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Abstract

We observe that conventional approachesto the construction of Likelihood modelsof visual appearance
for image features are non-quantitativ e, precluding their use in tasks such as hypothesis testing for
projectedview validation. This document outlines a quantitativ eapproach for veri�cation of 3D objects'
predicted edgefeatures in images,which incorporates both the e�ects of image noiseand local image
structure. This approach supports the construction of a joint probabilit y for the degreeof conformity of
image data to both edgeorientation and location, without the needfor arbitrary relative scalefactors.
The method has beenvalidated on multiple views of man-madeobjects constructed from a variety of
materials.

In tro duction

Edge featuresare widely usedthroughout the computer vision communit y for representing and recognisingobjects
in images. The projected edge-de�ned shapesof objects can be seenas compact and powerful shape descriptors,
conveniently o�ering a high degreeof invariance to environmental illumination conditions. Furthermore, edge
representations are particularly useful at object boundaries, where the potential for arbitrary backgrounds in
3D scenesinvalidates any approach basedupon direct modeling of the grey-levels (i.e. acrossthe boundary). In
addition, quantitativ e spatial information is concentrated at edges,with surfaceso�ering little if any information to
help determine and localise3D scenestructure. The easewith which humanscan recogniseobjects from simple 2D
line drawings provides anecdotal evidencefor the potential signi�cance of edgedata for such tasks. Most machine
vision researchers would be pleasedto realise even a fraction of these recognition and interpretation capabilities
on a computer.

Many techniqueshave beenproposedwith which to detect edge-basedshapesin imagesand the prevalent attitude
in computer vision is that this topic has largely ran its course. Consequently , the processof edgedetection no
longer represents a popular topic for conferencesand journals. However, although some approaches (such as
Canny) are popular, there is little consensusas to how best analyse image edgedata in support of general scene
interpretation tasks. In addition, there are signi�can t failings with popular methods with regardsto statistical and
quantitativ e rigour. In particular, Likelihood models for detection and localisation are generally assumed,rather
than derived from any processof image formation. In addition, we seeno e�ort made to con�rm the assumed
distributions with real data [13]. Speci�c methods aside,the object detection processinherently requiresa metric
to evaluate the quality of any hypothesisedmodel matchesin order to perform the critical task of discounting any
falseinterpretations of scenecontent. The lack of a quantitativ e statistical basisfor edgedetection makesthis task
unreliable, if not impossible,in the generalcase.The work presented here formulates a statistical framework with
which to assessthe quality of match betweena model's predicted location and orientation and the underlying image
evidence. The novelty of the work centres around a bootstrap approach to the de�nition of edgedetection and
localisation, together with quantitativ e testing of the assumeddistributions. This approach supports combination
of localisation and orientation information in validation tasks without the intro duction of arbitrary weightings.
The research was undertaken in support of development of the TINA model matching computer vision system
[14].

Background

Edge-basedmodel matching hasbeenof interest to computer vision researchersfor many years [10], beingpopularly
characterised by the `hypothesiseand verify' paradigm. It is commonly noted that the processesinvolved are
susceptible to a high degreeof uncertainty, due to factors such as sensor noise and low resolution pixelation.
Accordingly, popular approaches to hypothesis veri�cation are typically concernedwith `bounded error' models,
where only looseconstraints on the required degreeof match between predicted and observed edgefeatures are



utilised for veri�cation. Since the problem of reliably and precisely locating arbitrary 3D objects itself remains
unsolved (with detectable features rarely projecting exactly to the locations expected [7]), this has seeminglynot
beenmuch of an issueto the computer vision communit y to date.

Many popular veri�cation techniques are associated with the processof template matching, where someform of
similarit y measurebetweena speci�ed template and a particular imageedgeregion is minimised [8]. Optimisation
of such a function can be utilised to best align the predicted and observed edge patterns, with the resultant
di�erence in grey-levels indicating how closely the hypothesisedmodel matches the image. However, detailed
modeling of grey-level data has problems at object boundaries, where the edgede�nes the start of an arbitrary
background which is by de�nition unknowable.

