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Abstract

This document provides a general idea of what edge-detectionis and how it works, Eg., for Computer vision etc.,
Edgedetectorsare often operated with arbitrary parameterssuch asthresholds. Determining the signi�can t values
for these parameters on a trial and error basis may be a problem. It is therefore bene�cial to try to understand
edge-detectionin terms of establishedquantitativ e methods. Here we show how the idea of an Hypothesistest can
be used for signi�cance testing and that provided there is the samenull hypothesisdistribution everywhere in an
image, applying Hypothesis testing is the sameas thresholding. We show how the method of error propagation
can be usedto �nd out if we have uniform noiseon a feature enhancement. We apply this analysis to the Canny
algorithm for detection of step edges.

We explain that for other than step edgesthis algorithm needsmodi�cation and how this can be donewhile staying
within the overall framework for the detection of connectedfeatures via non-maximal suppressionand hysteresis
thresholding. The DoG is a linear �lter which has the required properties for algorithmic stabilit y, and can be
used for the detection of ridge structures. The orientation of the ridge is de�ned for this processas the direction
of maximum secondderivative. This ridge detector is then evaluated for the task of 
y wing analysis, by looking
at the speci�c characteristics of noiseand scalestabilit y.

Background

Edgesare imageattributes that are useful in imageanalysisand classi�cation. The edgeis widely de�ned to be an
abrupt changeof grey level valuesand its location is identi�ed as the midpoint of the edgeslope [1]. The sharp
changesin intensity are important as they correspond to illumination changessuch as shadows and illumination
gradients or changesin orientation, distancefrom the viewer or surfacere
ectance, material, or to object boundaries
[2]. Edgescan alsobe perceived in regionswith di�eren t optical characteristics such ascontrast, colour and texture.
The subjective approach of edgede�nition and characterisation and its wide range of applications have given rise
to the development of large number of edgedetectors that vary in performance [1].

Edge detection plays a signi�can t role in object recognition and shape analysis. It simpli�es image processing&
analysis by drastically reducing the volume of the data to be processedwhilst preserving useful and important
structural information in the image. Essential information in the image is preserved in the edgemap of the image
and edgestructures have an apparent relevancein the biological systemsaccording to Marr [2]. Vernon [3] states
that an imagecomprisedof boundariesaloneis a higher-level representation of the scenethan the original grey level
image. Moreover, edgeinformation in an image tends to be robust to a certain extent under varying illumination
or related cameraparameters. Edge structures are consideredprimitiv e featuresand usedwidely in computational
vision in areassuch as scenesegmentation, motion detection etc., There is an assumption that the edgesdetected
have some physical signi�cance [4]. The theoretical basis for the concept of an edge is best described by the
mathematical concept of \di�eomorphic equivalence". The basic idea is that, as the processof image formation
can be described by a continuous function (eg; an optical model) of the underlying scenestructure, di�eren tial
discontinuities in the sceneare preserved in the image. The extracted boundariesare useful in de�ning the location
and shape of the features in the image. Object recognition becomeshighly feasible if the boundary of an object
can be traced successfully [5].

One major considerationof the behaviour of any feature detection algorithm is how well it performs in the presence
of noise. In particular, is it capable of extracting the required image features for a wide range of images. Edge
detection is conventionally carried out after �ltering the imageusing a �lter optimised for particular characteristics.
Theseoften aid in �ltering the noise,however, this will alsoblur the edgessinceedgesmostly comprisehigh spatial
frequencies [5].

Edge Detection Algorithms

Most of the edgedetection algorithms involvesthe following few steps:

� The image is convolved with a feature enhancement mask (for step edgedetection this may be a gradient
calculation).

� The pixel positions with enhancedresponsegreater than certain threshold level are labelled asfeature tokens.
This eliminates features that are most likely causedby noise.

� For connectedfeature structures, linking is performed to ensureedgecontinuit y by bridging the gapsof the
isolated fragmented edges.
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Hyp othesis Testing

The �rst two stagesin a feature detection process;thresholding of a responsefrom a feature (or edge)enhancement,
can be related to conventional methods for hypothesis testing.

