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Abstract

This documert provides a generalidea of what edge-detectionis and how it works, Eg., for Computer vision etc.,
Edge detectorsare often operated with arbitrary parameterssuc asthresholds. Determining the signi cant values
for these parameterson a trial and error basis may be a problem. It is therefore bene cial to try to understand
edge-detectionin terms of establishedquartitativ e methods. Here we show how the idea of an Hypothesistest can
be usedfor signi cance testing and that provided there is the samenull hypothesisdistribution everywherein an
image, applying Hypothesis testing is the same as thresholding. We showv how the method of error propagation
can be usedto nd out if we have uniform noiseon a feature enhancemeh We apply this analysisto the Canny
algorithm for detection of step edges.

We explain that for other than step edgesthis algorithm needsmodi cation and how this can be done while staying
within the overall framework for the detection of connectedfeatures via non-maximal suppressionand hysteresis
thresholding. The DoG is a linear Iter which has the required properties for algorithmic stability, and can be
usedfor 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 noise and scalestabilit y.

Background

Edgesare image attributes that are useful in image analysisand classi cation. The edgeis widely de ned to be an
abrupt changeof grey level valuesand its location is identi ed asthe midpoint of the edgeslope [1]. The sharp
changesin intensity are important as they correspond to illumination changessud as shadavs and illumination

gradients or changesin orientation, distancefrom the viewer or surfacere ectance, material, or to object boundaries
[2]. Edgescanalsobe perceivedin regionswith di erent optical characteristics such ascontrast, colour and texture.
The subjective approac of edgede nition and characterisation and its wide range of applications have given rise
to the developmert of large number of edgedetectorsthat vary in performance [1].

Edge detection plays a signi cant 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. Esserial information in the imageis presenedin the edgemap of the image
and edgestructures have an apparert relevancein the biological systemsaccordingto Marr [2]. Vernon [3] states
that an image comprisedof boundariesaloneis a higher-level represeration 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 scenesegmeiation, motion detection etc., There is an assumptionthat the edgesdetected
have some physical signi cance [4]. The theoretical basis for the concept of an edgeis best described by the
mathematical concept of \di eomorphic equivalence". The basic idea is that, asthe processof image formation
can be described by a continuous function (eg; an optical model) of the underlying scenestructure, di eren tial

discortin uities in the sceneare presenedin the image. The extracted boundariesare usefulin de ning the location
and shape of the featuresin the image. Object recognition becomeshighly feasibleif the boundary of an object
can be traced successfully [5].

One major consideration of the behaviour of any feature detection algorithm is how well it performsin the presence
of noise. In particular, is it capable of extracting the required image features for a wide range of images. Edge
detection is convertionally carried out after Itering the imageusinga 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 enhancemen 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 featuresthat are most likely causedby noise.

For connectedfeature structures, linking is performed to ensureedgecontinuity by bridging the gapsof the
isolated fragmented edges.



Hyp othesis Testing

The rst two stagesin a feature detection process;thresholding of a responsefrom a feature (or edge)enhancemet
can be related to conventional methods for hypothesistesting.

We could attempt to construct a decision system based upon Bayes theorem, but this could never be properly
characterised for arbitrary scenes'. However, as we generally know something regarding the sensitivity of our
measuremeh system(image noise), we can compute the equivalert of a null hypothesisfor the detectedfeature being
ertirely consistert with the noise processes.This has a fully quantitativ e, and therefore testable, interpretation
basedupon noiserejection.

We de ne the image content consistert 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 hypothesiswe calculate the probability 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:

z 1
P(z>1)= p(z) dz Q)
t
Testing the probability of the null hypothesisat a particular value is therefore equivalent 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 cant featurescan be determined.
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Figure 1: Gaussiandistribution and thresholding

The threshold value, \t" will apply a consistert hypothesistest to the ertire image provided that the e ects of
noisein the input image produce a spatially consistert distribution in the enhancemeh image. This can be tested
by error-propagation (described below) to ensurethat noiseis uniform throughout the feature enhancemen image.
Further, the results of this analysis would tell us how the threshold should vary acrossthe image, should the
enhancemen image not have uniform noise characteristics sothat 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
therefore providesvery little constraint on the de nition of what we would like to detect. In fact if we take the view
that the feature enhancemen stageshould be consideredas a matched lIter, 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 hypothesistest interpretation doestell us that well behaved algorithms will have enhancemen stageswhich
respond with spatial consistencyin the presenceof noise. Sudh a behaviour will naturally result in a \robust"
responseto image data.

