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ABSTRACT

The rank transformis a non-parametric techniquewhich
has been recently proposed for the stereo matching prob-
lem. The motivation behind its application to the match-
ing problem isitsinvariance to certain types of image dis-
tortion and noise, as well asits amenability to real-timeim-
plementation. This paper derives an anaytic expression for
the process of matching using the rank transform, and then
goes on to derive one constraint which must be satisfied for
a correct match. This has been dubbed the rank order con-
straint or simply the rank constraint. Experimental work
has shown that this constraint is capable of resolving am-
biguous matches, thereby improving matching reliability.
This constraint was incorporated into a new agorithm for
matching using therank transform. Thismodified algorithm
resulted in anincreased proportionof correct matches, for all
test imagery used.

1. INTRODUCTION

A fundamental problem faced by stereo vision algorithms
isthat of determining correspondences between two images
which compriseastereo pair. One non-parametrictransform
which has recently been proposed for the stereo matching
problem is the rank transform[9]. The advantages of this
transform includeitsinvarianceto radiometric distortion[ 2],
and its amenability to fast hardware implementation.
Congtraints such as the left—right consistency criterion
and remova of localy anomalous disparities have been
widely used by matching al gorithmsin order to identify and
remove invalid matches 6, 7]. Although powerful, most of
these congtraints have little theoretical basis. In this paper,
we theoretically derive and test a new constraint for match-
ing using the rank transform. The process of matching us-
ing the rank transformisoutlinedin Section 2. Section 3 de-
rivesaconstraint which must be satisfied for acorrect match.
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Figure 1. Stereo pair to be matched. The left and right im-
ages are denoted s; (z, y) and s, (z, y) respectively.

As described in Section 4, this constraint was tested using
anumber of stereo pairs. Finaly, the main contributions of
thiswork are summarised in Section 5.

2. MATCHING USING THE RANK TRANSFORM

2.1. Image Representation

Asshown in Figure 1, theleft and right images which com-
prisethestereo pair are denoted s; («, y) and s, (x, y) respec-
tively. Assuming theimagesare epipolar[4], asimplemodel
for the relationship between corresponding image pointsis
given by [8]:

sp(x,y) = Asj(ax +d,y) + B+ N(z,y) Q)

where A and B are the contrast and brightness factors for
radiometric distortion, and N representsnoise. Theterms a
and d represent geometric distortion, and in particular, d is
the disparity difference we wish to find.

2.2. TheMatching Process

The matching process accepts an epipolar aigned stereo pair
as input, and produces a disparity map as output. Figure 2
illustrates the process. This section describes each step of
thisprocessin detail.
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Figure 2: The matching process using the rank transform.

2.2.1. TheRank Transform

The rank transformation process involves passing the rank
window over theimage, and at each point, countingthe num-
ber of pixelsintherank window whosevaueislessthanthe
centre pixel. The rank transform may be expressed as:

ry)=R- Y Uls(z+iy+j)—s(z,y)] (2
(£,5)EW

whereU[t] istheunit step function, R isthenumber of pixels
intherank window and (¢, j) € W indicatesthe neighbour-
hood of the rank window.

2.2.2. Computation of SAD Matching Metric

The Sum of AbsoluteDifferences (SAD) matching metric[1]
provides a measure of the similarity between pixel regions.
Givenatemplatewindow, centred onr, (z, y), the SAD met-
ric is computed for a series of candidate windows, centred
onr(x + k,y), where the test disparity & isvaried ininte-
ger incrementsfrom 0 t0 d,, 4. Thisseriesof SAD scoresis
referred to as a match function, and is computed as follows

g(k’)(x,y) = SAD(?“T(x,y),rl(x—l— k’y)) ©)
= Z lre(z +m,y+n) —ri(e+k+my+n)|
(m,n)eM

where (m, n) € M indicates summation of over the match
window. An example of a match function is shown in Fig-
ure 4(a).

