iho g\llle a mt?]c m;r;a% ?CthUSIS]n ogculrsl,: te
probabilities{ ;. }. algorithm will give the next best match for the pixel. Future

We found that the inner OR operation is represente\gork will investigate how to incorporate occlusion into this

well by the max function. For the AND operation over alg(_)rrrl]thmlln abettertvvfat)r/]. lorithm left which we h i
the elements of we investigated a number of fuzzy op- ere1s one part ot tne algorithm 1€t which we have no

erators. Two different operators produced good results: ﬂrfiéscussed, yet.. This |s.th.e fprm of the functnﬁq Recall
A-operator and theean operation. The\-operator is a mix- that+) should give the' S|m|Iar|t'y of tWO, pixel. Th's may be
ture between the algebraic product and the algebraic sum.bﬁse_OI on any k|_nd of mfc_)rmat_lon, nOtJUSF their colours. We
is defined as restrictedh) to give the similarity of two pixels only based
on their colours, though. Of course, this poses the question
fa(a,b) == Xab]l+ (1 =) [a+b—ab], Xe[0,1]. (4 Which colour space to use and how to obtain a similarity
measure [13]. Since this is not essential to our algorithm,
If A =0, fi(a,b) gives the algebraic sum aefandb, which  we will use the simplest way to represent the colour of a
compares to an OR operation. Xf= 1, f\(a,b) gives the pixel, namely as a 3D-vector in an RGB-colour space. The

algebraic product of andb, which corresponds to an AND difference between two colours represented by colour vec-



tors¢; andce may then be calculated dg; — c»||. How-
ever, this means that black and white are more different from
each other than are black and red, say. Phenomenologically,
white should be regarded as as different from black, as red is
from black, though. For our purposes it would be desirable
that all pairs of colours black, white, red, green and blue, are
regarded as being equally dissimilar. This can be achieved
in the following way.

Let A = ¢; — ¢o, and denote the componentsAfby
(07,984, 0p) With 0,., 4, 8 € [0, 1]. Then we find the similar-
ity of colourse; ande; as follows.

Figure 3:Image of mug from a slightly different perspective.
Al
|A/ max(dr, dg, 0 )||”

Yler,e2) =1 — (5)
if (4] 75 cy. Fore; = e; we definel/J(Cl,Cg) =1.

To summarize, equation (3) takes the following form in
our implementation.

0L = [L 3 sup, (o0 )] « "0l (6)

(u,v)

and o
- i
e = 7
) Supr s (n(b:«:'zg) ( )
4 EXperimentS Figure 4:Reconstructed image of translation test.

.

Figure 2:Initial image of mug.

We present here three experiments with real images tc
show some aspects of the algorithm. Figures 2 and 3 sho
two images of a coffee mug taken from slightly different po-
sitions. These images of the mug were taken with a digital
camera with a resolution df024 x 768 pixels. This reso-
lution was reduced tB00 x 150 pixels in a post-processing
step. For the following test we used the center of the flower
at the top left as the starting point for the algorithm. The
source patch wasél x 41 pixels and the target pat¢hx 7 The {p} from equation (3) were set to the following
pixels. Note that the source and target patches do not neeslues: p; = 1 andpy = p2 = p3 = 0.9. That is, the
to be square. However, the target patch should have odthin topological direction was slightly preferred. The re-
dimensions. sultimages are shown afted iterations which took about 3

g’/?

Figure 5:Flow field of translation test.



minutes and 20 seconds. The computer used was a Pentium
[l with 233 MHz running Windows Me.

Figure 6:lmage of mug rotated clockwise by 10 degrees.
Figure 8:Reconstructed image of rotation test after 20 iterations.
y =N

o
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Figure 7:Reconstructed image of rotation test after 7 iterations. \\\
S ™
§§\ - S
The implementation of the algorithm was not optimized \:\E\Eé\\%l:\t\\:\;

for speed but for adaptability. In any event, real time ca- W&@W/
pability is most likely to be achieved by a hardware imple- \ =
mentation of the network structure that lies at the root of the
algorithm.

First we present a simple test which shows the behaviour Figure 9:Flow field of rotation test.
of the algorithm with ideal data. In this experiment we used
the image in figure 2 as both, source and targetimage. How-
ever, the initial image point match used was off by two pix-
els to the right and two pixels down. The reconstructed im-
age after 20 iterations is presented in figure 4 and the corre
sponding flow field in figure 5. Since the reconstruction and
flow field are drawn relative to the target pixel of the initial
image point match, we should expect the reconstruction td
be translated two pixels to the left and two pixels up, with a &
corresponding flow field. This is exactly what we find. Note |
that the correct flow is also found for homogeneous areas ir.
the image.

