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Abstract | W e prop ose a statistical approac h to com bining
edge cues at m ultiple scales using data driv en probabilit y
distributions. These distributions are learn t on the Sowerb y
and South Florida datasets whic h include the ground truth
p ositions of edges. W e evaluate our results using Cherno�
information and conditional entrop y. Our results demon-
strate the e�ectiv eness of m ulti-scale pro cessing and validate
previous heuristics such as coarse-to-�ne edge trac king.

Keywor ds| Ba yesian inference, edge detection, m ulti-scale
pro cessing, empirical evaluation.

I. Intr oduction

I T is generally agreedthat edgedetection should be per-
formed at multiple scales,see[13] for a historical per-

spective. There is lessagreement on preciselyhow to com-
bine the results of edgedetectors at di�eren t scales.

In this paper, we proposea statistical approach for com-
bining edge detectors at di�eren t scales. This develops
from our previous work on evaluating the e�ectiv enessof
di�eren t edge cues [10], [11], see also [2]. We use joint
probabilit y distributions to combine edgecuesat di�eren t
scales. In addition, we study the e�ectiv enessof cues for
the localization task of determining how closepixels are to
an edge. We also explore how much information is lost
(if any) when we decimate images to perform multi-scale
processing. Our approach is developed and evaluated on
the Sowerby and South Florida datasets (see �gure (14)
for examplesof images and ground truth edgesfor these
datasets).

We also relate our work to two alternativ e methods for
combine edgecuesbasedon: (i) coarse-to-�ne tracking us-
ing scale-space,and (ii) logical operations. The next two
paragraphsgive backgrounds on thesetwo approaches.

One approach to combining edgecuesat di�eren t scales
is to detect edgesat coarsescales,where they are presum-
ably poorly localized, and then track the edgesat �ner
scalesto determine the localization. This strategy hasbeen
usedboth for edgedetection and for algorithms for solving
the correspondenceproblem for binocular stereopsis,see
[13]. This strategy partially motivated the study of scale-
space[18], [9]. This study resulted in theoremswhich sup-
ported coarse-to-�ne tracking by proving that edgeswhich
existed at coarsescaleswould continue to exist at small
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scales[19],[1]. These results used Gaussian �lters to per-
form multi-scale processing. They also concentrated on
the Laplacian of a Gaussian �lter (for historical reasons)
which hassincebeenshown to have weak empirical perfor-
mance, for example see[10]. More sophisticated methods
of multi-scale processinghavealsobeenproposed,most no-
tably non-linear di�usion [15]. Thesemethods also enable
tracking of edgesat di�eren t scales.

Another approach is to combine the resultsof edgedetec-
tors at multiple scalesusing logical operationssuch asAND
or OR (often used in industrial applications, S. Geman {
personal communication). These approaches are intuitiv e
and simple to implement.

An advantage of our statistical approach is that it en-
ablesus to get samplesof imagescontaining edges.Wehave
generatedsuch samplesin previous work using lessrealis-
tic edgemodels [20],[21]which have beenusedto evaluate
human abilit y to detect edgesin images[8]. The more re-
alistic edgeprobabilities described in this paper will enable
us to generatemore realistic imagescontaining edges.

In section (I I), we give somebackground on our statisti-
cal approach to edgedetection [10]. We describe the rela-
tionship to generative models in section (I I I). Section(IV)
givesempirical results of our approach and comparesthem
with methods based on logical combinations of cues. In
section (V), we extend our statistical approach to estimat-
ing the distancesof pixels to the nearestedge(which sub-
sumesedgedetection asa special case). This enablesus to
relate our work to coarse-to-�ne approaches. Section (VI)
demonstratesthat little information is lost by decimating
the imagewhen performing multi-scale processing(leading
to gains in computational e�ciency).

I I. Back gr ound

The background material was �rst reported in [10], see
[12] for a more detailed version.