Also, veri�cation has been basedupon image plane distances. Thresholds are used to determine supposedvalid
instancesof sought shapes. Chamfer and Hausdor� matching are perhapsthe most prominent of thesetechniques,
where the meanand largest individual distancesbetweenedge-point setsare respectively minimised [2, 6]. Other-
wise, each predicted feature point can be validated by simply being on or near (to an estimated bound) a detected
(binary) image edgepoint, where thresholds on the proportion of visible points can similarly be usedto verify the
validit y of any hypothesisedmatches [1]. Although these methods provide a tuneable statistical system under
restricted circumstances,they are not directly applicable to random imagesof objects, as the residuals from the
predicted model valuesare not derived from a valid model of image formation.

The orientations of models' predicted edgepoints alsoconvey a signi�can t amount of information regarding model-
match quality, ashasbeennoted in a number of publications [8] [4]. Without such constraints, distancetransform
techniques,for example,are prone to registering signi�can t Likelihood scoresacrosstheir featuresin busy or highly
textured images,where each predicted point would be closeto an image edge. By ensuring that feature matches
are only counted if at admissible orientations, any incorrect, coincidental feature match hypothesescan be more
readily rejected. This is especially important when considering the typical 
a wed nature of objects' image-edge
maps, where, as will be discussed,many of an object's features may not be detectable. Hausdor� methods have
beenadapted to account for edgeorientation information, where a cost for disparate orientations is weighted into
the distance transform function [8]. Similarly, truncation techniques have been developed where only a reduced
set of the best point matchesare considered [5]. It should however be noted that assessments of edgeorientation
are commonly dealt with without any account of propagated uncertainty [11, 9]. For weaker edges,such errors
may be signi�can t, thus requiring appropriate consideration.

Whilst the techniquesdescribed above do intuitiv ely have someoperational merit, i.e. accounting for whether each
predicted edgepoint is supported to somedegreeby the image evidence,the inherent vaguenessof each method
can be seento be a drawback in terms of preciseand reliable quantitativ e veri�cation. In summary, the similarit y
distributions observed for both appearanceand geometric approaches will vary as an unknown function of the
illumination, the object and its orientation.

The work in this paper is concernedwith analysing how well each predicted edgefeature point is supported by the
underlying image edgeevidence. By basing our statistical distributions directly upon the measuredevidencewe
can attempt to construct quantitativ e tests which follow directly from our understanding of image formation and
feature detection. The methods are developed to quantitativ ely embody any degreesof uncertainty, such as the
reliabilit y of detection and errors encountered in our analysis of edgeorientation. This is proposedas being the
only theoretically justi�able way to perform such a task.

There are several important bene�ts expected for this approach. First, by taking explicit account of the original
imagedata it is expectedto be more discriminatory than distance-basedmeasureswhile being lessdependent upon
the details of imageformation than appearance-basedapproaches. Secondly, the method is quantitativ ely testable.
We are able to verify that our assumedprobabilistic metrics are indeedtruly re
ectiv e of the behaviour of sampled
edgedata for real-world examplesof imagedobjects. Thirdly , the theory givesan absolutecalibration (i.e. relative
weighting) for the orientation and localisation terms usedin Likelihood construction. The di�culties in attempting
this approach are however signi�can t. A successfultheory must deal with the e�ects of arbitrary illumination and
changesof physical appearanceunder projection while de�ning calculations which are computable using minimal
knowledgeof expected image content, speci�cally; predicted edgelocation, orientation and local image data.

Metho ds

The proposed approach is based upon the premise that a faithfully representativ e wireframe model has been
accurately projected onto the corresponding imagedata. This is doneso that we can concentrate on the statistical
distributions associated with detectableedges.A processof lateral feature shifting hasbeenadopted in this work to
ensurethat any edgefeaturesare optimally alignedwith any underlying imageedgeevidence.This processaccounts
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for the systematic shifting of object boundariesdue to illumination which often occurs in real imagesof man-made
objects [7]. This work aims to formulate probabilistic terms which directly account for the quality of match
between oriented edge feature points and their hypothesisedimage positions. Particular emphasis is placed on
validating our assumedstatistical modelsby getting good agreement betweenthe expectedand observedLikelihood
distributions. Given such agreement, we have reliable, well-de�ned predictions for the expected behaviour of our
assumedLikelihood terms for well-aligned edge-basedobject models. A processof statistical hypothesistesting can
then be implemented to indicate the probabilit y that a speci�ed model point projects onto a valid oriented edge
point. This evidencecan then be accumulated acrossobject models, at appropriate intervals, to support speci�c
curve and whole model match veri�cation.