We could attempt to construct a decision system based upon Bayes theorem, but this could never be properly
characterised for arbitrary scenes1. However, as we generally know something regarding the sensitivity of our
measurement system(imagenoise),wecancomputethe equivalent of a null hypothesisfor the detectedfeaturebeing
entirely consistent with the noise processes.This has a fully quantitativ e, and therefore testable, interpretation
basedupon noiserejection.

We de�ne the image content consistent with the null hypothesis as any theoretical 2D structure which would
generatea zero responsefor noise free data, that is any feature responsebeing detected is just noise. In order to
prove otherwise, i.e., detect the feature of interest, there should be su�cien t evidenceto reject the null hypothesis.

To test the null hypothesis we calculate the probabilit y of the noise distribution for a feature detection response
greater than the particular value of z i.e., say t, then it can be denoted by:

P(z > t) =
Z 1

t
p(z) dz (1)

Testing the probabilit y of the null hypothesisat a particular value is thereforeequivalent to thresholding the feature
response(or any monotonic function thereof) at that particular value. If \t" represents the threshold value, by
thresholding the distribution by \t", the presenceor absenceof signi�can t features can be determined.

0 t

Figure 1: Gaussiandistribution and thresholding

The threshold value, \t" will apply a consistent hypothesis test to the entire image provided that the e�ects of
noisein the input image produce a spatially consistent distribution in the enhancement image. This can be tested
by error-propagation (described below) to ensurethat noiseis uniform throughout the feature enhancement image.
Further, the results of this analysis would tell us how the threshold should vary across the image, should the
enhancement imagenot have uniform noisecharacteristics so that the applied threshold always results in the same
level of noiserejection.

This framework potentially allows the construction of a feature detector for any form of local image structure and
thereforeprovidesvery little constraint on the de�nition of what we would like to detect. In fact if we take the view
that the feature enhancement stageshould be consideredas a matched �lter, then we know that the best detector
for any image structure must be basedupon the structure we are looking for. Therefore, we cannot expect to have
onesingleoptimal edgeor feature detector which is best for the detection of all edgesunder all situations. However,
the hypothesis test interpretation does tell us that well behaved algorithms will have enhancement stageswhich
respond with spatial consistency in the presenceof noise. Such a behaviour will naturally result in a \robust"
responseto image data.

Error Propagation

Using the concept of error propagation the uniformit y of noisein the image and its e�ect in the output image can
be estimated. The �rst order analysis provides an understanding of the e�ects of noise,and provides a necessary

1We cannot construct a meaningful quantitativ e test based directly upon the presence of the feature, as we do not know a-priori
the characteristics of any features present.
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but not su�cien t condition for algorithm stabilit y.

For any function, y= f(x), a small change � x in x, can causea change � y in the function f(x). This change in
the function, � y can be estimated by taking the partial derivatives of the function, f(x) with respect to x and
consideringthe small change� x .

� y =
dy
dx

� x (2)

Thus, any change in the function, that depends on a variable x, can be calculated from the amount of change
on the variable x itself. For the speci�c caseof convolution of an image, the output image can be represented as
below:

f (x;y ) =
X

m

X

n

Gmn I (x + m;y + n ) (3)

Any change � in the input image I, will causea change � f in the output image f . Therefore, the change in
the output image can be calculated from estimates of the variance in the input image. For uniform independent
random noisethis can be represented as:

� f 2
(xy ) =

X

m

X

n

G2
mn � 2

(x + m;y + n ) (4)

In the above equation the e�ects of the parametersof the convolution kernel can be summarisedby a constant, K:
X

m

X

n

G2
mn = K (5)

Therefore we can re-write the changesin the output image as below:

� f 2
(xy ) = K :� 2

(x + m;y + n ) (6)

This shows that any change in the output image is directly proportional to the changesin the input image and
spatially non-varying irrespective of the speci�c convolution. Therefore, performing Gaussian convolution or a
linear operator such as the Di�erence of Gaussian�lter (described below), doesnot intro duceany arbitrary spatial
dependencyon the noiseprocessin the output image.

