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Abstract

We treat the problem of edge detection as one of statistical inference. Local edge cues,
implemented by lters, provide information about the likely positions of edgeswhich can be
used as input to higher-level models. Dieren t edge cuescan be evaluated by the statistical
e ectiv enessof their corresponding Iters evaluated on a dataset of 100 pre-segmerned im-
ages. We use information theoretic measuresto determine the e ectiv enessof a variety of
di eren t edgedetectors working at multiple scaleson black and white and colour images. Our
results give quantativ e measuresfor the advantages of multi-lev el processing, for the use of
chromaticit y in addition to greyscale,and for the relativ e e ectiv enessof di eren t detectors.

Pro ceedings Computer Vision and Pattern Recognition CVPR'99. Fort Collins,
Colorado. 1999.

1 Intro duction

Edge detectorsare intended to detect and localizethe boundariesof objects. In practice, it is clear
that edgedetection is an ill-p osedproblem. It is impossibleto designan edgedetector that will
nd all the true (i.e. object boundary) edgesin an imageand not respond to other image features.
Examining real images,it is clearthat edgedetectorsonly give ambiguouslocal information about
the presenceof object boundaries.

A standard approad in computer vision runs asfollows: combine local edgecuesby generic(i.e.
generalpurpose)grouping laws basedon the assumptionthat edgesof objects tend to be spatially
smooth locally. Such grouping rules allow the local ambiguous edgecuesto be disambiguated (to
someextent). In somecaseshowever, grouping techniques may not be enoughand object speci ¢
knowledgemay be required to detect the object boundary.

This approadh is plausible but, so far, there has not been a rigourous theory for it. Such a
theory would, for example, attempt to answer: (i) precisely how much information is available in
the local edgecues?,(ii) how independert is the information betweendi erent cues(e.g. intensity
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and colour)?, (iii) how do the grouping rules interact with the edge cues?,(iv) what types of
grouping rules are most e ective?,and (v) in what situations do these grouping rules needto be
supplemeried by object speci ¢ knowledge?

Recert work by Yuille and Coughlan [11] givesa theoretical basisfor addressingsomeof these
guestions. In particular, they studied the problem of road tracking [6] and determined order
parameters which characterized the dicult y of the problem. These order parameters combine
measuresof the e ectiv enessof: (i) local cues(implemented by edgedetector operators), and (ii)
geometrical grouping rules (e.g. the assumption that the road is spatially smooth). The order
parametershave two purposes:(i) they determine fundamental limits (i.e. algorithm independert)
on whether the road can be detected at all , (i) they determine the expected corvergencerates,
and expected errors, of A* algorithms designedto detect the road.

In this paper, we build on the work of Yuille and Coughlan[11] to determine good cuesfor edge
detection. In this approad, the e ectiv enessof edgecuesis determined by how much information
they provide. This can only be evaluated by the statistics of their e ectivenessevaluated over
a calibrated dataset. We therefore have: (i) a learning phase where we learn the statistics of
edgedetector responsesboth on and o edges,and (i) an evaluation phasewhere we evaluate the
e ectiv enessof di erent edgedetectors (i.e. edgecues).

Both aspects of our work have interesting similarities and di erences to the Minimax Entropy
learning theory recertly deweloped by Zhu, Wu, and Mumford [12]. When this theory is applied
to learning probability distributions on images[13] it measuresthe statistics of Iter responses
over an ensenble of imagesand usesthe maximum erntropy principle to determine probability
distributions on the underlying images. The choice of lters to useis determined by a minimum
entropy criterion which selectsthose which make the resulting maximum entropy distributions as
closeto the true distribution as possible. By cortrast, in this paper we aim at discrimination
rather than delity of representationwhich meansthat the minimum entropy selectionprocedure
is not appropriate. Instead we will use measuresof discriminability such as the Cherno and
Bhattarc haryya bounds [5],[10.

Figure 1: Four typical imagesfrom the Sowerby dataset. This dataset contains a variety of urban
and rural scenes.