Figure 10:Comparison of reconstructed image with correspond-
ing flow field of rotation test.



Figure 12: Flow field of third test.

patch only obtain matching information from the inside of
the source patch. This makes their localization in the direc-
tion towards the inside of the source patch somewhat more
uncertain. Note that the arrows in the flow field point to the
pixel with the highest confidence in the target patch.

The next test of the algorithm is a bit harder. We take the
image from figure 2 as the source image, and a version of it
rotated clockwise by 10 degrees, as the target image. This is
shown in figure 6.

This test is harder because the rotation of the initial im-
age will have created pixels whose colour is an interpolation
between adjacent pixels. That is, pixels in the source image
will not necessarily have an exact colour match in the second
image. The image reconstructions after 7 and 20 iterations
are shown in figures 7 and 8, respectively. The correspond-
ing flow field after 20 iterations is shown in figure 9.

The results of this test show that the algorithm had some
more problems in finding the correct matches, especially to-
wards the border of the source patch. Nevertheless, most
pixels are still matches consistently, even in areas of nearly
homogeneous colour. Figure 7 shows very nicely how the
algorithm works. The confidence distributions in the target
patches converge more quickly to a single pixel match at
colour edges, whereas within homogeneous areas they are
more spread out. However, after some more iterations, the
border information "propagates” into these homogeneous
areas and produced sharp pixel matches.

Note that we do not restrain the algorithm to give unique
pixel matches. The algorithm is free to match two or more
pixels from the source image to the same pixel in the target
image. It may also match a source image pixel to many
pixels in the target image. Although this freedom is initially
desired, it can create problems, especially in the presence of
occlusion.

The black spots in the reconstructed image show pixels
which are not matched with any source pixel. Comparing
the areas where this happens with the corresponding areas in
the flow field shows that these black spots can appear where
the change of flow closer to the center of the image happens
faster than further on the outside. Figure 10 shows a com-

The reconstruction is done in the following way. Eachparison of black spots in the reconstructed image with the
target patch is multiplied with the colour of its corre-corresponding holes in the flow field. This effect is basically
sponding source pixel. All target patches are then addelilie to the discrete nature of the algorithm.
component-wise with the correct offsets using the algebraic The last test of the algorithm we present here uses figure
sum (see equation (4)). Therefore, if a number of differ2 as source image and figure 3 as target image. This time we
ent target patches predict that their corresponding sourbave two images taken at different times. This means that
pixel lies at the same target pixel, the colours of the differthere will be different noise on the images. Furthermore, due
ent source pixels will be added with the algebraic sum. Thi® the changed perspective, the colours will appear slightly
effect of this is that such a pixel will appear more white indifferent. For this last test we will use the sun at the top
the reconstruction. If you have a good reproduction of thisght of the mug. The starting match was inside the sun. If
paper and you take a close look at the pixels one pixel iyou look closely, you will see that figure 3 was taken from a
from the border of the image in figure 4, you will see thaposition slightly left of the position figure 2 was taken from.
these pixels are somewhat lighter. This is a border effect dhis means that the sun in figure 3 is slightly compressed
the algorithm. The pixels right at the border of the sourceompared to figure 2. The reconstructed image after 20 iter-



ations is shown in figure 11 and the corresponding flow field Although there are still a number of problems that need

in figure 12.

to be addressed, we believe that our algorithm shows some

The bright lines in the reconstructed image point to Conpro_mise to become a good estimator for stereo matching and
pression, since more than one pixel is reconstructed at tAgtcal flow.

same target image position. This can also be seen in the flow

field. Recall that the flow field is drawn relative to the tar-References

get pixel in the initial image point match. Therefore, in the
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5 Conclusions
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need to be constrained purely to colour information. Any
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used. This may, for example, be the gradient at a pixel, ¢11]

even structural information from the structure tensor.

Another positive feature of the algorithm is that it gives
image point matches in homogeneous areas, away frdA?l
colour edges. This works because a certain topology is as-
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Borders in an image therefore act like "anchors” that con-
strain the change of topology between the two images. In
effect, the algorithm matches borders and interpolates i3]

tween them. However, this is dormplicitly, following a

simple iterative procedure. The advantage here is, that not
too many heuristical elements enter the algorithm, like de-
ciding what should count as an edge and what should not.
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