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Abstract

This paper discussesthe problems of image processingalgorithm designand comparisonand suggests
that a suitable approach may be to model algorithms. We intro duce the corner matching algorithm
which we have usedto provide reliable data for 3D computation modules[5][6] 1. The development of a
simple model of the matching processpermits the understanding of the in
uence of various parameters
in the matching algorithm. This model alsoallowsoptimisation of the algorithm usingdata distributions
obtained from representativ e scenes.

1 In tro duction

The vision literature contains many algorithms for image processinginvolving feature extraction and matching.
Often thesealgorithms take the form of heuristic solutions which attempt to exploit natural properties of generic
images. Such algorithms are rarely perfect and peformanceon real imagesis often degradedcomparedto simulated
imagesdue to the presenceof noise. Clearly somealgorithms must be better than others at doing a particular
task, but how can we determine which? The conventional method for algorithm evaluation, demonstration and
comparisonseemsto be to show the results on a set of "standard" images. This is useful to show that the algorithm
has beensuccessfullyimplemented and will work on real data [10]. However, the validit y of the assumptionsand
heuristics underlying the algorithm can rarely be seriously tested in this way. There are several reasonsfor this:
algorithm performance is often determined by the speci�c images for which it has been developed. Secondly, it
is nearly always impossibleto obtain an absolute measureof performance(often one needsto be de�ned and this
can be a matter of subjective choice). Finally, correct implementation and useof other people'salgorithms is often
di�cult [1], due to a lack of information about control parameters.

It has beensuggested[8] that many implementations of vision algorithms lack a stabilit y analysis (seefor example
[9]). Fundamentally , the only way to evaluate the quality of output data from an algorithm is on the basisof how
well the data is suited to a particular application [3]. However, we need to get away from the dependenceof the
evaluation of the algorithm on a speci�c sourceof input data. One alternativ e involvesdeveloping a model of the
e�ects of an algorithm on input data distributions. This achievestwo things, �rstly the statistical properties of the
input data are speci�ed and secondlythe validit y of any heuristics are madeexplicit so that any data independent
behaviour can be identi�ed. Also, by developing such a model the e�ects of algorithm modi�cation may be directly
assessed.Di�eren t algorithms can then be compared, either directly on the basis of their models, or on results
predicted by their models for speci�c data distributions. Thus algorithm modeling can be fundamentally useful in
understanding, optimising and comparing imageprocessingalgorithms. This paper hasthus adopted this approach
to describe the performanceof a cornermatching algorithm. Although this algorithm is relatively simple, webelieve
that the samebasic analysis strategy could be applied to any other algorithm.

2 Feature Matc hing

The robust matching of any image features obtained from a pair of grey level imagesinvolvesthe useof a limited
set of heuristics.
(a) local image similarit y (eg image correlation).
(b) restricted search strategies(eg epi-polars in the caseof stereo).
(c) disparity gradient ( or smoothness) constraints.

1This algorithm is equivalent in form to that used by previous researchers and also to the `Oxford corner matching algorithm' �rst
published (rediscovered) at this same conference several years after this analysis.



(d) one to one matching.
(e) reliabilit y.

This general framework is common to many feature based correspondenceschemes in both stereo and object
location applications. The relative merits of any matching algorithm will be determined by the extent to which
theseheuristics are utilised. The analysis that follows can be consideredas a generalframework for the prediction
of matching success.

(a) Correct Matc h Distribution (b) Incorrect Matc h Distribution

Figure 1: Match Distributions

We usethe corner detection algorithm of Harris and Stephens[2]. Our corner matching algorithm makesuseof all
but (c) as cornersare generally too sparseto formulate a sensibleconstraint (but see[7]). Such information may
be available from edgebasedmatching algorithms but is not consideredfurther here.

The basic matching algorithm we usefor corners is as follows:
(a) Construct a list of possiblematcheson the basisof limited search. This involveschoosing a valid search area
A.
(b) Order the list according to a crosscorrelation measurec.
(c) Selectgood matcheson the basisof:
(i) a threshold � on the minimum acceptablecrosscorrelation c < � .