Statistical edge detection involves learning the condi-
tional probabilit y distributions P(� jon-edge) and P(� jo�-edge)
for the �lter response� conditioned on whether the �lter
is evaluated on or o� an edge. We can then use the log-
likelihood ratio test,

log
P(� (I (x)) j on-edge)
P(� (I (x)) j o�-edge)

> T; (1)
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to determine if a pixel x in image I (x) is an edge,where T
is a suitable threshold.

We usedtwo imagedatasetswith ground truth speci�ed.
The Sowerby dataset contains one hundred pre-segmented
colour images. The South Florida dataset contains �ft y
grey-scaleimages. Thesedatasetsdi�er both by the nature
of the images and by the methods used to construct the
segmentations (the ground truth). The Sowerby dataset
consistsof outdoor imagesof the English countryside. The
South Florida dataset consistslargely of indoor imagesin
Florida supplemented with a few photographsof magazine
images. More detailed di�erences betweenthe datasetsare
described in [12].

We evaluate the e�ectiv enessof di�eren t edge �lters,
and their combinations, using performance criteria . This
requires representing the conditional probabilit y distribu-
tions by adaptive non-parametric representations(e.g. his-
tograms), see[10]. The performancecriteria are also used
to determine the adaptive non-parametric representations
by evaluating the e�ectiv enessof the probabilit y distribu-
tions induced by the di�eren t choices of bin boundaries.
For each edge�lter, we choosethose bin boundarieswhich
give highest performance, using six bins per �lter dimen-
sion. Di�eren t edgecueswere combined by their joint dis-
tributions. These were represented by multi-dimensional
histograms with bin boundaries determined for the indi-
vidual edge�lters (as above).

Two performance criteria are used. The �rst criterion,
Cherno� Information C(p;q) [5] is a measureof the easein
determining which of two distributions p(:) and q(:) gen-
erates a set of samples (all members of the set must be
sampledfrom the samedistribution). It is given by

C(p;q) = � min
0� � � 1

logf
JX

j =1

p� (yj )q1� � (yj )g: (2)

It arises in theoretical studies [20] of the di�cult y of de-
tecting roads in aerial images[6]. The secondcriterion is
conditional entropy used in section (V) to determine the
e�ectiv enessof our approach to localize pixels relative to
the nearestground truth edge.

In addition, we useda decisiontree method [16] to select
those bin boundary cuts which best help discrimination.
This enablesus to understand the \guts" of the probabil-
it y distributions and to determine which aspects are most
important for segmentation. In this paper, for example,we
usedecisiontrees to �nd the most e�ectiv e scalesfor edge
detection. The decisiontree approach wasalsoused[12] to
prevent overlearning [17] since by restricting the number
of cuts we can acquire su�cien t data to learn distributions
even for high-dimensionaledge�lters (cross-validation [16]
was usedto determine if we were overgeneralizing).

I I I. Rela tionship to Genera tive Models

One advantage of our statistical approach to edgedetec-
tion is that it enablesus to generatesample imagescon-
taining edges[20], [21]. These sample images have been
usedfor psychophysicsexperiments to investigate the abil-
it y of human subjects to detect edges[8]. Visual inspection
of the sampled imageshelps determine whether there are
su�cien t statistical cuesto enableedgesto be detected.

In more detail, Geman and Jedynak [6] proposed a
Bayesianmodel for detecting roads in aerial images. The
road was represented by a contour X . It was assumed
that this contour was generatedby a prior probabilit y dis-
tribution P(X ) which imposed smoothness on the shape
of the road using a Markov model. The imaging model
assumedthat �lter responseswere generatedby distribu-
tions P(� = yjon) and P(� = yjof f ) dependingon whether
the �lter � was evaluated on or o� the road. This gave a
probabilistic model P(Y jX ) to generate the observed �l-
ter responsesY over the entire image conditioned on the
position of the contour X . The model assumedthat �lter
responseswereindependent, conditioned on the position X
of the road curve.