Error Propagation

Using the conceptof error propagation the uniformity of noisein the imageand 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 presert.



but not su cien t condition for algorithm stability.

For any function, y= f(x), a small change 4 in x, can causea change y in the function f(x). This changein
the function, y can be estimated by taking the partial derivatives of the function, f(x) with respect to x and
consideringthe small change .

d
y:d_zx (2

Thus, any changein the function, that dependson a variable x, can be calculated from the amount of change
on the variable x itself. For the specic caseof convolution of an image, the output image can be represerted as
below:

X X
fixy) = Gmn | (x+ my +n) 3)

m n

Any change in the input image |, 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 independert
random noisethis can be represened as:

2 X X 2 2
f(xy) = Gmn (x+m;y +n) (4)
m n
In the above equation the e ects of the parametersof the convolution kernel can be summarisedby a constart, K:

X X
G2, =K ()

m n

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

fo) = Ko Gormy +m) (6)

This shows that any changein the output image is directly proportional to the changesin the input image and
spatially non-varying irrespective of the specic corvolution. Therefore, performing Gaussian convolution or a
linear operator such asthe Di erence of Gaussian lter (described below), doesnot intro duce any arbitrary spatial
dependencyon the noise processin the output image.

Canny Edge Detector

Edgesare points wherethe magnitude of the rst derivative of the images surface'is a local maximum ie., an edge
is presert in the smoothed intensity function, f(x) if g—x isamaximum [4]. Sincegrey imagesare two dimensional,
edgeshave a direction as well as magnitude. Therefore, the edgedetector should be capable of identifying edges
occurring at di erent orientations in the image. In two dimensionalimages,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-crossing=f the secondderivative but numerically more reliable.

The Canny algorithm involved the following important steps:

The imageis blurred with a two-dimensional smoothing 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 gradiert,

_ dxy). dxy)
r= dx ' dy 0

In the Canny edgedetector, features are located over local maxima in the magnitude of the gradient vector,
s

deay) *, gy °

mag(f)= =2 & ®)



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 basisfor a statistically stable feature enhancemen

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

2 d(xy) 3
= tan 14(’7)/5 (g)
d (xy)

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

Adaptiv e thresholding with hysteresisis performed to eliminate noise & streaking of edge cortours. This
makes provisions for retaining true edgeswith uctuating intensity values.

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

Good Detection: The probability should be low for a) not detecting real edgesb) detecting false edges.
Good localisation: The detected edgesshould be near to the certre 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 usedthe criteria above to adjust someaspects of the step-edgedetection process,
such asthe convolution kernel, the noise characteristics of the algorithm were already guaranteed to be stable once
the basic framework had beenspecied. 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 ¢ de nition of
the shapesof features corresponding to a null hypothesis?. A large part of the succesof 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
replacemerts for the feature enhancemei 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 Iter 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 consistert with application of a threshold as
a hypothesis test while giving maximal response of the edge detection algorithm to wing structure. The shape
of the wing pro le inside the wing is showvn in gure: 2(b) and it would be ideal to usea Iter similar in shape
to that of the wing prole, such asa Gaussian. However, the di erent wing pro les, at the wing edges,can only

be accommalated with a single detector if we reducethe signi cance of image data away from the certre of the

ridge. The shape of wing proles combined with the need for somekind of radial weighting in the detection
processcan be interpreted as a Likelihood estimate for the scale of local image structure (Appendix A). This

interpretation appearsto suggestthat there may be some problem with specicity of detection for the process
of enhancemen using a convolution matched kernel, perhaps leading to poor false detection rates (FDR) when
analysing complicated scenes. However, imagesof 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 badkground regionsby providing a nite extent to any negative portions of the template. Therefore,
the Gaussian Iter is slightly modi ed/transformed in shape asshown in gure: 2(e). This shape of the Iter can
be achieved by taking the di erence of two Gaussian Iters. There are se\eral edgedetection algorithms that use
the DoG due to the correlation betweenits response and the measuredreceptive elds of both retinal ganglion
and lateral geniculate cells [7]. These Iters also have the advantage that they are radially symmetrical and will

therefore enhancefeaturessuc asridgesat all orientations equally. This preverts the needto haveto apply feature

2In this respect, a simple gradient based enhancement stage doesnot give exactly zero responsein smoothly graded regions.