(ii) a threshold ! on the ratio of absolute corner strengths (c1 � c2 )2

(c1 + c2 )2 < ! .
(iii) reliabilit y of the best candidate match cm compared to the next best match cn on the basis of a uniqueness
parameter � : eg: cm � cn < � .
(iv) the samebest candidate match must be obtained when matching from image 1 to image 2 and image 2 to
image 1 (this enforcesone to one matching).

We have previously given reports on the performance of this algorithm for stereo/temporal matching for use in
ego-motion determination and camera calibration [5],[6], but what we are aiming for here is a more systematic
model of the e�ects of the parameters which control the matching process. We can consider these rules and
control parametersasa prune to selecta valid set of candidate matchesfollowed by selectionon the basisof image
cross correlation. If the prune results in completely unambiguous assignment then the result of the matching
processis already determined. If however, there are still several candidates for matching then the successor
failure of the algorithm is determined by the extent to which the imagecorrelation measureseparatescorrect from
incorrect matches. We start by justifying our imagecorrelation measureasthe best measureof its sort for choosing
appropriate matches. By modeling the distribution of this measurefor correct and incorrect matcheswe are able
to assessthe e�ects of the algorithms matching parameters.

2.1 What should we use as our matc h strength measure?

Given that cornersare de�ned as the peak of an auto-correlation function it makessenseto usecross-correlation.
There are many ways to construct the correlation function but we will assumethat the function should be radially
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symmetric so we choosea function of a similar form to the corner detection de�nition.

c =
Z 1

�1
A � 2wuv I uv I 0

uv @u@v

where I uv is the image, wu v is a gaussianweighting function and with

A =
Z 1

�1
wuv I 2

uv @u@v
Z 1

�1
wuv I 02

uv @u@v

We have hand selecteda set of correct matchesfrom several imagesof di�eren t objects including simple widget like
objects, complicated machine castings,plastic childrens toys and cassetteand lightbulb boxes. For this the cameras
werecon�gured at a typical vergeangleof 0.1 radians and data at a distanceof 5-10 inter-occular separationsfrom
the camera. The distribution of the correlation measurefor these correct matches is shown in �gure 1 (a). This
distribution is generatedby the di�erences in local imageformation betweenthe two imagesdue to lighting, sensor
di�erences and surfaceorientation. By computing the cross-correlationfor incorrect matches we can get an idea
of the shape of the background underneath the correlation signal when using this measurefor matching (�gure 1
(b)).

We have control over two aspects of the nature of this correlation measurethe �rst is the range of the correlation.
This clearly should be large comparedto the localisation accuracy(0.3 pixels) but not so large that the correlation
computation is costly or that we demand image similarit y on a scalewhich is unrealistic. We use a range of 3
pixels.

Secondlywe are free to choosethe form for our cross-correlationmeasureby any non-linear rescalingof the image
values:

I uv ! I n
uv ; I 0

uv ! I 0n
uv

By resampling the match and mismatch distributions we can estimate the separability of correct and incorrect
match scores,we �nd that the best signal to noise ratio is given when n = 1 (�gure 2). This is presumably
becausethe corner detection auto correlation is also de�ned on the original image(n = 1) and this is therefore the
correlation measurethat we us in the matching algorithm 2.

Figure 2: Incorrect crosscorrelations above 90% and 95% signal cut.

3 Getting an Incorrect Matc h

The possibleforms of mismatch and signal rejection are determined by the reliabilit y of corner detection process.
An ine�cien t corner detector and occlusion will generatecaseswhere somecornersdo not have a detectedpartner
and can only be matched incorrectly. We can analysethe conditions under which we will get a mismatch and reject

2 I now believe that this is in fact due to the match between the use of a correlation measure and the errors on the data. A normalised
correlation measure is equivalent to a least squares �t with one degree of freedom for scaling. This assumesuniform independant and
random noise. The only value of n for which this matches the transformed data is n = 1. This is therefore a simple example of
appropriate use of lik elihood.
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a correct match by consideringeach corner feature and its available match candidates in turn. We will thus show
how the probabilities of accepting noise and rejecting signal can be controlled by the parameters � , ! , A and �
in the matching algorithm. In the following analysiswe assumethat the crosscorrelation distributions for correct
and incorrect matchesare independant of the detection process.