Yuille and Coughlan [20] analyzed the Geman and Je-
dynak model and showed that the detectabilit y of curves
in the image depended on the Cherno� information be-
tween the distributions P(� = yjon) and P(� = yjof f )
and the entropy of the prior distribution P(X ). Edge de-
tection gets easier as the Cherno� information increases
and the entropy decreases.Yuille and Coughlan illustrated
thesetheoretical results by sampling from the distributions
P(Y jX )P(X ). Kersten and Schrater used similar stimuli
to determine the abilit y of human observersto detect edges
in imagesand noted that observers are better at detecting
straight curves[8].

The empirical probabilit y distributions P(� jon); P(� jof f )
reported in this paper can be usedto generatemore accu-
rate sample stimuli which can be used either to evaluate
human performance at curve detection or for generating
realistic imagesfor other purposes.

IV. Mul tiscale Edge Detection

This sectionstudiesthe e�ectiv enessof edgedetection at
multiple scales.Weconcentrate mostly on using the magni-
tude of the gradient operator j ~r (:)j (which was among the
best of the �lters evaluated in [10]), but other �lters give
similar results [12]. The operators are applied at di�eren t
scales� by smoothing the image with a Gaussian�lter of
variance � 2. We apply the �lters to the three colour bands
Y; I ; Q for the Sowerby dataset and the single grey-scale
band Y for the South Florida dataset. In addition, we
study the grey-scaleband Y of Sowerby and the chromi-
nance bands de�ned by I =Y; Q=Y where we have normal-
ized out the grey-scaleY .

We summarizeour �ndings in the following results.



3

RESULT I: Multi-scale �ltering is very e�ective. This
results is not surprising but is a pre-requisite for the rest of
the paper. This result is illustrated in �gure (1) which was
�rst published in [10]. It shows that multi-scale �ltering
givesa major improvement in performancefor edgedetec-
tion on the Sowerby dataset. This holds for full colour,
grey-scale,and chrominance. The improvement is lessdra-
matic for the South Florida dataset where most of the im-
agestructure seemsto occur at a single (small) scale(and
the background of the imageis lesscluttered soedgedetec-
tion is comparatively easy[12]). Multiscale is better able to
discriminate between texture edges(which should be dis-
counted) and the edgeswhich correspond to boundaries. It
is alsoable to detect edgesof di�eren t widths (which occur
in Sowerby but rarely in South Florida). The di�eren tial
operators are the magnitude of the imagegradient j ~rj , the
Nitzb erg operator ~N [14], and the Laplacian r 2 [13].
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Fig. 1. The advantages of using multi-scale �lters on Sowerby (LEFT
THREE PANELS) and South Florida (RIGHT PANEL). The edge
detector operators are labelled by stars for (N 1 ; N2), crossesfor N 1 ,
triangles for j ~r j, and diamonds for r 2 . The Cherno� information is
shown for: 1 the �lter at scale� = 1, f 1; 2g the coupled �lter for scales
� = f 1; 2g, and f 1; 2; 4g the coupled �lter for scales � = f 1; 2; 4g.
The Cherno� always increasesas we add larger-scale �lters. Decision
trees are required when applying �lters r 2 ; j ~r j to (Y; I ; Q) at scales
� = 1; 2; 4, and when applying (N 1 ; N2) to chrominance at scales
� = 1; 2.
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Fig. 2. Left Panel: Decision tree for Sowerby in grey-scale,
jrj � =0 ;1;2;4(Y ). Right Panel: Decision tree for Sowerby in full colour,
jrj � =0 ;1;2;4(Y; I ; Q).

We now seek to understand the e�ectiv enessof multi-
scale edgedetection in more detail. Our intention is un-
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Fig. 3. The Cherno� for the magnitude of gradient operator asymp-
totes quickly with the number of decision cuts. South Florida dataset.