It is acknowledged that for real-world object detection scenarios,many of the features predicted by a wireframe
model may not be visible even for un-occluded objects. This can be due to, for example, specular highlights or
lack of contrast acrosssimilarly illuminated fore- and backgrounds. This placesextra emphasison the integrit y
of any feature detection and veri�cation processesand dictates that, at best, we will only ever be able to detect
a restricted set of any predicted edgefeature points. This processof courseassumesthat our wireframe models
also faithfully represent any occluded features acrosschangesin viewpoint. In this work, wireframe models are
accompaniedby feature visibilit y �les which detail any viewpoint dependencies.We take this approach rather than
using CAD like surfacemodels as we believe it is more fundamentally suited to the learning of visible structure
from arbitrary sequencesof images. In particular, although it is possibleto reliably infer the presenceof a surface
boundary using edges,it is not possibleto reliably infer the presenceof a surfacefrom an areaof smoothly varying
grey-levels. Arbitrary illumination also precludesthe possibility of making reliable estimatesof 3D surfaceshape,
thereby inhibiting the kinds of update processwhich would be necessaryto learn a surfacefrom multiple views. We
envisagetherefore that the �rst stagesof object learning will involve modeling edgestructure, with surfacesonly
being included in the representation once the view-basedfeature representation is already su�cien t to recognise
and localisean object.

Edge Orien tation Analysis

The true distribution for estimation of the local gradient direction from separatex and y imagederivativeshasbeen
described asa Von Misesdistribution [15]. This is expectedto be more detailed a model of the distribution than is
neededfor most practical purposes(i.e. away from low contrast regions). A �rst order (Gaussian) approximation
can be derived using error propagation and tested empirically on real data. The local image orientation can be
de�ned as

 = arctan(
dI =dx
dI =dy

) = arctan(
u
v

)

Given equal errors � on the derivativesu and v

� 2
 = (

v�
v2 + u2 )2 + (

u�
v2 + u2 )2

Sincethe variance is the squareof the error, and taking `r' to be the edgemagnitude

var( ) �
� 2

r 2

i.e. the error on the local edgeorientation is inverselyproportional to the edgestrength r and proportional to the
image noise � . The edgestrength can thus be consideredas the Fisher information for calculation of image plane
orientation [12] (i.e. the best locations to apply an orientation test).

The orientation term can be selectedin order to match the error distribution on orientation measurement (var( ))

p( jx; y) =
1

p
2� var( )

exp(�
(� (x; y) �  (x; y))2

2 var( )
)

with � (x; y) representing the edge orientation of a feature pixel. This is our Likelihood for feature orientation
(L ang le ).

Given such a prediction of the distribution (Gaussian) of edgeorientation residuals for well aligned edgefeatures,
we are able to perform quantitativ e hypothesis tests (H ang le ) to indicate the probabilit y that a speci�ed feature
point represents a valid instance of an edgematch using the error function (erf()).
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Edge Lo cation Analysis

The Likelihood for edgeorientation is fully quantitativ e, as we have a model for the way in which it is a�ected by
image noise. The generation of a Likelihood term which corresponds to feature localisation is more problematic.
It is impossible to predict the distributions of grey level data associated with an object viewed under arbitrary
illumination. We therefore de�ne a quantitativ e probabilit y relating to the localisation of edgestructure, based
upon our understanding of the edgedetection processcombined with a bootstrap resampling of local image data.

The edgeswhich we are most interested in for object detection are continuousstep edgeswhich de�ne the contours
of objects. By de�nition, a pixel can therefore be deemedto contain such an edge feature if its gradient value
(edgestrength) is both above the noise 
o or and greater than M of its 8 immediate neighbours. We can therefore
assessthe probabilit y of any location being de�ned as an edgeif we are prepared to samplethe local distributions
of gradients in image data.

The probabilit y that a given pixel gradient value g is greater than a speci�c value x is de�ned by

P(g > x) =
Z x

�1
p(g; y) dy

Where p(g,y) is the probabilit y density as a function of gradient value y, i.e. the noise distribution. Taking a
bootstrap approach basedupon the local region, the probabilit y that a particular pixel would be greater than a
threshold t and a sample(x0:::xN ) drawn from the distribution of N local pixels can therefore be de�ned as

R(g) =
1
N

NX

i

P(g > x i ; g > t)

=
1
N

NX

i

P(g > x i )
Z 1

t
p(g; y) dy

which can be regardedasthe `soft rank' of the central pixel in comparisonto its neighbours. As a ranking processis
a form of histogram equalisation, this must generatea uniform distribution in R wherethe local gradient calculation
is above the speci�ed threshold.