Cann y Edge Detector

Edgesare points where the magnitude of the �rst derivative of the images`surface'is a local maximum ie., an edge

is present in the smoothed intensity function, f(x) if
�
�
� df

dx

�
�
� is a maximum [4]. Sincegrey imagesare two dimensional,

edgeshave a direction as well as magnitude. Therefore, the edgedetector should be capableof identifying edges
occurring at di�eren t orientations in the image. In two dimensional images,edgesare consideredas linear features
at which the magnitude of the �rst derivative along the gradient direction is maximum [4]. This is equivalent to
taking the zero-crossingsof the secondderivative but numerically more reliable.

The Canny algorithm involved the following important steps:

� The image is blurred with a two-dimensionalsmoothing kernel to reducethe e�ects of noise.

� The intensity gradient, magnitude & orientation of the gradient direction are detectedin the smoothed image
f (x; y). They can be obtained as below:

The gradient,

f =
�

df (x; y)
dx

;
df (x; y)

dy

�
(7)

In the Canny edgedetector, featuresare located over local maxima in the magnitude of the gradient vector,

mag(f ) =

s �
df (x; y)

dx

� 2

+
�

df (x; y)
dy

� 2

(8)
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It can be shown, again by the use of error propagation, that this calculation will give rise to a spatially
uniform noisedistribution and is therefore a suitable basis for a statistically stable feature enhancement.

The gradient direction is the direction in the imagefor which the gradient changesmore rapidly. It is denoted
by � , and can be calculated as follows in caseof a step edge:

� = tan � 1

2

4

�
df (x;y )

dy

�

�
df (x;y )

dx

�

3

5 (9)

� Non-maximal suppressionis carried out in the direction perpendicular to the estimated orientation so as to
retain only the edgeswith maximum gradient values.

� Adaptiv e thresholding with hysteresis is performed to eliminate noise & streaking of edgecontours. This
makesprovisions for retaining true edgeswith 
uctuating intensity values.

The Canny edgedetector is basedon optimising three important criteria that are essential in the processof edge
detection.

� Good Detection: The probabilit y should be low for a) not detecting real edgesb) detecting falseedges.

� Good localisation: The detected edgesshould be near to the centre of the true edges.

� Good response: There should be only one true responseto a single edge.

The edgedetector so proposedby Canny had a similar shape to that of a �rst derivative of a Gaussianand seems
ideal for detecting step edges. The edgepoints in the imageswere detected by �nding the maxima in the �rst
derivative [6].

Interestingly, although Canny used the criteria above to adjust someaspects of the step-edgedetection process,
such as the convolution kernel, the noisecharacteristics of the algorithm werealready guaranteed to be stable once
the basic framework had been speci�ed. In the context of our interpretation of feature detectors as hypothesis
tests, the optimisation processdid not a�ect the noise sensitivity of the algorithm, only the speci�c de�nition of
the shapesof featurescorresponding to a null hypothesis2. A large part of the successof the Canny edgedetector
should be attributed to the design of the algorithm and not the criteria selectedfor optimisation. We should
therefore be able to re-usethe basic framework for the detection of connectedfeatures provided we make suitable
replacements for the feature enhancement and orientation calculation.