� = 2 � = 1 � = 4 � = 1 � = 0 � = 4 � = 4
0.0082 0.0107 0.0029 0.0346 0.0145 0.0018 0.0067

TABLE I

The positions of the bin bound aries f or the Sowerby

dat aset. The ordering is fr om left to right (i.e. the first

bin bound ar y chosen is at the extreme left). The value of �

labels the scale and the number belo w it indica tes the

position of the bin bound ar y (in terms of the log-likelihood

ra tio).

derstandwhich scalesconveymost information and to com-
pare the results to more heuristic techniques such as com-
bining �lters at di�eren t scalesby taking thresholdsat each
scaleand then performing logical operations.

RESULT II: The Cherno� information rapidly asymp-
totes for a small number of decision cuts. This is shown
for Sowerby in �gure (2) and for South Florida in �gure (3).
A small number of cuts is su�cien t to give much of the dis-
crimination performance. It is most e�ectiv e to have one
cut per each scale but with a bias towards extra cuts at
the smaller scales. The positions of these cuts are given
in tables (I,I I). This motivates a poor man's multi-scale
edge detector where one can combine edgedetector �lters
at multiple-scalesusing decisiontree cuts. Moreover, these
decisioncuts can be determined empirically without need-
ing to learn the full joint probabilit y distributions. It would
only require a simple learning stageto determine e�ectiv e
positions for the cuts.

RESULT II I: Intermediate �lter scalesare most e�ective
(when used alone). The e�ectiv enessof di�eren t scalesis
shown in �gure (4) and the left panel of �gure (6). The
intermediate scalesare most e�ectiv e. Too big is bad (due
to poor localization) and too small is bad (due to false
positives).

RESULT IV: Chrominance is most e�ective at large
scales. This is illustrated by �gure (4). This result agrees
with studies of biological vision (eg. receptive �elds for
colour are larger than those for grey-scale).

RESULT V: The absoluteperformance of logical AND or
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Fig. 4. Cherno�s for magnitude of gradient at a single scale for grey-
scale, chrominance, and full colour on the Sowerby dataset. Observe
that intermediate scalesare most e�ectiv e. Note also that the chromi-
nance is most e�ectiv e at larger scales (in agreement with studies of
human vision). Sowerby dataset.
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Fig. 5. The logical AND and OR of �lters at scales f 0; 1; 2; 4g are
not very e�ectiv e. Left Panel: grey-scale. Right Panel: chrominance.
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Fig. 6. Left Panel: the Cherno� for the magnitude of gradient op-
erator at a single scale for the South Florida dataset. Observe that,
in contrast to the results for Sowerby, the most e�ectiv e scale is the
smallest one. Right Panel: the logical AND and the logical OR are
also not very e�ectiv e on South Florida.

� = 0 � = 1 � = 1 � = 1 � = 2 � = 0 � = 0
0.0331 0.0061 0.0509 0.0183 0.0027 0.0801 0.0140

TABLE I I

The positions of the bin bound aries f or South Florid a,

similar conventions to previous figure.

OR �lters is comparatively disappointing. This is shown in
�gure (5) and the right panel of �gure (6). Better perfor-
mance can be obtained using a small number of decision
tree cuts, as described in RESULT II.

V. Localiza tion of Edges

To study the e�ectiv enessof multi-scale edgedetection
we now turn to the harder task of classifying all the pixels
in the image depending on their distance from the nearest
edge. We determine how e�ectiv e the di�eren t scalesare
at thesetasks.

Estimating the localization of a pixel (relativ e to the
nearest edge) is a straightforward application of Bayesian
decisiontheory. For each pixel we compute the probabilit y
that it is a speci�c number of pixels away from an edge.
From this, we compute the Cherno� information, and ob-
tain ROC curves,for binary decisiontasks,such aswhether
a pixel is lessthan, or more than, two pixels from an edge.
In addition, we useconditional entropy to evaluate the ef-
fectivenessof our �lters for simultaneously classifying pix-
els into multiple classesbasedon their distance from the
nearestedge.