In order to de�ne the probabilit y of detecting an edgewe needa de�nition for the sampling processwhich generates
edgedata. If we de�ne this processas involving somenumber of a random selectionof gradients being lessthan the
central value then the probabilit y that we will detect a feature at g will be a polynomial function of R (App endix
A). We can consider this, equivalently , as a random local spatial reorganisation of the data which was used to
compute R. We approximate an edgedetection processby de�ning the probabilit y Pmax that the central pixel
would be larger than M neighbours 1, so that Pmax � RM . Further, as the distribution over R is uniform,
application of Bayestheorem tells us that Pmax (R) = P(edgejR) is also proportional to the Likelihood of getting
a particular value of R (P(Rjedge)).

The hypothesis probabilit y that the observed pixel is drawn from the sample of edgesis obtained by integrating
the Likelihood function so that

Hedge = PM +1 =M
max = RM +1

Now, for a quantitativ ely valid hypothesisprobabilit y (i.e. in the situation where all of our assumptionshold and
our de�nition of edgeprobabilit y is correct), the histogram of H edge must be uniform. Under thesecircumstances
the distribution of log(Hedge) will be exponential. Therefore, it follows that for data which is sampledaccordingto
the bootstrap model, the distribution of log(R) must be an exponential scaledby a factor of M + 1. We leave M as
an empirical parameter to be determined from sampledata. The consistencyof this value acrossmultiple data sets
thereby provides information concerningthe generalvalidit y and consistencyof the assumedmodel. Determination
of this factor from sampledata, allows the calculation of a quantitativ e hypothesistest (H edge = RM +1 ) and the
appropriate normalisation for the log Likelihood term (� log(L edge) = � M log(R)) for usein object localisation.
This is therefore essentially a power law model of statistical feature detection.

Hyp othesis Testing of Edge Lo cation and Orien tation

Hypothesistesting is a fully quantitativ e method to indicate how well sampledata conformsto a prede�ned model.
In this case,our statistical modelsrelate to edgelocation and orientation, which are expectedto correspond to (log-
) exponential and Gaussiandistributions respectively. Probabilities resulting from hypothesis tests are expected

1This simpli�cation has a biological analogy, in that it is consistent with theories of neuronal function such as those developed by
Grossberg. These utilise a \winner-tak e-all" process,mediated by lateral inhibition.
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(a) (b)

Figure 1: Cumulative distributions of sampled data for edge location (a) and orientation (b), overlayed with the
theoretically predicted distributions (solid curves).
to be uniformly distributed. In order to validly combine the terms for orientation and location, the following
renormalisation formula can be derived [3]. Given n quantities, each having a uniform probabilit y distribution
pi =1 ;n , the product p =

Q n
i =1 pi can be renormalisedto have a uniform probabilit y distribution Fn (p) using

Fn (p) = p
n � 1X

i =0

(� ln p) i

i !

i.e.

Hang le;edg e = (HedgeHang le )(1 � ln(HedgeHang le ))

where Hedge and Hang le are the hypothesis probabilities for edgelocation and orientation respectively, estimated
as shown above.

This metric can be evaluated for any samplededgefeature point relative to a model feature prediction to re
ect
the probabilit y that that point was indeed representativ e of a valid model match. This evidencecan then be
accumulated acrosssets of representativ e curves to support veri�cation of detected object models in images. For
instance, thresholds can be set against the proportion of model features passingthe hypothesis test at a speci�ed
con�dence limit. Since many edgefeatures may not be present due to unpredictable environmental illumination
conditions, we de�ne a feature to be present if the majorit y of its individual features are detected. This in turn
implies that our predictions of appearanceneedonly include curved structures when at least 50% of their length
is expected to be visible. This allows for a fair degreeof freedomin the initial construction of view-basedmodels,
which is important if we expect the system to re�ne model parameters (i.e. learn) upon repeated presentation of
an object.

Results

The key assumptionsthat we are interested in testing here, relate to our assumedterms for edgelocalisation and
orientation. In particular, theoretical and observed distributions should agree if the statistical formulations are
valid.