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

Ridge Canny Algorithm

The Ridge Canny algorithm consistsof an enhancemen 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 dimensionalimage (f (x; y)) as:

X X
h(x;y) = fix ky DGkl (10)
k |

The Gaussianfunction is represened as:

2 2
G (ki) = Ziexp K2+ | (11)

2 2 2

We consider > 1 pixel becauseGaussian Itering with < 1 hasfew e ects on suppressingnoise [8].

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

DoG=h ,(xy)=h ,(xy) h, (xV) 12)

where, 5 & | are the respective standard deviations of the Gaussianconvolutions which in this algorithm are
always takento be in the ratio 1:2. Following the analysis preseried in Appendix A, a DoG Iter with cornvolution
widths di ering by a factor of two (G G, ), can alsobe written as;

exp( r?=8 2
—%}T)(Zexp( 3r?=g 2) 1)

Corresponding to a radial Gaussianweighting of width 2 and an o set Gaussiantemplate t° of width =~ 4=3 .
This enhancemen stagethus contains the featuresrequired to produce a locally maximal responsewhen certered
over y wing featuresas described in the previous section.

Gaussiansmoothing suppresse®nly high frequencyspatial information and subtracting the smoothed imagesfrom
one another presenesthe spatial information that lies betweenthe range of frequenciesexisting in the smoothed
images. Therefore, most of the high spatial frequenciesare discarded which also includes the random noise.

Since the edgespresernt in the y wing images are ridges, the orientation of the gradient direction cannot be
calculated using the rst derivative of the Itered 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].

2 dzh ab dzh ab 3
dx 2 dxd
Hoan=4 g d, 2)
dy dx dy?2

The value corresponding to the maximum secondderivative can be computed as follows:
2 3

= atan24 (14)

dzh _~  d2h
dx 2 dy?

The di erence of Gaussianfeature enhancemenh 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
oor.



Table 1: ScaleSensitivity table for the original image

Sigma Value | Detected Ridgesof width (in pixels) | Comments

1 3,45 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 45,6 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 - detectedjust outside the actual ridge
4 - detectedjust 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 Iter on imagefeaturesof 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 theseissueswith synthetic imagesof known
structure scaleand the secondby investigation of noise sensitivity.

Optimisation of parameters-Scale  : The scaleparameter ¢ and the threshold values(Ty & T») hasan impact
on the detection and localisation of edges.

Generally, the y wing image has ridges that are lessthan 10-12 pixels wide. The performance (sensitivity) of
the algorithm at dierent scales(ridge-width) hasto be tested so asto 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 ead 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 4 increasesGaussian ltering is more e ectiv e in reducing the noisefrequency However, after a certain value
of ¢, the edgedetected becomeswider and thereforein somecasesdouble edgesare detected. Also, we can notice
(gure: 3) that ridgesthat are only of one pixel width are harder to detect with thesespeci ed sigmavalues. This
is becausethe Gaussian Iters usedcannot be accurately represeried at this scale.

An e ectiv e algorithm should be capable of detecting ridges irrespective of their width. A simple computational
method would be to up-interpolate 3 image for various sigmavaluesis represerted 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 shaws the comparison of performance of Ridge Canny algorithm on the original and the
up-interpolated image for di erent scales.

Thus, the arbitrary parameterssuch asthe 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.



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
15 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
25 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 45,6 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 45,6 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 45,6 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 45,6 Detected ridges of width 4,5 & 6 pixels
1 & 3 pixels - not detected
2 pixels - detected just outside the actual ridge

55 45,6 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)




teresisthresholding are optimised to obtain best results. The optimal threshold valuesfor Ridge Canny algorithm
were also determined by testing the y wing imageswith varying upper and lower threshold values(T; & T). (As
the threshold value increasedthe noise decreasedbut when it crossedcertain threshold value, some of the edge
pixels were not detected).