A. Binary Classi�cation

In this subsection,we study edgelocalization by classi-
fying pixels depending on whether they are less than (or
equal to) or greater than w pixels from an edge. Let ! (x)
be the distance of a pixel x to the nearest edge. For each
w, we classify pixels into the following two classes: (i)
� 1 = f x : ! (x) � wg, (ii) � 2 = f x : ! (x) > wg.

We now learn the probabilit y distributions P(� =
yj� 1); P(� = yj� 2) exactly as we learnt P(:jon-edge) and
P(:jo�-edge) in the previous sections (decision trees are
used if necessary). The priors P(� ) for � = (� 1; � 2) are
also learnt. We evaluate the distributions by their Cher-
no� information as in previous section. (The next section
evaluates thesedistributions for multiple classi�cations).

Our main �ndings are summarizedby RESULTS VI-IX.
In addition, we found that RESULTS II,V on decisiontree
cuts and on AND and OR �lters are essentially unaltered,
see[12]. (I.e (i) the Cherno� reaches an asymptote very
quickly as a function of the number of decision cuts, and
(ii) the AND and OR rules give disappointing absoluteper-
formance.)

RESULT VI: Localization is possibleand higher scale in-
formation helpsWe obtain reasonableCherno�s for local-
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Fig. 7. These �gures show that edgelocalization to a speci�ed degree
of accuracy is, not surprisingly , best performed by �lters tuned to this
degree of localization. The results are for full colour (Top Panels),
grey-scale (Middle Panels), and chrominance (Bottom Panels). The
�gures show the Cherno� for magnitude of gradient at a single scale
on the Sowerby dataset. Short scale �lters (� = 0; 1) are in the Left
Panels, mid-scale �lters (� = 2; 4) in the Center Panels, and large
scale �lters (� = 8; 16) in the Right Panels. The horizontal-axis is
accuracy of edge localization, in pixels (e.g., an edge localization of 2
means that the Cherno� information is calculated relativ e to whether
each pixel is within 2 pixels of an edge vs. greater than 2 pixels from
an edge.)
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Fig. 8. Cherno� for magnitude of gradient at a single scale, S.Florida
dataset. Same conventions as previous �gure.
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Fig. 9. Cherno� information vs. edgel localization for multi-scale
�lters, using the greyscale image band. Left: Sowerby dataset. Right:
S.Florida dataset.
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Fig. 10. Justi�cation for coarse-to-�ne tracking on South Florida.
We plot the Cherno� for the multi-scale �lter jrj � =1 ;2;4 and the
�lter at scale � = 1 (the best single-scale �lter for South Florida)
as functions of edge localization. Observe that the Cherno� for the
�lter at scale � = 1 for localizing to width w = 1 is almost identical
to the Cherno� for multi-scale to localize the edge to width w = 0
(the white boxes indicate the relevant data points).

ization, see�gures (7, 8). This result is a pre-requisite for
the remaining results in this section. It implies that the
quality of the datasetsand the ground truths are adequate
for our analysis. In addition, the quality of the localization
results improve as we add higher scales(particularly for
Sowerby), see�gure (9).

RESULT VI I: Localization to width w is best done by a
�lter at scale w. This is illustrated by �gures (7, 8). This
result is not surprising, but it has never been empirically
demonstrated.