Our approach presupposesthat the statistics of edgecuesare relatively constart within certain
image domains. Of course, someindividual images may be completely unrepresernativ e (the
statistics of an outdoor scenewith the camerapointed vertically at the sky will be clearly di erent
from one where the camerapoints horizontally). On balance, however, we might expect that the
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Figure 2: The ground truth segmerations supplied with the Sowerby image dataset.

e ectiv enessof edgescuesvaries comparatively little from imageto image. As well asthe results
demonstratedin this paper, we should emphasizethe pioneeringwork of Balboa and Grzywacz[1]
who studied the on-edgeand o -edge statistics of natural outdoor scenesand underwater images,
demonstrated qualitativ e similarity between the statistics in these two di erent domains, and
related them to the receptive eld properties of the retinas of animals.

The work described in this paper, therefore, attempts a statistical study of edgedetection cues
which helps evaluate the information provided by the cues. To perform this analysis, we make use
of the Sawerby image databasewhich contains over one hundred interactively segmeted natural
images,see gure (1). As we will shaw, we obtain robust quantativ e measuresof the e ectiv eness
of di erent edgedetection cuesincluding colour and multi-scale approacdes.

Our approach complemers recert work on empirical performanceanalysisof visual algorithms[2].
But di ers becausewe are attempting to estimate the amount of information provided by edge
cuesrather than ewaluating the performance of edgedetection algorithms.

In section(2) weintro duceour statistical evaluation criteria. Section(3) describes,and justi es,
the edgecue Iters we use. In section (4) we discussthe stability of the statistics and adaptive
techniques we employed. Section (5) givesthe results on the dataset.

2 Statistical Basics

This section providesthe statistical basisof our approac. It describeshow, for any edgedetector
operator, we can obtain empirical probability distributions for its responseto edgesand to non-
edges. From these learned distributions we determine whether a set of samplesis more likely to
be on-edgeor o -edge (i.e. we assumethat the samplesin the set are either all on an edgeor
all o an edge). This can be evaluated using the Cherno and Bhattacharyya bounds, which
determine asymptotic error rates, see[5]. The order parametersderived in [11] were sumsof local
edgeinformation with global geometricinformation. The local edgeinformation was given by the
Cherno and Bhattacharyya bounds, depending on the precise formulation of the problem. We
can therefore considerthe Cherno and Bhattacharyya bounds as order parameters for the edge
cues.

We have also consideredthe related task of determining whether an individual sampleis more
likely to be on or o an edge. This can be evaluated by the Bayesrisk (a weighted averageof the
expected number of false positives and false negatives). The Bayesrisk is closely linked to the
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Cherno bound and it canbe shown, see[10], that the Bayesrisk can be given an upper and lower
bound in terms of functions of the Cherno and Bhattacharyya bounds. In this paper, howeer,
we concerirate on the rst task (for reasonsof space).

2.1 Determining empirical probabilit y distributions.

Any edge cue (or combination of cues)is represeried by an operator (:) which can be eval-
uated at ead position in the image. The operator (:) can be a linear, or non-linear lter,
and can have a scalar or vector valued output. For example, one possibility is the scalar val-
ued lter 7 (:) applied to an image | (x) { for which (1(x)) = f1(x). Another possibility
is to combine edge lters at dierent spatial scalesto give a vector valued output (I (x)) =
(FG(x; 1) 1(X) ; FG(x; 2) 1(x)), where G(x; ) is a Gaussianwith standard deviation
and denotescorvolution. Yet another possibility is to apply lters to the dierent colour bands
of the image. We will dewelop the basic theory at an abstract level so that it can apply directly
to all thesecases.