Metho ds

Ridges : The 
y wing has a seriesof wing veins which appear in an imagesas ridge features and the optimal
detection �lter would be onethat is similar in pro�le to theseridgesbut givesa zeroresponsefor non feature regions
(such as uniform or gradually varying background). This would be consistent with application of a threshold as
a hypothesis test while giving maximal responseof the edgedetection algorithm to wing structure. The shape
of the wing pro�le inside the wing is shown in �gure: 2(b) and it would be ideal to use a �lter similar in shape
to that of the wing pro�le, such as a Gaussian. However, the di�eren t wing pro�les, at the wing edges,can only
be accommodated with a single detector if we reduce the signi�cance of image data away from the centre of the
ridge. The shape of wing pro�les combined with the need for some kind of radial weighting in the detection
processcan be interpreted as a Likelihood estimate for the scale of local image structure (App endix A). This
interpretation appears to suggestthat there may be some problem with speci�cit y of detection for the process
of enhancement using a convolution matched kernel, perhaps leading to poor false detection rates (FDR) when
analysing complicated scenes. However, images of 
y wings do not have much in terms of complicated images
structure beyond the wing ridges and uniform regions. Radial weighting also allows us to de�ne a zero response
for uniform background regionsby providing a �nite extent to any negative portions of the template. Therefore,
the Gaussian�lter is slightly modi�ed/transformed in shape as shown in �gure: 2(e). This shape of the �lter can
be achieved by taking the di�erence of two Gaussian�lters. There are several edgedetection algorithms that use
the DoG due to the correlation between its responseand the measuredreceptive �elds of both retinal ganglion
and lateral geniculate cells [7]. These �lters also have the advantage that they are radially symmetrical and will
thereforeenhancefeaturessuch asridgesat all orientations equally. This prevents the needto have to apply feature

2 In this respect, a simple gradient based enhancement stage does not give exactly zero response in smoothly graded regions.

5



detection at multiple orientations, in the sameway that a sum of squaredderivatives enhancesstep edgesat all
orientations in the Canny edgedetector. We can therefore detect enhancedridges �rst and calculate orientations,
neededto determine connectivity, later.

Ridge Cann y Algorithm :

The Ridge Canny algorithm consistsof an enhancement of ridge featuresusing a Di�erence of Gaussianoperation
followed by the non-maximal suppresionand hysterisys thresholding stepsdescribed above.

In detail, Gaussian�ltering is de�ned for a two dimensional image (f (x; y)) as:

h(x; y) =
X

k

X

l

f (x � k; y � l )G(k; l ) (10)

The Gaussianfunction is represented as:

G� (k; l ) =
1

2� � 2 exp
�

�
k2 + l2

2� 2

�
(11)

We consider � > 1 pixel becauseGaussian�ltering with � < 1 has few e�ects on suppressingnoise [8].

Two Gaussiansmoothed imageswith varying � a & � b are obtained and they are subtracted from one another to
obtain the di�erence of Gaussianimage (DoG),

DoG = h� ab (x; y) = h� a (x; y) � h� b (x; y) (12)

where, � a & � b are the respective standard deviations of the Gaussianconvolutions which in this algorithm are
always taken to be in the ratio 1:2. Following the analysispresented in Appendix A, a DoG �lter with convolution
widths di�ering by a factor of two (G� � G2� ), can also be written as;

exp(� r 2=8� 2)
p

2� 2�
(2exp(� 3r 2=8� 2) � 1)

Corresponding to a radial Gaussianweighting of width 2� and an o�set Gaussian template t0 of width
p

4=3� .
This enhancement stagethus contains the features required to produce a locally maximal responsewhen centered
over 
y wing features as described in the previous section.

Gaussiansmoothing suppressesonly high frequencyspatial information and subtracting the smoothed imagesfrom
one another preservesthe spatial information that lies between the range of frequenciesexisting in the smoothed
images. Therefore, most of the high spatial frequenciesare discardedwhich also includes the random noise.

Since the edgespresent in the 
y wing images are ridges, the orientation of the gradient direction cannot be
calculated using the �rst derivative of the �ltered image. Instead, it is calculated using the Hessianmatrix of the
di�erence of Gaussianimage. The Hessianmatrix is constructed from the partial derivativesof this image [9].