RESULT VI I I: Chrominance localization improves with
scale and approachesgrey-scale localization at large scales.
This is shown in the lower two panelsin �gure (7). It is per-
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Fig. 11. Coarse-to-�ne tracking on Sowerby with full colour (LEFT
PANEL), grey-scale (CENTRE PANEL), and chrominance (RIGHT
PANEL). The plots show the Cherno�s of the multi-scale �lters
jrj � =1 ;2;4 and the �lter at � = 4 (the best single-scale �lter for
Sowerby) as functions of edge localization. Observe that for all pan-
els, the Cherno� for the �lter at � = 4 for localizing to width w = 4
is almost identical to the Cherno� for the multi-scale �lters localizing
to width w = 0, the square boxes indicate the relevant data points.

hapsnot surprising that chrominancelocalization improves
with scale(studies of biological vision suggestthis). It is
unexpectedthat chrominancelocalization approachesgrey-
scale localization at large scale (our de�nition of chromi-
nancehas normalized out the grey-scaleintensity).

RESULT IX: Justi�c ation for the strategy of coarse-to-
�ne edge tracking.. For both datasets there is an optimal
scale � � , which is � � = 4 for Sowerby and � � = 1 for
South Florida. In both cases,the Cherno�s for using the
�lter at the optimal scale� � to localize the edgeto width
w = � � is only slightly smaller than the Cherno� using
multi-scale �lters to localize the edgeprecisely at w = 0,
see�gures (10,11). This validates the strategy of detect-
ing the edge at a coarsescale � � with only approximate
localization, w = � � , and then \trac king" the edgeby us-
ing smaller scale�lters to localize it precisely. But observe
that the choice of coarse-scaleis dataset dependent.

B. Multiple classi�cation

We now estimate the localization of a pixel (relativ e to
the nearestedge)by computing the probabilit y that it lies
within a set of distances from an edge. As in the previ-
ous subsection,we let ! (x) be the distance of a pixel x to
the nearestedge. We classify pixels into the following �v e
classes:(i) � 1 = f x : ! (x) = 0g, (ii) � 2 = f x : ! (x) = 1g,
(iii) � 3 = f x : 1 < ! (x) � 2g, (iv) � 4 = f x : 2 < ! (x) � 4g,
(v) � 5 = f x : ! (x) > 4g.

For this multiple-classi�cation task, using �lter � , we
learn the conditional probabilit y distributions P(� = yj� i )
and the priors P(� i ) for i = 1; :::; 5. We classify a pixel ~x
as � � where

� � = arg max
i =1 ;:::; 5

P(� (x)j� i )P(� i ): (3)

To evaluate the performanceof �lter � , we usethe con-

ditional entropy H (� jy) [5] de�ned by:

H (� jy) = �
X

y

5X

i =1

P(� i j� = y)P(y) logP(� i j� = y): (4)

We use Bayes rule to compute the posterior distributions
P(� i j� = y) from the likelihood functions P(� = yj� i ) and
the priors P(� i ).

The conditional entropy of a random variable � is a mea-
sureof how much uncertainty remainsabout its value after
an observation � = y has been made (averagedover the
possiblevaluesof y). The smaller the conditional entropy,
the greater the certainly of the value of � after making the
observation. Hence we prefer �lters with low conditional
entropy (the ideal �lter would have zero conditional en-
tropy). The conditional entropy can be comparedwith the
entropy H = �

P 6
i =1 P(� i ) logP(� i ) of the prior distribu-

tion of � before any observations have been made. The
conditional entropy is always lower than the entropy be-
causemaking the observation must, on average,decrease
the uncertainty of � .
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Fig. 12. The conditional entrop y for the magnitude of gradient op-
erator on the Sowerby dataset for single-scale �lters (LEFT PANEL)
and multi-scale �lters (RIGHT PANEL). The horizontal axis is the
�lter scale, e.g., a �lter scale of 2 is the �lter jrj � =2 . The dotted line
is the entrop y (observe that the entropies di�er between the plots
because running certain large-scale �lters requires a modi�cation of
the images to remove boundary artifacts, which causeschanges in the
prior distributions). The classi�cation is localization of pixels to an
accuracy of being on-edge to within 0, 1, (1; 2], (2; 4], > 4 pixels.