2.2.3. Section of Minima

This involves selection of the disparity at which the match
function isa minimum, which is the disparity at which the
template and candidate windows are most similar. The se-
lection of the minimais expressed as

do(a,y) =k | [(Vp(p < k) 9(k) @5y < 9(P) (o))

AND (¥p (p > k) g(k)(2.y) < 9(0)(0,0))] “

The disparity values dy(z, y) together comprise a disparity
map. It isdesirablethat these disparity val ues correspond to
the d term in Equation (1), the true difference in location of
the pixel patternsin s;(z, y) and s, (z, ).

3. AMATCHING CONSTRAINT

This section formulates an analytic expression for the
match function and uses this to derive one possible con-
straint for acorrect match. Therank transformed images are
computed from Equation (2) as follows

r(zy)=R— > Ulsz+iy+3)—sizy)] (6
(t.7)eW

rr(:my):R— Z U[sr(x+i7y+j)—5r($7y)] (6)
(1,0)EW

Substituting Equations (5) and (6) intothe match function of
Equation (3) resultsin

IR ey = Y | > UD)-UD) O
(mn)eM |(i,j)eW
where
Di=si(e+k+m+iy+n+j) ®

—si(lz+k+m,y+n)
Dy =sp(x+m+i,y+n+j)—s-(x+my+n) (9

Theoptimum disparity isselected as thedisparity & at which
Equation (3) isaminimum. As shownin [3], differentiating
Equation (3) with respect to the test disparity, & resultsin

ALETEEY {59”( > U(Dl)—U(Dr))

(m,n)eM (i,5)EW
(> 6(Dl)(D,’))} (10)
(i,5)EW

where D} isgiven by

Di=si(x+k+m+i,y+n+j)

11
—s)(zx+k+my+n) (12)

Thefirst derivativewill be zeroif the sgn termiszero for al
(m,n,i,7). Sincethe only possible vaues for the function
Ulx] are 0 or 1, the conditions for the sgn term to be zero
are

UlDy]
UlD,]

0 or U[D]

=1
0 UD]=1 (12)

foral (m,n,4,
(12) yields

si(x+k+muy+n)>s(z+k+m+iy+n+j),
sr(e+myy+n)>s(e+m+i,y+n+j) (13)

J). Substituting Equations (8) and (9) into



Figure 3: Stereo pair of rockg[5].

Sl(x-|-k—|—m—|—i,y—|—n—|-j)281(1‘—1—]{7—1—771,3/-1-71),
sp(t+m+iy+n+j)>s(r+muy+n) (14)

Equations (13) and (14) together form one constraint for a
correct match. A more detailed derivation and analysis of
thisconstraint will beforthcomingin [3]. The constraint de-
pendsontherel ative ordering of pixelsinrank windowscen-
tred on every pixel of the template and candidate windows.
Consequently, it is referred to as the rank order constraint
or simply therank constraint.

4. TESTING AND RESULTS

In order to compute a measure of how well the rank con-
gtraint is satisfied, the pixel valuesin the template and can-
didate windowsare examined, and ascore incremented each
time the constraint is not satisfied. This measure score may
be computed for each test disparity, resulting in a constraint
evaluation function.

Initial tests were carried out using a contrived stereo
pair consi sting of two images displaced by aknown amount.
Since the image is matched with a displaced version of it-
salf, the true disparity, d is precisely known, and further-
more, there is no noise or radiometric or geometric distor-
tion,i.e, N(z,y) = 0,a = 1, A = land B = 0in
Equation (1). The constraint was always completely satis-
fied at the correct disparity, thus confirming the validity of
the constraint[3].