H � (x; y) =

2

4

�
d2 h � ab

dx 2

� �
d2 h � ab
dxdy

�

�
d2 h � ab
dy dx

� �
d2 h � ab

dy 2

�

3

5 (13)

The � value corresponding to the maximum secondderivative can be computed as follows:

� = atan2

2

4
d2 h � ab
dxdy

d2 h � ab
dx 2 �

d2 h � ab
dy 2

3

5 (14)

The di�erence of Gaussian feature enhancement and corresponding orientation estimate can now be substituted
into the standard Canny edgedetection framework, which incorporates non-maximal suppression,for detection of
an enhancedridge, and hysteresisthresholding, for stable detection of connectededgestructure closeto the noise

o or.
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Table 1: ScaleSensitivity table for the original image
Sigma Value Detected Ridgesof width (in pixels) Comments
1 3,4,5 Detected ridges of width 3,4 & 5 pixels;

1 pixel - not detected;
2 pixels - partially detected
6 pixels - double edgedetected

2 2,3,4,5,6 Detected ridges of width 2,3,4,5& 6
1 pixel - not detected

3 2,3,4,5,6 Detected ridges of width 2,3,4,5& 6
1 pixel - not detected

4 2,3,4,5,6 Detected ridges of width 2,3,4,5& 6
1 pixel - not detected

5 4,5,6 Detected ridges of width 4,5 & 6
1 & 3 pixels - not detected
2 pixels - wrongly detected
(detected much outer than actual ridges)

6 5,6 Detected ridges of width 5 & 6
1 & 3 pixels - not detected
2 - detected just outside the actual ridge
4 - detected just inside the actual ridge

7 6 Detected ridges of width 6 pixels
1,3 & 4 - not detected
2 pixels - wrongly detected
(detected much outer than actual ridge)
5 pixels - detected just inside the actual ridge

Results

There are two aspects of the detection processwhich needto be investigated for our application. The �rst is the
e�ect of scaleof the detection �lter on image featuresof a particular size. The other is the e�ect of noise. Only by
ensuring that the data under analysis falls within the expected range of detectable structure can we be con�dent
that the method is suitable for use. We can investigate the �rst of these issueswith synthetic imagesof known
structure scaleand the secondby investigation of noisesensitivity.

Optimisation of parameters-Scale : The scaleparameter � g and the threshold values(T1 & T2) hasan impact
on the detection and localisation of edges.

Generally, the 
y wing image has ridges that are less than 10-12 pixels wide. The performance (sensitivity) of
the algorithm at di�eren t scales(ridge-width) has to be tested so as to determine the optimal parameters(sigma
values) that can be usedfor the scales(ridge-width) that we are interested in.

The scalesensitivity of the algorithm can be tested on a synthetic image (e.g, �gure: 3(a)). The synthetic image
has ridges of varying width (1 to 6 pixels) and each ridge is away from the next one by a standard deviation of 3
pixels. The e�ciency and scalesensitivity of the algorithm on the dataset(
y wing images)can be pre-determined
by estimating the performanceon the synthetic image.

As � g increasesGaussian�ltering is more e�ectiv e in reducing the noisefrequency. However, after a certain value
of � g, the edgedetectedbecomeswider and therefore in somecasesdouble edgesare detected. Also, we can notice
(�gure: 3) that ridges that are only of one pixel width are harder to detect with thesespeci�ed sigma values. This
is becausethe Gaussian�lters usedcannot be accurately represented at this scale.

An e�ectiv e algorithm should be capableof detecting ridges irrespective of their width. A simple computational
method would be to up-interpolate 3 image for various sigma valuesis represented in the image by a factor of two
and then apply the Ridge Canny algorithm. The scalesensitivity of the algorithm on the up-interpolated �gure: 4
and Table: 2. Figure: 5 shows the comparison of performanceof Ridge Canny algorithm on the original and the
up-interpolated image for di�eren t scales.

Thus, the arbitrary parameterssuch as the sigma value for Gaussiansmoothing and the threshold valuesfor hys-

3This is the processof synthesising an image with more pixels than the original via a functional interp olation of the data.
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Table 2: ScaleSensitivity table for the up-interpolated image
Sigma Value Detected Ridgesof width (in pixels) Comments
0.5 1,2,3 Detected ridges of width 1,2,& 3 pixels;

4,5 & 6 pixels - double edgedetected
1.0 1,2,3,4,5 Detected ridges of width 1,2,3,4& 5

6 pixels - double edgedetected
1.5 1,2,3,4,5,6 Detected ridges of width 1,2,3,4,5& 6