Estimation of Noise Sensitivit y : The estimation of the sensitivity of the Ridge Canny algorithm to random
noise revealsthat the algorithm is capable of detecting the features even when there was a large additiv e noise
(gure: 6). The algorithm wastested for upto a noisefactor of 10 times higher ( gure: 6(b)) than the estimated
noise presert 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 interestedin, ideally all the landmarks despite the noisepresen. The
position of the landmarks (features) are plotted on the edgemap to demonstrate this 7.This proves stability of
the algorithm even in imageswith increasednoise.

Discussion and Conclusions

This report hasoutlined the extensionof a framework consistert with the Canny step edgedetector, for usein more
general feature detection tasks. The main argumert is that the main framework for the detection of connected
featuresis inherertly stable, and can be interpreted asconsistert with the useof statistical hypothesistesting. The
featuresselectedcan be adjusted for the purposeof locating alternativ e structures, provided that we substitute the
feature enhancemen stage(local gradient estimation in Canny) with another which hasstable noisecharacteristics.
We show how any corvolution processis stable and explain how feature detection via corvolution 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 convertional statistics interesting if they have not consideredthe task in
this way previously. Certainly, modern text book in this areado not make use of 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 specic task of y wing analysis. The suitability of this feature
detector has beentested in terms of ridge scalesensitivity and the e ects of noise. In both caseswe have shavn
that the useof a xed dierence-of-Gaussianridge detector is suitable for the available data. Other aspects of
feature detection performance,suc asfalsedetection rate (FDR), repeatability and orientation accuracy have not
beenassessedt this time. Though FDR hasbeenidenti ed hereasa particular problem with useof a linear Iter

for feature enhancemen 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 subsequeh shape analysis.

App endix A

Many image processingtext books will say that featuresin an image | can be enhanced,ready for threshold
detection, using a cornvolution with a kernel shaped similar to the the feature t.

X
fixy) = ti; Ix+iy+j)

i
As with many image processingtechniques, this approach can be related to a Likelihood based analysis of the
image.
For an image with independert random Gaussiannoise of width  we can write the Likelihood for a template t°
describing an image region as o _ _

X)) Tx+iy+i)?

L= 2 + var(t9

i
where var(t9 is the variance (ie: the accuracy) of the assumedtemplate, and is a scale factor de ning the
strength of the linear cortribution of t°to the image. Assuming that var (%) is independert of , the likelihood
estimate of is

X% I (x+ iy + )
2 + var(t9

(xy) =
This justi es using the template o
t%; j)

2 + var(t9

9



for detection purposes( = f).

Exact knowledge of the template within a de ned region, and ignorance elsewhereleads directly to t = t°
Howevwer, it is also sensibleto assumethat our knowledge of the expected template reducesaway from the certre
(ie: aradial weighting) such as

tr; )
2+ w(r)

for examplew(r) may be setto give an overall Gaussianweighting
t = t%G(r)  with w(r) = 1=G(r) 2

Notice, that from a matching perspective this doesnot give a unique interpretation for any particular t° asthere
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
t% In someapplications more speci cit y to shape may be achieved by locating features on the likelihood L, rather
than using

10
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(&) Wing image

(b) Wing Prole (intensity changesinside - non-vein vs vein)

(c) Wing Prole (intensity changes - inside vs outside)

(d) Gaussian plot (e) Dierence 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 13 (9) S.D=6

Fiaure 3: Scalesensitivity of Ridae Cannv with varvina siomavalues (1-6)



(a) Up-interpolated synthetic im-
age with ridges of varying width

(b) S.D=0.5 (c) S.D=1.0
(d) S.D=15 (e) S.D=2.0
(f) S.D=2.5 14 (g) S.D=7.0

Figure 4: Scalesensitivity on the up-interpolated imaage for varving siagmavalues (0.5 - 7.0)
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Figure 5: Optimising scaleon various ridge width. (Dotted [blue] line represernts the scaleperformance of Ridge
Canny algorithm on the original imageand dashed[red] line represetts 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 16 (h) 10 times more noise

Firiivres L NAaieaeAnCAarmecitnrntrrs m~estirmamtimnm far DiAdAaAn T aAarnmms aAlvavithhmas A Mvidairmal ckmvas~Aa Y Tvaar~Asyvandly L I a Y TP iy



Figure 7: Landmarks (features) plotted on the edgemap of the image with 10 times more noise
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