Having chosenan edgeoperator (:) we have to quantize its responsevalues. This involves
selectinga nite set of possibleresponsesfy; :j = 1;:::;;Jg. The e ectiv enessof the operator will
depend on this quartization scheme so care must be taken to determine that the quantization is
robust and closeto optimal, seesection(4). The operator is run over the image and its empirical
statistics (histograms) are evaluated for the operator's responseson and o edge(using the ground
truth segmemation supplied by Sowerby, see gure (2)). Thesehistograms are then normalized to
give two marginal distributions Pon (Y); Pot t () [6] speci ed by:

P(y(x)) = Pon(y(x)); if \x%lies on an edge
P(y(x)) = Pors (Y(x)); if \x%lies of f an edge path: (1)

For example, for the Iter (1) = F we would anticipate that the probability distribution for

Pos 1 is strongly peakedat y = 0 (i.e. the image gradient tends to be small away from edges)while
the peak of Py, occurs at larger valuesof y (i.e. the image gradient is likely to be non-zero at
edges),see gure (3).

2.2 Asymptotic Error Rates

Our task is to determine whether a set of samplesis more likely to be on-edgeor o -edge. This
task is important when determining whether to \group" a set of image pixels to form a continuous
edgepath { suct asaroad [6].

Supposewe have a sequenceof samplesy = y(x1);Y(X2);:::; y(Xn ) of the responsesof the edge
detector at positions xy;::;; Xy . The optimal tests for determining whether the samplescomefrom
Pon OF Pors will depend on the log-likelihood ratio® (seethe Neyman-Pearsonlemma [5]):

Pon (y(xa)s y00n) o X Pon(Y(x)

Port Y0x0)i v 0 ) 0% P (o) & @

logf

The larger the log-likelihood ratio then the more probable that the measurememn sample
¥ = (y(X1);¥(X2);:::5¥(Xn ) camefrom the on-edgerather than o -edge distribution (if the log-
likelihood ratio is zero then both on-edgeand o -edge are equally probable). It can be shovn
[5] that, for sucien tly large N, the expected error rate of this test decreasesxponertially by

1This can be thought of as the maximum likelihood test between two hypotheses which are equally likely a
priori.
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e NC(PuPor 1) where C(Pon; Por ) is the Cherno Information [5] betweenP,, and Py de ned
by:
X
C(Pon;Poif) = Ominl logf Pon (yj )P(}f f (yj )o: (3
j=1
A closelyrelated quartit y is the Bhattacharyya bound:

X )
B(Pon;Port) = logf P&y )Pt (¥i)g: (4)
j=1

From these de nitions it is straightforward to seethat C(Pon;Poff)  B(Pon;Pors) for any

Pon;Pot (becauseCherno selects to minimize logf f:l Pon (yj)Polff (y;)g with respect to

while the Bhattacharyya bound just sets = 1=2). Our results, seesection(5), shawv that Cherno
and Bhattacharyya give very similar valuesin our application domain.

The Cherno Information and the Bhattacharyya bound are directly related to the order pa-
rameters determined by Yuille and Coughlan[11]. For the road tracking task, the order parameter
K isgivenby K = B(Pon;Pott) + B(P gjjU) H(U), whereB (Pon; Pot ¢ ) is the Bhattacharyya
bound providing a measureof e ectiv enessof the local edgedetectors, and B(P gjju) H(U)
is a measureof the prior knowledge about the likely shapes of the road (as determined by P )
comparedto the number of possibledistractor shapes (as measuredby the uniform distribution
U and its entropy H (U)).

The bigger the value of K the easierthe road tracking task becomes(the task is e ectiv ely
impossibleif K < 0). Intuitiv ely, the local edgedetector, as measuredby B (Pon ; Pof t ), must be
e ectiv e enoughto overcomethe number of possibledistracting false paths.

It can be shown [5] that when two independert edge cues are combined then their Bhat-
tacharyyaboundswill simply add (their Cherno 's are guaranteedto be equal, or larger than, their
sum). In practice, few edgecuesare completely independert and sothe Cherno /Bhattac haryya
of two coupled cuesis usually a lot less, seesection (5), than the sum of their individual Cher-
no /Bhattac haryya's.