Figure4illustratesthe ability of therank constraint to re-
solve ambiguous matches. A match function and constraint
evaluation function, derived from the stereo pair of Figure3,
are shown. For a good match, the match function should
have a singledominant minima. However, Figure 4 hastwo
main minima, at disparitiesof 3 and 23, where 23 isin fact
the correct disparity. Unfortunately, the minima at a dispar-
ity of 3isdightly less than the one at 23, which would re-
sult in an incorrect disparity being returned. However, the
constraint evaluation function has one dominant minima at
adisparity of 23, and isthusableto be used for resolving the
ambiguous match. Notethat the constraint function does not
reach zero at the correct disparity, dueto the presence of rea
image distortions. Further testing has shown that the rank

congtraint is able to resolve a large number of cases of am-
biguousmatches, not only for the stereo pair of Figure 3, but
also for other test pairs used.

The rank constraint has been incorporated into the min-
ima sel ection stage of the matching algorithm of Section 2.
Selection of the minima proceeds as follows

for each minima of the match function
compute the constraint score
select the minima with the optimum constraint score

The modified a gorithm was implemented and tested using a
number of test stereo pairs. After matching was carried out,
some well known techniques for removing invalid matches
were applied to the resulting disparity maps, including | eft—
right consistency checking, removal of locally anomalous
matches and remova of matches for bland areag[6, 7]. The
resultsfor the stereo pair of Figure 3 are shown in Figure 5.
Fromavisua inspection of thedisparity maps, it can be seen
that the modified a gorithmusing the constraint has correctly
matched some areas whichwere not matched using theorigi-
nal rank algorithm. Most of these areas corresponded to am-
biguous matches, which again illustrates the ability of the
rank constraint to resolve ambiguous matches.

5. CONCLUSION

The contributionsarising from thiswork include the deriva-
tion of one constraint which must be satisfied for a cor-
rect match, namely the rank order constraint. Experimen-
tal results show that this constraint is capable of resolving
ambiguous matches. A novel matching a gorithm incorpo-
rating this constraint has also been proposed. Testing per-
formed using a number of stereo pairs have shown that the
modified al gorithm consistently resulted in aincreased pro-
portion of correct matches, thereby improving matching re-
liability.
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Figure4: (a) match function and (b) constraint eval uation function, derived from the stereo pair of Figure 3, using atemplate
match window centred on (188, 151). In each case, arank window size of 5 x 5 and amatch window sizeof 11 x 11 were used.
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Figure 5: Disparity results obtained for the stereo pair of Figure 3, using (a) the original rank matching algorithm and (b)
the modified algorithm using rank constraint. In each case a rank window of 5 x 5 and a match window of 11 x 11 were
used. Intheseimages, black areasindicateinvalid matches which were removed, whilegrey-scal e areas indicatethe remaining
disparity values. From avisual inspection of the disparity maps, it can be seen that some areas which were not matched in (a)
were correctly matched in (b).

istration algorithms. In Robust Computer Vision, pages [6] S. Cochran and G. Medioni.  3-D surface descrip-
268-289. Wickmann, 1993. tion from binocular stereo. |EEE Trans. on PAMI,
14(10):981-994, Oct 1992.
[2] J.Banks, M. Bennamoun, and P. Corke. Fast and robust
stereo matching algorithms for mining automation. In [7] P.Fua A parale stereo algorithm that produces dense
Proc. IAIF’ 97, Nov 1997. depth maps and preserves image features. Machine i-
sion and Applications, 6:35-49, 1993.
[3] J.Banks, M. Bennamoun, P. Corke, and K. Kubik. Anal- '
ysisof therank transform for stereo matching. In prepa- [8] C. Tomas and R. Manduchi. ~Stereo matching as a
ration. nearest neighbour problem. IEEE Trans. on PAMI,
20(3):333-340, Mar 1998.
[4] S.Barnardand M. Fischler. Computational stereo. Com-

puting Surveys, 14(4):553-572, Dec 1982. [9] R. Zabih and J. Woodfill. Non-parametric local trans-
' ' forms for computing visua correspondence. In Proc.
[5] R.Bolles, H. Baker, and M. Hannah. The J'SCT stereo ECCV' 94, 1994.

evaluation. In Image Understanding Workshop, pages
263-274. DARPA, 1993.