Configuration Probability

unpaired current corner
paired random corner

paired random corner
paired current corner

paired current corner

paired current corner

unpaired random corner

unpaired random corner
unpaired current corner

(v)

(iv)

(iii)

(ii)

(i)

Pd Pd Pd Pd

2 Pd Pd Pd (1-Pd)

2 Pd Pd Pd (1-Pd)

Pd Pd (1-Pd) (1-Pd)

2 Pd Pd (1-Pd) (1-Pd)

Figure 3: Basic Detection Con�gurations.

Case (a): The �rst matching casewe consider is that of �nding that the cross-correlationfor the best candidate
match xm to the corner under consideration ("curren t") is incorrect in the casewhere neither candidate has their
pair detected in the other image (Figure 3 (i)). The probabilit y P a

m for the best candidate match to the current
corner being one of nu unpaired random cornerscan be computed as a product of several factors. Theseare: the
probabilit y of getting the con�guration shown in �gure 3 (i) and the probabilit y PI ( � ) that a random match drawn
from the crosscorrelation for incorrect matchesPN will have a value greater than � :

Pa
m = 2nu P2

d (1 � Pd)2PI (� )

where Pd is the probabilit y of �nding a corner again given that it has already beendetected in one image and

PI (x) =
Z 1

x
PN (a)da

Notice that this sourceof matching error is very sensitive to the reliabilit y of corner detection Pd, and the only
way to remove such matchesis to increasethe minimum acceptedcross-correlation� .

Case (b): The next casewe consider is that of obtaining an incorrect match with one of nu unpaired random
corners when the correct match to one of the corners was also present (Figure 3 (iii) & (iv)). This is slightly
more complicated than the previous casebecausethe existenceof the correct match in the matching list may still
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prevent this getting acceptedas a match due to the uniquenessparameter � . The probabilit y of this happening
Pb

m is given by:
Pb

m = 4nu P3
d (1 � Pd)Pn (� ; � )

where Pn (� ; � ) is the probabilit y that an incorrect match can be choseneven when the correct match is present in
the match list above a value of � . Given that PN and PS (the crosscorrelation distribution for correct matches)
are uncorrelated this is given by:

Pn (� ; � ) =
Z 1� �

�
PS (x)

Z 1� �

x
PN (a � � )dadx

We can seefrom this that as the uniquenessfactor increasesthe probabilit y of keepinga noisy match of this type
is reduced.

Case (c): Finally we consider the casewhere the current corner is paired but has beenmatched incorrectly with
one of 2np paired random corners( �gure 3 iii ). We may wish to write the probabilit y for the acceptancerate for
mismatchesP c

m as:
P c

m = 2npP4
d Pn (� ; � )2

This equation assumesthat the two probabilities for mismatch Pn (� ; � ) are uncorrelated which is unrealistic, asthe
two cornersmust be �gurally similar if they are to have mismatched in one matching direction. Thus it is better
to write this as:

P c
m = 2npP4

d Pn (� ; � )Pk (� ; � )

wherePk (� ; � ) is the probabilit y that the crosscorrelation value for the complementary pair of the original random
match will also be bigger than the correlation value for the correct match.

4 Rejected Signal

We now considerways in which corner pairs are rejected by the matching process.

Case (a): The �rst casewe consideris when the current corner has beendetected in both images(ie paired) and
a random matching feature has not beendetected in either image (Figure 3 (ii). The probabilit y of rejecting this
match is given by:

Pa
r = P 2

d (1 � Pd)2PJ (� )

where

PJ (� ) =
Z �

0
PS (x)dx

Case (b): When the current match is paired and there is a random un-paired match present in either image
(Figure 3 (iii)). The probabilit y of rejecting a correct match due to the presenceof nu unpaired random corners
Pr is given by 3:

Pb
r = 2P 3

d (1 � Pd)(PJ (� ) + nu Pl (� ; � ))

where Pl (� ; � ) is the probabilit y of rejecting a correct match due to the proximit y of a random corner.