A selection of 8 objects made from a variety of materials using a number of fabrication processeshave been
imaged in stereo from multiple viewpoints and 3D wireframe models with associated view dependency �les were
constructed. Thesewerethen approximately aligned using stereoscopiccuesand �nal alignment performed (during
what is e�ectiv ely a re-calibration process)(Figure 2).

The cumulativ e sampled distributions for the data were plotted for each object and the overall scaling of each
distribution (M ) determined - to bring each into best quantitativ e agreement with the theoretical cumulativ e
distribution curves(Figure 1, a and b). The scaling factors neededto achieve this level of agreement are shown in
Table 1.

The results represent the averagelevel of conformity betweenour statistical model and the data acrossall curves
in each object. It con�rms that we have reasonableagreement between the theoretical and assumedlocation and
orientation distributions following object speci�c scaling. Although the scaling factors are signi�can t they are
reasonablyconsistent acrossthe objects. The averagescaling levels can thus be factored into our calculations. We

6



(a) (b)

(c) (d)

(e) (f)

(g) (h)

(j)(i)

(k) (l)

(m) (n)

(o) (p)

Figure 2: Test objects and the features reprojected from the corresponding view-based 3D models.

7



Object Edge Orient. Edge Orient.
(as Fig. 2) Scale Scale D-value D-value
(a) (b) 5.6 1.8 0.15 0.05
(c) (d) 6.0 1.4 0.15 0.05
(e) (f ) 3.2 1.4 0.09 0.07
(g) (h) 4.8 2.2 0.14 0.04
(i) (j) 3.6 1.4 0.09 0.11
(k) (l) 4.0 1.9 0.11 0.04
(n) (m) 3.6 1.3 0.09 0.07
(o) (p) 4.0 1.7 0.09 0.05

Table 1: Relative scalings of the cost function terms required to bring the observed data distributions into best
agreement with the assumed distributions, accompanying the maximum distribution-separation terms (D-values)
required for the Kolmogorov-Smirnov test.

believe that this scaling is predominantly due to contamination from non-edgepixels in the bootstrap estimatesof
the Likelihood terms. Knowledgeof thesevaluesallows the Likelihood terms for edgelocation and orientation to
be appropriately weighted during object localisation, so eliminating what would otherwise be an arbitrary scaling
parameter in the similarit y measure.

Given a known number of sample points, these plots can be used to predict the conformity of the model to the
data via the Kolmogorov-Smirnov test. For example, for a (maximum vertical) di�erence between curvesof 0.1,
50 samplepoints along a simple curve will produce a signi�cance value of 0.13 which is insu�cien t to excludethis
distribution as a description of the data. As the number of sampleson an extended curve increaseshowever, the
strength of the statistical test will alsoincreaseuntil it eventually fails. Clearly, at this point, the approximations of
the theory to the sampledistributions will begin to have a detrimental e�ect on the performanceof the alignment.
Put another way, there is little point in sampling so much data along a curve that we go beyond the abilit y of the
statistical method to make good use of it, but until that point, the simple model is a su�cien t approximation of
the feature detection process.

Since our assumedLikelihood models can be seento closely re
ect those observed, we can be con�dent that an
associated hypothesis test for a sampled edge feature point will give a good indication of how likely it is that
that point represents a valid match. Although object speci�c scaling may be required to get the most accurate
interpretations of veri�cation, factoring of an average weighting term across all objects still supports reliable
veri�cation interpretations. This can be demonstrated by projecting a full wireframe model (including occluded
features) onto a corresponding image and by checking that each visible feature is accounted for and vice versa.
This is demonstrated in Figure 3. This processis utilised by the TINA vision system to aid feature detection for
the automated construction of view dependency �les. The criteria utilised for this experiment are that a feature
is displayed as being present if at least 45% of its related pixels pass a combined hypothesis test for location
and matching orientation with a con�dence level of 0.01%. The con�dence level allows virtually any suspected
edgefeature to be passed,while the 45% threshold accounts for feature degradation due to factors such as partial
occlusion or specular interference. The features usedfor modeling are straight line segments and circular features
that are split along their major projected axes. As mentioned, prior to veri�cation, the position of each such feature
is locally optimised using a lateral feature shifting procedure, so that the distribution of feature Likelihoods can
be sampledat the location determined by the image evidence. As can be seen,just about every expected feature
is then correctly identi�ed and any missing features can be explained away by illumination artifacts. None of the
occluded features were 
agged as being present with these thresholds. Similar results were achieved acrossthe
models featured in Figure 1.