All ridges detected precisely
2.0 2,3,4,5,6 Detected ridges of width 2,3,4,5& 6

1 pixel - not detected
2.5 3,4,5,6 Detected ridges of width 3,4,5 & 6

1 pixel - not detected
2 pixels - detected just inside the ridge

3.0 3,4,5,6 Detected ridges of width 3,4,5 & 6
1 pixel - not detected
2 pixels - detected just inside the actual ridge

3.5 4,5,6 Detected ridges of width 4,5 & 6 pixels
1 pixel - not detected
2 pixels - wrongly detected
(detected much inner than actual ridge)
3 pixels - detected just inside the actual ridge

4.0 4,5,6 Detected ridges of width 4,5 & 6 pixels
1 pixel - not detected
2 pixels - detected just inside the actual ridge
3 pixels - detected just inside the actual ridge

4.5 4,5,6 Detected ridges of width 4,5 & 6 pixels
1 pixel - not detected
2 pixels - detected just inside the actual ridge
3 pixels - detected much inner than the actual ridge

5.0 4,5,6 Detected ridges of width 4,5 & 6 pixels
1 & 3 pixels - not detected
2 pixels - detected just outside the actual ridge

5.5 4,5,6 Detected ridges of width 4,5 & 6 pixels
1 & 3 pixels - not detected
2 pixels - detected just outside the actual ridge

6.0 5,6 Detected ridges of width 5 & 6 pixels
1 & 3 pixels - not detected
2 pixels - detected outside the actual ridge
4 pixels - detected just inside the actual ridge

6.5 5,6 Detected ridges of width 5 & 6 pixels
1,3 & 4 pixels - not detected
2 pixels - wrongly detected
(detected outside the actual ridge)

7.0 5,6 Detected ridges of width 5 & 6 pixels
1,3 & 4 pixels - not detected
2 pixels - wrongly detected
(detected outside the actual ridge)
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teresisthresholding are optimised to obtain best results. The optimal threshold valuesfor Ridge Canny algorithm
werealso determined by testing the 
y wing imageswith varying upper and lower threshold values(T1 & T2). (As
the threshold value increasedthe noise decreasedbut when it crossedcertain threshold value, someof the edge
pixels were not detected).

Estimation of Noise Sensitivit y : The estimation of the sensitivity of the Ridge Canny algorithm to random
noise reveals that the algorithm is capable of detecting the features even when there was a large additiv e noise
(�gure: 6). The algorithm was tested for upto a noisefactor of � 10 times higher (�gure: 6(b)) than the estimated
noise present in the original image (�gure: 6(a)). There was no considerablee�ect on the performance of the
algorithm even with an increasednoise (of upto � 10 times) on the image (�gure: 6(h)). The algorithm seemsto
extract the features(landmarks) that we are interested in, ideally all the landmarks despite the noisepresent. The
position of the landmarks (features) are plotted on the edgemap to demonstrate this 7.This proves stabilit y of
the algorithm even in imageswith increasednoise.

Discussion and Conclusions

This report hasoutlined the extensionof a framework consistent with the Canny step edgedetector, for usein more
general feature detection tasks. The main argument is that the main framework for the detection of connected
featuresis inherently stable, and can be interpreted asconsistent with the useof statistical hypothesistesting. The
featuresselectedcan be adjusted for the purposeof locating alternativ e structures, provided that we substitute the
feature enhancement stage(local gradient estimation in Canny) with another which hasstable noisecharacteristics.
We show how any convolution processis stable and explain how feature detection via convolution can be related
to a likelihood estimate of the contribution of the feature shape to the image structure. Somereadersmay �nd
the derivation of feature detection from conventional statistics interesting if they have not consideredthe task in
this way previously. Certainly, modern text book in this area do not make useof this interpretation.