Pl (� ; � ) =
Z 1

�
PS (x)

Z 1+ �

x
PN (a + � )dadx

Case (c): The �nal casefor consideration is when the current match is paired and there is a random paired match
(Figure 3 (v)). The rejection rate for good corner matchesP c

r is given by

P c
r = P 4

d (PJ (� ) + 2npPl (� ; � ) � n2
pPl (� ; � )2)

5 Algorithm Analysis and Conclusions

Although the above probabilities can be computed directly from examplesof the crosscorrelation histograms for
signal and background there are advantagesto modelling the data as a functional form. With an analytic model
of the matching processwe can compute directly the e�ects of varying parameters in the matching algorithm and

3notice a mthematical error in the published version of this paper is corrected here.
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can thus minimise the number of background matches obtained, for various amounts of signal, using standard
numerical minimisation methods.

The cross-correlationdistributions PN (x), PS (x) and Pk (� ; � ) canbe approximated by triangular distributions. The
remaining unknown parameters are the detection e�ciency Pd and the numbers of paired and unpaired random
corners np and nu . In someways these values are closely related as the ratio np : nu has a maximum value of
Pd : 1 � Pd . In an application where the full image contains several hundred cornersand the search regionsare of
the order of a few percent of the image we estimate thesevaluesas;

Pd = 0:85; nu = 0:75; np = 4:25

With these values we can now compute typical signal rejection and noise acceptancecurves for the matching
algorithm as a function of the matching parameters � and � .
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delta = 0.000
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Figure 4: Total probabilit y of getting an incorrect match.

We can thus approximate the total number of incorrect matches(Figure 4) by

PT
m = P a

m + P b
m + P c

m

and the total rejection rate for paired corners(Figure 5 ) as

PT
r = P a

r + P b
r + P c

r

In speci�c applications wherethe detectedcornershave correlated properties the probabilit y distributions for cross
correlations of signal and background may be signi�can tly di�eren t. In thesecasesthe probabilities for mismatch
and signal rejection would also be di�eren t. However, we can still draw somequalitativ e conclusionsabout the
genericcaseof corner matching which must be true regardlessof the signal and background distributions. These
are:

1) All terms in P T
m are proportional to the mean number of candidate matches, thus we would expect the total

number of mismatchesto vary proportionately with the search area A.

2) We expect type (a) mismatchesto be a very small fraction of the total number of mismatches. The only way to
remove these is to increasethe minimum required crosscorrelation value � .

3) We expect type (b) and (c) mismatches to be of roughly equal importance and both are reducedconsiderably
by useof the uniquenessparameter � at the cost of only marginal reduction in the overal number of matches.

4) There is no improvement obtained by increasing � beyond a value of 1 � � as at this point all mismatches of
type (b) have already beenrejected.

5) There is no setof parameterswhich givean optimal signal to noiseratio, this valuekeepson rising with increasing
� . There are however optimal values of � and � corresponding to the minimum noise obtainable for a required
proportion of signal. For example using the above model for the data the minimum noise obtainable at a signal
level of 60% is 0.2% at parameter valuesof � = 0:985 and � = 0:0032.

6) Even in very severe caseswe expect this matching algorithm to have a signal to noiseratio in excessof 100:1.
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Figure 5: Total probabilit y of rejecting a correct match.

(a) Left Image Corners (b) Right Image Corners (c) Repro jected 3D data

Figure 6: StereoCorner Matches

The algorithm is demonstrated here with stereo imagesof a highly textured head ( �gure 6(a) and (b)). In this
casethere were in excessof 1000 corners detected with an averageof 36 candidate matches for each corner. For
parameter valuesof � = 0:99 and � = 0:002 the predicted number of correct and incorrect matchesof 600 and 7.
As can be seemfrom the reprojection of the reconstructed 3D data (�gure 6(c)), this is closeto what is observed.

The discussionof the matching algorithm has centred on selecting a set of candidate matchesand then choosing
between them. Giv en that the cross correlation distributions can be replaced with any relev ant
similarit y measure this work can be considered as a general mo del of constrained feature matc hing.
This model puts us on a soundfooting for consideringpotential modi�cations to the corner detection and matching
processes.
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