The proposedveri�cation metric hasbeensuccessfullyimplemented in the TINA model matching computer vision
systemto reliably selectthe best of any competing match hypothesesin terms of the proportion of predicted edge
feature points passingthe hypothesis test at a speci�ed con�dence limit. The validit y of any leading hypotheses
can be veri�ed by demanding that the majorit y of features are accounted for.

Conclusions

This document has outlined an approach for the statistical testing of the predicted locations of objects' de�ning
edgefeaturesin images. Quantitativ e metrics have beenformulated to account for both the matching locations and
orientations of such projected edgefeatures. Thesemetrics have beenvalidated by checking that data distributions
sampledfrom real data correspond to thosetheoretically predicted. The meanvalue for M found is this paper (4.85)
is consistent with the value (4.6) which best appproximates H e (App endix A). A combined statistical hypothesis
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test for corresponding edge location and orientation has been implemented to indicate the probabilit y that a
sampled data point represents a valid instance of an edgefeature match. Accumulation of this edgepoint-based
information acrosssets of representativ e curves has been shown to support reliable veri�cation of the validit y of
any wireframe model match hypotheses.

(a) (b)

(c)

Figure 3: Figure (b) representsthe ful l 3D wireframe model used to represent the object depicted in (a). Figure (c)
showsthose features veri�e d as being present in (a) according to the veri�c ation strategy outlined in the Results
section.

App endix A: material additional to published pap er

One e�ectiv e method for detecting edgesfrom a gradient image is to demandthat a given imagegradient is greater
than some number of its neighbours. Careful use of this strategy can even identify connected structures. For
example, if the probabilit y that the central value would be larger than its neighbours is P then the probabilit y
that it is greater than exactly six from eight randomly selectedneighbours P(6=8) is obtained from the binomial
distribution

P(6=8) = 28P 6(1 � P)2

The probabilit y that it is greater than 6 or more neighbours (Pe) is then

Pe = P(6=8) + P(7=8) + P(8=8) = 28P 6 � 48P 7 + 21P 8

and the corresponding hypothesis test H e is given by the normalised integral

He = 12P 7 � 18P 8 + 7P 9

On a 3x3 region this strategy identi�es connected(one pixel wide) edgeridges well. However, there are clearly
many di�eren t ways that we can de�ne a detection process.We may chooseto usea larger region than 8, or to say
that a gradient greater than all neighbours is a corner, not an edge. Also several approximations must be made in
estimating a given value of P using the local rank (R). There is consequently somedegreeof 
exibilit y involved
with how we can chooseto de�ne and compute Pe.
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It is therefore legitimate to select simple functions which approximate Pe and He well with a small number of
parameters,such as

Pe � PM � RM

with M � 4:5 for He (Figure 4), with the best value for free parameters then determined on data.

Figure 4: The similarity of � log(4P) (dotted curve) and � log(5P) (dashed curve) to � log(H e) (solid curve). The
minimum di�er ence of jlog(H e) � M log(P)j is lessthan 0.2 for H e > 0:01 with M = 4:6. This valuewould therefore
be expected to be the best matching curve (on the basis of a Kolmogorov-Smirnov test) in real data, if H e is based
upon a valid de�nition for an edge.

Estimation of one parameter is not di�cult even on small samplesof data, but the next simplest polynomial

Pe � �R M + (1 � � )RN

has 3 free parametersand a full generalisationof Pe has 5. Estimation of parametersthen becomesmore di�cult.
In particular, illumination e�ects on real world scenesmay degradethe computed probabilit y at true edges,making
reliable determination of multiple parameters impossible. It therefore makessense,and is computationally more
e�cien t, to stay with the simplest model if results are already acceptable.

The calculation P M (as used in this paper) de�nes an edgeas a pixel with a gradient which is on averagegreater
than M neighbours. Though this is a less sophisticated model of edge detection than Pe , it is not entirely
unrealistic. It is perhapslesslikely to identify a row of edgesas a pixel wide connectedstructure, but will supress
responsesfrom edgesadjacent to stronger structures in the region used to de�ne R. The ultimate requirement is
that the hypothesis distribution is uniform (and behaves well around any hypothesis threshold we may use) for
those locations we de�ne in a model as true edges.
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