3 Edge Detection Filters

Many edge detectors have been proposedin the literature and it is clearly impossibleto test all
of them. Most standard edgedetectors were designedbasedon the assumption that the intensity
pro le acrossan edgecan be represenied by a step edgepossibly with additive Gaussiannoise {
see[3] for a thorough and insightful analysis of this type of model. It is clear, however, that other
types of edgepro le exist. Psychophysicists shov that human obseners are indeed sensitive to
such edgesand can use shadav edgesas cuesfor whether an object is touching the ground or is
oating above it.

Therefore we rst decided to evaluate the step edge model. To do so, we calculated edge
pro les from the Sawverby dataset. We aligned them and performed principal componert analysis.
The results (seetechnical report) strongly supported the step edgemodel becausethe meanpro le
and the dominant eigervectors corresponded to step edges. For a secondtest, we used Fisher's
linear discriminant to determine the bestlinear projection for distinguishing betweenedgepro les
and non-edgepro les. Our results showved that the best linear lter was the (discretized) rst
derivativ e operator indicating that the dominant feature of edgeswastheir intensity discortin uities
(seetechnical report for more details). From these\realit y cheds", and visual inspection of the
images,we concludedthat the vast majority of edgesin the dataset were, at least roughly, of the
step edgetype. Theseresults do not say that all edgesare step-edges. Nor do they imply that
other typesof edgepro le are unimportant.
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These considerationsmeart that we decidedto explore standard edge detectors rather than
develop new detectorssuitable to more exotic typesof edges.We stressthat our approach is purely
data-driven and dees not in any way assuumethat edgesare step edges. Still there may be certain
edgetypes, such as shadow edges,for which alternativ e edgedetectors could be more successful.

3.1 The Edge Detectors

Based on the results from the last section, we concerrate on three basic edgedetectors. These
are the magnitude of the intensity gradient, the Nitzb erg edgedetector [9], and the Laplacian of
a Gaussian. These edgedetectors are examinedin both the intensity and colour regimes. We also
examinetheir behaviours at a variety of di erent scales. It is straightforward to couple di erent
edge detectors to obtain a vector valued output and to determine the additional information
conveyed by combinations of edgedetectors.

The modulus of the gradient and the Laplacian of a Gaussianoperators are speci ed by the
equations T G(x; ) 1(x) andr ?G(x; ) |(x) where denotesconvolution and G(x; ) is a
Gaussian at dierent spatial scalesparameterized by the standard deviation . The Nitzberg
operator was originally designedas a corner detector and it turns out to be an e ectiv e operator
for distinguishing between regions of di erent textures. More precisely the Nitzb erg operator
involvescomputing the matrix N(x; )= G(x; ) fr1(x)gff1(x)g" whereT denotestranspose.
The output is the two-dimensional vector consisting of both eigernvalues( 1(x; ); 2(x; )).

The use of colour information for edgedetection has beendebated (although its e ectiv eness
for segmetation basedon regional properties is not in doubt). We use a variant of the NTSC
colour spacewhere Y = 0:299R + 0:587G + 0:114B, | = (0:596R 0:274G 0:3228B)=Y, Q =
(0:211R  0:523G + 0:312B)=Y. Here Y s interpreted to be the grey-scaleimage and | ;Q are
the chromaticity vectors. Obsene that, unlike NTSC, we have normalized the chromaticity by
the greyscale. We will examinethe relative e ectiv enessof chromaticity and grey-scaleeither by
themselves or when coupled.

The biology of human vision, combined with more pragmatic motives, strongly suggeststhat
imagesshould be processedat di erent scales.In sudc \scale-space"approachesit is not always
clear how to best combine the information given by the edgedetectors at di erent scales.In the
approadc followed in this paper, the optimal combination arises naturally subject to the quanti-
zation procedure we use. Multiscale is performed by varying the parameters of the Gaussian
convolutions. For linear lters, sudh asf and r 2, this Gaussiancorvolution commutes with the
derivativ e operation?. This is not true for the Nitzb erg detector becauseof its non-linearity.