We have then used our understanding of the feature detection processto motivate a di�erence-of-Gaussian con-
volution as the basis for ridge detection in the speci�c task of 
y wing analysis. The suitabilit y of this feature
detector has been tested in terms of ridge scalesensitivity and the e�ects of noise. In both caseswe have shown
that the use of a �xed di�erence-of-Gaussian ridge detector is suitable for the available data. Other aspects of
feature detection performance,such as falsedetection rate (FDR), repeatabilit y and orientation accuracy, have not
beenassessedat this time. Though FDR has beenidenti�ed here asa particular problem with useof a linear �lter
for feature enhancement, the simple nature of the 
y wing imagesand the intended useof robust shape recognition
strategiesmeansthat this issuewould be best addressedin the context of its e�ects on subsequent shape analysis.

App endix A

Many image processingtext books will say that features in an image I can be enhanced, ready for threshold
detection, using a convolution with a kernel shaped similar to the the feature t.

f (x; y) =
X

ij

t(i; j )I (x + i; y + j )

As with many image processingtechniques, this approach can be related to a Likelihood based analysis of the
image.

For an image with independent random Gaussiannoiseof width � we can write the Likelihood for a template t 0

describing an image region as

L =
X

ij

(� (x; y)t0(i; j ) � I (x + i; y + j ))2

� 2 + var(t0)

where var(t0) is the variance (ie: the accuracy) of the assumedtemplate, and � is a scale factor de�ning the
strength of the linear contribution of t0 to the image. Assuming that var(0t) is independent of � , the likelihood
estimate of � is

� (x; y) =
X

ij

t0(i; j )I (x + i; y + j )
� 2 + var(t0)

This justi�es using the template

t =
t0(i; j )

� 2 + var(t0)
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for detection purposes(� = f ).

Exact knowledge of the template within a de�ned region, and ignorance elsewhereleads directly to t = t 0.
However, it is also sensibleto assumethat our knowledgeof the expected template reducesaway from the centre
(ie: a radial weighting) such as

t =
t0(r; � )

� 2 + w(r )

for examplew(r ) may be set to give an overall Gaussianweighting

t = t0G(r ) with w(r ) = 1=G(r ) � � 2

Notice, that from a matching perspective this doesnot give a unique interpretation for any particular t 0, as there
are an in�nite number of possibleweightings we can usein the construction of t.

In addition, for a given level of image `signal' the best responsewill be given to an image looking like t and not
t0. In someapplications more speci�cit y to shape may be achieved by locating featureson the likelihood L , rather
than using � .
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(a) Wing image

(b) Wing Pro�le (in tensit y changes inside - non-vein vs vein)

(c) Wing Pro�le (in tensit y changes - inside vs outside)

(d) Gaussian plot (e) Di�erence of Gaussian plot

Figure 2: Fly wing pro�le and shape of the �lter
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(a) Synthetic image with ridges of
varying width (1 to 6 pixels)

(b) S.D=1 (c) S.D=2

(d) S.D=3 (e) S.D=4

(f ) S.D=5 (g) S.D=6

Figure 3: Scalesensitivity of Ridge Canny with varying sigma values(1-6)
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(a) Up-in terp olated synthetic im-
age with ridges of varying width

(b) S.D=0.5 (c) S.D=1.0

(d) S.D=1.5 (e) S.D=2.0

(f ) S.D=2.5 (g) S.D=7.0

Figure 4: Scalesensitivity on the up-interpolated image for varying sigma values(0.5 - 7.0)
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Figure 5: Optimising scaleon various ridge width. (Dotted [blue] line represents the scaleperformanceof Ridge
Canny algorithm on the original imageand dashed[red] line represents the scaleperformanceon the up-interpolated
image).
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(a) Original Image (b) Image with � 10 times added
noise

(c) Result on original image (d) Noise present is � 2 times
higher than original image

(e) � 4 times more noise (f ) � 6 times more noise

(g) � 8 times more noise (h) � 10 times more noise

Figure 6: NoiseSensitivity estimation for Ridge Canny algorithm a) Original imageb) Image with � 10 times noise
c) Result of Ridge Canny on original image. Figures d,e,f,g& h are the results of Ridge Canny algorithm on images
with added noise(� 2,4,6,8& 10 times the noisepresent in the original image).
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Figure 7: Landmarks (features) plotted on the edgemap of the image with � 10 times more noise
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