The results, see�gures (12,13), show the advantages of
multi-scale �ltering for both the Sowerby and South Florida
datasets. It can be shown [12] that theseresults meanthat
we have a 55 percent chanceof correctly classifying a pixel
into one of the �v e categories(for the Sowerby dataset).
This is compared to random guessingwhich would yield
20 percent accuracy. But overall, the results con�rm the
well-establishedbelief that edgedetection is hard!
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Fig. 13. The conditional entrop y for the magnitude of gradient op-
erator on the South Florida dataset. Same conventions as previous
�gure.

VI. Decima tion

Finally, weaddressthe questionof how to perform multi-
scaleprocessinge�cien tly . Burt [3] proposedrepresenting
an imageby a pyramid constructed by repeatedly convolv-
ing the image by a Gaussian�lter and sub-sampling. This
representation is very e�cien t. But it unclear whether we
lose information by performing edge detection on such a
pyramid. What are the trade-o�s between the amount of
edgeinformation we destroy by decimating the image and
the potential speedup in computation?

Our result in this section show that hardly any infor-
mation (eg. abilit y to detect edges)is lost if we perform
multi-scale analysis using a pyramid representation. This
has many computational advantages. Supposewe want to
detect a hand in an image by a deformable template (see,
for example,[4]). Each decimation (by a factor of 2x2) will
speedup the algorithm by a factor of 4. Moreover, we can
save memory by only storing the edge �lter responseson
the decimated images.

To decimate an M � N image by a factor of k, we do a
simpleaverageof each k� k pixel region. (Our resultsshow,
somewhat surprisingly, that simple averaging is su�cien t
and we do not need to smooth the image as we decimate
it). This gives the intensity valueson the (M =k) � (N=k)
decimated image. We usek = 1; 2; 4; 8; 16 on Sowerby im-
agesand k = 1; 2; 4; 8 on South Florida (becausethe South
Florida imagesare smaller). To decimate the ground truth
for Sowerby by a factor of k, we de�ne a pixel to be an edge
provided at least k out of the k � k pixels in the region are
labelled edges. For South Florida, we de�ne a pixel to be
an edgeprovided at least k=2 out of the k � k pixels in the
region are labelled edges.We usea di�eren t procedurefor
the two datasets becausethe edgesin Sowerby tend to be
twice asthick asthosein South Florida. The resulting edge
maps are checked visually, see�gure (14), to ensure that
the resulting edgesare plausible (i.e. thin and correctly

Fig. 14. Decimations of Sowerby and South Florida images. Far left,
a typical Sowerby image at �v e decimations. Centre left, its edge
maps for these decimations. Similarly for South Florida in centre
righ t and far righ t.
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located).
Our results show that performing decimation at mul-

tiple scaleslosesvery little information (so more sophis-
ticated decimation methods, involving image smoothing,
can hardly do any better). To understand this, let the
decimation factor be k and the �lters have scale � k (for
� k = 1; 2; 4). In a undecimated image this corresponds to
an e�ective scale � = k � � k . If no information is lost by
decimation, then we expect that �lters with the samee�ec-
tiv e � should have the sameCherno� information. This is
shown to be true in �gure (15) where we plot the curvesof
the Cherno� information asa function of edgelocalization.
The curves with a common e�ectiv e scale are practically
identical regardlessof the decimation.

Our results on how performancedegradesaswedecimate
the imagesshowsdi�eren t responsesfor Sowerby and South
Florida, see�gure (16). Overall we seesurprisingly good
Cherno� information even when the images are severely
decimated by factors of up to 8 or 16, at least for the
Sowerby dataset. For the Sowerby dataset, the informa-
tion content is roughly constant, or slightly increasing,with
increasing e�ectiv e scale. In fact, the edgesare approxi-
mately self-similar at each decimation level. This can be
seenby noting that the curves(left panel, �gure (16)) are
essentially translated versions of each other. This means
that any edge on any decimated image (at least up to a
16 � 16 decimation) will look statistically like an edge in
the original (non-decimated) image. On the other hand, for
the South Florida dataset, the information content drops
sharply with increasing e�ectiv e scale. For large decima-
tions, the edgesbecomevery di�cult to detect. (This is
due to an inherent decreasein the information content, not
due to a poor decimation. As noted above, little or no in-
formation is lost due to the decimation.)