4 Stabilit y

An important practical issue of our approach is to dewvelop an appropriate quantization for the
distributions. There is a trade-0 involved. If the number of quartization bins is too small then
the results we obtain will be crude. It will also be important when comparing the performance
of di erent edgeoperators (becausecrude binning may a ect someoperators more than others).
By cortrast, if we have too many quantization bins then the Py, ; Pos ¢ 'S, and hencethe Cherno
Information, may be too sensitive to the \noise" in the data. More practically, the greater the
number of bins the larger the amount of computational and memory requiremerts. At a more
abstract level, we are faced with the danger of over tting the data, which is a common problem
inherert to all learning procedures[10].

After considerableexperimentation and theoretical analysis(seetechnical report) we settled on
an adaptive quantization scheme. It becameclear that most of the reliable information could be
extracted using only 6 adaptive bins for each dimension of the Iter, see gure (3) (we emphasize

2Though, in practice, there can be small di erences due to discretization.
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Figure 3: The marginals over all the dataset. The vertical axis givesthe log probabilities and the
horizontal axis is the lter response. The adaptive bins are shavn by the vertical dotted lines.
The Py, and Py ¢ are represenied by the heavy and the dashedline respectively.

that this adaptation was performed over the ertire dataset and not for ead individual image).
This enabledus to perform statistics on up to 6 coupled edgecues{ which requires 6° quantized
bins.

Theoretical analysis of the Cherno information (seetechnical report) shawved that it became
increasingly unstable if the number of bins wastoo high (without a corresponding increasein the
number of samples). In particular, it alsoshonved somesensitivity to caseswhere several bins were
empty. However, we developed robust techniquesto avoid these dangers(seetechnical report).

When computing the Cherno for an ensenble of images,we also detected an instabilit y which
we calledthe \rotten apple". It becameclearthat a singleoutlier imagecould corrupt the Cherno
information of the ertire dataset. This could be seenbecausethe Cherno information for the
ensenble becamesigni cantly worsethan the averageof the Cherno information for ead image.
This led usto reject 5 imagesfrom our set of 103 becauseof the poornessof their edgemaps (see
technical report).

5 Results

We now show the resultson arangeof lters 7 ;r 2;N applied at arangeof scalesto colour/greyscale,

and with various coupling of the cues(Gaussian lters are usedto get multiscale). For reasons
of space, we restrict ourselves to shawing the following Iters: (1) r 2Y( =1), (2) r 2Y( =

1,24),3) Fl ;rQ . ( =1),@ Y (=1),065) «(Y):(=2)®) 1Y) 2) =21
FY ;1L rQs( =1),08) Fl ;FQ ( =1,24),(09) Y ( =1,24), (10) «(Y) =

1,2;4), (11) 2(Y); 20Y)( =124),(12) rY ;71 ;7Q ;( =1,2).

To calibrate the Cherno measures,we rst calculate it for two univariate Gaussianswith
identical standard deviations equalto the di erence of their means. This situation is known asthe
discrimination thresholdbecausehuman obseners nd it almostimpossibleto distinguish between
samplesfrom the two Gaussians. The Cherno measureis calculated to be 0:125 nats. Next we
calculated Cherno for the Geman and Jedynak road tracking application [6] (from the plots in
their paper). This gave a Cherno of 0:22 nats. This setsa baselineand, aswe will showv, we can
obtain Cherno 's quite signi cantly higher by combining cues. (Though we stressthat Geman
and Jedynak were tackling a di erent problem and so our results are not directly comparable.)

The principal results are the e ectiv enesof colour and multiscale, see gure (4) for the gradient
(we get similar trends for the Laplacian and the Nitzb erg detectors). In addition, the Nitzberg
Iter was superior to the gradient and both were (substantially) superior to the Laplacian of a
Gaussian, see gure (4). We also give a relief map, see gure (5), showing that although the
Cherno 's vary from image to image the relative e ectiv enessof the Iters is approximately the
same. Figure (6) also examinesthe variations betweenimagesby plotting the Cherno 's of the
Pon; Por ¢ Of di erent imagescomparedto the P2V9; P&’ Y obtained for the entire dataset.



ProceedingsComputer Vision and Pattern Recognition CVPR'99. Fort Collins, Colorado. 1999.

full color greyscale chrominance

«—u Nitzberg (I .| ,)
0-0 NNitzbergE 3 2

s

051 1)
0.4f

0.3f

0.2

0.1p

0 . . . . . . . . . . . .
1 2 4 12 241241 2 4 12 24 1241 2 4 12 24124

filter scales (s) filter scales (s) filter scales (s)

Figure 4: Comparison of lter performance. Plots shonv Cherno Information C(pon;poff) ON
vertical axesfor four typesof lters (Nitzberg ( 1; »), Nitzberg ( 1), jrj , Laplacian r 2) using
di erent combinations of scales,indicated on horizontal axes. The left panel indicates full-color
(YIQ), the middle is greyscale(Y) and the right is chrominance. The Nitzberg( 1; 2) at full-color
is the clear winner, and the Laplacian has the lowest Cherno at all scales.Note the increasein
Cherno asmore lter scalesare combined.
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Figure 5: A relief gure demonstrating the relative e ectiv enessof dierent Iters. The relative
e ectiv enessof the detectorsis roughly constart from image to image. The di erences in perfor-
mance betweenimagesis closelyrelated to the amount of vegetation (i.e. badkground texture) in
ead image.
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Figure 6: Cherno gure. We plot C(P;P§,¥9);C(P;P;"fg) for the Py ¢ (circles) and the Pgp
(pluses). This demonstratesthat although there is variation in the Pg,, ; Py ¢ 's betweenimagesthey
neverthelesshave standardized behaviour. Positions of the Pqy ; Pos ¢ 'S in this plot are determined
by the relative amounts of sky, road, buildings, and vegetation in the images.

6 Conclusion

Our results give a quantitativ e measure of the e ectivenessof dierent edge cuestaking into

accourt multi-scale and colour. The results are encouragingin that, by careful combination of
cues, we are able to get very good discriminability, as measuredby the Cherno information,

and demonstrate that certain edge detectors are signi cantly better than others. Our measures
of e ectiv enessare in a form directly suitable for combination with geometric grouping cues[11].

See gure (7) for the edgesfound by our logP,,=P ¢ criterion on the typical imagesfrom the
Sowerby dataset.

Future work involvesinvestigating these,and other, edgecueson a range of domains. We stress
that the results in this paper are in agreemen with earlier studies on the gradient and Nitzb erg
Iters (single scaleand no colour) reported in [4] on a small set of v e images(taken under very
di erent circumstances). Combined with the results of [1], this suggestshat our results will apply
directly to other databases. Certainly we obtain visually plausible segmemations applying the
Sowerby edgestatistics (i.e. the logPon;log Py ¢ ) to determine edgesin photographstakenin and
around our Researt Institute, see gure (8).

This dataset also allows us to determine the e ectiv enessof cuesfor classifying pixels based
on regional properties such as colour and texture. Our current work [8] demonstratesthat local
Iters are able to classify pixels in the Sowverby images as being sky, road, or vegetation with
accuracy rates of up to ninety percert without the needfor any spatial grouping. We stressthat
such results are likely to be domain speci ¢ and do not anticipate that they will generalizeto
di erent domains.
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Figure 7: The edgesobtained by our log Pon =Pqt ¢ criterion for the Soverby imagesshown earlier.
The edge lters usedthe modulus of the Gaussianwith full colour and combining scales = 1
and = 2.

Figure 8: The the edge map of an outdoor sceneoutside our Institute using the logPon=Pos 1
learnt on the Sowerby dataset.
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