A surprising implication of this is that, for 4 � 4 deci-
mations or larger, the Sowerby dataset is actually easier to
segment (i.e., determine the edges)than the South Florida
dataset. For the largest scalewe study (8x8 decimation),
edgesin the South Florida dataset have an information
content of only around 0.125 | which is the limit of dis-
criminabilit y, so edgeswill be very di�cult to detect. This
occurs despite the large amount of texture in the Sowerby
dataset, and the relative lack in the South Florida dataset.

We seetwo reasonsfor this. Firstly , the Sowerby dataset
contains a lot of \texture edges" which make the images
harder to segment than the South Florida set. As the dec-
imation increasesthe texture edgesstart becomingweaker
(i.e., smoothed out) so the background for Sowerby be-
comesmore distinct from edgesfaster than the background
for South Florida (where edgesmight start to get \w ashed
out"). Secondly, it appearsthat the ground truth segmen-
tation for South Florida segmentation shows great atten-
tion to preciselocalization of sharp edgesbut typically ig-
nores large-scalebroad edgessuch as the folds in a carpet
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Fig. 15. The overlaying of these curves shows that little information
is lost by decimation. The curves plot the Cherno� information as
a function of the edge localization (measured in the undecimated
image). The �lters are the magnitude of the gradient on the grey-
scaleimage. The � above each graph givesthe e�ectiv e scale. For each
e�ectiv e scale � we plot all the combinations of decimation factors k
and scale � k such that � = k � � k . For example, for scale = 4 we plot
the undecimated image at scale � = 4, the image decimated by 2 � 2
at scale � 2 = 2, and the image decimated by 4 � 4 at scale � 4 = 1.
Top two rows, Sowerby. Bottom two rows, South Florida.
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Fig. 16. This �gure shows that for Sowerby there is more information
at high scaleswhile the opposite is true for South Florida. Left panel:
for each e�ectiv e scale (1; 2; 4; 8; 16; 32; 64 for Sowerby we plot the
Cherno� information as a function of edge localization. Right panel:
similarly for South Florida (with e�ectiv e scales1; 2; 4; 8; 16; 32).

or out-of-focus edges. In contrast, the Sowerby segmen-
tation does the opposite and appears to concentrate on
labelling all edges, including those which are broad and
hard to localize, at the cost of precise localization. The
�rst observation is an inherent feature of the two datasets,
and so would imply that di�erences are real. The second,
however, would mean that someof the di�erences in infor-
mation content is an artifact of how the ground truths of
the datasetswere determined. It remains to be seenwhich
of thesetwo e�ects is the more prominent e�ect.

VI I. Conclusion

This paper intro ducedthe idea of performing multi-scale
edgedetection by statistical inference(by extending work
reported in [10]). We have summarized our main �ndings
in RESULTS I-IX and by our section on decimation.

Our work shows that edgecuescan be combined by sta-
tistical inferenceand that this approach outperforms other
methods based on logical combination of cues. But we
also show that simple decision rules are often su�cien t to
achieve closeto optimal performance(subject to our eval-
uation criteria). Our work also givessomejusti�cation for
the coarse-to-�ne strategy used in scale-space. We have
also evaluated the e�ectiv enessof colour cuesand of deci-

mating the image when performing multi-scale processing.
These empirical probabilit y distributions P(� jon-edge)

and P(� jo�-edge) can also be used to generate samples
of realistic edgeswhich can be used to determine human
abilit y to detect edgecontours [8] and determine how this
abilit y relates to theoretical limits [20],[21].
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